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Inefficient splicing of long non-coding RNAs is associated with higher transcript
complexity in human and mouse
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ABSTRACT ARTICLE HISTORY
Recent reports show that long non-coding RNAs (IncRNAs) have inefficient splicing and fewer alternative Revised 23 July 2023

splice variants than mRNAs. Here, we have explored the efficiency of IncRNAs and mRNAs in producing Accepted 26 July 2023
various splice variants, given the number of exons in humans and mice. Intriguingly, IncRNAs produce
more splice variants per exon, referred to as Transcript Complexity, than mRNAs. Most IncRNA splice
variants are the product of the alternative last exon and exon skipping. LncRNAs and mRNAs with higher messenger RNA: transcript
transcript complexity have shorter intron lengths. Longer exon length and GC/AG at 5'/3’ splice sites are complexity; alternative
associated with higher transcript complexity in IncRNAs. Lastly, our results indicate that inefficient splicing; splice variant
splicing of IncRNAs may facilitate multiple introns splicing and, thus, more spliced products per exon.
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Introduction

Over the years, IncRNAs gained attention and from being
considered junk became an essential regulatory layer of
the transcriptome. IncRNAs are significant players in tran-
scriptional regulation, guiding molecules, alternative spli-
cing, protein translation, chromatin modifications, and
spatial conformation [1,2]. Apart from regulatory func-
tions, IncRNAs are the cornerstone of innumerable disor-
ders of complex aetiology, such as cancer, diabetes,
autoimmune disorders, and many more [3,4]. The dereg-
ulation of IncRNAs is associated with the development
and progression of various cancer types, making them
suitable as biomarkers for cancer diagnosis and prog-
nosis [5,6].

Although most IncRNAs and mRNAs are transcribed by
RNA Polymerase II and undergo the same RNA proces-
sing steps, i.e. capping, splicing, and polyadenylation,
IncRNAs show lower expression levels and higher tissue-
specificity compared to mRNAs [7,8]. Alternative splicing
increases the transcriptome diversity of both IncRNAs and
mRNAs. Based on some initial investigations, IncRNAs are
inefficient in splicing compared to mRNAs and have
a lower number of spliced products (transcripts) [9-12].
Recently, splicing efficiency has been measured by the
number of RNA-seq reads mapped to spliced versus
unspliced transcripts [10]. As reported in several studies,
different organizational and structural features such as
average intron length, 5° and 3’ splice site dinucleotides,
splice site strength and evolutionary conservation, higher
thymidine content in the polypyrimidine tract, and con-
sensus sequence of branch points may explain the lower
number of spliced variants of a gene [10,12-14]. Also,
high epigenetic regulation (e.g. H3K9me3 histone modifi-
cation), lower interaction with splicing factors (e.g.
U2AF65 binding), fewer SR proteins binding sites, and
absence of RNA polymerase II phosphorylation over 5’
splice site reduce the efficiency of alternative splicing
[10,12,14-16].

In this study, we explored the ‘Transcript Complexity’
(TC) mRNAs and IncRNAs considering the number of
transcripts (splice variants) per exon. Also, we investigated
how different structural, organizational, and IncRNA-
specific features contribute to the higher TC of IncRNAs.
We have used gene annotations from the GENCODE pro-
ject to calculate TC [17]. The results are compared for
transcripts with different Transcript Support Levels (TSLs)
to confirm that the findings are not because of poorly
supported transcript models. Strikingly, all the analyses
revealed that the TC of IncRNAs is significantly higher
than mRNAs. To further validate our observation, the
study was repeated using annotation data from other data-
bases and removing the targets of nonsense-mediated
mRNA decay (NMD). We have compared different factors
involved in TC and how they are distinct in human and
mouse IncRNAs and mRNAs. The analysis of splicing fea-

tures revealed a significant distinction between alternative
splicing events in IncRNAs and mRNAs. We observed that
IncRNAs with high TC are associated with shorter intron
length, longer exon length, GT > GC at 5 splice site, low
splice site strength, and splicing inefficiency. Finally, using
linear regression, we found that exon length and 5 splice
site dinucleotide are the determinant features of TC for
IncRNAs.

Materials and methods
Data collection

The list of protein-coding mRNAs and IncRNAs is collected
from the GENCODE. For humans, data from the release v38
annotated on the genome sequence GRCh38 (gencode.v38.
basic.annotation.gtf.gz) and for mouse release M28 annotated
on the genome sequence GRCm39 (genocode.vM28.basic.
annotation.gtf.gz) was used. Protein-coding mRNAs and
IncRNAs were selected from the basic annotation file when
the gene, transcript, and exon were indicated as ‘protein_cod-
ing’ and ‘IncRNA’, respectively. Table S1 shows the total
number of genes, transcripts, and exons extracted from the
annotation file and Transcript Per Gene (TPG) and Exon Per
Gene (EPG) values were calculated for both species. TPG is
calculated by dividing the total number of transcripts by the
total number of genes. Similarly, EPG is calculated by dividing
the total number of exons by the total number of genes. Also,
mRNAs and IncRNAs are categorized based on the Transcript
Support Level data for some analyses. Transcript Support
Levels indicate how well supported a transcript model is
based on mRNA and EST alignments from UCSC and
Ensembl [18]. The total number of genes with different
TSLs is included in Table S3.

Total number of Transcripts

TPG =
Total number of Genes

Total number of Exons

EPG = Total number of Genes

The validation of the results obtained by using gene annota-
tion from GENCODE release v38 for humans was obtained by
repeating the analysis with annotation data from three differ-
ent databases: the Refseq database at  NCBI
(GRCh38_latest_genomic.gtf) [19], the Ensembl database
(Homo_sapiens.GRCh38.109.gtf) [20] and the T2T Consortia
data from GENCODE (gencode.v43.basic.annotation.txt) [21]
(Table S11).

Transcript complexity (TC) calculation

As mentioned, a gene’s TC is calculated as the number of
transcripts per exon. For the calculation of TC for each
gene, the number of transcripts and exons are extracted
from basic annotation datasets (v38 for humans and vM28
for mice).



_ Number of Transcripts

TC
Number of Exons

Nonsense-mediated mRNA decay data

The enhanced UV crosslinking and immunoprecipitation fol-
lowed by high-throughput sequencing data for NMD analysis
is obtained from the eCLIP experiment on HepG2 against
UPF1 (GSE177267) [22]. The data was annotated using
annotatePeaks.pl command from the HOMER package [23]
and ‘protein_coding’ genes were filtered out as the targets of
the NMD pathway. These protein-coding mRNAs were then
removed from the basic annotation data for humans resulting
in 18,003 mRNAs. The TC of IncRNAs and mRNAs (- NMD
targets) was compared to show that the unstable transcripts
did not affect the result.

Alternative splicing analysis

The splicing event for each gene was characterized from the
GTF files of mRNA and IncRNA annotations from the
GENCODE database and the SUPPA tool [24]. The SUPPA
tool assigns alternative splicing events involving GC-AG and
GT-AG introns. The alternative splicing events (ASE) are
classified into the following types using the SUPPA tool:
skipping exons (SE), alternative 53 splice site (A5/A3 or SS
if both are considered together), mutually exclusive exons
(MX), retained intron (RI) and alternative first/last exon
(AF/AL or FL if both are considered together).

Exon and intron sequence analysis

Exon and intron sequences were retrieved using the Table
Browser tool from UCSC using human GRCh38 and mouse
GRCm39 sequences [25]. All single-exon genes are excluded
from intron analysis as they are not subjected to splicing. For
each transcript, the total intron length and exon length are
calculated. From each intron sequence, 5 splice site and 3’
splice site dinucleotide were extracted. The splice site strength
of humans was computed using the MaxEntScan web tool,
which generalizes most prior probabilistic models of sequence
motifs and is established on the ‘Maximum Entropy Principle
[26]. MaxEntScan web tool considers adjacent and non-
adjacent dependencies between positions and predicts the
strength of the splicing sequences.

MaxEntScan:score5ss takes the FASTA file consisting of
sequence motifs of 9 nucleotides (3 bases in exon and 6
bases in intron) as input and scores the 5 splice site.
Similarly, MaxEntScan:score3ss was used to score the 3“
splice site, and each sequence motif in the FASTA file
was 23 nucleotides long (20 bases in intron and 3 bases
in exon). The strength of the 5’and 3” splice site was
computed using all the provided scoring models
(Maximum  Entropy Model (MAXENT), Maximum
Dependence Decomposition Model (MDD), First-order
Markov Model (MM), and Weight Matrix Model
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(WMM)). The FASTA file of the sequence motifs used as
input for the MaxEntScan tool is obtained using the
“GencoDymo” R package version 0.2.1 [27].

Conservation analysis

The conservation of each intron’s 5 splice sites and 3’
splice sites were evaluated using phastCons data from
UCSC [28]. PhastCons score for multiple alignments of 99
vertebrate genomes to the human genome (hg38.
phastCons100way.bw) and 34 genomes to the mouse gen-
ome (mm39.phastCons35way.bw) was downloaded. For
each intron sequence, the position of the 5 and 3’ splice
sites were extracted from the intron sequence data (from
UCSC), and the phastCons conservation score was assigned
for each position. Further, the score was assigned for 10
nucleotides upstream and downstream for each 5’and 3’
splice site.

Splicing efficiency analysis

The high-throughput sequencing data for expression profil-
ing of human coding and non-coding genes were retrieved
from the GEO database for splicing efficiency analysis
[29,30]. The BAM files of the HEK293 cell line labelled
with 4-thiouridine for 15 min (GSM2257731), 30 min
(GSM2257734), 45 min (GSM2257737), and 60 min
(GSM2257740) were considered for the analysis. For each
alignment file, the splicing efficiency of the individual intron
was quantified using the SPLICE-q tool [31]. SPLICE-q takes
the BAM file with RNA-seq reads and the GTF file of the
reference genome as input and annotates the introns and the
splice junctions of the data. It then selects the split and
unsplit junction reads and computes splicing efficiency
based on the reads’ coverage and concise idiosyncratic
gapped alignment report (CIGAR). The formula used by
SPLICE-q to calculate splicing efficiency is-

S,
Z]E{Sﬁj} - 0<SE <1
> ety 3y (Si+N;)

where, i is intron and S and N represent the split and unsplit
reads for the 5" and 3’ splice sites.

SE; =

Statistical analysis

R version 4.2.1 was utilized for data analysis and statistics.
The Wilcoxon rank-sum test was used to compare the median
of TC for IncRNAs and mRNAs. The same test was also used
to compare the median of the number of exons, intron length,
exon length, and 5" and 3 splice site strength of IncRNAs and
mRNAs with low and high TC (Table S1, S4, S6, S9, S11). The
Kolmogorov-Smirnov test was performed to test the differ-
ence in cumulative distribution function of the splice site
strength of IncRNAs and mRNAs with low and high TC
(Table S1, S9, S10, S11). The correlation between the number
of transcripts and the number of exons; TC and the number
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of exons; TC and splicing efficiency of IncRNA and mRNA
was calculated using Spearman’s rank correlation test (Table
S1, 82, S10).

Linear model for the determinant feature of TC

The data for the linear model includes all the features of
TC: exon length, intron length, 5 and 3’ splice site dinu-
cleotide, conservation score, and strength of 5" and 3’ splice
site. Since the PhastCons score data from UCSC [25] is
unavailable for most genes, they are excluded from the final
dataset. Each feature and different combinations of features
were tested against TC using the caret R package [32], and
linear regression with the base R function Im was used to
determine R values. The dataset was divided into 75%-
25% for training and testing. The sign of correlation was
determined with the cor function. We performed 1000 per-
mutations of splitting the data into training and testing
datasets to obtain the distribution of R* for each feature
and model.

Results and discussions

Positive correlation between the transcript complexity
and number of exons

Similar to mRNAs, IncRNAs are also composed of exons and
introns. As previously reported, we also found that the TPG for
mRNAs is 1.5 times more than IncRNAs in humans and mice.
Similarly, the calculated EPG for mRNA is much higher com-
pared to IncRNA in both species (Table S1). Since most genes
have 1 to 4 transcripts, the reports till date are mostly on genes
with 1-4 transcripts. However, some genes may produce more
transcripts, given the number of exons. We measured the splice
variant efficiency by counting the number of transcripts reported
for a gene for the number of exons. We referred to this as
a measure of the gene’s TC. We first compared the TC of
mRNA and IncRNA genes based on the number of transcripts
per exon. As expected, there exists a positive correlation between
the number of transcripts and the number of exons for both
IncRNAs and mRNAs in humans (p, =0.57, p,pys =0.62)
and mice (p, =052, p,pyy=047) (Spearman correlation
test, p-value <2.2e-16) (Figure S1 and Table S2). It was observed
that with an increasing number of exons, the number of tran-
scripts increases exponentially for IncRNAs and mRNAs (Figure
S1B). The results remain the same for genes with different
Transcript Support Levels and with different annotation datasets
(Table S2, S11, Figure S4A).

The transcript complexity of IncRnas is higher than
protein-coding genes

The distribution of TC shows a slight bimodal distribution
for both IncRNAs and mRNAs. The median TC of

IncRNAs is higher than mRNAs in both humans
(medianj,.gna = 0.5, medianggna = 0.25) and mice
(medianj,cgna = 0.33,  mediang,gna =0.21) (Wilcoxon

rank-sum test, P-value <2.2e-16) (Figure 1A and Table

S2, S4). The results remain the same for genes with dif-
ferent Transcript Support Levels and with different anno-
tation datasets (Table S2, S4, S11, and Figure S2, S4B).
The median TC shows that the transcript complexity of
IncRNAs is higher than the mRNAs even after removing
NMD-targeted mRNAs (Figure S3).

Alternative splicing events in long non-coding RNAs and
protein-coding genes

As alternative splicing events (ASE) play an important role
in increasing transcriptomic diversity from a single gene,
we next sought to test ASE contributing to higher TC for
IncRNAs than mRNAs. It is observed that for both
humans and mice IncRNAs, most of the transcripts are
generated by Alternative Last Exons (AL), whereas for
mRNAs, it is Alternative First Exons (AF) (Figure 1B).
After Alternative First Exons, mRNAs’ most prevalent
alternative splicing events are either AL for humans or
Skipping Exons (SE) for mice. In contrast, the second
prevalent alternative splicing event for IncRNAs is SE,
followed by AF for humans and mice (Figure 1B).
Although, AF is the most prevalent ASE for mRNA in
different annotation dataset, SE is the most prevalent for
IncRNA (Figure S4C). ASE does not affect the EPG values
in humans and mice as there is no difference in median of
the number of exons and the calculated EPG values for
different ASE (Table S5). The IncRNAs and mRNAs are
further divided based on median TC into two groups
(please see Methods and Materials). It is observed that
for mRNAs with either low or high TC, most of the
transcripts are generated by Alternative First Exons (AF)
in both humans and mice. On the contrary, IncRNAs with
high TC generate most of the transcripts through
Alternative Last Exons (AL), and the most prevalent ASE
for IncRNAs with low TC is Skipping Exons (SE) in both
species (Figure S5B). Thus, AL is the most common type
of ASE in IncRNAs and AF in mRNAs with high TC.

Shorter intron lengths and longer exon lengths are
associated with higher transcript complexity

As reported earlier, average exon and intron length may
explain the difference in the number of splice variants and
splicing efficiency in IncRNAs and mRNAs [12]. Thus,
exon and intron length may also contribute to the TC of
the gene. It was observed that mRNAs have higher median
exon and intron lengths than IncRNAs for humans and
mice (Table S6). To better understand features contributing
to higher TC, we divided IncRNAs and mRNAs into two
groups (low and high TC) based on the median TC of all
the genes (0.33 for humans and 0.25 for mice). It is
observed that genes (IncRNAs/mRNAs) with higher TC
have shorter intron lengths than genes with lower TC in
humans and mice (Wilcoxon rank-sum test, p <2.2e-16).
However, IncRNAs with higher TC have longer exons
than IncRNAs with lower TC in both species (Wilcoxon
rank-sum test, p <2.2e-16) (Table S6). Thus, there exists



a strong association between intron length and TC, irre-
spective of the coding potential of the gene. However,
longer exon length is associated with IncRNAs with high
TC, whereas an opposite trend is observed in the case of
mRNAs (Figure 2A).

GT > GC splice site and poor splice site strength are
associated with higher transcript complexity

Several splice site-specific features, such as dinucleotide at
5" and 3’ splice sites and splice site strength, can affect the
alternative inclusion or exclusion of particular exons,
thereby affecting TC. The introns of both IncRNAs and
mRNAs are divided into groups based on low and high
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TC, and the percentage of introns in each group is calcu-
lated for both humans and mice. It is perceived that most
introns have GT and AG as the 5’and 3’ splice sites, respec-
tively, for humans and mice. We found a high fraction of
introns with GT at the 5 splice site and AG at 3’ for low
TC genes (IncRNAs/mRNAs) compared to high TC genes
in humans and mice. GC at the 5 splice site is another
predominant dinucleotide for IncRNAs introns for both low
and high TC (Figure 2A and Table S7, S8). Reports suggest
that the GC splice site is an intrinsically weak donor site
and is present in only 1% of human introns [33,34].
Efficient selection of GC over GT at the 5 splice site is
associated with some strong exonic splicing enhancers and
weak splicing silencers [34].
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Figure 1. (A) Distribution of Transcript Complexity (TC) for IncRnas and mRnas in humans and mice and (B) Distribution of the fraction of transcripts generated by

different alternative splicing events for IncRnas and mRnas in humans and mice.
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We next compared the strength of regions near 5 and
3’ splice sites. MaxEntScan tool was used to assign the
computationally predicted strength score to 5 and 3’
splice sites for humans. For the donor splice site,
MAXENT, MDD, MM, and WMM scoring models were
used. It is observed that for each choice of scoring model,
IncRNA with high TC have the lowest splice site strength,
followed by IncRNA with low TC and mRNAs (Wilcoxon
rank-sum test <9.782e-05 and Kolmogorov-Smirnov test <
1.166e-10) (Figure 2B and Table S9). The result corrobo-
rates with previously reported inefficiency of splicing in
IncRNAs compared to mRNAs [11]. Similarly, for the
acceptor splice site, MAXENT, MM, and WMM were
used, and a similar trend of splice site strength was

observed (Wilcoxon rank-sum test<1.589e-05 and
Kolmogorov-Smirnov test <2.642e-14) (Figure 2B and
Table S9).

In contrast, there is almost no difference between the
strength of mRNAs with low and high TC near 5 splice
sites for MM and WMM scoring models and 3’ splice sites
for MAXENT scoring models. The low strength of the
IncRNA splice site regions can affect the splicing in two
possible ways i) by affecting the splicing silencer or enhancer

and ii) by selecting a non-canonical splicing factor and thus
promoting different inclusion and exclusion events. The
reduced splicing efficiency of IncRNAs has been associated
with low 5 splice site strength [14]. The inefficiency in
IncRNAs splicing may allow different non-canonical splicing
events, thereby, more TC.

Low multi-vertebrate conservation of splice sites in
introns of mMRNA with high transcript complexity

Previous reports indicate that introns having a higher con-
servation score of splice sites have a low frequency of
alternative splicing [35]. Thus, the conservation score of
splice sites in introns should be inversely associated with
the TC of a gene. We noticed that for both 5 and 3’ splice
sites, IncRNAs having low and high TC have low conserva-
tion scores and are almost constant across upstream and
downstream of the splice site position in both species. This
observation can be because of unavailability of the
PhastCons score downloaded from UCSC for most of the
genes. For mRNAs, it is observed that genes with high TC
have low conservation scores than genes with low TC at
both 5" and 3’ splice sites in humans and mice (Figure 3A
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and Figure S6). Taking a clue from this, low conservation
or strength of splice sites for any gene may contribute to
the flexibility of exon to be spliced in or out and thus may
contribute to more TC.

Low splicing efficiency of long non-coding RNAs is
associated with high TC

Since, the splicing inefficiency of long non-coding RNAs
has been linked with low 5’ splice site strength, we next
examined if the high TC of IncRNAs is due to its splicing
inefficiency. We used the nascent RNA dataset available
for the HEK293 cell line labelled with 4-thiouridine for
15, 30, 45, and 60 min (please see Methods and
Materials). Surprisingly, we found a negative correlation
between the TC of IncRNAs and their splicing efficiency
(fraction of reads mapped on spliced vs. unspliced forms)
(for 15 min: —0.592,crna VS —0.07,rna; for 30 min:
—0.6351,crna VS —0.14,rna; for 45 min: —0.5811,crna VS
—0.132,,qna; fOr 60min: —0.6951,cxna VS —0.097,rnas
P value <2.2e-16). Overall, the distribution of splicing
efficiency of IncRNAs is lower than mRNAs for all time
points (P value < 2.2e-16). Among the two categories in
high and low TC in IncRNAs and mRNAs, IncRNAs with
high TC have the least splicing efficiency, and mRNAs
with low TC have the highest splicing efficiency
(Figure 3B, Figure S7). The splicing efficiency of
IncRNAs is lower than mRNA genes with matched num-
bers of exons (Figure S7). Splicing efficiency shows
a reverse pattern to TC (Figure S1B, Figure S7, and
Table S10), suggesting a strong association of the splicing
efficiency of a gene with its TC.

Exon length and 5’ splice site predict the transcript
complexity for IncRnas

To find the determinant feature of TC, we first evaluated
the individual features: exon length, intron length, 5° and
3’ splice site, 5> and 3’ their strength and coding potential.
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As expected, exon length and coding potential were the
most determinant features. We then 13 linear models for
IncRNAs and mRNAs separately. Exon length, intron
length, 5 and 3’ splice site and their strength, and combi-
nations of these parameters are used to develop models for
IncRNAs and mRNAs. The first six models consider indi-
vidual features. For both datasets, exon length is the most
important determining feature (Figure 4). The second
most important feature is the 5’ splice site for IncRNA
and intron length for mRNA. Further, the linear model is
built and evaluated using a combination of two important
features. Interestingly, the linear models having exon
length as one of the features out of the two show the
best R? values. There is no significant increase in the R*
values by adding additional features, as shown in the last
four models. Thus, exon length and 5’ splice site are
determining features for both IncRNA and mRNA data-
sets. Longer exon length and GC at 5 splice site are
associated with higher TC in IncRNAs, whereas shorter
exon length and GT at a 5 splice site are associated with
higher TC in mRNAs. Shorter exon length combined with
shorter intron length can also be associated with higher
TC in mRNAs.

LINC01934 is a long non-coding RNA with 8 tran-
scripts spliced product of 36 exons. The transcript com-
plexity is below the median TC of the genome; therefore,
an example of low TC IncRNAs has 136 nucleotides med-
ian exon length, and GT at 5’splice site. LAMTOR5
Antisense RNA 1, which acts as sponge IncRNA and
regulates cancer progression, is an example of high TC
IncRNA [36,37]. It has 17 transcripts as splice products of
36 exons with 178 nucleotides median exon length and
prevalence of both GT and GC at 5 splice site. ANKRD44
(Ankyrin Repeat Domain 44) is a protein-coding gene
associated with diseases, such as epilepsy and cancer,
etc., is a mRNA with low TC [38,39]. This gene has only
5 transcripts splice products from 35 smaller exons (88
nucleotides, median exon length) and comparatively
longer introns (2875 nucleotides, median intron length).
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Figure 3. (A) Distribution of PhastCons conservation score of 5'and 3’ splice sites and +10 base pairs in IncRnas and mRnas with low and high TC for human
(B) Splicing efficiency of low and high TC IncRnas and mRnas in human [GEO Dataset: GSE84722; Homo sapiens HEK293 cell labelled with 4-thiouridine for 15 minutes
(Sample: GSM2257731), 30 minutes (Sample: GSM2257734), 45 minutes (Sample: GSM2257737) and 60 minutes (Sample: GSM2257740)].
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Figure 4. Depicts the R for each model taking different features of TC calculated based on 1000 permutations of splitting data into training and testing sets for

IncRnas and mRnas of human.

An example from protein-coding gene with high TC is
NDUFS2 (NADH: Ubiquinone Oxidoreductase Core
Subunit S2) which is involved in respiratory electron
transport and mitochondrial complex I deficiency disease

has 14 transcripts spliced from 35 exons and smaller
intron length (261 nucleotides, median intron length)
[40] (Table S12). These examples strengthen the broad
generalizations made in this study.



Conclusion

In the present study, we measured the TC of a gene consider-
ing the number of exons. Most previous studies have com-
pared the splicing efficiency of genes by counting the number
of transcripts or calculating reads mapped to spliced to
unspliced form. Here, we compared the splice variant effi-
ciency of a gene based on the number of transcripts per exon
and referred to it as TC. Previous studies focused on the
splicing efficiency of the transcript and have reported strong
dependences of splicing kinetics on the nature and position of
5’ splice site flanking sequences [14]. The low strength of the
5" splice site and intron length has been associated with
inefficient IncRNA splicing. Our findings suggest that
IncRNAs have higher TC or multiple splice variants per
exon than protein-coding mRNAs.

It is also observed that most of the transcripts (splice
variants) of IncRNAs are generated by Alternative Last
Exons (AF). In contrast, transcripts of mRNAs are the
product of Alternative First Exon (AL) in humans and
mice. We showed that IncRNAs with high TC are asso-
ciated with shorter intron lengths and longer exon lengths
in humans and mice. As reported previously, we also found
GT and AG as the major 5" and 3’ splice sites, respectively.
Our result indicates that GC at the 5 splice site is another
predominant dinucleotide in IncRNAs with high TC and
lower splice site strength than mRNAs. Multi-vertebrate
conservation analyses revealed that IncRNAs with low and
high TC have low conservation scores at both 5 and 3
splice sites and are almost constant upstream and down-
stream of the position. In contrast, mRNAs with low TC
have higher conservation scores than genes with high TC at
5 and 3’ splice sites in humans and mice. The splicing
efficiency analyses on different datasets show that
IncRNAs with high TC undergo inefficient splicing.

This study opens a pandora of questions needed to be
explored further. Is higher TC of IncRNAs dependent on the
sequence length between the 3’ splice site and the branch
point or shorter polypyrimidine tract (PPT), resulting in
inefficient splicing and more TC? Are these transcripts
enriched by specific SRSF binding motifs, splicing silencers,
and enhancers? Is there binding of differentially expressed
RNA binding proteins which inhibit the splicing of groups
of IncRNAs resulting in their nuclear retention? Is TC linked
to the sub-cellular localization of the transcripts? How does
the binding affinity of Ul to 5’ss upstream or the binding of
cofactors on the branching point affect the TC? Does GT >
GC affect the splicing kinetics and, thus, the TC? What is the
role of 5 splice site sequence strength in deciding alternative
splicing?

Although there are many unanswered questions, this study
is the first to report a comparison of TC of IncRNAs and
mRNAs in both human and mouse transcriptomes and relate
it to splicing efficiency and associated sequence features. This
study also reports that the exon length and 5 splice site are
the determinant features of Transcript Complexity in humans.
Further studies on finding mechanisms and linking splicing
efficiency to TC would help to understand alternative splicing
in IncRNAs.
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