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Abstract

Small exons are pervasive in transcriptomes across organisms, and their quantification in RNA isoforms is crucial for understanding gene func-
tions. Although long-read RNA-seq based on Oxford Nanopore Technologies (ONT) offers the advantage of covering transcripts in full length,
its lower base accuracy poses challenges for identifying individual exons, particularly microexons (< 30 nucleotides). Here, we systematically
assess small exons quantification in synthetic and human ONT RNA-seq datasets. WWe demonstrate that reads containing small exons are of-
ten not properly aligned, affecting the quantification of relevant transcripts. Thus, we develop a local-realignment method for misaligned exons
(MisER), which remaps reads with misaligned exons to the transcript references. Using synthetic and simulated datasets, we demonstrate the
high sensitivity and specificity of MisER for the quantification of transcripts containing small exons. Moreover, MisER enabled us to identify
small exons with a higher percent spliced-in index (PSl) in neural, particularly neural-regulated microexons, when comparing 14 neural to 16
non-neural tissues in humans. Our work introduces an improved quantification method for long-read RNA-seq and especially facilitates studies
using ONT long-reads to elucidate the regulation of genes involving small exons.
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Small exons refer to short exons present in the RNA tran-
scripts of eukaryotic organisms, with microexons being a
subset often characterized by their size not exceeding 30
nucleotides (nt) (1). Alternative splicing of these small ex-
ons often causes regulatory or structural function changes
in genes involved in various cellular functions and neurolog-
ical diseases. Currently, short-reads RNA-seq has been ap-

plied to examine the expression of small exons in multiple
species, including humans, mice, flies, nematodes, and plants
(2-5). A major bottleneck in studying small exons is the com-
plexity of analysis. Current approaches to map small exons
in short-reads include Microexonator, GMAP, VAST-TOOLS
and ATMap (2,6-8), but methods for identifying small exons
in long-reads has still been lacking.
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Long-read sequencing technology has greatly improved the
analysis of RNA transcripts as it produces reads over 10kb
which usually covers the whole RNA molecules (9). This ad-
vantage in read length enables more precise identifications
of splicing events. Numerous novel transcripts have been de-
tected using cDNA and direct RNA sequencing with Oxford
Nanopore technology (ONT) (10). However, due to fluctu-
ations in the speed of target molecules passing through the
nanopore, the raw reads have an error rate of around 1-5%
(11-14). The current analysis workflow in long-read RNA-
seq typically requires mapping reads to the reference genome.
Several alignment tools were specifically developed for long-
reads, with optimisation for low-quality reads. Among them,
minimap2 is the most adopted method in the ONT com-
munity because of its high performance for spliced reads
alignment (15,16). However, artefacts for exons mapping
have been observed in alignments generated by minimap2
(17,18), resulting in misquantification of transcript isoforms.
Researchers have started addressing this problem using long-
read sequencing platforms with higher accuracy, such as the
PacBio platform. For instance, Ray et al. comprehensively pro-
filed microexon-containing transcript isoforms during retinal
development using lrCaptureSeq, a method that enriches tar-
get sequences using long-read capture sequencing (19). Nev-
ertheless, it is still not clear which exons would be misaligned
and how this misalignment impact isoform quantification, es-
pecially in the ONT sequencing data. Therefore, there is a
clear need for a systematic assessment of how small exons are
mapped in ONT datasets.

To this end, we explored the properties of exons that are
misaligned in ONT reads and developed a method to address
the alignment issue. Our method MisER (Misaligned Exon
Realignment), an annotation-based approach to identify mis-
aligned reads and then locally correct the alignments in the
regions containing misaligned exons. At first, MisER iden-
tifies all intron regions with potential alignment issues that
overlap annotated exons. These regions will be marked as po-
tential misaligned regions (PMRs). Then, MisER attempts to
realign the read sequences within these PMRs to the refer-
ence sequences of annotated exons, calculates a new align-
ment score. The new alignment will replace the existing align-
ment if the alignment score improves after realignment. We
estimated the accuracy and sensitivity of MisER using long-
read sequencing data for sequencing spike-ins (sequins), a set
of synthetic RNA standards, that represents full-length spliced
mRNA isoforms (20). Additionally, we applied MisER to es-
timate the misalignment ratio of small exons in ONT ¢cDNA
and direct RNA-seq, using a dataset for a human B lympho-
cyte cell line (21). Our findings revealed that exons shorter
than 50 nt faced the risk of misalignment while exons less
than 20 nt were almost entirely lost during the annotation-free
alignment. To demonstrate real-wold utility, we further ap-
plied MisER to a comprehensive ONT cDNA dataset consist-
ing of 84 sequencing libraries for 14 neural and 16 non-neural
tissues (22). MisER significantly improved the read alignments
of small exons and facilitated the detection of more alterna-
tive spliced-in exons, particularly neural-regulated microex-
ons. These results for the first time systematically character-
ized the features of misdetection of small exons and provide
a robust realign approach to identify and quantify the RNA
isoforms for genes with small exons in long-read RNA-seq
datasets.
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Materials and methods

Analysis of constitutive exon missing in the ONT
cDNA sequencing data of sequins

Sequins ONT ¢DNA sequencing data was downloaded from
GEO under accession number GSE151984 (23). Briefly, it con-
tains four sequins ¢cDNA libraries (mix A and B with two
replicates of each), which were constructed with SQK-PCS109
c¢DNA and SQK-PBK004 barcoding kit. The libraries were
sequenced by R9.4.1 MinION flow cell and base-called by
Guppy (version 4.0.11). Reads were mapped to sequins chro-
mosome (version 2.4) by minimap2 (version 2.17, with pa-
rameters: -ax splice -k10 --secondary=no --splice-flank=yes)
and processed by MisER (default parameters). We also used
-k15 and -k20 to examine the influence of kmer size on mis-
aligned exons. We only used the spliced reads in our analysis.

Constitutive exons were defined based on sequins official
gene annotations (version 2.4). A constitutive exon is an exon
that presents in all transcript isoforms of its belonging gene.
In total, 163 constitutive exons were determined in 43 genes
(Genes overlapping with others and constitutive exons with
read count less than 10 were removed). We defined the con-
stitutive exon and its upstream and downstream exon as a
triplet. Reads aligned to all three exons in the triplet were as-
signed as correct-mapped reads, while reads aligned to up-
stream and downstream exons but not the constitutive exons
were assigned as missed reads. The sum of correct-mapped
reads and missed reads were defined as total reads. Exons
with total read count of < 10 were removed. The miss ra-
tio of the constitutive exon was defined as the percentage of
missed reads.

Analysis of constitutive exon missing in human
ONT cDNA and direct RNA sequencing data

ONT c¢DNA and direct RNA sequencing data of the human
B lymphocyte cell line (GM12878) was downloaded from
its published data resource (21). There are 30 runs of di-
rect RNA sequencing data constructed with SQK-RNA0O01
kit and 12 runs of cDNA sequencing data constructed with
SQK-PCS108 kit, which were base-called by Guppy (version
4.2.2). Reads are mapped to the human GRCh38 genome
by minimap2 (version 2.17) with parameters: -ax splice -ub
-k15 --secondary=no (for ¢cDNA) and -ax splice -uf -k15
--secondary=no (for direct RNA). Alignment results were
further processed by MisER (default parameters). Only the
spliced reads are used in further analysis. Constitutive ex-
ons were defined based on Ensembl human gene annotations
(GRCh38 version 97) and 11 025 constitutive exons are de-
tected in total. The miss ratio of constitutive exons is calcu-
lated as we previously described in sequins analysis.

Misaligned exons realignment (MisER)

MisER first scanned and identified potential misaligned re-
gions (PMRs) on all reads which were overlapped but not
aligned to annotated exons, and then realigned the potential
misaligned regions to the exons and judged whether the exons
were missed or not.

We scanned potentially missed exons when their upstream
and downstream exons are mapped, but the missed ones are
not. Thus, we used part of the mapped upstream and down-
stream exons as anchors to define the potential misaligned re-
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gions (PMR). We defined the splice sites of the upstream and
downstream exons on the reference as S, /1, S,. 2, and on the
read as S,.5415 Sread2- The boundaries of splice sites were ex-
tended x (20 nt as default) to determine the PMR. Specifically,
the start (R;) and end (R,) of PMR are defined as follows.

R; = min (Sref]7 Sreadl) -

Re = max (Srngv Sreadl) + x

Then we calculated the length of reads sequences aligned to
PMR (L,,,4) and the length of reference upstream and down-
stream exons in PMR (L,,¢). The difference between (L,,44)
and reference (L, ), and defined as delta length (D):

Dy = Lyeaq — Lref

Intuitively, D; is the length of the sequences in the extra
protruding region on misaligned reads. D; is compared to the
length of the misaligned exon (L.). General idea is that D,
should be close to L, if it comes from the misaligned exon. The
delta ratio (D,) between D; and L, is calculated as follows:

_ ID; — L|
= 7[,5

In the default setup, MisER selected the potential mis-
aligned regions with D, no more than 0.5 and L, no more than
80 nt. L, in the above equation would be replaced by the sum
of misaligned exons sizes if there were multiple misaligned ex-
ons, and each misaligned exon should be less or equal to 80
nt in length. Users can tune these two parameters to adjust the
potential misaligned regions MisER detected.

Next, MisER realigned the sequences in potential mis-
aligned regions of reads to the reference sequences of anno-
tated exons and used the alignment result to identify the real
misaligned exons. To accelerate the realignment, MisER used
SIMD C library Parasail (24) to align the partial sequences in
the region of reads to the joint sequences of annotated exons.
We proposed the alignment score S,,, to evaluate the match-
ing status of the region. S, is calculated as follows, where
N, Ny, N; and Ny represent the number of correct matches,
mismatches, insertions, and deletions in the region.

Saln:Nc_ Nf_Ni_Nd

D,

Sa, were calculated before and after realignment. If the
alignment score improved, MisER assigned the regions as real
misaligned regions, and exons inside as misaligned exons. The
improved alignments were used and written into a new BAM
file for further analysis.

Estimation of the sensitivity and specificity of
MisER

We used misaligned constitutive exons in sequins cDNA se-
quencing data to estimate the sensitivity of MisER. We tested
the sensitivity of MisER using different D, thresholds. We only
used the region misaligned single exon in this analysis. There
were 161 misaligned constitutive exons ranging from 25 nt to
532 nt,and 17 989 reads regions misaligned these constitutive
exons in all sequins cDNA data. We used these misaligned re-
gions to estimate the sensitivity of MisER.

For specificity, we constructed a set of simulated triplet-
exons annotations, for which we created a simulated mid-
dle exon between any two continuous constitutive exons in
sequins. To do so, we annotated the intron sequences in the
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middle position of the two constitutive exons as a simulated
exon. Simultaneously, the two constitutive exons were also
truncated in the total length equal to the size of the middle
exon, to make D, close to 0. We truncated the constitutive
exons because the most value of D, of misaligned microex-
ons is 0. We required the size of the constitutive exon larger
than 70 nt, while the intron between these two exons larger
than 200 nt. In total, we detected 123 continuous constitutive
exon pairs in sequins and added simulated middle exons with
a length range from 5 to 50 nt. There were 387 335 reads
regions were identified when aligning to the simulated exons
triplets in sequins mixA replicate 1 cDNA data. We used these
regions to estimate the specificity of MisER.

Analysis of simulated reads with various
seguencing accuracies

We constructed a simulated dataset based on exon triplets
(consecutively occurred three exons) derived from human
transcript annotations. We required the length of the middle
exons range from 1 nt to 80 nt and the length of the exons
on both ends should larger than 50 nt. For each length of the
middle exon, we selected up to 50 triplets to ensure the unifor-
mity of exon length distribution in our simulated dataset. The
middle exon of each triplet was designated as the alternative
exon, while the exon triplet was divided into two isoforms:
iso1 containing the middle exons and iso2 lacking them. This
simulated dataset contained a total of 4622 alternative exons,
among which 1222 were microexons with a length of < 30
nt. Notably, 240 microexons had a length no longer than 10
nt. Each isoform was simulated to generate 500 reads at se-
quencing accuracies ranging from 80% to 100%. Sequenc-
ing errors were simulated as random distributed substitutions,
deletions, and insertions with equal probabilities (33.3% for
each type). Following this, we aligned the simulated reads to
the human genome using minimap2 (parameters: -ax splice
-k15 --secondary=no --splice-flank=yes -G 1000k) and ap-
plied MisER (default parameters) to detect and realign any
misaligned small exons.

Furthermore, to assess MisER’s performance on more com-
plex splicing isoforms that include tandem alternative exons,
we created another simulated dataset based on exon quadru-
plets from human transcript annotations. For each permuta-
tion of the length of the two middle exons, we selected up to 50
quadruplets to ensure a uniform distribution of exon lengths
in our simulated dataset. This dataset comprised 12 669
quadruplets, including 870 quadruplets with alternative mi-
croexons (< 30 nt), with 70 quadruplets containing microex-
ons no longer than 10 nt. In this dataset, the middle two ex-
ons of each quadruplet were designated as alternative exons,
and the exon quadruplet was divided into four isoforms: iso1
containing both middle exons, is02 and iso3 containing one
middle exon each, and iso4 lacking any middle exons. Each
isoform generated 500 simulated reads at sequencing accura-
cies ranging from 80% to 100%. We aligned the simulated
reads to the human genome using minimap2 (parameters: -ax
splice -k15 --secondary=no --splice-flank=yes -G 1000k) and
applied MisER (default parameters) to detect and realign any
misaligned small exons.

Due to the relative scarcity of microexons with lengths <10
nt in human transcript annotations, we additionally built sim-
ulated exon triplets and quadruplets, setting the middle exons
to specific lengths. For exon triplets, the length of the mid-
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dle alternative exon was set to range from 1 to 80 nt, with
50 triplets designed for each length. For exon quadruplets,
the middle alternative exon pairs were given equal lengths,
ranging from 1 to 80 nt, and each length pair generated
50 quadruplets. Overall, we generated 4000 simulated exon
triplets and quadruplets individualy, each containing middle
exons with lengths ranging from 1 to 80 nt. The combina-
tions of the middle alternative exons resulted in two iso-
forms for each exon triplet and four isoforms for each exon
quadruplet. Each isoform generated 500 simulated reads at
sequencing accuracies ranging from 80% to 100%. Subse-
quently, we aligned the simulated reads to decoy chromo-
somes (random ATCG sequences, containing canonical splice
site GT-AG patterns) using minimap2 (parameters: -ax splice
-k15 --secondary=no --splice-flank=yes) and applied MisER
(parameters: --allTranscripts) to detect and realign any mis-
aligned small exons.

After reads alignment, we quantified the read counts for
each isoform (only the reads mapped to all exons of their
belonging annotated isoform were counted) in all simulated
datasets, and calculated recall and precision rates before and
after MisER realignment.

Quantification of sequins exons and transcript
isoforms

We quantified the read count of exons with lengths no
more than 80 nt in sequins gene annotations (version 2.4).
To do so, we only considered the reads mapping to the
annotated exons, and where the difference on splice sites
in the alignments was no longer than 10 nt on either
side. We quantified each annotated sequins transcript iso-
form based on the reads mapping on the genome. Only the
reads mapped to all exons of the annotated transcript were
counted. The quantifications of exons and transcript iso-
forms were calculated before and after MisER realignment.
The transcript ratio was calculated as the ratio of each tran-
script’s quantification to the sum of all transcripts within a
gene.

Calculation of exon misalignment ratio in ONT
cDNA and direct RNA sequencing data

We quantified the read count of exons with length no more
than 80 nt in human Ensembl gene annotation (GRCh38
version 97). To do so, we only considered the reads map-
ping to the annotated exons, and where the difference on
splice sites in the alignments was no longer than 10 nt
on either side. We compared the read counts of exons be-
fore and after MisER processing. The increased reads were
defined as misaligned reads. The misalignment ratio is de-
fined as the number of misaligned reads divided by the to-
tal read counts after MisER processing. Exons with a read
count of < 10 or a few exon cases whose read counts de-
creased after MisER realignment were excluded from the
calculation.

Analysis of alternative spliced-in exons in ONT
cDNA sequencing data of human tissues

ONT ¢DNA sequencing datasets of 30 human tissues, includ-
ing 84 ONT cDNA sequencing libraries (using R9.4.1 and
R10.3 flow cells, SQK-LSK109 sequencing kit), were down-
loaded from GEO (accession number: GSE192955) (22). Raw
data (fast5 files) were base-called by Guppy (version 6.4.6,
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with hac model). The Reads were further mapped to the
human GRCh38 genome by minimap2 (version 2.17) with
parameters: -ax splice -ub -k15 --secondary=no, and then
processed with MisER. We used Bambu (25) (version 3.0.8)
to quantify the expression of transcripts based on the hu-
man Ensembl gene annotation (GRCh38 version 97). Only
the full-length reads of annotated transcript isoforms were
counted and used for further analysis. The expression level
of transcript isoforms was normalized as transcripts per mil-
lion (TPM). We used SUPPA (26) (version 2.3) to calculate
the percent spliced-in indexs (PSIs) of cassette exon (exon
skipping) events. The alternative spliced-in exons in cassette
exons events were defined as ASI exons. The difference in
percent spliced-in index (PSI) between neural and non-neural
samples was defined as delta PSI. ASI exons with adjusted P-
value < 0.05 (Wilcoxon rank sum test, Bonferroni correction)
and delta PSI > 25% were considered as neural up-regulated
exons, while ASI exons with adjusted P-value < 0.05 and delta
PSI < —25% were considered as neural down-regulated ex-
ons.

To estimate the conservation of sequences around
splice sites of exons, we used the phastCons scores gen-
erated from multiple alignments of 100 vertebrate species
(UCSC,  https://hgdownload.soe.ucsc.edu/goldenPath/hg38/
phastCons100way/hg38.phastCons100way.bw). Average
phastCons scores were calculated for bases located in ex-
onic and flanking intronic regions of constitutive exons or
alternative spliced-in exons.

Analysis of alternative spliced-in exons in GTEx
datasets of human tissues

We obtained quantifications of transcript isoforms gen-
erated by short-read sequencing data across 54 human
tissue regions from the GTEx datasets (dbGaP Acces-
sion  phs000424.v8.p2,  https://storage.googleapis.com/
gtex_analysis_v8/rna_seq_data/GTEx_Analysis_2017-06-
05_v8_RSEMv1.3.0_transcript_expected_count.gct.gz). PSIs
of cassette exon (exon skipping) events were calculated
utilizing SUPPA. The difference in percent spliced-in index
(PSI) between neural and non-neural samples was defined as
delta PSI.

Analysis of alternative spliced-in exons in ONT
cDNA sequencing data of neuroblastoma
differentiation

ONT cDNA sequencing data of samples representing the dif-
ferentiation of neuroblastoma (human SH-SYSY cell line, 5
samples) into neuron-like cells (5 samples) were download
from ENA database (PRJEB44502) (27). The libraries were
constructed with sequencing kit SQK-PCS109 and base-called
by Guppy (version 3.2.2). The reads were mapped to the hu-
man GRCh38 genome by minimap2 (version 2.17, parame-
ters: -ax splice -ub -k15 --secondary=no), and then processed
with MisER. We utilized Bambu (version 3.0.8) to quan-
tify the expression of transcripts based on the human En-
sembl gene annotation (GRCh38 version 97). Only the full-
length reads of annotated transcript isoforms were counted
and used for further analysis. The expression levels of tran-
script isoforms were normalized as transcripts per million
(TPM).
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Results

Microexons are often mis-mapped in long-read
sequencing data

To examine if small exons can be properly mapped in long-
read data, we explored the ONT sequencing datasets for syn-
thetic spike-in (sequins), a set of RNA molecules representing
spliced gene isoforms (20). There are 163 constitutive exons
in sequins. Sequencing reads mapping to a gene are expected
to cover all constitutive exons of that gene. We first calcu-
lated the proportion of reads missing any constitutive exons
in sequins and found small exons are often not aligned (Fig-
ure 1A). 9.1% of small exons (< 50 nt, 25 exons in sequins)
were not correctly aligned, affecting the quantification of 10%
(16/160) of sequins transcripts. The percentage of unmapped
constitutive exons in reads increased when exon sizes reduced.
In fact, 28.6% reads covering the smallest constitutive exon
in sequin, a 25 nt exon in R1_83 gene, omitted the exon in
their alignments.

To further investigate whether reads contain missed se-
quences of small exons, we visually inspected mapping results
and found most of the missed exons were caused by alignment
errors as illustrated in Figure 1B. The mapped regions beyond
annotated splice sites have high indel rates, indicative of align-
ment issues. We further defined the length of misaligned por-
tion as delta length and compared it with the length of the
missed exon. The delta length showed a strong correlation
with the length of missed constitutive exons (Figure 1C), sug-
gesting that the misaligned sequences come from missed exons
in most cases.

As sequins do not have constitutive microexons smaller
than 20 nt, we further calculated the miss ratio of constitutive
exons in long-read RNA-seq data for human lymphoblastoid
cell line GM 12878 (21). We defined 11 025 constitutive exons
based on Ensembl gene annotations (version GRCh38.97). We
assessed the mapping issues in cDNA and direct RNA reads.
Our analysis of constitutive exons revealed that there are nu-
merous small exons not mapped during the alignment pro-
cess (Figure 1D, Supplementary Figure S1). Exons no longer
than 50 nt were likely to be missed, with the cumulative aver-
age miss ratio of 25.5% in ¢cDNA and 15.3% in direct RNA
(Supplementary Tables S1, S2). Although there are only 6.3%
exons less than or equal to 50 nt in the human genome, 27.0%
transcripts containing these small exons might be affected in
quantification (Supplementary Figure S2). Among them, two
smallest constitutive exons (18 nt) showed a high miss ratio
0of 91.5% and 78.7% for cDNA, 95.9% and 85.5% for direct
RNA, respectively. These results demonstrate that small exons
are often mis-aligned in ONT-based long-read RNA-seq, both
for cDNA and direct RNA reads.

Development and benchmark of MisER

To systematically detect all misalignments of microexons and
adjust them, we developed a new method for misaligned ex-
ons realignment (MisER). Based on our observation of high
correlation of delta length and exon size (Figure 1C), we de-
fined delta ratio (D,), which represents the ratio between delta
length and the length of the misaligned exon (see Materials
and Methods). This delta ratio was utilized to identify pos-
sible misaligned read alignments. In brief, MisER first finds
all regions in read alignments which overlap but not map-
ping to annotated exons. Then, based on delta ratio, MisER
identifies potential misaligned regions (PMRs) and extracts
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the corresponding sequences, including partial sequences of
upstream and downstream mapped exons (Figure 2A). These
read sequences are realigned to the reference sequences of an-
notated exons and MisER compares the alignment scores be-
fore and after realignment. If alignment score improves, the
region will be labelled as misaligned region and the alignment
will be adjusted using the realignment result. Additionally, to
enhance efficiency, MisER is designed as a multi-threaded tool,
allowing independent processing of multi alignments in par-
allel (Supplementary Figure S3).

We evaluated MisER’s sensitivity based on alignments for
sequins constitutive exons as they should be present in all
reads of the corresponding genes. In fact, we found 17 989
read alignments that missed single constitutive exons in se-
quins ONT ¢DNA sequencing data. Among them, 14 851
(82.6%) cases could be corrected, while 3138 (17.4%) cases
were not. MisER showed high sensitivity (average sensitiv-
ity: 96.0% at D, threshold 0.5) for exons shorter than 50
nt, and relative low sensitivity (average sensitivity: 62.4% at
D, threshold 0.5) for exons longer than 50 nt (Figure 2B).
The larger constitutive exons missed were likely caused by
bona fide sequencing errors rather than alignment issues. We
also tested MisER specificity on simulated triplet-exon anno-
tations (Supplementary Figure S4) and MisER showed very
high specificity (average specificity: 99.7% at D, threshold
0.5). These results demonstrate MisER is a robust approach
with high sensitivity and specificity to identify and adjust the
misalignment of microexons.

To further evaluate MisER’s performance on reads with
different sequencing accuracies, we simulated reads with se-
quencing accuracies varying from 80% to 100%, based on
exon triplets (4622 in total) or quadruplets (12 669 in total)
derived from human transcript annotations (Supplementary
Figure S5A, D, see Materials and Methods). The middle ex-
ons were set as alternative exons, resulting in two isoforms
for each exon triplet and four isoforms for each exon quadru-
plet. We performed MisER realignment on simulated reads
and found that as the accuracy of the reads decreased, the re-
call of the reads to the corresponding isoforms also decreased,
with approximately 15-28% of the reads unable to be accu-
rately recalled to the exons with 90% sequencing accuracy
(Supplementary Figure S5B, E). Notably, most of microexons
with lengths of < 10 nt were misaligned even at 100% read ac-
curacy before MisER realignment. Moreover, the reads includ-
ing these alternative exons were often misassigned to isoforms
lacking the middle exons, leading to over-estimation of these
isoforms, ending up with low precision rates (Supplementary
Figure S5C, F). More importantly, after applying MisER re-
alignment, both the recall and the precision rates improved
significantly, particularly for isoforms containing microexons
no longer than 10 nt. Nevertheless, we additionally built arti-
ficial exon triplets and quadruplets using random sequences,
performed the same sequencing accuracy simulation analysis,
and obtained similar performance metrics of MisER (Supple-
mentary Figure S6A-F, see Materials and Methods).

Detect and realign misaligned small exons in
sequins long-read sequencing data

We applied MisER to ONT ¢DNA long-read sequencing data
from sequins to investigate the impact of microexon misalign-
ment on reads and isoforms. We observed significant improve-
ments of read alignments for small exons. Of note, not only
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single alternatively spliced exons (R2_24, 15 nt) but also al-
ternatively spliced exons in tandem (R2_57, 39 and 24 nt)
(Figure 3A-B) were rescued. We quantified changes in read
counts for exons (< 80 nt) within sequins transcripts before
and after applying MisER realignment (Figure 3C. Supple-
mentary Figure S7A, see Materials and Methods). MisER im-
proved the correlations between the read counts and the an-
notated concentrations of these small exons in all samples of
sequins. For sequins mixA replicate 2, Pearson correlation be-
tween the read counts of MisER resecured small exons and the
annotated concentration improved from 0.91 to 0.95 (Figure
3C). The top four exons with the largest changes in relative
read counts after realignment were from genes R2_24 (15 nt),
R2_57(39 and 24 nt),and R2_72 (18 nt). Moreover, the num-
ber of misaligned reads increased when the kmer size increased
in the mapping process (Supplementary Figure S8). We found
that 2.4-8.5% spliced reads contained misaligned exons (with
MisER D, threshold 0.5 and L, threshold 80) across three
different kmer sizes (10, 15 and 20 nt) in minimap2. The mis-
alignment problem has been slightly alleviated by using small
kmer, but it may cause unwanted splits in exons and increase
the burden of calculation. Specifically, for the mapping using
15 nt kmer, we found the mapping of 3.6% reads on 33 small
exons are adjusted after MisER realignment in four sequin
samples, involving 41 isoforms.

Furthermore, we quantified transcript isoforms of sequins
before and after MisER adjustment (Supplementary Figure
S9), and calculated their quantification changes. Transcript
quantifications are compared with annotated concentrations
(Figure 3D, Supplementary Figure S7B, Supplementary Ta-
ble S3). Among the 103 transcript isoforms with read counts
of more than 10 in sequins mixA replicate 2, 12 isoforms
(11.7%) showed an improvement of > 10% for quantifica-
tion. The Pearson correlation between the changed isoforms
and annotated concentrations increased from 0.85 to 0.90
(Figure 3D). In addition to transcript quantification using read
counts, isoform usage (ratio of transcript count over gene
count) is often calculated to assess regulation of alternative
splicing. Hence, we also calculated the changes in isoform us-
age as an additional benchmark. Improvements in transcript
read counts also enhanced the quantification of isoform us-
ages in genes (Figure 3E, Supplementary Figure S7C). Notably,
we focused on three transcript isoforms (R2_24_1,R2_57_2,
R2_72_4) that contained the most prominently changed four
exons. MisER increased the read counts of these isoforms
(R2_24_1: from 0 to 28; R2_57_2: from 40 to 150; R2_72_4:
from 2677 to 15 514) and their isoform usages are more con-
cordant with the percentages calculated based on the anno-
tated concentrations after correction (Figure 3F). Taken to-
gether, these results demonstrate that MisER improves the
quantification of transcript isoforms, especially those contain-
Ing microexons.

Detect and adjust misaligned small exons in human
lymphoblastoid long-read sequencing data

We applied MisER to cDNA and direct RNA ONT sequencing
data for the human lymphoblastoid GM12878 cell line (21).
We observed significant improvements in read alignments
with small exons, for example, the microexons in VPS29 and
UCHLI1 genes (Figure 4A, B). In fact, 3.1% spliced reads in
¢DNA and 2.1% in direct RNA were misaligned (with MisER
D, threshold 0.5 and L, threshold 80). The misalignment ratio
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was calculated for all exons no longer than 80 nt in gene anno-
tations (Figure 4C, D). Notably, for exons no longer than 50
nt, the cumulative average misalignment ratio reached 50.1%
in cDNA and 44.5% in direct RNA, while this value increased
to 73.5% (cDNA) and 71.0% (direct RNA) when exons no
longer than 30 nt (Supplementary Tables S4, S5). The mis-
alignment ratio further rose to 89.8% in cDNA and 91.3%
in direct RNA for exons shorter than 20 nt. These results
demonstrated that microexons are pervasive in human tran-
scriptomes. Nevertheless, ONT direct RNA sequencing data
displayed relatively lower misalignment ratios compared to
ONT cDNA sequencing data (Supplementary Figure S10),
which may be explained by the sequence accuracy difference
between them. MisER effectively detected and adjusted these
misalignments through local realignment, underscoring its im-
portance for accurate quantification and further alternative
splicing analyses involving human microexons.

MisER improves the identification and
quantification of neural-regulated microexons in
human long-read sequencing data

To study microexons that are potentially related to the neu-
ral function, we performed MisER approach to a comprehen-
sive human long-read dataset comprising 84 ONT cDNA se-
quencing libraries from 30 human tissues, encompassing 14
neural and 16 non-neural tissues (22). Our analysis revealed
a widespread misalignment of microexons (< 30 nt) in all
samples (Supplementary Figure S11A). The realignment sub-
stantially increased the number of detected alternative spliced-
in (ASI) microexons in the cassette exon events, with exons
shorter than 10 nt being identified only after realignment (Fig-
ure 5A). Notably, these microexons (3~10 nt) significantly
overlapped with the neural-regulated microexons previously
identified with short-read sequencing datasets (2) (Figure 5B).
Furthermore, the sequences around these microexons, includ-
ing both the upstream and downstream flanking intronic re-
gions, displayed higher conservation compared to sequences
around longer alternative exons (Figure 5C), which is con-
sistent with the previous studies (2,5). In addition, we ob-
served significantly more ASI microexons (< 30 nt) in the
neural samples, particularly for microexons shorter than 10
nt (Figure 5D, Supplementary Figure S11B). Moreover, we de-
fine the difference in percent spliced-in index (PSI) between
neural and non-neural samples as delta PSI. We found the val-
ues of delta PSI in microexons (< 30 nt) were significantly
higher than large exons (> 51 nt) (Figure SE), as well as test-
ing across all brain regions individually (Supplementary Fig-
ure S11C), which is consistent with the previous report (2).
Furthermore, these findings were corroborated by analyzing
short-read sequencing data from the GTEx datasets (dbGaP
Accession phs000424.v8.p2) across 54 human tissue regions
(Supplementary Figure S12).

Through the comparisons of the ASI exons between neural
and non-neural samples from ONT ¢cDNA sequencing data,
we classified 174 exons as neural up-regulated exons (ad-
justed P-value < 0.05 and delta PSI > 25%) and 133 ex-
ons as neural down-regulated exons (adjusted P-value < 0.05
and delta PSI < —25%) (Supplementary Figure S13). Among
them, eight microexons (< 10 nt) were neural up-regulated
(Figure SF). Notably, two micoexons in AP1S2 and APBB1
genes were previously reported to be misregulated in autism
spectrum disorder (ASD), which might impact neuronal de-
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velopment and synaptic functions (2). The microexon spliced- quantifications of the transcript isoforms (Figure SH, J). In
in event in AP1S2 was further identified in a neuroblastoma fact, the significant differences of the microexon involving iso-
differentiation dataset (human SH-SYSY cell line) (27). The forms between neural and non-neural samples were only iden-
transcript isoform (ENST00000545766), which contains a 9 tified after MisER realignment. More importantly, the two iso-
nt microexon, significantly increased during the transition of  forms (ENST00000609360 and ENST00000608704), which
neuroblastoma from a neuroblast-like state to a neuronal-like included the 6 nt microexon in APBB1 gene, exhibited a dis-
state (Supplementary Figure S14). Read alignments demon- tinct level of changes between neural and non-neural samples.
strated that these two microexons were only detected after ~ These subtle variations in isoform quantification are challeng-
MisER realignment (Figure 5G, I). Realignment changed the ing to detect using short-read sequencing due to the longer
mapping result of these microexons and further influenced the  length of full transcript isoforms and relatively small differ-
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ences in splicing patterns. This example shows the advantage
of long-read sequencing and the necessity of MisER approach.
Therefore, these results underscored the impact of misaligned
small exons in ONT sequencing data and highlighted the rel-
evance of our tool in rectifying misalignments specifically as-
sociated with microexons. As a result, our tool significantly
improved the analysis of microexon alternative usage, as well
as the detection and quantification of transcript isoforms con-
taining small exons.

Discussion

We systematically evaluated the issues of small exon mis-
mapping and found the length of misaligned sequence cor-
related well with exon size. Thus, we defined the delta ra-
tio to help find regions containing misaligned small exons
and further developed a post-processing approach to adjust
the alignments around them. Results show that small exons
with a size no longer than 50 nt may be lost in mapping pro-
cedure and microexons less than 20 nt are almost entirely
lost. To our knowledge, this is the first systematic bench-
mark on how small exons misalign and how transcript iso-
forms are affected by the misalignment. In fact, these misalign-
ments influence the transcript isoform detection, as one small
exon missing, the read would be wrongly assigned to another
transcript isoform without the small exon. This raises con-
cerns about the novel transcript isoforms identified in long-
read data with small exon skipping, which may be caused
by misalignment (28-30). Hence, MisER would be needed
to identify bona fide new transcripts with exon skipping
events.

For transcripts containing small exons, a transcriptome an-
notation with splice sites information is typically required
in the alignment process to improve read mapping. MisER
also needs a transcriptome annotation to perform local re-
alignment in order to adjust the mapping of small exons.
Some alignment tools like minimap2 offers option to perform
annotation-dependent alignment. Such annotation-dependent
alignment may reduce the chance of small exon misalign-
ments. However, it’s not suited for novel isoform discovery,
especially important for improving transcriptome annotation.
In addition, annotation-dependent mapping requires an accu-
rate and complete transcript annotation, which is not always
available for organisms under investigation. MisER performs
local realignment and compares the alignment scores to deter-
mine whether the exon is misaligned or not, which can help to
avoid problems caused by incorrect annotations of splice sites
on small exons and others. Therefore, MisER is not depending
on the quality of small exon annotations, which is very valu-
able for transcriptome analysis of species in which genome
annotation is not as accurate and complete as the human
genome. In fact, one could use short-read data to improve the
annotation of small exons through assembling or microexon
detection specific tools for non-model organisms, then apply
MisER to evaluate and improve the alignments around the
small exons in long-read data. In addition, MisER is a univer-
sal complementary approach after annotation-free mapping
approach, as MisER carries out an automatic scan to fix and
update the alignment in all reads in BAM format. Therefore,
MisER should be a general post-alignment approach that can
be run on BAM alignment file to accurately evaluate and re-
vise the alignment of ONT RNA reads. In fact, MisER is suit-
able for most approaches of long reads isoforms identification
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and quantifications, such as FLAIR, FulQuant, TALON and
Bambu (17,18,25,31), as one step of BAM file refinement for
small exons.

MisER shows high sensitivity for alignment issues with mi-
croexons, but we also notice that the MisER realignment pro-
cess does not always fix the missed larger exons. As MisER
performed local realignment, the larger constitutive exon
missing was likely caused by sequencing errors rather than
alignment issues (14). The sequencing errors could generate
low quality or big deletion regions in nanopore reads. In fact,
direct RNA sequencing data indicates a relatively lower mis-
alignment ratio than cDNA, which may be due to the differ-
ence in reads quality (direct RNA median quality 10.6, cDNA
median quality 9.1) (21) and the difference in mapping strat-
egy (direct RNA uses -uf parameter and cDNA uses -ub pa-
rameter). Misalignment errors are alleviated in read sequences
with high accuracy for exons ranging from 20 to 50 nt. How-
ever, our analysis of simulated data indicates that microexons
with lengths less than 20 nt still experience severe misalign-
ment problems, even with 100% sequence accuracy. This rep-
resents a systematic alignment issue, as minimap2 is unable to
set anchors on microexons whose lengths are less than or close
to the kmer size. High-accuracy sequencing methods, such as
Pacbio HiFi sequencing, should also be cautious of the risk
of microexons misalignments when using minimap2 without
transcript annotations.

In addition to the exon missing problem, there are other
kinds of alignment errors around splice sites. Future meth-
ods that provide base-level local realignment near the splice
sites would further improve the alignment and transcript iso-
form identification of long-read RNA sequencing data. In
fact, there are inherent features of ONT reads around the
misaligned exons, such as more mapping errors near the
splice sites compared to correct mapped exons. More sophis-
ticated algorithms could be developed to correct the mis-
alignment problems in an annotation-free style in the fu-
ture, which would be very helpful for non-model organ-
isms with less accurate transcript annotation. Moreover, tem-
plate switch during the reverse transcription and PCR am-
plification for cDNA sequencing, may cause the loss of par-
tial sequences, which may aggravate the problem (32,33).
Taken together, more comprehensive studies are needed to
explore the misalignment issue of larger exons than small
exons.

Data availability

MisER is an open source python3 software, which is available
in the Zenodo depository, at: https://doi.org/10.5281/zenodo.
8345036. Our analyses were based on published datasets. Se-
quins mixes cDNA data is available in the GEO database
under accession number GSE151984. The cDNA and direct
RNA sequencing data for human lymphoblastoid GM12878
cell line are available from https://github.com/nanopore-wgs-
consortium/NA12878. ONT cDNA sequencing datasets of 30
human tissues, including 84 ONT cDNAsequencing libraries
(using R9.4.1 and R10.3 flow cells, SQK-LSK109 sequenc-
ing kit), are available in the GEO database under accession
number GSE192955. ONT cDNA sequencing data of samples
representing the differentiation of neuroblastoma (human SH-
SYSY cell line, 5 samples) into neuronlike cells (5 samples) are
available in the ENA database under accession number PR-
JEB44502.
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Supplementary data
Supplementary Data are available at NAR Online.
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