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INTRODUCTION

Genome annotation aims to identify and understand the 
functional elements of a genome (Stein, 2001), which not 
only reveals important biological processes, such as gene 
expression variability and evolutionary conservation 
among species (Fair et al., 2020; Kaplow et al., 2021), but 
also informs genomic predictions and genome- wide asso-
ciation studies (Nani et al., 2019; Weissbrod et al., 2020). 
Several international consortia, such as the Encyclopedia 

of DNA Elements (ENCODE Project Consortium, 2004) 
and Functional Annotation of the Mammalian Genome 
(FANTOM; Kawaji et al., 2009), focus on identifying and 
annotating functional elements in the human genome 
and have expanded their work to several model species. 
Motivated by these projects, the Functional Annotation 
of Animal Genomes Consortium (FAANG) has been 
focusing on the functional annotation of genomes in do-
mesticated animal species (Andersson et al., 2015; Clark 
et al., 2020; Giuffra et al., 2019).
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Abstract
The annotation of animal genomes plays an important role in elucidating 
molecular mechanisms behind the genetic control of economically important 
traits. Here, we employed long- read sequencing technology, Oxford Nanopore 
Technology, to annotate the pig transcriptome across 17 tissues from two 
Yorkshire littermate pigs. More than 9.8 million reads were obtained from a 
single flow cell, and 69 781 unique transcripts at 50 108 loci were identified. 
Of these transcripts, 16 255 were found to be novel isoforms, and 22 344 were 
found at loci that were novel and unannotated in the Ensembl (release 102) and 
NCBI (release 106) annotations. Novel transcripts were mostly expressed in 
cerebellum, followed by lung, liver, spleen, and hypothalamus. By comparing 
the unannotated transcripts to existing databases, there were 21 285 (95.3%) 
transcripts matched to the NT database (v5) and 13 676 (61.2%) matched to the 
NR database (v5). Moreover, there were 4324 (19.4%) transcripts matched to the 
SwissProt database (v5), corresponding to 11 356 proteins. Tissue- specific gene 
expression analyses showed that 9749 transcripts were highly tissue- specific, and 
cerebellum contained the most tissue- specific transcripts. As the same samples 
were used for the annotation of cis- regulatory elements in the pig genome, the 
transcriptome annotation generated by this study provides an additional and 
complementary annotation resource for the Functional Annotation of Animal 
Genomes effort to comprehensively annotate the pig genome.
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The domestic pig (Sus scrofa) is an economically 
significant livestock species and a relevant biomedical 
model (Lassaletta et al.,  2019; Lunney,  2007; Lunney 
et al., 2021). Consequently, there are both agricultural 
and medical interests in improving the functional an-
notation of the porcine genome. Most annotations of 
the pig transcriptome were mainly based on short- read 
sequencing technologies (Jin et al.,  2021; Summers 
et al., 2020), which require the reconstruction of tran-
scripts, and thereby are subject to the difficulties with 
assembly, phasing and identification of transcript iso-
forms (Hu et al., 2021). Recently, long- read sequencing 
data have greatly improved the pig genome annotation 
(Beiki et al., 2019; Li et al., 2018). There are currently 
two long- read sequencing platforms, developed by 
Pacific Biosciences (PacBio) and Oxford Nanopore 
Technologies (ONT), respectively. Li et al.  (2018) 
found more than 26 000 novel genes and 92 000 novel 
alternative splicing events in the pig genome based 
on PacBio Iso- Seq data collected from Large White 
pigs. Beiki et al.  (2019) applied the same sequencing 
technology for transcriptome annotation of nine tis-
sues from a single White cross- bred pig and charac-
terized the transcript variability among them. Despite 
the novel findings by these studies, there is still great 
potential to further improve pig genome annotations, 
especially of full- length and isoform transcripts. For 
example, after adding the novel genes (10 465) identi-
fied by Beiki et al. (2019) to the reference genome, the 
number of annotated genes (~36 000) is still much lower 
than that in human (~57 000; Zerbino et al., 2018). Even 
in human, thousands of novel transcripts were found 
using long- read sequencing technologies recently 
(Leung et al., 2021; Veiga et al., 2022), which indicates 
the complexity of transcriptome and a huge potential 
to further explore it.

ONT sequencing can generate more and longer 
reads per f low cell than PacBio Sequel II (Garalde 
et al., 2018), and has been widely used in a variety of 
species, including human (Jain et al.,  2018), mouse 
(Sessegolo et al.,  2019), cattle (Halstead et al.,  2021), 
maize (Peng et al., 2021), and yeast (Istace et al., 2017). 
The sequence error of ONT is higher than short- read 
methods (Halstead et al., 2021), but ONT can sequence 
the entire transcript at once and capture the complex 
transcript structure (Glinos et al.,  2022). By compar-
ing to reference genomes (e.g., Ensembl and NCBI), 
the individual sequence error can be largely minimized 
through appropriate filtering. In this study, we aim 
to show the potential of ONT sequencing in porcine 
transcriptome studies by applying it to a comprehen-
sive collection of pig tissues, and to expand the porcine 
transcriptome annotation by comparing our results to 
existing Ensembl and NCBI annotations.

M ATERI A LS A N D M ETHODS

Sample collection

Tissues used in this study were from the US FAANG 
pilot study as described in Tixier- Boichard et al. (2021), 
which generated a collection of tissues from different 
livestock animals for the investigation of functional ele-
ments of animal genomes. A total of 17 tissues, including 
brain cortex, cerebellum, hypothalamus, thyroid, heart, 
thymus, kidney, liver, lung, lymph, muscle, spleen, adi-
pose, duodenum, jejunum, ileum, and colon, were col-
lected from two littermate castrated male Yorkshire pigs 
at the age of 6 months. The animals were raised at the 
Michigan State University Swine Teaching and Research 
Center in East Lansing, MI, and tissues were collected 
following a humane slaughter under the USDA inspec-
tion. Six tissues (brain cortex, thyroid, heart, thymus, 
duodenum, and colon) were only available from one ani-
mal, while the rest were from both animals, resulting in 
28 samples in total. All the tissues were stored at −80°C 
until RNA extraction. The sample collection was con-
ducted according to the Protocol for Animal Care and 
Use no. 18464 (approved by Institutional Animal Care 
and Use Committee at the University of California, 
Davis).

RNA sequencing

Total RNA for all samples was extracted using a proto-
col reported in (Halstead et al., 2021; Kern et al., 2018). 
Briefly, we homogenized frozen tissues with Trizol rea-
gent (Invitrogen) and extracted RNA using the Direct- zol 
RNA Mini Prep Plus kit (Zymo Research). After checking 
the integrity of extracted RNA on the Experion electro-
phoresis system (Bio- Rad), we transferred 50 ng of RNA 
to a PCR tube (0.2 ml) and mixed with nuclease- free water 
to 9 μl. The RNA sample was incubated with 1 μl 10 μM 
VNP primer and 1 μl 10 mM dNTPs for 5 min at 65°C, 
and then cooled on a freezer block. Strand- switching 
buffer (4 μl of 5× RT buffer, 1 μl of RNaseOUT, 1 μl of 
nuclease- free water, and 2 μl of 10 μM strand- switching 
primer) was then added to the annealed RNA, and in-
cubated at 42°C for 2 min. After that, 1 μl of Maxima H 
Minus Reverse Transcriptase was added, and the reac-
tion was incubated at 42°C for 90 min, 85°C for 5 min, 
then held at 4°C to obtain the cDNA sample. A round of 
PCR was used to introduce barcodes to the cDNA using 
the Oxford Nanopore PCR barcoding expansion 1– 96 kit 
(Cat. No. EXP- PBC096). Barcoding PCR reactions were 
set up for each cDNA sample with 1 μl of PCR barcode, 
19 μl of first- strand cDNA and 20 μl of LongAmp Taq 2× 
master mix, and incubated for 3 min at 95°C (×1 cycle), 
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15 s at 95°C, 15 s at 62°C and 7 min at 65°C (×13 cycles), 
and 15 min at 65°C (×1 cycle), then held at 4°C. After pu-
rifying (1× Ampure XP Beads), eluting (20 μl of nuclease 
free water) and quantifying (Qubit), all the barcoded 
cDNA samples were pooled to a final volume of 47 μl. 
The DNA Technologies Core and Expression Analysis 
Laboratory at the University of California, Davis, per-
formed adapter ligation on the cDNA pool with the SQK- 
DCS109 kit. Finally, 50 fmol of adapter ligated library 
was loaded onto a PromethION flow cell (vR9.4.1) to ob-
tain the raw sequencing data.

Preliminary analysis of sequencing data

The raw sequencing data were first processed using 
pychopper (v2.5) to identify, orient, and trim the full- 
length reads, the qualities of which, including number 
of reads, read length, read quality, and read length 
N50, were then summarized using nanoplot (v1.32.1; 
De Coster et al.,  2018). The full- length reads were 
mapped to the Sscrofa 11.1 genome assembly using 
minimap2 (v2.17; Li,  2018), and then the chimeric and 
multi- mapped reads, as well as the reads with a mini-
mum quality score smaller than 10 were discarded. The 
mapped reads after filtering were counted using htseq 
(v0.13.15; Anders et al., 2015) based on the Ensembl an-
notation (release 102) to obtain the raw counts for gene 
features. To examine if the sampling procedures were 
correct and to investigate any potential outliers, a prin-
cipal components analysis was carried out based on 
raw gene counts transformed with the variance stabi-
lizing transformation algorithm implemented in deseq2 
(v1.26.0; Love et al., 2014).

Predicting transcript isoforms

We first merged the reads from all samples, and then 
used the StringTie pipeline (v2.1.5; Kovaka et al., 2019, 
https://github.com/nanop orete ch/pipel ine- nanop ore- 
ref- isoforms) to assemble all the mapped reads into 
potential transcripts. Only transcripts with exon depth 
≥2 and coverage  =  100%, as well as those on placed 
scaffolds were retained for subsequent analyses. After 
filtering, the remaining predicted transcripts were com-
pared to two reference genome annotations, Ensembl 
(release 102) and ncbi (release 106), using gffcompare 
(v0.11; Pertea & Pertea, 2020). Based on the classifica-
tion codes given by gffcompare (v0.11), predicted tran-
scripts were categorized into four groups: exact match 
with the reference annotation (class code ‘=’), novel iso-
forms (class codes ‘o’, ‘n’, ‘m’, ‘k’, ‘j’, and ‘c’), transcripts 
found at novel loci that were not annotated in the ref-
erence annotation (class codes ‘y’, ‘x’, ‘u’, and ‘i’), and 
potential artifacts (class codes ‘e’, ‘s’, and ‘p’) (Pertea & 
Pertea, 2020).

Characterization of predicted transcripts

We used suppa (v2.3; Trincado et al.,  2018) to identify 
alternative splicing events of the transcript isoforms, 
including alternative 3′ splice- site (A3), alternative 5′ 
splice- site (A5), alternative first exon (AF), alternative 
last exon (AL), mutually exclusive exons (MX), retained 
intron (RI), and skipping exon (SE). Besides, CPPred 
(Tong & Liu, 2019) was used to predict the coding po-
tential of each transcript. To interpret the function of 
predicted transcripts at novel loci, their sequences were 
compared against three databases: NT (NCBI non- 
redundant nucleotide, v5), NR (NCBI non- redundant 
protein, v5), and SwissProt (protein sequence database, 
v5). NT is a collection of sequences from multiple spe-
cies, and NR and SwissProt include protein coding 
sequences from multiple species. For transcripts match-
ing with the SwissProt database, the functions of cor-
responding proteins were identified using the DAVID 
database (v6.8; Huang et al., 2009a, 2009b) by including 
the Kyoto Encyclopedia of Genes and Genomes term 
(KEGG), and gene ontology terms (biological process, 
cellular component, and molecular function).

Transcript expression and tissue 
specificity analysis

To determine the expression of predicted transcripts, 
we extracted reference sequences of the predicted tran-
scripts using gffread (v0.12; Pertea & Pertea, 2020). The 
full- length reads generated by PyChopper were mapped 
to the predicted transcriptome (in FASTA format) using 
minimap2 (v2.17; Li, 2018). Then samtools (v1.10; Danecek 
et al., 2021) was used to extract the alignments, and the 
expression of predicted transcripts in transcripts per 
million (TPM) was determined using nanocount (v0.2.4; 
Leger, 2021). Based on the average TPM of a transcript 
over all tissues, transcripts were classified as highly (av-
erage TPM ≥10), moderately (1 ≤ average TPM <10), and 
lowly expressed (average TPM <1) (Halstead et al., 2021).

Two measurements of tissue specificity were calcu-
lated based on TPM. The global tissue specificity index 
(gTSI; Halstead et al., 2021; Julien et al., 2012) was calcu-
lated for each transcript as follows:

where TPMi is the average TPM of a certain transcript for 
tissue i, and n is total number of tissues (17 in this study). 
Since there were two replicates for some tissues while 
only one for the other, TPMi is either the mean TPM of 
two replicates or the TPM value itself of one replicate. 
The transcripts with max (TPMi) < 0.1 were considered as 
sequencing error and excluded from the calculation. The 

gTSI =
max

�

TPM
i

�

∑

i
TPM

i

, i = 1, … , n

https://github.com/nanoporetech/pipeline-nanopore-ref-isoforms
https://github.com/nanoporetech/pipeline-nanopore-ref-isoforms
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value of gTSI is between 0 and 1, and a gTSI close to 1 in-
dicates a high tissue specificity due to the dominance of 
a certain tissue in the expression of the transcript. Based 
on gTSI, transcripts were categorized as tissue- specific 
(gTSI ≥0.8), broadly expressed (gTSI <0.5), and biased 
toward a group of tissues (0.5 ≤ gTSI < 0.8). Another mea-
surement of tissue specificity, individualized tissue spec-
ificity index (iTSI, Julien et al., 2012), was calculated as 
follows:

The difference between gTSI and iTSI is that each 
transcript only corresponds to one gTSI value, but to 
a number (equal to the number of tissues) of iTSI val-
ues. In terms of interpretation, gTSI evaluates the tissue 
specificity of a transcript across all tissues, whereas iTSI 
evaluates the tissue specificity of a transcript for each 
tissue. For transcripts with iTSI ≥0.8, the corresponding 
biological functions, including gene ontology (molec-
ular function, cellular component, and biological pro-
cess) and KEGG pathway terms, were identified using 
g:Profiler (version e104_eg51_p15_3922dba; Raudvere 
et al., 2019) for each tissue.

RESU LTS

Data summary

The ONT sequencing data generated in this study can 
be found in the Sequence Read Archive (SRA) database 
of the National Center for Biotechnology Information 
with the identifier PRJNA671673 (https://www.ncbi.nlm.
nih.gov/biopr oject/ PRJNA 671673). The raw sequencing 

data contained 9.8 million reads in total, with an average 
GC content of 45%. After orienting and trimming, on 
average each sample had 303 295 full- length reads, a read 
length of 730.6 bp, a read length N50 of 873.2 bp, and a 
read quality of 11.2. Detailed summary information of 
each sample is shown in Table S1. The principal compo-
nents analysis based on the raw gene counts showed that 
biological replicates for each tissue clustered together 
(Figure  S1), which indicates proper sampling and se-
quencing procedures.

Based on the StringTie pipeline and filtering cri-
teria, 69 781 unique transcripts at 50 108 loci were 
predicted. Of these loci, 10  543 contained more than 
one transcript, resulting in ~1.4 transcripts per locus. 
There were 46 737 multi- exon and 23 044 single- exon 
transcripts, resulting in 4.6 exons per transcript on av-
erage. The average lengths of transcripts, exons, and 
introns were 2033.0, 443.6 and 4779.0 bp, respectively 
(Figure S2). Our transcriptome annotation is publicly 
available in the GitHub repository https://github.com/
liang end/Porci ne_Nanopore.

Comparison to reference genome annotations

The comparison of the predicted transcripts to 
Ensembl (release 102) and NCBI (release 106) anno-
tations is shown in Table  1. The results based on the 
two annotations were similar, except more matching 
intron chains, transcripts and exons were found using 
NCBI database. The characterization of each pre-
dicted transcript is shown in Figure  1a. More exact 
matches (class code ‘=’) were found when comparing 
to NCBI (Ensembl: 5610 transcripts, 8.0%; NCBI: 9351 
transcripts, 13.4%). There were 24 708 and 23 925 tran-
scripts (22 344 in common) categorized as novel loci 

iTSI =
TPM

i
∑

i
TPM

i

.

Transcript annotations

Predicted vs. Ensembl Predicted vs. NCBI

Sensitivity Precision Sensitivity Precision

Exon base 46.5 28.7 47.1 28.9

Exon interval 45.3 43.6 47.2 43.4

Intron interval 47.7 57.1 50.8 58.1

Intron chain 13.2 11.3 16.4 19.8

Transcript 13.8 8.0 16.4 13.4

Locus 34.6 9.7 50.6 14.8

Matching intron chains 5284 9270

Matching transcripts 5610 9351

Matching loci 4795 7395

Missed exons 81 173/222 894 (36.4%) 77 490/210 821 (36.8%)

Novel exons 97 533/214 967 (45.4%) 96 488/214 967 (44.9%)

Missed introns 73 428/190 892 (38.5%) 67 104/182 458 (36.8%)

Novel introns 59 574/159 394 (37.4%) 59 411/159 394 (37.3%)

TA B L E  1  Sensitivity and precision 
estimates of predicted transcripts 
compared to Ensembl (release 102) and 
NCBI (release 106).

https://www.ncbi.nlm.nih.gov/bioproject/PRJNA671673
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA671673
https://github.com/liangend/Porcine_Nanopore
https://github.com/liangend/Porcine_Nanopore
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(see Methods), and 23 445 and 19 947 transcripts (16 255 
in common) were categorized as novel isoforms com-
pared to Ensembl (release 102) and NCBI (release 106), 
respectively (Figure 1b). Most of the transcripts found 
at novel loci (~23%) were classified as fully contained 
within a reference intron. Of the transcripts that were 

novel to both Ensembl and NCBI (22 344 found at novel 
loci and 16 255 novel isoforms), most were expressed 
in cerebellum (16 402), followed by lung (13 545), liver 
(11 954), spleen (11 941), and hypothalamus (11 918). In 
addition, cerebellum also expressed the most unique 
novel transcripts (Figure 2).

F I G U R E  1  Characterization of predicted transcripts. (a) Classification of predicted transcripts compared to Ensembl (release 102) and 
NCBI (release 106). (b) Transcripts classified as novel loci or novel isoforms compared to Ensembl (release 102) and NCBI (release 106). (c) 
Frequency of alternative splicing events in predicted transcripts. (d) Alternative splicing events in predicted transcripts and Ensembl (release 
102).
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Characterization of predicted transcripts

A total of 13 219 alternative splicing events were iden-
tified for predicted transcript isoforms, most of the 
which were generated from skipped exon, followed by 
retained intron, alternative 3′- splice site, and alterna-
tive 5′- splice site (Figure  1c). For the Ensembl data-
base, many more alternative splicing events (28 887), 
especially skipped exon and alternative first exon, 
were identified compared to the predicted transcript 
set (Figure 1d).

Coding potential of each predicted transcript, catego-
rized based on the comparison to Ensembl, is shown in 
Figure 3. Based on the CPPred model (Tong & Liu, 2019), 

66.3% and 42.3% of known and novel isoforms were pre-
dicted to be coding, respectively. However, very few tran-
scripts found at novel loci were predicted to be coding 
(2.1%). We then compared the transcripts, which were 
found at loci novel to both Ensembl and NCBI annota-
tions, to existing databases. There were 21 285 (95.3%) 
transcripts matched to NT and 13 676 (61.2%) matched 
to NR. Furthermore, there were 4324 (19.4%) transcripts 
matched to SwissProt, resulting in 11 356 corresponding 
proteins, which were predicted to have 722 significant 
biological functions (details in Table S2), including 370 
related to biological process, 99 related to cellular com-
ponent, 150 related to molecular function, and 103 re-
lated to KEGG pathway, based on the DAVID database 
(v6.8; Huang et al., 2009a, 2009b).

Tissue- specificity of predicted transcripts

The results of tissue specificity are shown in Figure 4. 
After removing the transcripts with a maximum 
TPMi <0.1, there were 8025 (18.6%) transcripts highly 
expressed (average TPM ≥ 10), 22 149 (51.5%) moderately 
expressed (1 ≤ average TPM < 10), and 12 875 (29.9%) lowly 
expressed (average TPM < 1). For gTSI distribution, one 
peak around 0.25 and another peak at 1 were observed 
(Figure 4a). For highly expressed transcripts, there was 
a peak around 0.16 of gTSI, whereas a peak at 1 was 
observed for lowly expressed transcripts (Figure  4b). 
Based on gTSI, 9749 (22.6%) transcripts were highly 
tissue- specific (gTSI ≥ 0.8), and 25 034 (58.2%) transcripts 

F I G U R E  2  The sharing of novel transcripts across tissues. (a) Transcripts found at novel loci. (b) Transcripts categorized as novel isoforms. 
Each row of the matrix on bottom corresponds to a tissue, and the bar chart on left shows the number of novel transcripts found in the tissue. 
Each column corresponds to a possible intersection of tissues showed by the filled- in cells, and the bar chart on top shows the number of 
transcripts in each intersection.

F I G U R E  3  Functional analysis of predicted transcripts. Coding 
potential of predicted transcripts categorized as known isoforms 
(n = 5610), novel isoforms (n = 24 708), found at novel loci (n = 23 445), 
and potential artifacts (n = 16 018) based on the comparison to 
Ensembl (release 102).
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were broadly expressed (gTSI < 0.5). The remaining 8266 
(19.2%) transcripts were biased toward a group of tissues 
(0.5 ≤ gTSI < 0.8). The proportions of transcripts with 
coding potential based on the CPPred model were 21% 
for highly, 25% for moderately and 33% for lowly tissue- 
specific, which shows a tendency that more broadly 
expressed transcripts had more coding potential. The 

transcripts with iTSI ≥ 0.8 were extracted for each tissue 
(Figure  4c), and cerebellum expressed the most tissue- 
specific transcripts. These tissue- specific transcripts 
also exhibited tissue- specific functions. For example, 
transcripts with functions related to lipid metabolic 
processes were expressed in adipose, whereas transcripts 
with functions related to neuron development and 

F I G U R E  4  Tissue specific analysis of predicted transcripts. (a) Distribution of global tissue specificity index (gTSI) for all transcripts. 
(b) Distribution gTSI for transcripts categorized as highly (average TPM ≥ 10), lowly (average TPM < 1), and moderately (1 ≤ average TPM < 10) 
expressed. (c) Number of tissue- specific transcripts (local tissue specificity index ≥0.8) for each tissue. (d) Top five most significant biological 
process terms of tissue- specific transcripts in adipose, cerebellum, heart, liver, and thyroid based on the g:Profiler (version e104_eg51_
p15_3922dba) reference.
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differentiation were expressed in cerebellum based on the 
g:Profiler (version e104_eg51_p15_3922dba; Raudvere 
et al., 2019) reference (Figure 4d).

DISCUSSION

In the recent years, much progress has been made to-
wards annotating the functional elements of the pig 
genome (Pan et al.,  2021; Zhao et al.,  2021). We used 
ONT sequencing to investigate the transcriptome an-
notation of 17 porcine tissues, which are shared within 
the FAANG community for other studies (Kern 
et al., 2018, 2021; Pan et al., 2021). Therefore, the tran-
scripts identified in this study can be directly related 
to other functional elements, such as the porcine epi-
genome generated by the FAANG community (Pan 
et al., 2021).

Müller et al.  (2021) recently characterized the pig 
cardiac transcriptome and found 4790 (~30% of the 
total transcript assembly) novel transcripts using 
ONT sequencing. By sequencing tissues from addi-
tional organ systems, we found in total 38 599 novel 
transcripts (16 255 novel isoforms and 22 344 found at 
novel loci) that were not annotated by either Ensembl 
(release 102) or NCBI (release 106). We further com-
pared these novel transcripts to the porcine transcrip-
tome annotated by Beiki et al.  (2019), who generated 
their annotation using the PacBio Iso- Seq technology. 
Most of the novel transcripts (20 427/22 344 of tran-
scripts at novel loci, and 11 072/16 255 novel isoforms) 
in this study were also novel in the analysis performed 
by Beiki et al.  (2019) (Figure  S3). However, the aver-
age transcript isoforms per locus in this study was only 
1.4, which is fewer than those from previous studies 
(~1.92 in Beiki et al., 2019; ~1.93 in Li et al., 2018), and 
much fewer than the Ensembl (2.9) and NCBI (3.9) an-
notations, because although more transcript isoforms 
(69 781) were identified in this study (Ensembl: 40 568 
and NCBI: 56 972), more loci (50 108) were also identi-
fied (Ensembl: 13 846 and NCBI: 14 605). In addition, 
fewer alternative splicing events were observed in the 
current study than the Ensembl annotation. These re-
sults indicate that the transcriptome annotation ob-
tained in this study is not complete. Future studies 
could include more tissues from different development 
stages and different physiological status to further im-
prove the pig transcriptome annotation, since many 
transcripts are spatially and temporally specific (Lukk 
et al., 2010).

Most of the transcripts found at novel loci (97.9%) 
were predicted to be noncoding based on the CPPred 
model (Tong & Liu, 2019), indicating that most of the 
coding loci were captured by the Ensembl annotation. 
Similar results were reported by Beiki et al.  (2019). 
However, most of the transcripts found at novel loci 
(95.3%) can be found in the NT database, and ~20% 

of them were predicted to be protein coding and have 
important biological functions based on the SwissProt 
and DAVID databases. Such discrepancy between the 
CPPred model and existing databases could be be-
cause the CPPred model has not been fully validated 
on pig yet, despite a decent prediction accuracy in sev-
eral other species (Tong & Liu,  2019), while NT and 
SwissProt match the sequence based on the data in-
cluding multiple species.

As expected, the distribution of gTSI across different 
tissues in pig is similar to the previous study in cattle 
(Halstead et al., 2021). Transcripts that were highly ex-
pressed tended to have lower tissue specificity, indicating 
that they were expressed across different tissues in gen-
eral. By contrast, transcripts that were lowly expressed 
tended to have a higher tissue specificity, because they 
were only expressed in certain tissues. This reflects that 
sampling a small set of tissues limits the ability to an-
notate the full spectrum of transcript isoforms. In other 
words, a diverse set of tissues is a critical factor affect-
ing the discovery of transcript diversity. We observed 
that cerebellum expressed the most tissue- specific tran-
scripts, which was consistent with the previous finding 
that many regionally enriched genes were expressed in 
pig cerebellum (Sjöstedt et al., 2020). In addition, cere-
bellum also contained the most novel transcripts. Given 
that pig is a preferred animal model for some human 
brain diseases, such as Alzheimer's disease (Richter 
et al., 2021; Sauleau et al., 2009), our findings could be a 
helpful resource for future studies using pig as a model 
for human diseases.

However, there were several limitations of this study. 
The ratio of average transcript isoforms per locus (1.4) 
in the current study was much lower than in other mam-
malian species, e.g. 3.8 in human (Ensembl v101) and 
3.6 in cattle genome annotation (Halstead et al.,  2021). 
In addition, more than 30% of exons and introns in the 
references were not captured in our samples (Table  1). 
One reason could be that both Ensembl and (release 102) 
NCBI annotations (release 106) were based on a Duroc 
sow, and our study used two Yorkshire pigs that are ge-
netically closer to Landrace but different from Duroc 
(Tang et al.,  2020). In addition, the average read qual-
ity (11.2) was not high, so the inadequacy of sequencing 
may hamper the detection of rare transcripts (Tarazona 
et al., 2011). Another limitation is that our ONT sequenc-
ing approach was based on cDNA, which is limited by 
the capacity of reverse transcriptase to amplify long 
transcripts. Although ONT generates longer reads, full- 
length transcripts for some of the longest genes could be 
missed. For example, the maximum read length of our 
sequencing result was 17 106  bp, whereas the longest 
transcripts in the Ensembl and NCBI annotations are 
18 565 and 52 937 bp, respectively.

In conclusion, despite some limitations, our ONT se-
quencing results revealed a great number of novel tran-
scripts and loci in the pig genome, which enhances the 
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existing pig transcriptome annotation and complements 
efforts to annotate regulatory elements in pig. The pig 
genome at the transcript level has a high diversity that re-
mains undiscovered, and additional studies are required 
to further characterize the transcription in additional 
cell types, breeds, developmental stages, and physiolog-
ical states.
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