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Abstract

A probabilistic approach to studying alternative splicing in single cell data

by

Carlos F Buen Abad Najar

Doctor of Philosophy in Computational Biology

University of California, Berkeley

Professor Liana Lareau, Co-Chair

Professor Nir Yosef, Co-Chair

Alternative splicing is a post-transcriptional gene regulatory process that increases
transcriptomic diversity through the differential selection of exons. Over the past
decade, single cell RNA sequencing (scRNA-seq) experiments have allowed the study
of the complex heterogeneity of tissues, and the gene expression regulation mecha-
nisms that determine the identity of individual cells. However the study of alternative
splicing has largely lagged behind in single-cell approaches. This is in part due to
a number of technical limitations that make this study particularly difficult. In this
dissertation, I first demonstrate that the technical distortion of splicing observations
in single cells produces the appearance of bimodality in single cell splicing. I dis-
cuss how this limitation has affected our understanding of single cell splicing, and
what computational approaches can be used to extract meaningful biological infor-
mation from this exceptionally noisy data. I then present Psix: a computational tool
that implements an updated model for single cell splicing observations that takes
into account this distortion. Using Psix, I identify alternative splicing that changes
across a phenotypic landscape, as well as groups of potentially co-spliced exons. Fi-
nally, I explore potential regulatory roles for these poison exons in the production of
Serine/Arginine-rich (SR) splicing factor proteins.
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Introduction

Alternative splicing is a process in which differential selection of exons results in the
production of different RNA molecules from the same gene [1]. This results in an
increased functional diversity of the transcriptome. E.g., some alternative splicing
events might add or remove protein domains, leading to differences in protein func-
tion, or in protein transport and location [2]. Other events might result in unpro-
ductive mRNA molecules, resulting in a post-transcriptional layer of gene regulation
[3–6]. A common approach to measuring alternative splicing is to estimate usage of a
particular alternative exon in mRNAs of a gene. Exon usage is quantified as percent
spliced-in (Ψ), which is the proportion of RNA molecules that include the exon, out
of all RNA molecules expressed from the gene. The majority of mammalian genes
are alternatively spliced, and the molecular mechanisms through which this process
is regulated have been the subject of extensive research [7]. Such mechanisms extend
from cis-regulatory sequences that regulate the recruitment of the splicing machinery,
to trans-acting protein factors that bind to those sequences to promote or inhibit the
inclusion of exons, and changes in chromatin state [8]. Alternative splicing plays a
crucial role in diverse biological processes, such as neurogenesis, immune response and
the cell cycle [9, 10]. As a result, disruption of this process or its regulation is known
to be associated with complex diseases such as cancer, autoimmune disorders, amy-
otrophic lateral sclerosis, and more [11–17]. For this reason, studying the dynamics
of alternative splicing regulation is paramount for our understanding of the biology
of multicellular organisms.

Mechanisms of splicing regulation

Splicing of pre-mRNA is conducted through a complex of small nuclear ribonucleo-
proteins (snRNP) known as the spliceosome. This complex is formed by five snRNPs
(U1, U2, U4/6 and U5), which recognize the splice sites and catalyze splicing. The
assembly, catalysis and disassembly of the spliceosome is required for the removal of
each intron, and it is regulated by a plethora of cis and trans acting elements [7].

The cyclic process of assembly and disassembly of the spliceosome is regulated by
a variety of mechanisms that coordinate the alternative splicing patterns. These
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mechanisms can be positive (enhancers) or negative (inhibitors), and they range from
cis-acting elements to trans-acting splicing factor proteins and RNAs. Cis-acting
elements are sequences that can act as enhancers or silencers of splicing, and they
can be located either on exons or introns. These sequences are recognized by trans-
acting elements such as non-spliceosomal RNA-binding splicing factor proteins, which
subsequently recruit and coordinate the assembly of the spliceosome. These protein
splicing factors can be loosely classified as Serine/Arginine Repeat (SR) proteins, het-
erogeneous nuclear RNP (hnRNP), and tissue specific splicing factors. Tissue specific
splicing factors can act as either enhancers or repressors, while SR splicing factors
usually bind to enhancers and promote splicing, and hnRNPs usually bind to silencers
and repress it. However, protein splicing factors can play different roles as activators
or repressors of splicing, often depending on other factors such as the cis-acting ele-
ments and the pre-mRNA position on which they bind. It has been suggested that
as a general rule, the binding of splicing factors in the upstream intron promotes
exon skipping, while binding in the downstream exon promotes exon inclusion, but
this is not always necessary the case, as upstream binding of certain splicing factors
reportedly promotes exon inclusion [18]. Histone marks and chromatin accessibility
has also been observed to be linked to alternative splicing patterns. Histone mod-
ifications can alter the speed of pre-mRNA transcription by the RNA polymerase
II, which influences co-transcriptional splicing. Adapters linked to specific histone
marks, as well as other elements such as chromatin binding/remodeling proteins, can
also influence the recruitment of splicing factors. Transcription associated histone
marks such as H3K4me3 interact with proteins that recruit spliceosomal snRNPs,
while repressors such as H3K9me3 and H3K27me3 can slow the transcription rate,
modifying alternative splicing patterns.

Alternative splicing regulation in neurogenesis

Alternative splicing is highly prevalent and more evolutionary conserved in the ner-
vous system of vertebrates than in other tissues [19, 20]. Transcriptome profiling
and the detection of protein-RNA interactions with high-throughput sequencing have
advanced our understanding of neural-specific splicing networks, and their role in
the proper differentiation, maintenance and function of neurons [9, 18, 21]. During
neurogenesis, a number of neural-enriched splicing factors are activated at specific
stages during neural differentiation, and often regulate, enhance or antagonize the
effects of each other [9, 18]. Extensive studies have revealed four families of splicing
factors as key regulators of alternative splicing in neurogenesis: Neuro-Oncological
Ventral Antigen (NOVA) [22]; Polypyrimidine Tract Binding Protein (PTBP) [23, 24];
RNA-Binding Protein, Fox Homolog (RBFOX) [25]; and Muscleblind Like Splicing
Regulator (MBNL) [26]. Proteins from these families regulate alternative splicing at
specific times during brain development, and their activity is characteristic of neu-
ronal type and developmental stage [27, 28]. The misregulation and mutations in
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splicing factors have been linked to defects in the proper development and function
of the nervous system [29, 30].

Next generation sequencing methods for alternative

splicing

Next generation sequencing of RNA (RNA-seq), is a technology that profiles entire
transcriptomes, allowing us to observe and quantify the transcript diversity of bio-
logical samples [31, 32]. The rapid popularization of this technology has provided
an unprecedented framework for the study of alternative mRNA isoform usage in
eukaryotes. This has aided to the discovery of new mRNA isoforms [33–35], and to
the quantification of isoform and exon usage across different tissues with unprece-
dented accuracy [36–39]. Through a combination of computational and experimental
developments, RNA-seq has also allowed us to uncover the mechanism of alternative
splicing regulation at high detail [22, 25, 27]. Further development of these tech-
nologies over the last decade permitted the profiling of transcriptomes at the level of
individual cells through single cell RNA sequencing (scRNA-seq). Such an approach
provides a powerful insight into the factors that determine each cell’s unique identity
[40–42]. The wealth of information of scRNA-seq also harbors several challenges. The
small amount of RNA present in each individual cell, for example, results in extremely
low coverage compared to bulk RNA-seq experiments, creating high technical noise
and making it difficult to study differential gene expression and isoform variation
[43, 44]. To meet these challenges, intense computational efforts have been made to
extract meaningful biological information about gene expression and its regulation
from this data. These efforts have improved the resolution of studies of continuous
biological processes such as cell differentiation [45, 46], gene regulation [47], and each
cell’s biological identity [48–50].

Despite the enormous potential of scRNA-seq approaches, the study of alternative
splicing in single cells remains relatively underdeveloped due to technical limitations,
such as limited sequencing coverage and low capture efficiency [51–53]. Moreover,
many single cell methods that rely on unique molecular identifiers (UMI) can only
cover splicing events occurring in the last 100-800 nucleotides of a transcript [54].
This precludes the study of many alternative splicing events of interest that occur
upstream from the read coverage. Short-read single cell methods such as smart-seq2
provide full-transcript coverage, as well as better capture efficiency. As a result, these
methods have been used in many single-cell alternative splicing studies [55–57]. How-
ever smart-seq2 data is still noisy, and the lack of UMIs makes mRNA quantification
challenging [53]. An unexpected yet recurrent observation in scRNA-seq studies is
that the majority of alternatively spliced exons show a bimodal distribution of Ψ in
the data: most cells seem to produce only isoforms including the exon, or excluding
the exon, but they rarely produce both at the same time [40, 56, 58]. These ob-
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servations led to the conclusion that alternative splicing is truly bimodal in single
cells, and thus to the development of computational tools that characterize changes
in alternative splicing as mere qualitative changes in the empirical distribution of Ψ
[56, 57].

Bias analysis and computational methods for single-

cell alternative splicing

In this dissertation, we first demonstrate that the appearance of bimodality in sin-
gle cell alternative splicing is almost entirely the result of technical limitations [59].
Chapter 1 addresses how the aforementioned coverage-dependent biases distort the
observed distribution of Ψ. This distortion results in the inflation of the proportion
of observed extreme values (Ψ ∈ {0, 1}), leading to the appearance of bimodality
in the observed Ψ distribution of exons. We show evidence that single-cell splicing
observations derived from exons in highly expressed genes tend to show unimodal
distributions, and constitute more reliable splicing observations. We also show that
datasets with higher capture efficiency present a higher proportion of unimodally dis-
tributed exons. We propose using the number of captured mRNA molecules as an
indirect measure of the quality of splicing observations in single cells.

A major goal in alternative splicing studies is to find exons that present different
alternative splicing programs across different biological conditions. This approach
has been especially challenging at the single-cell level due to the technical distortion
of the data. Our study of the coverage-dependent biases showed that alternative
splicing can be reliably observed in high-quality single-cell observations. However,
the quality restriction only allowed us to study a handful of exons per dataset. This
limitation leads to another question: How can we extract meaningful biological infor-
mation from highly distorted splicing observations? In Chapter 2, we present Psix:
a computational tool inspired by autocorrelation that selects exons with significant
biological variance and correlation across a transcriptomic space of single cells, with-
out being misled by the coverage-dependent biases. Using Psix allows us to study the
regulation of alternative splicing at the single cell level.

The work presented in this dissertation bridges the gap between powerful experimental
approaches to study transcriptomes, and the study of an important biological source of
transcriptome diversity. Our analysis of the technical sources of variance in single-cell
splicing data will give biologists a better perspective on the challenges and possibilities
for the study of splicing at the individual cell level. With the development of Psix,
we provide a framework for the study of autocorrelated exons in single cells. We also
lay the ground for a systems biology approach to the study of alternative splicing in
single cells.
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Alternative splicing systems biology

Understanding the regulatory interactions between genes is a key step in understand-
ing a biological process. Regulatory network models are built to capture the depen-
dence relationships between molecular entities to represent the dynamics of biological
processes. Probably the most widely studied regulatory networks are systems of tran-
scriptional regulation. These studies have benefited greatly from high-throughput se-
quencing approaches such as the profiling of protein-DNA interactions with ChIP-seq,
and transcriptome profiling with RNA-seq, which have allowed to study the dynamics
and temporal changes of continuous biological processes such as cell differentiation
[60]. The subsequent development of single cell approaches improved the resolution
needed to describe complex multicellular systems and the mechanistic details that
underlie cell identity and differentiation, but these advances have also come with new
challenges that demand the integration of experimental and computational frame-
works [41, 42, 61]. The study of splicing regulatory mechanisms has also benefited
from the integration of high-throughput data has also been possible. An important
high-throughput experimental technique that has particular relevance for the study
of splicing regulatory mechanisms is cross-linking immunoprecipitation followed by
sequencing, or CLIP-seq. This approach combines UV cross-linking of proteins and
RNA with immunoprecipitation to generate precise footprints of the interactions be-
tween RNA and RNA-binding proteins [62].

The final Chapter of this dissertation follows from the observation in Chapter 2 that
the highly conserved poison exons in SR genes [4] are regulated in neurogenesis. We
develop a machine learning method for integrating the results of multiple classifiers on
CLIP-seq data and predict splicing factor binding at a nucleotide resolution. We iden-
tify potential cis-regulatory regions in SR poison exons. We propose that the highly
conserved SR poison exons are a post-transcriptional mechanism of self-regulation.
Through the inclusion of their own poison exons, splicing factors of this family regu-
late their own protein production.
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Chapter 1

Coverage-dependent bias creates
the appearance of binary splicing
in single cells

Publication and authorship permissions

This work was published in eLife in June 29, 2020 as:

Buen Abad Najar CF, Yosef N, Lareau L. Coverage-dependent bias creates the ap-
pearance of binary splicing in single cells. eLife 2020, 9:e54603.

The co-authors of this paper granted me their authorization for its reproduction in
this dissertation.

Single cell RNA sequencing provides powerful insight into the factors
that determine each cell’s unique identity. Previous studies led to the sur-
prising observation that alternative splicing among single cells is highly
variable and follows a bimodal pattern: a given cell consistently produces
either one or the other isoform for a particular splicing choice, with few
cells producing both isoforms. Here we show that this pattern arises al-
most entirely from technical limitations. We analyze alternative splicing
in human and mouse single cell RNA-seq datasets, and model them with
a probabilistic simulator. Our simulations show that low gene expression
and low capture efficiency distort the observed distribution of isoforms.
This gives the appearance of binary splicing outcomes, even when the un-
derlying reality is consistent with more than one isoform per cell. We show
that accounting for the true amount of information recovered can produce
biologically meaningful measurements of splicing in single cells.
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1.1 The modality of alternative splicing in single

cells

Single-cell RNA sequencing (scRNA-seq) has provided impressive temporal resolution
to our understanding of continuous biological processes such as cell differentiation [41,
42]. It has uncovered hidden heterogeneity among cells and exposed the factors that
determine each cell’s unique identity. One broad source of transcriptomic diversity
is alternative splicing, and several studies have uncovered compelling evidence of
changes in alternative splicing among single cells during differentiation [55, 56, 63–
65].

A particularly surprising conclusion of several scRNA-seq studies was the observation
that splicing was often bimodal among supposedly homogeneous cells [40, 52, 56, 58].
Individual cells had binary outcomes in splicing: some cells always spliced in a par-
ticular cassette exon, and some cells never spliced in the exon, but few cells showed
truly intermediate inclusion within one cell. This unexpected result contrasted with
previous single molecule imaging studies of several alternative exons that showed that
cell-to-cell variability is minimized and tightly regulated by the splicing machinery
in single cells [66, 67]. Curiosity about this result led to investigations of mecha-
nisms that might be responsible for stochastic splicing variability among apparently
homogeneous cells, such as variation in DNA methylation [57].

We propose that the observed bimodality does not generally reflect a binary nature
of splicing biology, but rather, that it exposes a technical limitation of the scRNA-
seq data that have been collected so far. Because alternative isoforms of a gene
share much of the same sequence, only the few RNA-seq reads mapping to the exact
alternative splice junctions, or to the alternative exon itself, reveal its alternative
splicing. When combined with the low mRNA capture efficiency of scRNA-seq and the
PCR amplification of small amounts of starting material into a full-length sequencing
library, these circumstances create the risk of bottlenecks that lose all but a few
individual mRNAs of most genes in each cell.

The limitations of scRNA-seq are a known obstacle to studying splicing in single cells
[51]. Similar concerns have arisen with the use of scRNA-seq to infer allelic expression;
a careful analysis showed that stochastic patterns resulted from technical noise [68].
A recent study observed and modeled the high dropout rate of individual isoforms
in scRNA-seq and advised that scRNA-seq is fundamentally unsuitable for measur-
ing changes in alternative splicing [53]. Others have implemented workarounds, e.g.,
using sequence features to predict splicing outcomes in lieu of sufficient sequencing
coverage [64, 65], or attempting to identify excess variance beyond technical noise
[55, 57]. These studies have identified true examples of differential splicing in single
cells, but they fundamentally do not explain how scRNA-seq limitations have caused
qualitative, not just quantitative, distortions in our understanding of alternative splic-
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Figure 1.1: Bimodal vs unimodal models of cassette exon splicing. In the bimodal model, some
cells consistently splice in the exon, while others consistently skip it. After mRNA capture and
sequencing, observations of Ψ are almost exclusively binary. In the unimodal model, individual cells
express some mRNAs that splice in the cassette exon and some that skip it. Low mRNA capture
dramatically reduces the number of cells in which both isoforms are observed, artificially inflating
binary Ψ values.

ing.

Here, we show that scRNA-seq splicing data are consistent with a simple model (Fig-
ure 1.1). Consider a particular cassette exon whose true pattern of exclusion follows
a unimodal distribution of isoform ratios across cells (i.e., most cells express both
isoforms, with a ratio revolving around the same mean). This distribution can be
distorted by extreme information loss during library preparation and sequencing, cre-
ating the illusion that individual cells only produce one isoform or the other. Our
simulations make it clear that the reliability of splicing measurements is a function
of the initial amount of mRNA, the efficiency of its recovery, the underlying splicing
rate, and further distortions from PCR amplification of cDNA. These effects should
be considered when interpreting previous studies that used qualitative changes in the
observed distribution of the splicing rates [56] or changes in their variance [57] as
evidence for regulation of alternative splicing. Considering the true amount of infor-
mation available for a cassette exon can allow for accurate observations of alternative
splicing. Using a data normalization and filtering method to identify cassette ex-
ons with sufficient information, we are able to draw biologically relevant conclusions
about alternative splicing in single cells.
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Figure 1.2: a) Comparison of splice junction read coverage and observed Ψ̂ for three cassette exons
in the Chen dataset, with low (Cadm1 exon 8; chr9: 47829377–47829409), medium (Thyn1 exon 6,
chr9: 27006801– 27006951), and high coverage (Rbm39 exon 3; chr2: 156178880–156178952). Each
dot represents the Ψ̂ of that exon in one cell. b) Ψ̂ distribution of the 300 highest coverage cassette
exons with intermediate splicing (average Ψ̂ between 0.2 and 0.8) in each of the six analyzed datasets.
Each row in the heatmap shows the distribution of Ψ̂ for one exon across all cells. c) Relationship
between the average read coverage and proportion of binary observations for each cassette exon in
the Chen dataset. d) Correlation between the total number of splice junction reads captured in each
cell, and proportion of cassette exons with intermediate splicing that show binary Ψ̂ in that cell.
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1.2 Single cell binary splicing observations are in-

versely correlated with read coverage

Our interest in splicing regulation led us to examine alternative splicing in several
single cell differentiation datasets from mice and humans that were generated with
methods that recover sequence from along the full length of mRNAs. To investigate
the reported high variability of splicing between cells more closely, we began by ex-
amining the splicing of cassette exons in a high-coverage mouse scRNA-seq dataset
[69], estimating their percent spliced-in as the fraction of splice junction reads that
show exon inclusion (out of all reads that cover the junction). We use Ψ̂ to denote
these estimated rates, while Ψ denotes the actual rate as it is in the cell. For clar-
ity we define a single Ψ̂ observation (which pertains to a specific cassette exon in
an individual cell) as binary if it is close to 0 or 1 (i.e., the respective cell tends to
express transcripts that either include the exon or exclude it, but not both). We
then describe the distribution of an exon’s Ψ̂ across cells as bimodal when its indi-
vidual values are predominantly binary, where some cells have a Ψ̂ close to 1 (most
observed transcripts include the exon) and others have Ψ̂ close to 0 (most observed
transcripts do not include the exon). Strikingly, when we inspected several exons,
we saw that they had more binary outcomes in cells with fewer reads covering their
splice junctions, while cells with more reads were more likely to show non-binary Ψ̂
values (Figure 1.2a). We realized that this effect of coverage may reflect a non-binary
reality, since even if both isoforms are expressed in a certain cell, the likelihood of
observing both isoforms is reduced as the number of captured mRNAs decreases. In
contrast, if the underlying distribution were indeed bimodal with binary modes, as
previously proposed [40, 56, 58], then the read coverage would have little effect on
the proportion of binary Ψ̂ observations across cells.

To further explore this phenomenon, we extended our analysis to the full scRNA-seq
datasets. In all cases, we found a strong effect of coverage on the observed binary Ψ̂
in exons with intermediate splicing (average Ψ̂ between 0.2 and 0.8). We consistently
found that exons with low junction read coverage had more binary Ψ̂ values and
bimodal Ψ̂ distributions (Figure 1.2b,c; Supplementary Figure 1.5a,b). We found
that the association between binary values and read coverage was not observed in
exons that are binary but not bimodal (i.e., nearly constitutively excluded or included
exons, with average Ψ̂ close to 0 or 1; 1.2c). Taken together, these observations suggest
that the abundance of binary observations in exon inclusion patterns may reflect a
distortion of an underlying unimodal splicing distribution (i.e., when cells in fact
express both isoforms), rather than a truly bimodal splicing pattern in the analyzed
cells.

We then asked if the association of binary splicing outcomes with low read coverage
could be due to some biological consequence of low transcription, or if it was a tech-
nical consequence of low sequencing coverage. We found that, among the cells in a
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single experiment, the cells with an overall higher number of splice junction reads
also tended to have a smaller fraction of exons with binary values (Figure 1.2d, Sup-
plementary Figure 1.5b), suggesting an influence of technical coverage rather than
transcription level. We further considered the effect of biological variations in tran-
scription. Transcription at a single locus occurs in intermittent bursts of RNA syn-
thesis [70], suggesting a possible effect of size and frequency of transcriptional bursts
on binary splicing. Using transcriptional bursting data from [71], we found that genes
with either high burst frequency or large bursts did exhibit fewer binary splicing ob-
servations (Supplementary Figure 1.5c), but a linear regression showed that burst
frequency and size did not contribute to binary observations beyond the effect of read
coverage (Supplementary Figure 1.5d). This suggests that transcriptional bursting
contributes to splicing variability only by determining the overall abundance of an
mRNA, consistent with single molecule fluorescence observations [66].

1.3 Simulations of RNA sequencing reveal techni-

cal sources of distortion of splicing estimates

A simple probabilistic exercise shows the potential loss of splicing information during
sequencing. Single cell RNA-seq experiments that capture full-length transcripts
have an estimated capture efficiency of only ∼10%, due to RNA degradation and
inefficient reverse transcription [44, 58, 63, 72]. For instance, a gene that expresses 20
mRNA molecules in a cell might only have two mRNAs recovered, and if that gene is
alternatively spliced with a true splicing rate Ψ of 0.5, there is approximately a 50%
chance that those few recovered mRNAs will only represent one of the two isoforms
that were originally present in the cell Supplementary Figure 1.6a,b). As many genes
are expressed at just a few RNA molecules per cell, low recovery might affect many
alternative splicing events [73, 74]. Furthermore, while the empirically observed Ψ̂
provides a maximum likelihood estimate for the true splicing rate, the uncertainty
of this estimate (i.e., the range of alternative values with a nearly similar likelihood)
decreases substantially with the number of observed molecules (Supplementary Figure
1.6c and Methods). As a result, the probability that the observed Ψ̂ is close to the true
underlying Ψ increases when more mRNA molecules are captured (Supplementary
Figure 1.6d).

Our theoretical reasoning above relied on a simple model where the number of ob-
served mRNA molecules (rather than number of reads) is known and the only distort-
ing factor is a limited capture efficiency. In practice, both of these assumptions are
challenged due to additional factors, such as PCR amplification and variability in the
capture efficiency across cells. To investigate the pertinent effects on Ψ̂ distributions
in this more complex setting, we designed a probabilistic simulator of alternative splic-
ing in single cells (Supplementary Figure 1.7). The model has two main components:
we begin by simulating the underlying molecular content of each cell, by drawing
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Figure 1.3: a) Simulations of alternative splicing and scRNA-seq under the binary-bimodal model,
in which each cell produces one isoform or the other, but rarely both. As in Figure 1.2b, each row
of the histogram shows Ψ̂ for one intermediate exon across all cells. The observed Ψ̂ distribution
is similar to the true Ψ distribution, and its shape is largely unaffected by capture efficiency. b)
Simulations with the non-binary, unimodal model, in which most cells present a mixture of the
two alternative isoforms. Exons with high expression have a unimodal distribution of true Ψ. Low
capture efficiency results in an increase in binary observations (only one isoform observed), leading
to a distortion of the observed distribution of Ψ̂ to look bimodal. Only a handful of the highest
expressed exons maintain a unimodal distribution of Ψ̂. Fewer exons show unimodal splicing as
the capture efficiency is reduced. c) Under the binary-bimodal model, exons with high coverage
have slightly fewer binary Ψ observations, and d) simulated cells with a high number of total splice
junction reads have slightly fewer exons with binary Ψ̂. e) Under the unimodal model, exons with
intermediate splicing show a strong decrease in binary observations as coverage increases, as seen
in real data (Figure 1.2c). f) Similarly, simulated cells with high read coverage have a decrease of
the proportion of binary Ψ̂. g) Effect of capture efficiency on the proportion of binary observations
of cassette exons with underlying Ψ = 0.5. h) Effect of the initial number of mRNA molecules and
underlying Ψ on the proportion of binary Ψ̂ observations.
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gene expression levels and cassette exon splicing rates from a probabilistic model of
cell state. We then simulate the technical process of extracting data from each cell
using single cell RNA sequencing with full transcript coverage. This part accounts for
variability in capture rates, and the effects of PCR amplification, fragmentation and
sequencing. It relies on SymSim, a simulation tool for single cell RNA sequencing
data [75]. The final product of our simulation is the number of splice junction reads
that either span or skip each exon in each cell. These numbers are distorted in a way
that reflects real nuisance factors. For instance, two reads could have originated from
the same molecule due to amplification effects.

We used our simulator to investigate how the observed inclusion (Ψ̂) of cassette exons
differs from the underlying Ψ, under different average capture rates, and setting the
other technical parameters to values that are characteristic of Smart-seq2 datasets
(see Methods). We considered either a binary-bimodal regime of Ψ (i.e., both iso-
forms are expressed in the population, but rarely by the same cell; Figure 1.1a), or a
non-binary regime (cells tend to express both isoforms; Figure 1.1b). We simulated
splicing of cassette exons in 1500 genes, in a population of 300 single cells. In the
bimodal simulation, 500 exons were modeled to have alternative splicing with a bi-
modal distribution across cells, and in the unimodal simulation, these 500 exons were
modeled to have a unimodal distribution. To reflect the patterns seen in real data,
we also simulated splicing of 500 exons that were nearly constitutively included and
500 that were nearly constitutively skipped.

As expected, in the binary-bimodal simulation, the observed Ψ̂ reflected the under-
lying process well, independent of the average capture efficiency (Figure 1.3a). In
contrast, when we modeled a non-binary splicing regime, the observed Ψ̂ distribu-
tions were strikingly similar to the splicing distributions of cassette exons in real
single cell RNA-seq datasets (Figure 1.3b). Specifically, the loss of information due
to mRNA recovery and library generation led many of the observed Ψ̂ to become bi-
nary, and their observed distribution across cells to become bimodal. This tendency
again correlated with coverage, whereby lowly covered exons showed the strongest
effect, while exons with high coverage maintained a non-binary, unimodal distribu-
tion. Consistently, in this non-binary regime, the average of Ψ̂ was similar to the true
average of Ψ, but the variance of Ψ̂ increased (Supplementary Figure 1.6e,f). Fur-
thermore, as in the real data sets (Figure 1.2c), we also found that the dependency
between read coverage and the chance of observing a binary Ψ̂ is more pronounced
in exons with an underlying Ψ that is far from binary (Figure 1.3c-f), highlighting
again that such an association likely indicates an artifact.

To address the extent of the distortion from mRNA recovery, we ran the simulator
with varying capture efficiency and a fixed underlying Ψ = 0.5. We found that de-
creasing the average capture efficiency dramatically increased the number of binary
Ψ̂ observations, particularly for exons with low expression, although even highly ex-
pressed genes suffered great distortion in the observed Ψ̂ when the average capture
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efficiency was very low (Figure 1.3g). These results reinforced the hypothesis that
capture efficiency is a main technical factor that creates the appearance of bimodality
in single cell splicing.

Finally, we estimated the chance of observing only one type of isoform in any given
cell (i.e., a binary Ψ̂) as a function of the underlying Ψ and the number of transcripts
that are present in the cell (Figure 1.3h). For this analysis, we set an average mRNA
capture rate of 10%. Our results delineate the range of values in which an artifact is
less expected. For instance, for an exon with 50% inclusion rate, a non binary estimate
is more likely if the respective gene has at least 50 transcripts in the cell. Notably,
these estimates are more conservative than the theoretical analysis (Supplementary
Figure 1.6a,b), due to the effect of the technical nuisance factors we modeled in this
simulation.

1.4 Accounting for mRNA recovery improves anal-

ysis of alternative splicing

We sought criteria that would identify reliable measurements of splicing in single
cells and avoid distortions from low mRNA recovery. While ideally we should rely on
the actual number of mRNA molecules recovered, full-length RNA-seq experiments
generally do not report an absolute mRNA count. Previous studies assessed the
quality of splicing observations based on the number of reads covering alternative
splice junctions [56, 57], but the number of splice junction reads is influenced by the
extent of PCR amplification and sequencing depth, and so it does not directly reflect
the number of recovered mRNAs.

We realized that we could estimate the number of mRNA molecules that were cap-
tured into cDNA by using the Census normalization approach proposed by [63]. This
method infers a per-cell scaling factor between the relative abundance of each tran-
script, inferred from RNA-seq, and the actual number of mRNAs recovered. We found
that some datasets with many reads per cell, such as the Song dataset [56], nonethe-
less had few mRNAs recovered per cell (Figure 1.4a, Supplementary Figure 1.8c),
which may explain the extensive splicing bimodality in this dataset. The dataset
with the highest recovery of mRNAs [69] indeed showed less binary splicing (Figure
1.2b).

Next, we sought a threshold for mRNA recovery that would suppress spurious obser-
vations of binary splicing. Our simulations and our analytical calculations suggested
that, for a capture efficiency of 10%, recovering 7–10 mRNA molecules would be more
likely than not to capture both isoforms for exons with intermediate splicing (Figure
1.3h), and that the observed Ψ̂ would most likely be within 0.1 of the real value (Sup-
plementary Figure 1.6d). In keeping with this, we saw in the real data that exons with
an average of at least 10 mRNAs recovered per cell generally had substantially fewer
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Figure 1.4: i) QQ-plot comparing the quantiles of a uniform distribution (x-axis) with the quantiles
of the distributions of p-values from the Kruskal-Wallis test (y-axis). A diagonal line (gray dotted
line) would mean the p-values are uniformly distributed. A lower area under the curve indicates
enrichment for low p-values. The point on the x-axis at which each line crosses the dotted red line
indicates the proportion of p-values that are below 0.05 in the distribution. j) Fold enrichment of
exons with a Kruskal-Wallis p ¡ x in the set of exons selected with the mRNA-based filter (blue),
and exons selected with a flat read minimum filter (red). k) Significance p-value of the enrichment,
estimated with the hypergeometric test and adjusted for FDR. l) Example exons that pass the overall
filter criteria in the Chen dataset and have p < 0.05 in the Kruskal-Wallis test.

binary observations (Figure 1.4b, Supplementary Figure 1.8d; limited to exons with
average Ψ̂ between 0.05 and 0.95). Nonetheless, a subset of these exons still showed
binary splicing in most cells. These exons had few splice junction reads relative to the
estimated mRNA count. We expect that these represent anomalously low recovery of
reads from the specific splice junctions of interest, perhaps due to annotation errors or
poor recovery of fragments with particular sequence composition. We reasoned that
a data-driven splice junction read criterion would prevent distortions arising from
this low read recovery. To find an appropriate read minimum, we determined the
number of splice junction reads expected to arise from a cassette exon in each cell
in different datasets, based on that cell’s overall mRNA recovery (Figure 1.4c; see
Methods). This provided a second filtering criterion: we excluded exons with fewer
splice junction reads than would be expected from 10 mRNAs, given that exon’s Ψ̂
and the coverage rate in that particular cell. This metric is calculated for each exon
separately, driven by the actual information in each cell, and it varies substantially
between datasets.

We then selected the exons from each cell that met the combined requirement of 10
mRNAs and the splice junction reads that would arise from 10 mRNAs, and asked
what effect this filter had on binary observations of splicing. As an example, our
filter removed seemingly spurious binary observations for alternatively spliced exon
8 of Cadm1 (Figure 1.4d). The observations that remained after filtering showed a
clear pattern of increased inclusion along pseudotime, with exon skipping in stem cells
and exon inclusion in fully differentiated neurons (Spearman’s rs = 0.52, p = 1.2 ×
107; Figure 1.4e). The correlation between splicing observations and differentiation
pseudotime highlighted that cell type differences could contribute to observations of
bimodality that are not the result of an artificial inflation of binary observations, and
this was an important factor to consider in our analysis.

Bimodality in filtered exons is explained by differential splicing between
cell types

Earlier papers had reported a surprising amount of bimodal splicing within a cell type,
with extensive binary outcomes in individual cells, i.e., similar cells with different
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dominant isoforms. This suggested that some aspects of gene expression stochastically
locked individual cells into producing primarily molecules of one or the other isoform.
However, our results so far suggest that much of this observed variability may be
an artifact of low mRNA recovery. In contrast, differences in splicing between cells
of different types are consistent with conventional mechanisms such as regulation
by cell-type-specific splicing factors. Therefore, when considering heterogeneous cell
samples, large shifts in splicing between cell types may result in truly bimodal Ψ. In
contrast to the first scenario, we would expect the corresponding observations Ψ̂ to
remain bimodal even after low-quality data points were removed.

We therefore sought to distinguish between these two scenarios and estimate the
extent of bimodal splicing within a cell type that is strongly supported by the data.
Most of the datasets in our analysis came from differentiation time courses, and so
to examine homogeneous cell subsets, we stratified the cells into groups indicative of
their developmental stage. The groups were identified by clustering the cells using
the normalized sum of reads from every gene (i.e., not directly representing their
variation in splicing; Figure 1.4f) and labeled based on expression of known marker
genes (Supplementary Figure 1.8e).

We found that, prior to filtering, hundreds of exons with intermediate splicing (average
Ψ̂ between 0.2 and 0.8) seemed to have at least weakly bimodal splicing distributions
(using a heuristic definition of at least 25% of cells with Ψ̂ ≤ 0.25 and 25% with
Ψ̂ ≥ 0.75), a rate that roughly matched previous descriptions [56] (Table 1.2). We
then discarded the observations that did not meet our filtering criteria, and retained
for every cluster only those exons with observations remaining in at least 50% of
cells (Figure 1.4g). With that filtering we found that most remaining exons had
fewer binary observations than the discarded exons (Supplementary Figure 1.8f).
Furthermore, cell clusters had no or very few remaining exons with bimodal splicing
distributions (Figure 1.4h, Supplementary Figure 1.8g,h, Table 1.2). For instance, in
the Chen dataset, there were two remaining cases of bimodality, and both seem to be
the result of sex-specific splicing (Supplementary Figure 1.8i). This trend persisted
when reanalyzing all datasets and clusters using a range of cutoffs for qualifying a
splicing pattern as binary (Supplementary Figure 1.8e).

Taken together, these results challenge the idea that widespread bimodality among
homogeneous cells arises from a binary nature of splicing in single cells, and instead
suggest that splicing bimodality reflects biological differences between cell types or
subtypes. Indeed, experimental observations of splicing bimodality support the im-
portance of differences between cell types, rather than stochastic differences between
homogeneous cells. The two cases of splicing bimodality confirmed with smFISH
by Song et al. both showed bimodality between two characterized cell types [56].
Similarly, Shalek et al. confirmed one case of splicing bimodality, in a gene whose
expression they showed to be a marker of a hidden difference between mature and
maturing cells, and so its splicing may reflect cell state difference at a wider context
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as well [40].

Filtering improves the identification of differentially spliced exons

Finally, we asked if our filtering criteria could help identify biologically relevant
changes in splicing between cell types, by selecting exons whose biological variance is
not overwhelmed by high technical variance. Focusing on three datasets with multi-
ple cell type clusters (Chen, Trapnell, and Song), we examined the effect of retaining
only exons that passed our filter in at least 50% of cells in each cluster. To avoid
biases depending on the number of observations available for each remaining exon,
we retained all data points for these exons, rather than removing individual cell data
points that did not pass the filter. As a benchmark for comparison, we used a sim-
pler criterion, akin to previous studies, of at least 10 splice junction reads in at least
50% of cells (Figure 1.4i). To focus on exons with substantial alternative splicing, we
omitted exons from this analysis that were consistently excluded (average Ψ̂ ¡ 0.05)
or included (average Ψ̂ ¿ 0.95) across all cells.

For each remaining exon in the two filtering schemes, we performed a Kruskal–Wallis
one-way analysis of variance, which assigned it a p-value (Methods). This test de-
termines if the exon’s median Ψ changed significantly between any clusters. Both
filtering schemes enriched substantially for exons that show significant changes across
different clusters, compared with the unfiltered set of all exons with average Ψ̂ between
0.05 and 0.95. Furthermore, the extent of enrichment increased with the strictness of
the differential splicing test (Figure 1.4i-k; Supplementary Figure 1.9). It is interest-
ing to note that in the Chen dataset the baseline (ten reads) filter was stricter than
the combined filter, retaining 66 vs. 198 exons and thus achieving high precision at
the expense of a lower recall. Indeed, due to the high mRNA recovery and low ampli-
fication in this dataset, our combined filter required only seven splice junction reads,
rather than ten as in the baseline scheme. Conversely, in the Song dataset, which
is predicted to have low mRNA recovery yet a large number of reads, the baseline
filter retained almost all exons, while the combined filter retained only 104 of them,
leading to significant over- representation of exons that are differentially spliced be-
tween clusters. The results show how differences in mRNA recovery and amplification
between datasets may change the interpretation of an absolute number of reads. We
corroborated these results using spatial autocorrelation as a way of identifying in-
formative exons, rather than the clustering and differential splicing analysis. The
autocorrelation test builds on the work of [76] to identify exons with a significantly
high level of consistency in Ψ̂ among transcriptionally similar cells (Supplementary
Figure 1.10).

Taken together, these results indicate that careful filtering of exons can help identify
observations that are consistent with the gene expression space and the stratification
of cells into types, and are thus likely more biologically meaningful (e.g., capturing
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known forms of regulation during differentiation) (Figure 1.4l, Supplementary Figure
1.11) [77]. The concept of ”meaningful” is ascribed here to the observations, not the
exons themselves, as there may be many additional exons with relevant variation (e.g.,
stable differences between cell types) that is not reliably measured due to low coverage.
Indeed, the effects of the two filtering schemes and the differences between them
exemplify how technical factors may distort our view of the data and consequently,
our understanding of variation and regulation of splicing.

1.5 Discussion

The surprising result that alternatively splicing is bimodal among single cells provoked
curiosity and speculation. Bimodal outcomes might reflect hidden cell subtypes, but
the bimodality was seen even among apparently homogeneous cells. Did splicing
outcomes reflect some unknown, stochastic cell state?

We have shown here that the bimodal patterns could have an entirely different expla-
nation: profound technical limitations of single cell RNA sequencing. A crucial limit
on biologically meaningful splicing observations in a single cell is the number of mR-
NAs available to inform the measurement. This is determined both by the expression
of the genes that contain the exons of interest, and by the capture efficiency of the
experiment. It is important to note that the depth of a sequencing library does not
necessarily reflect its quality. Along with low mRNA numbers, splicing observations
are also distorted by uneven amplification efficiency and cDNA overamplification.
Increasing PCR amplification cycles in an attempt to compensate for low capture ef-
ficiency has the risk of worsening the technical distortion. Indeed, in our analysis, the
dataset with the highest read count per cell actually had quite low mRNA recovery
and large technical distortion, creating an appearance of bimodal splicing [56]. More-
over, a qualitative change in the observed Ψ̂ distribution of an exon between single
cell subpopulations does not necessarily reflect a change in the underlying splicing
rate, as changes in gene expression and mRNA recovery between samples can create
the illusion of a splicing change.

Further developments in statistical analysis that carefully account for both missing
and redundant information due to low capture efficiency could make splicing observa-
tions in single cells more reliable. We set the foundation for such analysis by proposing
a probabilistic process that describes the biological and technical steps that generate
single cell splicing data. We also introduced a simple approach that builds on the
Census normalization [63] to estimate the number of mRNAs recovered and the ex-
tent of artificial duplication of splicing information. This metric provides a practical
filter for identifying exons with sufficient information to analyze. On the experimen-
tal side, improving the capture efficiency of scRNA-seq methods while moderating
the extent of overamplification is crucial for increasing the subset of exons for which
reliable observation can be made.

19



True biological insight into alternative splicing can indeed be found from high-quality
scRNA-seq data, and we hope that new methods will allow better understanding of
splicing regulation, cell-to-cell variation, and the importance of alternative splicing
in defining cell fate [78, 79]. However, some limitations are inherent to the situation.
Single cells express a limited number of mRNAs per gene; splicing observations in
single cells will always be inherently noisy reflections of the underlying biology.

1.6 Methods and Materials

Analysis code is available at

https://github.com/lareaulab/sc binary splicing

1.6.1 Analysis of single cell RNA-seq datasets

Datasets Six publicly available single cell RNA sequencing datasets were analyzed
(Table 1.1). These datasets are referenced with the first author’s name throughout
this paper. For the Chen dataset, we selected the four cell types used to represent
developmental stages in [69]: mouse embryonic stem cells cultured in 2i (ES2i) and
LIF (ES), mouse EpiStem cells (Epi) and neurons. For the Lescroart dataset, we
limited the analysis to the cells derived from mouse wild-type strains. For the Trapnell
dataset, we only selected the runs that are annotated to have one cell per well.

Alignment, TPM quantification and Ψ estimation We aligned the reads of
each dataset using STAR 2.5.3 [80] with two-pass mode and index overhang length
adapted to the read length of each dataset. We used the hg38 genome annotation
for the human RNA-seq datasets, and the mm10 annotation for the mouse datasets.
Gene expression levels in transcripts per million (TPM) were calculated by running
RSEM [37] on the BAM files produced by the STAR alignment. We ran rMATS
3.2.5 [39] on bulk human and mouse RNA-seq datasets from cell types matching the
scRNA-seq datasets [45, 69, 81, 82] to find all annotated cassette exon alternative
splicing events in each cell type. Then we used the SJ.out.tab files obtained from the
scRNA-seq STAR alignment to obtain the splice junction reads compatible with the
list of cassette exons found by rMATS. For each cell i, we calculated the observed Ψ̂
of the cassette exon j as:

Ψ̂ij =
SJAij

SJAij
+ 2SJBij

where SJAij
correspond to the number of reads that cover the two splice junctions

compatible with cassette exon inclusion, and SJBij
are the reads that cover the splice

junction compatible with its exclusion. We also determined the coverage of an exon
j in i as SJij = SJAij

+ SJBij
. We used SJij and Ψ̂ij for the analyses shown in Figure

1.2.
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Gene expression normalization and pseudotime inference For the purpose of
visualization and clustering of cells, we normalized the gene expression data. First we
selected the genes with TPM ¿ 20 in at least 20 cells. After filtering, we used SCONE
1.6.1 [83] to select the best normalization approach for the data. For improving the
normalization of the data, we used additional information for each cell, including
the annotated cell type and batch, total number of reads, housekeeping genes and
genes that are expected to change in the biological process that the dataset covers.
We applied principal component analysis (PCA) over the log-counts from the best
SCONE normalization, and used the first two principal components to infer pseudo-
time using Slingshot 1.0.0 [46]. We used the cell type annotation as the cluster input
for Slingshot, and manually indicated the direction of the biological process. Single
cells can be highly heterogeneous, even within cells labeled to be in the same bio-
logical condition. To account for this variation, instead of relying on the annotated
cell type provided with each dataset, we used agglomerative clustering over the PCA
projection of the matrix of normalized gene expression to identify groups of similar
cells in the Chen, Trapnell and Song datasets. For the Trapnell and the Song dataset
we used the number of reported cell types by the authors. In the Chen dataset, we
noticed that the cells annotated as neurons could form two well-defined clusters, with
some of the cells presenting expression profiles consistent with mature neurons. For
this reason, we used five instead of four clusters in the Chen dataset. In the Lescroart
dataset we used the original labels provided by the authors because PCA over the
normalized expression data separates the cells into two groups. This analysis was
not performed in the Shalek dataset due to its small number of cells. Instead, we
treated all the cells in this dataset as one single cluster. The Fletcher dataset was not
considered for the analysis that required clustering due to the low number of exon
observations that pass the minimum mRNA requirements described below.

mRNA counts estimation with the Census approach We performed our own
implementation of the mRNA count estimation proposed in Census [63]. The total
number of transcript mRNAs in cell i is estimated as:

Mi =
ni

FXi
(x∗i )− FXi

(0.1)

where x∗i is the mode of the log-transformed distribution of TPM values in cell i.
As in Census, we found x∗i by fitting a Gaussian kernel density estimation to each
distribution and finding its peak. We also set 0.1 as is the minimum TPM below
which it is assumed that no mRNA is present. ni is the number of genes in cell i
with an estimated TPM in the interval (0.1, x∗i ). FXi

is the cumulative distribution
function of the TPM values in cell i. The original Census implementation also adjusts
the mRNA estimation by multiplying by 1

θ
, where θ is the capture efficiency of the

dataset estimated with RNA spike-ins. Since for most datasets we do not have a
reliable way of estimating the capture efficiency, we removed this adjustment from
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the equation, so that Mi in our estimation is not an estimation of the amount of
mRNAs present in the cell lysate as it is in Census, but an estimate of the mRNAs
successfully captured into cDNA.

We found that some datasets contained outlier cells with Mi much higher than the
median estimate (more than ten-fold increases). These outliers generally correspond
to cells with a multimodal TPM distribution. An inflation in very low TPM values
distorts the normalization by shrinking the values of FXi

(x∗i )− FXi
(ε), thus inflating

the Mi values in these cells. Because the Census method relies on a Gaussian ker-
nel density estimation that performs inaccurately for multimodal distributions, we
excluded this handful of outliers from further analysis. In the Trapnell dataset, we
found that several cells had an unusually small number of recovered reads and genes
observed. We reasoned that this had the potential to skew the TPM estimations
on which the Census normalization depends (Supplementary Figure 1.5b), so we ex-
cluded the cells in the bottom 25% quantile of reads from the Census normalization
and all downstream analyses that depend on it.

Finally, the number of mRNA transcripts of gene g in cell i is calculated as:

Yig = Xig ·
Mi

106

where Xig is the expression of gene g in cell i expressed in TPM.

Nucleotide coverage and expected splice junction reads Amplification in
short-read library preparation can lead to multiple reads from the same sequence
fragment of a single mRNA molecule. To filter out exons with anomalously low read
coverage, we wanted to know the number of splice junction reads expected to originate
from one exon junction in a single mRNA, a number which differs in each cell and
each experiment. We estimated the splice junction coverage rate of each cell as the
expected number of reads covering the splice junction of a mRNA molecule:

Cj = read coverage at each splice junction of mRNAs in our sample

=
constitutive splice junction reads in cell j

constitutive splice junctions of mRNAs in cell j

=

∑
k rjk∑

k jk ·mjk

where Cj is the splice junction coverage rate, which is the number of reads expected
to cover each splice junction in cell j; rjk is the number of reads that map to all
constitutive splice junctions of gene k in cell j, as reported by STAR; jk is the number
of constitutive splice junctions in a mRNA molecule of gene k; and mjk is the Census
estimate of captured mRNAs of gene k in cell j. To calculate the Cj of each cell,
we only considered the constitutive splice junctions of genes that were estimated
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to be expressed in at least 1 mRNA molecule by the Census normalization. This
calculation captures the slight under-counting of splice junctions (relative to other
positions) because of factors including ambiguous read mapping.

We identified the constitutive splice junctions of the human and mouse transcriptome
using the Gencode hg38 and mm10 annotations respectively. For each organism, we
identified the splice junctions that occur in all protein coding isoforms of each protein
coding gene. This resulted in a total of 59,477 constitutive splice junctions in the
human genome, and 108,481 in the mouse genome.

Then, based on the overall recovery of splice junction reads in a cell, the total expected
splice junction reads for a particular cassette exon i in cell j is estimated as:

SJEij
= mij · (expected splice junctions per mRNA) · Cj
= mij · (1 + Ψ̂ij) · Cj

where SJEij
is the expected number of splice junction reads covering the splicing of

exon i in cell j (both for mRNAs that splice-in or skip the exon). mij is the estimated

number of mRNAs from the gene containing the cassette exon i in cell j; Ψ̂ij is the
observed splicing rate of exon i in cell j. The expected number of splice junctions per
mRNA is 1 + Ψ̂ij because 1 splice junction read is present in mRNA molecules that
skip the exon, and 2 in those that include it.

Filtering to select good quality observations Simulations of the effect of the
initial number of mRNA molecules of a gene and the underlying Ψ suggest that an
average of 44 mRNA molecules are necessary to have a 50% chance of making an
intermediate Ψ observation when the underlying Ψ is 0.5. This number goes up to 65
if the Ψ is 0.2 or 0.8, and to 127 if the Ψ is 0.1 or 0.9 (Supplementary Figure 1.8f).
Assuming a capture efficiency of 10%, we rounded at 10 captured mRNA molecules
as the lower threshold for a quality Ψ observation.

In some cases, the number of observed splice junction reads is discordant with the
estimated number of mRNAs recovered. Therefore we set a additional filter based on
the number of reads expected to come from 10 mRNA molecules that are informative
about the splicing of a cassette exon:

SJmij
= 10 · (1 + Ψ̂ij) · Cj

Therefore, for every observation, we required at least 10 mRNAs of the gene captured,
and at least the number of reads that we expect if 10 mRNAs are informative. Notice
that this minimum will be unique to each observation (combination of cassette exon
and cell), as it depends on the cell-specific coverage rate, and the cell and exon specific
observed Ψ̂.
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Kruskal-Wallis test and filter evaluation We evaluate the significance of splic-
ing changes between different cell types, using the clusters defined above, for the
Chen, Trapnell, and Song datasets. For each exon, we asked if its median Ψ̂ is differ-
ent between clusters. In order to do this, we grouped the exon’s Ψ̂ observations by
cluster and ran the Kruskal–Wallis test, which is a non-parametric one-way analysis
of variance across all clusters at once. We reported the p-value from each exon. A sig-
nificant result indicates that the exon has a significantly different median Ψ̂ in at least
one cluster relative to at least one other cluster, indicating cell type-associated differ-
ential splicing. A non-significant result from the test suggests that the exon’s median
Ψ̂ is not significantly different between any pairs of clusters. The strictness of the
differential splicing test was determined by setting different p-value thresholds.

Autocorrelation test We reasoned that exons with reliable estimation of their
splicing rate would tend to have similar observations (Ψ̂) in cells that are transcrip-
tionally similar to each other. To quantify this, we adapted the autocorrelation test
described in [76] to compute, for every exon, the similarity in Ψ̂ amongst neighbor-
ing cells in the space of the top two principal components of the gene expression
space.

To calculate the autocorrelation score of one exon, first we normalized the Ψ̂ as
follows:

Ψ̂′ij =
Ψ̂ij −Ψj

Var(Ψ̂j)

where Ψ̂′ij is the normalized Ψ̂ij of exon i in cell j; Ψj is the average observed Ψ̂ of

all the tested exons in cell j, and Var(Ψ̂j) is the variance of all observed Ψ̂ in cell
j.

For each cell j, we identified all its k-nearest neighbors in the PCA projection of the
normalized gene expression. For each neighbor k, we calculated a similarity score as
follows:

wjk = exp

(−d2
jk

σ2
j

)
where djk is the Euclidean distance in the PCA projection between cell j and its
neighbor k; σj is the Euclidean distance from cell j to its farthest K-nearest neighbor.
For all cells k that are not neighbors of j, we set wjk = 0. For each analyzed dataset,
we set K to be half the total number of cells. The smart-seq and smart-seq2 datasets
that we analyzed here contain orders of magnitude fewer cells than the UMI-based
datasets analyzed by DeTomaso et al., and we reasoned that the default setting of
K =

√
N might result in neighborhood sizes too small to ensure stability in some

datasets. In the datasets with fewer cells, K = N
2

agreed better than K =
√
N with

the results of the Kruskal-Wallis test (Jaccard indexes: 0.52 and 0.45 respectively in
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the Song dataset, 0.43 and 0.28 in the Trapnell dataset, and 0.51 and 0.54 in the
Chen dataset).

For each exon i, we calculate the autocorrelation score as a variation of the Geary’s
C statistic as:

C ′ = 1−
(N − 1)

∑
j

∑
k wjk(Ψ̂

′
ij − Ψ̂′ik)

2

2W
∑

j (Ψ̂′ij −Ψ
′
i)

2

where N is the total number of cells in the dataset, and W is the sum of all wij.

For each exon, we calculated an empirical p-value. To avoid bias from missing data
and different splicing rates, we binned all the exons by average Ψ̂ and percent of
missing values. We grouped exons with average Ψ̂ of: {(0.05− 0.1&0.9− 0.95), (0.1−
0.2&0.8−0.9), (0.2−0.3&0.7−0.8), (0.3−0.4&0.6−0.7), (0.4−0.6)}. We also binned
exons with missing observations between: {(50− 60%), (60− 70%), (70− 80%), (80−
90%), (90− 100%)}.

For each bin, we randomized the values of the exons across the cells 20,000 times. We
then calculated the autocorrelation score for all the randomized exons.

For each exon, we calculated its p-value as p = x+1
20,001

, where x are all the randomized
exons of the same bin with a higher autocorrelation score.

Splicing change analysis and filter evaluation We evaluated if a subset of exons
is enriched for exons with low p-values indicating significant change. We repeated this
analysis for the p-values from the Kruskal-Wallis test and from the autocorrelation
test. For each x as a threshold of low p-values, we define:

1. M as the set of all exons.

2. m as the set of exons with p-value ≤ x.

3. P as the exons in the selected subset.

4. p as the exons in the subset with p-value ≤ x.

We then calculate the fold enrichment as follows:

enrichment =
|M | · |p|
|P | · |m|

We then use the hypergeometric test to determine if the subset of selected exons is
significantly enriched for exons with p-values below the threshold. In our analysis, we
tested x in a range between 0.1 and 0.00001, and corrected the p-values of the hyper-
geometric test for multiple testing using the Benjamini-Hochberg correction.

In addition, we define:
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1. p as true positives.

2. ¬m AND ¬P as true negatives.

3. ¬m AND P as false positives.

4. m AND ¬P as false negatives.

Using these definitions, we calculate the precision, recall, specificity, accuracy and F1
score of the filter for every x.

1.6.2 Linear regression on transcriptional burst kinetics

Transcriptional burst kinetics parameters (burst frequency and burst size) of mouse
embryonic stem cells were obtained from [71]. The authors modeled these parameters
from cells from the Chen dataset [69]. We selected 619 intermediate exons observed
in the ES2i cells that have binary observations (i.e., Ψ̂ = 0 or 1) in between 1% and
99% of the cells. For each exon, we calculated the logit of the proportion of cells
that present binary observations as the target variable. Additionally, we matched
each exon to three predictive features: the transcriptional burst size of its gene,
the transcriptional burst frequency of its gene, and its expression, represented as
the average number of informative splice junction reads that cover the exon. Each
predictive feature was transformed by log10 +1, and all variables were scaled to its
standard score. We trained a linear regression model to predict the logit of the
proportion of binary exons, using several combinations of the previously described
predictive features:

1. logit(Ψ) ∼ burst size

2. logit(Ψ) ∼ burst frequency

3. logit(Ψ) ∼ size + freq + size · freq

4. logit(Ψ) ∼ expression

5. logit(Ψ) ∼ size + freq + exp + size · freq + size · exp + freq · exp

We evaluated each model by calculating the R2 score between the logit(Ψ) and the
regression prediction.

1.6.3 Theoretical analysis of the observed Ψ̂ with limited cap-
ture rate

mRNA molecules are captured at a limited rate, approximated in some instances
as 10% of the molecules in the cell. Under the assumption of uniform sampling
of transcripts and isoforms, and assuming the only nuisance factor is the limited
capture rate, we formalize the probability for observing a splicing ratio Ψ̂. We start
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by specifying this probability, assuming that we know the total number of transcripts
from the respective gene in the cell (m), the real splicing rate Ψ and the number of
captured molecules r (assuming that for any capture molecule we know if it includes
the exon or not). In that case:

Pr(Ψ̂ | Ψ, r,m) =

(
mΨ
rΨ̂

)(m(1−Ψ)

r(1−Ψ̂)

)(
m
r

)
Note that for this calculation, the capture efficiency (c) is not needed, since we assume
that we know m and r. For a more useful analysis, we will next assume that only one
of these variables is not known (starting with m and then r).

In a more realistic scenario, r and c can be estimated (e.g., using Census), while m
remains unknown. We can therefore marginalize m to calculate:

Pr(Ψ̂ | Ψ, r, c) =
∞∑
m=0

Pr(Ψ̂,m | Ψ, r, c)

=
∞∑
m=r

Pr(Ψ̂ | Ψ, r, c,m) · Pr(m | r, c)

=
∞∑
m=r

Pr(Ψ̂ | Ψ, r,m) · Pr(m | r, c)

To estimate Pr(m | r, c) we note the following:

Pr(m | r, c) =
Pr(r | c,m) · Pr(m)∑∞

m′=0 Pr(r | c,m′) · Pr(m′)

=
Pr(r | c,m)∑∞

m′=0 Pr(r | c,m′)

=

(
m
r

)
cr(1− c)m−r∑∞

m′=0 Pr(r | c,m′)

where we model the probability of capturing r mRNA molecules as a binomial sample
fromm with probability c. Note that the third transition is done under the assumption
of a uniform prior on m.
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To compute the denominator, we expand:

∞∑
m′=0

Pr(r | c,m′) =
∞∑

m′=r

(
m′

r

)
cr(1− c)m′−r

= cr
∞∑
k=0

(
r + k

r

)
(1− c)k = cr

∞∑
k=0

(r + k)!

k!r!
(1− c)k

= cr
∞∑
k=0

(−1)k

k!
(r + 1)(r + 2) . . . (r + 1 + (k − 1))(c− 1)k

= cr
∞∑
k=0

1

k!
(−(r + 1))(−(r + 2)) . . . (−(r + k))1r+k+1(c− 1)k

by Taylor series centered in 1 = cr
1

cr+1
=

1

c

Thus

Pr(Ψ̂ | Ψ, r, c) =
∞∑
m=r

Pr(Ψ̂ | Ψ, r, c,m) · Pr(m | r, c)

=
∞∑
m=r

(
mΨ
rΨ̂

)(m(1−Ψ)

r(1−Ψ̂)

)(
m
r

) (
m
r

)
cr(1− c)m−r

1
c

≈
10r/c∑
m=r

(
mΨ

rΨ̂

)(
m(1−Ψ)

r(1− Ψ̂)

)
· cr+1(1− c)m−r

In the last equation, we estimate the sum going only up to a large value of m, since
its posterior probability diminishes. In expectation m ≈ r/c. We use ten times this
value as the maximum.

We can use this equation to estimate the expected proportion of binary Ψ̂ observations
(Ψ̂ = 0 or 1) that is expected when we observe only r junctions from a splicing event
with a given true rate Ψ (Supplementary Figure 1.6a). We can also estimate the
chance to have an empirical Ψ̂ that is at least within a certain delta (in absolute terms)
from the real Ψ. Namely we can estimate Pr(| Ψ̂ − Ψ |< δ | Ψ, r, c) (Supplementary
Figure 1.6d).

In another calculation of interest, one can ask how many mRNA molecules should a
gene have in a cell in order to correctly estimate the splicing rate, under a limited
capture efficiency c. To estimate it, we denote by d a binary variable indicating that
the gene has been detected (i.e., r > 0) and marginalize r in the following way:

Pr(Ψ̂ | Ψ, c,m, d) =
Pr(Ψ̂, d | Ψ, c,m)

Pr(d | c,m)
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Where

Pr(Ψ̂, d | Ψ, c,m) =
m∑
r=1

Pr(Ψ̂, r | Ψ, c,m)

=
m∑
r=1

Pr(Ψ̂ | Ψ, c,m, r) · Pr(r | c,m)

=
m∑
r=1

(
mΨ
rΨ̂

)(m(1−Ψ)

r(1−Ψ̂)

)(
m
r

) ·
(
m

r

)
cr(1− c)m−r

=
m∑
r=1

(
mΨ

rΨ̂

)(
m(1−Ψ)

r(1− Ψ̂)

)
· cr(1− c)m−r

and

Pr(d | c,m) = 1− (1− c)m

We use this in Supplementary Figure 1.6b to plot the chances to see only one isoform
(binary Ψ̂) for a fixed Ψ (set to 0.5) as a function of the number of molecules present
in the cell (m).

1.6.4 Probabilistic simulator of splicing in single cell data

1) Biological process. We simulate the expression of 1500 hypothetical genes in 300
cells using SymSim, an in silico simulator of gene expression in single cells [75]; the
expression of gene g in cell i is annotated as Xi. We simulate one cassette exon j for
each gene g. For each cassette exon j in cell i, we simulate an underlying splicing
distribution Ψij as a Beta distribution with exon-specific parameters αj and βj. The
splicing of j in i is simulated as a binomial sampling from Xig with probability Ψij.
2) Technical process. We simulate the capture, fragmentation and sequencing of each
transcript using a modified version of SymSim’s True2ObservedCounts function and
a random vector of transcript lengths. Finally, we subsample the obtained reads
based on the transcript length in order to simulate the coverage of informative splice
junctions.

We simulate the splicing of cassette exons in a set of genes G expressed in a population
of cells N . For each gene g ∈ G, we simulate the splicing of one cassette exon j. The
inclusion of j forms the isoform jA, while the exclusion of the exons forms the isoform
jB. The production of mRNA molecules from jA in a single cell i ∈ N is determined
by the total expression of g, and by the action of the splicing machinery of i.
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1. Biological process

Splicing from pre-mRNA transcripts in individual cells For each alterna-
tively spliced gene g in a cell i, we simulate the expression of g and the splicing of its
cassette exon.

Xig expression of gene g in n.

αj, βj splicing rate distribution parameters.

Ψij ∼ Beta(αj, βj)

XAij
∼ Binomial(Xig,Ψij)

XBij
= Xig −XAij

ΨTij = XAij
/Xig

Xig represents the total number of pre-mRNA transcribed from each gene across all
cells. We simulate the total counts using SymSim, an in-silico approach for simulation
of single cell gene expression by accounting for the biological sources of variation [75].
Ψij referred to as the underlying splicing rate, is the probability of splicing-in the
cassette exon j of gene g in cell i. Notice that in this simulation, each gene g only
has one cassette exon j. In a biological context, Ψij would be determined by intrinsic
attributes of the cassette exon inherent of g (e.g., sequence, secondary structure,
binding sites), and by the profile of splicing factors expressed in n. XAij

and XBij

are respectively the counts of mRNA molecules from isoforms gA and gB in i. Notice
that XAij

is a random binomial sample from the total number of expressed pre-mRNA
molecules of g in i with a probability Ψij, as it has been modeled before [39, 66, 84, 85].
ΨTij is the true isoform ratio that include cassette exon j in cell i, obtained as the
proportion of molecules of gene g that include the cassette exon j.

The distribution of Ψij across all cells i ∈ N is modeled as a Beta distribution, which
has been used in previous studies of single cell splicing [56, 57, 86]. In this model,
the distribution is determined by the parameters αj, βj ∈ (0,∞). The values of these
parameter determine the distribution of Ψij across all cells as follows:

• Unimodal with intermediate mode if αj, βj > 1.

• Unimodal with mode 1 if 0 < αj < 1 ≤ βj.

• Unimodal with mode 0 if 0 < βj < 1 ≤ αj.

• Bimodal with modes 0 and 1 if 0 < αj, βj, < 1.

• Uniform if αj = βj = 1.

Notice that
αj

αj+βj
= µ(Ψij). By controlling the αj, βj parameters we can compare

the biological underlying distribution of the exon splicing rate with the observed
distribution of Ψ inferred from single cell RNA-seq data.
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To compare the results of our simulations under the binary-bimodal (alternative iso-
forms are present in the population, but rarely in the same cell; Figure 1.3a,c,d) and
non-binary unimodal (both isoforms regularly appear in the same cell; Figure 1.3b,e,f)
models of splicing, we simulated 500 alternatively spliced exons for each model. For
the first model, we simulated the underlying splicing distribution of each exon as Bi-
modal Beta distributions. For the second model, we simulated the underlying splicing
distributions of each exon with Unimodal Beta distributions with intermediate mode.
For each cassette exon j in cell i:

• Binary-bimodal splicing:

ΨBij
∼ Beta(αBj

, βBj
)

αBj
, βBj

∼ 1

Uniform(1, 30)

• Non-binary unimodal splicing:

ΨUij
∼ Beta(αUj

, βUj
)

αUj
, βUj

∼ Uniform(1, 30)

To simulate a realistic scenario in both models, we simulated 500 additional exons that
are consistently included, and 500 that are consistently excluded. For the consistently
included exons, we sampled the parameters for Unimodal Beta distributions with
mode 1 as

αj ∼ Uniform(1, 30); βj ∼
1

Uniform(1, 5)

For the consistently excluded exons, we sampled the parameters for Unimodal Beta
distributions with mode 0 as

αj ∼
1

Uniform(1, 5)
; βj ∼ Uniform(1, 30)

2. Technical process

mRNA capture into cDNA After simulating the production of mRNAs of dis-
tinct isoforms in single cells, we simulate the process of capture and sequencing of
mRNA molecules from XAij

and XBij
.

c expected capture efficiency

cIng drawn from truncated normal with mean c and variance 0.002

CIng ∼ Binomial(XIng , cIng)
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The process of mRNA capture is simulated using SymSim. CIng is the number of
mRNA molecules of isoform I ∈ {gA, gB} for gene g on cell n. This number is
sampled from the total number of molecules for isoform that are present in the cell.
c is a parameter that determines the expected capture efficiency. cIng is the specific
probability of capture of isoform I of gene g in cell n, which is drawn from a truncated
normal distribution with mean c. The variance of the truncated normal distribution
is set at 0.002, which is the default variance in SymSim. The distribution is truncated
at 0 and at 1.

RNA sequencing Sequencing is also simulated using SymSim’s approach, which
includes a length-dependent PCR amplification bias modeled from experimental data.

lgB sampled from SymSim’s database

leA sampled from exon database

lgA = lgB + leA
RIng = True2ObservedCounts(CIng , lgI )

lgB is the length of the mRNA transcript of isoform gB of gene g, which represents
the isoform that skips the alternative exon. lgA is the length of the mRNA transcript
of the isoform gA, which includes the exon. We assigned the lengths to the excluded
isoform by drawing without replacement from SymSim’s transcript length database.
leA is the length of the alternative exon included in isoform gA; it is sampled without
replacement from a database of skipped exon lengths from the human genome. RIng

is the total number of observed reads from isoform I of gene g in cell n obtained from
single cell RNA sequencing. These are obtained using the True2ObservedCounts
function from SymSim with the modification previously described.

Splice junction coverage and observed Ψ calculation We also simulate the
down-sampling from observing only reads that overlap the splice junctions that are
informative about the splicing of the cassette exon.

lr = read length (constant)

jAg =
4(lr − 1)

lAg

jBg =
2(lr − 1)

lBg

SJIng ∼ Binomial(RIng , jIg)

lr corresponds to the constant read length from the sequencing process. SJIng is
the number of reads that cover informative splice junctions for isoform I ∈ {gA, gB}
for gene g in cell n, which are sampled from the total number of reads covering the
isoform. In order to account for variation in read density along transcripts, we sample
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the splice junction reads of each event from a binomial distribution with probabilities
jAg and jBg , which are respectively the probabilities of a given read to cover the
splice junctions informative with isoform gA and gB. We derive these probabilities
from the length of the simulated reads, and the length of the transcript. Each read
can be mapped to 2(lr−1) positions in the transcript that overlap one splice junction.
Thus, the probability of covering one given splice junction is defined as the number
of possible positions in the transcript that are informative for the splice junction,
divided by the length of the transcript. jAg is the probability to map to any of the
two splice junctions that are informative for isoform gA. jBg is the probability to map
to one single splice junction, since there is only one junction informative for isoform
gB. Coverage depth variance might sometimes exceed the variance of the binomial
distribution, such that the informative reads for one isoform might be much more
likely to be sequenced than the informative reads of the other isoform in a given cell.
In these situations, the technical variance of Ψ̂ and the number of spurious binary
observations could be higher than modeled in these simulations.

Finally, the observed Ψ is calculated as:

Ψ̂ij =
SJAij

SJAij
+ SJBij

Simulator variants for studying sources of variation

Gene expression and underlying Ψ We tested the effect of the interplay be-
tween gene expression and the ratio of isoforms that contain the cassette exon on the
observed distribution of Ψ. For this test, we simulated a population of 300 single
cells with 500 genes, indexed 1 to 500. For every cell i, the expression of gene g
is fixed as Xig = g, where g ∈ {1, 2, ..., 500}. That is, every gene had a different
level of expression, and the expression of every individual gene was constant across
all cells. For each simulation, we fixed the underlying splicing rate of all cassette
exons across all cells. That is, for each cassette exon j of gene g, in every cell, we set
Ψij = constant. We ran the simulator with different underlying splicing rates, with
Ψij ∈ {0.01, 0.02, ..., 0.5}. For every simulation we used an average capture efficiency
c = 0.1. We ran 30 simulations for every fixed Ψij value. For every fixed Ψij and
for every fixed expression level g, we took the average proportion of cells with binary
values (Ψ̂ = 0 or 1) for the observed Ψ̂. That is, we reported:

1

1500

30∑
sim=1

300∑
i=1

I(Ψ̂ij = 1) + I(Ψ̂ij = 0)

Gene expression and capture efficiency We tested the effect of capture effi-
ciency in Ψ observations. To minimize the effect of the underlying Ψ in the simula-
tions, in this analysis we fixed the true splicing rate of all exons to ΨTng = 0.5 (we
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achieved this by setting XAij = XBij = 1
2
Xig). We ran simulations for each possible

value for the average capture efficiency in c ∈ {0.01, 0.011, ..., 0.1}. For each tested
average capture efficiency rate, we ranked the alternative splicing events by the num-
ber of reads that cover the informative splice junctions. For each alternative event, we
observed the proportion of cells that present only one type of isoform (either including
the cassette exon or excluding it, but not both).
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1.7 Chapter appendix: supplementary tables and

figures
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Supplementary Figure 1.5: Junction read coverage determines the proportion of binary ob-
servations in all analyzed datasets. a) As in Figure 1.2c, the splice junction read coverage of an
intermediate exon was anti-correlated with the proportion of cells in which it shows binary Ψ̂ (only
one isoform is observed) in all datasets. Barplot: Pearson correlation between read coverage and
proportion of binary observations of each cassette exon. b) As in Figure 1.2d, the total number of
splice junction reads in a cell was inversely proportional to the fraction of exons that have binary
values in the cell in all datasets. Barplot: Pearson correlation between the total number of captured
reads in each cell and the proportion of cassette exons with binary Ψ̂.
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Supplementary Figure 1.5: c) Relationship between transcriptional burst frequency and size,
and the proportion of binary observations of an exon. d) R2 of the linear regression prediction of
the proportion of binary observations per exon based on burst frequency, size, number of reads, and
a combination of these features.
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e f

^
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Supplementary Figure 1.6: Theoretical calculations and simulations of the effect of biological
and technical factors in splicing observations. a) Theoretical likelihood of capturing only mRNAs
representing one isoform of an alternatively spliced gene in a single cell, determined by the total
number of mRNAs in the cell, the Ψ of the isoforms, and a 10% capture efficiency. b) Probability
of observing a binary Ψ̂ (only one isoform observed) given the number of mRNA molecules of that
gene present in the cell, when the underlying Ψ is fixed at 0.5. c) Effect of the number of captured
mRNA molecules on the uncertainty of Ψ̂ observations. Ψ̂ is understood as the maximum likelihood
estimate of the underlying Ψ. d) The posterior probability of having an observed Ψ̂ within 0.1 of the
underlying Ψ. e) Distribution of the relative error between the average observed Ψ̂, and the average
true Ψ, in our simulations under different capture efficiency rates. The relative error is calculated
as the difference between the average Ψ̂ and the average true Ψ, scaled by the average true Ψ. f)
Distribution of the relative error between the variance in the observed Ψ̂, and the variance in the
true Ψ, in our simulations under different capture efficiency rates.
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Supplementary Figure 1.7: Schematic of scRNA-seq splicing simulator. Simulator of scRNA-
seq splicing data. Green elements represent biological variables; blue elements represent technical
processes. The underlying Ψ is drawn from a Beta distribution with either a bimodal or unimodal
shape. Individual gene expression determines the total number of mRNAs, and these mRNAs are
spliced stochastically according to Ψ, producing isoforms that splice in or skip the exon. mRNAs are
captured with a probability drawn from a normal distribution. Sequencing produces splice junction
reads, which determine the observed Ψ̂.
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Supplementary Figure 1.8: Relationship between read coverage, captured mRNAs, and binarity
in single cell datasets.
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Supplementary Figure 1.8: a) Average number of splice junction reads required to have a 50%
likelihood of observing both isoforms, from simulations in Figure 1.3j. b) Total mRNAs required
to have a 50% likelihood of observing both isoforms, from simulations in Figure 1.3k. c) Total
mapped reads per cell for each dataset. d) Estimated average number of recovered mRNAs vs.
average number of splice junction reads for each exon. e) Expression of pluripotency and neuron
differentiation marker genes in the Chen dataset; expression is scaled by each row’s maximum and
minimum. Cells are ordered by inferred pseudotime. Top color key, clusters from agglomerative
clustering; bottom color key, labels from Chen et al. The red box highlights two sub-groups of
neurons identified by clustering. f) Visualization of the distribution of Ψ̂ observations towards
extreme values in the first cluster of cells of each dataset. For each x cutoff in the x-axis, the y-axis
corresponds to the proportion of cells that have Ψ̂ ≤ x or Ψ̂ ≥ (1−x). Blue lines, exons passing the
mRNA-based filter; red lines, exons removed by filter. g) Stacked histograms, as in Figure 1.4h, for
other datasets. The Fletcher dataset is excluded because only five exons pass the mRNA filter. h)
Stacked histograms of exons that do not pass the filter in the Chen dataset; exons were subsampled
to match the number that do pass the filter in each cell type cluster. i) Sex-dependent distribution
of Ψ̂ of the two bimodal exons of the Chen dataset after cell-type stratification: Smarcad1 exon 3
(chr6: 65043836–65044108) in early Epi cells, Nsfl1c exon 4 (chr2: 151502455–151502460) in late
Epi cells.
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Supplementary Figure 1.9: Analysis of differential splicing among selected exons with the
Kruskal-Wallis analysis of variance. a) Comparison of the precision of selecting exons with low
p-values, for the mRNA-based filter versus selecting exons on a flat minimum of 10 reads. b) Recall.
c) F1-score. d) Specificity. e) Accuracy. f) Number of exons with p ≤ x in each dataset.
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Supplementary Figure 1.10: Analysis of differential splicing among selected exons with the
autocorrelation test. a) Number of exons with p ≤ x in each dataset. b) QQ-plot comparing the
quantiles of a uniform distribution, with the quantiles of the distributions of p-values from the
autocorrelation test.
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Supplementary Figure 1.10: c) Fold enrichment of exons with an autocorrelation p ¡ x in the set
of exons selected with the mRNA-based filter (blue), and exons selected with a flat read minimum
filter (red). d) Significance p-value of the enrichment shown in c). For each p-value limit x, we
estimate the significance with the hypergeometric test, and correct for multiple testing using the
Benjamini-Hochberg FDR adjustment. e) F1-score. f) Specificity. g) Accuracy.
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Supplementary Figure 1.11: Distribution of Ψ̂ of example exons. a) Skipped Cadm1 exon 8
(chr9: 47829377–47829409). We show the relationship between pseudotime and observed Ψ̂; as
well as violinplots of the distribution of Ψ̂ in each cluster before filtering, and after filtering. b)
Violinplots of the distribution of Ψ̂ in each cluster after filtering for the exons in Figure 4k: Nsfl1c
exon 4 (chr2: 151502455–151502460), Rpn2 exon 16 (chr2: 157323223–157323270), Tecr exon 4
(chr8: 83573411–83573455), Zfp207 exon 8 (chr11: 80393084–80393176).
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Chapter 2

Identifying cell-state associated
alternative splicing events and
their co-regulation

Publication and authorship permissions

This work will be submitted for publication in 2021 as:

Buen Abad Najar Carlos F., Burra Prakruthi, Yosef Nir, Lareau Liana F. Identifying
cell-state associated alternative splicing events and their co-regulation. 2021.

The co-authors of this paper granted me their authorization for its reproduction in
this dissertation.

Alternative splicing shapes the transcriptome and contributes to each cell’s
unique identity, but single-cell RNA sequencing has struggled to capture
the impact of alternative splicing. We previously showed that low recov-
ery of mRNAs from single cells led to erroneous conclusions about the
cell-to-cell variability of alternative splicing [59]. Here, we present a new
method, Psix, to confidently identify splicing that changes across a land-
scape of single cells, using a probabilistic model that is robust against the
data limitations of scRNA-seq. Its autocorrelation-inspired approach finds
patterns of alternative splicing that correspond to patterns of cell identity,
such as cell type or developmental stage, without the the need for explicit
cell clustering, labeling, or trajectory inference. Applying Psix to data
that follow the trajectory of mouse brain development, we identify genes
whose alternative splicing patterns cluster into modules of co-regulation.
We show that the exons in these modules are enriched for binding by
distinct neuronal splicing factors, and that their changes in splicing cor-
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respond to changes in expression of these splicing factors. Thus, Psix
reveals cell-type-dependent splicing patterns and the wiring of the splic-
ing regulatory networks that control them. Our new method will enable
scRNA-seq analysis to go beyond transcription to understand layers of
post-transcriptional regulation in determining cell identity.

2.1 Cell-type associated alternative splicing

Transcriptome profiling at a single cell level has revolutionized our understanding of
the continuous biological variation in gene expression that determines a cell’s unique
identity [41, 42]. Alternative mRNA splicing is a major source of transcriptome
variability that plays an important role in determining the identity of a cell. The fine-
tuned regulation of splicing contributes to many continuous biological processes such
as neurogenesis [27, 28], while its misregulation is associated with complex diseases
[11–17]. Thus, a full understanding of cell identity at a single-cell level requires
measuring changes in alternative splicing and decoding their regulation.

Despite the enormous progress in computational modeling of cell identity from single-
cell gene expression studies [48–50, 89], formidable challenges remain in capturing the
impact of alternative splicing [53]. Alternative isoforms are distinguished by only a
few specific regions of the transcript, even when using methods that capture reads
along the full length of a transcript. On top of this major data limitation, low capture
efficiency in single cell RNA-sequencing adds enormous technical variation. As a
result, the observed distribution of an exon’s inclusion (described as percent spliced
in, or Ψ) across a population of single cells is greatly distorted, with an inflation
of spurious extreme values [59]. This distortion is particularly severe in exons from
genes with relatively low expression. Because of these limitations, few computational
methods for identifying informative alternative splicing events in single cells have
been developed. Splicing changes have been characterized as qualitative changes in
the empirical distribution of observed splicing rates [56, 57]; however, such qualitative
descriptions can be misleading due to the aforementioned coverage-dependent bias
[59]. Other methods detect differences in splicing between pre-defined groups of
single cells, clustered by condition or sample, and thus cannot take full advantage
of the high-resolution insight that single cell data provides for continuous biological
processes [55, 64, 65, 90]. A method that analyzes splicing across a continuous cell
population, while considering the impact of low mRNA capture efficiency, has yet to
be developed.
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2.2 Psix: a probabilistic approach to cell-state as-

sociated alternative splicing

Our goal in this work was to create a method that could identify alternative splicing
events that vary in an informative way over a landscape of single cells. We defined
this broadly to mean that the alternative splicing followed some pattern related to
underlying cell state; for instance, an alternative exon might be spliced into mRNAs at
low levels in stem cells and at increasingly high levels in differentiating cells (Figure
2.1a). Importantly, this definition does not require dividing the cells into explicit
groups by clustering or by labeling cell types, nor does it require an explicit trajectory
of cell progression. Rather, we wanted to find all exons whose splicing varied as the
underlying cell state varied. One of the main challenges that we described in our
previous work is that, if few mRNA molecules are captured, the observed Ψ̂ will
largely deviate from the underlying Ψ [59]. The solution that we presented to this
problem in our earlier work was to rely only on the Ψ̂ observations that we estimated
to come from a large number of captured mRNA molecules, and which were therefore
less prone to suffer from these biases. Here we aim to instead retain the information
available from these low-coverage observations, taking into consideration technical
distortion by using a probabilistic modeling approach.

To achieve this, we developed Psix, a robust yet simple probabilistic method inspired
by autocorrelation models that identifies informative splicing events in a continuous
single cell space. Psix estimates the likelihood of an alternative exon’s observed in-
clusion in each cell and determines if the variance in the observed values are the
result of biological changes across a continuous landscape by comparing each cell to
its neighbors. Our method requires two things: knowledge of which cells are more
similar (in transcriptome space), which we will infer from their relative positions in
a low-dimensional space derived from overall gene expression [48–50], and a model
of the distribution of observed Ψ̂ values given an underlying unknown Ψ. Based on
the conclusions of our previous work [59], we reasoned that large differences in Ψ̂
observations between similar cells should be mostly the result of technical variance,
and how much a cell appears to differ from its neighbors largely depends primarily on
how many mRNA molecules were captured during sequencing. Meanwhile the differ-
ences between phenotypically dissimilar cells could reflect a combination of different
splicing programs and technical variance (Figure 2.1a).

Psix estimates the likelihood of an exon’s Ψ̂ observation in each cell given two models:
one in which the original Ψ of the cell, before the data loss imposed by sequencing, was
similar to the distance-weighted average Ψ of the neighboring cells, and another in
which it was similar to the Ψ average across the entire dataset. The likelihood of each
cell’s observation is estimated based on the number of mRNA molecules captured in
the cell, given a binomial sample without replacement. If the exon is autocorrelated,
then the first model is would be more likely than the later (Figure 2.1b). We formalize
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this comparison as a likelihood ratio, Ψξ, and assign it an empirical p-value based on
randomly shuffled cell labels to determine a background distribution.

2.3 Validation of Psix

We validated our approach using simulated single cell splicing data from continuous
cell models. The simulation allows us to test Psix performance on exons with different
degrees of change (reflecting differences in simulated cell states), or on exons with no
change in splicing (i.e., reflecting noise properties of this data [59]) (Figure 2.2a). We
tested the advantage of Psix’s cluster-free approach by comparing the results with a
simple Kruskal-Wallis test that detects differences in the median Ψ between defined
clusters [59, 90]. We also tested the advantage of considering the number of mRNA
molecules captured for each cell by comparing the results with estimating a Geary’s
C, an autocorrelation test statistic that does not model the number of mRNAs. We
found that Psix outperforms these simple approaches in detecting splicing changes on
data simulated at a range of different capture efficiencies (Figure 2.2b). Importantly,
unlike other approaches, Psix was not enriched for low p-values in exons simulated
without splicing changes (Figure 2.2c). This showed that modeling the technical dis-
tortion due to low mRNA recovery successfully enabled Psix to avoid excessive false
positives. Psix also outperformed these approaches when simulating a complex single
cell population with multiple lineages (Supplementary Figure 2.5). Our simulations
showed that a k-nearest neighborhood of ∼ 10% of the single cell population is op-
timized the performance of Psix when simulating 1,000 cells (Supplementary Figure
2.6).

Next, we sought to test our approach on real single-cell RNA-seq data. We applied
Psix to three different published neurogenesis scRNA-seq datasets. Since we do not
have a controlled ground truth as in the case of simulations, we compared our pre-
dictions against differentially spliced exons identified in bulk RNA-seq datasets that
closely matched the scRNA-seq datasets, e.g., a single-cell dataset of embryonic mouse
neurons was matched with a bulk RNA-seq dataset taken from similar time points
(Figure 2.2d). We selected exons that showed no change in the bulk data as the nega-
tive groups, while we kept exons with a high change in the bulk data as positives. We
compared Psix against the simple Kruskal-Wallis and Geary’s C tests as described
above. In contrast with our numerical simulations, this analysis starts directly from
the sequencing data. For this reason, we were also able to compare Psix with an
existing computational single-cell approach, BRIE2 [65], which requires aligned reads
as its input. In all datasets, Psix overperformed all methods in classifying the exons
(Figure 2.2e).

48



Figure 2.1: A) Cell-state associated exons change across the phenotypic landscape of a single cell
population. Cell-state independent exons do not change across the phenotypic landscape. Low-
capture efficiency in scRNA-seq experiments adds additional technical variance depending on the
number of captured mRNA molecules. The probability of capturing each alternative isoform depends
on the underlying distribution of exons in the single cell population.
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Figure 2.1: B) Psix compares the likelihood of each single cell observation given two models:
Model 1 in which the exon is cell-state associated (probability of the observation given the neighbor
average Ψ), vs Model 0 in which the exon is cell-state independent (probability of the observation
given theglobal average Ψ). Model 1 is more likely for a cell-state associated exon will be consistently,
while the likelihood of both models is similar for a cell-state independent exon.

2.4 Finding modules of co-regulated splicing in sin-

gle cells

Because scRNA-seq reports on the biological state of hundreds or thousands of single
cells, it has great potential for uncovering regulatory networks that control the changes
in individual gene expression.This approach has been successfully implemented to ex-
plore the regulation of transcription at the single-cell level [47]. However, its imple-
mentation to study the regulation of splicing with single cell data has been limited,
and usually involve pooling pre-defined clusters of cells [28, 65]. Alternative splicing is
regulated by a network of splicing factors, some of which are highly cell-type specific,
and we posited that scRNA-seq data could reveal coordinated changes in co-regulated
exons as well as the corresponding changes in expression of the splicing factors that
regulate these exons.

To begin reconstructing splicing regulatory networks, we first applied Psix to a dataset
consisting of mid-brain neurons across different stages of mouse development [91] (Fig-
ure 2.4a). Psix identified 798 cell-state associated exons over the brain development
landscape, including many exons that have been extensively reported to change in
neuron development [27, 92–94] (Figure 2.4b). A gene ontology enrichment analysis
confirmed that the set of alternatively spliced genes identified by Psix was enriched
for genes associated with neuron and synaptic development (Supplementary Figure
2.7).

Next we set out to identify co-regulated splicing among the autocorrelated exons.
To avoid the high local variance of individual splicing observations, we calculated
the neighborhood average Ψ of autocorrelated exons identified by Psix, and clustered
these observations into ten modules of co-spliced exons using a UPGMA algorithm
(Figure 2.4c). These modules of exons showed distinct patterns of change across
brain development, and across different neuron types in late stages of development,
suggesting that the modules corresponded to patterns of splicing co-regulation (Figure
2.4d). To find potential splicing factor regulators associated with these modules, we
analyzed the binding of RNA binding proteins using published CLIP-seq data [95].We
identified 20 splicing factors that were enriched in binding to cell-state associated
exons. Binding of Nova and Rbfox family splicing factors was associated to specific
clusters of correlated exons in neurogenesis, consistent with previous knowledge of
their role in regulation of splicing in neurogenesis [22, 27, 29]. We found that the
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Figure 2.2: A) Pipeline for simulation single cell splicing. Variance in the observations can come
from a real change in splicing (positives), or from technical variation or purely changes in gene
expression (negatives). B) Area under the precision-recall curve of Psix, the Kruskal-Wallis test,
and Geary’s C, indentifying exons with a ∆Ψ ≥ 0.2, under three different capture efficiencies. C)
P-value distributions of the negative exons when tested with Psix, Kruskal-Wallis, and Geary’s C.
The p-values of Psix do not deviate significantly from the uniform distribution.
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Figure 2.2: D) Validation of single cell splicing changes with bulk RNA-seq data. E) Area under the
precision-recall representing the overlap of the exons selected by different methods on real scRNA-seq
data, with the exons from corresponding bulk datasets.

expression of these splicing factors was strongly correlated with the inclusion levels
of the exons from the different modules, further supporting regulatory roles (Figure
2.4f). These results show that the unsupervised exon selection and module inference
of Psix discovers relevant switches in alternative splicing during neurogenesis.

Surprisingly, we also found that the splicing factors of the SR family were strongly
enriched to binding into one module of exons associated to an early increase in Ψ
(Figure 2.4f). Interestingly, this module included, among other exons, the poison
exons of four genes of the SR family, which have been previously proposed to regulate
their own protein production through the splicing of poison exons [4, 96–100], but
have not been suggested to have a specific role in neurogenesis.

A strength of single-cell data is its insight into hidden heterogeneity within cell sub-
types. Indeed, the neurons in the final time point of this dataset, collected 90 days
post natal, formed distinct sub-populations. These cells showed cell-state associated
expression of marker genes for different lineages of midbrain neurons [91], primarily
across the third principal component (Supplementary Figure 4). Interestingly, several
splicing modules that were otherwise similar showed distinct patterns over these sub-
populations (Figure 3d). We searched for the exons associated to the different lineages
in midbrain neurons. To achieve this, we implemented Psix in the postnatal day 90
cells only (to which we refer as p90 cells) in order to find exons associated to the
cell-state diversity of late midbrain neurons. Psix identified 78 cell-state associated
exons, which group in two modules (Module 1 and 2). Principal component analy-
sis (PCA) of these exons showed the p90 cells forming roughly two groups (Figure
4a). We designed the first principal component of this decomposition as the splicing
component.

Next we set to find the regulatory mechanisms that control the emergence of this
association during neurogenesis. We implemented Psix individually on the postnatal
day 1 cells (p1), and in the embryonic day 13.5 cells (e13.5). We then applied the PCA
decomposition on the 78 exons of the p90 cells, into the same exons in the p1 and e13.5
cells, in order to find the variance of these cells across the splicing component. Both
these sub-groups of cells showed less variance across the splicing component than p90
cells, with the p1 cells being an intermediate state. We observed that Module 1 is
starting to be clearly formed in p1 cells, while Module 2 seems still underdeveloped.
This is reflected in the variance of p1 cells across the splicing component.

We identified 14 splicing factors that are enriched in the 78 exons associated cell-state
in late midbrain neurons using the hypergeometric test over CLIP-seq data. Of these,
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Nova1, Rbfox1 and Mbnl2 had a significant correlation between expression and the
the splicing component in p90 cells, indicating a positive correlation with Module 1
(Figure 4b,c). On the other hand, expression of Ptbp2 showed a positive correlation
with the splicing component in p90 cells, indicating a correlation with Module 2.
Interestingly, expression of Nova1 and Rbfox1 are also significantly negatively corre-
lated to the splicing component in p1 cells, but not in e13.5. This suggests that Nova1
and Rbfox1 might be regulators of the early formation of Module 1. In contrast, the
correlations of Mbnl2 and Ptbp2 with the splicing component are not significant in
p1, and Mbnl2 has the opposite correlation in e13.5 cells. This could indicate that
these splicing factors are associated to the late formation of Module 2 in midbrain
neurons.

These results suggest that the well-known families of splicing factors that regulate
exon usage in neurogenesis also regulate cell-state associated splicing between different
lineages in midbrain neurons. The definition of these exon modules arises from differ-
ential expression of these splicing factors as midbrain neural lineages emerge.

Discussion

Single-cell data allows to study continuous biological functions at a higher resolution
than bulk studies. However, coverage-dependent biases have limited the study of
single-cell splicing to discrete pre-defined clusters of cells, hindering its potential [59].
Psix aims to solve these problems by combining cell identity information from the
transcriptome space, with bias-aware probabilistic modeling. Our approach finds
cassette exons that vary continuously across the cell phenotypic landscape, without
mistaking gene expression variance for changes in splicing. Psix also identifies groups
of exons with similar patterns of biological variation, which are indicative of potential
splicing co-regulation. Our cluster-free and bias-aware approach sets the ground for
further studies of alternative splicing regulation that take full advantage of single-cell
information.

Methods

Code and data availability

Psix is available at https://github.com/lareaulab/Psix. The analysis of simula-
tions and publicly available data is documented at

https://github.com/lareaulab/analysis psix

The Tiklova [91], Chen [69], and Song [56] datasets were downloaded from accessions
GSE116138, GSE74155, and GSE85908, respectively.
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Figure 2.3: a) PCA of the normalized counts of mouse brain neurons at different stages of devel-
opment. b) Psix scores of cassette exons, compared to the scores of randomized exons. Some exons
known to be regulated in neurogenesis are highlighted.
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Figure 2.3: c) Correlation map of the neighbor average Ψ̄ of the informative exons. Modules
were identified with a modification of the UPGMA algorithm. d) Neighbor average normalized Ψ̄
of the exons in each module. e) Enrichment of CLIP-tag clusters in the exons of the seven modules
of informative exons. A * marks significant enrichment in a hypergeometric test after Benjamini-
Hochberg correction. f) Correlation of module splicing with gene expression of 20 splicing factors
enriched in splicing modules.

Conceptual overview

To determine if a splicing event is associated with cell identity or cell state, we observe
how its Ψ varies given a cell-cell similarity metric. If a splicing event is informative
about a cell’s identity, we expect that similar cells will have closer Ψ than cells with
different identities across the similarity metric.

For a population of n single cells, and for m alternatively spliced exons, Psix takes as
input three matrices: one (n,m) matrix of Ψ̂ij observations for each exon i in each cell
j; another (n,m) matrix of the estimated number of informative mRNA molecules
for each exon in each cell; and a (n, n) similarity map between the cells (Figure 2.1b).
Psix estimates the likelihood of the Ψ̂ij observation of an exon in each cell given the
local average Ψ of its closest neighbors, and the number of captured molecules xij.
It then contrasts this likelihood with the likelihood of the same observations, given
the global average Ψ of all cells. If the likelihood of the observations given the local
average is significantly higher than the likelihood given the global average, the exon
is considered to be informative of the biological state.

In our implementation, we estimate Ψ̂ij using splicing junction reads of each analysed
cassette exon. Because smart-seq2 and similar methods do not directly report the
number of mRNAs recovered per gene, for smart-seq2 data we estimate the number
of mRNAs, xij, with a modification of the Census normalization [63] as described
in [59]. The similarity matrix is estimated from the Euclidean distance in the gene
expression space of the single cell populations, e.g.: the principal components of a
normalized matrix of gene expression. The method could be generalized to use other
similarity metrics for single cells, such as spatial positions [101] or single cell lineage
[102].

The Psix model

Psix is built over the likelihood of Ψ̂ observations based on underlying Ψ and r
captured mRNA molecules with a capture efficiency c that we developed on a previous
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Figure 2.4: a) Cell-state associated exon modules of postnatal day 90 cells, at different stages
of development. Heatmaps show the correlation between exons in the modules. Scatterplots show
the splicing patterns of the exons of the module in sub groups of cells. The histograms show the
distribution of the cells across the first principal component of the Ψ̂ of the cell-state associated
exons.
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Figure 2.4: b) Cell-state associated expression of splicing factors. c) Correlation of splicing factor
expression with the first principal component of the Ψ̂ of the cell-state associated exons in embryonic
day 13.5, postnatal day 1 and postnatal day 90 cells. Asterisks mark significant correlation.

study [59]:

Pr(Ψ̂ | Ψ, r, c) ≈
10r/c∑
m=r

(
mΨ

rΨ̂

)(
m(1−Ψ)

r(1− Ψ̂)

)
· cr+1(1− c)m−r (2.1)

where m is the number of molecules present in the cell before sequencing.

Using this likelihood equation, we can test the likelihood of an observation given
its underlying splicing context. In order to find informative exons, given a cell-cell
similarity metric, we define the Psix score of an exon as follows:

Ψξ =
1∑

i∈cells I(i)

∑
i∈cells

(
log Pr(Ψ̂i | Ψi, ri, c)− log Pr(Ψ̂i | Ψ, ri, c)

)
(2.2)

where Ψ̂i correspond to the observed exon Ψ in cell i, and ri are the number of
captured mRNA molecules that are informative for the exon in cell i. Ψi corresponds
to the weighted average observed Ψ of the k-nearest neighbors of cell i in the cell-cell
similarity metric, and Ψ is the global average Ψ. I(i) is a function that determines if
an observation was made in cell i.

Given a cell-cell similarity metric, for cell i we estimate the weighted average Ψ of its
neighbors as follows:

Ψi =

∑
k∈Ki

(
wikΨ̂k

)
∑

k∈Ki
wik

(2.3)

where Ki is the set of k-nearest neighbors of cell i (not including itself), and wik is a
similarity score between cells i and k in the cell-cell metric.

Identifying modules of co-spliced exons

We are interested in identifying exons with similar patterns of autocorrelation, since
they could potentially share regulatory splicing factors. Due to the high technical
noise in single cell splicing observations, clustering of exons is difficult in the raw
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data. Instead, for each pair of exons, we obtain the Pearson correlations of the k-
nearest neighbors averages. We cluster the exons in a bottom-up procedure similar as
described by DeTomaso & Yosef [89]: we merge iteratively the two exons or modules
that have the highest Pearson correlation. Then we update the correlation score of
the module with all other exons and modules using the UPGMA approach. When
a module hits a minimum of 20 exons, we assign a label to it. We stop clustering
when the maximal correlation score is lower than 0.3, and return the labeled modules.
Exons that do not belong to a labeled module are returned as “unassigned”.

Practical considerations for the application of the Psix model

Estimating captured mRNA molecules in smart-seq2 datasets

In practical usage, non-UMI based scRNA-seq methods such as smart-seq2 do not
directly quantify the number of captured mRNA molecules of a gene per cell. As
a result, it is difficult to estimate the parameter ri. To approximate r, we use a
modification of the Census normalization [63] as reported previously:

Mi =
ni

FXi
(x∗i )− FXi

(0.1)

x∗i is the mode of the distribution of log-transformed gene TPM counts in cell i. x∗i
is the argmax of a Gaussian kernel density fit to the log TPM distribution. ni is the
number of genes in cell i with a TPM between 0.1 and x∗i . FXi

is the cumulative
distribution of TPM counts in cell i. As in Qiu et al., we assume that genes with
TPM below 0.1 are not represented by any mRNA molecules.

Continuous approximation to probability of observations

Due to variance in sequencing depth and potential overamplification, the number of
informative splice junction reads for an event will rarely match the number of infor-
mative estimated mRNA molecules captured. For this reason, it is often impossible
to calculate Pr(Ψ̂ | Ψ, r, c) directly due to the combinations part of the equations.
In Psix, we use a continuous approximation of this probability by approximating the
combinations in Equation 1 as:

(
n

k

)
=

Γ (n+ 1)

Γ (k + 1) Γ (n− k + 1)
(2.4)

Cell-cell metric

To determine if an exon is informative of a cell’s identity, we need a cell-cell metric
that describes the similarity between individual cells. In practical terms, from smart-
seq2 data this metric can be an interpretable low-dimensional manifold representation
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of the normalized gene expression profiles of the cells. Our approach to normalization
and dimensionality reduction depended on the dataset we analysed. For the Tiklova
[91], Chen [69] and Song [56] datasets, we normalized the TPM counts per gene using
SCONE [83] due to the relatively small number of cells, and performed dimensionality
reduction with PCA over the top 1000 fano factor genes. In the three cases, the
first two principal componets captured most of the variance, and thus we used these
components as the cell-cell metric.

Once we obtained a cell-cell metric for each datase, for each cell i, we used the
Euclidian distance in the low-dimensional manifold projection to identify its k-nearest
neighbors. For each neighbor k, we estimated a similarity score as follows:

wik = exp

(
−d2

ik

σ2
i

)
where dik corresponds to the Euclidean distance between cells i and k; σi is the
Euclidean distance between i and its most distant neighbor in the cell-cell metric.
We set wik = 0 for k = i, and for all cells k that are not neighbours of i.

Optionally, the user can choose to use the unweighted neighborhood average. To
calculate Ψ̄i as the k-nearest neighbor average without weights, we simply set wik = 1
for all k neighbors of i, and wik = 0 for all other cells.

Neighborhood size selection

Our simulation analysis showed that Psix performance was optimal when the size of
the neighborhood used for estimating neighbor average Ψ̂ is around ∼ 10% of the
total number of cells in the dataset (Supplementary Figure 2.6a,b)

Capture efficiency in single cell datasets

We set a capture efficiency of 0.1, as supported by single-cell studies [44, 58, 63, 72].
The choice of capture efficiency has very little effect on Psix scores (Supplementary
Figure 2.6c).

Empirical p-value estimation

Psix compares the probability of two models. However, the null model (global average
Ψ̄) is not embedded into the alternative model (neighbor average Ψ̂). For this rea-
son, we obtained an empirical p-value by randomizing the Ψ̂ observations and their
respective mRNA counts and obtaining a random distribution of Psix scores. We
observed that the mean mRNA counts and the total Ψ̂ variance had a slight effect
on the random distribution of the Psix scores. For this reason, we divided the exons
into bins according to their ranks in mRNA counts and Ψ̂ variance (by default, 5 bins
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for each parameter, totalling 25 bins). For each bin, we randomized the exons of the
bin, and for each exon we estimated an empirical p-value as follows:

p =
x+ 1

n+ 1
(2.5)

where x is the number of random exons in the bin to which the exon belongs that
have a higher Psix score than the non-randomized exon, and n is the total number of
randomized exons in the bin (2000 by default). By default, Psix uses the Benjamini-
Hochberg procedure to correct for multiple tests.

Processing of smart-seq2 datasets

For the mouse brain development dataset[91] we aligned the reads using STAR to
the mouse genome (annotation mm10) with added sequences for the Illumina spike-
ins and the enhanced green fluorescent protein. TPM was estimated using RSEM.
After quality control and removing a substantial number of outlier cells expressing
glial or microglial gene markers, we were left with a total of 1067 cells that we used
for downstream analysis. For dimensionality reduction, we first selected genes that
are expressed in the dataset (average normalized counts ≥ 0.1), and selected the top
1000 genes with high Fano factor. We then applied PCA on the resulting genes, which
revealed a clear trajectory of neuron differentiation.

We selected 2087 cassette exons that had observations in at least 25% of cells (i.e., a
maximum dropout rate of 75%). We applied Psix over these exons using a neighbor-
hood size of 100 cells and a capture efficiency rate of 0.1.

The Chen [69] and Song [56] datasets were processed as we described in our previous
work [59]. These datasets are smaller than the Tiklova dataset. A neighborhood of
size 30 was used in both cases.

Comparison of Psix with other single cell splicing methods

We compared the performance of Psix against several approaches that have been
proposed for addressing single cell splicing.

Kruskal-Wallis test

The Kruskal-Wallis test is a non-parametric version of ANOVA. It has been previously
used to identify if the median Ψ̂ of an exon is different between pre-defined clusters
of cells [59, 90]. We applied this test for all the exons we evaluated with Psix in all
datasets. We clustered the cells according to the labels provided by the authors of
each dataset.
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Geary’s C

Geary’s C is a statistic that measures the spatial autocorrelation of a variable. It has
been used for computing the autocorrelation of gene signatures with cell identity [76],
and we previously used an adaptation of this test for finding autocorrelation of exon
observations [59].

For each exon, we normalize the observed Ψ̂ as follows:

Ψ̂′ij =
Ψ̂ij −Ψj

Var(Ψ̂j)

where Ψ̂ij is the observed splicing of exon i in cell j. Ψj is the mean Ψ̂ of all the

observed exons in cell j, and Var(Ψ̂j) is the variance of the observed Ψ̂ of all exons
in cell j.

We calculate a variant of the Geary’s C statistic of each exon as:

C =
(N − 1)

∑
j

∑
k wjk(Ψ̂

′
ij − Ψ̂′ik)

2

2W
∑

j (Ψ̂′ij −Ψ
′
i)

2

where N is the number of cells in the dataset; wi,j is the weight between cell i and
cell j in the cell-cell metric, and W is the sum of all wi,j. We use the same similarity
metric that we used in Psix.

In order to make the statistic more intuitive, in which a positive score close to 1
indicates high autocorrelation, we transform our statistic as:

C ′ = 1− C

BRIE2

BRIE2 is a computational tool that regresses single-cell splicing data against cell-level
features, and can detect differential splicing between groups of cells [65]. We applied
BRIE2 directly to the STAR-aligned BAM files [80] of the Tiklova, Chen and Song
datasets. We used the author-provided labels for each dataset. In a second approach,
we also ran BRIE2 using the pseudotime derived by Slingshot [46] in each of the
datasets as the input fot the cell feature coefficients.

Alternative splicing in bulk RNA-seq data

We compared each method’s ability to detect alternative splicing events identified in
bulk RNA-seq datasets using rMATS 3.2.5 [39]. We compared the Tiklova dataset
[91] with a bulk mouse brain development dataset [27]; the Chen dataset [69] with
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a bulk dataset of mouse embryonic stem cells induced to neurogenesis [81]; and the
Song dataset with the bulk RNA-seq data included in the same study [56].

RNA binding-protein analysis

CLIP-seq data compilation and analysis

CLIP-seq data was obtained from multiple public sources (Table 2.1). Some datasets
were downloaded from the CLIPdb dataset [95], while others were obtained from
their respective studies depending on availability. For iCLIP-seq data that was not
already pre-processed by CLIPdb, we used Piranha version 1.2.1 [103] to call peaks
from CLIP-tags. Peaks from different datasets of the same RBP were combined into
a single file per RBP. We next reported the overlap of the RBPs into four regions per
cassette exon:

• E1 region: 100 nt upstream and i1 nt downstream from the splice junction of the
upstream flanking exon. Where i1 is the minimum of 100 and half the distance
between the upstream flanking exon and the cassette exon.

• S1 region: i1 nt upstream and e nt downstream from the 5’ splice junction of the
cassette exon. Where e is the minimum of 100 and half the distance between
the two splice junctions of the cassette exon.

• S2 region: e nt upstream and i2 nt downstream from the 3’ splice junction of the
cassette exon. Where i2 is the minimum of 100 and half the distance between
the cassette exon and the downstream flanking exon.

• E2 region: i2 nt upstream and 100 nt downstream from the splice junction of
the downstream flanking exon.

Analysis of postnatal day 90 modules

We implemented Psix on the 290 cells collected from the postnatal day 90 brian, using
the transcriptomic space in Figure 3a. Due to the smaller sample size (compared with
the entire dataset), we used a neighborhood of 30 cells (∼ 10% of the total number of
cells). We implemented principal component analysis of the 78 cell-state associated
exons by applying the decomposition over the neighbor average Ψ used in the Psix
model, and selected the first component for analysis (splicing component). Using the
neighbor average functions as an imputation method for the missing data.

We also implemented Psix in the postnatal day 1 and in the embryonic day 13.5
subgroups individually. To analyze the emergence of the variance of the 78 exons
in these cell groups, we used the principal component analysis model trained in the
postnatal day 90 cells, and implemented this decomposition in the neighbor average
Ψ of these two sub-groups. This allowed us to observe the variance of the cells in
these sub-groups across the splicing component.
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In order to find the potential regulators that control the formation of these patterns
during neurogenesis, we identified the RNA binding proteins that are significantly
enriched in binding to the 78 exons in these modules using CLIP-seq data (hyperge-
ometric test, FDR ≤ 0.05). Due to the small number of exons in this module, we
tested for enrichment of binding to any of the four regions of the exon previously
described.

After selecting the RBPs that are significantly enriched in these exons, we ran a
Pearson correlation test between the normalized expression (SCONE normalized TPM
counts) of these RBPs, and the splicing component. We implemented this for each of
the three sub-groups individually, and selected the RBPs with significant correlations
in at least one timepoint (FDR ≤ 0.05).

Simulations of alternative splicing in single cells

We simulate alternative splicing of exons in single cells. This consists of three main
steps: First, we simulate the single cell population and its gene expression. Second,
we simulate alternative splicing in some of the genes of this population across a
continuous trajectory. Third, we simulate the sequencing and splice junction coverage
of the exons.

Simulating a single cell population

We used SymSim [75] to simulate the expression of 5000 genes in a continuous popula-
tion of 1000 single cells with default parameters. To simulate a single developmental
trajectory, we simulated single cells across a phylogenetic tree with two branches
with SymSim, and then we merged the two lineages into a single lineage. Each cell’s
relative position in the tree corresponded to their position in the developmental tra-
jectory, starting from the tip of one branch to the other. We normalized the relative
positions of the lineage to span from 0 (first cell) to 100 (last cell).

Simulating splicing in single cells

We simulate splicing in the single cells as three sub-steps. First, we model the ex-
pected Ψ as a sigmoid or impulse function [104]. For each exon, we simulate a
“Platonic” Ψ that will be dependent on the cell’s position in the lineage:

z(ti) =
1

h1

(
h0 + (h1 − h0)

1

1 + e−β(ti−t1)

)(
h2 + (h1 − h2)

1

1 + eβ(ti−t2)

)
(2.6)

where z(ti) = logit(Ψ(ti)). ti ∈ [0, 100] is the position of a given cell in the simulated
lineage. h0, h1 and h2 are amplitude parameters of the curve (first, second and third
plateau), t1 and t2 are the state transition times; i.e., when the inflection points of
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the impulse happen. β is a slope parameter that determines how steep the impulse
is.

We sample the impulse parameters from the following probabilistic distributions:

• t1 ∼ Uniform(0, 70)

• t2 ∼ Uniform(t1, 99)

• β ∼ Unform(0.05, 0.25)

• hx ∼ Uniform(−3, logit(0.7))

• hy ∼ Uniform(logit(expit(hx) + 0.2), 3)

• hz ∼ Uniform(hx, hy)

• To simulate different impulse shapes, we set [h0, h1, h2] as a permutation of
[hx, hy, hz]

• To simulate exons that do not change across the lineage, we randomly select a
value x from [hx, hy, hz] and set h0 = h1 = h2 = x.

We add noise to simulate the biological variability that affects the true splicing profile
of a cell in a manner independent of the lineage:

zi ∼ N
(
z(ti), σ

2
)

(2.7)

where zi is the logit transformation of the true Ψ of cell i. ti is the temporal stage
of cell i; i.e., its position in the continuous trajectory (lineage). σ2 is a variance
parameter that is specific of each exon. For each exon, we randomly sample σ2 ∼
Uniform(0.5, 1). Finally, we simulate splicing of the mRNA molecules of each gene
as a stochastic process as follows:

Ii ∼ Binomial (Xi, expit(zi) ) (2.8)

Ei = Xi − Ii (2.9)

where Ii is the number of mRNA molecules of the gene in cell i that include the
alternatively spliced exon. Ei is the number of mRNA molecules that exclude the
exon. Xi is the total number of mRNA molecules of the gene in cell i. We merge E
and I into a single matrix of mRNA molecules M , in which each isoform corresponds
to an independent row.

64



Sequencing and splice junction coverage

Once we have simulated the expression and splicing of each gene, we simulate the
sequencing of the mRNA molecules. For this, we first assign a transcript length to
each molecule as follows: For each gene g with isoforms gE (excludes the exon) and gI
(includes the exon), we randomly sample without replacement lgE as the length of gE
from SymSim’s transcript length database. We then sample without replacement lgi ,
the length of the alternative exon of g, from a database of lengths of cassette exons
in the human genome. Finally, we set the length of gI as lgI = lgE + lgi .

We use SymSim’s True2ObservedCounts function to simulate non-UMI sequencing
of the mRNA molecules in M and lengths lgE and lgI . We used the following pa-
rameters: mean capture efficiency: 0.1, capture efficiency standard deviation: 0.05,
depth sequencing mean: 1e5, depth sequencing standard deviation: 1e4. To simulate
a dataset with bad capture efficiency, we set mean capture efficiency: 0.05, capture
efficiency standard deviation: 0.02; and for a dataset with very poor capture effi-
ciency we set mean capture efficiency: 0.01, capture efficiency standard deviation:
0.01.

Finally, we simulate the splice junction coverage of isoforms as follows:

lr = read length (constant)

jgI =
4(lr − 1)

lgI

jgE =
2(lr − 1)

lgE
SJgI ∼ Binomial(RgI , jgI )

SJgE ∼ Binomial(RgE , jgE)

where lr corresponds to the constant read length from the sequencing process (set as
default to 50). SJgI and SJgE are the number of reads that cover informative splice
junctions for isoforms gI and gE respectively; and RgI and RgE are the total number
of reads simulated to map to isoforms gI and gE respectively.

For each cell, the observed Ψ̂ of each exon is calculated as:

Ψ̂ =
SJgI

SJgI + 2 · SJgE
(2.10)

Simulation of a branching lineage of single cells

We simulated a diverging lineage of single cells, using SymSim with the following
three-branched phylogenetic tree (Supplementary Figure X):
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(A:1,(B:0.5,C:0.5):0.5)

We divided the single cell population into three lineages:

• Lineage 1: Root to A

• Lineage 2: Root to B

• Lineage 3: B-C splitting point to C

We simulated the “Platonic” Ψ of each lineage as follows:

1. For Lineage 1, sample h0, h1, t1 and β as shown for the single-lineage impulse
parameters. With a probability of 0.25, simulate differential splicing with a
sigmoid function as follows:

z1(ti) =

(
h0 + (h1 − h0)

1

1 + e−β(ti−t1)

)
Else, we fit a flat line z1(ti) = h0.

2. For Lineage 2, we use the same h0 as in Lineage 1, and randomly sample the
other parameters. We simulate differential splicing with a sigmoid z2 with a
probability of 0.25, or fit a flat line z2(ti) = h0 otherwise.

3. For Lineage 3, we set h0 = z2(tBC), where z2 is the function (sigmoid or flat line)
used for Lineage 2, and tBC is the timepoint at which Lineage 2 and Lineage 3
split. We sample the other parameters randomly. We simulate splicing with a
sigmoid z3 with a probability of 0.25, or fit a flat line z3(ti) = h0 otherwise.

Each simulated gene is marked as differentially spliced if the splicing of at least
one lineage was simulated with a sigmoid. Otherwise the gene is marked as non-
differentially spliced. Once we’ve simulated the “Platonic” Ψ of each gene, we repeat
the simulation steps for the single lineage simulations.
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2.5 Chapter appendix: supplementary tables and

figures

Supplementary Figure 2.5: Simulation of alternative splicing in a complex single cell population.
a) Phylogenetic tree used as input for SymSim. b) Principal component analysis of the transcriptome
landscape of the simulated population. c) Area under the precision-recall curve of Psix, the Kruskal-
Wallis test, and Geary’s C, identifying exons with a ∆Ψ ≥ 0.2 under different capture efficiencies.
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Supplementary Figure 2.6: a) Area under the precision-recall curve of Psix in simulated data
with different k sizes. Blue area represents 0.05 to 0.95 quantiles. Data is shown from the single
lineage simulation, and from b) the three lineages simulation. c) Pearson correlation of Psix score
in the Tiklova dataset [91] using different capture efficiency rates in the model.
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Supplementary Figure 2.7: Gene Ontology enrichment analysis of the Psix score in the Tiklova
dataset (biological function terms).

Supplementary Figure 2.8: Principal component 3 is associated to neuron diversity in postnatal
day 90 midbrain neurons. a) Expression of genes characteristic of midbrain neuron subtypes. b)
Cell-state associated expression of splicing factors.
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Table 2.1: Mouse CLIP-seq data.

RBP Experiment Tissue Preprocessing Source/Accession
AGO2 HITS-CLIP mESC CLIPdb GSE25310
CELF1 HITS-CLIP C2C12 CLIPdb PRJEB2614
CELF4 iCLIP Mouse brain CLIPdb PRJEB3066

CIRBP HITS-CLIP
NIH/3T3
fibroblasts

CLIPdb GSE37685

CIRBP PAR-CLIP MEF CLIPdb GSE40468
ELAVL1 HITS-CLIP Mouse brain CLIPdb GSE45148
EZH2 PAR-CLIP mESC CLIPdb GSE49433
FMR1 HITS-CLIP Mouse brain CLIPdb GSE45148
FUS iCLIP Mouse brain CLIPdb E-MTAB-1223
FUS HITS-CLIP Mouse brain CLIPdb GSE40653

FUS HITS-CLIP
mES-derived

neurons
CLIPdb GSE43308

LIN28A HITS-CLIP mESC CLIPdb GSE37114
MBNL1 HITS-CLIP C2C12 CLIPdb E-MTAB-414

MBNL1/2 HITS-CLIP
Brain, heart,

muscle, and C2C12
CLIPdb GSE39911

MBNL2 HITS-CLIP Hippocampus CLIPdb GSE38497

NOVA1 HITS-CLIP Mouse brain
PMID:

20558669
NOVA1 HITS-CLIP Mouse cortex GSE69710
NOVA2 HITS-CLIP Mouse cortex GSE69710
PABPC1 PAR-CLIP MEL CLIPdb GSE69755
PTBP1 HITS-CLIP C2C12 CLIPdb E-MTAB-414
RBFOX1 HITS-CLIP Whole mouse brain CLIPdb SRP030031
RBFOX2 iCLIP mESC CLIPdb GSE54794
RBFOX2 HITS-CLIP Whole mouse brain CLIPdb SRP030031

RBFOX3 PAR-CLIP
P19-derived

neurons
CLIPdb SRP032810

RBM3 PAR-CLIP MEF CLIPdb GSE40468
SRRM4 PAR-iCLIP N2A cells CLIPdb GSE57278
SRSF1 iCLIP P19 cells Piranha GSE69734
SRSF2 iCLIP P19 cells Piranha GSE69734
SRSF3 iCLIP P19 cells Piranha GSE69734
SRSF4 iCLIP P19 cells Piranha GSE69734
SRSF5 iCLIP P19 cells Piranha GSE69734
SRSF6 iCLIP P19 cells Piranha GSE69734
SRSF7 iCLIP P19 cells Piranha GSE69734
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RBP Experiment Tissue Preprocessing Source/Accession

TAF15 HITS-CLIP
mES-derived

neurons
CLIPdb GSE43294

TARDBP HITS-CLIP Whole mouse brain CLIPdb GSE27394
TARDBP HITS-CLIP Whole mouse brain CLIPdb GSE40653
TARDBP iCLIP Mouse brain CLIPdb E-MTAB-1223
U2AF2 PAR-iCLIP N2A cells CLIPdb GSE57278
U2AF2 iCLIP Mouse brain CLIPdb E-MTAB-1223
UPF1 HITS-CLIP mESC CLIPdb GSE41785
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Chapter 3

Regulation of SR poison exons in
neurogenesis

3.1 Background: Nonsense mediated decay and

SR poison exons in neurogenesis

Nonsense mediated decay (NMD) is a mRNA degradation mechanism that targets
transcripts containing premature termination codons (PTC) [6] (Figure 3.1). NMD
was initially thought to be a quality control mechanism, but since then, several studies
have found functional links between NMD and biological processes such as the pro-
motion of cell proliferation and suppression of differentiation [5]. It is also clear now
that NMD is tightly linked to pre-mRNA splicing through the alternative splicing of
exons bearing PTC, also known as poison exons. Other forms of alternative splicing
can also result in NMD-targeted isoforms. Termination codons between 50 and 55
nucleotides upstream of the last exon-exon junction of a mRNA molecule are usu-
ally recognized as PTC and trigger NMD [3, 6]. NMD-associated alternative splicing
events are known to play a regulatory role in key splicing factors during neurogenesis.
For example, PTBP1 inhibits PTBP2 activity by promoting the inclusion of PTBP2’s
exon 10, which induces NMD [23, 105]. For this reason, a decrease in exon 10 inclusion
is necessary for increased PTBP2 activity and neuron differentiation.

Interestingly, some mammalian splicing factors have been reported to present highly
conserved poison exons. A well known example are the genes in the SR family, all
of which contain alternatively spliced poison exons that, if included in the mRNA
molecule during splicing, mark it for degradation via NMD, decreasing the protein
expression levels of these splicing factors. Strikingly, the poison exons and part of their
surrounding intronic sequences in some of the SR genes are ultraconserved, meaning
that they present completely identical sequences in humans, mice and rats [4, 106].
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Figure 3.1: Alternative splicing of SRSF3 gene in humans. Inclusion of a poison exon (exon with
an early termination codon), SRSF3 forms an isoform that is degraded through nonsense mediated
decay. Skipping this poison exon results in a mRNA molecule that can be translated into a functional
SRSF3 protein.
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The extraordinarily high sequence conservation of these exons suggests that they
might have a necessary regulatory role in the proper function of alternative splicing
mechanisms. Consistent with this hypothesis, some studies have found a connection
between mysregulation of poison exon splicing and complex diseases such as cancer
[11–17]. To the best of our knowledge, a clear link between these exons and neurogen-
esis is yet to be made. However, previous studies have found that misregulation of SR
protein production has a deletorious effect in neuron development. Overexpression
of the splicing repressor Serine/Arginine Rich Splicing Factor 10 (SRSF10) blocks in-
hibits the primary neuronal differentiation, while its depletion results in dysregulation
of neurogenesis [107]; suggesting that a fined tuned regulation of SRSF10 expression
is required for the proper development of the nervous system. Experimental research
has found links between NMD and neurogenesis. A study in mice found that NMD
is downregulated in developing embryonic brain and in neural stem cells (NSC) lines
that undergo maturation. These changes in the rate of NMD were associated with a
decrease in the expression of the core elements of the NMD pathway [5].

Our analysis in Chapter 2 showed several SR poison exons, including the poison exon
of SRSF10, increase their Ψ̂ during neurogenesis [91]. We asked if increased SR poison
exon usage is a necessary regulatory mechanism in neurogenesis. In this Chapter we
explore the alternative splicing of poison exons of SR genes in neurogenesis, and
its potential auto-regulation. In addition, we apply machine learning approaches to
CLIP-seq data in order to identify binding sites of each SR protein to the poison
exon of its own pre-mRNA. Consistent with the results from the previous chapter, we
observe a regulated increase in poison exon usage during neurogenesis. Our machine
learning approaches also suggest strong binding preference of several SR proteins to
their own poison exons.

3.2 Increased poison exon usage in SR genes dur-

ing neurogenesis

All genes from the SR family that produce functional proteins can form an alternative
isoform that is targeted for NMD. In most cases, the NMD target is formed by the
inclusion of a poison exon (Table 3.1). Some cases such as SRSF2 produce NMD
targeted isoforms through other types of alternative splicing events. We observed the
change in SR poison exon usage across two time-series bulk RNA-seq datasets in both
human [82] and mouse samples [81]. We use bulk RNA-seq data to reduce the noise
that we previously reported in single-cell RNA-seq datasets [59]. For each dataset, we
tested the significance of differential splicing by comparing each timepoint with the
first of the series using rMATS [39]. In multiple dataset we observed a clear increase
in poison exon usage during neurogenesis (Supplementary Figure 3.5). In contrast,
poison exons across the transcriptome change in both directions in all datasets during
neurogenesis. This observation rules out the possibility that the increase in SR poison
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Figure 3.2: Alternative splicing of poison exons of the SR family in neurogenesis. SR family
genes increase their poison exon usage in neurogenesis. a) Human induced pluripotent stem cells
induced into neurogenesis. b) Mouse embryonic stem cells induced into neurogenesis. c) Mouse
brain development.
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exons is merely effect being part of a global change in NMD rates, which is known to
occur in neurogenesis [5, 108, 109]. Interestingly, we found that while SR poison exons
show an upward trend in most datasets, the timepoints at which they change varies
between genes. Poison exons in SRSF6 and SRSF10 genes have an early change,
compared with poison exons in SRSF2, SRSF3, SRSF7, SRSF9 and SRSF11, which
have a late increase. This suggests that the poison exons of SR genes might have a
diverse set of regulatory mechanisms.

Poison exons have the potential to act as a post-transcriptional mechanism of reg-
ulation of protein production through degradation of mRNA molecules. Under this
hypothesis, we would expect that an increase in poison exon usage corresponds to
a decrease in productive mRNA abundances and in protein production. We set to
discover if SR genes present a significant change in mRNA abundance during neu-
rogenesis. We found that the majority of SR genes that exhibited an increase in
poison exon retention, also showed a significant decrease in mRNA abundance when
tested for differential expression with DESeq2 [110] (Supplementary Figure 3.6). Con-
sistently with the changes in poison exon splicing, the temporal dynamics of these
changes in mRNA abundances were different between different SR genes. Overall,
these results indicate that an increase in SR poison exon usage during neurogenesis
results in a decrease of functional mRNA production of these genes.

3.3 A network of SR splicing factor auto and cross-

regulation through poison exon splicing

We sought to reconstruct the network of regulatory factors that regulate exon usage
of the poison exons, especially in the context of neurogenesis. SR proteins bind
to their own poison exons [4, 96–100]. SR proteins tend to promote exon inclusion
[96, 98, 111], which implies that binding to their own poison exons could act as a auto-
regulatory negative feedback mechanism. In this model, SR proteins regulate their
own production at a post-transcriptional level by promoting poison exon inclusion in
their own mRNA molecules. In addition, four families of spicing factors have been
extensively documented as key regulators of differential splicing during neurogenesis
[27]: NOVA [22], PTBP [23, 24], RBFOX [25] and MBNL [26]. A splicing factor of this
group, RBFOX2, regulates the alternative splicing of SR poison exons [112]. Based
on this prior knowledge, we set to find the potential regulatory interactions between
splicing factors and poison exons of the SR family in the context of neurogenesis.

3.3.1 A CLIP-seq data metaclassifier

In order to reconstruct the network of SR poison exon regulation, we collected CLIP-
seq data from both human and mouse sources [95, 113].We used the CLIP-peaks
defined by the authors of each dataset. CLIP-seq protocols usually target mRNA

76



molecules, which brings forth two complications. Firstly, its peaks will only fall in
genes that are expressed in the tissue or cell-line that is used in the experiment.
Secondly, CLIP sequencing targets mature mRNAs, thus intronic binding sites are
less likely to be captured. Thirdly, unstable mRNA molecules, such as those targeted
for NMD, are less likely to be captured in CLIP-seq experiments, than their stable
(non-NMD) counterparts. To ameliorate the effect of these biases, we trained a
machine learning classifier to test the sequence affinity of each splicing factor.

Our classifier trains on peak sequences from CLIP-seq data, and predicts the affinity
of a splicing factor to any given sequence (Supplementary Figure 3.7a). For each
dataset, we obtained a set of negative sequences by randomly shuffling the CLIP-seq
peaks in the genome. In order to avoid unwanted biases, we limited our shuffling
to the sequences of the genes that showed CLIP-seq peaks. We also kept the same
proportion of exonic and intronic peaks in the negative dataset, as in the CLIP-seq
(positive) dataset. Once we had a set of positive and negative sequences, we randomly
selected 80% of the sequences for training (training set), and withheld the other 20%
for validation (test set). We further divided the peaks of the training set in two
equally sized sets (each representing 40% of the total peaks of the dataset): training
set 1, and training set 2.

We used training set 1 to train two SVM classifiers: Graphprot [114] and LS-GKM
[115]. We then scored all the peaks in training set 2 with Graphprot, LSGKM, and
DeepBind [116]: a neural-network classifier that is pre-trained for RBP affinity in
RNACompete data and therefore does not require training on CLIP-seq peaks. We
then normalized the scores of training set 2 from each of the three classifiers with
isotonic regression. Finally, we used the normalized scores of the three classifiers in
training set 2 to train a logistic regression model, which we used as a metaclassifier of
splicing factor sequence affinity. Our metaclassifier overperformed each of the three
individual classifiers, even when these were trained in the whole training set (both
training set 1 and training set 2; Supplementary Figure 3.7b).

3.3.2 Poison exon binding maps

Once we had the metaclassifier of splicing factor sequence affinity, we sought to eval-
uate the binding affinity of each splicing factor to the poison exons of the SR genes
in both humans and mice. In order to do that, we scored with the metaclassifier the
sequence within a sliding window of 50 nucleotides extending from the upstream exon
of the poison exon, to the downstream exon. For each nucleotide, we averaged the
classifier score of the 25 windows that include it, and we used this score as a predictor
of splicing factor affinity using a 0.15 false discovery rate.

Our results show a strong affinity of several SR proteins to the poison exons of their
own genes (Figure 3.3). Moreover, we also found that many SR proteins bind to the
poison exons of other SR genes. This allowed us to reconstruct a network of regulatory
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Figure 3.3: Binding maps show the probability of RBP binding to the proximity of poison exons
of human SR genes, as predicted by the metaclassifier. SR proteins tend to bind to their own poison
exons, or to one of their flanking exons. RBFOX2 also binds to the poison exons of SR genes.
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interactions between SR proteins (Figure 3.4). When data was available, we assessed
the direction of these interactions by observing the direction of change in poison exon
inclusion in knockdown and knockout data of SR genes from ENCODE [113]. An
SR protein can repress the production of another SR protein (or itself) by promoting
poison exon inclusion in the latter SR gene. In this case, knockdown/knockout of the
first SR gene would result in decreased poison exon usage in the second SR gene. An
SR protein could also promote the production of another SR protein (or itself) by
suppressing poison exon inclusion. In this case, knockdown/knockout of the first SR
gene would result in increased poison exon usage in the second SR gene. The majority
of the SR protein interactions in the regulatory network were repressive.

Figure 3.4: Interaction of SR proteins through binding to poison exons, as determined by the
metaclassifier. Blue arrows indicate promotion of poison exon usage (repression of SR protein),
while red arrows indicate a suppression of poison exon usage (promotion of SR protein).
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3.4 Supplementary figures and tables

Supplementary Figure 3.5: Alternative splicing of poison exons in neurogenesis.
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Supplementary Figure 3.6: Most SR genes decrease their expression in neurogenesis. a) Human
induced pluripotent stem cells induced into neurogenesis. b) Mouse embryonic stem cells induced
into neurogenesis. c) Mouse brain development.
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Supplementary Figure 3.7: Analysis of RBP binding to RNA. a) Workflow of the metaclassifier
of RBP binding. CLIP-seq peaks are scored with multiple classifiers, and then merged into one
single metaclassifier that determines the probability of an RBP to bind to a sequence of RNA. b)
The metaclassifier outperforms each classifier on its own in predicting CLIP-seq peaks.
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Table 3.1: SR poison exon coordinates.

SR gene Human (hg38) Mouse (mm10)
SRSF2 chr17:76735772-76735875:- chr11:116851648-116851751:-
SRSF3 chr6:36599821-36600276:+ chr17:29039453-29039909:+
SRSF4 chr1:29159864-29160091 chr4:131873637-131901700:+
SRSF5 chr14:69769511-69770540 chr12:80948129-80948504:+
SRSF6 chr20:43459153-43459420:+ chr2:162932814-162933082:+
SRSF7 chr2:38748898-38749346:- chr17:80204621-80205081:-
SRSF9 chr12:120464733-120464822:- chr5:115328347-115328704:+; chr5:115331450-115331539:+
SRSF10 chr1:23977911-23978273:- chr4:135858841-135859201:+
SRSF11 chr1:70231095-70231203:+ chr3:158023243-158023359:-
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Duffié, Qinghong Yan, Martin Jacko, Jose C Martinez, Marianne Goodwin,
Xuegong Zhang, Ulrich Hengst, Stavros Lomvardas, Maurice S Swanson, and
Chaolin Zhang. Precise temporal regulation of alternative splicing during neural
development. Nature Communications, 9(1):2189–17, June 2018.

[28] Huijuan Feng, Daniel F Moakley, Shuonan Chen, Melissa G McKenzie, Vilas
Menon, and Chaolin Zhang. Complexity and graded regulation of neuronal
cell-type–specific alternative splicing revealed by single-cell RNA sequencing.
PNAS, 118(10):e2013056118, March 2021.

[29] Sebastien M Weyn-Vanhentenryck, Aldo Mele, Qinghong Yan, Shuying Sun,
Natalie Farny, Zuo Zhang, Chenghai Xue, Margaret Herre, Pamela A Silver,
Michael Q Zhang, Adrian R Krainer, Robert B Darnell, and Chaolin Zhang.
HITS-CLIP and integrative modeling define the Rbfox splicing-regulatory net-
work linked to brain development and autism. Cell Reports, 6(6):1139–1152,
March 2014.

[30] Mathieu Quesnel-Vallières, Manuel Irimia, Sabine P Cordes, and Benjamin J
Blencowe. Essential roles for the splicing regulator nSR100/SRRM4 during
nervous system development. Genes & Development, 29(7):746–759, 2015.

[31] Ryan Lister, Ronan C O’Malley, Julian Tonti-Filippini, Brian D Gregory,
Charles C Berry, Harvey Millar, and Joseph R Ecker. Highly Integrated Single-
Base Resolution Maps of the Epigenome in Arabidopsis. Cell, 113(3):523–536,
2008.

[32] John C Marioni, Christopher E Mason, Shrikant M Mane, Matthew Stephens,
and Yoav Gilad. RNA-seq: an assessment of technical reproducibility and
comparison with gene expression arrays. Genome Research, 18(9):1509–1517,
2008.

[33] Cole Trapnell, Brian A Williams, Geo Pertea, Ali Mortazavi, Gordon Kwan,
Marijke J van Beren, Steven L Salzberg, Barbara J Wold, and Lior Pachter.
Transcript assembly and quantification by RNA-Seq reveals unannotated tran-
scripts and isoform switching during cell differentiation. Nature Biotechnology,
28:511–515, 2010.

[34] Jingyi Jessica Li, Ci-Ren Jiang, James B Brown, Haiyan Huang, and Peter J
Bickel. Sparse linear modeling of next-generation mRNA sequencing (RNA-Seq)
data for isoform discovery and abundance estimation. PNAS, 108(50):19867–
19872, 2011.

[35] Tamara Steijger, Josep F Abril, Pär G Engström, Felix Kokocinski, The RGASP
Consortium, Tim J Hubbard, Roderic Guigó, Jennifer Harrow, and Paul
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