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As an important posttranscriptional modification mechanism, alternative polyadenylation (APA) plays a crucial role in
gene regulation and phenotypic diversity. Whereas extensive studies have explored the global APA landscape using bulk
RNA-seq data, in-depth analyses of APA events at the single-cell level remain limited—particularly in farm animals. In
this study, we construct a comprehensive APA atlas for 261 cell types across 19 porcine tissues based on single-nucleus
RNA sequencing (snRNA-seq) data. This analysis reveals tissue- and cell type—specific patterns of APA. We find that
many genes display a clear correlation between the average length of 3’ untranslated regions (3’ UTRs) and expression levels
in various cell types, with most showing a negative correlation. Early cell types within the developmental lineage, such as
spermatogonia and satellite cells, display longer 3’ UTRs, especially for spermatogenesis, where 3’ UTR lengths show sig-
nificant decreasing trends along the differentiation trajectory. Notably, we find that variable 3’ UTR lengths in the CD47 and
GPDI genes might be critical regulators during spermatogenesis and myogenesis, respectively, potentially through modula-
tion of RNA-binding protein and miRNA binding sites. Furthermore, the SNP rs323354626, located in the 3’ UTR of the
CD47 gene, significantly impacts gene splicing and is strongly associated with reproductive phenotypes. Additionally, we
observe that neuronal cells generally possess longer 3 UTRs—a pattern conserved across humans, mice, fruit flies, and
pigs. Together, these findings enrich the single-cell atlas of pigs by adding a layer of posttranscriptional regulation to
the existing gene expression data, highlighting the significant role of cell type-specific 3’ UTR lengths in cell commitment

and complex trait regulation.
[Supplemental material is available for this article.]

Alternative polyadenylation (APA) refers to the process by which
pre-mRNA adds poly(A) tails to the 3’ end through the selection
of different polyadenylation sites (PASs), generating diverse tran-
script isoforms with varying lengths of 3’ untranslated regions
(3" UTRs) (Reyes and Huber 2018). In general, the APA occurs in
over 70% of protein-coding genes in mammals and manifests in
two structurally distinct and prevalent forms: tandem 3’ UTR
(TUTR-APA) and alternative last exons (ALE-APA) (Derti et al.
2012; Baralle and Giudice 2017; Tian and Manley 2017; Wang
et al. 2018; Mitschka and Mayr 2022). The TUTR-APA form arises
when multiple PASs are situated within the same terminal exon,
altering only the 3’ UTR sequence while leaving the protein-
coding sequence unchanged. Because the 3’ UTR contains many
essential regulatory elements—such as microRNA and RNA-bind-
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cation date are at https://www.genome.org/cgi/doi/10.1101/gr.280095.124.

ing protein (RBP) binding sites—variation in 3" UTR length can
modulate target mRNA function, stability, and translation efficien-
cy. In contrast, ALE-APA results from multiple PASs located in
alternative terminal exons, which could lead to the production
of truncated protein isoforms (Mariella et al. 2019; Goering et al.
2021). These alternatively polyadenylated mRNAs greatly expand
the diversity of transcripts and proteins derived from a single
gene and play important functions in the regulation, localization,
and function of mRNAs and proteins, ultimately contributing
to phenotypic diversity (Mariella et al. 2019; Li et al. 2021).
Therefore, it is essential to comprehensively identify global APA
events and explore their molecular regulatory mechanisms and
biological impacts (Li et al. 2021).
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Cell type-specific alternative polyadenylation in pigs

Since its first discovery in 1980, APA has been confirmed in
various organisms and tissues (Wei et al. 2020; Lu et al. 2022),
where it plays roles in diverse biological systems and processes, in-
cluding cellular proliferation and differentiation (Ji et al. 2009;
Shepard et al. 2011; Wei et al. 2020), organ development (Liu
et al. 2024), and complex traits and diseases (Hong et al. 2020; Li
et al. 2021). A previous study constructed a multitissue human 3’
UTR APA quantitative trait loci (3’aQTLs) map, revealing that ge-
netic variants within the 3’ UTR region can regulate APA in candi-
date genes, thereby influencing various human complex traits and
diseases (Li et al. 2021). Meanwhile, recent studies in pigs have
highlighted the functional relevance of 3’ UTRs (Wang et al.
2023; Zhao et al. 2023; Han et al. 2024). One study demonstrated
that the global 3’ UTR landscape changes dynamically with oocyte
meiotic maturation, suggesting a significant regulatory role in the
meiotic processes of oocytes (Zhao et al. 2023). Another study
demonstrated that 3’ UTRs regulate the response of porcine imma-
ture Sertoli cells to acute heat stress (Wang et al. 2023). As an im-
portant posttranscriptional regulatory mechanism, APA not only
varies at the tissue level but also exhibits substantial cell-to-cell
variability. However, the cell type-specific regulatory patterns
and biological functions of APA remain poorly understood.

Single-cell/nucleus RNA sequencing (scRNA-seq and snRNA-
seq) technologies have been widely used to explore gene expres-
sion profiles at the single-cell resolution and offer a unique oppor-
tunity to trace dynamic 3' UTR patterns across cell lineages. Several
pioneering studies have systematically examined cell type—specific
APA events using single-cell data (Gopferich et al. 2020; Agarwal
et al. 2021; Lee et al. 2022). For instance, APA-mediated extension
of 3’ UTRs in neurons of autism spectrum disorder (ASD) patients
affects high-confidence ASD risk genes related to neurodevelop-
ment, thus playing a critical role in regulating neuronal differenti-
ation and ASD pathology (Gopferich et al. 2020). To date, single-
cell studies of APA in pigs are limited, despite pigs being valuable
both as agricultural animals and as biomedical models (Lunney
et al. 2021). Therefore, there is a pressing need to explore APA in
pigs at the single-cell level to better understand its regulatory roles
in traits of economic importance and further genetic breeding.

To expand the pig single-cell atlas with posttranscriptional
regulatory insights, we aimed to construct a comprehensive APA
atlas across major tissue types and investigate the cell type—specific
patterns of APA regulation, focusing on their contributions to cel-
lular differentiation, regulatory functions in key developmental
processes, and implications for understanding complex trait biol-
ogy in livestock breeding.

Results

Global profiling of alternative polyadenylation across pig tissues

To comprehensively profile alternative polyadenylation across pig
tissues, we analyzed 10x Genomics single-nucleus RNA sequenc-
ing (10x snRNA-seq) data from our previous study as a preprint
on bioRxiv (Chen et al. 2023), which identified 261 cell subtypes
spanning 19 distinct pig tissues (Supplemental Table S1). To eval-
uate the feasibility of using 10x snRNA-seq data for detecting APA
events, we first analyzed gene body coverage across different tis-
sues and cell types. The results showed that 10x snRNA-seq reads
were concentrated near the 3’-end regions of genes (Fig. 1A), en-
abling reliable detection of 3" UTR isoform expression levels and
dynamic APA changes in each tissue and cell type. We identified
a total of 40,748 PASs across 12,111 genes. Of these, 26.9% of

genes had a single PAS, whereas 73.1% exhibited multiple PASs
(Fig. 1B). Classification based on genomic annotation revealed
that 63.1% of PASs were within 3’ UTRs, 21.6% in exons, 10.6%
in introns, and 4.7% within 1 kb downstream of the last exon
(Fig. 1C). Motif enrichment analysis around the PAS regions (90
bp from each selected site) identified the canonical hexamer [A/
UJUAAA motif enriched at 19 nt upstream of PASs (Fig. 1D). This
signal is known to be recognized by the cleavage and polyadenyla-
tion specificity factor (CPSF) complex (Mitschka and Mayr 2022),
which is a key component of the 3’-end processing machinery. The
presence of these classical motifs supports the reliability of the pre-
dicted PASs.

Based on the location of PASs, APA can be broadly classified
into two main categories: tandem UTRs, where multiple PASs are
found within the same terminal exon (TUTR-APA); and alternative
last exons (ALE-APA), where multiple APA sites are found within
different terminal exons (Fig. 1E). However, some genes contain
both types of APAs, which we term as Mixed-APA genes. Across tis-
sues, TUTR-APA was the most prevalent, whereas ALE-APA was less
frequent. Tissues such as spleen, testis, and adipose exhibited the
highest APA gene counts, consistent with previous findings
(Hong et al. 2020; Li et al. 2021). In contrast, kidney, skeletal mus-
cle, and colon had fewer APA events, indicating high tissue specif-
icity (Fig. 1F).

Cell type-specific APA events in pigs

To investigate the expression patterns of 3' UTR isoforms across
different cell types from 19 tissues, we utilized the LABRAT tool
(Goering et al. 2021) to quantify the usage of alternative 3’ UTR
isoforms. We identified 4974 APA events, retaining 1231 events
occurring in at least 100 cell types for downstream analysis.
Given the heterogeneity in 3’ UTR lengths across cell types, we
classified 3’ isoforms into two major categories in each cell type
based on their length (Lee et al. 2022).

Hierarchical clustering revealed that skeletal muscle, ileum, ce-
rebrum, and cerebellum favored longer 3’ isoforms, whereas lymph,
jejunum, testis, and spleen expressed predominantly shorter iso-
forms (Fig. 2A; Supplemental Fig. STA). In order to better under-
stand the tissue specificity of 3’ isoforms, we performed an
overlap analysis of genes that undergo 3’ isoform lengthening or
shortening. The cerebrum had the highest number of genes with
tissue-specific lengthening of 3’ isoforms, whereas the spleen had
the most genes with tissue-specific shortening of 3’ isoforms
(Supplemental Fig. S1B,C). Interestingly, the lymph and spleen
shared the highest number of genes with identical shortening
APA events (Supplemental Fig. S1C). Genes shared between the
cerebrum and cerebellum showed significant enrichment in path-
ways related to “Neuron projection morphogenesis,” “Regulation
of neuron projection development,” and “Trans-synaptic signal-
ing,” highlighting the potential role of APA in influencing func-
tional pathways critical for specific brain functions (Supplemental
Fig. S1D).

In the inner ring, most cell types associated with the four
aforementioned tissues, including tenocytes, astrocytes, excitatory
neurons, and oligodendrocytes, showed strong 3’ UTR lengthen-
ing (Fig. 2A). The proportion of cell types with lengthening 3’ iso-
forms in skeletal muscle tissue was significantly higher than in
other tissues. In contrast, all cell types corresponding to tissues pre-
viously identified with short 3’ isoforms exclusively express these
shortening forms, including lymphatic endothelial cells, imma-
ture enterocytes, elongating spermatids, and B cells.
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Figure 1. Identification of polyadenylation sites (PASs) using 10x snRNA-seq data. (A) Curve plot showing the coverage of each part of the gene body in
19 different tissues and in each cell type of two representative tissues (skeletal muscle tissue and testicular tissue). The plot on the left represents the per-
centage coverage of the genomes from 5’ to 3’ in different tissues, and the plot on the right is divided into two parts: the upper right part shows the gene
body coverage of different cell types in skeletal muscle; and the lower right part shows the corresponding data in the testis. The x-axis is labeled with genome
percentiles, and the y-axis is shown with coverage. (B) Distribution of the number of PASs per gene. (C) Genomic distribution of PASs. (D) Line plots illus-
trating the distribution of canonical PAS motifs (AAUAAA, AUUAAA), which are positioned from 90 nucleotides upstream to 90 nucleotides downstream of a
random PAS selected on a transcript. (E) Two primary classes of 3’ mRNA isoforms generated by APA. (F) Distribution of three different classes of APA genes
across 19 tissues.

We conducted Spearman’s correlation tests to evaluate the re- sion level, 228 of which showed positive correlations and 517 of
lationship between average expression level and PAS usage of APA which showed negative correlations (Fig. 2B). For example,
genes among cell types. A total of 745 genes showed significant EHBP1L1 and SLC24A4 were positively correlated, whereas TLR3
correlations between percent spliced in (PSI) and average expres- and COPS3 were negatively correlated. CD47 and SLC38A10
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Figure 2. Landscape of global 3" UTR usage across 261 cell types. (A) The circular plot summarizing APA trends across 1231 genes. The outer heat map
track illustrates the variation in 3’ UTR length among genes for each tissue and cell type (red indicates higher PSI values, and blue indicates lower PS| values).
In the inner ring, points represent the median PSl values of all genes for each cell type (261 cell types in total), with red points indicating high PSI (>0.5235),
gray points indicating medium PSI (0.5000-0.5235), and blue points indicating low PSI (<0.5000). The dashed lines represent these thresholds. (B) Volcano
plot showing Spearman’s correlation between PSI and average expression level for each gene. Points are colored by correlation category: negative (blue,
Spearman’s < —0.3 and adj P-value <0.05), n.s. (gray), and positive (red, Spearman’s > 0.3 and adj P-value <0.05). (C) Scatter plot of PSI and average ex-
pression level for EHBPTL1, SLC24A4, TLR3, COPS3, CD47, and SLC38A10. Each dot represents one cell type.
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showed no significant difference in expression between isoforms
(Fig. 2C), suggesting functional diversification independent of ex-
pression level.

Dynamic APA usage in spermatogenesis

Global 3’ UTR shortening, exhibiting cell type-specific patterns,
has been reported in some model organisms, such as mice
and Drosophila (Shulman and Elkon 2019; Lee et al. 2022).
However, in pigs, the dynamics of these patterns, particularly at
single-cell resolution, remain largely unexplored. Given that
spermatogenesis is a highly organized and coordinated process
of cell differentiation, we first extracted the germ cells from pig tes-
tis tissue and globally assessed the changes in mRNA isoforms. In
total, we selected 12,977 germ cells, including spermatogonia,
spermatocytes, and spermatids, to reannotate the finer cell
subtypes involved in spermatogenesis. Based on the expression
of canonical markers, we identified eight distinct subpopulations:
Undifferentiated_Spermatogonia (GFRAI), Differentiated_
Spermatogonia  (KIT), Leptotene_Spermatocytes  (STRAS),
Zygotene/Pachytene_Spermatocytes_1, Zygotene/Pachytene_
Spermatocytes_2 (SPAG6), Spermatids_1 (SPACA1), Spermatids_2
(FBX024), and Spermatids_3 (RPM1) (Fig. 3A,B). Meanwhile, in sil-
ico pseudotime analysis supported a continuous developmental
trajectory from spermatogonia to spermatids (Fig. 3C). We next ex-
amined APA dynamics change during spermatogenesis at the sin-
gle-cell level. Specifically, we calculated the mean relative usage of
distal (RUD) score across all genes for each cell (Ye et al. 2021). The
distribution of RUD scores among individual cells was consistent
with a progressive 3" UTR shortening throughout spermatogenesis
(Fig. 3C,D). To quantify this trend, we calculated the correlation
between the estimated pseudotime and RUD scores. This analysis
revealed a significant negative correlation between pseudotime
and 3’ UTR length (Spearman’s correlation=-0.43, P-value<
0.01) (Fig. 3E). These findings were further supported by published
testis sScRNA-seq data (Supplemental Fig. S2A-F), indicating a high
degree of concordance despite differences between snRNA-seq and
scRNA-seq platforms.

Our analysis revealed that 152 genes exhibited gradual 3' UTR
shortening, whereas 82 genes showed 3’ UTR lengthening during
spermatogenesis (Fig. 3F). These genes with shortened 3" UTRs
were enriched in pathways related to the regulation of chromo-
some organization, ribonucleoprotein complex biogenesis, and
membrane organization. Conversely, genes with lengthened 3’
UTRs were enriched in pathways such as regulation of mitotic
cell cycle, phosphotransferase activity, and regulation of microtu-
bule-based process (Fig. 3G).

Additionally, we applied SCAPE to estimate polyadenylation
sites and quantify the weights of PASs for each gene in individual
cells. For example, CD47, which encodes a cell-surface protein that
suppresses phagocytosis (Polara et al. 2024), showed similar ex-
pression levels in all eight cell types but produced multiple
mRNA variants with distinct 3’ UTRs (Berkovits and Mayr 2015;
Zhang et al. 2024). We identified three significantly differential
PASs of the CD47 gene. Among these, we focused on two PASs
that showed the strongest statistical significance and most distinct
usage patterns (Supplemental Table S2). Notably, the proximal PAS
(Chr 13: 151,483,728:+) was exclusively expressed in late-stage
spermatocytes and sperm cells, whereas the distal PAS (Chr 13:
151,488,515:+) of CD47 exhibited preferential expression in im-
mature sperm cell types (Fig. 3H). Considering that the differential
usage of PASs might change the number of RBP binding sites, we

scanned the CD47 differential 3’ UTR using RBP motif position
weight matrices. This analysis revealed that most RBP binding mo-
tifs within this region corresponded to ELAVL1 and ELAVL2 (Fig.
3I), which are known to promote cell proliferation and inhibit ap-
optosis (Kota et al. 2021; Yang et al. 2021; Lachiondo-Ortega et al.
2022).

Cell type-specific APA spectrum in skeletal muscle

Given the crucial role of the muscle differentiation in determining
pork quantity and quality, we further investigated APA-regulated
3’ UTR dynamics in skeletal muscle cells. Our analysis revealed
that satellite cells—the stem cell population of skeletal muscle—
exhibited a global trend toward relatively longer 3" UTRs during
myogenesis, from satellite cells to mature muscle fibers. This obser-
vation parallels the trend identified in spermatogenesis. However,
the differences in RUD score between satellite cells and other cell
types was not significant, and this may be attributed to the limited
number of cells analyzed (Fig. 4A,B). To validate these findings, we
analyzed a larger skeletal muscle scRNA-seq data set comprising
21,992 cells (Xu et al. 2023). The results showed a significant neg-
ative correlation between RUD scores and pseudotime (rho=
-0.37, P=2.2x107'%), confirming the gradual shortening trend
of 3’ UTRs during differentiation from satellite cells to mature mus-
cle fibers (Supplemental Fig. S3A-E). In total, we identified 124
genes with shortened 3' UTRs and 173 genes with lengthened
3’ UTR isoforms during myogenesis (Fig. 4C). GO and KEGG
enrichment analyses revealed that the genes with shortened
3’ UTRs are enriched in pathways involved in regulating RNA pro-
cessing, muscle structural adaptations, and telomere maintenance
(Fig. 4D). In contrast, the genes with lengthened 3 UTRs are
overrepresented in pathways involving RNA metabolism, cellular
energy metabolism, and organelle function (Fig. 4D).

Among these, GPD1—an enzyme involved in mitochondrial
oxidation of cytosolic NADH and crucial for lipid metabolism
(Oh et al. 2024)—showed significantly shorter 3’ UTRs in satellite
cells compared to Type_lIx_myonuclei. We identified two signifi-
cantly differential PAS sites in the GPD1 gene (Chr 5: 16,014,430:+
and Chr 5: 16,015,618:+) (Supplemental Table S3). RBP binding
site screen analysis predicted that SRSF1 and PCBP4 might bind
to the regions surrounding the differential polyadenylation sites
(Fig. 4E,F).

Furthermore, we examined the expression patterns of key
RBP genes involved in 3’ UTR isoform regulation across different
myogenic cell types, including ELAVL1, MBNL1, MBNL2, and
TNNC2. Notably, NOVAI, NOVA2, SCAF4, PABPNI1, SRSF3,
ELAVL1, RBFOX1, and MBNL2 were expressed at relatively higher
levels in satellite cells, whereas RBFOX2 and MBNL1 were ex-
pressed at comparatively lower levels in these cells (Fig. 4G).

Enrichment of eQTLs and sQTLs in the 3 UTRs
of different cell types

To explore the functional relationship between 3' UTR length,
gene expression, and splice site regulation across various tissues
and cell types, we first retrieved eQTL and sQTL data from the
PigGTEx database (Teng et al. 2024). To ensure accurate enrich-
ment analysis, we focused on tissues with abundant eQTL and
sQTL data, including skeletal muscle, adipose, cerebellum, testis,
brain, and liver. Given the minimal sQTL data for adipose, we
used it as a benchmark and randomly sampled eQTLs and sQTLs
from other tissues to ensure consistent sample sizes. This approach
allowed for a more robust assessment of the effect of 3' UTR
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Figure 3. Global 3’ UTR shortening in the testis germ lineage. (A) UMAP visualization showing eight distinct germline cell types during the spermato-
genesis process. Each dot represents the gene expression profile of a single cell, with each cell type distinguished by a unique color. (B) Dot plot showing the
expression levels of marker genes for each cell type. (C) Pseudotime trajectory plot depicting the dynamic process of spermatogenesis. Each point in the
trajectory represents a single cell, colored according to its developmental stage within the spermatogenesis process. (D) UMAP displaying 3’ isoform usage
during spermatogenesis in individual cells. Each dot represents the relative length of the 3’ UTR. (E) Spearman’s correlation between the RUD score and
pseudotime during spermatogenesis. Each point in the correlation plot represents a single cell, with the correlation analysis highlighting the relationship
between 3’ UTR length and the progression through pseudotime. (F) The scaled relative usage of 3’ isoforms across different cell types during spermato-
genesis. The upper heat map represents genes with shortened 3’ UTRs, and the lower shows genes with lengthened 3’ UTRs. (G) Significant biological pro-
cess terms of genes with dynamic 3’ isoform changes. (H) Expression levels, PAS usage, and miRNA binding sites around the CD47 gene. The left section
features three UMAP plots. The first UMAP plot shows gene expression, and the subsequent two plots depict the expression of PASs. Each dot represents the
expression level of PASs within individual cells. The right section presents an IGV plot. Colors in this plot represent different cell types. (/) Bar plots showing
the RNA-binding protein around the differential 3’ UTR between proximal PASs and distal PAS loci of CD47.

Genome Research 2121
www.genome.org


http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 21, 2026 . Published by Cold Spring Harbor Laboratory Press

Wen et al.
A , B
3 Type lla/b myonuclei
‘ 1 }
=]
[
: @ 3
. RUD score a
B
1 Satellite cell 08
0.6
04 1" i
N 02 00 03 06 09 12
< 0.0 RUD score
=
=}
UMAP1
All-APA (173) All-APA (124) Cytoskeleton in _ Poly=pyrimidine tract binding

Telomeric DNA binding Phosphotransferq‘se activity, alcohol group as acceptor
Fibrillar center | ytic vacuole

Negative regulation of telomere maintenance ' Perinuclear region of cytoplasm (B;E
Striated muscle adaptation Regulation of ATP-dependent activity MF
Regulation of RNA splicing Regulation of RNA splicing W KEGG
100 75 5.0 2.5 0.0 2.0 4.0 6.0 8.0
-Log,, (P-value) -Log,, (P-value)
E G 3
10— NOVA1
GPD1 [0-500] 5 L NOVA2
! 1 S2 <> == == |SCAFs8
& o 4 o2 | 4 I | SCAF4
[0-500] w5 c 4 <> & <& |PABPN1
L — i — So 3 5 4 SRSF3
5 | Chr5:16,014,430:+ g5 2 4 CPEB?2
2 IH|gh 3 [0-500] ES 25 ELAVL1
8 ',;p gn_ 35 < > <= <> ——— | RBFOX1
& Low | 4 [0-500] @ B s — RBFOX2
w - 1 £ I [ |RBFOX3
Chr5:16,015,618:+— S =~V —~ | MBNL1
. ; 0 SR 6 4 & [MBNL2
¢ —B i 1 — ; == —— | TNNC2
o 2 Q 9 [ SRSF1
L Proximal PAS Distal PAS 2 =8 6 S| | _|PcBP4
R 1T @ ©® 4

Figure 4. Differential 3 UTR length during myogenesis in skeletal muscle. (A) UMAP displaying 3’ isoform usage during myogenesis in individual cells.
Each dot represents the relative length of the 3" UTR. (B) Distribution of RUD for different types of muscle cells. Colors correspond to different cell types. The
Wilcoxon rank-sum test was used for intergroup comparisons, and the difference between Type lla/b myonuclei and Type lIx myonuclei was significant (P<
0.05), whereas other comparisons did not show significant differences (n.s.). (C) Expression levels, PAS usage, and genomic tracks around the GPD1 gene.
The left box plot shows genes with lengthened 3’ UTRs, and the right box plot shows genes with shortened 3’ UTRs. Colors correspond to different cell
types. (D) Significant biological process terms of genes with dynamic 3’ isoform changes. The left box plot shows genes with shortened 3’ UTRs, whereas
the right box plot shows genes with lengthened 3" UTRs. (E) Expression levels and PAS usage of GPD1. The left section features three UMAP plots, the first of
which shows gene expression, whereas the subsequent two depict the expression of PASs, with each dot in these two plots representing the expression level
of PASs within individual cells. The right section presents an IGV plot. Colors in this plot represent different cell types. (F) Bar plots showing the RNA-binding
protein around the differential 3" UTR between proximal PASs and distal PAS loci of GPD1. (G) The violin plot showing the scaled expression levels of RBP

genes.

length on gene expression and splice site regulation across differ-
ent tissues.

Our analysis revealed significant differences in the number of
eQTLs and sQTLs enriched within 3’ UTRs across different tissues
(Fig. SA). Skeletal muscle exhibited the highest number of eQTLs
and sQTLs enriched in 3’ UTRs, whereas the liver showed the low-
est. Notably, in the cerebellum and testis, the number of sQTLs en-
riched in 3’ UTRs was higher than that of eQTLs (Fig. 5A), implying
a heightened regulatory requirement at the splicing level in these
tissues. This is consistent with the cerebellum’s role in complex
neural processing and the tightly regulated gene expression neces-
sary for spermatogenesis in the testis.

The enrichment of 3" UTRs across different cell types within
the same tissue also showed clear heterogeneity. For instance, peri-
cytes in skeletal muscle, microvascular endothelial cell_2 (MEC_2)

in adipose tissue, microglia_1 in the cerebellum, and inhibitory
neurons (INs) in the brain were enriched with more eQTLs and
sQTLs, whereas neural progenitor cell_1, fibroblasts in the liver,
and mature B cells (Mat_B_cell) were mainly enriched with
sQTLs, reflecting cell-specific gene regulatory differences (Fig.
5A). Notably, during myogenesis, satellite cells and Type_I_myo-
nuclei enriched more sQTLs and eQTLs in 3’ UTRs than Type_II_
myonuclei. During spermatogenesis, Leptotene_Spermatocytes
enriched more eQTLs and sQTLs in 3' UTR (Fig. SA).

We further investigated the impact of APA on gene function
and how variations in the 3’ UTR regions influence gene expres-
sion and complex traits in pigs. The CD47 gene was prioritized
as the top candidate to explore the functions in various cellular
contexts, given its significantly varying 3’ UTR length across differ-
ent cell types. Initially, we analyzed the PSI values for the CD47
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gene across cell types. The results showed that the CD47 PSI values
were significantly shorter in testicular tissue, with a higher coeffi-
cient of variation (CV), indicating substantial heterogeneity in the
3’ UTR lengths within this tissue. Additionally, considerable vari-
ability was also observed in the duodenum and colon. In the cere-
brum and hypothalamus, the 3’ UTR of CD47 is relatively longer,
whereas it is shorter in the ileum and uterus (Fig. 5B).

To examine whether variation in the CD47 3’ UTR influences
gene regulation, we performed an overlap analysis between CD47
3’ UTR variants and eQTL/sQTL loci. We found that a SNP locus
1$323354626, located within the 3’ UTR of the CD47 gene,
emerged as a good candidate. By integrating the eQTLs and
sQTLs data from the PigGTEx database, we revealed that this SNP
had the strongest association with sQTLs in testis tissue, character-
ized by a large effect size and high statistical significance. It was
also linked to a moderate eQTL effect in testis and a weaker, nega-
tive effect in brain tissue (Fig. 5C). These results indicate that the
1s323354626 site is associated with CD47 splicing in testis tissue.
Furthermore, genotype-stratified PSI analysis revealed significant
differences among CC, CT, and TT genotypes (Fig. 5D). To explore
the potential impact of the rs323354626 site on phenotypes, we
examined its association with all collected traits of economic im-
portance in the PigBiobank database (Zeng et al. 2024). We found
that the rs323354626 site exhibited the strongest association with
reproductive-related phenotypes, particularly under the sub-phe-
notype “Litter” in the metric “Total number of born” (Fig. SE).
The significance test further supported these findings, suggesting
a potential association between variations in the 3’ UTRs of differ-
ent isoforms of the CD47 gene and reproductive functions.

Comparison of 3’ UTR lengths across cell types in multiple species

Previous studies have reported that some RBPs regulate APA by in-
creasing or suppressing the use of proximal or distal polyadenyla-
tion signal sites, thereby altering the length of the 3" UTRs
(Agarwal et al. 2021; Mitschka and Mayr 2022). To further explore
this mechanism, we analyzed the expression patterns of RBP genes
across different cell types. Hierarchical clustering analysis revealed
that RBPs associated with 3’ UTR elongation are specifically upre-
gulated in neuronal cells, distinctly segregating them from other
somatic cell types (Fig. 6A). This specific expression pattern sug-
gests that neurons may have longer 3’ UTRs. Consistent with
this, enhanced PSI values were observed in neurons from a pig
model (Fig. 2A).

Given that neural cell types in pigs showed relatively longer 3’
UTRs compared to other tissues, we sought to determine whether
this pattern is conserved in other species. We obtained 3’ UTR
length information for different cell types in humans and mice
from the scAPAdb database (Zhu et al. 2022) and quantified the dy-
namic changes in APA using the percentage of the proximal PAS
usage index (PPUI). A smaller PPUI value indicates a relatively
lengthened 3' UTR. We observed that 3’ UTR length varies depend-
ing on the tissue context in mice, humans, and pigs (Figs. 2A, 6B,
C). Brain tissues, particularly neuronal cell types, exhibit lower
PPUI values, indicative of longer 3' UTRs, whereas testicular tissues
are characterized by shorter 3’ UTRs across these species. In testic-
ular tissue, we specifically observed that 3’ UTRs progressively
shortened during spermatid maturation, transitioning from round
to elongating spermatids. Similarly, early-stage cells in both testic-
ular and muscle lineages consistently exhibited longer 3’ UTRs.
These trends are consistent with our previous findings (Figs. 2A,
6B,C). To further validate these findings, we expanded the scope

of our study to include nonvertebrates such as Drosophila. We ob-
tained data from a previous study (Lee et al. 2022) and analyzed PSI
values of APA genes across different cell types in Drosophila (Fig.
6D). We observed that brain tissue cells in Drosophila also showed
relatively longer 3' UTRs compared to other cell types, which is
consistent with the results from vertebrates. Collectively, these
findings suggest that APA patterns and the regulation of 3’ UTR
length across different cell types are conserved across species.

In contrast to the conserved patterns observed in neural and
testicular tissues, muscle tissue displayed a distinctive characteris-
tic: whereas mouse muscle tissue showed medium-length 3’ UTRs,
pig skeletal muscle exhibited significantly longer ones (Figs. 24,
6C). This species-specific difference may be attributed to the
strong selective pressure from long-term artificial selection and
domestication in pigs. To investigate this hypothesis, we analyzed
skeletal muscle scRNA-seq data across three pig breeds: Duroc,
Laiwu, and Wild boar (Xu et al. 2023). Correlation analysis demon-
strated that Wild boar exhibited a stronger inverse relationship
between APA dynamics and developmental progression (tho=
—0.510, P<0.001) compared to domesticated breeds (Laiwu: tho
=-0.210, P=2.02x1077%; Duroc: tho=-0.141, P=5.08 x 1072%)
(Supplemental Fig. S4A). RUD score quantification across all breeds
showed a consistent gradient across myogenic lineages, with satel-
lite cells demonstrating significantly elevated values that progres-
sively decreased during myogenic differentiation (Supplemental
Fig. S4B). Statistical analyses of RUD scores revealed significant var-
iations both between breeds and among cell types (Supplemental
Fig. S4C,D). Between-breed comparisons demonstrated significant
differences (P<0.0001) in satellite cells and myonuclei cells,
whereas myoblast populations remained largely comparable.
Within each breed, satellite cells consistently exhibited the highest
RUD scores, followed by a progressive decrease in differentiated
cell types. Notably, the magnitude of these cell-type differences
was most pronounced in Wild boar compared to the domesticated
breeds (Duroc and Laiwu), suggesting that artificial selection in do-
mesticated breeds may have attenuated APA heterogeneity during
muscle development.

Discussion

The motivation behind this study was to investigate the posttran-
scriptional regulatory mechanism of APA, which is crucial for gene
expression and cellular function regulation. Although numerous
studies have cataloged APA using bulk RNA-seq, single-cell-level
insights, especially in agricultural species, remain sparse. To ad-
dress this gap, we leveraged snRNA-seq data from 19 porcine tis-
sues to construct a cell type-resolved atlas of 3’ UTR usage,
thereby extending the pig single-cell compendium beyond gene-
expression profiles and highlighting how cell type-specific 3’
UTR architecture can influence complex traits.

The comprehensive understanding of the driving forces be-
hind gene regulation in pigs remains an ongoing pursuit. At pre-
sent, many studies have explored the regulatory mechanisms
from multiple layers in pigs, like chromatin accessibility, histone
modifications, and cis-regulatory variants (Pan et al. 2021; Jin
et al. 2023; Quan et al. 2024; Teng et al. 2024). APA events are
also one of the key drivers altering gene expression with clear tis-
sue-type and cell-type specificity. Compared to tissue-level APA
studies in pigs (Deng et al. 2020; Wang et al. 2023), our research
further supplements the cell type-specific information on APA
events and illustrates the cellular functions of APA changes
in gene expression and complex traits. The predominance of
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TUTR-APA genes in various tissues enhances the diversity of gene
expression (Mittleman et al. 2020). The proportion of ALE-APA
was relatively lower, possibly because it can cause significant
changes in protein sequence and function (Dubbury et al. 2018).
Our tissue-specific 3' UTR patterns align with previous studies
(Lee et al. 2022), suggesting that the longer 3" UTRs observed in
neural tissues enhance neuronal plasticity, development, tran-
scriptional complexity, and mRNA localization precision
(Costessi et al. 2006; Miura et al. 2013; Sanfilippo et al. 2017; Lee
et al. 2022; Zhang et al. 2023).

Our study found that cell types with strong differentiation
potential, such as spermatogonia and satellite cells, generally
have longer 3’ UTRs than these mature cell types within the
same differentiation path, consistent with prior observations
(Shulman and Elkon 2019; Lee et al. 2022). In skeletal muscle,
Type IIx myonuclei exhibited significantly shorter 3’ UTRs com-
pared to Type Ila/b myonuclei, which provides new clues for the
role of posttranscriptional regulation in muscle fiber type determi-
nation. The 3’ UTR contains many cis-regulatory elements, such as
RBP binding sites and miRNA binding sites. Shortening of the
3’ UTR may result in the deletion of these sites, thereby enabling
the gene to adopt cell type—specific functions. For example, during
spermatogenesis, the 3" UTR of the CD47 gene progressively short-
ens, resulting in the loss of predicted binding sites for miRNAs (ssc-
miR-28, ssc-miR-425) and RBPs (ELAVL1 and ELAVL2), which are
known to promote proliferation and suppress apoptosis (Kota
etal. 2021; Yang et al. 2021; Lachiondo-Ortega et al. 2022). We hy-
pothesize that the differential usage of the CD47 3’ UTR leads to
distinct binding patterns of ELAVL1 and ELAVL2, which play a
crucial role in spermatogonia by promoting cell proliferation and
preventing apoptosis. Although our computational evidence sup-
ports this model, experimental validation using techniques such
as RNA-EMSA, CLIP-seq, and cell type-specific perturbation is nec-
essary. However, such approaches are currently constrained by
technical challenges in porcine systems, like limited antibody
availability and difficulty manipulating primary germ cells.
Future studies employing these experimental techniques, once
technically feasible, will be crucial for elucidating the precise mo-
lecular mechanisms by which CD47 3’ UTR variations influence
spermatogenesis.

The genetic regulation of APA, as revealed in our study, pro-
vides mechanistic insights into how posttranscriptional processes
contribute to phenotypic variation in livestock. Whereas human
studies have identified numerous 3’ UTR variants affecting disease
risk (Mariella et al. 2019; Mittleman et al. 2020; Li et al. 2021), the
application of these data provides a novel opportunity to under-
stand economically important genetic traits in livestock. We ob-
served significant enrichment of eQTLs and sQTLs in the
3" UTRs across different tissues and cell types. Our investigations
revealed that the SNP rs323354626, located within the 3’ UTR of
the CD47 gene, markedly impacts gene expression, underscoring
the pivotal role of 3' UTR variations in the regulatory mechanisms
of genes. Additionally, this locus demonstrated significant associ-
ations with reproductive phenotypes, most notably within the
“Litter” sub-phenotype of the “Total number of born,” highlight-
ing the critical role of 3" UTR variations in modulating reproduc-
tive functions. These findings suggest that cell type-specific
3’ UTRs, arising from APA, modulate these elements, regulating
gene expression and alternative splicing, thus impacting complex
traits and phenotypes (Teng et al. 2024).

Our comparative analysis across species revealed both con-
served and species-specific aspects of APA regulation. In neuronal

and germline cells, APA dynamics were remarkably conserved
across evolution, from Drosophila to humans. Neurons consistent-
ly exhibited longer 3" UTRs, and spermatogenic cells showed
progressive shortening during differentiation (Lee et al. 2022;
Kang et al. 2023; Ulicevic et al. 2024). This evolutionary conserva-
tion underscores the essential and complementary role of APA
in development and gene regulation. We observed distinct spe-
cies-specific differences in muscle tissue, particularly between
mice and pigs. Further analysis of different pig breeds revealed
that domestication may have altered APA regulation patterns.
This finding not only highlights the plasticity of APA regula-
tion and its susceptibility to selective breeding pressures; this
divergence suggests that artificial selection during pig domesti-
cation may have altered APA regulation patterns, highlighting
both the plasticity of this mechanism and providing novel
insights into how domestication can influence gene expression
regulation.

Although this study marks significant advancements in un-
derstanding APA regulatory mechanisms, it faces several limita-
tions that warrant attention for future research. First, despite
the enrichment of 3’ ends, the short-read lengths of snRNA-seq
used to detect APA constrain the resolution of APA isoform detec-
tion. Future studies should consider employing long-read snRNA-
seq technologies such as Oxford Nanopore Technologies (ONT)
or Pacific Biosciences (PacBio) to overcome these limitations
and provide more comprehensive insights. Second, our reliance
on the CISBP-RNA database for RBP motifs introduces constraints
due to potential incompleteness in the data set. Third, the use of
snRNA-seq data primarily captures nuclear transcripts whereas
most mature RNAs are processed in the cytoplasm, which might
not fully reflect the final state of RNA processing. Fourth, cell
number disparities across tissues may introduce biases, although
our results aligned well with external scRNA-seq data sets. Finally,
whereas our analysis shows enrichment of eQTL and sQTL in 3’
UTR regions and suggests potential regulatory relationships be-
tween RBPs and APA events, these statistical associations do
not necessarily imply direct causal relationships. Experimental
validation through techniques such as RNA-EMSA, CLIP-seq, or
cell type-specific perturbation studies would be required to
establish the precise molecular mechanisms underlying these ob-
servations. Future research will require integration of more com-
prehensive multiomics data, advanced sequencing technologies,
and functional validation experiments to better elucidate the mo-
lecular mechanisms and biological functions of APA regulation at
single-cell resolution.

In summary, this study utilized snRNA-seq data from pigs to
perform a comprehensive analysis of 3" UTR heterogeneity across
261 cell types, which led to the construction of a comprehensive
single-cell APA atlas and the revelation of cell type-specific pat-
terns of APA. Notably, we demonstrated that early immature cells
within the same lineage tend to exhibit longer 3’ UTRs, which
serve as regulators by altering the number of RBP and miRNA bind-
ing sites. Furthermore, we identified potential sQTLs affecting the
3" UTR length of the CD47 gene in sperm cells, which have a sig-
nificant impact on reproductive traits. Cross-species analysis indi-
cated that APA lengths are generally longer in brain tissues,
indicating a degree of regulatory conservation. Conservation of
APA in neural and germline cells across species emphasizes its fun-
damental biological role, and species- and breed-specific differenc-
es point to evolutionary plasticity. Together, our work highlights
the crucial role of 3' UTR variation as a mechanism for cell-specific
regulation and complex traits diversity.
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Methods

Quantification of alternative polyadenylation in single-cell
transcriptome data

Raw sequencing data were retrieved from the NCBI Gene
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/)
under accession number GSE233285 (Chen et al. 2023). Briefly,
the FASTQ files were aligned using CellRanger (Zheng et al. 2017)
against an index created from the Ensembl database (ftp://ftp
.ensembl.org/pub/release-101/), and cells were filtered if they con-
tained <200 or >5000 genes, <500 or >15,000 UMIs, and >5% mito-
chondrial content. We used SAMtools (version 1.17) (Danecek
et al. 2021) to filter out reads with a mapping quality <30 and split
the BAM file into individual cell types based on the cell barcodes,
which corresponded to 261 cell types across 19 tissues from previ-
ous study. Duplicate reads were then removed using UMI-tools
(version 1.14) (Smith et al. 2017). The deduplicated BAM file was
then converted to bigWig format using deepTools (version 3.5.1)
(Ramirez et al. 2016) to enable visualization of the read coverage
using Integrative Genomics Viewer (IGV) (Robinson et al. 2011).
Using the deduplicated BAM file as input for “geneBody_coverage
.py” from RSeQC, the coverage of reads over the gene body was cal-
culated for different tissues and cell types.

Raw data of testicular and skeletal muscle scRNA-seq were
obtained from the Genome Sequence Archive, China National
Center for Bioinformation/Beijing Institute of Genomics,
Chinese Academy of Sciences (GSA; https://ngdc.cncb.ac.cn/
gsa/): CRA014793 (Wang et al. 2024) and GSA: CRA011788 (Xu
et al. 2023), respectively. FASTQ files were processed and aligned
using CellRanger (Zheng et al. 2017) against an index created
from the Ensembl database (ftp:/ftp.ensembl.org/pub/release-
101/). Single-cell downstream analyses were performed using
Seurat (Stuart et al. 2019). Quality control metrics were applied
following standard single-cell analysis protocols. For testis data,
cells were retained if they had 500-11,000 genes, 1000-45,000
UMIs, <20% mitochondrial content, and >3% ribosomal content.
For skeletal muscle data from three pig breeds (Duroc, Laiwu,
and Wild boar), cells were filtered using thresholds of 200-5000
genes and <10% mitochondrial content. The filtered data were
normalized using the LogNormalize method with a scale factor
of 10,000, and variable features were identified using the
“vst” method (nfeatures=3000). Principal component analysis
was performed on the scaled data. Batch effects were removed us-
ing Harmony integration. Uniform Manifold Approximation
and Projection (UMAP) was performed for dimensionality reduc-
tion. Cells were clustered using the Louvain algorithm with resolu-
tion=1.0. Cell types were annotated based on canonical marker
genes.

We employed two strategies to assign 3’ UTR profiles from
snRNA-seq data. For the clustering-based quantification approach,
we used LABRAT (version v0.3.0) (Goering et al. 2021) to quantify
3’ UTR length variation at cell-type level by assigning PSI (also de-
noted as y) values to individual genes. PSI values range from O to 1,
where 0 indicates exclusive usage of the most upstream PAS, and 1
indicates exclusive usage of the most downstream PAS. To classify
3’ isoform lengths, we established thresholds based on the distri-
bution of PSI values across all tissues and cell types. Specifically,
for each tissue, we calculated the minimum and maximum PSI val-
ues among its cell types. The median of these minimum values
(0.5000) and maximum values (0.5235) across all tissues were
used as classification thresholds (Supplemental Fig. S5A,B). These
thresholds, although numerically close, represent the natural
boundaries in our data set that effectively distinguish known bio-
logical patterns, such as the characteristic longer 3’ UTRs in neuro-

nal cells and shorter 3’ UTRs in testicular cells. Cell types with
median PSI values <0.5000 were categorized as having short 3’
UTR usage, those with values >0.5235 as having long 3' UTR usage,
and those between these thresholds as having medium-length 3’
UTR usage. Based on the position of the PAS, LABRAT classified
APA genes into two categories: TUTR-APA and ALE-APA.

For single-cell-level quantification of APA events, we used
SCAPE (Zhou et al. 2022) to estimate the PASs of each gene and
their corresponding weights. Only these PASs which expressed
in more than five cells were kept. We used Seurat for downstream
analyses (Stuart et al. 2019), using the script “DifferentialTest.R” to
identify differential PASs (https://github.com/LuChenLab/SCAPE/
blob/main/SCAPE.R/R/DifferentialTest.R). We then used movAPA
(version v0.2.0) (Ye et al. 2021) to calculate the mean relative usage
of the distal site score for each cell. A higher RUD score indicates
higher usage of the distal PAS, whereas a lower RUD score means
less usage of the distal PAS.

Pseudotime analysis

We performed in silico pseudotime trajectory analysis using
Monocle3 (Cao et al. 2019) by ordering cells along a continuous
developmental path from spermatogonia to spermatids. The
Seurat object was converted to a Monocle3 cell_data_set for this
analysis. Cell ordering was performed using the order_cells func-
tion, with the root set to undifferentiated spermatogonia cells.

Enrichment analysis of motifs

For each transcript, a random PAS was selected, and its 90-bp
upstream and downstream sequences were extracted using
BEDTools getfasta (Quinlan and Hall 2010), then analyzed for mo-
tifs using STREME from the MEME Suite (Bailey et al. 2015) (https
://meme-suite.org/) with a motif width of six nucleotides and a P-
value threshold of 0.05. The relative positions of motifs identified
by STREME were then calculated with respect to the center of each
sequence.

Analysis of RNA-binding proteins

We utilized the EuRBPDB (Liao et al. 2020), which contains 2205
genes that were annotated as an RBP gene in the Sus scrofa data-
base. Among these, 1304 RBP genes were detected in the analyzed
cell types and retained for subsequent analysis. We conducted hi-
erarchical clustering analysis using the scaled expression data of
these RBP genes. Additionally, we highlighted RBP genes that
have been previously reported to be associated with 3" UTR length-
ening (Agarwal et al. 2021; Lee et al. 2022; Mitschka and Mayr
2022).

RBP and miRNA binding site enrichment analysis

We used the FIMO program in MEME Suite (Grant et al. 2011;
https://meme-suite.org/) to scan RBP sites within the different 3’
UTRs of genes with the default parameter (Bailey et al. 2015).
Position weight matrices (PWMs) for the human RBPs used were
downloaded from CISBP-RNA (Lambert et al. 2018). miRNA bind-
ing sites were enriched using miRBase (https://mirbase.org) by pro-
viding the target gene sequences (Kozomara et al. 2019).

Enrichment analysis of eQTL and sQTL in the 3’ UTRs

We weighted the 3’ UTR of each gene using PSI, obtaining the
relative cell type-specific 3' UTRs. All eQTL and sQTL results
were downloaded from PigGTEx (https://piggtex.farmgtex.org/).
Subsequently, we employed LOLA (Sheffield and Bock 2016) soft-
ware for enrichment analysis based on 3’ UTRs. The region set was
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defined by extending 11 base pairs upstream and downstream of
each original position. Cell type-specific 3’ UTRs were used as que-
ry regions. The universe regions not only comprised all potential
genomic locations established by randomly sampling 100,000 pro-
tein-coding gene positions from a GTF file but also included the
query regions themselves. These data were then inputted into
LOLA for analysis. Enrichment results with g-values <0.05 were
deemed statistically significant and retained for further analysis.
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