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Abstract 21 

Background: Tibetan pigs are native mammalian species on the Tibetan Plateau that 22 

have evolved distinct physiological traits that allow them to tolerate high-altitude 23 

hypoxic environments. They can be used as a suitable animal model for exploring the 24 

molecular mechanism of hypoxia adaptation in high-altitude organisms. 25 

Results: Here, based on multi-tissue transcriptional data from high-altitude Tibetan 26 

pigs and low-altitude Rongchang pigs, we performed a weighted correlation network 27 

analysis (WGCNA) and identified key modules related to these tissues. Complex 28 

network analysis and bioinformatics analysis were integrated to identify key genes 29 

and size-3 network motifs. The results showed that compared to other tissues, the 30 

lungs of Tibetan pigs and Rongchang pigs are more significantly different, showing 31 

more adaptive transcriptional changes. In the lung tissues of Tibetan pigs, we 32 

identified KLF4, BCL6B, EGR1, EPAS1, SMAD6, SMAD7, KDR, ATOH8 and CCN1 33 

genes as potential regulators of hypoxia adaption. We found that KLF4 and EGR1 34 

genes simultaneously regulate the BCL6B gene, forming a KLF4-EGR1-BCL6B 35 

transitive triplet. This transitive triplet, dominated by KLF4, may enhance the hypoxia 36 

adaptability of Tibetan pigs by mediating the TGF-β signaling pathway. This triplet 37 

also regulates the KDR gene, which is involved in the PI3K-Akt signaling pathway 38 

and plays an important role in hypoxia adaptation.  39 

Conclusions: We postulate that the KLF4-EGR1-BCL6B transitive triplet may 40 

contribute to the adaptation of Tibetan pigs to hypoxic environments. These findings 41 

provide new details of the regulatory architecture of hypoxia-adaptive genes and are 42 
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valuable for understanding the genetic mechanism of hypoxic adaptation in mammals. 43 

 44 

Keywords: Tibetan pig; Multi-tissue; Transcriptome; Hypoxia adaptation; Gene 45 

network 46 
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Background 47 

Hypoxia is a significant environmental characteristic of high altitude, which exerts a 48 

marked impact on biological organisms and imposes extreme physiological 49 

challenges in mammals. The Tibetan pig was originally distributed at altitudes of 50 

2900-4300 m in the Tibetan Plateau [1]. Physiological studies show that Tibetan pigs 51 

have evolved physiological adaptations to high-altitude hypoxia, such as a thicker 52 

alveolar septum with more highly developed capillaries [2] and a larger and strong 53 

heart [3]. Therefore, they represent a suitable animal model for exploring the 54 

molecular mechanism of hypoxia adaptation in high-altitude organisms. 55 

With the development of sequencing technology, at present, the majority of 56 

studies have explored the genetic basis of hypoxic adaptation in Tibetan pigs from the 57 

perspective of selection signals [1-6] or by using differential expression analysis 58 

between differential conditional gene expression in one tissue based on the 59 

transcriptome [7,8]. Although previous studies have identified the EPAS1, HIF1A, 60 

EGLN1, RGCC KLF6, TGFB2, EGLN3, and ACE genes as related to hypoxia, these 61 

genes may only explain a minority of genetic variance due to the case of the missing 62 

heritability. Therefore, the most detailed solution to the missing heritability problem 63 

would involve identifying all causal genetic variants [9] and exploring related gene 64 

networks that have facilitated high altitude adaptation of Tibetan pigs. 65 

The adaptation of Tibetan pigs to hypoxia is a very complex biological process 66 

that may involve multiple genes and transcriptional regulation among genes. The gene 67 

network provides a systemic view of gene regulation by the coordinated activity of 68 
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multiple genes and regulatory factors and serves as a medium for understanding the 69 

mechanism of gene regulation [10]. Based on the gene expression profile, a gene 70 

network was constructed by quantitative modeling, which can be used for rational 71 

design of molecular approaches to target specific biological processes [11] and infer 72 

new biological functions [12,13]. Moreover, the gene network can not only intuitively 73 

elucidate the regulatory relationship between genes but also identify important hub 74 

genes. These hub genes represent candidates for further experimental investigation 75 

and potential biomarkers for complex traits [14-16]. 76 

Transcription factors (TFs) and microRNAs (miRNAs) regulate gene expression 77 

at the transcriptional and post-transcriptional levels, respectively. They coordinately 78 

control the dynamics and output of gene transcription and tightly control spatial and 79 

temporal patterns of gene expression. Therefore, constructing a gene regulatory 80 

network involving TFs and miRNAs is helpful for understanding the regulatory 81 

mechanism of genes in adaptation to hypoxia. 82 

Moreover, most cellular tasks are performed not by individual genes but by groups 83 

of functionally associated genes, often referred to as modules. In a gene regulatory 84 

network, modules appear as groups of densely interconnected nodes, also called 85 

communities or clusters [17]. Among these clusters of gene regulatory networks, 86 

size-3 network motifs, such as the feed-forward loop (FFL), have a significant 87 

biological function. The FFL motif governs many aspects of normal cell functions, 88 

such as creating bistable switches of gene expression in developing tissues for spatial 89 

avoidance, controlling the time sequence of gene expression to create temporal 90 



6 

 

avoidance, and minimizing expression fluctuation against noise [18]. 91 

In this study, based on transcriptional data from six tissues in Tibetan pigs and 92 

Rongchang pigs, key module of lung tissues were identified by constructing a gene 93 

network. Integrating complex network analysis and bioinformatics analysis, we 94 

identified key genes and size-3 network motifs and found that KLF4, a key regulator 95 

of the transitive triplet, may enhance hypoxia adaptability in Tibetan pigs by 96 

mediating the TGF-β signaling pathway. This study provides a theoretical basis for 97 

further understanding the molecular mechanism of adaptability to high-altitude 98 

hypoxia. 99 

 100 

Materials and methods 101 

Gene expression data collection 102 

In this study, Tibetan pigs living in a high-altitude hypoxic environment were 103 

obtained from Songpan County, Tibet, China (altitude up to 3000 m). As a control, 104 

Rongchang pigs were obtained from Chongqing, China (the altitude is approximately 105 

400 m), where the oxygen content in the air is normal. The protein-encoding genes 106 

and miRNAs expression profile data of 6 tissues (muscle, liver, heart, spleen, kidney 107 

and lung) from three Tibetan pigs and three Rongchang pigs were obtained from the 108 

Gene Expression Omnibus (GEO) database at the National Center for Biotechnology 109 

Information (NCBI) under accession numbers GSE93855 and GSE124418, 110 

respectively. Genes in the dataset were re-annotated based on the Sus scrofa 11.1 111 

genome assembly. Taking into account that genes with very low expression are less 112 
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reliable and indistinguishable from sampling noise, we selected the top 50% of 113 

protein-encoding genes of the median absolute deviation (MAD) of expression level. 114 

 115 

Co-expression network analysis 116 

Network analysis was performed according to the protocol of the WGCNA R package 117 

(version 1.68) [19]. First, cluster analysis of Tibetan pig and Rongchang pig samples 118 

based on the “hclust” function in WGCNA was used to verify the clustering of 119 

samples and to detect outliers. Then, the soft threshold power β was obtained to meet 120 

the scale-free topology criterion [20]. Based on β, the Pearson correlation matrix 121 

between genes was transformed into an adjacency matrix: 122 αij = |rij|β
          [1] 123 

The topological overlap measure (TOM) representing the overlap in shared 124 

neighbors was calculated using the adjacency matrix: 125 TOMi,j = ∑ αi,k∙αk,j+αi,jNK=1min(Ki,Kj)+1−αi,j        [2] 126 

where α is the adjacency matrix given by formula [1]. Based on the TOM matrix, 127 

genes with similar expression profiles were classified into the same modules using 128 

hierarchical clustering and dynamic branch cutting procedures. Relationships 129 

between modules can be studied using the correlation between module eigengenes. 130 

Here, we merged modules with a correlation higher than 0.9. The number of genes in 131 

the merged module should be more than 50. 132 

We used the following criteria to identify the key module of each tissue: (1) the 133 

p-value of the correlation between the module and the tissue was less than 3.97 ×134 
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10−4 (0.05/126); and (2) the median of the key module gene significance (GS) value 135 

was greater than 0.8. GS is a parameter to characterize the correlation between genes 136 

and phenotypic traits. The higher the absolute value of 𝐺𝑆𝑖 is, the 137 

more biologically significant the i-th gene [19]. 138 

In addition, we calculated the fundamental topology concepts of each key 139 

module, including density, mean cluster coefficient, centralization and heterogeneity. 140 

 141 

Analysis of gene expression patterns in multiple tissues 142 

In this study, we used the Mfuzz package in R [21] to identify multi-tissue 143 

expression patterns of each gene in each key module. Based on the fuzzy c-means 144 

algorithm, this software implements soft clustering methods for microarray data 145 

analysis, which makes the clustering process less sensitive to noise and effectively 146 

reflects the strength of a gene’s association with a given cluster. 147 

 148 

Gene tissue-specific analysis 149 

We used the tissue-specificity index (TSI, τ) [22] to grade the scalar measure of the 150 

specificity of an expression profile, which ranged from 0 for housekeeping genes to 1 151 

for strictly TS genes. The index τ was defined as follows: 152 τ = ∑ (1−𝑥𝑖)𝑁𝑖=1𝑁−1         [3] 153 

where N is the number of tissues and 𝑥𝑖 is the expression normalized by the 154 

maximal component value. According to Yania et al. (2005) [22], genes with TSI> 155 

0.9 were considered TS genes. 156 
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 157 

Functional enrichment analysis of genes in key modules 158 

We used the online software DAVID (v6.8) [23] to perform functional enrichment 159 

analysis of genes in each key module, including gene ontology (GO) and KEGG 160 

pathway analysis. 161 

 162 

Identification of hub genes in key modules 163 

For each module, Langfelder et al. (2008) [19] define a quantitative measure of 164 

module membership (MM) as the correlation of the module eigengene and the gene 165 

expression profile. The MM of gene i in module q can be defined as follows: 166 MMq = Kcor,i(q) = cor(xi, E(q))       [4] 167 

where xi is the profile of gene i and E(q) is the module eigengene of module q. 168 

If 𝑀𝑀𝑖𝑞 is close to 0, the i-th gene is not part of the q module. On the other hand, 169 

if 𝑀𝑀𝑖𝑞 is close to 1 or -1, it is highly connected to the q module genes. 170 

In co-expression networks, the connectivity ( ki ) is defined as the sum of 171 

connection strengths with the other genes: 172 ki = ∑ aμiμ≠i         [5] 173 

The Kwithin of a gene is the sum of the connectivity of this gene in the module. We 174 

identified the hub genes in each key module according to the following criteria: (1) 175 

GS value of the gene ≥ 0.8; (2) MM value of the gene ≥ 0.95; and (3) in each module, 176 

Kwithin ranked in the top 20% of genes. 177 

 178 
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Gene regulatory network construction 179 

First, we removed the co-expression relationship with a weight value of less than 0.2 180 

in the network of the six key modules of Tibetan pigs. Using the AnimalTFDB 181 

database [24], we obtained the TFs in each key module. The biomaRt package of R 182 

[25] was used to obtain the sequence of the 1 kb region upstream of the transcription 183 

start site of all protein-encoding genes in the pig genome. The TF position weight 184 

matrix (PWM) of pigs was obtained from the CIS-BP database [26]. Using the 185 

TFBSTools package in R [27] to predict the target genes of TFs, the relScore value 186 

was set to 0.85, and other parameters were defaulted. Next, the biomaRt package was 187 

used to obtain the sequence of the 3’UTR region of pig protein coding protein genes. 188 

We obtained all mature miRNA sequences from the miRBase database [28]. Based on 189 

the miRanda tool [29], we predicted target genes of the miRNAs, and the Tot Score 190 

and Tot Energy were set to 140 and -20, respectively. Finally, the gene regulatory 191 

network in each Tibetan pig tissue was constructed by combining TFs, miRNAs, 192 

target genes, co-expressed genes, hub genes and their interactions. 193 

 194 

Motif analysis of the gene regulatory network 195 

Gene networks may contain various subgraphs, and the detection of motifs contributes 196 

to identifying the typical local connection pattern [30-33]. The 3-node motifs in the 197 

gene regulatory network of each tissue were obtained using mfinder1.2 [34]. 198 

Mfinder1.2 implements a switching method to generate random network, which can 199 

switch between edges while maintaining the number of incoming edges, outgoing 200 
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edges and mutual edges of each node of the input network. In this study, the number 201 

of random networks was set to 10000. Moreover, mfinder1.2 describes the 202 

significance of the difference between the frequency of motifs in the real network and 203 

that in the corresponding randomized network using the Z-test in statistics. The Z-test 204 

is defined as follows: 205 Zj ≜ Z(j) = N(j)−Nr (j)σr(j)        [6] 206 

where N(j) is the number of times the subgraph appears in the real network, and 207 Nr(j) and σr(j) are the mean and standard deviation of its appearances in the 208 

randomized network ensemble. The larger the absolute value of Z is, the more 209 

significant the difference. The significance profile (SP) is the vector of Z scores 210 

normalized to length 1, describing the statistical significance of each motif in the 211 

network [35]: 212 SPi = Zi(∑ Zi2)1 2⁄         [7] 213 

We constructed the triad significance profile (TSP) of the six tissues from Tibetan pigs, 214 

which display certain relations between subgraph types. 215 

 216 

Identification of important genes and size-3 subgraphs in the lung-specific gene 217 

regulation network 218 

Each node was scored according to the connectivity, differential expression between 219 

different conditions, tissue-specific expression and TF characteristics using the 220 

following formula [8]: 221 
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Snodei = ωiKiqiTSIi ω = {0.5 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝐺 𝑜𝑓 𝑇𝐹 ≥ 𝑇𝐺𝑠0.3 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝐺 𝑜𝑓 𝑇𝐹 < 𝑇𝐺𝑠 0.2 𝑁on 𝑇𝐹𝑠    222 

[8] 223 

Where Ki is the scaled connectivity of each gene in the regulatory network, and  Ki 224 

of the i-th node is defined as follows: 225 Ki = Connectivityimax(Connectivity)        [9] 226 𝑞𝑖  is the estimated probability of differentially expressed genes in lung tissues 227 

between Tibetan pigs and Rongchang pigs, calculated by NOISeq [36]; 𝑇𝑆𝐼𝑖 is the 228 

tissue-specificity index of the gene; and 𝜔𝑖 is the weighting coefficient. 𝑇𝐺𝑠 is the 229 average number of target genes regulated by TFs. If the TF regulated more 230 than 𝑇𝐺𝑠, ω is set to 0.5, the target gene is less than 𝑇𝐺𝑠, ω is set to 0.3. The ω of 231 non-TF genes is set to 0.2. 232 

The score of each candidate size-3 subgraph was calculated by combining the 233 

node score and the edge score as follows: 234 Smotifi = ∑ Snodenode∈motif√nnode + ∑ Sedgeedge∈motif√nedge     [10] 235 

where Sedge denotes the score of each edge, which was the weight value of the edge 236 

from WGCNA, and nnode and nedge are the number of nodes and edges in the 237 

motif, respectively. 238 

 239 

Verification of important genes in lung tissue 240 

The lung tissue expression profile of Tibetan sheep and yak was obtained from the 241 

GEO database (accession: GSE93855), the expression profile of Diqing Tibetan pig 242 

lung tissue from another dataset (accession: GSE84409), and WGCNA was performed. 243 
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The Hmisc package in R was used to statistically test the correlation between genes. 244 

 245 

Results 246 

WGCNA and identification of key modules in tissues 247 

We calculated the MAD of protein-encoding gene expression in this study. A total of 248 

5723 protein-encoding genes in the top 50% of MAD values were selected for 249 

subsequent analysis. Cluster analysis revealed that different samples from the same 250 

tissue of Tibetan pigs and Rongchang pigs clustered together, and no outlier samples 251 

were observed, as shown in Fig. 1. 252 

We constructed a co-expression network for Tibetan pigs and Rongchang pigs. To 253 

fulfill the criteria of approximate scale-free topology, the soft threshold power β was 254 

set to 20 (the scale-free topological index R2 = 0.85 for Tibetan pigs (Fig. 2a) and R2 = 255 

0.80 for Rongchang pigs (Additional file 1: Figure S1 a)). Through hierarchic 256 

clustering and dynamic branch cutting procedures, 36 modules were identified in the 257 

Tibetan pig co-expression network. According to the similarity between modules, the 258 

modules with a correlation higher than 0.9 were merged, and 21 merged modules 259 

were ultimately obtained. Clustering of the modules is shown in Fig. 2b. 260 

Next, the GS values of genes contained in these modules and the correlation 261 

between each module and different tissues in Tibetan pigs (Fig. 2c) were calculated. 262 

According to the screening criteria, key modules from six tissues in Tibetan pigs were 263 

determined. Among them, there was only one key module in muscle, liver, heart, 264 

spleen and kidney, which are designated M1, M5, M2, M9 and M20, respectively. 265 



14 

 

These modules contained 267, 215, 157, 201 and 420 genes, respectively. There were 266 

three key modules (M12, M13 and M14) in the lung tissue of Tibetan pigs. Since the 267 

correlation between these three modules was close to 0.9, we merged them into a 268 

single module representing the key module of the lung, named module 22 (M22), 269 

which contained 350 genes. The co-expression network of six key tissue modules of 270 

Tibetan pigs was visualized by using Cytoscape v3.8.0 software, as shown in 271 

additional file 2: Figure S2. 272 

For the co-expression network of Rongchang pigs, 20 merged modules were 273 

ultimately obtained. According to key module screening criteria, key modules of 274 

muscle, liver, heart, spleen, kidney and lung were designated M14, M8, M21, M3, 275 

M13 and M1, respectively. These modules contained 335, 201, 269, 940, 367 and 126 276 

genes, respectively, as shown in additional file 1: Figure S1. 277 

 278 

Network topology analysis 279 

We calculated the network topology of each tissue key module from the Tibetan pigs 280 

and Rongchang pigs, including density, mean cluster coefficient, centralization and 281 

heterogeneity. Results are shown in Table 1. Among them, the density and mean 282 

cluster coefficient describe the cohesive characteristics of the network. We observed 283 

that the network density of Tibetan pig lung and heart tissue was the lowest (0.03), 284 

and the clustering coefficient was the lowest (0.13-0.14), while the network density 285 

(0.12) and clustering coefficient (0.28) of the spleen were the highest. These network 286 

concepts indicate that the key modules of the lung and heart were a sparse network, 287 
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while the densification of the spleen tissue network was higher than that of the other 288 

five tissues. 289 

Heterogeneity and centralization describe the distribution of connectivity (degree) 290 

in the network. Generally, if the network is highly heterogeneous, its centralization 291 

will be low. Moreover, the higher the heterogeneity of the network, the more uneven 292 

the distribution of degree in the network, that is, only a few nodes in the network have 293 

high connectivity, while most other nodes have low connectivity. We found that the 294 

network heterogeneity of key modules in six tissues from Tibetan pigs was ≥ 0.8, and 295 

the centralization was < 0.2, indicating that the degree of distribution of the key 296 

module network determined by us in each tissue was approximately scale-free. 297 

The network density, centralization, heterogeneity, and mean cluster coefficient of 298 

the six tissues from Rongchang pigs were similar to those of Tibetan pigs. 299 

 300 

Multi-tissues gene expression patterns 301 

According to the analysis of gene expression patterns, we found that compared to 302 

other tissues, the expression patterns of key module genes in lung tissues were the 303 

most significantly different between Tibetan pigs and Rongchang pigs. Genes in the 304 

Tibetan pig lung key module were highly expressed in lung tissue compared to other 305 

tissues and divided into 8 clusters based on their multi-tissues expression pattern. 306 

Genes in cluster 2 and cluster 8 had the second-highest expression in heart tissue (Fig. 307 

3a). For genes in the Rongchang pig lung key module, some genes were expressed the 308 

highest in lung tissue, but other genes were expressed the highest in spleen tissue. 309 
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These genes were also divided into 8 clusters based on their multi-tissue expression 310 

pattern for Rongchang pigs (Fig. 3b). 311 

 312 

Tissue-specific gene analysis 313 

A total of 266 genes (4.65%) were identified as tissue-specific (τ > 0.9) in Tibetan 314 

pigs. Among them, there were 32, 50, 23, 36, 47, and 22 TS genes in the key modules 315 

of muscle, liver, heart, spleen, kidney and lung, respectively, accounting for 80% of 316 

the total specific genes (210/266). TS genes exhibited the highest expression levels in 317 

one tissue compared to other tissues. 318 

In Rongchang pigs, a total of 206 TS genes were detected. There were 39, 51, 21, 319 

29, 45 and 8 TS genes in muscle, liver, heart, spleen, kidney and lung, respectively, 320 

and 31, 41, 19, 22, 35 and 4 overlapped with Tibetan pigs corresponding to the same 321 

tissues, respectively. Among them, the lung tissue presented the greatest difference. 322 

There were more TS genes in Tibetan lung tissue than in Rongchang pig lung tissue. 323 

 324 

Functional enrichment analysis of genes in key modules 325 

To further understand the biological functions of genes in each key module in Tibetan 326 

pigs and Rongchang pigs, we conducted gene function enrichment analysis. After the 327 

Benjamini correction, we identified significant pathway enrichment in five tissues, 328 

except for kidney tissue in Tibetan pigs. Compared to Rongchang pigs, there were 10, 329 

4, 1, and 13 pathways in muscle, lung, heart, and spleen that were only significantly 330 

enriched in Tibetan pigs, as shown in Table 2. 331 
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Pathways enriched only in Tibetan pig muscles, including some signaling 332 

pathways related to the hypoxic stress response and energy metabolism homeostasis, 333 

such as the AMPK signaling pathway (ssc04152), proteasome (ssc03050) and 334 

adrenergic signaling in cardiomyocytes (ssc04261). Pathways enriched in lung tissue 335 

regulated cell growth, proliferation, migration and apoptosis include focal adhesion 336 

(ssc04510), ECM-receptor interaction (ssc04512), PI3K-Akt signaling pathway 337 

(ssc04151) and TGF-β signaling pathway (ssc04350). In the heart, Tibetan pigs 338 

were enriched in arrhythmogenic right ventricular cardiomyopathy (ssc05412). In the 339 

spleen, most significantly enriched pathways were related to the protein translation 340 

process and ribosomes. 341 

 342 

Identification of hub genes in key modules 343 

According to the screening criteria of hub genes, 23, 41, 20, 40, 81 and 31 hub genes 344 

were identified in the muscle, liver, heart, spleen, kidney and lung, respectively, in 345 

Tibetan pigs. In addition, 61, 39, 26, 123, 68, and 14 hub genes were identified in the 346 

same six tissues, respectively, of Rongchang pigs. Compared to Rongchang pigs, 347 

Tibetan pigs had more hub genes in liver, kidney and lung tissues. There was no hub 348 

gene overlap between the lung tissues of Tibetan pigs and Rongchang pigs. There 349 

were 2 and 6 overlapping hub genes in the heart and spleen, respectively, while 22, 20 350 

and 45 overlapping hub genes were found in muscle, liver and kidney, respectively. In 351 

addition, 11, 30, 8, 20, 26, and 8 hub genes were TS in six tissues of Tibetan pigs. 352 

However, the number of TS genes in the heart, spleen and lung of Rongchang pigs 353 
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was only 3, 0 and 1, respectively. Table 3 summarizes the hub gene information in 354 

Tibetan pigs and Rongchang pigs. 355 

 356 

Gene regulatory network construction 357 

The gene regulatory network of Tibetan pig tissues was constructed by combining TFs, 358 

miRNAs, target genes, co-expression genes, and hub genes. There were 115, 80, 35, 359 

117, 160, and 157 nodes (genes) and 986, 1786, 298, 1976, 5315 and 1075 edges 360 

(regulatory relationship) in the gene regulatory network of muscle, liver, heart, spleen, 361 

kidney and lung, respectively, as shown in Fig. 4. There were 9, 3, 1, 3, 3, and 16 TFs, 362 

respectively, in the gene regulatory network of each tissue. In total, 35 TFs belonged 363 

to 10 TF families, among which 10 TFs were also hub genes. According to the PWM 364 

provided by the CIS-BP database, 20 TFs target genes were predicted. We found that 365 

these 20 TFs regulate 237 genes (94 genes are hub genes) in each tissue key modules, 366 

predicting a total of 408 regulatory relationships. 367 

Through the prediction of miRNA target genes, we found that genes in the key 368 

modules of muscle, liver, heart, spleen, kidney and lung were regulated by 8, 3, 3, 2, 4, 369 

and 6 miRNAs, respectively. Table 4 summarizes the information on TFs, miRNAs, 370 

target genes and hub genes in the gene regulatory network of six tissues in Tibetan 371 

pigs. 372 

 373 

Identification of gene regulatory network motifs 374 

In gene networks, some motifs displayed much higher frequencies than expected in 375 
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randomized networks [30,37], and these motifs were suggested to be recurring circuit 376 

elements that perform key information-processing tasks [37-40]. Among them, the 377 

motif composed of three nodes contains 13 kinds, including V-out, 3-Chain, FFL, 378 

3-Loop, Clique and so on. Using mfinder1.2 software, we identified 8894, 13067, 993, 379 

19899, 78959 and 14692 motifs in muscle, liver, heart, spleen, kidney and lung tissue 380 

gene regulatory networks in Tibetan pigs, respectively. There were significant 381 

differences in the distribution of motifs among different gene regulatory networks (p< 382 

2.2e -16). 383 

In the lung and muscle gene regulatory network, 12 types of 3-node motifs were 384 

found, excluding the 3-loop motif. Especially, in the lung tissue gene regulatory 385 

network, there were 5160, 18, 133, 380, 3152, 3098, 135, 810, 88, 28, 382, and 1308 386 

motifs of V-out, V-in, 3-Chian, Mutual in, Mutual out, Mutual V, FFL, Regulated 387 

mutual, Regulating mutual, Mutual and 3-Chain, Semi clique and Clique, respectively. 388 

In liver, heart, spleen and kidney gene regulatory networks, there were 7, 5, 2, and 7 389 

kinds of 3-node motifs, respectively. The Clique motif is the most frequent motif in 390 

liver and spleen gene regulatory networks, and Mutual V and Clique motifs are 391 

primarily found in the heart and kidney. The motif information in the six tissue gene 392 

regulatory networks is shown in Table 5. 393 

To analyze the statistical significance of each motif type, we generated 10,000 394 

random networks representing a conservation rule. The value of the constant in each 395 

of the randomized networks that conserves the degree sequence is equal to its value in 396 

the real network. TSP analysis was performed on each motif in the six tissue gene 397 
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regulatory networks. The distribution of TSP in the lung tissue gene regulatory 398 

network is shown in Fig. 5. Any network with significant deviations from randomness 399 

in its local structure will have a Z-score vector with a standard deviation larger than 400 

one. We found that the frequency of FFL, Regulated mutual, Regulating mutual and 401 

Clique motif in the lung tissue gene regulatory network was significantly different 402 

from that of random networks (p<1E-04). In the muscle and heart tissue gene 403 

regulatory network, Regulated mutual and Clique motif were significant motif types, 404 

while V-out, Semi clique and Clique motif were significant in the kidney gene 405 

regulatory network. 406 

 407 

Motif analysis of the gene regulatory network in lung tissue 408 

An ordered triplet of nodes (x, y, z) is transitive if x→y, y→z and x→z. An ordered 409 

triplet of nodes is intransitive, as defined for example by Harary and Kommel [41], if 410 

x→y, y→z but no edge is directed from x to z. There were different numbers of 411 

transitive and intransitive triplets for all 13 triad subgraphs. Among them, the FFL 412 

motif is a classical type of transitive triplet, and Regulating mutual, Mutual and 413 

3-Chain, Regulated mutual, and Clique have 2, 1, 2, and 6 transitive triplets, 414 

respectively. 415 

All FFL motifs in the lung tissue gene regulatory network were TF1→TF2, 416 

including KLF4→EPAS1, KLF4→BCL6B, KLF4→FOS, EGR1→BCL6B, 417 

EGR1→EPAS1, BCL6B→EPAS1, TBX3→EPAS1, and TBX3→BCL6B. Then, the two 418 

TFs shared a target gene. As a result, 51 target genes were regulated, including 4 TFs, 419 
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forming 13 transitive triplets, and 21 hub genes, forming 71 transitive triplets. In 420 

addition, three of these target genes were both TF and hub gene, forming 8 transitive 421 

triplets. 422 

There are two main types of Regulating mutual motifs. One includes two TFs 423 

regulating each other, including EGR1-KLF4, EGR1-TBX3, and KLF4-TBX3, and 424 

jointly regulating the same target gene. A total of 47 target genes were regulated, 425 

including 6 TFs, forming 24 transitive triplets, and 27 hub genes, forming 98 426 

transitive triplets. Among these target genes, 4 target genes were both TF and Hub 427 

genes, forming 20 transitive triplets. The other type of Regulating mutual motifs 428 

includes two TFs that are co-expressed and share a target gene. We found that FOS 429 

and JUNB co-expressed and co-regulated the DUSP1 gene. 430 

In the Regulated mutual motif, one TF regulated two genes, and there was a 431 

co-expression relationship between the two target genes. It is composed of TFs, 432 

including EGR1, KLF4, EPAS1, BCL6B, and TBX3, and their regulated target genes, 433 

forming a total of 1620 transitive triplets. Of these triplets, there are 8 in which both 434 

target genes are TFs and 593 in which both are hub genes. In the Clique motif, only 435 

EGR1-KLF4-TBX3 motif is the mutual regulation of these three TFs and the 436 

remaining motifs were co-expressed relationships among genes. 437 

 438 

Identification of important genes and regulatory relationships related to hypoxia 439 

in the lung gene regulatory network 440 

Formulas [8] and [10] were used to evaluate the importance of each gene and the 441 
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3-node motif, including FFL, Regulating mutual, and Regulated mutual type motif, in 442 

the lung tissue gene regulatory network. We found that the top several important 443 

genes were KLF4, BCL6B, EGR1, SMAD6 and EPAS1 transcription factor genes, 444 

which are also hub genes. The top 25% of the node importance scores in the Tibetan 445 

pig lung gene regulatory network are shown in Table 6. 446 

And the Regulating mutual motif formed by KLF4-EGR1-BCL6B was the most 447 

important motif based on motif score. We call it the “KLF4-EGR1-BCL6B” triplet. In 448 

this triplet, the KLF4 and EGR1 genes regulate the same target gene, BCL6B. This 449 

triplet preferred to synergistically regulate the EPAS1, KDR, SMAD6, SMAD7, CCN1, 450 

and ATOH8 genes (Fig. 6), which comprised 18 motifs (Table 7). The 451 

“KLF4-EGR1-BCL6B” triplet coordinately regulated the SMAD6 and SMAD7 genes, 452 

which play an important role in the TGF-β signaling pathway. EPAS1 is an important 453 

hypoxia-inducible factor. This triplet may also indirectly regulate SMAD6 and 454 

SMAD7 genes by regulating the EPAS1 gene. This triplet regulated the KDR gene, 455 

which is involved in the PI3K-Akt signaling pathway. TGF-β and PI3K-Akt signaling 456 

pathways both play an important role in hypoxia response and hypoxia adaptation 457 

[7,42-44]. 458 

 459 

Validation of important genes in lung tissue 460 

To confirm the relationship between KLF4, EGR1, BCL6B, SMAD6, EPAS1, KDR, 461 

SMAD7, CCN1, ATOH8, and MMP23B genes, we used lung tissue transcriptome data 462 

from the Tibetan sheep, yak and Diqing Tibetan pig population for validation via 463 
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co-expression analysis. In Diqing Tibetan pig lung tissue, six genes were highly 464 

expressed, including KLF4, EGR1, EPAS1, SMAD6, SMAD7 and KDR. The KLF4, 465 

EGR1 and SMAD7 genes clustered into one module, while EPAS1 and SMAD6 466 

clustered into the other module. Overall, 81.82% of the co-expression relationships 467 

among the above genes were confirmed. 468 

The KLF4, BCL6B, EPAS1, EGR1, SMAD6, KDR, CCN1 and ATOH8 genes had 469 

the highest expression in lung tissues compared with the other five tissues of Tibetan 470 

sheep (muscle, liver, heart, spleen and kidney). Except for EGR1 and ATOH8, the 471 

other genes were all clustered into the same module. In total, 73.68% of the 472 

relationships between genes were validated. 473 

With the exception of ATOH8 and MMP23B, the other genes were most highly 474 

expressed in the lung tissues of yak compared to the other five tissues. KLF4, BCL6B, 475 

EPAS1, SMAD6, and SMAD7 clustered into key modules related to the lungs. We 476 

successfully verified 60% of the relationships between genes. 477 

 478 

Discussion 479 

Many previous studies primarily focused on identifying differentially expressed genes 480 

through gene expression profile analysis, but interactions between genes in different 481 

cell states may not be fully considered [45]. Compared to expression level analysis, 482 

network-based analysis not only captures local patterns but also identifies global 483 

patterns in a biological context, revealing molecular regulation details of hub genes at 484 

the network level. Therefore, through gene network analysis, not only are hub genes 485 
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related to biological processes identified but also their important regulatory 486 

relationships. 487 

In this study, we detected the gene regulatory network related to Tibetan pig lung 488 

tissue. Combining topological characteristics, differential expression, and 489 

tissue-specific expression, we identified a list of genes related to hypoxia adaptation 490 

in Tibetan pig lung tissue, such as EPAS1, LOXL1, KLF4, EGR1, BCL6B, KDR, 491 

CCN1, ATOH8, and MRC2. 492 

Some studies have shown that the EPAS1 and LOXL1 genes might be associated 493 

with adaptation to hypoxic conditions. The EPAS1 gene encodes one subunit of 494 

hypoxia-inducible factor (HIF), which shows multifarious effects involved in complex 495 

oxygen sensing [46] and regulation of angiogenesis, hemoglobin concentration and 496 

erythrocytosis [47]. Based on selection signature analysis, many studies have 497 

identified the EPAS1 gene as a key evolutionary molecular adaptation to high-altitude 498 

hypoxic environments in humans [48-50], the Tibetan horse [51], and the Tibetan pig 499 

[2]. Lysyl oxidase-like-1 (LOXL1) is essential for the stability and strength of elastic 500 

vessels and tissues [52] and may play important roles in the enhanced angiogenesis 501 

promoted by hypoxia [53]. 502 

In this study, some key genes were involved in lung tissue development, such as 503 

MRC2, KLF4, and EGR1. The MRC2 gene is a member of the mannose receptor 504 

family, which plays an important role in the development and remodeling of the lung 505 

[54]. Angiogenesis also plays an important role in lung growth and development. A 506 

majority of identified hub genes participate in the angiogenesis process, such as the 507 
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EGR1 gene, which plays an important role in the process of angiogenesis [55,56]. The 508 

KLF4 gene tended to be pleiotropic. It is abundantly expressed in pulmonary vascular 509 

endothelial cells [57]. Not only does it promote pulmonary angiogenesis and blood 510 

transport [58] and accelerate the acquisition and transport of oxygen, but it also 511 

protect the lungs from oxygen deficiency, facilitating adaptation to a hypoxic 512 

environment [57]. These genes might influence growth and development in the 513 

Tibetan pig lung, which contributes to obtaining and transporting oxygen better in 514 

hypoxic environments. 515 

Based on the Tibetan pig lung tissue-specific gene network, we found that the 516 

KLF4 and EGR1 simultaneously regulate the BCL6B gene, forming 517 

KLF4-EGR1-BCL6B transitive triplets, which are dominated by the KLF4 gene and 518 

affect the expression of EPAS1, SMAD6, SMAD7, CCN1, KDR, and ATOH8. These 519 

key genes and regulatory relationships were validated in the lung tissue of Tibetan 520 

pigs from Jia et al. (2016) [7] and Tibetan sheep and yak from Tang et al. (2017) [59]. 521 

After a large literature review and verification of gene function annotation, we 522 

postulate that KLF4-EGR1-BCL6B transitive triplets may contribute to the adaptation 523 

of Tibetan pigs to hypoxic environments.  524 

The KLF4, EGR1, and BCL6B genes jointly regulate the SMAD6 and SMAD7 525 

genes, which are important regulators of the TGF-β signaling pathway. In the TGF-β 526 

signaling pathway, SMAD family genes are very important signal transduction and 527 

regulatory molecules. SMAD6 and SMAD7 are antagonists of the TGF-β gene family. 528 

High expression of SMAD7 inhibits the transcription of SMAD2 and SMAD3 genes 529 
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induced by the TGF-β gene and antagonizes tissue fibrosis [60]. Therefore, the 530 

KLF4-EGR1-BCL6B transitive triplet in Tibetan pig lungs may mediate the TGF-β 531 

signaling pathway by regulating expression of SMAD6 and SMAD7, thereby 532 

enhancing the anti-fibrotic effect of the lungs and improving adaptation to the hypoxic 533 

environment. 534 

Moreover, the KLF4-EGR1-BCL6B transitive triplet regulates the KDR gene, 535 

which is primarily expressed in pulmonary vascular endothelial cells and has 536 

important proangiogenic activity [61]. The KDR gene is an important regulator of the 537 

PI3K-Akt signaling pathway. Jia et al. (2016) [9] and Qi et al. (2018) [44] found that 538 

the PI3K-Akt signaling pathway was involved in hypoxia adaptation in both Tibetan 539 

pigs and yaks. Under hypoxic conditions, the combination of KDR and VEGF 540 

activates the downstream PI3K gene, thereby regulating proliferation and 541 

differentiation of neovascular endothelial cells and playing an important role in the 542 

development of angiogenesis [62]. Therefore, the KLF4-EGR1-BCL6B transitive 543 

triplet may act on the PI3K-Akt pathway by mediating the KDR gene and accelerating 544 

the acquisition and transportation of oxygen under hypoxic conditions. 545 

In addition, the KLF4-EGR1-BCL6B transitional triplet also regulated the ATOH8, 546 

CCN1 and EPAS1 genes. High expression of CCN1 suppresses pulmonary vascular 547 

smooth muscle contraction in response to hypoxia [63]. The ATOH8 gene participates 548 

in the ALK-1/SMAD/ATOH8 axis, which attenuates the hypoxic response in 549 

endothelial cells in the pulmonary circulation and may help prevent the development 550 

of pulmonary arterial hypertension [64]. The MMP23B gene is a member of the MMP 551 
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gene family, and MMP matrix metalloproteinases play an important role in tissue 552 

remodeling and angiogenesis [65]. Moreover, MMP23B is regulated by EPAS1 and 553 

ssc-miR-296-3p. Studies have shown that miR-296 can regulate angiogenesis [66,67]. 554 

 555 

Conclusions 556 

In summary, through gene network analysis, we found that lung tissue may play an 557 

important role in hypoxia adaptation in Tibetan pigs. We comprehensively profiled the 558 

gene regulatory network of Tibetan pig lung tissue, identifying a series of genes 559 

related to hypoxia adaptation and discovering that KLF4 is the core regulator of the 560 

KLF4-EGR1-BCL6B transitive triplet, which may mediate the TGF-β signaling 561 

pathway and improve the ability of Tibetan pigs to adapt to hypoxia. These findings 562 

contribute to a better understanding of the molecular mechanisms potentially 563 

underlying hypoxia adaptation. 564 

 565 

List of abbreviations 566 

WGCNA: weighted correlation network analysis; 567 

TF: transcription factors; 568 

miRNA: microRNA; 569 

FFL: feed-forward loop; 570 

MAD: median absolute deviation; 571 

TOM: topological overlap measure; 572 

GS: gene significance; 573 
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TSI(τ)：tissue-specificity index; 574 

MM：module membership; 575 

GO: gene ontology; 576 

KEGG: Kyoto Encyclopedia of Genes and Genomes; 577 

PWM: position weight matrix; 578 

3’UTR: 3’-untranslated region; 579 

SP: significance profile; 580 

TSP: triad significance profile. 581 

 582 

Figure legends 583 

Fig. 1 Clustering dendrogram of 36 tissue samples of Tibetan pigs and 584 

Rongchang pigs 585 

The figure shows the clustering of a total of 36 tissue samples of Tibetan pigs and 586 

Rongchang pigs, where “T” represents Tibetan pigs and “R” represents Rongchang 587 

pigs. For example, “T_muscle1” represents the muscle sample of the first individual 588 

Tibetan pig. 589 

 590 

Fig. 2 Weighted gene co-expression network analysis of Tibetan pigs 591 

(a) Network topology of different soft-thresholding power of Tibetan pig 592 

Co-expression Network. The left panel displays the influence of soft-thresholding 593 

power (x-axis) on scale-free fit index (y-axis). The right panel shows the influence of 594 

soft-thresholding power (x-axis) on the mean connectivity (degree, y-axis). (b) Gene 595 
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clustering module of Tibetan pig co-expression network. The dissimilarity was based 596 

on topological overlap. The “Merged dynamic” is the result of merging modules with 597 

a correlation higher than 0.9. The y-axis is the distance determined by the extent of 598 

topological overlap. (c) Heatmap of the correlation between module eigengenes and 599 

the six tissues of Tibetan Pig. The x-axis is the six tissues of Tibetan pigs, and the 600 

y-axis is the module eigengene (ME). In the heatmap, red represents high adjacency 601 

(positive correlation) and blue represents low adjacency (negative correlation). In 602 

brackets is the p-value of the correlation test. 603 

 604 

Fig. 3 Multi-tissue expression patterns of genes in key modules of lung tissue of 605 

two pig breeds 606 

(a) Multi-tissue expression patterns of key module genes in Tibetan pigs lung tissue. 607 

(b) Multi-tissue expression patterns of key module genes in Rongchang pigs lung 608 

tissue. The 1, 2, 3, 4, 5, and 6 in the figure represent muscle, liver, heart, spleen, 609 

kidney, and lung tissues, respectively. And Yellow or green colored lines correspond 610 

to genes with low membership value; red and purple colored lines correspond to 611 

genes with high membership value. 612 

 613 

Fig. 4 Gene regulatory network of six tissues of Tibetan pigs 614 

In each network in the figure, the yellow dots represent TFs, the green dots represent 615 

miRNAs, and the hub genes are represented by triangles. The red edges with arrows 616 

represent the regulatory relationship between TFs and miRNAs and target genes. The 617 
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gray edge indicates that there is only a co-expression relationship between the two 618 

genes. 619 

 620 

Fig. 5 The triad significance profile (TSP) of Tibetan pig lung gene regulatory 621 

network 622 

The ordinate in the figure is the normalized Z value, and the abscissa is 13 motifs 623 

types. And the point marked with “*” is that the frequency of the corresponding motif 624 

in lung tissues gene regulatory network is significantly different from that of random 625 

networks (p<1E-04). The motifs are FFL (7), Regulated mutual (9), Regulating 626 

mutual (10) and Clique (13) in order. 627 

 628 

Fig. 6 “KLF4-EGR1-BCL6B” transitive triplet and their regulated genes in 629 

Tibetan pig lung tissue 630 

The transitive triplet formed by KLF4-EGR1-BCL6B regulates EPAS1, SMAD6, 631 

SMAD7, KDR, ATOH8, CCN1 genes, and mediates the TGF-β and PI3K-Akt 632 

signaling pathways by regulating SMAD6, SMAD7 and KDR genes, respectively. The 633 

green edge in the figure represents regulation, and the red edge represents inhibition. 634 

 635 

Table 1 The fundamental network topology concepts of key modules in Tibetan 636 

pig and Rongchang pig tissues 637 

 638 

Table 2 Pathways that are only significantly enriched in Tibetan pig tissue 639 
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modules 640 

 641 

Table 3 Hub gene information of key modules in Tibetan pigs and Rongchang 642 

pigs 643 

 644 

Table 4 Detailed information of gene regulatory networks in six tissues of Tibetan 645 

pigs 646 

 647 

Table 5 Motif information in regulatory networks of six tissues in Tibetan pigs 648 

 649 

Table 6 The top 25% of 𝐒𝐧𝐨𝐝𝐞 genes in the Tibetan pig lung gene regulatory 650 

network 651 

 652 

Table 7 The motifs formed between the “KLF4-EGR1-BCL6B” triplet and its 653 

regulatory genes in the lung 654 

 655 

Additional file 656 

Figure S1 Weighted gene co-expression network analysis of Rongchang pigs 657 

(a) Analysis of network topology of Rongchang pig showed that it meet the scale-free 658 

topology threshold of 0.8 when β = 20. The left panel shows the scale-free fit index as 659 

a function of the soft-threshold power. The right panel displays the mean connectivity 660 

as a function of the soft-threshold power. (b) The dissimilarity was based on 661 
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topological overlap. The “Merged dynamic” is the result of merging modules with a 662 

correlation higher than 0.9. The y-axis is the distance determined by the extent of 663 

topological overlap. (c) Heatmap displaying the correlations and significant 664 

differences between gene modules and six tissues of Rongchang pigs. Red represents 665 

high adjacency (positive correlation) and blue represents low adjacency (negative 666 

correlation). In brackets is the p-value of the correlation test. 667 

 668 

Figure S2 The co-expression network of six tissues key modules of Tibetan pig 669 

The co-expression network of muscle, liver, heart, spleen, kidney and lung in the 670 

figure shows the co-expression relationship of weight above 0.35, 0.35, 0.25, 0.35, 671 

0.35 and 0.25, respectively. The dark dots in the figure represent the hub genes of 672 

each network. 673 
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Figures

Figure 1

Clustering dendrogram of 36 tissue samples of Tibetan pigs and Rongchang pigs The �gure shows the
clustering of a total of 36 tissue samples of Tibetan pigs and Rongchang pigs, where “T” represents
Tibetan pigs and “R” represents Rongchang pigs. For example, “T_muscle1” represents the muscle
sample of the �rst individual Tibetan pig.
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Figure 2

Weighted gene co-expression network analysis of Tibetan pigs (a) Network topology of different soft-
thresholding power of Tibetan pig Co-expression Network. The left panel displays the in�uence of soft-
thresholding power (x-axis) on scale-free �t index (y-axis). The right panel shows the in�uence of soft-
thresholding power (x-axis) on the mean connectivity (degree, y-axis). (b) Gene clustering module of
Tibetan pig co-expression network. The dissimilarity was based on topological overlap. The “Merged
dynamic” is the result of merging modules with a correlation higher than 0.9. The y-axis is the distance
determined by the extent of topological overlap. (c) Heatmap of the correlation between module
eigengenes and the six tissues of Tibetan Pig. The x-axis is the six tissues of Tibetan pigs, and the y-axis
is the module eigengene (ME). In the heatmap, red represents high adjacency (positive correlation) and
blue represents low adjacency (negative correlation). In brackets is the p-value of the correlation test.
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Figure 3

Multi-tissue expression patterns of genes in key modules of lung tissue of two pig breeds (a) Multi-tissue
expression patterns of key module genes in Tibetan pigs lung tissue. (b) Multi-tissue expression patterns
of key module genes in Rongchang pigs lung tissue. The 1, 2, 3, 4, 5, and 6 in the �gure represent muscle,
liver, heart, spleen, kidney, and lung tissues, respectively. And Yellow or green colored lines correspond to
genes with low membership value; red and purple colored lines correspond to genes with high
membership value.
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Figure 4

Gene regulatory network of six tissues of Tibetan pigs In each network in the �gure, the yellow dots
represent TFs, the green dots represent miRNAs, and the hub genes are represented by triangles. The red
edges with arrows represent the regulatory relationship between TFs and miRNAs and target genes. The
gray edge indicates that there is only a co-expression relationship between the two genes.
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Figure 5

The triad signi�cance pro�le (TSP) of Tibetan pig lung gene regulatory network The ordinate in the �gure
is the normalized Z value, and the abscissa is 13 motifs types. And the point marked with “*” is that the
frequency of the corresponding motif in lung tissues gene regulatory network is signi�cantly different
from that of random networks (p<1E-04). The motifs are FFL (7), Regulated mutual (9), Regulating
mutual (10) and Clique (13) in order.
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Figure 6

“KLF4-EGR1-BCL6B” transitive triplet and their regulated genes in Tibetan pig lung tissue The transitive
triplet formed by KLF4-EGR1-BCL6B regulates EPAS1, SMAD6, SMAD7, KDR, ATOH8, CCN1 genes, and
mediates the TGF-β and PI3K-Akt signaling pathways by regulating SMAD6, SMAD7 and KDR genes,
respectively. The green edge in the �gure represents regulation, and the red edge represents inhibition.
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