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Abstract

Motivation: Alternative splicing is a tightly regulated biological process, that due to its cell type specific behavior, calls for analysis at the single
cell level. However, quantifying differential splicing in scRNA-seq is challenging due to low and uneven coverage. Hereto, we developed
ELLIPSIS, a tool for robust quantification of splicing in scRNA-seq that leverages locally observed read coverage with conservation of flow and
intra-cell type similarity properties. Additionally, it is also able to quantify splicing in novel splicing events, which is extremely important in cancer

cells where lots of novel splicing events occur.

Results: Application of ELLIPSIS to simulated data proves that our method is able to robustly estimate Percent Spliced In values in simulated
data, and allows to reliably detect differential splicing between cell types. Using ELLIPSIS on glioblastoma scRNA-seq data, we identified genes
that are differentially spliced between cancer cells in the tumor core and infiltrating cancer cells found in peripheral tissue. These genes showed
to play a role in a.o. cell migration and motility, cell projection organization, and neuron projection guidance.

Availability and implementation: ELLIPSIS quantification tool: https://github.com/MarchallLab/ELLIPSIS.git.

1 Introduction

In the intricate realm of molecular biology, RNA splicing, the
process by which intronic regions are excised and exonic
regions are joined together, plays a pivotal role in generating
distinct mRNA transcripts from a single gene, governing the
diversity and functionality of the transcriptome. Alternatively
spliced transcripts of the same gene can exhibit vastly differ-
ent or even opposite functions within the cell (Bowler and
Oltean 2019), which is neglected in traditional gene expres-
sion analysis. Additionally, bulk RNA analysis suffers from
the unknown cell type composition, which is a confounding
factor that is hard to account for in highly cell type specific
processes such as splicing. Advances in single cell sequencing
technologies (Picelli et al. 2014, Hagemann-Jensen et al.
2020, 2022) enable alternative splicing analysis at single cell
resolution, providing insights into cellular heterogeneity, de-
velopmental processes, and disease mechanisms by capturing
how splicing dynamics contribute to cellular identity, re-
sponse to stimuli, and disease progression. However, identi-
fying and quantifying differential splicing from single cell
data remain complex, due to low and uneven coverage across
transcripts resulting from the low capture rate and high num-
ber of PCR amplification cycles. Additionally, several distinct

differentially spliced transcripts might be present within a sin-
gle cell, exhibiting extensive combinations of common splice
variants (Supplementary Fig. S1).

Most techniques for the quantification of splicing in bulk
RNA-seq data (Katz et al. 2010, Trapnell et al. 2010, Li et al.
2018, Vaquero-Garcia et al. 2023) rely on constructing splice
graphs and mapping reads to those splice graphs in order to esti-
mate inclusion ratios, or Percent Spliced In (¥) values.
However, single-cell RNA-seq data suffer from low and uneven
coverage, which cannot be dealt with by tools developed for
bulk RNA-seq data. Therefore, several single cell splicing analy-
sis tools (Huang and Sanguinetti 2021, Gilis e al. 2021, Buen
Abad Najar et al. 2022) have been developed. In contrast to
bulk tools, none of the existing single cell tools allow for the de-
tection and quantification of novel splicing events, which is im-
portant in cancer where lots of novel splicing events might
occur (Calabrese et al. 2020, Karakulak et al. 2021).
Additionally, most tools (Huang and Sanguinetti 2021, Buen
Abad Najar et al. 2022) do not allow for the quantification of
complex splicing events, and only detect differentially spliced
cassette exons (Supplementary Fig. S1A). Finally, even when
they are developed for single cell data, most tools fail to reliably
detect differential splicing in cells with low read coverage, mak-
ing robust estimation of W-values a persistent challenge.
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Figure 1. Overview of the different inputs, outputs, and analysis steps required for differential splicing detection. Given the reference annotation and the
STAR alignment results, ELLIPSIS builds a splice graph for each gene using three consecutive steps: building reference graphs, enriching the graphs with
de novo splicing events, and simplifying the graphs by removing unobserved exons and junctions. Similar cells are identified with Seurat findNeighbors.
Next, ELLIPSIS computes W-values, which can then be analysed further in post-processing to identify differentially spliced genes.

To cope with the aforementioned drawbacks of current
methods, we here propose ELLIPSIS, a graph-based method
that leverages intra-cell type similarity and conservation of
flow properties for robust splicing quantification from
Smart-seq data, see overview in Fig. 1. The scarcity of single
cell data leads to low and uneven coverage across transcripts,
resulting in inconsistent W-values when solely relying on read
coverage. Therefore, we leverage the locally observed read
coverage with information obtained from conservation of
flow and intra-cell type similarity. The conservation of flow
ensures that W-values are consistent throughout splice graphs
by maintaining a local balance at each exon: the sum of
W-values of the incoming junctions has to be equal to the
W-value of the exon itself, and the same holds for the outgo-
ing junctions; similarly to conservation of flow of multiplici-
ties described in (Steyaert et al. 2020). Because cells from the
same cell type tend to exhibit the same splice patterns, we use
intra-cell type similarity to enrich the read coverage from one
cell with the read information from similar cells, improving
W-estimates for cells with low gene coverage. For each cell,
we use the subset of cells with high gene expression similarity
to allow assessing splice variation between distinct cell types
and during continuous biological processes, e.g. along a tra-
jectory of developing cells.

2 Materials and methods

2.1 Building splice graphs

To quantify both known and novel splicing events, we first
construct reference-based splice graphs for each gene by cre-
ating nodes for each exon in the annotation, and connecting
nodes that occur consecutively in the annotated transcripts.

We also include an artificial source and sink node, which are
respectively connected to the first/last exons of each tran-
script in the reference annotation. Subsequently, the splice
graphs are extended by adding novel junctions observed in
the read data, accepting only those that are supported by at
least five reads in at least 10 cells to avoid spurious junctions.
This addition of novel junctions enables the detection and
quantification of novel splice variants that have not yet been
annotated. Finally, the graphs are simplified by removing
exons and junctions that have a read coverage <1 in all cells,
unless they are required for graph connectivity.

As artificial edges connected to the source/sink nodes can-
not be observed in the reads, it is impossible to add novel
connections based on observed junction spanning counts.
Therefore, the quantification of first/last exons is limited to
those present in the reference annotation. An example of al-
ternative last exon usage can be found in Fig. 2A: E4 and ES5
can both be a last exon, which is why they are connected to
the sink node by junctions ]J7 and 8, respectively.

2.2 Estimation of W-values

To quantify alternative splicing, we compute W-values for each
exon and junction in the splice graph for every cell, representing
the fraction of transcripts in the cell that contain that specific
exon/junction. To obtain robust estimates of these W-values, we
use three types of information: observed read coverage, conser-
vation of flow, and intra-cell type similarity.

The observed read coverage of an exon/junction is propor-
tional to its W-value, but is affected by read errors, mapping
issues, GC-bias, and technical biases, resulting in uneven cover-
age. To address this, we use the property of conservation of flow.
Because each transcript of a gene can be represented as a path
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Figure 2. Splice graphs for a gene with three annotated transcripts and different de novo splicing events. (A) Splice graph corresponding with three
annotated transcripts. (B) Splice graph for the same three annotated transcripts and an additional transcript containing a novel junction between E1 and
E2 (red). (C) Splice graph for three annotated transcripts and an additional transcript containing a novel exon E' (red). This novel exon is connected to the

graph by two additional novel junctions.

from the source to the sink in the graph, and all transcripts come
together at the source and sink node; these nodes have
W = 100%. Additionally, transcripts cannot start or end in other
nodes, which means we can define the conservation of flow prop-
erty locally for every node as: the sum of incoming W is equal to
W of the node itself, and to the sum of the outgoing P.

In addition, estimation of W-values is complicated by the
low coverage inherent to single cell data. To address these
challenges, we assume that cells from the same cell type have
similar gene expression and transcript usage. Hereto, we us
intra-cell type similarity to impose that cells with a similar
gene expression pattern also have similar W-values. This
property leverages high-quality information from cells with
high coverage to improve the W-estimates for similar cells
with low coverage, effectively addressing the challenges
posed by low coverage in single-cell RNA-seq data.

Finally, we account for differences in gene expression and
sequencing depth between cells by introducing a¢, a proxy for
the cell-specific gene coverage, representing the expected cov-
erage for an exon/junction with ¥ = 100% in cell c.

2.2.1 Constraints

We represent each of the three types of information with spe-
cific equations, forming an overdetermined system that is opti-
mized using weighted least squares. First, the observed coverage
a5 of exon/junction i in cell ¢ is proportional to the correspond-
ing ¥

as -~ o~

c __ 1 :
P = o Vie EU]J (1)
We obtain one equation for each observable exon e € E and
junction j € J, i.e. all exons, except the source and sink, and all

junctions except those directly connected to the source/sink.

Next, we represent the conservation of flow of W-values
in each exon e. In cell ¢, the W-value of exon e itself, ¥,
is equal to the sum of the W-values of ¢’s incoming junc-
tions j€ln(e), and similarly for the outgoing junc-
tions j € Out(e)

wo= " w

j€ln(e)

W=y W

jeOut(e)

Ve € E \ {source}

. (2)
Ve € E \ {sink}

There are two equations for each exon in the graph, except
for the source and sink node where the equation for the in-
coming, resp. outgoing junctions is replaced with:

LIJgource =100%
<= 100% )
k — (¢

sin

Conservation of flow accounts for local coverage bias, but
also allows for the quantification of unobservable junctions,
i.e. the junctions connected to source/sink. Even though we
cannot estimate their W-values from observed reads, we can
infer them using the W-values of the exons they connect.
Those exons are observable, or known to have ¥ =100%
(source and sink nodes). This allows the analysis of differen-
tial first/last exon usage.

Finally, we represent intra-cell type similarity by calculat-
ing a weighted average of the W-values from cells that are
similar to cell c. Hereto, we consider all cells d with gene ex-
pression patterns similar to cell ¢, denoted as d € N(¢). We
use a as weights, because cells with a higher coverage typi-
cally suffer less from uneven coverage, and therefore have more
reliable W-values
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This equation is defined for all exons E and junctions J.
The combined set of constraints (1)—(4), results in an over-
determined system (6). For each cell ¢, we have a value a°, as
well as a W{-value for each exon/junction i, resulting in a
large number of variables and a complex minimization prob-
lem. Therefore, we use an iterative approach similar to the
expectation—maximization algorithm. In the expectation
step, we consider a¢ fixed and optimize the W-values to mini-
mize the sum of squared residuals. In the maximization step,
we keep the W-values fixed, and compute a¢ for each cell us-
ing the observed coverage. Because both the number of equa-
tions and the number of variables scale linearly with the
number of cells, we compute the expectation and maximiza-
tion step for each cell separately and in parallel in each itera-
tion to maintain scalability. Hereto, we adapt Eq. (4) such

that we use the W’-values from the previous EM-iteration

d
e _ ZdeN(e)adlp,i

Vie EU]J (5)
! ZdeN(c)ad

2.2.2 Expectation

Combining all constraints described above leads to an overde-
termined system, which we solve using weighted least squares
(WLS). We assign a weight to each type of equation, relative to
the weight for the observed coverage equations (1), which is
fixed to 1. We include following weights: wyq,,, for the conserva-
tion of flow equations (2), wg for the source/sink equations (3),
and wygp, for the intra-cell type similarity equations (4). We
solve the following set of equations using WLS:

as S
v = a—’C Vie EU]J
Wiow (P Z ‘Pc Ve € E \ source
j€ln(e)
Wiow(P5 = Y ¥) =0 Ve € E \ sink
j€Out(e) (6)
wSSIPEOurce = Wss
W Wi = Wss
dw d
a lp,'
Wsimlpf = Wsim% Vie EU]J
ZdeN(c)a

where each equation 7z can be written as an equation with a
linear combination, f,(¥), of unknown W-values on the left-
hand side, and a known Value ¥, on the right-hand side:

fu(¥7) = ¥ (7)

We find the optimal values for ¥ for all exons/junctions i,
by minimizing the sum of squared residuals:

min E

An extensive grid search on simulated data determined the op-
timal weights: wqy, = 6, ws = 1 and wgy, =4 (Supplementary
Material S7).

~ (%)) (8)
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2.2.3 Intermediate step
We insert an additional step between the expectation and
maximization step to prevent small errors from propagating.
If, in an early iteration, most computed W-values are too low,
the maximization step will result in an estimate for a that is
too high. Since W-values depend on the ratio of observed cov-
erage to a (1), this will result in even lower W-values in subse-
quent iterations. The local constraint of conservation of flow
may not be strong enough to counter this effect, leading to an
EM algorithm that never converges. To avoid this issue, we
impose global conservation of flow to ensure the sum of
W-values in each cross section of the splice graph equals
100%. A cross section ), of the splice graph at exon e is de-
fined as the set containing exon e itself, and all the junctions
that start before and end after exon e, see Fig. 3.

In the Intermediate step we rescale the ¥’-values from the
Expectation step, such that the average W-value of all cross
sections ¥y equals 100%

c ZeeE Zie@gqy;

W@Z
E
y | | 9)
v
we = /C Vie EU]J
wy

2.2.4 Maximization

In the maximization step, we compute the gene coverage af
of cell ¢, using the W-values from the intermediate step, and
the observed coverage af of all observable exons and junc-
tions i. Because some junctions are harder to map due to
small read overhangs, we use a different value for the exons
(af) and the junctions (af)

V9IWeat = /l,a5 VecE 10y
€ _ ¢ e T
Yo =a vie]
For exons, we use weights proportional to their length /,,
because the observed exon coverage is averaged over all
bases, which smooths local coverage variations in longer
exons, providing more reliable coverage. We solve these
equations using a WLS approach to determine af, and af:

min(Zle(aZ—‘PEaE)2+ Z(af—‘l’faj)z) (11)

ecE j€l

2.2.5 Initialization

a“ is initialized using the exons with highest coverage per cell
c. We select the n exons with highest coverage, until their
combined lengths are at least 10% of the length of the longest
annotated transcript in the graph. Using multiple exons pre-
vents an extremely high initial value of a°, due to a small
exon with very high coverage. We use the average coverage
of these selected exons as the initial value for ag and a;.

2.2.6 Convergence criterion

We consider the EM algorithm to be converged if the differ-
ence between the W-values computed in the previous iteration
and the current iteration is smaller than 0.01% for all exons
and junctions in each cell.
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Figure 3. Splice graph with cross sections for each observable exon. Cross sections (g1, 0z, and (g4 only contain their own exon, while cross section (g3

also contains junction J4.

2.3 Filtering genes and cells

We apply the methodology described above to obtain W-values
for all genes in the genome and all cells in the dataset. To reduce
unnecessary compute time, W-values for certain genes and cells
are not estimated. During the simplify graph step, we filter out
genes that do not have at least one cell with coverage >10, as
they lack sufficient coverage for accurate W-value estimation.
Additionally, splice graphs that are entirely sequential are re-
moved, as they do not allow for alternative splicing.

Further filtering is applied before the W-values are computed.
Firstly, we exclude extremely complex graphs with more than 1
million possible paths from source to sink, to save memory, and
avoid inaccurate W-estimates. Additionally, the W-values are
not computed for cells where over 10% of mapped reads for a
gene have a low-quality score (MAPQ < 10), as this indicates
mapping difficulties, which could result in unreliable W-esti-
mates. Finally, cells with low gene expression (a < 10), do not
have enough read coverage to accurately determine W-values,
and are therefore removed.

2.4 Bioinformatics methods

Identification of differentially expressed genes is performed
using the findMarkers-function, while cells with similar gene
expression are found by using the findNeighbors-function
from Seurat (Hao et al. 2024). Additionally, gene fusion de-
tection is performed using scFusion (Jin ef al. 2022).

For the analysis of splice regulators, we used SpliceAid
(Giulietti et al. 2013), a database containing experimentally
validated RNA-splice factor interactions for 71 splice factors;
and the clipDB database (Zhao et al. 2022), containing cou-
ples of 221 RNA-binding proteins (RBPs) and their target
genes. For the clipDB database, we only selected the 62 RBPs
that are known to have a splicing regulation function, or are
part of the spliceosome. To identify overrepresentation of
splice interaction targets, we use a hyper-geometric test and
Benjamini—-Hochberg multiple hypothesis correction.

For benchmarking against state-of-the-art single cell splicing
analysis tools, we applied Psix (Buen Abad Najar et al. 2022),
BRIE2 (Huang and Sanguinetti 2021), and satuRn (Gilis et al.
2021) to the same data as ELLIPSIS. Psix requires a latent space
to detect similar cells using their own distance metrics. Hereto,
we used the PCA coordinates obtained by applying the standard
Seurat pipeline (Hao et al. 2024) to raw gene counts, which
consists of normalization, scaling, and PCA reduction. We also
used parameter 72_neighbors = 20 while running Psix.

For the analysis with BRIE2, we used the most recent hu-
man splice event annotation available on sourceforge (gen-
code.v27), and ran brie-count with default parameters,
followed by brie-quant in mode2 to find differential splicing
between two cell types, with —interceptMode gene.

Before running satuRn with default parameters, we
performed transcriptome alignment with salmon-quant
(Patro et al. 2017) in alignment-based mode using de-
fault arguments.

3 Results
3.1 Performance assessment on simulated data

To assess the performance of ELLIPSIS, we simulated splice-
aware reads that mimic data generated by Smart-seq 2 (Picelli
et al. 2014). In contrast to previously published simulators
that generate only gene expression counts or splice junction
counts (Zhang et al. 2019, Sun et al. 2021), we require both
splice junction counts and exon-level coverage information.
Hereto, we implemented a simulation pipeline that generates
raw reads in fastq format, which are then aligned to the refer-
ence genome, ensuring any mapping bias introduced during
alignment is inherently included in the simulation.

We mimic a situation with two cell types, each consisting
of 100 homogeneous cells. These cells each express 100
genes, with 50 genes being differentially spliced and 50 not.
Within a cell type, the gene expression only differs by cell in-
trinsic factors, such as the cell size. In contrast, cells from dif-
ferent cell types can also differ in splice patterns, meaning
alternatively spliced transcripts are present in different pro-
portions. For more details about the setup of this simulation,
see Supplementary Material S3.

We create four different datasets: each consisting of three
annotated transcripts, supplemented with 0, 1, or 2 addi-
tional transcripts with novel splicing events. The first dataset
(allAnnot) only contains three annotated transcripts per gene,
the second dataset (novel]) contains one additional transcript
with an unannotated junction per gene, the third dataset
(novelE) contains an additional transcript with an unanno-
tated exon (and its two corresponding new junctions) per
gene, and the fourth dataset (novelE]) contains two addi-
tional transcripts per gene, one with a novel exon and one
with a novel junction. Figure 2 shows an example of such an-
notated and non-annotated transcripts and their correspond-
ing splice graphs.

Raw reads are simulated with Polyester (Frazee et al. 2015)
and preprocessed (Supplementary Material S3). Running
ELLIPSIS on this simulated data produces W-values for all
genes across all cells, except for gene—cell combinations with
low coverage (a“<10) or a high percentage of low-quality
mapped reads (over 10% low-quality reads). Genes for which
none of the simulated cells pass this filter do not have any
W-values computed and are therefore excluded from fur-
ther analysis.
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3.1.1 Accuracy of W-values

To assess the accuracy of the predicted W-values, we com-
pared them to the ground truth W-values. For each cell, we
calculated the average absolute exon error per gene, defined
as the mean absolute difference between the estimated and
true W-values across all base pairs contained in the exons of
the corresponding splice graph.

To ensure that genes with numerous small exons are not
disproportionately penalized, we computed the error at the
base-pair level rather than the exon level. Calculating the er-
ror at the exon level could otherwise inflate the average gene
error in cases where differential 3'/5’ splicing subdivides
exons into multiple partial exons. As an example, we con-
sider the splice graphs in Supplementary Fig. S3, and assume
that ELLIPSIS estimates all W-values correctly except for
exon E3, where there is a 10% error. In splice graph A, this
results in an average error of 2.5% at the exon level (%).
In splice graph B, where E3 is split into partial exons, the
same 10% error for E3 would result in a doubled exon-level
error of 5% (%). Thus, to prevent overestimation of
errors in genes composed of multiple small exons, we calcu-
lated the error at the base-pair level.

Figure 4 depicts the average absolute exon error per gene
for each simulated dataset. In general, the estimated W-values
are accurate, even for datasets with novel splicing events,
with most genes showing less than 5% absolute difference
with their true W-values. Additional accuracy metrics can be
found in Supplementary Table S1. In Supplementary
Material S4, we provide a thorough examination of factors
that result in erroneous estimates of W-values. The largest
errors originate from small partial exons, which are exons
that do not occur in any transcript as an exon by itself, but al-
ways occur together with their consecutive up- or down-
stream exon. Mapping reads to these partial exons is hard
due to their short size, which leads to significantly underesti-
mating their W-values. Therefore, we advise users to be cau-
tious when interpreting results for very short (partial) exons.

Besides the accuracy of the W-values, the most important
aspect of splicing analysis is the identification of differential
splicing between (sub)types of cells. We simulated data for
two groups of cells, each representing a different cell type
with a distinct splice pattern. To detect differentially spliced
exons between these simulated cell types, we calculated the

average absolute exon error

0.35 4 [0}
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0.20 1

. 8
° 6
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T |
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allAnnot noveljunctions

average absolute exon error per gene
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Figure 4. The distribution of the average absolute error for all genes. Box
plots are made for each simulated dataset separately.
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Table 1. Accuracy metrics for the detection of alternatively spliced exons
for ELLIPSIS and satuRn in each simulated dataset.

ELLIPSIS satuRn
Precision allAnnot 0.79 0.78
novel] 0.93 0.78
novelE 0.87 0.68
novelE]J 0.83 0.71
Recall allAnnot 0.66 0.58
novel] 0.50 0.45
novelE 0.63 0.49
novelE] 0.51 0.43

All simulated datasets contain 100 genes, each with three annotated
transcripts. The novel] and novelE datasets contain an additional transcript
with a novel junction resp. exon per gene. The novelE] dataset contains two
extra transcripts per gene, one with a novel junction and one with a

novel exon.

difference A between the average W-values of the two cell
types. Genes with fewer than five cells per cell type remaining
after ELLIPSIS filtering, are excluded, as there are not enough
cells to reliably determine the average W-values.

Exons are considered differentially spliced if they show a sig-
nificantly high value of |A|. To establish a background distribu-
tion for A, we randomly reassign the cells to two cell types. As
these cell types no longer represent groups of cells with distinct
splice patterns, we do not expect differential splicing between
them. We perform 10 random assignments, and fit a normal
distribution to the resulting A-values. An exon is classified as
differentially spliced if it is not likely to belong to this back-
ground distribution (P-value < .01, with Benjamini-Hochberg
correction for multiple hypothesis testing).

For each simulated dataset, we compare the estimated A
with the ground truth Ay, and assess whether exons are cor-
rectly classified as differentially spliced. Table 1 shows that
ELLIPSIS is able to accurately identify differentially spliced
exons even when novel splicing events are present, with a pre-
cision between 0.79 and 0.94 and a recall between 0.54 and
0.74. More details can be found in Supplementary Tables S2—
S5. The low recall mainly stems from exons that are only
slightly differentially spliced (|Agye| <0.05). These small dif-
ferences are hard to distinguish from small errors in the esti-
mated WP-values. Additionally, ELLIPSIS fails to detect most
differentially spliced short (partial) exons, due to the underes-
timation of W-values across all cells, making it difficult to
identify potential differential splicing between cell types. This
mapping bias arises from the limited exon length and affects
all cells similarly.

3.1.2 Identification of novel splicing events
We provide a more detailed analysis of the accurate identifi-
cation of novel exons and junctions, as well as the reliability
of detecting their differential splicing. Out of the 100 novel
junctions introduced prior to read simulation in the novel]
dataset, 84 are identified and included in the extended splice
graphs. Similarly, for the novelE dataset, 66 out of 100 novel
exons are detected. For the novelE] dataset, 86 out of 100
novel junctions and 70 out of 100 novel exons are identified
by ELLIPSIS. As expected, novel exons are more challenging
to identify, as both the incoming and outgoing junction con-
necting the novel exon to the rest of the graph need sufficient
read coverage to enable adding the exon to the graph.

Despite this, ELLIPSIS still identifies more than half of the dif-
ferentially spliced novel exons and junctions in the simulated
datasets (recall > 0.50) and only rarely misreports non-
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differentially spliced novel exons as differentially spliced
(precision > 0.94), see Supplementary Tables S6-S10.

3.1.3 Comparison with state-of-the-art

We assess the performance of ELLIPSIS in comparison with
Psix (Buen Abad Najar ef al. 2022), BRIE2 (Huang and
Sanguinetti 2021), and satuRn (Gilis et al. 2021), all methods
designed for the detection of splicing in single cell data. None
of them allow for the detection nor quantification of novel
splice events: Psix only considers cassette exons from the ref-
erence genome, BRIE2 uses a list of predefined cassette exons,
and satuRn relies on transcriptome mapping tools such as
salmon-quant (Patro et al. 2017), which requires a list of
known full length transcripts.

Psix is a probabilistic method that identifies cell state asso-
ciated splicing of cassette exons in single cell data. It solely
uses the coverage of splice junctions to find W-values, and
computes a Psix score using probabilistic modeling that rep-
resents the likelihood of the exon undergoing cell state-
specific splicing. Psix, alike ELLIPSIS, relies on expression
based intra-cell type similarity. However, unlike ELLIPSIS,
Psix does not include any concept similar to conservation of
flow, and is therefore bound to analyse each exon separately.
Because Psix is restricted to the analysis of already annotated
cassette exons, differential splicing in novel or more complex
splicing events remains undetected.

BRIE2, uses a Bayesian regression model to identify cell type
specific splicing. It uses the coverage of all exons and splice junc-
tions involved in a splicing event, but as only cassette exons are
considered, it only has a very local notion of conservation of
flow that does not extend to neighboring splice events in the
splice graph. Additionally, BRIE2 does not include intra-cell
type similarity to increase its robustness.

Because both Psix and BRIE2 only analyse annotated cassette
exons, we cannot directly compare their results with those of
ELLIPSIS, which predicts results for all exons. To enable a fair
comparison, Table 2 presents accuracy metrics calculated based
solely on the annotated cassette exons considered by either Psix
or BRIE2, with the specific cassette exons differing slightly be-
tween the two methods. Supplementary Tables S11 and S12
provide the absolute numbers of cassette exons used to derive
these performance metrics. For the identification of differen-
tially spliced cassette exons, ELLIPSIS shows equal or higher
precision than Psix and BRIE2 for all datasets, at the expense of
a seemingly lower recall. However, the lower recall of ELLIPSIS

Table 2. Accuracy metrics for the detection of alternatively spliced
casette exons for ELLIPSIS, Psix, and BRIE2 in each simulated dataset.

ELLIPSIS Psix ELLIPSIS BRIE2
Precision  allAnnot 0.90 0.85 0.91 0.85
novel]J 1.00 0.86 0.93 0.87
novelE 0.93 0.93 1.00 0.88
novelEJ 0.95 0.89 0.94 0.85
Recall allAnnot 0.69 0.85 0.54 0.87
novel] 0.44 0.77 0.36 0.85
novelE 0.69 0.95 0.59 0.95
novelEJ 0.50 0.80 0.40 0.79

Psix and BRIE2 each only consider certain cassette exons, therefore we only
considered the same cassette exons for their comparison with ELLIPSIS.
The allAnnot dataset contains 100 genes each with three annotated
transcripts. The novel] and novelE datasets both contain one additional
transcript per gene, featuring either a novel junction (novel]) or a novel
exon (novelE). The novelE] dataset contains two extra transcripts per gene,
one with a novel exon and one with a novel junction.

arises from evaluating performance on cassette exons alone,
even though ELLIPSIS makes predictions for all exons. The lat-
ter includes exons that are more difficult to quantify, e.g. alter-
native start/end exons, and therefore necessitates a more
stringent filtering strategy to guarantee reliable W-estimates for
all exons. ELLIPSIS therefore filters out genes for which most
cells do not have sufficient coverage, and hence misses some dif-
ferentially spliced cassette exons in those genes. Additionally,
because ELLIPSIS examines a much larger set of exons (around
2000, compared to 80-100 for Psix and BRIE2) for differential
splicing, it applies a more rigorous correction for multiple hy-
pothesis testing. Both issues contribute to the observed lower re-
call for ELLIPSIS on cassette exons. However, given that
cassette exons only constitute a minor fraction of the total num-
ber of exons that can be analysed, the recall for the identifica-
tion of all types of differentially spliced exons of ELLIPSIS
(>0.50, see Table 1) is much higher than that of Psix and
BRIE2 (around 0.02).

Finally, we compare ELLIPSIS with satuRn. As satuRn per-
forms differential splicing analysis at the isoform level, it in-
herently has some notions of conservation of flow, because
exons are analysed jointly at the isoform level, rather than
one by one. However, satuRn does not include information
on intra-cell type similarity. In addition, because satuRn
relies on transcriptome mapping to a known reference tran-
scriptome, it does not allow detecting nor quantifying novel
splicing events.

To compare the results of satuRn with ELLIPSIS, the pre-
dicted isoform-level W-values were converted to exon-level
W-values. Table 1 shows that ELLIPSIS outperforms satuRn
for the detection of alternatively spliced exons, with higher
precision and recall for all simulated datasets. Interestingly,
despite being presented as a tool for isoform-level splicing
analysis, satuRn performs better when assessing the accuracy
at exon level than at isoform level, see Supplementary Tables
S13 and S14, emphasizing the challenges of aligning reads un-
ambiguously to distinct transcripts.

3.2 Genome wide splicing analysis in glioblastoma

To show the applicability of our method, we analysed data
from Darmanis et al. (GSE84465) (Darmanis et al. 2017).
The dataset provides Smart-seq data on cells extracted from
the tumor core and peripheral tissues of four glioblastoma
patients, and therefore allows investigating the role of splic-
ing during peripheral invasion in glioblastoma.

Using Seurat (Hao ef al. 2024), we identified nine clusters
of cells (see Supplementary Fig. S9), largely overlapping with
the cell types identified by the authors: immune cells, oligo-
dendrocyte progenitor cells (OPCs), oligodendrocytes, astro-
cytes, vascular cells, neurons, and neoplastic cells. All cell
types are present in both the tumor core and in the periphery,
except for astrocytes and neurons which are only found in
the periphery. We focused on neoplastic and immune cells for
further splicing analysis.

3.2.1 Neoplastic cells

Most neoplastic cells are found in the tumor core, but some
infiltrate the peripheral tissue, contributing to the aggressive
nature and post-surgery relapse of glioblastoma (Mair et al.
2018, Li et al. 2020, Seker-Polat et al. 2022). To identify
splicing differences between tumor core and peripheral can-
cer cells, we ran ELLIPSIS on the neoplastic cells
(Supplementary Material S6.1). For each cell, we used the
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100 most similar cells in terms of gene expression for the ap-
plication of intra-cell type similarity. Because of their low
number (63 out of 982 cells), the 100 most similar cells of
neoplastic peripheral cells often originate from the tumor
core. To prevent excessive smoothing of the W-values for
these rare peripheral neoplastic cells, we only considered the
neighbors that originate from the same tissue (periphery ver-
sus tumor core). As such, we identified 993 genes that are dif-
ferentially spliced between peripheral and tumor core
neoplastic cells (Supplementary Table A).

In the presence of gene fusions, the conservation of flow
property no longer holds, as the assumption that 100% of
the transcripts pass through the source and sink of the splice
graph of a gene is no longer valid. In that case, the two dis-
tinct splice graphs of the fused genes should be combined, in-
stead of being analysed separately, and failing to do so, could
result in erroneous detection of differential splicing. To assess
whether for some genes such correction should be applied,
we performed fusion detection with scFusion (Jin efr al.
2022). Only one gene fusion (PPA2-ENSG00000251243) is
detected, and neither of those genes contains an exon that is
identified as differentially spliced. Although we cannot ex-
clude that scFusion might have missed rare fusions, or fusions
with low expression (Jin et al. 2022), no additional correction
for the presence of gene fusions is applied.

When comparing differentially spliced genes with those
that are differentially expressed (Supplementary Table C), we
only observe a minor overlap (13 genes). Also at pathway
level, the overlap is low: of the 27 GO pathways
(Supplementary Table B) that are enriched amongst the 993
differentially spliced genes, and the 39 GO pathways
(Supplementary Table D) enriched amongst the 281 differen-
tially expressed genes, none overlap.

Gene set enrichment on genes that are differentially spliced
between cancer cells originating from respectively the tumor
core and the periphery, reveals pathways involved in cell migra-
tion, cell motility and locomotion, which is in line with the char-
acteristics of the invasive peripheral cancer cells that migrate
from the tumor core into the surrounding tissue. In addition,
the enriched pathways related to respectively GTPase, cell
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adhesion and cytoskeleton organization are known to play a
role in cancer cell invasion in glioblastoma (Friedl and Mayor
2017, Al-Koussa et al. 2020). Also pathways involved in the or-
ganization of cell projections (cilia and axons), assembly, and
morphogenesis are identified, which are critical components of
cell motility (Ashburner et al. 2000, Aleksander et al. 2023).
Interestingly, the identification of the neuron projection mor-
phogenesis pathway is in line with the findings of
Venkataramani et al. (2022), who showed that invasive glio-
blastoma cells use mechanisms reminiscent of migration of im-
mature neurons during brain development. These results show
that splicing is an important regulator of the migratory behavior
of glioblastoma cells, and acts independently of quantitative
changes in gene expression.

To assess whether differentially spliced genes are co-
regulated by common splice factors, we examined whether
these differentially spliced genes were enriched in targets of
respectively known splicing factors, using SpliceAid (Giulietti
et al. 2013), and of RNA-binding proteins (RBPs) involved in
splicing or the spliceosome, using clipDB (Zhao et al. 2022).
For none of the splice factors from SpliceAid, targets were
found significantly enriched amongst the differentially spliced
genes. However, the same overrepresentation analysis, identi-
fied 40 RBPs with overrepresented targets amongst the differ-
entially spliced genes (p.adjust < 0.05). From these RBPs,
only HNRNPHI1 is differentially expressed between tumor
core and peripheral neoplastic cells, while four RBPs
(HNRNPH1, HNRNPF, TRA2A, DDX42) are reported to
be differentially spliced themselves. The latter suggests that
alternative splicing of RBPs might, in turn, be responsible for
alternative splicing of the genes they are interacting with.

3.2.2 Immune cells

The glioblastoma data also include immune cells from both the
tumor core and peripheral tissue, see Supplementary Fig. S9. A
trajectory analysis (Fig. 5B), reveals a gradual change between pe-
ripheral and tumor core immune cells. Interestingly, some periph-
eral immune cells show a “tumor core” like expression pattern,
suggesting they could either be immune cells that originated in
the tumor core and subsequently infiltrated together with the
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Figure 5. PCA plot for immune cells in Darmanis et al., colored by (A) their type of immune cell, and (B) their tissue of origin.
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cancer cells to the tumor periphery. Alternatively, they could be
immune cells residing in the periphery that underwent phenotypic
changes after interaction with the infiltrating cancer cells.

In healthy brain tissue, immune cells are primarily micro-
glia: tissue-resident macrophages of the central nervous sys-
tem. However, under pathological conditions, bone-marrow
derived macrophages might infiltrate the brain (Andersen
et al. 2022). We discerned microglia-like from macrophage-
like cells using the same approach as (Darmanis et al. 2017),
and observed that the peripheral cells are enriched in
microglia-like cells, while the tumor core cells contain more
macrophage-like cells. However, as seen in Fig. SA, there
seems to be a gradual change from microglia-like to
macrophage-like cells, rather than two distinct cell types.

To illustrate how ELLIPSIS can be used to identify differential
splicing along a continuous process, we performed differential
splicing analysis along the observed trajectory using ELLIPSIS
(Supplementary Material S6.2). We identified 257 genes for
which the W-values are highly (anti-)correlated with pseudotime
(Supplementary Table G). No GO biological processes were
found enriched amongst these differentially spliced genes. In
contrast, when performing a similar analysis for differentially
expressed genes (Supplementary Tables E and F), several path-
ways related to response to stimuli, taxis, and cell migration
were identified, indicating tumor-associated plasticity of im-
mune cells driven by cell—cell communication with cancer cells.
This again indicates that alternative splicing is a mechanism
that acts independently of differential gene expression and that
is much less characterized.

As an illustration of a gene for which ELLIPSIS finds differ-
ential splicing along a continuous lineage of cells, we look at
SERPINBY, a gene for which only one known transcript is
annotated in the reference genome. ELLIPSIS reports a novel
intron retention event between E4 and ES, that is more pro-
nounced in macrophage-like cells, see Fig. 6. Additionally, in
the macrophage-like cells the fifth exon is skipped more often
than in the microglia-like cells. To ensure that the identified
differences are biologically relevant and not due to coverage
differences of SERPINBY-expression we analysed read cover-
age at the level of raw gene expression: a too low coverage in
one of either cell type could obviate the detection of rare tran-
scripts and result in the artefactual detection of differential
splicing. Both analysed cell types show comparable coverages
of SERPINBY (Supplementary Fig. S2), with an average cov-
erage that was only 1.13 times higher in the macrophages
than in the microglia. This makes it unlikely that the detected
splice differences are the result of coverage bias.

Remarkably, both splicing events observed in SERPINBDY, i.e.
ES5-skipping and intron retention, introduce a premature stop
codon. Premature stop codons could lead to nonsense mediated
decay or truncated proteins (Lejeune 2022), hereby reducing the
functionality of SERPINBY. As SERPINBY protects cells from
granzyme B induced apoptosis (Huang et al. 2024), its reduced
functionality in macrophage-like cells, which are primarily
found in the tumor core, can lead to increased apoptosis and
hence a reduced immune response. Although further validation
is needed to support this hypothesis, these results show how
ELLIPSIS can identify novel splice variants with potential im-
portant implications in cancer.

4 Discussion

We introduced ELLIPSIS, a graph-based method designed for
robust splicing quantification from Smart-seq data. ELLIPSIS
capitalizes on intra-cell type similarity and conservation of
flow principles to enhance W-value accuracy. A unique asset
of ELLIPSIS is its capacity to identify and quantify previously
unannotated splice variants with high reliability.

Using simulated data, we showed how ELLIPSIS identifies
most novel exons and junctions and adds them to the splice
graphs, allowing for the accurate estimation of W-values for
genes with and without novel splicing events. Because ELLIPSIS
estimates W-values for all exons and junctions in the splice
graphs, is not limited to the five common types of splice variants
in Supplementary Fig. S1, but allows for the quantification of
more complex splice variants. For example, in Fig. 2B, exons
E1-E4 can form three different splice variants: E1-E4, E1-E3-
E4, and E1-E2-E3-E4; which does not fit within a single com-
mon splice category. In addition, by including artificial source
and sink exons in the splice graphs, ELLIPSIS allows for the
quantification of alternative first/last exon usage, which is an of-
ten overlooked type of alternative splicing that can affect trans-
lational efficiency, mRNA stability and transcript function
(Elkon et al. 2013, Ushijima et al. 2017).

Using simulated data, we showed that ELLIPSIS outper-
forms Psix (Buen Abad Najar et al. 2022), BRIE2 (Huang
and Sanguinetti 2021), and satuRn (Gilis et al. 2021) for the
identification of differential splicing, especially for novel or
more complex splice variants.

To illustrate on a real dataset how ELLIPSIS can detect dif-
ferential splicing between distinct groups of cells or along a
trajectory, we applied it to the glioblastoma single cell dataset
of Darmanis ef al. (2017). Gene set enrichment on genes that
are differentially spliced between tumor cells from the core
versus. the periphery, identified pathways involved in cell
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Figure 6. Visualization of average exon W-values of gene SERPINB9 for the 10 most macrophage-like immune cells from the tumor core, and the 10 most
microglia-like immune cells from the peripheral tissue. The macrophage-like cells show more intron retention, and less inclusion of exon 5.
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migration and motility, which is in line with the characteris-
tics of invasive peripheral cancer cells that migrate from the
tumor core into the surrounding tissue. Comparing the genes
that are differentially spliced with those that are differentially
expressed, resulted in a minor overlap both at gene and path-
way level. This corroborates previous findings that showed
that differential splicing mediates distinct biological processes
compared to differential gene expression (Stilling et al. 2014,
Dominguez et al. 2016, Li et al. 2016, Girardot et al. 2018,
Gilis et al. 2021, Glinos et al. 2022, Dam et al. 2023, Garcia-
Pérez et al. 2023). In addition, we found differentially spliced
genes involved in neuron projection morphogenesis, indicat-
ing that splicing might play a role in hijacking this develop-
mental mechanism for cancer cell infiltration.

Correlating differential splicing with trajectory analysis of
the immune cells in glioblastoma showed that many genes
that are potentially involved in driving gradual changes in
cell characteristics are not easily described at pathway level.

5 Conclusions

We present ELLIPSIS, a tool to quantify alternative splicing
from Smart-seq based single-cell RNA-seq data. ELLIPSIS is
unique in handling complex splice variants and discovering and
quantifying novel, not yet annotated, splicing events at the sin-
gle cell level. It enables the robust quantification of W-values by
combining local read coverage with conservation of flow and
intra-cell type similarity, managing the low and uneven cover-
age inherently present in short read scRNA-seq data.

Acknowledgements

We thank the anonymous reviewers for their valuable
suggestions.

Supplementary data

Supplementary data are available at Bioinformatics online.

Conflict of interest: No competing interest is declared.

Funding

The work was supported by grants of the Fonds
Wetenschappelijk Onderzoek-Vlaanderen (FWO) (3G045620,
3G046318), UGent Bijzonder Onderzoeksfonds (BOF)
(01J06219, BOF/I10P/2022/045), and Strategisch
BasisOnderzoek (SBO-FWO) (S004824N).

References

Al-Koussa H, Atat OE, Jaafar L et al. The role of rho GTPases in motil-
ity and invasion of glioblastoma cells. Anal Cell Pathol (Amst)
2020;2020:9274016. https://doi.org/10.1155/2020/9274016

Andersen ], Miletic H, Hossain J. Tumor-associated macrophages in
gliomas-basic insights and treatment opportunities. Cancers (Basel)
2022;14:1319. https://doi.org/10.3390/cancers14051319

Ashburner M, Ball CA, Blake JA ez al. Gene ontology: tool for the unifi-
cation of biology. Nat Genet 2000;25:25-9. https://doi.org/10.
1038/75556

Aleksander SA, Balhoff J, Carbon S et al., Gene Ontology Consortium.
The gene ontology knowledgebase in 2023. Genetics 2023;224:
iyad031. https://doi.org/10.1093/genetics/iyad031

Bowler E, Oltean S. Alternative splicing in angiogenesis. Int | Mol Sci
2019;20:2067. https://doi.org/10.3390/ijms20092067

Van Hecke et al.

Buen Abad Najar CF, Burra P, Yosef N e al. Identifying cell state-
associated alternative splicing events and their coregulation. Genome
Res 2022;32:1385-97. https://doi.org/10.1101/gr.276109.121

Calabrese C, Davidson NR, Demircioglu D et al., PCAWG
Consortium. Genomic basis for RNA alterations in cancer. Nature
2020;578:129-36. https://doi.org/10.1038/s41586-020-1970-0

Dam S, Olsen L, Vitting-Seerup K. Expression and splicing mediate dis-
tinct biological signals. BMC Biol 2023;21:220. https://doi.org/10.
1186/s12915-023-01724-w

Darmanis S, Sloan SA, Croote D et al. Single-cell RNA-seq analysis of
infiltrating neoplastic cells at the migrating front of human glioblas-
toma. Cell Rep 2017;21:1399-410. https://doi.org/10.1016/j.cel
rep.2017.10.030

Dominguez D, Tsai Y-H, Weatheritt R et al. An extensive program of
periodic alternative splicing linked to cell cycle progression. Elife
2016;5:€10288. https://doi.org/10.7554/eLife. 10288

Elkon R, Ugalde AP, Agami R. Alternative cleavage and polyadenyla-
tion: extent, regulation and function. Nat Rev Genet 2013;14:
496-506. https://doi.org/10.1038/nrg3482

Frazee AC, Jaffe AE, Langmead B et al. Polyester: simulating RNA-seq
datasets with differential transcript expression. Bioinformatics
2015;31:2778-84. https://doi.org/10.1093/bioinformatics/btv272

Friedl P, Mayor R. Tuning collective cell migration by cell—cell junction
regulation. Cold Spring Harb Perspect Biol 2017;9:a029199.
https://doi.org/10.1101/cshperspect.a029199

Garcia-Pérez R, Ramirez JM, Ripoll-Cladellas A ez al. The landscape of ex-
pression and alternative splicing variation across human traits. Cell
Genom 2023;3:100244. https://doi.org/10.1016/j.xgen.2022.100244

Gilis J, Vitting-Seerup K, Van den Berge K et al. Saturn: scalable analy-
sis of differential transcript usage for bulk and single-cell RNA-se-
quencing applications. F1000Res 2021;10:374. https://doi.org/10.
12688/f1000research.51749.2

Girardot M, Bayet E, Maurin ] ef al. Sox9 has distinct regulatory roles
in alternative splicing and transcription. Nucleic Acids Res 2018;46:
9106-18. https://doi.org/10.1093/nar/gky553

Giulietti M, Piva F, D'Antonio M et al. Spliceaid-F: a database of hu-
man splicing factors and their RNA-binding sites. Nucleic Acids Res
2013;41:D125-31.

Glinos DA, Garborcauskas G, Hoffman P et al. Transcriptome varia-
tion in human tissues revealed by long-read sequencing. Nature
2022;608:353-9. https://doi.org/10.1038/s41586-022-05035-y

Hagemann-Jensen M, Ziegenhain C, Sandberg R. Scalable single-cell
RNA sequencing from full transcripts with smart-seq3xpress. Nat
Biotechnol 2022;40:1452-7. https://doi.org/10.1038/s41587-022-
01311-4

Hagemann-Jensen M, Ziegenhain C, Chen P et al. Single-cell RNA
counting at allele and isoform resolution using smart-seq3. Nat
Biotechnol 2020;38:708-14. https://doi.org/10.1038/s41587-020-
0497-0

Hao Y, Stuart T, Kowalski MH et al. Dictionary learning for integra-
tive, multimodal and scalable single-cell analysis. Na¢ Biotechnol
2024;42:293-304. https://doi.org/10.1038/s41587-023-01767-y

Huang H, Mu Y, Li S. The biological function of serpinb9 and
serpinb9-based therapy. Front Immunol 2024;15:1422113. https:/
doi.org/10.3389/immu.2024.1422113

Huang Y, Sanguinetti G. Brie2: computational identification of splicing
phenotypes from single-cell transcriptomic experiments. Genome
Biol 2021;22:251. https://doi.org/10.1186/s13059-021-02461-5

Jin Z, Huang W, Shen N et al. Single-cell gene fusion detection by
scFusion. Nat Commun 2022;13:1084. https://doi.org/10.1038/
s41467-022-28661-6

Karakulak T, Moch H, von Mering C et al. Probing isoform switching
events in various cancer types: lessons from pan-cancer studies. Front
Mol Biosci 2021;8:726902. https://doi.org/10.3389/fmolb2021.726902

Katz Y, Wang ET, Airoldi EM et al. Analysis and design of RNA se-
quencing experiments for identifying isoform regulation. Nat
Methods 2010;7:1009-15.

Lejeune F. Nonsense-mediated mRNA decay, a finely regulated mecha-
nism.  Biomedicines = 2022;10:141.  https://doi.org/10.3390/
biomedicines10010141

GZ0Z UJEIN 20 UO Josn uskeulap sty Aq 9520108/8Z0¥eId/Z/ | /oI0IE/SOIEUWLIOJUIOIG/WOY" dNODIWapeD.//:SA)Y WO Papeojumoq


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf028#supplementary-data
https://doi.org/10.1155/2020/9274016
https://doi.org/10.3390/cancers14051319
https://doi.org/10.1038/75556
https://doi.org/10.1038/75556
https://doi.org/10.1093/genetics/iyad031
https://doi.org/10.3390/ijms20092067
https://doi.org/10.1101/gr.276109.121
https://doi.org/10.1038/s41586-020-1970-0
https://doi.org/10.1186/s12915-023-01724-w
https://doi.org/10.1186/s12915-023-01724-w
https://doi.org/10.1016/j.celrep.2017.10.030
https://doi.org/10.1016/j.celrep.2017.10.030
https://doi.org/10.7554/eLife.10288
https://doi.org/10.1038/nrg3482
https://doi.org/10.1093/bioinformatics/btv272
https://doi.org/10.1101/cshperspect.a029199
https://doi.org/10.1016/j.xgen.2022.100244
https://doi.org/10.12688/f1000research.51749.2
https://doi.org/10.12688/f1000research.51749.2
https://doi.org/10.1093/nar/gky553
https://doi.org/10.1038/s41586-022-05035-y
https://doi.org/10.1038/s41587-022-01311-4
https://doi.org/10.1038/s41587-022-01311-4
https://doi.org/10.1038/s41587-020-0497-0
https://doi.org/10.1038/s41587-020-0497-0
https://doi.org/10.1038/s41587-023-01767-y
https://doi.org/10.3389/fimmu.2024.1422113
https://doi.org/10.3389/fimmu.2024.1422113
https://doi.org/10.1186/s13059-021-02461-5
https://doi.org/10.1038/s41467-022-28661-6
https://doi.org/10.1038/s41467-022-28661-6
https://doi.org/10.3389/fmolb2021.726902
https://doi.org/10.3390/biomedicines10010141
https://doi.org/10.3390/biomedicines10010141

ELLIPSIS

Li C, Wang S, Yan J-L et al. Characterizing tumor invasiveness of glioblas-
toma using multiparametric magnetic resonance imaging. | Neurosurg
2020;132:1465-72. https://doi.org/10.3171/2018.12]JNS182926

Li YL, van de Geijn B, Raj A et al. RNA splicing is a primary link be-
tween genetic variation and disease. Science 2016;352:600—4.

Li YL, Knowles DA, Humphrey ] et al. Annotation-free quantification
of RNA splicing using leafcutter. Nat Genet 2018;50:151-8. https://
doi.org/10.1038/s41588-017-0004-9

Mair D, Ames H, Li R. Mechanisms of invasion and motility of high-
grade gliomas in the brain. Mol Biol Cell 2018;29:2509-15. https://
doi.org/10.1091/mbc.E18-02-0123

Patro R, Duggal G, Love MI ef al. Salmon provides fast and bias-aware
quantification of transcript expression. Nat Methods 2017;14:
417-9. https://doi.org/10.1038/nmeth.4197

Picelli S, Faridani OR, Bjorklund AK ez al. Full-length RNA-seq from
single cells using smart-seq2. Nat Protoc 2014;9:171-81. https://
doi.org/10.1038/nprot.2014.006

Seker-Polat F, Pinarbasi Degirmenci N, Solaroglu I et al. Tumor cell in-
filtration into the brain in glioblastoma: from mechanisms to clinical
perspectives. Cancers (Basel) 2022;14:443. https://doi.org/10.3390/
cancers14020443

Steyaert A, Audenaert P, Fostier J. Accurate determination of node and
arc multiplicities in De Bruijn graphs using conditional random
fields. BMC Bioinformatics 2020;21:402. https://doi.org/10.1186/
$12859-020-03740-x

Stilling RM, Benito E, Gertig M et al. De-regulation of gene expression
and alternative splicing affects distinct cellular pathways in the

© The Author(s) 2025. Published by Oxford University Press.

1

aging hippocampus. Front Cell Neurosci 2014;8:373. https://doi.
org/10.3389/fncel.2014.00373

Sun T, Song D, Li WV et al. scDesign2: a transparent simulator that
generates high-fidelity single-cell gene expression count data with
gene correlations captured. Genome Biol 2021;22:163. https://doi.
org/10.1186/s13059-021-02367-2

Trapnell C, Williams BA, Pertea G et al. Transcript assembly and quan-
tification by RNA-seq reveals unannotated transcripts and isoform
switching during cell differentiation. Nat Biotechnol 2010;
28:511-5.

Ushijima T, Hanada K, Gotoh E et al. Light controls protein localiza-
tion through phytochrome-mediated alternative promoter selection.
Cell 2017;171:1316-25.e12. https://doi.org/10.1016/j.cell.2017.
10.018

Vaquero-Garcia J, Aicher JK, Jewell S et al. RNA splicing analysis using
heterogeneous and large RNA-seq datasets. Nat Commun 2023;14:
1230. https://doi.org/10.1038/s41467-023-36585-y

Venkataramani V, Yang Y, Schubert MC et al. Glioblastoma hijacks
neuronal mechanisms for brain invasion. Cell 2022;185:2899-917.
e31. https://doi.org/10.1016/j.cell.2022.06.054.

Zhang X, Xu C, Yosef N. Simulating multiple faceted variability in sin-
gle cell RNA sequencing. Nat Commun 2019;10:2611. https://doi.
0rg/10.1038/s41467-019-10500-w

Zhao W, Zhang S, Zhu Y et al. POSTAR3: an updated platform for ex-
ploring post-transcriptional regulation coordinated by RNA-
binding proteins. Nucleic Acids Res 2022;50:D287-94. https://doi.
org/10.1093/nar/gkab702

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Bioinformatics, 2025, 41, 1-11
https://doi.org/10.1093/bioinformatics/btaf028
Original Paper

GZ0Z UJEIN 20 UO Josn uskeulap sty Aq 9520108/8Z0¥eId/Z/ | /oI0IE/SOIEUWLIOJUIOIG/WOY" dNODIWapeD.//:SA)Y WO Papeojumoq


https://doi.org/10.3171/2018.12JNS182926
https://doi.org/10.1038/s41588-017-0004-9
https://doi.org/10.1038/s41588-017-0004-9
https://doi.org/10.1091/mbc.E18-02-0123
https://doi.org/10.1091/mbc.E18-02-0123
https://doi.org/10.1038/nmeth.4197
https://doi.org/10.1038/nprot.2014.006
https://doi.org/10.1038/nprot.2014.006
https://doi.org/10.3390/cancers14020443
https://doi.org/10.3390/cancers14020443
https://doi.org/10.1186/s12859-020-03740-x
https://doi.org/10.1186/s12859-020-03740-x
https://doi.org/10.3389/fncel.2014.00373
https://doi.org/10.3389/fncel.2014.00373
https://doi.org/10.1186/s13059-021-02367-2
https://doi.org/10.1186/s13059-021-02367-2
https://doi.org/10.1016/j.cell.2017.10.018
https://doi.org/10.1016/j.cell.2017.10.018
https://doi.org/10.1038/s41467-023-36585-y
https://doi.org/10.1016/j.cell.2022.06.054
https://doi.org/10.1038/s41467-019-10500-w
https://doi.org/10.1038/s41467-019-10500-w
https://doi.org/10.1093/nar/gkab702
https://doi.org/10.1093/nar/gkab702

	Active Content List
	1 Introduction
	2 Materials and methods
	3 Results
	4 Discussion
	5 Conclusions
	Acknowledgements
	Supplementary data
	Funding
	References


