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SUMMARY
Transposable elements (TEs) are important sources of genetic and regulatory variation, yet their functional
roles in domesticated animals remain insufficiently explored. To address this gap, we comprehensively an-
notated TE types, ages, and distributions in the genomes of pig (Sus scrofa), cattle (Bos taurus), and chicken
(Gallus gallus). Our analysis revealed species-specific patterns in TE abundance, amplification, and activity in
modern genomes. By integrating transcriptomic and epigenomic data, we explored the impact of specific TE
types on cis-regulatory elements (CREs) and constructed a TE expression atlas across five tissues in all three
species. Our findings underscored the critical roles of tissue-specific TE expression and chromatin accessi-
bility in regulating tissue-specific biological processes. Most notably, we developed a computational frame-
work to uncover TE-mediated gene regulatory networks (TE-GRNs). Our findings provide valuable insights
into the regulatory functions of TEs in livestock and offer a robust approach for studying TE-GRNs in diverse
biological contexts.
INTRODUCTION

Transposable elements (TEs) are a type of repetitive DNA

sequence that makes up between 4%and 60%of vertebrate ge-

nomes,1 Furthermore, many TEs are dynamic in that they can

replicate and change position within their host genomes via

transposition. TEs can be classified into two main classes based

on their transposition mechanisms: DNA transposons and retro-

transposons. DNA transposons primarily exploit a "cut and pa-

ste" mechanism to move from one genomic location to another,

whereas retrotransposons use a "copy and paste" mechanism

by being first transcribed into RNA and then reverse transcribed

into DNA before being inserted into a new location in the

genome.2–4 Based on sequence composition, retrotransposons

could be further divided into short interspersed nuclear elements

(SINEs), long interspersed nuclear elements (LINEs), and long

terminal repeat (LTR) classes. TEs were initially regarded as

"junk DNA" thought to merely invade the genome through their

transposition ability. However, due to this replicability and
iScience 28, 112049, Ma
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mobility, TEs are also an extensive source of mutations and ge-

netic polymorphisms in genomic regions that potential manifest

as functional.5–9 Thus, by creating or deleting these important

functional DNA sequences, TEs exhibit crucial roles in driving

genome evolution and gene regulation.10–12 For example, TEs

can directly impact the coding sequences of genes13–16 and

provide raw material for the emergence of non-coding RNAs,

such as LncRNAs,17 microRNAs,18 and other small RNAs.19

Additionally, they can serve as foundational elements for DNA

CREs, such as promoters and enhancers,20–22 insulators,23

and silencers.24

The diverse mechanisms by which TEs can exert influence on

the genome have sparked significant interest in the development

of versatile tools to study them. These tools include genome

TE annotation tools, such as RepeatMasker,25 REPET,26

phRAIDER,27 RepeatExplorer,28 dnaPipeTE,29 and DeepTE,30

as well as TE expression quantification tools, such as Telesc-

ope,31 TEtranscripts,32 and SQuIRE.33 Beyond annotating the

genomic positions of TEs and detecting their expression levels,
rch 21, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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the functional interpretation of TEs was greatly strengthened by

functional genomics projects such as ModENCODE for model

organisms34 and ENCODE for humans.35 These projects gener-

ated multi-omics functional genomics data that predict the cis-

regulatory activity of DNA sequences, thus shedding light on

how TEs impact the transcriptional regulatory networks by influ-

encing CREs. For instance, Pehrsson et al. integrated data from

the Roadmap Epigenomics Project to analyze the contribution of

different TE classes to CREs predicted by multiple epigenomic

marks across human anatomy and development.36 Choudhary

et al. used multi-species 3D genome data to identify TE families

and subfamilies that impact lineage-specific chromatin struc-

tures during the evolution of gene regulation.37 Chang et al. per-

formed a systematic analysis of TE age and genomic distribution

in zebrafish and used both bulk and single-cell transcriptomic

data to explore TE expression patterns during development.38

Lee et al. integrated multi-omics data to demonstrate that TEs

significantly contribute to diverse tissue-specific CREs and in ze-

brafish. Their study revealed that TEs can drive the formation of

promoters and interfere with gene transcription.39 Together,

these studies provide insights into the potential mechanisms

by which TEs may influence complex diseases and traits.

Compared to humans and model organisms, research on TEs

in livestock has received considerably less attention. Conse-

quently, the impact of TEs on economic traits in livestock re-

mains largely uncharted. Although recent studies in livestock

functional genomics have generated multi-tissue CRE profiles

in various domesticated animals,40–44 the role of TEs in the for-

mation of these CREs and their impact on gene regulatory net-

works (GRNs) in different tissues remains poorly understood.

In this study, we annotated TEs in the genomes of three major

livestock species: pigs, cattle, and chickens. We conducted a

comprehensive analysis of the genomic distribution, age,

expression activity, and epigenetic regulation patterns of TEs

by integrating ChIP-seq, ATAC-seq, and RNA-seq data from

multiple tissues. To elucidate how TEs function as CREs to regu-

late biological processes, we also developed a computational

framework to construct TE-GRNs. Overall, our study established

a foundation for future work on analyzing how TEs contribute to

the genetic basis of economically important traits in livestock.

RESULTS

The genomic landscape of TEs in the genomes of pigs,
cattle, and chickens
We annotated TEs in three crucial livestock species using the

RepeatMasker software (version 4.1.2).25 In total, 3,953,666;

4,984,795; and 322,047 TEs were identified in pigs, cattle, and

chickens, respectively. TEs account for approximately 9.6% of

the chicken genome and a significantly higher proportion in the

pig genome (43.4%) and cattle genome (47.5%) (p < 2.2e�16

z-test) (Figure 1A). This is consistent with previous research

that demonstrated a positive correlation between the TE propor-

tion and the genome size.45–47 We further explored the genome

proportion of different TE classes across the three species and

found that the LINE class had the highest genome proportion

in all three species, followed by the SINE class in the genomes

of pigs and cattle. However, the genome proportion of the
2 iScience 28, 112049, March 21, 2025
SINE class in the chicken genome was significantly lower

(p < 2.2e�16 z-test) (Figure 1B). Additionally, we investigated

the relative abundance of each TE class among all annotated

TEs in the genome. In pigs and cattle, SINE and LINE retrotrans-

posons were found to be the most abundant, whereas in

chickens, LINEs were the prevailing retrotransposons, with a

considerably lower proportion of SINEs compared to pigs and

cattle. Notably, in pigs and cattle, although SINE has a higher

count than LINE, LINE has a higher genome proportion than

SINE (Figures 1B and 1C).

Depending on their genomic insertion sites, TEs can poten-

tially act as CREs to regulate gene expression or directly affect

protein-coding sequences of genes. We analyzed the genomic

distribution of different TE classes and families and found that,

in all three species, TEs tended to insert into distal intergenic

and intronic regions (Figures 1D and S1A–S1C), suggesting the

potential for TEs to function as enhancers.48,49 Additionally, we

found LTR retrotransposons exhibited a higher preference in

the non-coding genomic regions compared to other types of

TEs (Figure 1D).

To further understand the contribution of different TE families

to genome composition, we analyzed the proportion of each

TE family in the total annotated TEs. We found that each species

has species-specific TE families that substantially outnumbered

other TE families. For instance, in chickens, the LINE/CR1 family

exhibits a notably higher proportion compared to other retro-

transposon families. In pigs, the SINE/tRNA family displays a

particularly elevated proportion. On the other hand, in cattle,

the families of SINE/Core-RTE, SINE/tRNA-Core-RTE, and

LINE/RTE_BovB show relatively higher proportions (Figure 1E).

This result indicates that a TE family may have different func-

tional importance and thus were subject to species-specific se-

lection during evolution.

Overall, we successfully annotated TEs in the genomes of

three major livestock species, namely chicken, pig, and cattle,

and compared the similarities and differences in their genomic

distribution and abundance, providing a solid foundation for

further research on how TEs function in the livestock genomes.

Amplification patterns of TEs differ among different
livestock species
The abundance and genomic distribution of TEs are closely

linked to the evolutionary dynamics of TEs. Therefore, we inves-

tigated the transposition rate of TE classes at different time

points during species evolution in pigs, cattle, and chickens.

Our findings revealed that each species exhibited distinct bursts

of TE amplification. Although LINEs and SINEs were more abun-

dant than other TEs in pigs and cattle, their burst patterns

differed between the two species. Pigs experienced two bursts,

whereas cattle had three (Figures 2A and 2B). In chickens, both

SINEs and LINEs had only one amplification burst, but LINEs

maintained high levels of amplification while SINEs lost their abil-

ity to amplify in the modern chicken genome (Figure 2C). More-

over, DNA TEs had one burst in pigs and cattle but two in

chickens. On the other hand, LTRs displayed only one burst in

all three species (Figures 2A–2C). We further investigated the

transposition rate of TE families within each class in the three

species. Our analyses showed that, within a given TE class,



A B C

D

E

Figure 1. TE annotation and genomic landscape across pigs, cattle, and chickens

(A) TE quantity, genomic coverage, and genome size proportion distribution in the three species.

(B) Comparison of genomic coverage of different TE classes in the three species.

(C) Proportion of different TE classes among all annotated TEs in the three species.

(D) Genomic distribution of different TE classes in the three species.

(E) Proportion of different TE families among all annotated TEs in the three species.
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distinct TE families exhibited varying patterns of amplification

(Figure 2D), as evidenced by differences in the timing and ampli-

tude of burst. Accordingly, only some TE families are still active in

the modern genomes of pigs, cows, and chickens. In the SINE

class, Core-RTE and tRNA families are still active in cattle and

pigs, respectively. Within the LINE class, RTE-BovB and L1 fam-

ilies in cattle, L1 family in pigs, and CR1 family in chickens are still

capable of transposition. In the LTR class, ERVK and ERV1 fam-

ilies of cattle and ERVK and ERVL families of chickens still exhibit

transposition activity, whereas all LTR families of pigs have lost

their activity almost entirely. Notably, all DNA families have lost

transposition activity in themodern genomes of all three species.

To explore the genomic distribution relationship of different TE

classes, we adopted the approach used in a previous study,

which calculated the density of each TE class (as genome

sequence fraction) in non-overlapping 2-Mb windows along

the genome and then analyzed the pairwise correlation between

different TE classes.38 Using this method, we revealed the corre-

lation of genomic distribution between TE pairs of interest. Spe-

cifically, we found that LTR and LINE densities are positively

correlated in all three species (Figures 2E, S1D, and S1E). In
addition, there are species-specific correlation patterns between

TE classes. For example, in pigs and cattle, SINE density is

negatively correlated with LINE density (Figures 2E and S1D).

In chickens, LTR density exhibits a high negative correlation

with SINE density, whereas LTR density is positively correlated

with LINE and DNA densities, respectively (Figure S1E).

Overall, we systematically analyzed the amplification patterns

and correlation of genomic density distribution for different TE

classes in the three species, which may shed light on the signif-

icant events that these species have experienced throughout

their evolutionary history.

TEs play an important role in regulating tissue-specific
chromatin accessibility
Open chromatin regions (OCRs) are exposed in intracellular envi-

ronment, vulnerable to transcription factor (TF) binding and

associated with cis-regulatory activity affecting gene expres-

sion. Using ATAC-seq data from five production-trait-related tis-

sues (muscle, fat, lung, spleen, and liver) in the three livestock

species, we explored the chromatin accessibility of different

TE classes. The SINE class showed enrichment for open
iScience 28, 112049, March 21, 2025 3
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Figure 2. Age distribution and genomic distribution correlation of different types of TEs in pigs, cattle, and chickens
(A–C) Age distribution of different TE classes in pig(A), cattle (B), and chicken (C).

(D) Age distribution of different TE families of specific TE classes in three species.

(E) The genomic distribution relationship of different TE classes by calculating the density of each TE class (as genome sequence fraction) in non-overlapping

2-Mbwindows along the genome and calculating the pairwise correlation between different TE classes. r represents the Pearson correlation coefficient, whereas

r indicates the Spearman’s rank correlation coefficient.
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chromatin signals in every tissue of the three species, whereas

the LINE and DNA classes exhibited depletion. An intriguing

observation is the depletion of chromatin-accessible signals in

LTR across all tissues in chickens. In contrast, pigs and cattle

exhibit relatively high levels of enrichment of chromatin-acces-

sible signals attributed to LTR (Figure 3A). These results suggest

that SINEs have the potential to act as CREs in all three species,

whereas the cis-regulatory potential of LTRs is specific to pigs

and cattle.

To investigate the impact of TEs on OCRs in different tissues,

we analyzed the number of OCRs overlapping TE insertions in

each tissue. We defined OCRs with TE insertions as TE-driven

OCRs (TE-OCRs). In pigs and cattle, TE-OCRs accounted for

around 50% of all OCRs, whereas in chickens, they constituted
4 iScience 28, 112049, March 21, 2025
only approximately 15% of OCRs (Figure 3B). These findings

suggest that the degree to which TEs contributed to creating

CREs substantially varies between chickens and the other two

species. To further explore the impact of different TE classes

on OCRs in different tissues, we analyzed the proportion of the

four major TE classes within TE-OCRs. Across tissues, we found

consistent proportions of all four TE classes in TE-OCRs within

each species. When compared to all annotated TEs, our analysis

revealed a significant depletion of LINEs and an overrepresenta-

tion of LTRs within TE-OCRs across all tissues in pigs and cattle

(p < 2.2e�16 z-test) (Figure S4A; Table S1). In chickens, except

for the spleen, LTRs showed a significant depletion within TE-

OCRs, whereas SINEs exhibited a significant enrichment across

all tissues (p < 2.2e�16 z-test) (Figure S4A; Table S1). These
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Figure 3. The effect of TEs on OCRs in various tissues of pigs, cattle, and chickens

(A) The reads density distributions of chromatin accessibility of four major TE classes across different tissues in three species.

(B) The distribution of the proportion of TE-driven and non-TE-driven OCRs across different tissues in three species.

(C) The age distribution of OCRs-residing TEs in different tissues across three species.

(D) The bar plot shows the number of chromatin-accessible tissue-specific or shared TEs in pig across different tissues. The red bar represents the total number of

TEs with chromatin accessibility features in that tissue, and the blue bar represents the number of TEs with chromatin accessibility features shared among

specific tissues.

(E) Bubble plot showing significant enrichment of TF motifs in chromatin-specific accessible TEs in each tissue of pig, along with the expression levels of the

corresponding TFs in that tissue. Select the top 20 significantly enriched TFs (Q value <0.01) in each tissue and display only the TFs that are expressed in that

tissue. The -log10(p value) values were scaled across tissues using the scale() function in R program.
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findings suggest that the contribution of different TE classes to

functional CREs is conserved across tissues but varied across

species.

Furthermore, we classified TE into four distinct types based on

their estimated age: youngest (0–25MYa), younger (25–50MYa),

older (50–75MYa), and oldest (75–100 MYa). This categorization

allows for exploring the enrichment patterns of TEs of varying

ageswithin TE-OCRs across diverse tissues. Using all annotated

TEs as background, we found a significant enrichment of old TEs

in TE-OCRs across different tissues in the three species, while

young TEs were depleted (p < 0.01, z-test) (Figure 3C; Table

S2). This finding indicates that the preference for older TEs in

forming CREs is not limited to a specific species but is, in fact,

a cross-species phenomenon. Genomes may predominantly

preserve TE-OCRs exhibiting functional and evolutionary advan-

tages, specifically those contributing to enhanced adaptability.

Consequently, it is plausible that the oldest TE-OCRs conferred
evolutionary advantages, leading to their preservation despite

their long presence in the genome.

Moreover, we were interested in understanding the extent to

which TEs contribute to tissue-specific CREs, as these CREs

are typically involved in tissue-specific biological processes.41

Across all the three species, we observed a clear pattern that

the majority of TEs within TE-OCRs exhibit tissue-specific chro-

matin accessibility (Figures 3D, S2A, and S2B).We hypothesized

that these tissue-specific TEs contributed to the formation of tis-

sue-specific CREs, which recruit binding of TFs that play crucial

roles in maintaining tissue-specific biological processes. To test

this hypothesis, we performed motif enrichment analysis for tis-

sue-specific TEs. After selecting the top 20 enriched TF motifs in

tissue-specific TEs, we only retained TFs that were significantly

enriched (Q value <0.01) and expressed in the corresponding tis-

sue. Surprisingly, we found that tissue-specific TEs in all three

species were significantly enriched for DNA-binding motifs of
iScience 28, 112049, March 21, 2025 5
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TFs that are closely relevant to tissue development and highly

expressed in the corresponding tissues (Figures 3E, S2C, and

S2D). This result highlights the important role in regulating tis-

sue-related biological processes of tissue-specific TEs with tis-

sue-specific chromatin accessibility.

TEs affect the epigenetic states of CREs
In order to comprehensively investigate the impact of TEs on

specific types of CREs, we classified CREs into promoters, en-

hancers, and candidate silencer elements (CSEs) based on their

epigenetic states (detailed in the ‘‘STAR methods’’ section, Fig-

ure 4A). Based on this classification strategy, we successfully

constructed an atlas of three types of CREs across five tissues

in the three species (Figure 4B left panel; Table S3). To ensure

that the identified CSEs can truly be classified as a specific

type of element with a unique pattern of nucleotide composi-

tions, we used deep learning to test whether CSEs could be

distinguished from other sequences solely by their DNA se-

quences. The model we built achieved good predictive ability

for CSEs, as demonstrated by high area under the curve (AUC)

values in chickens (0.759), pigs (0.850), and cattle (0.857),

respectively (Figures S3A–S3C). As expected, the model could

also well predict enhancers and promoters. The performance

of the model in predicting chicken CREs exhibits a slight decr-

ease, potentially due to the limited amount of training data avail-

able for chickens.

To investigate the extent to which CREs were constructed on

TEs, we analyzed the proportion of TE bases within CREs across

five tissues in the three species (Figure 4B, right panel). With the

TE base coverage in the genome as the background, we

observed a depletion of TEs in CREs across different tissues in

the three species. This pattern could be explained by the de-

fensemechanisms of host genome against transposon insertion,

which prevent the insertion of TEs into important functional DNA

regions, such as CREs, as a way to minimize deleterious impact

on the host’s fitness.50 Across tissues within a species, the TE

base proportion of each CRE type present is similar. However,

there were variations in the TE base proportions among different

CRE types within a species. In pigs and cattle, enhancers and si-

lencers showed a higher proportion of TEs compared to pro-

moters. In chickens, the TE base proportion of CREswas notably

smaller, aligning with the lower overall genome proportion of TEs

in the chicken genome (Figure 4B, right panel). To further inves-

tigate how CREs were constructed on different TE classes, we

investigated the contributions of different classes of TEs to

CREs (Figure 4C). Using the base proportions of different TE

classes in the genome as the background, we found notable var-

iations in the preference of different TE classes within CREs in
Figure 4. The contribution of TEs to different CREs across different tis

(A) Diagram of CREs categorization. O indicates the presence of the epigenetic m

(B) Number of three types of regulatory elements identified in different tissues of

tissues in three species (right panel). The beige block shows the coverage of TE

(C) The distribution of base proportion of different TE classes within specific re

distribution of different TE classes in all annotated TEs of the genome as backgr

(D) The proportion of TEs with specific regulatory element states among all anno

(E–M) TE family enrichment in different types of CREs across the three species.

Bonferroni method.
pigs, chickens, and cattle. Specifically, in pigs and cattle,

LINEs exhibited depletion across all types of CREs, whereas

SINEs displayed enrichment within CREs, except for pig

CSEs. Additionally, both pig and cattle CSEs exhibited enrich-

ment of LTRs. In chickens, DNA elements were enriched in

CSEs, whereas LINEs were enriched in enhancers and pro-

moters (Figure 4C).

We also examined the percentage of TEs that overlapped with

promoters, enhancers, and silencers (Figure 4D). Our analysis

revealed that the proportion of TEs overlapping enhancers and

silencers varied considerably across tissues in all three species,

whereas the proportion of TEs overlapping promoters remained

relatively stable. Notably, in chickens, the proportion of TEs

overlapping enhancers and silencers was relatively low com-

pared to that of pigs and cattle. However, the proportion of

TEs overlapping promoters in chickens is higher. These findings

suggest that TEs in chickens may have a greater propensity to

directly engage in mediating promoter function. Moreover, we

observed that the proportion of different TE classes overlap-

ping each CRE type were stable across tissues within each

species. However, notable differences were observed in the

CRE-overlapping proportion of some TE classes across species

(Figure S4B).

To further explore the impact of different TE families on

different types of CREs, we categorized the TEs by family and

the CREs by tissue-specificity. Subsequently, we utilized permu-

tation tests to evaluate the enrichment of different TE families in

CREs specifically active in various tissues. In all three species,

we found that fewer TE families were enriched in tissue-specific

promoters than in enhancers and CSEs (Figures 4E–4M). Partic-

ularly, the chicken promoters did not enrich for any type of TE

families (Figure 4K). These results suggest that TEs made less

contribution to promoters than to other CREs. Additionally, in

pigs and cattle, we found that LTR families were more enriched

in CSEs than in enhancers of different tissues (Figures 4F, 4G, 4I,

and 4J), indicating that LTRs generally have a greater impact on

CSEs than enhancers. An important observation is that we found

a significant enrichment of LTR families in the CSEs of various

tissues in pigs and cattle but not in chickens (Figures 4G, 4J,

and 4M). This finding provides a plausible explanation for the

distinct chromatin accessibility patterns observed in LTRs

among pig, cattle, and chicken tissues. Notably, LTRs exhibit a

considerably higher level of accessibility in pig and cattle tissues,

while demonstrating comparatively lower accessibility in chicken

tissues (Figure 3A). To further investigate why LTRs have a gre-

ater impact on CSEs activity in pig and cattle tissues compared

to chickens, we performed a motif enrichment analysis of LTR

DNA sequences within the CSEs of the three species by
sues and three species

ark, and 3 indicates the absence of the epigenetic mark.

three species (left panel). The base proportion of CREs within TEs across five

bases in the genome of three species.

gulatory elements across different tissues of three species. Base proportion

ound.

tated TEs in the genome across different tissues of three species.

(*) FDR <0.05 and (**) FDR <0.01 after correcting for multiple testing using the

iScience 28, 112049, March 21, 2025 7
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HOMER software.51 After selecting the top 20 significantly en-

riched TFs (Q < 0.01) that also have orthologues in that species,

we identified four TFs (MITF, USF1, CLOCK, MNT) that are

shared between pigs and cattle, whereas no TFs are shared be-

tween chickens and either pigs or cattle (Figure S4C). Impor-

tantly, among the four TFs enriched in LTRs of CSEs in pigs

and cattle, USF1 has been reported to display transcriptional

repressor activity.52,53 This finding proposed possible mecha-

nism that LTRs might affect the activity of CSEs specifically in

cattle and pigs by recruiting repressive TFs.

Altogether, our analyses offer a theoretical framework for as-

sessing the significance of TEs in species-specific elements

and CREs. This framework facilitates further investigation into

how TEs reconfigure transcriptional regulatory networks in

diverse tissues and contribute to the development of complex

traits.

Tissue-specific expression of TEs are involved in tissue-
related biological processes
TEs not only function as CREs but they can also regulate gene

expression in trans through their transcription. In order to inves-

tigate the potential impact of TE expression on biological pro-

cesses, we downloaded transcriptome data from five tissues

of chickens, pigs, and cattle, each with two biological replicates.

We then utilized SQuIRE software to construct a TE expression

atlas across tissues within each species.33 Our study defined a

TE as transcriptionally detectable in a tissue when its average

FPKM in that tissue is greater than 1. Interestingly, we found

that although there were significant differences in the number

of detectable TEs among each species and across different tis-

sues, the cross-tissue fluctuation pattern in the number of

detectable TEs was similar among pigs, cattle, and chickens,

with the spleen having the highest detectable TEs and muscle

the lowest (Figure 5A). Subsequently, we analyzed the propor-

tion of detectable TE classes in different tissues (Tables S4A–

S4C). Compared to all annotated TEs, SINEs were preferentially

expressed in each tissue of the three species. However, LINEs

still comprised the largest proportion of detectable chicken

TEs due to their predominant presence in the chicken genome

(Figure 5B).

As TE expression exhibited tissue specificity in different spe-

cies by K-means clustering (Figures S5A–S5F), we further iden-

tified TEs detectable in a tissue-specific manner in the three spe-

cies (Figure 5C). Depending on their genomic insertion sites, TEs

in the non-coding regions can potentially act as CREs to regulate

gene expression. We performed enrichment analysis of tissue-

specific TEs and non-tissue-specific TEs in the non-coding re-

gion of different species. In pigs and cattle, tissue-specific TEs

were significantly enriched in the non-coding region compared

to non-tissue-specific TEs, whereas this difference was not sig-

nificant in chickens (Figure 5D). In addition, we found that non-

tissue-specific TEs in pigs and cattle, but not in chickens, were

more enriched in highly conserved DNA sequences compared

to tissue-specific TEs (Figure 5E). These findings suggest that,

compared to those of chickens, TEs in the genomes of pigs

and cattle made amore prominent contribution to tissue-specific

CREs. In general, CREs specifically active in a certain tissue are

known to play a crucial role in biological processes related to that
8 iScience 28, 112049, March 21, 2025
tissue. In light of this knowledge, we investigated whether tissue-

specific TEs also revealed similar regulatory capacities. As TEs

are known to have the potential to regulate the expression of

their adjacent genes,54,55 we performed gene ontology (GO)

analysis on the neighboring genes of tissue-specific TEs (Tables

S5A–S5C). We found that in pigs, neighboring genes of tissue-

specific TEs in muscle, fat, liver, lung, and spleen were signifi-

cantly enriched in tissue-relevant biological processes, respec-

tively (Figure 5F). Cattle had a similar enrichment pattern except

for the lung (Figure 5G). However, such an enrichment pattern

was only observed in the liver and spleen in chickens (Figure 5H).

Overall, our results suggest that TE expression exhibits tissue

specificity in different species and that the tissue-specific

expression of TEs implies regulatory potential in maintaining tis-

sue-specific biological functions, especially in mammals.

Using tissue-specific TEs to dissect the GRNs
underlying tissue-related biological processes
TE expression is regulated by chromatin modifications and TF

binding.56 Our study has revealed the biological significance of

TEs that have tissue-specific expression or tissue-specific chro-

matin accessibility. Consequently, we proceeded to identify hub

TEs in a tissue, which we defined as those exhibiting both tissue-

specific expression and chromatin accessibility. To further study

how tissue-specific TEs participate in tissue-relevant biologi-

cal processes, we developed a computational framework to

construct TE-GRNs. In contrast to conventional undirected

GRNs, we leveraged these hub TEs to construct a directed

GRN that encompasses transcriptional regulatory signaling

from upstream TFs to TEs, then to downstream target genes.

The specific strategy, illustrated in Figure 6A, involves not only

identifying TE-upstream TFs and TE-downstream target genes

using a co-expression approach but also requires DNA sequ-

ence motif scanning to identify upstream TFs and examine TE-

neighboring genes for potential downstream target genes.

Since the liver is an important metabolic organ and substan-

tially affects many economic traits of domesticated animals,57–59

we used it as an example to demonstrate the construction of TE-

GRNs underlying liver-relevant biological processes in pigs, cat-

tle, and chickens (Figures 6B–6D; Tables S6A–S6C). Analyzing

TE-GRNs within the liver across the three species yielded in-

sights into the shared and species-specific TFs upstream of

hub TEs. For example, we identified four TE-upstream TFs

(LHX2, NR5A2, HNF4A, and GATA4) that were common to all

three species. Additionally, we discovered two TFs (ETV2 and

SP5) specific to pigs and four TFs (ELF5, HAND2, PAX8, and

CUX2) specific to cattle. Chickens exhibited two species-spe-

cific TFs (FOXA1 and TBX6) (Figure 6E). Notably, among the

identified upstream TFs associated with these hub TEs in the

three species, we observed a significant number of TFs that

exhibited a remarkable enrichment of motifs within TEs with

liver-specific chromatin accessibility, including HNF4A, the

FOXA gene family, and PPARA (Figures 3E, S2C, and S2D).

HNF4A,60,61 GATA4,62,63 FOXA gene family,64,65 and PPARA66

have been reported to play important regulatory roles in liver-

relevant biological processes. These findings support the

authenticity and reliability of our approach in identifying key

TFs acting upstream of TEs. To further confirm that the liver
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Figure 5. TEs specifically expressed in tissues are involved in tissue-related biological processes

(A) Dynamic changes in the number of detectable expressed TEs in different tissues of three species.

(B) Comparison of the proportion of different classes of TEs among the detectable expressed TEs in each tissue (with the proportion of different classes of

annotated TEs in the genome as background).

(C) Number of tissue-specific expressed TEs in different tissues of three species.

(D) The proportion of tissue-specific TEs and non-tissue-specific TEs in the non-coding region; p value is determined by Fisher’s exact test.

(E) The proportion of tissue-specific TEs and non-tissue-specific TEs in the conserve element; p value is determined by Fisher’s exact test.

(F–H) GO enrichment analysis of tissue-specific expressed TEs in pigs (F), cattle (G), and chickens (H) by extracting neighboring genes of tissue-specific ex-

pressed TEs. Only select the top 10 significantly enriched GO terms for tissue-specific expressed TEs for display.
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TE-GRNs are involved in important biological processes of the

liver, we conducted GO analysis of the genes in these networks

of the three species, respectively. Genes in TE-GRNs of pigs and
cattle are significantly enriched in metabolic pathways, and ge-

nes in pig TE-GRNs are also enriched in the biological pathways

of liver development (Figure 6F). However, genes in chicken
iScience 28, 112049, March 21, 2025 9
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Figure 6. Tissue-specific TEs mediate gene regulatory networks involved in tissue-related biological processes

(A) The flowchart for constructing a gene regulatory network with tissue-specific TEs as the core.

(B–D) TE-GRNs related to biological processes in liver tissues of chickens (B), pigs (C), and cattle (D) are shown.

(E) The Venn diagram illustrates the specificity and sharing of upstreamTFs for TEs in TE-GRNs related to the liver across the three species. The four TFs labeled in

red and enclosed in the black dashed box are shared by the TE-GRNs of the three species.

(F) GO enrichment analysis on the downstream target genes of TEs in pig and cattle TE-GRNs. The GO terms highlighted in red are closely associated with liver

development or metabolism.

10 iScience 28, 112049, March 21, 2025

iScience
Article

ll
OPEN ACCESS



iScience
Article

ll
OPEN ACCESS
TE-GRN did not enrich in liver-related biological processes. This

could potentially be attributed to the small number of genes in

chicken TE-GRN and a correspondingly lower statistical power

for enrichment analysis. Nevertheless, among the TE-down-

stream target genes in chicken TE-GRN, several genes are

closely related tometabolism, including PAQR9, which can influ-

ence hepatic ketogenesis and fatty acid oxidation by regulating

the protein stability of PPARA.67 Additionally, PIT54 is highly ex-

pressed in the chicken liver and may be closely associated with

liver physiology, function, and development.68

n summary, we presented a computational framework to deci-

pher TE-GRNs underlying liver-related biological processes. Our

strategy not only facilitates future understanding of the genetic

basis of liver-related economic traits, such as feed conversion

rate and lipid metabolism, but also holds great promises for dis-

secting the molecular underpinnings of other important eco-

nomic traits by adopting a TE-centric perspective.

DISCUSSION

TEs are crucial component of the genome that can influence dis-

eases or phenotypes by modulating gene regulatory networks.

With the growing recognition of the functional significance of

TEs, an expanding body of research has embraced the integra-

tion of multi-omics data. This integration has facilitated investi-

gations into the regulatory role of TEs across a diverse array of

biological processes, not only in humans but also in model ani-

mals. Nevertheless, the livestock genetics community has

been lagging behind in generating such data, leading to a

shortage of research that comprehensively explore the regulato-

ry landscape of TEs in domesticated animals.

In our research, we constructed comprehensive maps of TEs

in pigs, cattle, and chickens and compared their evolutionary dy-

namics as well as contributions to different types of CREs. We

systematically analyzed the expression of TEs across tissues,

revealing the importance of tissue-specific TEs in maintaining

tissue-specific biological processes. Given the important role

of TEs in rewiring transcriptional regulatory networks, we pre-

sented a computational framework to construct TE-GRNs based

on tissue-specific TEs. As a proof of concept, we built TE-GRNs

in the liver tissues of pigs, cattle, and chickens, identifying TE-

upstream TFs and TE-downstream target genes that gain multi-

ple lines of literature support. This study not only explores the TE

regulatory landscape across multiple tissues in three major

domesticated animals but also presents a computational frame-

work to study how TEs influence molecular pathways underlying

complex traits and diseases.

The genome annotation of TEs is essential for the study of any

TE-related biological questions. Following the TE annotation ef-

forts in several previous studies,36–39 we used RepeatMacker

software to annotate TEs in the reference genomes of pigs, cat-

tle, and chickens, respectively. Our analysis showed that TEs in

pigs and cattle accounted for 43.4% and 47.5% of their respec-

tive genomes, whereas in chickens, TEs made up only 9.6% of

the genome. Given that propagation of TE copies during evolu-

tion have expanded the genome size, previous studies have sug-

gested a positive correlation between the level of TE proportion

and the size of a genome.45,46 Consistently, this correlation holds
true for TE proportions across the genomes of pigs, cattle, and

chickens. Furthermore, we have identified highly abundant spe-

cies-specific TE families, such as SINE/tRNA in pigs; LINE/CR1

in chickens; and SINE/Core-RTE, SINE/tRNA-Core-RTE, and

LINE/RTE_BovB in cattle. Our analysis also confirms several pre-

vious studies, which showed that Chicken Repeat 1 (CR1) was

the most abundant repeat family in chickens,69 SINE/tRNA the

most abundant repeat family in pigs,70 and non-LTR LINE RTE

(BovB) and BovB-derived SINEs the cattle-specific repeats.71

In this study, we analyzed the age distribution of all annotated

TEs in three species based on the single-nucleotide mutation

rate in each species’ genome. By comparing the burst patterns

of different TE classes and families during evolution, we identi-

fied TE types that still exhibit transposition activity in the modern

genome of specific species. For instance, SINE/tRNA and LINE/

L1 have undergone high levels of amplification during pig evolu-

tion and remain active in the modern pig genome. Notably, a

recent burst in SINE/tRNA was observed, consistent with previ-

ous findings that SINE/tRNA is currently the most active trans-

poson type in the modern pig genome.72–74 In this work, we

also analyzed the relationship between the genomic distribution

density of different classes of TEs in the three species and found

that the correlation levels of genomic distribution density be-

tween different TEs have species-specific and shared pattern.

For example, LTR and LINE densities are positively correlated

in all three species. SINE density is negatively correlated with

LINE densities only in pigs and cattle, which is consistent with

previous reports on mammals.38,75 Additionally, SINE density

shows a stronger negative correlation with LTR densities, whe-

reas LINE density is positively correlated with LTR and DNA den-

sities in chickens. These findings suggest that the modes of

cooperation among different classes of TEs in maintaining

genome stability may vary across species.

In the current study, we also systematically investigated the

impact of TEs on epigenetic marks associated with CREs. Our

findings showed that TEs have a greater contribution to the

OCRs in pigs and cattle than in chickens (Figure 3B). This differ-

ence might imply the differential contributions of TEs to CREs

between mammals and avians. Previous studies have demon-

strated that TEs can act as CREs to regulate gene expression

by carrying specific TF-binding motifs.39,76–80 Similarly to He

et al.,81 we found that tissue-specific TEs enriched in pigs, cattle,

and chickens contain numerous TF binding motifs related to tis-

sue growth and development, suggesting that tissue-specific

TEs are crucial for maintaining tissue-related biological pro-

cesses. A genome contains diverse types of CREs that regulate

gene expression through different molecular mechanisms. To

further explore the similarities and differences in the effects of

TEs on the various types of CREs in the three species, we iden-

tified promoters, enhancers, and CSEs in pigs, cattle, and

chickens and built a multitask deep learning model that showed

good performance in classifying the three CRE types by DNA se-

quences. We systematically analyzed the differences in the

extent to which TEs contributed to CREs in the three species,

which enhanced our understanding of the differential potential

of TEs to influence CREs in different species.

In addition to their primary role in transposition, TEs exhibit a

multifaceted impact on biological systems, influencing various
iScience 28, 112049, March 21, 2025 11
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aspects such as gene expression, chromatin accessibility, acti-

vation of cellular signaling pathways (including the interferon

response), RNA interference responses, and even contributing

to aging processes or antiviral activities.82 Genes expressed in

a tissue-specific manner are intricately linked to the tissue-rele-

vant biological processes. Although there are several sources

available for tissue-specific gene expression, including HPA,83

TiGER,84 GTEx,85 and TissGDB,86 research on tissue-specific

TE expression is still limited. In this study, we not only con-

structed TE expression maps for five tissues in the pigs, cattle,

and chickens but also identified TEs with tissue-specific expres-

sion patterns. We showed that these tissue-specific TEs are inti-

mately associated with tissue-related biological processes.

Therefore, our study provides a valuable reference for future in-

vestigations on how TEs mediate epigenetic regulation in the

evolution and domestication of pigs, cattle, and chickens.

To further dissect how TEs regulate various biological pro-

cesses, we developed a computational framework to construct

TE-GRNs. In the liver tissue, the TE-GRNs consisted of TE-

downstream target genes that are enriched in liver-related bio-

logical processes, as well as TE-upstream TFs that include

liver-related pioneering TFs, which supports the reliability of

our network construction approach. While our TE-GRN is a

promising advancement in understanding TE biology, there is

still considerable room for improvement in its accuracy and

comprehensiveness. With the increasing availability of different

types of multi-omics data in various biological contexts, identi-

fying TE-downstream target genes can be improved by chro-

matin looping information from HiC data, and identifying TE-up-

stream TFs can be facilitated by high-throughput protein-DNA

interaction data, such as ChIP-Seq and CUT&Tag. With the

increasing generation of scRNA-seq and scATAC-seq data

across diverse biological contexts and the ongoing development

of quantitative tools for assessing single-cell TE expression,55,81

the TE-GRN construction approach could be adopted to study-

ing how TEs contributed to transcriptional regulatory networks at

cell-type-specific level. This will enable more powerful analyses

of the TE-mediated phenotype variations that exclusively mani-

fest within certain cell types. Overall, by revealing the molecular

pathways involved in tissue-related biological processes, the

development of TE-GRNs represents a valuable resource for

future investigations into the molecular basis of phenotypic vari-

ation, from a TE-centric perspective.

In this study, we comprehensively analyze TEs in three major

domesticated animals: pigs, cattle, and chickens, exploring their

potential roles in genomic evolution, epigenetic mechanisms,

and gene expression regulation. In addition, we present a

computational framework for constructing TE-GRNs, providing

a better understanding of the impact of TEs on complex traits

and diseases. Our research significantly contributes to the un-

derstanding of the importance of TEs and their potential roles

in shaping the evolutionary trajectory and elucidating complex

traits of domesticated animals.

Limitations of the study
Although we have constructed a universal TE-GRN to elucidate

complex biological processes through multi-omics integration,

the application of TE-GRN has certain limitations. For instance,
12 iScience 28, 112049, March 21, 2025
due to the source and quality of the omics data, we only used

five tissues to identify tissue-specific expression and accessi-

bility of TEs. This limited number of tissue types may introduce

some bias in identifying tissue specificity. Additionally, the omics

data used in this study for the three species were obtained from

specific developmental stages, which might not capture the dy-

namic nature of development in constructing regulatory net-

works. Furthermore, methods that rely on histone markers to

identify regulatory elements can result in false positives. These

markers are only indicators of regulatory elements and do not

establish causality. High-throughput experimental technologies,

such as STARR-seq, that directly measure the activity of cis-reg-

ulatory elements will offer a more precise assessment of their

regulatory capacity, potentially enhancing the accuracy of regu-

latory network construction.87,88 In conclusion, as multi-omics

data for livestock and poultry continue to accumulate, we believe

that our methodological framework will achieve better perfor-

mance and broader applicability.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

The multi-tissue epigenomic and transcriptomic

datasets for pigs, cattle, and chickens

Kern et al.,202141 GEO accession: GSE158430

Deposited data

TE and gene expression matrices Zenodo https://zenodo.org/records/14638981

Software and algorithms

RepeatMasker v4.1.2 Tarailo-Graovac et al., 200925 https://www.repeatmasker.org/

RepeatMasker/

SQuIRE v0.9.9.9a-beta Yang et al.,201933 https://github.com/wyang17/

SQuIRE/releases

R (4.0.5) R core team https://www.R-project.org/

R package ChIPseeker (v1.32.0) Yu et al.,201589 https://www.bioconductor.org/packages/

release/bioc/html/ChIPseeker.html

R package ggplot2 (v3.5.1) Ito et al., 201390 https://cran.r-project.org/web/

packages/ggplot2/index.html

Homer Heinz et al., 201051 https://anaconda.org/bioconda/homer

Trim Galore (v0.6.10) N/A https://www.bioinformatics.babraham.

ac.uk/projects/trim_galore/

Bowtie2 (v2.5.1) Langmead et al., 201291 https://github.com/BenLangmead/

bowtie2/releases

Sambamba (v1.0.0) Tarasov et al.,201592 https://lomereiter.github.io/sambamba/

deepTools (v3.5.2) Ramirez et al.,201493 https://deeptools.readthedocs.io/en/

develop/content/installation.html

BEDTools (v2.31.0) Quinlan et al.,201094 https://github.com/arq5x/

bedtools2/releases

R package UpSetR (v1.4.0) Conway et al.,201795 https://github.com/hms-dbmi/

UpSetR/releases/tag/v1.4.0

Keras (v.2.9.0) keras team https://github.com/keras-team/keras

TensorFlow (v.2.9.1) N/A https://github.com/tensorflow/

tensorflow/releases

R package plotROC (v2.3.1) Sachs et al.,201796 https://cran.r-project.org/web/

packages/plotROC/index.html

R package ComplexHeatmap (v2.6.2) Gu et al.,201697 https://github.com/jokergoo/

ComplexHeatmap

R package clusterProfiler (v3.14.3) Yu et al.,201298 https://bioconductor.org/packages/

release/bioc/html/clusterProfiler.html

Hisat2 (v2.2.1) Kim et al.,201599 https://daehwankimlab.github.io/hisat2/

featureCounts (v2.0.2) Liao et al.,2014100 https://subread.sourceforge.

net/featureCounts.html

Cytoscape Shannon et al., 2003101 https://cytoscape.org/

The original code for data analysis Zenodo https://zenodo.org/records/14638981
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study utilized publicly available data from pigs, cattle, and chickens released in the Zhou et al. study (GSE158430).41 The

chickens were male F1 crosses from highly inbred Lines 6 and 7, euthanized at 20 weeks of age by exposure to CO2 gas. Two cas-

trated male Yorkshire littermate pigs were humanely slaughtered at 6 months using electrocution, following standard procedures in

slaughterhouses. The cattle were intact male Line 1 Herefords, slaughtered at 14 months using captive bolt under USDA inspection.
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All animal procedures were conducted in accordance with Protocol for Animal Care and Use #18464, approved by the Institutional

Animal Care and Use Committee (IACUC).

METHOD DETAILS

Data sources
In this study, all data were sourced from public databases. To explore the regulatory functions of TEs, we obtained ATAC-seq, Chip-

seq, and RNA-seq data for liver, spleen, lungs, muscles, and adipose tissues of pigs, cattle, and chickens, as reported by Zhou et al.

(GSE158430).41 The reference genome sequences (bosTau9.fa, galGal6.fa, susScr11.fa) for these species were downloaded from

the UCSC database for TE annotation.102 To ensure compatibility and coherence between TE annotations and epigenetic data,

the reference genome versions employed for TE annotation were aligned with those in Zhou et al.’s published article for the epige-

netic data analysis. Additionally, for a conservative analysis of TEs, we obtained the information on genome conserved element

regions specific to each species (gerp_constrained_elements.bos_taurus.bb, gerp_constrained_elements.gallus_gallus.bb, gerp_

constrained_elements.sus_scrofa.bb) from the Ensembl database.103

TE annotation
TE annotation was performed using RepeatMasker25 software (version 4.1.2) with the rmblastn engine, incorporating the

Dfam_Consensus-20181026 and Repbase-20181026 libraries. The following parameters were set: -species, -a, -s, -gff, -cutoff

225. In the resulting annotation files, we excluded nested TEs, unknown TEs, and repetitive sequences categorized as Simple_re-

peat, Satellite, Low_complexity, and Unknown. Only the precisely identified TEs were retained for subsequent research analysis.

To calculate TE divergence and evaluate the coverage of various TE families within the genome, we employed the calcDivergence-

FromAlign.pl and createRepeatLandscape.pl scripts, respectively.

TE insertion age is calculated by adjusting the mutation rate of transposon members from RepeatMasker. First, the mutation rate

provided by RepeatMasker (d) is converted to a proportion (D) by dividing by 100. Then, using the Jukes-Cantor formula,104 the

average substitution rate (K) is calculated as follows:

X = � 300

4
3 ln

�
1 � D 3

4

300

�

Finally, the insertion age (T) is obtained by dividing the average substitution rate by twice the mutation rate per year (2r).104

T = � K

2r

It is important to note that our study used different values for the rate of nucleotide substitution per site per year (r) depending on the

species. Specifically, we used a consistent single nucleotide mutation rate of r = 2.23 10�9 substitutions/site/year across mamma-

lian genomes105 and a mutation rate of 1.91 3 10�9 substitutions per site per year in avian genomes.106

TE genomic landscape analysis
In this study, the genomic coverage of different TE families was analyzed using the createRepeatLandscape.pl script in

RepeatMasker. TE coverage across the genome was quantified as the proportion of total TE bases relative to the genome size.

The differences in TE coverage among the three species were compared using the prop.test function in R (version 4.0.5) to perform

a Z-test. The relative abundance of each TE class or family was determined by dividing the count of each TE category by the total

annotated TE count. To explore the distribution patterns of different TE classes across the genomes of three species, we downloaded

the genome annotation files for each species from the Ensembl database (Sus_scrofa.Sscrofa11.1.100.chr.gff3, Bos_taurus.ARS-

UCD1.2.104.gff3, Gallus_gallus.GRCg6a.104.chr.gff3). We then used the annotatePeak function from the R package ChIPseeker

(version 1.32.0)90 to analyze the distribution proportions of various TE classes across different genomic regions. Additionally, to

investigate the amplification patterns of different TE classes or families during genome evolution, we utilized R program (version

4.0.5) to analyze the count of each class or family at different time points based on TE insertion age. All visualizations for the analyses

described above were performed using the R package ggplot2 (version 3.5.1).90 In exploring the relationship between the genomic

distribution of different TE classes, we followed a similar approach as previous studies.38 We first divided the genome into non-over-

lapping 2-Mb windows and then calculated the density of each TE class (as a fraction of the genome sequence) within each 2-Mb

window. Subsequently, we employed the corr() method from Python’s pandas library (version 2.0.3) to analyze the pairwise corre-

lation between the different TE classes.

Analyzing the impact of TEs on OCRs
To compare the differences in chromatin accessibility signal enrichment of various classes of TEs across different tissues (Adipose,

Liver, Lung,Muscle, Spleen) in three species, we downloaded the rawATAC-seq data for these tissues and generated BigWig files for

profile plotting of the accessibility signals of different TEs. The analysis proceeded as follows: first, the rawATAC-seq data underwent

quality control using Trim Galore (version 0.6.10; https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) with the
e2 iScience 28, 112049, March 21, 2025
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following parameters: -q 20 –phred33 –stringency 4 –length 20 -e 0.1. Next, the clean reads were aligned to the reference genome

using Bowtie2 (version 2.5.1)92 software. PCR duplicates were then removed using Sambamba (version 1.0.0)93 software. and the

resulting BAM files were converted to BigWig files using the bamCoverage script from deepTools93 (version 3.5.2) with the following

parameters: –extendReads –normalizeUsing RPKM. Finally, chromatin accessibility signals for different TE regions and their flanking

sequences (±2 kb) were generated using the computeMatrix script in deepTools (version 3.5.2), and the signal intensity was visual-

ized using the plotProfile script.

Additionally, to explore the impact of TEs on OCRs of these tissues across the three species, we obtained peak files from both

ATAC-seq and DNase-seq for each tissue, ensuring the inclusion of two biological replicates per tissue. We then utilized the intersect

and merge functions of BEDTools94 (version 2.31.0) to identify consistent OCRs that are representative of each tissue.

To examine the direct influence of TEs on OCRs, we used the intersect command in BEDTools (version 2.31.0) to calculate the pro-

portion of OCRs affected by TE insertions, designating these as TE-driven OCRs. TEs were then categorized into age groups based

on their estimated genomic insertion ages: youngest TEs (0–25million years (Mya)), younger TEs (25–50Mya), older TEs (50–75Mya),

and oldest TEs (75–100 Mya). We assessed the enrichment of various TE classes and age groups within TE-driven OCRs across tis-

sues in each species, using the proportional distribution of all genome-annotated TEs as a background reference. Enrichment was

statistically tested with the prop.test function in R program (version 4.0.5) to perform Z-tests. Finally, the proportional distribution

of TE classes and age groups within TE-driven OCRs for each tissue was visualized using R package ggplot2 (version 3.5.1).

To identify TEswith chromatin accessibility in specific tissues,weutilized the intersectBed functionofBEDTools (version 2.31.0)with

parameters of -f 0.5 and -F 0.2 to determine overlaps between TEs and OCR peaks in each tissue.107We considered a TE to be asso-

ciated with chromatin accessibility if it overlapped with OCR peaks by at least 50%, and OCR peaks overlapped with TEs by at least

20%.Shared and tissue-specific TE accessibility was visualized using theRpackageUpSetR (version 1.4.0),95 based on the TEs iden-

tified with chromatin accessibility in each tissue. Tissue-specific accessible TEs were identified using the setdiff function in R program

(version 4.0.5). To identify enriched TFmotifs within tissue-specific accessible TEs, we performedmotif enrichment analysis using the

findMotifsGenome.pl script fromHOMERsoftware. This analysis was carried out on tissue-specific TEs for each tissue, employing the

parameters -len 8,10,12 and -size�100,100.We selected the top20 significantly enriched TFs expressed in the corresponding tissues

for each species. The results were visualized using bubble plots generated with the R package ggplot2 (version 3.5.1).

Identification and deep learning classification of different DNA CREs
To investigate the effects of different TE classes and families on various types of DNA CREs, including promoters, enhancers, and

potential silencers, we further obtained peak files for CTCF, H3K4me1, H3K27ac, and H3K4me3 from adipose, liver, lung, muscle,

and spleen tissues of pigs, cattle, and chickens. These files facilitate the identification of regulatory elements across these tissues. To

obtain representative peak regions for each tissue, wemerged the peak regions from the two biological replicates using the intersect

and merge commands from BEDTools (version 2.31.0). The methods for identifying different types of DNA CREs are outlined as fol-

lows: Enhancers were defined as H3K27ac peaks located outside known coding gene transcription start sites (TSS) ± 1 kb and

without overlap with H3K4me3 peaks. Promoter regions were characterized as H3K27ac peaks overlapping with known coding

gene TSS ±1 kb or with H3K4me3 peaks. Putative silencer regions were identified based on a previously described method.53 In

this approach, OCRs overlapping with CTCF, H3K4me1, H3K27ac, H3K4me3, and TSS were excluded, and the remaining OCRs

were classified as CSEs.

To investigate whether the CSEs identified by this method possess unique sequence characteristics distinct from enhancers and

promoters, we constructed a multitask deep learning classification model based on Almeida’s Deepstarr regression model.108 This

model was used to classify and predict promoters, enhancers, and CSEs across different species. First, for the model input se-

quences, we extracted DNA sequence information within ±1kb of the center point of each regulatory element and converted it

into a one-hot encoding format to serve as input data for the deep learning model. The output labels for the sequences were also

converted into a one-hot encoding format based on the different types of regulatory elements. The architecture of model is based

on the Basset CNN, consisting of four 1D convolutional layers with the following filters and sizes: 246 (size = 7), 60 (size = 3), 60

(size = 5), and 120 (size = 3). Each convolutional layer is followed by batch normalization, a ReLU activation function, andmax-pooling

with a pool size of 2. Following the convolutional layers, there are two fully connected layers, each with 256 neurons, followed by

batch normalization, a ReLU activation, and dropout with a fraction of 0.4. The final layer maps to both element outputs. Hyperpara-

meters weremanually adjusted to achieve the best performance on the validation set. Themodel was implemented and trained using

Keras (v.2.9.0) with TensorFlow (v.2.9.1) as the backend, employing the Adam optimizer (learning rate = 0.0001) and binary_crossen-

tropy as the loss function. Training was conducted with a batch size of 128, and early stopping was employed with a patience of 20

epochs. Model training, hyperparameter tuning, and performance evaluation were conducted on different sets. Data preprocessing

involved shuffling and splitting, with 15% reserved for testing and the remaining data split into 80% for training and 20% for validation

(Tables S7A–S7C). To evaluate the performance of each regulatory element type classification accuracy, we used the R package

plotROC (version 2.3.1)97 to calculate and visualize the AUC results based on the predicted and true values of the test set.

Contribution of TEs to different DNA CREs
To examine the contribution of TEs to different types of DNA CREs, we calculated the proportion of TE bases across various element

types. We utilized the "intersect" command in BEDTools (version 2.31.0) to extract TE sequences from specific DNA CREs, and then
iScience 28, 112049, March 21, 2025 e3
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quantified the proportion of TE bases relative to the total bases within each regulatory element using R program (version 4.0.5), with

the genomic coverage of all annotated TEs in the species serving as a reference.

To investigate the contribution of different classes of TEs to the composition of CREs, we quantified the proportion of TE bases for

each TE classes within the CREs, In this part of the analysis, the proportion of TE base for each type of TE in all annotated TEs was

used as the background.

In addition, to investigate the contribution of TE insertions to different types of CREs, we utilized the ‘intersect’ command in

BEDTools (version 2.31.0) to calculate the proportion of annotated TEs overlapping with specific regulatory element across tissues

in three species. To further focus on the ability of different classes of TEs to integrate into different CREs, we explored the proportion

of different classes of TEs based on those TEs overlapping with specific regulatory element. The above statistical results were visu-

alized using the ggplot2 R package (version 3.5.1) in R language.

Enrichment analysis of TE families in different DNA CREs
To examine the enrichment of TE families in different CREs across different tissues of the three species, we utilized a permutation

test. This involved randomly simulating size-matched regulatory element regions in the genome 1,000 times to establish a back-

ground for calculating the fold enrichment and significance of various TE families within each regulatory element type. p-values

for significance were corrected using the Bonferroni method. Before conducting the enrichment analysis, we filtered out low-abun-

dance TE families since they may have low statistical power due to their low copy number in certain species. We retained TE families

with more than 3000 copies in pigs and cattle and more than 1000 copies in chickens for analysis. The enrichment analysis results

were visualized using the R package pheatmap (version 1.0.12).

Quantification of TE loci expression and identification of tissue-specific TE expression
To detect the expression activity of TEs in the liver, spleen, lung, muscle, and adipose tissue of three species, we obtained transcrip-

tome data for these tissues, including two biological replicates for each. First, we conducted quality control on the transcriptome data

of each sample using Trim Galore (version 0.6.10) software with the following parameters: -q 20 –phred33 –stringency 4 –length 20 -e

0.1. Subsequently, based on the annotation information of TEs in the species genomes and RNA-seq clean data, we used SQuIRE

software (version 0.9.9.9a-beta) to detect the transcriptional activity of TEs in each sample. Tominimize the impact of low-expression

TEs on downstream analysis, we defined TEs with an average FPKMR1 in the two biological replicates of a tissue as detectable TEs

in that tissue. By integrating the expression levels of detectable TEs in the five tissues and using the R package ComplexHeatmap

(version 2.6.2)97 for plotting K-means heatmaps. To identify tissue-specifically expressed TEs, based on the matrix formed by the

expression values of detectable TEs in each sample, after data normalization, we calculated the tissue-specificity index (TSI) of

each TE using the following formula109:

t =

Pn
i = i ð1 � xiÞ
N � 1

Tissue-specifically expressed TEs were identified as those with a delta value greater than 0.9. TEs with a normalized expression

value of 1 within a tissue were considered specifically expressed in that tissue.

Enrichment analysis of tissue-specific expressed TEs
To explore whether specific TE classes are enriched or depleted among the expressed TEs in each tissue, we compared the

proportions of different TE classes in the detectable TEs to the proportions of all annotated TEs. This enabled us to identify the pro-

portions of different TE classes within the expressed TEs and to observe any enrichment or depletion of certain TE classes in the

expressed TEs of each tissue compared to the background.

To investigate the enrichment intensity of tissue-specifically expressed TEs compared to non-tissue-specifically expressed TEs in

genomic coding regions and conserved elements, we obtained genomic conserved element for three species from Ensembl data-

base,We defined coding regions based on genome annotation files, specifically considering the gene body regions of protein-coding

genes as coding regions. Non-tissue-specifically expressed TEs were used as controls, and we counted the numbers of both tissue-

specific and non-specific TEswithin the coding regions and conserved elements.We constructed contingency tables and conducted

Fisher’s statistical test using the fisher.test function in R. The results were then visualized using the R package ggplot2 (version 3.5.1).

To examine the biological processes associated with tissue-specific TE expression, we utilized the R package ChIPseeker (version

1.32.0) to annotate the genomic information of tissue-specific TEs and extract their neighboring genes, regarded as potential target

genes. We then performed GO enrichment analysis on these target genes using the R package clusterProfiler (version 3.14.3).98 The

significantly enriched GO terms reflect the biological processes in which the tissue-specific expressed TEs are involved. Finally, we

selected the top 10 significantly enriched GO terms in each tissue for result visualization using R package ggplot2 (version 3.5.1).

Construction of TE-GRNs
Tissue-specific TEs are intricately linked to the biological processes of their respective tissues. To investigate the gene regulatory

networks they mediate, we first identified these hub TEs by examining those that overlap with tissue-specific OCRs and exhibit tis-

sue-specific expression patterns. Following this, we further characterized the upstream TFs and downstream target genes regulated
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by these hub TEs. For identifying the downstream target genes of hub TEs, we adopted a strategy inspired by previous

studies55,110,111 that suggest the transcriptional activity of TEs can affect the expression of neighboring genes and exhibit co-expres-

sion patterns with them. To perform co-expression analysis between TEs and genes, we quantified the expression of genes in each

sample as follows:We first aligned the transcriptome data to the genomewith Hisat2 software (version 2.2.1)100 with the –rna-strand-

ness RF option. Subsequently, we quantified the gene reads using featureCounts software (version 2.0.2)101 with the -s 2 parameter.

Finally, the expression level of each gene were normalized to TPM values. Next, we performed genomic annotation of hub TEs using

the R package ChIPseeker (version 1.32.0) to identify their neighboring genes. Subsequently, we assessed the linear regression rela-

tionship between TE and neighboring gene expression levels in different tissues using the lm function in R program (version 4.0.5).

Statistically significant TE-gene pairs (model p value <0.05) were retained, and the Spearman correlation between TE-gene pairs was

calculated using the R base function cor.test to determine positive regulatory relationships (RsR 0.3). To screen for the upstreamTFs

of hub TEs, we employed a multi-criteria screening strategy. Firstly, we used the BEDtools getfasta command to accurately extract

TE DNA sequences from the genome based on their strand information. Next, we downloaded the custommotif matrices files for TFs

from http://homer.ucsd.edu/homer/custom.motifs and utilized the scanMotifGenomeWide.pl script in HOMER software to scan for

motifs information within TE sequences, enabling us to identify potential upstream TFs associated with these TEs. Subsequently, we

further used the cor.test function in R to calculate the correlation between TF-TE pairs (method = "spearman", adjust = "fdr"). TF-TE

pairs with Rs R 0.3 and adjust.p < 0.05 were considered to have a regulatory relationship. Additionally, by identifying the co-local-

ization of hub TEs and CREs, we were able to infer the CREs mediated by hub TEs. Overall, we determined the regulatory relation-

ships between TF binding to TEs, resulting in chromatin opening and the regulation of target genes. Finally, we visualized these reg-

ulatory relationships in liver tissue using the Cytoscape101 software.

QUANTIFICATION AND STATISTICAL ANALYSIS

Details of the statistical tests applied, including the statistical methods and significance levels, are provided in the main text or rele-

vant figure legends. All statistical analyses were conducted using the R software.

ADDITIONAL RESOURCES

This study does not include additional resources.
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