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21 Abstract

22 Enhancer regulatory networks are central determinants of tissue identity and function, 

23 yet their hierarchical organization across pig tissues remains poorly understood, largely 

24 due to incomplete tissue coverage and genetic heterogeneity. Here, leveraging 

25 genetically matched full-sibling pig pair, we generated epigenomic profiles from 151 

26 anatomical sites across 58 tissues and reconstructed 20,468 typical enhancer regulatory 

27 networks at whole-body scale. Tissue-specific enhancers were preferentially enriched 

28 in more complex networks, and 1,535 networks showed tissue-specific functional 

29 relevance. In parallel, we identified 477 super-enhancer-mediated core regulatory 

30 circuitries involving 368 transcription factors, revealing an additional layer of tissue-

31 specific regulation. These two frameworks were highly complementary, identifying 

32 distinct sets of hub enhancers with limited overlap. Hub enhancers identified by both 

33 frameworks were strongly enriched for CTCF, implicating three-dimensional 

34 chromatin architecture in tissue-specific regulation. Integrating single-cell chromatin 

35 accessibility and transcriptomic data from the thymus further resolved hub enhancer 

36 activity to cellular resolution. Together, this whole-body atlas provides a valuable 

37 resource for decoding enhancer regulatory hierarchies and tissue-specific gene 

38 regulatory programs in pigs.

39 Keywords: Enhancer regulatory networks; Hub enhancer; Super-enhancer; Pig; 

40 Thymus; Single cell

  



41 INTRODUCTION

42 Gene transcription is orchestrated by complex cis-regulatory programs that are essential 

43 for tissue identity, function, and homeostasis (Zhang et al., 2024). Among these, 

44 enhancers play a central role by activating target genes in a tissue-specific manner, 

45 either individually or through coordinated interactions with other regulatory elements 

46 (Zhu et al., 2022). These interactions can give rise to higher-order enhancer regulatory 

47 networks that buffer transcriptional outputs and stabilize tissue-specific gene 

48 expression programs (Lin et al., 2025). Super-enhancers (SEs), which consist of 

49 densely clustered enhancers with exceptionally strong regulatory activity, represent a 

50 specialized regulatory layer with prominent roles in establishing cell and tissue identity 

51 (Hnisz et al., 2013; Whyte et al., 2013). In parallel, SEs can mediate core regulatory 

52 circuitries (CRCs), in which master transcription factors (TFs) autoregulate themselves 

53 and each other through SE-associated feedback loops to maintain lineage-specific 

54 transcriptional states (Chen et al., 2020a; Saint-André et al., 2016). Together, typical 

55 enhancers and SEs provide complementary regulatory frameworks for organizing 

56 hierarchical gene control across tissues.

57

58 The abundance and functional complexity of enhancer elements in mammalian 

59 genomes have motivated the development of multiple computational frameworks for 

60 reconstructing enhancer-centered regulatory networks. These include ANANSE, which 

61 predicts key TFs involved in cell fate determination (Xu et al., 2021), the eNet 

62 algorithm, which identifies hub enhancers associated with cell identity through 

  



63 enhancer network analysis (Hong et al., 2023), and CRC mapper, which infers SE-

64 mediated core TF circuits that govern tissue- and lineage-specific transcriptional 

65 programs (Saint-André et al., 2016). In parallel, functional studies have shown that 

66 enhancers within clusters can exhibit additive, redundant, or synergistic effects in 

67 diverse developmental and tissue contexts, including the brain (Vermunt et al., 2014), 

68 spinal cord (Shu et al., 2022), and limb (Osterwalder et al., 2018). Genome-editing 

69 approaches have further dissected enhancer clusters at single-locus resolution, 

70 revealing distinct contributions of individual constituent elements to transcriptional 

71 robustness and phenotypic output (Blayney et al., 2023; Thomas et al., 2021).

72

73 Despite these advances, most current insights into enhancer network organization have 

74 been derived from cell lines, isolated cell types, or locus-specific perturbation studies, 

75 leaving their hierarchical architecture across whole-body tissue systems poorly 

76 resolved. Existing resources, such as dbCoRC (Huang et al., 2018b) and CRCdb (Feng 

77 et al., 2023), provide enhancer network annotations for human and mouse cell lines or 

78 limited tissue collections, but comparable tissue-resolved enhancer network atlases 

79 remain scarce in large mammals. In pigs, this gap is particularly pronounced because 

80 previous studies have been constrained by incomplete tissue coverage, heterogeneous 

81 genetic backgrounds, and limited anatomical resolution, hindering systematic 

82 identification of tissue-specific hub enhancers and core regulatory genes. Moreover, 

83 how typical enhancer networks and SE-mediated CRCs jointly shape tissue-specific 

84 regulatory hierarchies across organs remains largely unknown.

  



85 To address these limitations, we leveraged a genetically matched full-sibling pig pair 

86 and comprehensive epigenomic maps spanning 151 anatomical sites across 58 tissues 

87 to construct a whole-body atlas of enhancer regulatory networks. Using two 

88 complementary frameworks—eNet algorithm (Hong et al., 2023) for typical enhancers 

89 and CRC mapper (Saint-André et al., 2016) for SEs—we systematically reconstructed 

90 tissue-resolved regulatory networks and delineated their hierarchical organization 

91 across organs. We identified tissue-specific enhancer networks, hub enhancers, and 

92 core genes, and further showed that hub enhancers shared by both frameworks were 

93 strongly enriched for CTCF binding, linking enhancer hierarchy to three-dimensional 

94 chromatin architecture. Finally, by integrating single-cell chromatin accessibility and 

95 transcriptomic data from the thymus, we refined hub enhancer activity at cellular 

96 resolution. Together, this study establishes a comprehensive resource and conceptual 

97 framework for decoding enhancer regulatory hierarchies and tissue-specific gene 

98 regulatory programs in pigs.

99

100 MATERIALS AND METHODS

101 Sample collection

102 Pigs used in this study were the twelfth (F12) generation of a mosaic population, created 

103 by crossbreeding four commercial European/American pig breeds (Landrace, Large 

104 White, Duroc and Piétrain) with four indigenous Chinese pig breeds (Erhualian, 

105 Bamaxiang, Tibetan, Laiwu). One healthy male pig and one healthy female full sibling, 

106 both aged eight months, were used for tissue sampling. Following euthanasia, tissue 

  



107 samples were collected from 151 anatomical sites, immediately transferred into 2 mL 

108 sterile freezer tubes, flash-frozen in liquid nitrogen, and stored at −80 °C. until further 

109 assay processing. The tissue sites analyzed in this study encompassed nearly all regions 

110 of the pig's body, with detailed information on all sampling sites provided in 

111 Supplementary Tables S1 and S2.

112

113 CUT&Tag library preparation and sequencing

114 CUT&Tag libraries were prepared following previously described protocols (Kaya-

115 Okur et al., 2019) with minor adjustments. Briefly, after generating a nucleus 

116 suspension, 2 × 105 nuclei per reaction were incubated with 10 μL of concanavalin A-

117 coated magnetic beads for 10 minutes at room temperature. Following this, the bead-

118 bound cells was resuspended and incubated overnight with a primary antibody (ab4729 

119 and ab8580, Abcam, UK) at 4 ℃ for H3K4me3 and H3K27ac, respectively. Eight tissue 

120 sites were also incubated with a primary antibody against CTCF (A13272, Abclonal, 

121 China), and the thymus sample was additionally incubated with an antibody against 

122 RAD21 (ab217678, Abcam, UK). Then, a 1:100 dilution of ChIP-grade rabbit 

123 polyclonal antibody was added for 30 minutes at room temperature. Unbound 

124 antibodies were removed using a magnet stand, followed by 2-3 washes with Dig wash 

125 buffer. The pA-Tn5 adapter complex was added and incubated at room temperature for 

126 1 hour, after which unbound pA-Tn5 protein was removed. The cells were resuspended 

127 in tagmentation buffer and incubated at 37 ℃ for 1 hour, after which the 

128 immunoprecipitated DNA was collected. 

  



129

130 To amplify libraries, 21 µL of DNA was mixed with 2 µL of a universal i5 primer and 

131 a uniquely barcoded i7 primer, with a different barcode for each sample. A total of 25 

132 µL of NEBNext HiFi 2× PCR Master mix was added, and the sample was thoroughly 

133 mixed. PCR amplification was performed in a thermocycler with a heated lid under the 

134 following conditions: 72 °C for 3 minutes (gap filling), 95 °C for 30 seconds, followed 

135 by 12 cycles of 98 °C for 10 seconds and 60 °C for 5 seconds, with a final extension at 

136 72 °C for 1 minute and hold at 4 °C. Library clean-up was performed using SPRI 

137 Magnetic Beads (Beckman Coulter, Beverly, MA, USA), and DNA was purified using 

138 phenol-chloroform-isoamyl alcohol extraction followed by ethanol precipitation. The 

139 DNA concentration was assessed using a Qubit 4.0 fluorometer (Thermo Fisher 

140 Scientific, USA), and the library quality was evaluated on BiOptic QSep400 (China). 

141 Finally, the library was sequenced in 150 bp paired-end mode on a NovaSeq 6000 

142 platform (USA).

143

144 Quantitative real-time PCR

145 Tissue samples including brain, skeletal muscle, stomach, liver and heart were collected 

146 and ground in liquid nitrogen prior to RNA extraction. Total RNA was extracted using 

147 a commercial RNA extraction kit according to the manufacturer’s instructions. RNA 

148 concentration and purity were assessed using a NanoDrop™ spectrophotometer, and 

149 RNA integrity was confirmed by agarose gel electrophoresis. Only high-quality RNA 

150 samples with clear 28S and 18S rRNA bands were used for subsequent experiments. 

  



151

152 Gene-specific primers for PCSK2 and GAPDH were designed using Primer5.0 software 

153 and validated using NCBI Primer-BLAST 

154 (https://www.ncbi.nlm.nih.gov/tools/primer-blast/). Primer specificity was further 

155 confirmed by agarose gel electrophoresis prior to qPCR analysis. Primer sequences 

156 were as follows: PCSK2-F:GGGACGACGACTCCAAGG; PCSK2-

157 R:TGCCCAGGATGCTCTTCA; GAPDH-F:GCACAGTCAAGGCGGAGA; 

158 GAPDH-R:GGCAGAAGGGGCAGAGAT.

159 The first strand cDNA synthesis was performed using BeyoRT™ II cDNA Kit 

160 (Beyotime Biotechnology, Shanghai, China) according to the manufacturer’s 

161 instructions. Quantitative real-time PCR was performed using the CFX96™ Real-Time 

162 System (Bio-Rad Laboratories, Hercules, CA, USA) with SYBR Green qPCR Master 

163 Mix Kit (Sangon Biotech (Shanghai) Co., Ltd., Shanghai, China). Thermal cycling 

164 conditions were: 95°C for 5 min, followed by 40 cycles of 95°C for 10 s and 60°C for 

165 30 s. Three biological replicates and three technical replicates were set for each tissue. 

166 Relative expression levels were calculated using the 2^-ΔΔCt method (Livak & 

167 Schmittgen, 2001) with GAPDH as the internal reference gene and brain tissue as the 

168 calibrator. Data were expressed as mean ± SD of technical replicates.

169

170 Dual-Luciferase reporter assay

171 HEK293T cells were cultured to 70–80% confluency, then digested with trypsin. 

172 Digestion was terminated using complete medium, and the cell suspension was gently 

  



173 pipetted to obtain a single-cell suspension. Cells were counted using a hemocytometer 

174 and diluted to a final concentration of 1 × 10⁵ cells/mL in complete medium. A total of 

175 1 mL of the cell suspension was seeded into each well of a 24-well plate. The plate was 

176 gently rocked in both directions to ensure even distribution and incubated at 37°C in a 

177 5% CO₂ incubator for 16 hours, reaching 40–50% confluency prior to transfection. 

178 Plasmid transfection was performed using Lipofectamine® 2000 (Thermo Fisher 

179 Scientific, Cat# 11668027) following the manufacturer’s protocol. For each well, the 

180 culture medium was replaced with 1 mL of Opti-MEM, and cells were returned to the 

181 incubator. A total of 1 µg of plasmid DNA (pGL3 firefly luciferase reporter and pRL-

182 TK Renilla control plasmid at a 5:1 ratio) was diluted in 50 µL Opti-MEM. Separately, 

183 2 µL of Lipofectamine 2000 was diluted in another 50 µL Opti-MEM. The two 

184 solutions were combined, incubated at room temperature for 20 minutes, and added 

185 dropwise to the corresponding wells. After 4–6 hours of incubation, the transfection 

186 medium was replaced with 1 mL of complete medium, and cells were cultured for an 

187 additional 48 hours.

188

189 Luciferase activity was measured using the Dual-Luciferase® Reporter Assay System 

190 (Promega, Cat# E1910) according to the manufacturer’s instructions. The 5× Passive 

191 Lysis Buffer (PLB) was diluted to 1× with nuclease-free water. Culture medium was 

192 removed, and cells were washed once with PBS. Then, 100 µL of 1× PLB was added 

193 to each well, and the plate was gently agitated at room temperature for 15 minutes. 

194 Lysates were mixed thoroughly, and 20 µL of each lysate was transferred to a 96-well 

  



195 plate in triplicate. Firefly luciferase activity was measured by adding 100 µL of 

196 Luciferase Assay Reagent II (LAR II), followed by measurement of Renilla luciferase 

197 activity after adding 100 µL of Stop & Glo® Reagent. Firefly luciferase signals were 

198 normalized to Renilla luciferase signals for data analysis.

199

200 In situ Hi-C library preparation and sequencing

201 Brain and liver tissues were selected for in situ Hi-C experiments following the protocol 

202 described by Rao et al (Rao et al., 2014). with minor modifications. Briefly, sample 

203 was crosslinked in 2% formaldehyde for 15 minutes at room temperature, and the 

204 reaction was quenched with glycine. Crosslinked samples were subsequently ground in 

205 liquid nitrogen, and nuclei were isolated through a series of centrifugation steps: first 

206 by filtration at 4,000 rpm for 20 minutes at 4°C, followed by two rounds of 

207 centrifugation at 14,000 rpm for 10 minutes at 4°C. The extracted chromatin was 

208 solubilized using dilute SDS and incubated at 65°C for 10 minutes. Triton X-100 was 

209 added to quench the SDS before digesting the chromatin overnight at 37°C with 400 

210 units of MboI restriction enzyme (NEB). The resulting DNA fragment ends were 

211 labeled with biotin-14-dCTP (Invitrogen, 19518-018) and then proximity-ligated to 

212 form chimeric junctions. Crosslinks were reversed by incubation with proteinase K 

213 (Invitrogen, 25530-031) at 65°C, followed by DNA extraction using phenol-chloroform. 

214 To remove biotin from non-ligated ends, T4 DNA polymerase (NEB, M0203L) was 

215 applied. The DNA was then fragmented to 100–500 bp using sonication. Fragment end 

216 repair was performed using T4 DNA polymerase, T4 polynucleotide kinase (NEB, 

  



217 M0201), and Klenow DNA polymerase. Biotinylated ligation products were selectively 

218 enriched using streptavidin magnetic beads. End repair and A-tailing were carried out 

219 with Klenow fragment (NEB, M0212L), and sequencing adapters (Illumina, PN 

220 1001782 and 1001783) were ligated to the DNA. Hi-C libraries were constructed 

221 following Illumina protocols and sequenced using paired-end 150 bp reads on the 

222 Illumina HiSeq platform.

223

224 scRNA-seq and scATAC-seq library preparation and sequencing

225 scRNA-seq libraries were prepared following established protocols with minor 

226 modifications (Rao et al., 2023). Briefly, approximately 100 mg of pig thymic tissue 

227 was rinsed with phosphate buffered saline (PBS). Tissue dissociation was performed 

228 using the dissociation kit (mouse, Miltenyi, Germany) at 37 ℃. The resulting cell 

229 suspension was filtered through a 70 μm cell strainer (Miltenyi, Germany) and 

230 centrifuged at 300 × g for 5 minutes at 4 °C. After red blood cell lysis (Miltenyi, 

231 Germany), cell concentration and viability were assessed using a fluorescence-based 

232 cell analyzer (Countstar Rigel S2, China) with acridine orange/propidium iodide 

233 staining. Cells were then washed twice with RPMI 1640, resuspended at a final 

234 concentration of 1 × 106 cells/mL in RPMI 1640 supplemented with 0.04% bovine 

235 serum albumin (BSA). ScRNA-seq libraries were prepared using SeekOne® MM 

236 Single Cell 3′ library preparation kit (SeekGene, China) and sequenced on illumina 

237 Nova Seq 6000 platform (USA).

238

  



239 For scATAC-seq, nuclei isolation and library preparation were performed following the 

240 10x Genomics protocol (https://support.10xgenomics.com/single-cell-atac). Nuclei 

241 quantified and diluted to a concentration of 2,000-4,000 nuclei/μL. Approximately 

242 10,000 nuclei were used for transposition and capture on the Chromium Controller (10x 

243 Genomics, USA). Library were prepared using the Chromium Single Cell ATAC 

244 Reagent Kit according to the manufacturer’s instructions. Final scATAC-seq libraries 

245 were sequenced on an Illumina HiSeq 2000 platform (USA) using 150 bp paired-end 

246 reads.

247

248 CUT&Tag data analysis

249 The raw data were analyzed utilizing pipelines developed by the Henikoff laboratory 

250 (Henikoff et al., 2020), with minor modifications. In brief, paired-end reads containing 

251 adapters, ploy-N, and low-quality reads were trimmed using Trim Galore v0.6.10 

252 (available at https://github.com/FelixKrueger/TrimGalore) with default parameters. 

253 High quality clean reads were then aligned to the porcine reference genome (self-

254 assembled by the lab) using Bowtie2 v2.4.1 (Langmead & Salzberg, 2012). To removed 

255 potential PCR duplicates, the Picard toolkit v1.119 

256 (http://broadinstitute.github.io/picard/) was employed. Reads with low mapping quality 

257 (mapq < 30) and mitochondrial DNA were filtered out using SAMtools v1.9 (Li et al., 

258 2009). Bigwig files were generated with deepTools bamCoverage function (Ramírez et 

259 al., 2016). For peak calling, stringent parameters (--qvalue 0.01 --nomodel --shift 0 -B 

260 -SPMR --keep-dup all) were applied using MACS2 v2.12 (Zhang et al., 2008), with 
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261 high-quality peak regions defined by p-values < 10-5.

262

263 Identification of enhancers and promoters

264 A list of overlapping peaks across all H3K27ac CUT&tag data was generated using the 

265 BEDTools merge command (Quinlan & Hall, 2010). Merged peaks located more than 

266 1 kb from transcript start sites (TSSs) of transcripts were defined as candidate enhancers. 

267 We defined putative promoters as merged peaks within 1 kb of TSSs, identified from 

268 the combined H3K27ac and H3K4me3 CUT&Tag datasets. Read coverage for peaks 

269 was computed using deepTools multiBamSummary (Ramírez et al., 2016), while peak 

270 intensity was measured as Peaks Per Kilobase Million using R program v3.5.1 

271 (https://www.r-project.org/). Sample clustering based on enhancer activity profiles was 

272 performed using the hclust function with the ward.D method and visualized using the 

273 circlize (Gu et al., 2014) and dendextend packages (Galili, 2015).

274

275 To assess tissue specificity, the Tau score was calculated using the following formula:

276 𝜏 𝑠𝑐𝑜𝑟𝑒 = ∑𝑁
𝑖=1(1―𝑥𝑖)

𝑁―1 , where 𝑥𝑖 = 𝑥𝑖

𝑚𝑎𝑥(𝑥𝑖)

277 Here, 𝑥𝑖 is the average normalized enhancer intensity in tissue i, and N is the number 

278 of tissues. 

279

280 Hi-C map construction and loop identification

281 Hi-C reads were mapped to the pig reference genome using the juicer v1.6 pipeline 

282 (Durand et al., 2016) with modified parameters “-s MboI -S early” and other setting 
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283 were kept at their defaults. Mapped chimeric reads were filtered to retain only high-

284 confidence interactions with MAPQ > 30. Hi-C contact matrices were generated in .hic 

285 format using juicer tools v1.22.01 at a resolution of 5 kb. Chromatin loops were 

286 identified using the HiCCUPS algorithm within Juicer Tools with the resolution 

287 parameter set to -r 5000; all other parameters remained at default settings. 

288

289 Data reproducibility

290 To assess reproducibility, we collected liver-matched tissue samples from six 

291 anatomical sites in three additional biological replicates from F12-generation 

292 individuals (see Supplementary Table S3 for details). The same experimental protocols 

293 and analytical procedures used in the primary study were applied. Read coverage across 

294 genomic regions in the filtered BAM files was calculated to using multiBamSummary 

295 bins function in deepTools v2.0 (Ramírez et al., 2016) to assess genome-wide similarity 

296 among replicates. 

297

298 Build enhancer regulatory networks

299 To explore the underlying mechanism of enhancer clusters in regulating gene 

300 expression, we performed eNet algorithm (Hong et al., 2023) with minor modifications 

301 to build enhancer networks based on H3K27ac and H3K4me3 CUT&Tag datasets. 

302 Briefly, Spearman correlations were computed between enhancer intensity and 

303 promoter intensity. Promoters within 150 kb of each enhancer were included, and 

304 correlations with a coefficient ≥ 0.3, and q-value < 0.01, where the enhancer and 

  



305 promoter existed in the same sample, were considered significant. For each gene, each 

306 putative enhancer pair within the enhancer cluster were performed co-accessibility. 

307 Then significantly corelated enhancers were predicted enhancer-enhancer interactions 

308 (EEIs). Next, we built enhancer networks for each gene, where nodes represent 

309 enhancers in the enhancer network and edges represent EEIs. Because the resulting 

310 network was relatively dense, we further retained only the top 5% strongest EEIs (95th 

311 percentile cutoff) to reduce noise from weaker associations and improve the stringency 

312 of downstream network analysis. This cutoff was applied during edge filtering and was 

313 not used to directly define hub enhancers. We then quantified the complexity of the 

314 enhancer networks by the network size and connectivity. Network size was calculated 

315 as the number of enhancers. Network connectivity was calculated as two-fold of the 

316 number of edges divided by the number of nodes. We classified the enhancer networks 

317 into three modes based on their complexity: Simple (< median of nodes), Multiple (> 

318 median of nodes and network connectivity < 1), Complex (> median of nodes and 

319 network connectivity >1). 

320

321 Hub enhancers for tissue-specific promoters were identified only from Complex 

322 networks. For each complex network, the degree of each enhancer node was calculated 

323 and normalized by the total number of edges in the network. Network hub enhancers 

324 were defined as enhancers showing high normalized interaction degree within the 

325 corresponding complex network.

326

  



327 Validation of enhancer–promoter interactions within the same TADs

328 Based on the Hi-C data generated from brain, liver, and muscle tissues (Li et al., 2025), 

329 we identified TADs for each tissue. To evaluate the spatial validity of EPIs, both 

330 enhancers and promoters involved in EPIs were intersected with TAD coordinates using 

331 bedtools intersect (Quinlan & Hall, 2010). An interaction was considered TAD-

332 supported when both the enhancer and promoter were assigned to the same TAD. The 

333 proportion of TAD-supported interactions was calculated as the number of EPIs with 

334 both anchors located within the same TAD divided by the total number of EPIs 

335 evaluated in the corresponding tissue. 

336

337 Function annotation and visualization

338 GO (Gene Ontology) and KEGG (Kyoto Encyclopedia of Genes and Genomes) 

339 enrichment analysis were conducted using DAVID (https://david.ncifcrf.gov/tools.jsp).

340 To visualize continuous CUT&Tag signal, BigWig files normalized to 1× genome 

341 coverage in 20 bp bins were created using deepTools bamCoverage (Ramírez et al., 

342 2016), and visualized with pyGenomeTracks (Lopez-Delisle et al., 2021).

343

344 Enrichment analysis of housekeeping and disease genes 

345 For a given gene set, the enrichment score was defined as the fold change relative to 

346 the genomic baseline, calculated by the formula:

347 (m/n) / (M/N),

348 where m and M indicate the number of target genes within the gene set and across the 
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349 entire genome, respectively, while n and N represent the total number of genes in the 

350 set and genome-wide, respectively. All housekeeping genes were downloaded from 

351 https://housekeeping.unicamp.br/?homePageGlobal. Enhancers from Vista Enhancer 

352 browser database https://enhancer.lbl.gov/vista/downloads were convert to pig 

353 reference genome using the LiftOver tool (http://genome.ucsc.edu/cgi-bin/hgLiftOver). 

354 Brain disease genes were collected from 

355 https://download.big.ac.cn/brainbase/Brain%20Diseases/.

356

357 To evaluate the performance of enhancer networks in predicting the housekeeping 

358 genes, we ranked all genes by two scoring methods, including network connectivity 

359 and network size. We then calculated the fold-enrichment of housekeeping genes in 

360 top-ranked genes with a moving window of 50.

361

362 TF motif enrichment analysis

363 Motif occurrence within enhancers from three modes was predicted using HOMER 

364 (Heinz et al., 2010) with default settings to predict motif occurrences within enhancers 

365 from the three regulatory modes. TFs with motif enrichment P-values < 0.01 were 

366 extracted to generate a list of enriched TFs. To characterize the distinctive features of 

367 enhancers across the three modes, TFs with –log₁₀(P-value) > 2 were visualized.

368

369 CTCF enrichment analysis in hub enhancers

370 To assess the enrichment of CTCF binding within hub enhancers, motif scanning was 
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371 conducted against the CTCF motifs from the non-redundant JASPAR2022 CORE 

372 vertebrates motif database using FIMO (Grant et al., 2011) with the default settings. To 

373 evaluate CTCF enrichment, we conducted a Fisher’s exact test comparing the frequency 

374 of CTCF-bound enhancers in hub versus non-hub enhancer sets.

375

376 Identification of super-enhancers and construction of core regulatory networks

377 SEs were identified using H3K27ac data with ROSE algorithm 

378 (https://bitbucket.org/young_computation/rose). SEs from all samples were then 

379 merged to obtain consensus super-enhancers. The normalization process followed the 

380 same steps as those used for typical enhancers. 

381

382 To identify the CRCs, CRC mapper (Saint-André et al., 2016) was used with sequence 

383 alignment data. SEs were identified using H3K27ac data with ROSE algorithm 

384 (https://bitbucket.org/young_computation/rose). Then, screening the closest active 

385 genes that are TFs and find the TFs regulated by SEs. TF motifs were identified with 

386 FIMO (Grant et al., 2011) using default parameters. Finally, a TF was defined as a self-

387 regulatory TF when it could bind to an SE element that regulates the TF itself. Within 

388 the CRC, each TF binds its own SE as well as the SEs of the other TFs in the circuitry, 

389 collectively driving an extended catalog of SEs.

390

391 ScRNA-seq data processing

392 Raw FASTQ files were aligned to the porcine reference genome (self-assembled by the 

  

https://bitbucket.org/young_computation/rose
https://bitbucket.org/young_computation/rose


393 lab) using cellranger-7.0.0 (https://github.com/10XGenomics/cellranger). The resulting 

394 output matrices were imported into Seurat (v 4.3.0.1) (Hao et al., 2021) for quality 

395 control. Overall, 10,515 cells passed the filtering criteria, including all genes expressed 

396 in less than three cells, the number of genes expressed per cell was greater than 200 and 

397 less than 7,500, the UMI counts were less than 50,000, the percent of mitochondrial-

398 DNA derived gene expression was less than 5%. To visualize cellular heterogeneity, 

399 we regressed out the effects of total expression and mitochondrial content using Scanpy 

400 version 1.7.1 (Wolf et al., 2018) with Python version 3.7.4. Dimensionality reduction 

401 was performed using principal component analysis (PCA), followed by uniform 

402 manifold approximation and projection (UMAP) for embedding into two-dimensional 

403 space. Cell-type annotation was achieved by identifying marker genes via the Wilcoxon 

404 rank-sum test and selecting the top 500 differentially expressed genes, which were 

405 cross-referenced with canonical markers of thymic cell types. 

406

407 ScATAC-seq processing 

408 Raw scATAC-seq reads were processed using the Cell Ranger ATAC pipeline (v2.0.0, 

409 10x Genomics). Accessibility profiles were generated for each library using the 

410 cellranger-atac count command. Downstream analyses were performed with the ArchR 

411 package (v1.0.1) (Granja et al., 2021). During quality control, nuclei with TSS 

412 enrichment scores < 4 or fewer than 1,000 unique fragments were excluded. 

413 Additionally, cells with elevated doublet scores were filtered out. Dimensionality 

414 reduction was performed using latent semantic indexing (LSI) via the addIterativeLSI 

  



415 function, followed by the construction of a nearest-neighbor graph for clustering and 

416 UMAP visualization. Gene activity scores were computed using the 

417 addGeneScoreMatrix function, and cluster-specific marker genes were identified with 

418 getMarkerFeatures. To evaluate peak-calling reproducibility, pseudobulk replicates 

419 were generated, and peaks were identified using MACS2 v2.1.2 (Zhang et al., 2008). 

420

421 Integration of scRNA-seq data and scATAC-seq data

422 To annotate scATAC-seq profiles, we integrated the scATAC-seq dataset with the 

423 matched scRNA-seq dataset using the addGeneIntegrationMatrix() function in ArchR 

424 (v1.0.1) (Granja et al., 2021). Briefly, gene activity scores from scATAC-seq cells, 

425 represented by the GeneScoreMatrix, were used as the query features, and the annotated 

426 scRNA-seq Seurat object was used as the reference. Cell-type labels in the scRNA-seq 

427 dataset were obtained from the metadata field cell_type, which had been assigned based 

428 on canonical marker genes. 

429

430 Peak-to-gene linkage analysis was performed using addPeak2GeneLinks() in ArchR 

431 (v1.0.1) (Granja et al., 2021) with reducedDims = "IterativeLSI" and useMatrix = 

432 "GeneScoreMatrix". A permissive correlation cutoff of corCutOff = 0.2 was used to 

433 detect candidate regulatory associations. Peak-to-gene links were extracted with 

434 getPeak2GeneLinks() and used for downstream visualization and locus-level 

435 interpretation. 

436

  



437 For visual validation of the integrated data, browser-style tracks were generated with 

438 plotBrowserTrack() using either user-defined genomic regions or marker genes of 

439 interest. Pseudobulk accessibility tracks grouped by predictedGroup, together with 

440 inferred peak-to-gene links, were used to visually examine whether known marker loci 

441 showed expected cell-type-specific accessibility patterns.

442

443 Integration analysis between single-cell and bulk data

444 To compare single-cell regulatory elements with hub enhancers identified from bulk 

445 thymus data, accessible chromatin regions derived from scATAC-seq were intersected 

446 with bulk-defined hub enhancers using bedtools intersect command (Quinlan & Hall, 

447 2010). Overlap was defined on the basis of genomic coordinate intersection between 

448 the two sets of regions. 

449

450 To further assess cell-type specificity, Tau scores were calculated for bulk-defined hub 

451 enhancers based on their accessibility across scATAC-seq cell types. Track 

452 visualization was used to compare the accessibility landscape surrounding 

453 representative loci and to examine the relationship between bulk-defined hub enhancers 

454 and cell-type-resolved accessible elements in single-cell data using the 

455 ‘plotBrowserTrack’ function (Granja et al., 2021).

456

457 GWAS enrichment analysis

458 To investigate the enrichment of GWAS signals within hub enhancers and super-

  



459 enhancers, we retrieved QTL data for 133 traits available in the PigBiobank database 

460 (https://pigbiobank.ipiginc.com/home). The enrichment calculation was structured as 

461 follows: Odd Ratio = A/B, where A represents the number of lead SNPs within target 

462 regions / total number of lead SNPs and B represents the number of background SNPs 

463 within target regions / Total number of background SNPs. A fold change value greater 

464 than 1 indicated that trait-associated SNPs were specifically enriched in H3K27ac-

465 marked regions, suggesting a significant association between these regions and trait-

466 linked regulatory activity. For each odds ratio (OR), statistical significance was 

467 assessed using Fisher’s exact test.

468

469 RESULTS

470 Data Summary

471 To systematically characterize enhancer regulatory architecture across pig tissues, we 

472 generated a comprehensive CUT&Tag dataset profiling both H3K27ac and H3K4me3 

473 in 151 anatomical sites from 58 distinct tissues. The samples were collected from a 

474 castrated male pig together with seven reproductive sites from its full-sibling female, 

475 yielding broad anatomical coverage across the pig body. Across all samples, we 

476 identified an average of 34,812 H3K4me3 peaks and 72,983 H3K27ac peaks per sample. 

477 After merging peaks across samples, we obtained 222,290 consensus H3K4me3 peaks 

478 (mean length = 1,013 bp) and 486,064 consensus H3K27ac peaks (mean length = 1,088 

479 bp). All samples passed stringent quality-control criteria, including FRiP, NSC, and 

480 RSC, supporting the overall robustness of the chromatin profiles (Supplementary 
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481 Tables S1, S2).

482

483 To further assess reproducibility, we generated additional H3K27ac profiles from liver 

484 samples collected from three independent pigs across six anatomical sites 

485 (Supplementary Table S3). These validation samples clustered closely with the 

486 corresponding liver samples generated in this study, showed high pairwise correlations, 

487 and remained clearly separated from other tissue types (Supplementary Figure S1A). In 

488 parallel, clustering based on peak activity across all samples grouped tissues according 

489 to their biological identities (Supplementary Figure S1B), further supporting the 

490 reliability and tissue specificity of the regulatory profiles.

491

492 By integrating H3K4me3 and H3K27ac signals across all 151 samples, we annotated 

493 36,857 promoters in transcription start site (TSS)-proximal regions and 448,648 distal 

494 enhancers located more than 1 kb from annotated TSSs. This 1 kb threshold was used 

495 as an operational criterion to distinguish promoter-proximal from distal regulatory 

496 elements, consistent with previous epigenomic studies (Jiang et al., 2022; Zhu et al., 

497 2022). In our dataset, both H3K4me3 and H3K27ac signals were strongly enriched 

498 within 1 kb of annotated TSSs (Supplementary Figure S1C), supporting the suitability 

499 of this cutoff for separating promoter-associated regions from distal putative enhancers. 

500

501 Complexity of the whole-genome enhancer networks across 58 pig tissues

502 We next applied the eNet framework (Hong et al., 2023) to infer enhancer-centered 

  



503 regulatory networks across tissues. To define an appropriate search space for enhancer–

504 promoter interactions (EPIs), we generated Hi-C data from brain and liver and 

505 integrated publicly available muscle Hi-C data (Li et al., 2025). Topologically 

506 associating domain (TAD) analysis revealed a median size of approximately 280 kb 

507 (Supplementary Figure S1D), suggesting that a 150-kb window around each enhancer 

508 represents a biologically plausible range for local cis-regulatory interactions. 

509 Sensitivity analyses across different enhancer–promoter distance thresholds showed 

510 that the proportion of positively correlated enhancer–promoter pairs located within the 

511 same TAD increased with decreasing genomic distance but plateaued between 100 and 

512 150 kb (Supplementary Figure S1E). Consistently, positive enhancer–promoter 

513 correlations were enriched at shorter distances, whereas negative correlations were 

514 depleted (Supplementary Figure S1F). Together, these results supported the use of a 

515 150-kb window for subsequent analyses. 

516

517 Using this window, we inferred EPIs based on activity correlations (Spearman’s r ≥ 0.3, 

518 q < 0.01) (Ren et al., 2026), identifying 741,616 interactions, including 697,368 

519 positive EPIs (94.03%), linking 273,855 enhancers to 34,158 promoters. 

520 Approximately 80% of positive EPIs were located within the same TAD, providing 

521 independent support from Hi-C data (Supplementary Figure S1E). For each promoter, 

522 linked enhancers were grouped into enhancer clusters, and enhancer–enhancer 

523 interactions (EEIs) were inferred to construct gene-centered enhancer networks, where 

524 nodes represent enhancers and edges represent EEIs (Figure 1). Network complexity 

  



525 was quantified by network size (number of enhancers) and connectivity (twice the 

526 number of edges divided by the number of nodes). Following the eNet framework, we 

527 retained networks larger than the median size with connectivity > 1 and selected the top 

528 5% strongest EEIs to construct high-confidence enhancer networks for downstream 

529 analyses (Figure 2A).

530

531 In total, we built 20,468 enhancer networks across pig tissues (Figure 2B). Among these, 

532 we observed several brain function-related genes, including APBA2 (Da Costa et al., 

533 2017), OPCML (Rougon & Hobert, 2003) and SLAMF1 (Chen et al., 2020b), which 

534 exhibited notably large network size and high network connectivity (Figure 2B). The 

535 finding suggested that complex enhancer networks are more likely to regulate critical 

536 genes for tissue-specific functions, particularly in the brain, where intricate regulatory 

537 mechanisms may be required to support highly specialized neural processes. We then 

538 classified the enhancer networks into three distinct modes based on their regulatory 

539 complexity: Simple mode, multiple mode, and complex mode. This classification 

540 yielded 10,308 simple, 5,337 multiple and 4,751 complex enhancer networks (Figure 

541 2B). For example, the FGL1 gene (Chen et al., 2024), which was highly expressed in 

542 the liver and may be involved in liver regeneration and metabolic regulation, was 

543 regulated by a complex enhancer network consisting 53 EEIs among 25 enhancers. In 

544 contrast, the LDHA gene (Gray et al., 2014), which was widely expressed and involved 

545 in regulation of pyruvate metabolism, was controlled by a network with the same 

546 number of enhancers but only a single EEI (Figure 2C). This association was further 

  



547 reproduced in an independent liver dataset. Specifically, using matched H3K27ac and 

548 RNA-seq data from 259 samples from our previous study (Ling et al., 2024). we 

549 reconstructed an enhancer–gene regulatory network and confirmed that genes 

550 embedded in more complex enhancer networks were expressed at significantly higher 

551 levels than genes associated with simple or less connected regulatory architectures 

552 (Supplementary Figure S1G). This comparison highlighted the diversity in enhancer 

553 network architectures, where genes with distinct biological functions may exhibit 

554 varying levels of regulatory complexity.

555

556 Enhancer network complexity is associated with tissue-specific gene regulation 

557 We next examined the relationship between enhancer network complexity and tissue 

558 specificity. Using H3K27ac activity for enhancers, H3K4me3 activity for promoters, 

559 and matched RNA-seq data from pigGTEx (Fang et al., 2025) for genes, we calculated 

560 Tau scores across tissues. Tau scores of enhancers were positively correlated with those 

561 of their associated promoters and target genes (Supplementary Figures S2A, S2B), 

562 indicating coordinated tissue-specific regulation across multiple layers of the regulatory 

563 hierarchy. Overall, enhancers exhibited higher Tau scores than promoters and genes, 

564 consistent with distal enhancers carrying substantial tissue-specific regulatory 

565 information. However, among highly tissue-specific genes, promoter and gene Tau 

566 scores frequently approached or exceeded those of their associated enhancers, 

567 suggesting that tissue specificity may be further reinforced during signal transmission 

568 from enhancers to promoters and gene expression outputs (Supplementary Figures S2A, 

  



569 S2B). Importantly, this relationship followed a clear hierarchical trend across 

570 regulatory architectures. As regulatory mode progressed from simple to multiple and 

571 ultimately to complex, Tau scores increased significantly for enhancers, promoters, and 

572 target genes (Supplementary Figures S2C, S2D). In simple networks, enhancers were 

573 generally more tissue-specific than their downstream genes. In contrast, under multiple 

574 and especially complex regulatory architectures, promoters and target genes often 

575 achieved tissue specificity comparable to or greater than that of their associated 

576 enhancers (Supplementary Figures S2C, S2D). These observations suggest that 

577 increasing enhancer network complexity is associated with progressively stronger 

578 tissue specificity and support a hierarchical regulatory model in which complex 

579 enhancer networks reinforce and concentrate tissue-specific regulatory signals at the 

580 promoter and transcriptional levels.

581

582 To further characterize the regulatory properties of the three enhancer network modes, 

583 we compared their associated promoters in terms of tissue specificity, housekeeping 

584 gene enrichment, and TF-binding features. Promoters in the complex mode exhibited 

585 significantly higher Tau scores (a tissue specificity index) (Yanai et al., 2005) (Figure 

586 2D), indicating that genes associated with the complex mode were more tissue-specific 

587 than those in the other two modes. Consistent with this, housekeeping genes were 

588 depleted in the complex mode but enriched in the simple mode when assessed against 

589 the whole genome as background (Figure 2E). Furthermore, housekeeping genes 

590 showed significantly lower enrichment when genes were ranked by network 

  



591 connectivity than when ranked by network size (Figure 2F), suggesting that the 

592 complexity of enhancer–promoter connectivity, rather than the mere number of 

593 network nodes, more strongly reflects tissue-specific regulatory programs. We next 

594 compared TF-binding motifs among promoters across the three modes and found that 

595 promoters in the simple mode were enriched for motifs of general TFs, including YY1 

596 and SP1 (Figure 2G). Collectively, these results suggest that tissue-specific gene 

597 regulation is preferentially mediated by complex enhancer networks.

598

599 Tissue-specific enhancers enriched in complex enhancer networks 

600 To further explore the tissue specificity of complex enhancer networks, we focused on 

601 promoters with tissue-specific activity (Smith et al., 2007). Using a Tau score threshold 

602 of 0.85, we identified 6,902 tissue-specific promoters across 58 tissues and linked them 

603 to 1,535 complex enhancer networks (Supplementary Figure S3A), Notably, nervous 

604 system-related tissues harbored a greater number of regulatory networks, consistent 

605 with their high transcriptional and regulatory complexity (Supplementary Figures S3B, 

606 S3C). We then examined whether these networks were associated with tissue-specific 

607 functions across tissues. Using brain regions (34/151 samples) as an example, we 

608 identified 942 promoters with highly specific activity, including 12 promoters 

609 corresponding to five brain function-related genes (APBA2, DPP6, FAM135B, NTM 

610 and OPCML) represented among the top 10 complex enhancer networks 

611 (Supplementary Figures S4A, S4B). Consistent with this, genes associated with the 

612 complex mode in brain regions showed the strongest enrichment for brain disease-

  



613 related genes, with a 2.59-fold enrichment compared to the whole genome as the 

614 background (Supplementary Figure S4C). We next examined the constituent enhancers 

615 within these networks and found that they also exhibited marked tissue specificity, with 

616 approximately 30% showing Tau scores greater than 0.8 (Supplementary Figure S4D). 

617 Applying a stricter threshold (Tau > 0.85), we identified 3,132 tissue-specific enhancers, 

618 which were enriched for tissue-specific TFs and associated with highly tissue-specific 

619 functions (Figure 3A; Supplementary Tables S4, S5). Collectively, these results suggest 

620 that tissue-specific enhancers play important roles in shaping complex enhancer 

621 networks. 

622

623 Identification and characterization of hub enhancers within complex networks

624 Enhancer clusters are organized hierarchically, comprising both necessary and 

625 dispensable components that coordinate gene expression regulation (Huang et al., 

626 2018a). To analyze hierarchically organized enhancers in complex enhancer networks 

627 associated with tissue-specific promoters, we defined network hub enhancers as those 

628 with high-frequency EEIs, as previously described (Hong et al., 2023). In total, we 

629 identified 1,511 hub enhancers linked to 629 core genes (Figure 3B; Supplementary 

630 Table S6). To investigate the functional properties of hub enhancers, we first compared 

631 the enrichment of CTCF binding motifs between hub and non-hub enhancers. Hub 

632 enhancers exhibited significantly higher CTCF motif enrichment than non-hub 

633 enhancers (2.21-fold, P = 1.42E-23, binomial test; Figure 3C). Additionally, hub 

634 enhancers were more strongly enriched in experimentally validated VISTA enhancers 

  



635 than non-hub enhancers (7.45-fold, P = 8.16E-10, binomial test; Figure 3D). 

636 Permutation analyses (1,000 iterations) confirmed that hub enhancers exhibited 

637 significantly higher Tau score than expected by chance (empirical P < 0.001). 

638 Consistently, genes linked to hub enhancers also displayed elevated Tau score relative 

639 to randomly sampled genes (empirical P < 0.001; Supplementary Figures S4E, S4F). A 

640 representative example was observed at the PCSK2 locus, a neuronal marker gene 

641 (Ferguson et al., 2019) (Figure 3A). We constructed PCSK2-associated enhancer 

642 networks across multiple brain regions, including the brain, brain stem, cerebellum, 

643 pituitary, thalamus and spinal cord. Comparative analysis revealed dynamic changes in 

644 enhancer composition and network connectivity across these regions (Figure 3E). 

645 Notably, a 16-enhancer network was specifically established in the cerebellum and 

646 brain, consistent with elevated enhancer activity in these regions (Figure 3F). Within 

647 this network, enhancer 16 acted as a hub enhancer that coordinated network interactions 

648 and contributed to network formation (Figure 3E). We used dual-luciferase reporter 

649 assays to test the regulatory activity of the predicted hub enhancer and performed qPCR 

650 analysis across five tissues to examine the expression pattern of its target gene. These 

651 experiments showed that PCSK2 is specifically highly expressed in the brain and that 

652 the hub enhancer identified in this study significantly increased reporter activity 

653 (Figures 3G, 3H; Supplementary Figures S4G, S4H; Supplementary Table S7), 

654 supporting its regulatory effect on PCSK2 expression. Collectively, these findings 

655 indicate that hub enhancers represent central regulatory elements within complex 

656 enhancer networks and are enriched for CTCF-binding motifs, experimentally validated 

  



657 enhancers, and elevated tissue-specific activity. 

658

659 Genome-wide identification and characterization of super-enhancers

660 SEs, a distinct category of enhancer clusters, are characterized by high-density 

661 H3K27ac signals and can rapidly regulate target genes in response to external stimuli. 

662 Using the ROSE algorithm (Whyte et al., 2013), we stitched nearby enhancers (<12.5 

663 kb) and ranked regions by average H3K27ac signal, defining SEs as regions with higher 

664 signal (slope >1) and the remainder as typical enhancers (Supplementary Figure S5A). 

665 Across samples, each contained ~1,500 SEs (median = 1,563), with a median size of 

666 43.6 kb and typically encompassing eight constituent enhancers (Supplementary 

667 Figures S5B–D). Compared to typical enhancers, SEs exhibited stronger H3K27ac 

668 enrichment (Supplementary Figure S5E). Merging SEs from all 151 samples yielded 

669 7,448 non-redundant SEs, most of which were present in only a few or single samples 

670 (Supplementary Figure S5F), reflecting their high tissue specificity (Pott & Lieb, 2015). 

671 To further explore specificity of SEs, we performed principal component analysis (PCA) 

672 using the Jaccard distance to assess SE location dissimilarity across all 151 samples. 

673 The PCA demonstrated clear separation among tissue types (Supplementary Figure 

674 S5G), which was corroborated by hierarchical clustering of SE occurrence across 

675 samples (Supplementary Figure S5H). Collectively, these results highlight the highly 

676 tissue-specific distribution of SEs.

677

678 Characterization of core regulatory circuitries based on super-enhancers

  



679 SEs preferentially recruit master TFs and play a central role in maintaining tissue-

680 specific transcriptional programs. Therefore, constructing SE-driven CRCs enables 

681 systematic identification of key TFs and their cooperative interactions that define tissue 

682 identity in pigs (Almeida et al., 2021; Jung et al., 2024; Li et al., 2021). Using CRC 

683 mapper (Saint-André et al., 2016), we systematically constructed SE-driven CRCs 

684 across 151 pig tissue samples. In total, we identified 477 SEs (ranging from 14 to 173, 

685 mean = 74) associated with 368 core TFs (ranging from 13 to 156, mean = 58) (Figures 

686 4A, 4B; Supplementary Table S8). Analysis of core TF occurrence patterns revealed 

687 marked tissue specificity. Approximately 36% of core TFs were detected in fewer than 

688 five samples, nearly 17% in only one sample, and ~11% in more than half of all samples 

689 (Figure 4C; Supplementary Figure S6). Representative examples include pituitary-

690 specific POU1F1 and multi-tissue FOS (Figures 4D, 4E). At the tissue level, ~18% of 

691 core TFs were restricted to a single tissue (Figure 4C). Thus, tissue-restricted TFs 

692 constitute the predominant component of the CRC-associated TF repertoire. Notably, 

693 TFs with wider sample distribution tend to occupy more super-enhancers overall 

694 (Figure 4F). These results suggested that common TFs tended to perform similar 

695 regulatory functions in different samples by binding to more common SEs, while 

696 specific TFs play specific roles in maintaining tissue identity, which can be achieved 

697 by binding to the relatively few tissue-specific SEs (Feng et al., 2023).

698

699 Core regulatory circuitries for tissue-specific functions

700 Previous study has revealed that core TFs exhibited high total degrees of connectivity 

  



701 within their respective tissues (Boyer et al., 2005). Consistent with this observation, we 

702 found that brain and lymph node ranked among the top two tissues in terms of total 

703 network connectivity (Figure 5A), suggesting highly interconnected regulatory 

704 architectures in these tissues. This may reflect the elevated regulatory complexity 

705 required for neural information processing and immune cell coordination, both of which 

706 rely on finely tuned transcriptional control. Motivated by this pattern, we next focused 

707 on core transcription factors in the pituitary. We observed that PITX1, PITX2 and GLI2 

708 as core TFs in the pituitary (Figures 5B, 5C). Functionally, PITX1 was known to play 

709 a crucial role in pituitary development (Suh et al., 2002), PITX2 was required at 

710 multiple stages of pituitary organogenesis (Suh et al., 2002), and truncating and Zn-

711 finger variants in GLI2 were associated with a high risk of hypopituitarism (Arnhold et 

712 al., 2015; Corder et al., 2022). Additionally, their motifs were significantly enriched in 

713 SEs (Figure 5D). Further analysis revealed that these three TFs formed a feed-forward 

714 auto-regulatory circuitry and co-regulated a subset of other SEs, thereby establishing 

715 an extended regulatory network (Figure 5B). Intriguingly, pituitary-related TFs such as 

716 HES1 (Monahan et al., 2009), POU1F1 (Bando et al., 2023), ISL2 (Yan et al., 2023) 

717 and INSM1 (Welcker et al., 2013) were also integrated into this network. Moreover, 

718 the binding motifs of PITX1, PITX2 and GLI2 were significantly enriched near their 

719 respective gene loci (Figures 5E-G), further supporting the possibility of their roles as 

720 core regulators in the pituitary. Collectively, these results highlighted the importance 

721 of TF-mediated CRCs in tissue identity and underscored the role of core TFs in CRCs 

722 for tissue-specific functions. 

  



723

724 Dissecting hub enhancers within super-enhancers mediating core regulatory 

725 circuitries

726 Inspired by the discovery that hub enhancers within enhancer networks play a pivotal 

727 role in gene regulation, we systematically characterized the structural organization of 

728 SEs within CRCs. To this end, we analyzed CTCF binding sites (CBSs) within 

729 enhancers contained in SEs of CRCs, retaining only the enhancer with the highest 

730 number of CBSs for each SE. This approach identified 535 hub enhancers 

731 corresponding to 473 SEs (Supplementary Table S9). Interestingly, the hub enhancers 

732 identified via CRCs showed limited overlap with those identified through enhancer 

733 network analyses: only eight hub enhancers and 21 core genes were shared between the 

734 two approaches (Figure 6A; Supplementary Table S10). This discrepancy likely reflects 

735 the distinct principles underlying the two methods. We further examined whether hub 

736 enhancers identified by enhancer networks were components of super-enhancers, and 

737 found that most of them were indeed SE constituents (Supplementary Figure S7A), 

738 highlighting the complementary nature of the two approaches. Specifically, the CRC-

739 based method captures hub enhancers within regulatory circuitries driven by core TFs, 

740 whereas enhancer networks identify hub enhancers based on inter-enhancer interactions. 

741 Together, these strategies substantially expand the catalog of functional enhancer 

742 clusters and deepen our understanding of their organization and function. 

743

744 To evaluate evolutionary constraint, we next assessed sequence conservation of both 

  



745 hub enhancers and their associated genes. Using a permutation framework, we 

746 compared the median phastCons scores of the overlapping hub enhancers against a null 

747 distribution generated from 1,000 random samplings of other hub enhancers matched 

748 in number. The overlapping hub enhancers exhibited significantly higher conservation 

749 than expected by chance (empirical P < 0.05) (Supplementary Figure S7B), indicating 

750 strong evolutionary constraint. We then applied the same permutation-based approach 

751 to the corresponding core genes. The median conservation of the 21 shared genes was 

752 compared against randomly sampled sets of other core genes, and we observed a 

753 consistent pattern of elevated conservation relative to expectation (empirical P < 1×10⁻⁴) 

754 (Supplementary Figure S7C). These results suggest that both regulatory elements and 

755 their target genes within the overlapping hub modules are under strong purifying 

756 selection. Consistent with these findings, the overlapping hub enhancers also displayed 

757 strong functional activity signatures, including significant enrichment of H3K27ac and 

758 CTCF signals across all eight loci (Figure 6B; Supplementary Figures S7D–S7J; 

759 Supplementary Table S11), suggesting robust enhancer activity and potential 

760 involvement in chromatin loop anchor formation.

761

762 To further characterize the structural and regulatory characteristics of overlapping hub 

763 enhancers, we selected a representative SATB1-associated locus for in-depth analysis. 

764 At this locus, a hub enhancer located at chr13:20,331,411–20,333,161 was identified as 

765 a putative regulatory element of SATB1 (Figure 6C), a master regulator of thymus 

766 development (Naito et al., 2023). We then examined local histone modification patterns 

  



767 and binding motifs. The promoter of SATB1 was marked by both H3K27ac and 

768 H3K4me3, and co-localized with RAD21 and CTCF binding motifs (Figure 6D). In 

769 addition, CTCF and RAD21 binding motifs were also present within the hub enhancer, 

770 suggesting that it may function as an architectural element facilitating enhancer–

771 promoter communication at the SATB1 locus. Notably, these observations were further 

772 supported by Hi-C data generated from the same thymus sample, in which a clear 

773 chromatin loop structure connecting the hub enhancer and the SATB1 promoter was 

774 detected (Figure 6D). We further compared the distribution of SATB1 binding profiles 

775 (Kitagawa et al., 2017), H3K27ac, H3K4me1, H3K4me3 

776 (https://www.encodeproject.org/), and RAD21 (Seitan et al., 2013) at the orthologous 

777 mouse locus. Cross-species comparison revealed conserved RAD21 motifs at the 

778 SATB1 promoter and strong enrichment of active histone modifications across the SE 

779 containing the hub enhancer (Figure 6E), supporting the functional conservation of this 

780 regulatory architecture. Collectively, these results suggested that hub enhancers were 

781 characterized by the presence of active enhancer-associated histone modifications and 

782 the binding of architectural proteins such as CTCF and RAD21, consistent with a 

783 potential role in organizing enhancer–promoter communication within tissue-specific 

784 regulatory circuits.

785

786 Single-cell chromatin accessibility reveals limited cell-type specificity of hub 

787 enhancers in the thymus

788 To investigate whether hub enhancers exhibit cell-type-specific accessibility, we 

  



789 performed single-cell ATAC-seq (scATAC-seq) on pig thymus using the Chromium 

790 platform (10x Genomics). After stringent quality control, 10,126 high-quality cells 

791 were retained for downstream analysis （Supplementary Figures S8A, S8B） . We 

792 identified a total of 173,994 peaks mapped to the nuclear genome, with a median of 

793 16,416.5 fragments per cell. To infer cell-type identities, we calculated gene activity 

794 scores by summing the fragments within gene promoter and gene bodies, and then 

795 transferred cell-type labels from a reference scRNA-seq dataset. Guided by canonical 

796 markers and reference annotations from Gu et al (Gu et al., 2022), we annotated the 

797 major cell clusters into double-positive (DP) thymocytes, T regulatory (Treg) cells, 

798 proliferating cells, double-negative (DN) cells, single-positive (SP) cells, γδ T cells and 

799 B cells (Supplementary Figures S8C-S8E).

800

801 We next sought to identify cell-type-specific cis-regulatory elements (cCREs). Using a 

802 Tau score threshold > 0.85, we identified 11,938 cCREs with strong cell-type 

803 specificity (Figure 7A). Notably, none of these cCREs overlapped with the hub 

804 enhancers previously defined in bulk thymus. This lack of overlap suggests that hub 

805 enhancers identified from bulk tissue may not correspond to highly cell-type-restricted 

806 regulatory elements. Consistent with this interpretation, the Tau scores of bulk-defined 

807 hub enhancers were generally centered around 0.5 (Figures 7B, 7C), indicating broad 

808 accessibility across cell types rather than strong cell-type specificity. Chromatin 

809 accessibility profiles further supported this observation, as most hub enhancers 

810 exhibited robust signals across multiple thymic cell populations (Supplementary 

  



811 Figures S9A, S9B). Together, these results suggest that bulk-derived hub enhancers 

812 may preferentially capture regulatory elements shared across major thymic cell 

813 populations, rather than cCREs restricted to a single cell type. The lack of overlap may 

814 also reflect the sparse nature of scATAC-seq data (Preissl et al., 2023), as well as the 

815 difference between hub enhancers defined by network interaction properties in bulk 

816 tissue and cCREs defined by cell-type-specific chromatin accessibility.

817

818 To further examine this pattern at a representative locus, we focused on SATB1, a gene 

819 associated with a shared hub enhancer identified by both bulk-based approaches in 

820 thymus. Although the bulk-defined SATB1 hub enhancer was not recovered through 

821 peak-to-gene linkage in the single-cell analysis, accessible regulatory elements at the 

822 SATB1 locus remained detectable and showed concordant regulatory associations 

823 (Figure 7D). This discrepancy may reflect differences in signal aggregation, linkage 

824 sensitivity, and cell-type composition between bulk and single-cell datasets. It may also 

825 indicate that bulk-defined hub enhancers function as shared regulatory elements across 

826 multiple thymic cell types, rather than as highly cell-type-specific enhancers, consistent 

827 with their broadly distributed accessibility profiles and intermediate Tau scores. In 

828 addition, the inherent sparsity and limited sensitivity of single-cell ATAC-seq may 

829 hinder the detection of, or peak-to-gene linkage for, some functionally important 

830 enhancers with low or transient accessibility.

831

832 Taken together, these findings suggest that hub enhancers identified from bulk-tissue 

  



833 enhancer networks are more likely to represent broadly accessible regulatory elements 

834 with shared functions across thymic cell lineages than strongly cell-type-specific 

835 enhancers.

836

837 Enrichment of GWAS variants in hub enhancers and super-enhancers

838 Hub enhancers and super-enhancers have been proposed as key regulatory elements 

839 that coordinate cell identity and complex transcriptional programs (Boeva et al., 2017; 

840 Hong et al., 2023). Given their central positions within enhancer regulatory networks, 

841 we hypothesized that these elements would preferentially harbor genetic variants 

842 underlying complex traits.

843

844 To test this hypothesis, we integrated publicly available pig GWAS signals spanning 

845 133 complex traits (https://pigbiobank.ipiginc.com/home) with the hub enhancers and 

846 super-enhancers identified in this study (Supplementary Table S12). Both hub 

847 enhancers and super-enhancers exhibited significant enrichment of GWAS variants 

848 (Supplementary Figures S10A, S10B), indicating that trait-associated variants are 

849 preferentially concentrated within highly connected and regulatory-dense enhancer 

850 elements.

851 Notably, phenotypic categories related to health, meat and carcass traits, as well as 

852 production and reproduction, were all significantly enriched, with reproductive and 

853 production phenotypes showing the highest enrichment in super-enhancers (SEs), such 

854 as the number of stillborn pigs (S_NBS_DRP), number born alive (D_NBA), and 
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855 average daily gain from 30 to 115 kg (S_ADG_30T115). Similarly, hub enhancers were 

856 significantly enriched for the number of healthy piglets born (Y_NBH), sperm count 

857 (S_SPCOUNT_DRP), and average daily gain (Y_ADG). These observations raise the 

858 possibility that SEs and hub enhancers might act as important regulatory hubs 

859 underlying complex economic traits in pigs. The preferential enrichment of 

860 reproductive and growth traits in SEs is consistent with a model in which these 

861 phenotypes are modulated by coordinated enhancer clusters, potentially contributing to 

862 canalization against environmental fluctuations. In contrast, the selective enrichment of 

863 traits such as healthy litter size and sperm count in hub enhancers suggests a potentially 

864 more concentrated regulatory architecture, wherein a limited set of enhancers may 

865 integrate multiple signaling pathways. From a breeding perspective, these results 

866 nominate specific non-coding genomic regions as priority candidates for marker-

867 assisted selection or gene-editing strategies, particularly for traits with low heritability 

868 or that are challenging to measure directly. Functionally, the identified SEs and hub 

869 enhancers provide a starting point for dissecting the molecular basis of pleiotropic 

870 trade-offs between reproduction and growth, as well as for investigating the genetic 

871 determinants of neonatal survival and male fertility.

872

873 DISCUSSION

874 Enhancers frequently function in clusters to ensure robust and precise control of gene 

875 expression during tissue specification, often through additive, synergistic, or redundant 

876 mechanisms (Blayney et al., 2023; Boeva et al., 2017; Hong et al., 2008; Parker et al., 

  



877 2013). However, the hierarchical organization and regulatory logic of enhancer clusters 

878 remain poorly understood, particularly in pigs. By systematically reconstructing 

879 enhancer-centered regulatory architectures across diverse pig tissues, this study 

880 provides a broad framework for understanding how coordinated enhancer activity 

881 contributes to tissue-specific gene regulation.

882

883 A major strength of this work lies in its genetically matched sampling design, which 

884 minimized confounding effects introduced by inter-individual genetic variation and 

885 enabled cleaner resolution of tissue-specific regulatory hierarchies. Unlike population-

886 based cross-tissue studies, in which differences in regulatory landscapes may reflect 

887 both tissue identity and genetic heterogeneity (Whitehead & Crawford, 2005), our 

888 design allowed enhancer network variation to be interpreted primarily in the context of 

889 tissue-specific regulatory programs. Together with broad tissue coverage, this strategy 

890 provided a robust foundation for comparative dissection of enhancer organization 

891 across the pig body.

892

893 Within this framework, two complementary layers of enhancer-mediated regulation 

894 emerged. First, enhancer regulatory networks reconstructed by the eNet algorithm 

895 (Hong et al., 2023), captured widespread tissue-specific regulatory architectures, in 

896 which clustered enhancers were linked to promoter selectivity and lineage-relevant 

897 biological functions. The marked variation in network size and connectivity across 

898 tissues further suggested that regulatory complexity is not uniformly distributed, but 

  



899 instead reflects differences in tissue specialization and transcriptional demand (Lin et 

900 al., 2025). Second, SE-derived CRCs highlighted a distinct layer of regulation centered 

901 on tissue-restricted TF–TF interaction modules (Arnhold et al., 2015; Suh et al., 2002).. 

902 Compared with typical enhancers, SEs displayed stronger H3K27ac enrichment and 

903 more pronounced tissue specificity, consistent with their established role in reinforcing 

904 lineage identity (Adam et al., 2015). Together, these findings indicate that tissue-

905 specific gene regulation is shaped not simply by the presence of enhancers, but by their 

906 coordinated organization into distinct regulatory architectures with different 

907 topological and functional properties.

908

909 A particularly notable finding is that hierarchical dissection from global networks to 

910 central nodes revealed hub enhancers as prominent candidates for regulatory control 

911 (Hong et al., 2023; Shu et al., 2022). Hub enhancers identified from enhancer regulatory 

912 networks and CRCs likely represent functionally important nodes, yet the limited 

913 overlap between these two strategies suggests that they capture distinct but partially 

914 nested regulatory layers. Enhancer-regulatory-network–derived hubs appear to reflect 

915 broader enhancer cooperativity linked to complex tissue functions, whereas CRC-

916 associated hubs are more closely connected to TF-centered autoregulatory circuitry. 

917 Thus, rather than representing redundant approaches, these two frameworks provide 

918 complementary views of enhancer organization and jointly refine the interpretation of 

919 tissue-specific regulatory logic.

920

  



921 Importantly, hub enhancers displayed stronger CTCF enrichment than non-hub 

922 enhancers, suggesting that enhancer centrality may be coupled not only to 

923 transcriptional activity but also to higher-order chromatin organization (Uyehara & 

924 Apostolou, 2023). Given the established roles of CTCF and cohesin in chromatin 

925 looping and topological domain architecture (Jeong et al., 2024), this enrichment 

926 supports a model in which highly connected enhancers act as structural-regulatory 

927 nodes that facilitate frequent enhancer–promoter communication. In this view, hub 

928 enhancers may function beyond strong regulatory activity, potentially serving to 

929 integrate transcriptional control with the spatial organization of the genome (Uyehara 

930 & Apostolou, 2023).

931

932 Single-cell analyses in the thymus further refined this interpretation by extending 

933 tissue-level network features to cellular resolution. A representative shared hub 

934 enhancer associated with SATB1 showed strong CTCF and RAD21 occupancy and 

935 overlapped conserved regulatory signals in mouse datasets, supporting its potential 

936 architectural and evolutionary importance. Furthermore, Hi-C data generated from the 

937 same thymus sample revealed a clear chromatin loop connecting the hub enhancer and 

938 the SATB1 promoter, providing additional structural evidence for its role in enhancer–

939 promoter interaction. Notably, accessibility at this locus remained broadly distributed 

940 across multiple thymic cell populations, consistent with a shared regulatory role rather 

941 than a lineage-restricted enhancer state. More broadly, many hub enhancers defined at 

942 the tissue level were accessible across diverse thymic cell types (Elmentaite et al., 2022), 

  



943 suggesting that tissue-level enhancer networks preferentially capture shared regulatory 

944 backbones with pleiotropic roles. Such organization may provide a stable regulatory 

945 scaffold that supports overall tissue identity while permitting diversification of cell 

946 states within the same tissue context.

947

948 Consistent with this interpretation, none of the 11,938 cell-type-specific cCREs 

949 overlapped with the bulk-defined hub enhancers. Rather than challenging the biological 

950 relevance of hub enhancers, this observation suggests the distinct regulatory 

951 information captured by bulk and single-cell epigenomic approaches. Hub enhancers 

952 were defined according to enhancer interaction density and coordinated regulatory 

953 activity within the tissue context and therefore likely represent core regulatory nodes 

954 that sustain transcriptional programs shared across dominant thymic cell populations 

955 (Perlman et al., 2024). In contrast, cell-type-specific cCREs were identified based on 

956 accessibility patterns that distinguish individual cellular states. Consequently, tissue-

957 level hub enhancers may preferentially reflect regulatory backbones underlying 

958 common thymic functions, whereas cCREs capture regulatory features associated with 

959 cellular specialization. This distinction may be particularly relevant in the thymus, 

960 where closely related immune cell populations share substantial portions of their 

961 chromatin accessibility landscapes (Ashby & Hogquist, 2024). In addition, 

962 methodological differences may further contribute to the limited overlap. Compared 

963 with bulk H3K27ac profiling, scATAC-seq data are substantially sparser and primarily 

964 measure chromatin accessibility rather than enhancer activity itself (Baek & Lee, 2020). 

  



965 Moreover, accessibility-based cCRE identification and interaction-based hub enhancer 

966 inference rely on fundamentally different criteria. Together, these findings support a 

967 hierarchical view of cis-regulatory organization in which tissue-level hub enhancers 

968 define shared regulatory frameworks, whereas cell-type-specific cCREs contribute to 

969 the diversification of cellular identities within those frameworks. Future integration of 

970 perturbation-based validation and single-cell multi-omics data will help clarify how 

971 these complementary regulatory layers cooperate to shape gene expression programs 

972 across cellular hierarchies.

973

974 Several limitations should be acknowledged. Although the present dataset provides 

975 broad anatomical coverage, it does not fully capture population-level regulatory 

976 variation across breeds, developmental stages, or physiological conditions. 

977 Accordingly, the primary objective of this study was to establish a high-resolution 

978 whole-body regulatory atlas under a relatively controlled genetic background, rather 

979 than to define the full spectrum of regulatory diversity in pig populations. Future 

980 investigations including larger and more diverse cohorts will be important for 

981 evaluating the robustness, conservation, and generalizability of the regulatory patterns 

982 identified in this work. The inferred enhancer–promoter relationships and hub 

983 enhancers were derived primarily from correlative epigenomic features rather than 

984 direct perturbation or chromatin conformation measurements. It should be noted that 

985 the absolute numbers of inferred enhancer networks, hub enhancers, and shared hubs 

986 depend on the parameter settings used for network construction and interaction filtering. 

  



987 The thresholds applied in this study were chosen to provide a relatively stringent 

988 framework that prioritizes high-confidence enhancer-enhancer interactions and 

989 improves interpretability of network structure. Accordingly, the reported numbers 

990 should be interpreted in the context of these analytical choices rather than as fixed 

991 estimates independent of parameter selection. In addition, single-cell validation was 

992 performed in the thymus, and whether similar principles apply broadly across other 

993 tissues remains to be determined. Future integration of chromatin interaction assays and 

994 perturbation-based functional experiments will be essential to establish the causal 

995 mechanisms underlying enhancer centrality and tissue-specific network organization.

996

997 CONCLUSION

998 In conclusion, this study establishes a comprehensive atlas of enhancer-centered 

999 regulatory architectures across pig tissues and reveals that tissue-specific gene 

1000 regulation is organized through multiple, complementary layers of enhancer 

1001 coordination. By integrating enhancer-regulatory-network analysis and SE-driven CRC 

1002 inference, we show that classical enhancer clusters and super-enhancer-associated TF 

1003 circuitries represent distinct but partially nested regulatory frameworks underlying 

1004 tissue identity. We further identify hub enhancers as key regulatory nodes, with 

1005 evidence suggesting that their centrality may reflect both transcriptional importance and 

1006 architectural integration through CTCF-associated chromatin organization. Finally, 

1007 single-cell analyses indicate that many tissue-level hub enhancers function as broadly 

1008 shared regulatory backbones rather than lineage-restricted switches. Together, these 

  



1009 findings provide both a conceptual framework and a valuable resource for dissecting 

1010 tissue function, developmental regulation, and complex trait biology in pigs.

1011

1012 DATA AVAILABILITY

1013 The raw H3K27ac CUT&Tag datasets in this study have been deposited in the GSA 

1014 database with the accession number CRA042065. To complement our data, we obtained 

1015 publicly available ChIP-seq datasets from the ENCODE portal 

1016 (https://www.encodeproject.org/) with the following identifiers: H3K4me1 ChIP-seq, 

1017 ENCFF695SKH and ENCFF726SHR; H3K4me3 ChIP-seq, ENCFF708XKV and 

1018 ENCFF331TER; H3K27ac ChIP-seq, ENCFF653GDA and ENCFF019NFC, and 

1019 ChIP-seq for RAD21 and SATB1 was downloaded from the NCBI Gene Expression 

1020 Omnibus (GEO; http://www.ncbi.nlm.nih.gov/geo/) under accession number 

1021 GSE48763 and GSE90635. Any additional information required to reanalyze the data 

1022 reported in this study is available from the lead contact upon request.

1023

1024 CODE AVAILABILITY

1025 The data analysis pipeline in our study was described on the 10× Genomics 

1026 (https://www.10xgenomics.com), Seurat websites (https://github.com/satijalab/seurat), 

1027 and ArchR websites (https://www.archrproject.com). Customized code used in this 

1028 study has been posted on the GitHub repository at https://github.com/TaoHJiang/A-

1029 high-resolution-H3K27ac-bodymap-reveals-tissue-specific-and-haplotype-resolved-

1030 enhancer-in-pigs and https://github.com/TaoHJiang/A-whole-body-atlas-of-enhancer-
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1031 and-super-enhancer-regulatory-networks-in-pigs. Publicly available software used in 

1032 this study are listed in the Methods.
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1213
1214 Figure 1 Identification enhancer networks across pig tissues. Left panel (from top 
1215 to bottom): Identification of the enhancer and promoter using H3K27ac and H3K4me3 
1216 CUT&Tag data. Mapping enhancer clusters that regulate the promoters of the same 
1217 gene based on co-accessibility. Constructing enhancer networks regulating a specific 
1218 target gene. Middle panel (from top to bottom): Overview of tissue sampling and 
1219 CUT&Tag workflow. Building enhancer networks using two computational 

  



1220 approaches. Detecting hub enhancers and core genes within the constructed networks. 
1221 Right panel (from top to bottom): Defining super-enhancers (SEs) across pig tissues. 
1222 Identification of SE-assigned expressed TFs and TFs enriched in SEs. Identification of 
1223 auto regulatory TFs. 

1224
1225 Figure 2 Characterization of enhancer networks.
1226 A: Density map showing the distribution of correlation coefficients of EEI, with the 95% 
1227 quantile labeled. B: Distribution of enhancer networks, where the x axis (log2-scaled) 
1228 represents the network size (the number of enhancers per network) and the y axis 
1229 indicates the network connectivity, quantified as the average number of edges per node 
1230 in network. The top 10 complex enhancer networks are labeled with their target genes. 
1231 C: Representative enhancer networks illustrating multiple (top) mode and complex 
1232 (bottom) mode. D: Comparison of promoter specificity (Tau score) across complex, 
1233 multiple, and simple modes. Statistical significance is indicated as *P < 0.05, **P < 
1234 0.01, ***P < 0.001, ****P < 0.0001 (Student's t-test). E: Enrichment analysis of 
1235 housekeeping genes among different modes, using the whole genome as the 
1236 background. F: Enrichment of housekeeping genes (y axis) across gene subsets (x axis) 
1237 ranked by network connectivity and size. G: Differences in TFs enriched in target 
1238 promoters corresponding to the three modes of enhancer regulatory networks. Several 
1239 key transcription factors with significant differences are labeled.

  



1240

1241 Figure 3 Complex enhancer networks for tissue specificity.
1242 A: Heatmap showing the association of 58 tissues (columns) with tissue-specific 
1243 enhancers (rows). The representative gene ontology (GO) terms (right) and TF binding 
1244 motifs (left) enriched in each tissue were displayed. B: Bar plot illustrating the number 
1245 of network hub enhancers and their targeted genes. C: Bar plot illustrating the 
1246 percentage of hub enhancers enriched for CTCF binding motifs (relative to all hub 

  



1247 enhancers) with the percentage of non-hub enhancers enriched CTCF binding motifs 
1248 (relative to all non-hub enhancers). Fold enrichment and P-values were calculated using 
1249 the binomial test. D: Bar plot illustrating the percentage of hub enhancers enriched for 
1250 VISTA validated enhancers (relative to all hub enhancers) with the percentage of non-
1251 hub enhancers enriched VISTA validated enhancers (relative to all non-hub enhancers). 
1252 Fold enrichment and P-values were calculated using the binomial test. E: Enhancer 
1253 networks for PCSK2 across all brain sites. Nodes represent enhancers within the 
1254 enhancer network, with blank nodes indicating removed enhancer. The edges represent 
1255 the EEIs. F: Genome browser tracks showing aggregated H3K27ac signals for enhancer 
1256 clusters in the enhancer networks for PCSK2 across all brain sites. G: Dual-luciferase 
1257 reporter assay showing the activating effect of the predicted hub enhancer on the 
1258 PCSK2 promoter. Three reporter constructs were examined: basic, basic + promoter, 
1259 and basic + enhancer + promoter. Data are presented as mean ± SD from three 
1260 independent experiments. Statistical significance was determined using two-tailed 
1261 Student’s t-tests. ns, not significant; *P < 0.05; **P < 0.01. H: RT-qPCR analysis 
1262 showing the expression levels of PCSK2 across different tissues. 

  



1263
1264 Figure 4 Identification of core regulatory circuitries in 151 samples.
1265 A-B: Bar plot illustrating the distribution of the number of SEs (A) and TFs (B) 
1266 identified across each sample. C: Left: The pie chart demonstrating the percentage of 
1267 core TFs present in different numbers of samples. Right: The pie chart demonstrating 
1268 the percentage of core TFs present in different numbers of tissues. D-E: Genome 
1269 browser tracks depicting H3K27ac signals around the loci of POU1F1 (D) and FOS (E) 
1270 in six representative tissues. F: Scatter plot showing the relationship between the 
1271 number of samples in which TFs were shared and the number of SEs they bound to. 
1272 The x axis is the number of samples and the y axis is the number of SEs.
1273

  



1274

1275 Figure 5 Core and extended regulatory circuitry in the pituitary.
1276 A: Distribution of core TFs across tissues. Point size represents the average out-degree, 
1277 and color intensity indicates the average in-degree, reflecting regulatory influence and 
1278 regulatory input, respectively. B: Schematic model illustrating the core regulatory 
1279 circuitry in the pituitary, established by PITX1, PITX2 and GLI2. C: Scatter plot of in-
1280 degree (number of TFs binding to the SE of a node TF) and out-degree (number of SEs 
1281 bound by a node TF) for TFs in the SE-mediated regulatory network. D: Enrichment of 
1282 PITX1, PITX2 and GLI2 motifs at SEs. E-G: Genome browser tracks depicting 
1283 H3K27ac signals around the indicated SE loci in the pituitary, with logos and positions 
1284 of the enriched TF motifs shown below.

  



1285
1286 Figure 6 Hub enhancers identified by CRCs.
1287 A: Venn diagrams illustrating the overlap of hub enhancers (upper panel) and core 
1288 genes (bottom panel) identified by enhancer networks and CRCs. B: H3K27ac and 
1289 CTCF signals within a 1 kb window centered on the hub enhancer. C: The enhancer 
1290 network of SATB1, with code 18 representing the hub enhancer. D: Genome browser 
1291 tracks depicting H3K27ac, H3K4me3, CTCF, RAD21, and Hi-C interaction signals 
1292 around the SATB1 locus in the thymus, highlighting enhancer-promoter contacts within 
1293 the same TAD and supported chromatin loop. E: Genome browser tracks depicting 
1294 H3K27ac, H3K4me3 and H3K4me1 signals around the loci of SATB1 in the mouse. 
1295 The hub enhancer, the SE containing the hub enhancer, and the promoter of SATB1 
1296 were lifted over from the pig genome to the mouse genome. Histone modification peaks 
1297 (H3K27ac, H3K4me3 and H3K4me1), SATB1 and RAD21 binding sites were showed. 

  



1298

1299 Figure 7 Identification of cell-type-specific cis-regulatory elements (cCREs) in the 
1300 thymus. 
1301 A: Genome browser tracks depicting chromatin accessibility peaks of representative 
1302 cCREs across thymic cell types identified by scATAC-seq. B-C: Bar plot showing the 
1303 distribution of Tau scores for hub enhancers identified by the eNet algorithm (B) and 
1304 CRC analysis (C), respectively. D: Genome browser tracks depicting chromatin 
1305 accessibility signals around the SATB1 locus across thymic cell types. The red shading 

  



1306 denotes hub enhancer intervals identified by both the eNet and CRC approaches; blue 
1307 shading marks hub enhancers identified only within CRCs, and grey shading indicates 
1308 hub enhancers uniquely detected by the eNet algorithm.
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