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Mapping transcriptomic variations using either short or long reads RNA se-
quencing is a staple of genomic research. Long reads are able to capture en-
tire isoforms and overcome repetitive regions, while short reads still provide
improved coverage and error rates. Yet how to quantitatively compare the
technologies, can we combine those, and what may be the benefit of such a
combined view remain open questions. We tackle these questions by first cre-
ating a pipeline to assess matched long and short reads data using a variety
of transcriptome statistics. We find that across datasets, algorithms, and tech-
nologies, matched short reads data detects roughly 30% more splice junctions
such that 10-30% of the splice junctions included at 20% or more by short
reads are missed by long reads. In contrast, long reads detect many more in-
tron retention events and can detect full isoforms, pointing to the benefit of
combining the technologies. We introduce MAJIQ-L, an extension of the MA-
JIQ software to enable a unified view of transcriptome variations from both
technologies and demonstrate its benefits. Our software can be used to assess
any future long-read technology or algorithm, and combine it with short reads
data for improved transcriptome analysis.

Introduction

Long reads sequencing technology has been revolutionizing genomic studies in recent years,
leading to it being elected recently as the “method of the year 2022 (Marx, [2023}; |[Lucas and
Novoa, 2023; Foord et al., 2023). The most commonly used platforms, Pacific Biosciences
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(PacBio) and Oxford Nanopore Technologies (ONT) offer RNA sequencing with read lengths
typically varying between a few hundred to a few thousand bases long, depending on the
technology and the protocol used. Consequently, many algorithms have been developed for
transcript discovery and quantification from long reads, such as FLAIR (Tang et al., [2020),
ESPRESSO (ESPRESSO et al., 2023)), IsoQuant (Prjibelski et al., 2023), Bambu (Chen et al.,
2023), TALON (Wyman et al., [2019), SQANTI (Tardaguila et al., 2018]), StringTie (Shumate
et al., 2022; |Kovaka et al., [2019), single-molecule long-read sequencing technology (Sharon et
al., 2013), and IDP (Au et al., |2013). Although both the technology and associated algorithms
move at a fast pace, long reads RNA sequencing still suffers from several key limitations (Ko-
vaka et al., 2023)). Specifically, many reads are still not long enough to capture entire transcripts,
the high error rate makes it hard to detect exact isoforms and associated splice sites, and low
coverage leads to limited isoform detection and quantification. In contrast, [llumina RNA short
reads are typically only 100-150 bp long and, therefore, harder to assign to a specific isoform.
Nonetheless, short reads still allow researchers to detect and quantify alternative splicing (AS)
‘events’ or, more generally, local splicing variations (LSV). LSV, first introduced in MAJIQ
(Vaquero-Garcia et al., 2016)), denotes splits in a gene splice graph coming out of or into a ref-
erence exon. As such, LSV captures ‘classical’ AS events (e.g., cassette exons) but also more
complex events involving multiple junctions or exons, including de novo (unannotated) junc-
tions, exons, and introns. LSV are typically quantified using junction spanning reads in terms
of percent spliced in (PSI, denoted V), representing the relative percentage or ratio of isoforms
with a specific splicing junction or intron retention (IR).

The availability of short and long-read technologies raises the natural question of how these
compare and whether they can be effectively combined. Yet previous work involving long reads
has focused mainly on the benefits it may offer, lacking a comprehensive comparative evaluation
of the resulting transcriptome maps. Similarly, tools that combine short and long reads to aid
researchers in downstream splicing analysis are still underdeveloped.

To address these needs, we developed an analysis pipeline and accompanying software,
MAJIQ-L. The analysis pipeline shown in Fig. 1A takes as input three sources of information:
Transcriptome annotation; short reads processed by MAJIQ V2 (Vaquero-Garcia et al., | 2023);
and long reads in GTF format, processed by the user’s algorithm of choice. It then computes
and displays an extensive set of statistics that contrast the available annotation and the two
sequencing sources in terms of novel junctions, introns, coverage, inclusion levels, etc., such
that existing gaps between the three sources can be captured (Fig. 1B). Using the three input
sources, MAJIQ-L constructs unified gene splice graphs with all isoforms and all LSV visible
for analysis. This unified view is implemented in a new visualization package (VOILA v3),
allowing users to inspect each gene of interest where the three sources agree or differ (Fig. 1C).

We apply MAJIQ-L to matched short and long reads from several datasets involving both
PacBio and ONT using four different long reads transcriptome mapping algorithms. First, we
contrast short and long reads by statistics reflecting splice junction detection and quantification.
Next, we inspect the coverage difference between short and long reads, 3’ to 5’ bias in long-read
sequencing, and whether GC content at splice junctions contributes to their differential detection
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by short and long reads. Then, we turn to intron retention, showing that, as expected, long reads
detect many more introns than short reads, but short reads detect longer introns. Finally, we
demonstrate the usefulness of a combined long and short reads analysis using VOILA v3 for
splicing variations in the SRSF'/1 gene.

Results

Short reads detect 30 % more splice junctions at the same coverage level

To contrast the observed transcriptome complexity by short and long reads, we compared splice
junctions detected by short reads processed by STAR (Dobin et al., 2013) followed by MA-
JIQ’s LSV analysis (Vaquero-Garcia et al., 2016) and four different long-read algorithms (Tang
et al., 2020; ESPRESSO et al., [2023; |Prjibelski et al., 2023}; (Chen et al., 2023) (see Methods
for details). Each detected splice junction was assigned to one of six categories, represented by
distinct colors, based on the source of support from either short reads, long reads, or annota-
tion (Fig. 2A). This analysis was performed using three different datasets: Three replicates of
human cell lines from the Long-read RNA-seq Genome Annotation Assessment Project (LR-
GASP) Consortium (Pardo-Palacios et al., 2021)) (Fig. 2B); Three heart atrial appendage, brain
frontal cortex, and liver samples from GTEx v9 (Glinos et al., 2022) and a PDX cell line sample
derived from a patient with a relapsed B Cell Acute Lymphoblastic Leukemia (B-ALL) (Baga-
shev et al.,|2021; Schulz et al., 2021)) (Supplemental Fig. S1). To address coverage differences,
we sub-sampled the files such that the total number of bases sequenced across the various plat-
forms was similar (see Materials and Methods). Overall, our results indicate that across all
3 datasets, short reads detected 30% more splice junctions, with PacBio detecting about 10%
more junctions than ONT. Some differences between long-read algorithms were also apparent.
FLAIR detected the most amount of long reads only de novo splice junctions (=~ 8%), while
Bambu reported the least (= 3.3%). These differences may reflect lower precision and recall,
respectively (Prjibelski et al., 2023)). We also performed a comparative analysis when using
the original dataset without sub-sampling, where long reads have 1.3-2.9 fold more bases se-
quenced than short reads (LRGASP, B-ALL) and where Illumina has 1.7-fold more coverage
than ONT (GTEx). Similar trends were observed in this analysis as well (Supplemental Fig.
S2, and Supplemental Table S1, S3, S3 for details).

The significant difference in splice junction detection naturally raises the question of whether
the junctions uniquely detected by either technology are real. In the case of short reads, MA-
JIQ only reports splice junctions when they are supported by multiple unique reads that map
distinctly to multiple positions, which has been shown to lead to very few false positives (En-
gstrom et al., 2013} Baruzzo et al., 2017). In contrast, long reads only de novo splice junctions
are more likely to involve false positives given their known high error rates and limited cover-
age (Hardwick et al., 2019; Amarasinghe et al., [2020). To further assess the reliability of the
unannotated (de-novo) splice junctions uniquely detected by short and long reads, we compared
those detected junctions against those in intropolis (Nellore et al.,[2016). For GTEX tissue sam-
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ples, short reads displayed high overlap with Intropolis with heart atrial appendage, brain frontal
cortex, and liver exhibiting overlaps of 89% + 1%, 88% + 1%, and 86% + 1%, respectively. In
contrast, the FLAIR processed GTEx long reads yielded significantly lower overlap with in-
tropolis, showing 43% + 2%, 41% + 3%, and 43% + 2%, for those tissue samples. Further
assessment with the LRGASP dataset revealed that short reads only de novo junctions main-
tained high alignment at 86% + 0.5%. Long reads only de novo junctions from four different
algorithms demonstrated variable and generally lower alignment scores. FLAIR achieved 28%
+ 0.7% on PacBio and 47% + 0.8% on ONT; IsoQuant recorded 30% = 0.3% on PacBio and
23% + 1% on ONT; ESPRESSO reached 31% # 3% on PacBio and 17% * 3% on ONT; and
Bambu showed markedly lower alignment of 3% + 0.5% on PacBio and 2% + 0.2% on ONT. In
summary, while this kind of overlap analysis with existing splice junctions database can not be
used to assess reliable junction detection directly, these results offer additional support for the
assertion that the vast majority of short reads only de novo junctions are real while their long
reads counterpart may suffer from significantly higher false positives. This conclusion regard-
ing the low false discovery of junctions following MAJIQ’s processing of short reads data is
further supported by additional analysis described in the Supplementary Information.
Nevertheless, the significant number of short reads only de novo splice junctions begs the
question of whether those additional junctions are meaningful. To address this and similar ques-
tions regarding the observed differences between transcriptomic variations detected by short and
long reads, we performed the analysis below using IsoQuant. We choose IsoQuant primarily
due to its ease of use, as it can be efficiently executed with a single command line, which
simplifies the workflow compared to other tools that require a couple of steps. We ensured
transparency in our methodology by demonstrating in both the main and supplementary texts
that consistent trends are observable across all analyses, regardless of the algorithms. The re-
sults shown in Fig. 2C for [soQuant indicate most short reads only de novo splice junctions are,
as expected, relatively lowly included (¥ < 10%). Nonetheless, the cumulative distribution
function plot shows IsoQuant+PacBio misses 10% of junctions with significant inclusion levels
(¥ > 20%), and IsoQuant+ONT misses 30% of junctions detected by MAJIQ (Fig. 2C right).
When comparing the different algorithms, IsoQuant misses the least amount of junctions with
¥ > 20%, and Bambu misses the most with the same inclusion level (Supplemental Fig. S8B).

Patterns of novel splice variants difference in short and long reads

Next, we utilized the VOILA modulizer (Vaquero-Garcia et al., 2023) to more precisely charac-
terize splice variants that are unique to either short-read or long-read technologies. Essentially,
a module within this context represents a unique segment of a gene’s splicegraph, encompass-
ing overlapping LSV that are contained between a single source and a single target exon. By
focusing on splice variants within these modules, we were able to assess distinct splice variants
and how these relate to each other, as we describe below. For short reads, we classified de novo
junctions reported by MAJIQ into two categories: A junction involving novel splice sites and
a junction creating a novel combination of known splice sites (Fig. 3A, top). Compared with
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IsoQuant, the distribution of the two categories is the same for PacBio and ONT, showing about
90% involve novel splice sites while the rest is novel combination. A similar trend is observed
when compared with different algorithms (Supplemental Fig. S3).

In long reads de novo junctions, we observe another type of transcript change, termed pu-
tative transcript start or end site (pTSS/pTES). pTSS/pTES occur when only a partial exon is
output at the edge of the transcript processed by the long read algorithm (e.g., [soQuant). We
term those pTSS/pTES as these do not match the annotated transcript start site (TSS) or tran-
script end site (TES) and can thus be either a technical artifact or a bonafide TSS/TES missing
in the annotation. All possible combinations of novel splice junctions with pTSS/pTES are
shown in Fig. 3B, along with their matching Roman numerals in the associated Venn diagram.
Notably, short reads based splicing algorithms such as MAJIQ are generally unable to call tran-
script start/end sites, so comparison of such cases is not feasible. For this reason, we do not
analyze here long reads based transcripts that only involve pTSS/pTES (category VII in Fig.
3B). Nonetheless, we see that when analyzing long reads transcripts with novel splice junc-
tions, most of those involve novel splice sites, and almost all of them also include pTSS/pTES
(Fig. 30).

We examined long reads novel splice variants and further categorized those into splice sites
that involve alternative 5°/3” splice sites, intron retention (IR), or new exon (Fig. 3D). We find
most of the novel splice variants reported by long reads involve intron retentions, with PacBio
and ONT reads yielding 3,255 and 1,754 such cases respectively (Fig. 3E). Novel alternative
5°/3’ splice sites or a mix of those were significantly less common, and novel exons were quite
rare, only about 10% of the number of IR cases. These results, shown in Fig. 3C, 3E are the
average values of three replicates of PacBio and ONT shown in Fig. 2B. Results from different
algorithms with different datasets have similar trends except for Bambu (Supplemental Fig.
S3, S5). Bambu employs a precision-focused threshold called novel discovery rate (NDR) to
approximate the proportion of novel candidates relative to the known transcripts found. Here,
NDR of 0.1, the default value, was chosen, which means 10% of all transcripts passing the
threshold are novel candidates. Increasing the rate of NDR would increase the intersection
sizes in the Upset plots, but it will increase false positive cases as well (Chen et al., | 2023). We
chose 0.1 because this indicates at least 90% of transcripts with a similar score are annotated,
providing an intuitive precision estimation. For completion, we also include pie chart and upset
plot results for the original data where long reads have significantly more coverage than short
reads data, exhibiting similar trends as well (Supplemental Fig. S4, S6).

Coverage, 3’ bias, and GC content lead to differences between short and
long reads transcriptome views

Splice site disagreement between PacBio and ONT was previously shown to frequently repre-
sent small shifts in splice site calls, possibly due to technical artifacts (Mikheenko et al.,[2022).
Thus, we hypothesized that this phenomena may also explain some of the significant differ-
ences in splice sites detected by short and long reads. To test this hypothesis, we defined ‘fuzzy
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matching’ such that splice sites found by long read algorithms are matched with splice sites
reported by MAJIQ from STAR short read alignment if those are within a certain window size
apart. Then, if a splice site found by long read algorithms still cannot be matched to short reads
within the given window sizes, it is compared to any additional annotated splice sites. Using
this ‘fuzzy matching’ approach, we increased the window size from 3 bp to 8 bp in both 5°/3’
splice sites for both long reads technologies and documented the resulting changes in splice sites
reported by each technology and how these relate to the annotation (Supplemental Fig. S7). As
expected, the number of splice sites matching the annotation and captured by both long read
algorithms and MAJIQ (‘All’, blue bars) increase as the window size grows from 3 to 8, while
the most significant decrease is in splice sites that are only found by long reads (magenta bars).
These long reads only splice junctions that were *fuzzy matched’ may represent an error in
short reads or situations where short reads accurately call splice sites slightly different from the
annotation (e.g., NAGNAG). Regardless, the overall effect of applying the ‘fuzziness’ matching
was minute. For example, only 6 splice sites changed in the window size of 8 bp among the
140,000 cases in All of IsoQuant PacBio. Similar patterns are observed for different algorithms,
though FLAIR de novo cases decreased more compared to the other three algorithms.

As small discrepancies in junction mapping did not offer a significant explanation for the
observed differences between short and long-read junction detection, we considered the poten-
tial role of nuclear junctions not being exported to the cytosol. Specifically, we hypothesized
that nuclear junctions could be lowly abundant in datasets and tend to fall below cutoffs in long
reads analysis. While matched short and long nuclear poly(A)+ and cytosolic poly(A)+ datasets
are not available at the moment, we were able to examine short read derived junctions of “nu-
clear poly(A)+” and “cytosolic poly(A)+” from the ENCODE project (Djebali et al., |2012]).
This analysis offered potential insights into observed long-read patterns. Specifically, we com-
puted junctions and introns for both nuclear and cytosolic poly(A)+ from brain tissue. This
analysis revealed a notably higher number of introns in the nuclear fraction compared to the
cytosolic fraction and only a small difference in the number of junctions with similar sequenc-
ing depth. Specifically, in the nucleus, we identified 464,656 splice junctions and 59,349 intron
retention events compared to 446,905 splice junctions and 12,325 intron retention events in the
cytosol. Thus, cytosolic poly(A)+ samples exhibit a marginal 3.82% decrease in the detection of
junctions compared to nuclear poly(A)+ samples. However, nuclear poly(A)+ samples demon-
strate a 381.53% increase in intron retention detection compared to cytosolic poly(A)+ samples.
Taken together, and keeping in mind the “zero-sum game” of a fixed sequencing depth, these
results suggest that when we sequence nuclear poly(A)+ RNA, we end up with many more of
what is termed “retained” or “detained” introns (Barutcu et al., [2022; Boutz et al., 2015). This
“sequencing budget spending” on introns and/or the fact some splicing events have not finished
processing leads to a slight decrease in number of junctions detected in the cytosol. Thus, while
we don’t have matched long reads, these results do not point to lowly abundant nuclear junctions
as the main driver for the observed discrepancy between short and long-read data.

Next, we turned to assess the effect of coverage. For this we plotted the fraction of splice
sites detected by IsoQuant as a function of the number of short reads covering the junction
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reported by MAJIQ. For both PacBio and ONT detection was significantly worse for lowly
covered splice sites with up to 10 short reads (Fig 4A). Still, even for splice sites with high
short read coverage (> 100 reads), PacBio and ONT missed 11% and 18% of the splice sites,
respectively, with IsoQuant. Overall, the cumulative distribution function plot shows IsoQuant
PacBio detects 74%, and ONT detects 52% of MAJIQ’s total amount of junctions (Fig 4A
bottom). Among the four long read algorithms we tested, IsoQuant recovers the most junctions,
and Bambu recovers the least (Supplemental Fig. S8A). In summary, much of the difference
in splice site detection between short and long reads can be attributed to junctions with lower
short read coverage, but a significant fraction of highly covered junctions are still not detected
by long reads.

The combination of several splice junctions that include or exclude segments in a specific
pre-mRNA region form AS ‘events’ (e.g., cassette exons), and those ’events’ in turn serve as
the base for both detecting and quantifying transcriptome variations when using short reads
technology. This raises the question of how many of such AS events, or LSV in MAJIQ’s for-
mulation, that can be quantified by MAJIQ using short reads can also be quantified by matched
long reads. We defined an LSV to be quantified by long reads when it had at least 10 reads
spanning across the LSV’s junctions. This definition matches the default filter on LSV minimal
read number to be quantifiable by MAJIQ. Fig 4B shows that using the PacBio data, IsoQuant
is unable to quantify 36% of the LSV quantified by MAJIQ when having 10 to 20 short reads,
while using the ONT reads, IsoQuant cannot quantify over 65% of the LSV in the same bin.
Although the non-quantifiability decreases as the number of short reads per LSV increase, even
for LSV with over 100 short reads, PacBio is unable to quantify 8% of the LSV, a fraction sim-
ilar to the one observed for splice junctions detection above. The fraction of non-quantifiable
LSV by ONT is higher, at 18% of LSV with more than 100 reads. These observations are not
unique to IsoQuant and were consistent across all four long read algorithms (Supplemental Fig.
S9a).

The results described above led us to hypothesize that an important contributing factor for
the observed gaps between long and short reads based splicing variations is the inherent 3’ to
5’ bias of long reads technologies. Poly(A) selected long reads naturally begin from the 3’
end. Their length distribution is such that only 5.4% of ONT and 51.6% of PacBio reads in
the LRGASP dataset shown in Fig. 4C (right panel) actually span 3000bp or more, which is
roughly the median length of human transcripts (Lopes et al., 2021). Furthermore, as noted
above, long reads report more novel IR. This means that any splice junctions downstream of
those IR events are captured further away from the poly(A) tail and, hence, less likely to be
detected. To assess the effect of the 3’ bias in long compared to short reads we repeated the
analysis of Fig. 4B but with LSV binned by their distance from the long reads 3’ end. Fig. 4C
(left panel) shows that with ONT IsoQuant can not quantify about 78% of LSV when these are
more than 2,500 bp away from the 3’ end. However, approximately 38% of LSV close to the 3’
end are also non-quantifiable. For PacBio data, which offered longer reads, the distribution of
non-quantifiable LSV as a function of 3’ end distance is much more flat: 29% of the LSV were
non-quantifiable by PacBio reads when those were more than 2,500 bp away and 12% when
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close to the 3” end. This 3’ to 5° bias trend was consistent in all four algorithms (Supplemental
Fig. S9B).

Finally, we explored whether GC content around splice junctions may help explain their
differential detection by short and long reads. We selected junctions supported by more than
40 short reads from Fig. 4A (top) and computed GC content within a 100bp window, 50bp
flanking each side of the junction for two groups of junctions: Those detected in long reads vs
those absent. Given that the distance from the 3’ end was a major confounder, we controlled
for it in this analysis and compared the two distributions using a Mann—Whitney U test. Fig.
4D (top) indicates that short read only junctions have a higher median GC content, and the
difference between the groups is more pronounced (lower p-value) for junctions that are missed
by long reads closer to the 3’ end and for junctions missed by ONT. Accordingly, we see similar
trends for minimum free energy (MFE) computed using RNAfold (Gruber et al., 2008) in Fig.
4D (bottom). In contrast, the means are more similar for GA content (Supplemental Fig. S10).
These results suggest that local structure associated with higher GC content and lower MFE
may be a contributing factor to the differences between short and long-read junction detection,
especially for ONT data closer to the 3’ end.

Long reads detect many more intron retention events but fewer long in-
trons

Previous sections investigated the differences between short and long reads in terms of splice
junctions. However, long reads have a natural advantage in detecting Intron Retention (IR)
since a single molecule may be sufficient to call such events. In contrast, IR are not directly
detected by short reads and many commonly used short read algorithms such as LeafCutter (L1
et al., | 2018)) do not detect IR, or do not allow de novo IR events (e.g., TMATS (Shen et al.,
2014)). Short-read algorithms that do detect IR events rely on various filters and thresholds
over reads that cross the splice junction into the intron or read coverage across the body of the
intron. This makes IR detection from short reads highly dependent on those filtering criteria. In
the analysis below, we used MAJIQ’s default parameters, which are quite conservative for IR
detection (Vaquero-Garcia et al., 2023).

While long reads can give direct evidence for IR events, these detected IR events still raise
the question of whether these are reliably detected and biologically significant. To address this,
we computed PSI values for long reads IR events reported by different algorithms (see Methods
for details). We also plotted the fraction of introns detected by MAJIQ as a function of the
number of long reads covering the intron reported by IsoQuant.

Fig. 5A shows the counts of unique IR events reported by MAJIQ’s short reads and matching
PacBio and ONT long reads by IsoQuant using the LRGASP data. Here, IsoQuant PacBio
reports a staggering number of ~10K unique IR events, compared to about 6.3K with ONT,
and 2.4K unique MAJIQ short read based IR events. Investigating these IR event sets, we find
MAIJIQ’s unique set to include longer introns (Fig. 5B). This result is to be expected given the
limitation of long reads overall length and the 3’ bias discussed above. Finally, when we assess
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the relation between IR events detected by IsoQuant using either PacBio or ONT reads and IR
events detected by MAJIQ from short reads, we find no direct relation between detection and IR
PSI value or number of reads. This result agrees with previous reports regarding the limitations
in IR detection from short reads (Steijger et al., 2013). As retained introns have been reported
to have certain characteristics, including higher GC content (Galante et al.,|2004), we assessed
the GC content of retained introns and did not find a specific enrichment for low/high values in
short and long reads (Supplemental Fig. S13). Of note, the results shown in Fig. SA-C, are the
average values of three replicates in LRGASP data, and similar trends were observed when we
used different long reads algorithms and GTEx data (Supplemental Fig. S11, S12).

A Unified Visualization of Short and Long Read-Seq with VOILA

The comparative analysis of transcriptome variations clearly pointed to the complementarity
between short and long reads RNA sequencing. In order to facilitate unified visualization and
downstream analysis of short and long reads, we developed the VOILA V3 package. VOILA
V3 is able to combine MAJIQ’s short reads splicing analysis with GTF output files from any
long read algorithm. An illustrative example is shown in Fig. 6, where we ran MAJIQ with short
reads and IsoQuant with PacBio long reads on one of the human cell line samples in LRGASP
(Pardo-Palacios et al., 2021). VOILA v3 can show a short reads based gene splicegraph (first
row), a unified short and long reads gene splicegraph (second row), and a list of transcripts
found by only long reads (row three and below). Each color for splice junction and intron
retention shows what source supports it (short, long, and annotation), with colors matching
those in Fig. 2B. Users can filter their data by several criteria, including which source the
splice graph element came from, read coverage over junctions, LSV types, and complexity.
Distributions over PSI for both short and long reads are represented using violin plots as the
dotted black boxes in the first and second rows (see “Methods”). For long reads, the read
number per transcript, junction/IR, and exon are displayed. Also, the visualization displays the
TSS/TES of each transcript. For a unified splicegraph visualization, junction/IR read numbers
for both short and long reads are stated, and TSS/TES are not represented.

To demonstrate the usage of VOILA v3, we show the splicing analysis for the splicing
factor SRSF11. The black dotted box of the SRSF11 gene in the unified splicegraph (second
row) highlights alternative exons that introduce ultra-conserved premature termination codon
(PTC) that induce nonsense mediated decay (NMD). Such PTC introducing exons are known
regulatory feature controlling many RBPs, especially those in the serine/arginine protein family
(N1 et al., 2007; Lareau et al., 2007). Both short and long reads support the identification
of this important regulatory mechanism, but some differences can be observed. Short reads
generally detect more diverse splicing patterns with more splice junctions coming out of exon 5,
resulting in more dispersed violin plots. Both short and long reads detect multiple unannotated
IR events in this region. Notably, only long reads capture an extra IR event and the associated
full isoform. These results are inline with our more general transcriptome wide analysis as long
reads are more likely to have a bias towards short isoforms (skipping the exons) yet can more
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easily detect intron retention events. Regardless of these differences, it is important to note the
complex splicing patterns that emerge from this analysis. Specifically, in the context of NMD
triggering alternative splicing events concerning serine/arginine proteins, the prevailing notion
is that poison exon inclusion is the primary contributor to NMD. However, evidence from both
short and long reads suggests that IR in this region may also play a role in controlling SRSF11
expression.

Discussion

The work presented here was motivated by the rapid adaptation of long-read RNA sequencing.
Our labs, as many others, found unique advantages to using long reads. Specifically, long reads
allow researchers to resolve the relation between separate AS events along a gene splice graph
and assess which isoforms include specific splice junctions of interest (Sharon et al., 2013).
Resolving full isoforms is of particular importance when trying to detect, for example, novel
immunotherapy targets (Zheng et al., [2021). Similarly, the ability to unequivocally and with
high sensitivity detect intron retention and overcome mappability limitations over repetitive re-
gions are significant advantages of long reads technologies. However, the qualitative limitations
of low coverage and higher error rates, combined with the fact that extensive short reads data
already exists, led us to compare and contrast the short and long reads based on transcriptome
variations detection and quantification. Specifically, we formulated three questions as the base
for this study: How to compare/contrast transcriptome variations detected by short/long reads,
is there utility in combining those, and if so can we develop a method for such a combined
analysis?

To address the first question, we formulated a set of metrics by which any long reads technol-
ogy or algorithm can be compared to MAJIQ’s short reads based splicing analysis. We showed
there is a significant gap in both detection and quantification of splicing variations. Short reads
based analysis of matched datasets revealed 30% more splice junctions, with PacBio detecting
approximately 10% more than ONT. 11-18% junctions with high short reads coverage (> 100)
were missed by PacBio and ONT, and 10% to 30% of splice junctions with PSI > 20% were
missed by PacBio and ONT respectively. As for the ability to quantify local splicing variations,
we found a clear 3’ to 5’ bias with 12-29% (PacBio) and 38-78% (ONT) of the LSV quanti-
fied by MAJIQ from short reads were unquantifiable by IsoQuant as a function of the distance
from the poly(A) tail. This phenomena is not unique to IsoQuant and seem to reflect the limited
length of the long reads, especially those in the ONT datasets we analyzed here. We also showed
that local structure associated with higher GC content and lower MFE may be a contributing
factor to the differences between short and long reads. On the other hand, IsoQuant PacBio
and ONT detected significantly more unique IR events, respectively 10K and 6.3K, compared
to ~2.4K for MAJIQ short reads IR. Finally, trying to relax the default parameters of the long
reads algorithms had the expected outcome: It led to increased junction detection at the expense
of a suspected increase in false positives but had little effect on the overall comparative results
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with respect to matched short reads (Supplemental Fig. S14). These results point to the comple-
mentary nature of currently available short and long-read assays, and we developed a software
package, MAJIQ-L, to enable such a combined analysis.

We believe the significance of the work presented here stems from several factors. First, our
results clearly demonstrate the benefit of a combined short and long reads analysis. Second, we
are painfully aware that long reads RNA sequencing is a fast evolving technology with more al-
gorithms and improved protocols or assays frequently announced by researchers or companies.
Thus, a second significant component of this work is that the pipeline we developed here can
be used to independently assess any newly released long-read algorithm or technology either
by the developers themselves or interested users. Naturally, the introduction of new results or
new technology tends to suffer from a strong confirmation bias, focusing on what is new or im-
proved. For transcriptomics, researchers may consequently conclude long reads subsume short
reads data. However, the picture we draw here is more complex. Thus, we view the ability
to easily and independently compare technologies’ output using our pipeline and the results we
already provide as key for genomics researchers to make informed decisions. A third significant
component of this work is MAJIQ-L with the VOILA V3 visualization package, which allows
researchers to perform integrated long and short reads analysis.

Our analysis points to several key conclusions. First, to answer many scientific questions,
researchers may be best served by short and long reads combined analysis, possibly utilizing
existing short reads data, and a two-stage approach - initial discovery with short reads, then
focused targeted sequencing with long reads of specific genes of interest. The higher costs of
long-read sequencing further point to the utility of such an approach. Moreover, our results
clearly show that costly deeper long-read sequencing alone may not be an effective solution.
Rather, researchers who want a more complete transcriptomic view from long reads should aim
to extend the length of the long reads. We note that this result is directly coupled with the
library preparation protocols typically used in the application of each sequencing technology:
Random primed, dUTP stranded protocol for Illumina, vs a template switching one, which is
the standard long reads cDNA protocol. While direct RNA sequencing protocols are available
and have been shown to avoid RT artifacts such as ’falsitrons’ (Schulz et al., |2021), the length
of the consequent reads remains similar. Thus, addressing the biases introduced by different
library preparation protocols to improve length distribution and coverage across the entire body
of transcripts remains an important direction for future technology improvement.

While our results highlight read length and coverage across the full body of transcripts as
important for future improvement, much work has been dedicated to reducing the error rate in
long reads. However, the effect of sequencing errors on transcriptome analysis can be complex
and context-dependent. Correction algorithms like IsoQuant do not alter individual bases but
focus on improving spliced alignment accuracy, making it challenging to measure error rates
after correction (Prjibelski et al., 2023). Additionally, the performance of long-read technolo-
gies in transcript discovery remains comparable despite differences in error rates. Thus, while
error rates provide valuable insight into sequencing quality, they may not directly correlate with
the efficacy of transcriptome analysis. Evaluating the effectiveness of long-read RNA-seq al-
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gorithms’ error correction strategies, therefore, remains a challenge that is not addressed in this
current work.

There are several limitations and possible extensions to this work. First, our comparative
analysis focused solely on transcriptome variations reported by short and long reads. As such,
several important questions remain open. These include the comparative assessment of gene
expression estimates, the effect of error corrections on long reads results discussed above, and
assessing the ability to perform transcripts reconstruction, including dedicated methods that can
use both short and long reads such as StringTie (Shumate et al., 2022). Some of those ques-
tions were addressed in recent studies, such as expression estimation (Chen et al., 2023) and
highlighting issues with the many pTES/TSS sites reported by long reads (Calvo-Roitberg et
al.,|2023). We also acknowledge that the data used in this study did not include Unique Molec-
ular Identifiers (UMIs). UMI would potentially offer a more definitive solution to differentiate
between true unique fragments and PCR duplicates.

With respect to the tool we developed, MAJIQ-L with VOILA V3 allows for an integrated
splicing analysis of short and long reads but does not include a unified probabilistic model
for those. Such a unified model could potentially further improve isoform-level quantification.
Future extensions can also include allele-specific splicing and detection of variants directly
from the long reads data. We are excited to explore these directions in the future and hope the
combined comparative analysis pipeline and results, along with the MAJIQ-L package, would
be highly useful for Genomics researchers focused on transcriptome variations.

Methods

Processing coverage differences between short and long reads

As the total number of bases sequenced across short and long-read technologies are different,
we used Seqtk (https://github.com/1h3/seqtk) by sub-sampling from either short
or long reads datasets before providing them as inputs to MAJIQ and long read tools. This
step allows all platforms to have similar coverage for a fair comparative analysis. The cover-
age summary of pre and post-sub-sampled number of bases for each dataset can be found in
Supplementary Table 1-3.

MAJIQ’s short reads splicing analysis

We used STAR (v2.7.10b) (Dobin et al., 2013) to align short RNA-seq reads, performing a
two-step gapped alignment to GRCh38, GENCODE release 42. MAJIQ then combined the
annotation and aligned reads to build a splicegraph for each gene, including de novo elements
such as junctions, intron retention, and exons. The resulting splicegraphs are used as MAJIQ-
L’s input along with long read tools’ output in GTF file format for the downstream comparative
analysis.

12


https://github.com/lh3/seqtk
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on May 15, 2026 . Published by Cold Spring Harbor Laboratory Press

GTF file output files from long read tools

Long RNA-seq reads were mapped to GRCh38, GENCODE release 42, using minimap?2 (v2.24)
(L1, 2018]) in splice mode. All long-read tools were provided with the same BAM file, reference
genome, and reference annotation. IsoQuant was run with the default parameters with the
appropriate data type using ‘—data_type’ option. ESPRESSO and FLAIR were launched with
the default parameters in 30 threads. As Bambu outputs all reference transcripts, including
unexpressed ones, we filtered out all transcripts with read count values smaller than 1 as the

authors recommended. Software versions and command line options are in Supplemental Table
S4.

Inferring posterior distribution in long reads PSI per junction

The likelihood function over PSI ¥; for a junction j is modeled as a binomial distribution,
where 7; denotes long reads aligned to each junction j in the LSV:

r;j ~ Binomzial ( Z rj,\IJj> (1)

jeLSV

As in MAJIQ’s short reads model, we set a prior distribution on PSI which favors either high
or low PSI values, which can be generalized by the Jeffrey’s prior for an LSV with j junctions:

1 1

Since this prior is conjugate to the binomial distribution, our posterior distribution of W,
given the observed number of reads are the following:

/ N 1 1 ’
U;|{r;:j € LSV} ~ Beta j+rj,1—j+zrj (3)
J#i
The resulting distributions over PSI for both short and long reads are shown as violin plots
by the VOILA visualization package.

Data access or Software availability

The matched human cell line dataset can be accessed through the LRGASP https://www.
gencodegenes.org/pages/LRGASP /. The GTEx v9 heart atrial appendage is avail-
able at GTEx website https://www.gtexportal.org/home/datasets. MAJIQ 2.5
provides the new VOILA visualization features of MAJIQ-L, which is available at https:
//majig.biociphers.org/app_download/ with a matching user support group at
https://groups.google.com/g/majiq voila?pli=1. All scripts used for data
analysis are availableat ht tps: //bitbucket.org/biociphers/majig-1/src/main/.
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Fig. 1: MAJIQ-L overview. (A) Input: Matched short and long reads RNA-sequencing data
with genome annotation. Short reads are mapped with an aligner, then passed to MAJIQ, pro-
ducing a splice graph with a matching set of LSV per gene. Long reads are processed with a
long read algorithm (e.g., IsoQuant) to produce isoforms counts. (B) The outputs from the two
RNA sequencing sources along with the annotation are compared. Each splice junction or in-
tron retention is assigned to each of the possible six categories depending on which subset of the
three sources support it. Various statistics regarding the location, coverage, and overlap of those
elements are computed to compare the three sources and explore the source of discrepancy (see
main text). (C) MAJIQ-L includes a unified visualization package, VOILA v3, for downstream
splicing analysis. It allows users to see which splice junction maps to which isoforms and where
the different sources of information agree or disagree in detection and quantification.
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Fig. 2: Splice junctions comparative analysis. (A) Any detected splice junction can fall into
one of six categories, each represented by a color, depending which of the three sources of
information (short reads, long reads, annotation) support it. (B) Bar charts corresponding to
the aforementioned six categories. Mean and standard error bars are computed using matched
datasets from three replicates of human cell-line sequenced by LRGASP (Pardo-Palacios et al.,
2021)). This data includes short reads processed by STAR and MAJIQ, long reads from PacBio
and ONT assays, and four long read algorithms used to process the long reads data. (C) Taking
the splice junctions reported in (B) by MAJIQ (green) and assessing the number of those also
identified when using PacBio (tomato) or ONT (blue) long reads, as a function of the PSI values.
Here IsoQuant was used for long reads data. Note that if a junction appears in multiple LSV,
the lowest PSI values are chosen (x-axis). The graph on the right is the CDF for the histogram
shown on the left. Dashed lines denote splice junctions with a PSI of 20% or more.
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Fig. 3: Analysis of de novo elements. (A) Short reads only de novo splice junctions reported
by MAIJIQ (green junctions between exon 1 and 3 in the splice graphs) can be classified as
those involving novel splice sites (light green) or a novel combination of known splice sites
(dark green). Red junctions correspond to annotated ones. The pie chart shows that compared
to long reads processed with IsoQuant, ~ 90% of MAJIQ de novo splice junctions involve novel
splice sites. (B) Representative cartoon examples for six different categories of long reads de
novo transcript variations. Novel combination junction (dark purple), junctions involving novel
splice sites (light purple), and junctions supported by annotation (red) are the same as in (a).
putative start or end (pTSS/pTES) (light yellow), or partial exons, represent cases when the
transcript start site or transcript end sites do not match those in the annotation, which happens
in the first or last exon of the transcript. We note that cases involving only pTSS/pTES (class
VII in the Ven Diagram) are not included in downstream analysis as those are not handled by
MAIJIQ or similar short reads based splicing algorithms so can not be directly compared. (C)
Breakdown of all cases involving de novo junctions reported by IsoQuant using either PacBio
(top) or ONT (bottom) long reads. Notably, almost all of those cases also include pTSS/pTES.
(D) Representative cartoon examples for the types of novel splice variations (pink) that a novel
splice variant in long reads can introduce compared to the annotation (top graph, red junctions).
(E) Breakdown of long reads novel splice junctions (light purple in (B)) into the four different
categories shown in (D) when using IsoQuant to analyze PacBio (left) and ONT (right) matched
reads.
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Fig. 4: Analysis of sources of discrepancy between short and long reads based transcrip-
tome variations. (A) The number of MAJIQ’s splice junctions (grey) identified by IsoQuant
using PacBio (tomato) or ONT (blue) as a function of the number of short reads covering the

junctions.

The histogram on the left and CDF on the right show the number of splice junc-

tions (y-axis) as a function of read number (x-axis). (B) Bar plots showing the fraction of LSV
reported by MAJIQ’s short reads analysis, which were 'non-quantifiable’ by IsoQuant using
PacBio (orange) and ONT (light blue) matched long reads data. Here a ’quantifiable’ LSV re-
quire at least 10 reads covering its respective junctions. Of note, a substantial fraction of LSV
remain unquantifiable by long reads even for those with extremely high short read coverage
(>100 reads). (C) Same plot as in (B) for the fraction of non-quantifiable LSV by long reads
data, but here as a function of distance from transcript 3’ end. When LSV involved transcripts
with multiple 3° ends, the shortest distance was used as a conservative estimate. The length
distribution of short and long reads in the LRGASP dataset used in all the above sub-figures.
(D) Boxplots showing GC content and Minimum free energy (MFE) across various distances
from the transcript 3’ end for junctions with over 40 illumina reads in (a) that are only detected
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by short reads (grey) or also detected by long reads (red - PacBio, blue - ONT). Each boxplot
represents the GC content and MFE (y-axis) as a function of the distance from 3’ end (x-axis).
The median is denoted by the horizontal line in each box, the upper and lower quartiles are
denoted by the box, and the whiskers show points that lie within 1.5 IQRs of the lower and
upper quartiles. P-values were calculated using the Mann—Whitney U test. Note that (a)-(d) are
averaged across the three LRGASP data replicates.
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Fig. 6: MAJIQ-L integrative analysis of splicing variations using short and long reads.
Snapshot of the VOILA v3 interactive visualization of MAJIQ-L output for the SRSF11 splice
factor using the LRGASP data, including short reads processed by MAJIQ and PacBio reads
processed by IsoQuant. The top portion shows gene information and filtering criteria between
short and long reads as well as the short reads splicegraph, a unified splicegraph, and a list
of transcripts reported by IsoQuant for SRSF/I1. Read numbers for each transcript and the
marginal count for each specific elements ( junctions, introns, and exons) are included. In the
unified splice graph view read count for junctions and introns are shown for both short (left) and
long (right) reads, separated by a T sign. Note that pTSS/pTES are only shown in transcripts
found by long reads. The bottom portion shows distributions of E(¥) values of LSV that both
short and long reads find, displayed as a violin plot for the exon 5 source LSV and exon 9 target
LSV in the black dotted box. The source of the individual junction can be highlighted by hov-
ering the cursor over the junction and multiple filters can be applied interactively.
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