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Abstract 23 

Background: Milk protein is one of the most important economic traits in the milk 24 

industry. Our previous study has revealed some functional genes responsible for milk 25 

protein synthesis in mammals. Yet, the miRNA-mediated gene regulatory network for 26 

the synthesis of milk protein in mammary is poorly understood. Results: 12 samples 27 

from Chinese Holstein Cows with three too high and three low phenotypic values for 28 

milk protein percentage in lactation and non-lactating were examined through deep 29 

small RNA sequencing. By bioinformatics analysis, we characterized 387 known and 30 

212 novel miRNAs in the mammary gland. Differentially expressed analysis detected 31 

28 miRNAs in lactation and 52 miRNAs in the non-lactating period with a highly 32 

significant correlation with milk protein concentration. Target prediction and 33 

correlation analysis identified some key miRNAs and their targets potentially involved 34 

in the synthesis of milk protein. Using genome-wide association signal (GWAS) 35 

enrichment analysis among five milk production traits, we found the differentially 36 

expressed targets were significantly related to milk protein traits. 37 

Conclusions: This integrated study on the transcriptional and post-transcriptional 38 

regulatory profiles between significantly differential phenotype of milk protein 39 

concentration provides new insights into the mechanism of milk protein synthesis, 40 

which should reveal the regulatory mechanisms of milk secretion. 41 

 42 

Keywords: MicroRNA, Transcriptome, GWAS, Milk protein, Holstein, Milk 43 

production traits  44 
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Introduction 45 

Milk protein is one of the best protein sources for humans[1]. It also affects milk 46 

manufacturing properties such as cheese yields, milk coagulation time, and curd 47 

firmness [2, 3]. Improving milk protein yields and quality can increase the economic 48 

outcome of the dairy industry. It has been reported that the amount and compositions 49 

of proteins in milk are determined mainly by genetic factors [2]. The heritabilities of 50 

milk protein compositions were moderate to high in Dutch Holstein-Friesian cattle, 51 

ranging from 0.25 to 0.80 [4]. So far, several strategies, such as QTL mapping, 52 

candidate gene analysis, genome-wide association studies (GWAS), or next-generation 53 

sequencing (NGS) technologies [5-8], have been adopted to increase milk protein yields 54 

and compositions. However, the synthesis and secretion of milk proteins involve 55 

complex physiological and biochemical processes. One of the mechanisms is 56 

microRNAs' roles, which need to be thoroughly examined. 57 

MicroRNAs (miRNAs) are a class of small (18–24 nucleotide) RNAs that involve 58 

in the regulation of gene expression by targeting messenger RNAs (mRNA). The vast 59 

majority of miRNA genes are transcribed by the RNA polymerase II, which generates 60 

long primary transcripts (pri-miRNA) that contain a hairpin stem-loop structure [9]. 61 

miRNAs are processed from double-stranded hairpin precursors by Drosha protein in 62 

the nucleus and Dicer protein in the cytoplasm. The final single-stranded mature 63 

miRNA hybridizes with the RNA-induced silencing complex (RISC) to undergo gene 64 

inhibition [10, 11]. Unlike other regulators, miRNAs exert highly complex 65 

combinatorial gene regulations by targeting hundreds of mRNA transcripts[12]. 66 

Extensive research in the past decade indicates miRNAs' involvement in various 67 

biological processes such as cell development, proliferation, differentiation, and 68 

apoptosis[13-15]. Recently, miRNAs have been shown to play important roles in the 69 

milk secretion process through their altered regulation of genes involved in milk protein 70 

and fat synthesis[16, 17]. Fifty-six mammary miRNAs in the lactation showed 71 

significant differences in expression compared to non-lactating in Holstein cattle [18]. 72 

Several miRNAs, such as miR-15a [19], miR-139 [20], miR-423-5p [21], miR-101b 73 

[22], miR-486 [23], miR-152 [24], miR-135 [25] and miR-138 [18] appear to affect 74 
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milk protein synthesis by regulating key genes of protein synthesis pathways. Although 75 

the identification and characterization of miRNA in mammals of bovine have been 76 

reported [18, 26-28], to our knowledge, only a few studies describe miRNA profiles 77 

specific to the synthesis of milk protein in bovine. The inspiration of many miRNAs 78 

studies in milk protein synthesis in bovine was from other species [19], some even from 79 

another biological process that was unknown in mammary tissue before [20, 23]. The 80 

real miRNA profiles specific to milk protein traits are limited in bovine.  81 

In this study, the hypothesis is that miRNAs have potential roles in mammary milk 82 

protein production. Using miRNA-seq and RNA-seq, we investigated 12 bovine 83 

mammary glands from Holstein cows with too high or low milk protein percentage at 84 

peak lactation and during the non-lactating period, respectively. We believe that the 85 

results from the integrated transcriptome analyses of miRNA, mRNA, and previous 86 

GWAS information will help us identify new miRNA related to milk protein, further 87 

enhancing our understanding of the milk synthesis mechanisms. 88 

 89 

Methods   90 

Mammary samples 91 

Based on Dairy Herd Improvement system (DHI) data, the 12 multiparous and 92 

healthy mastitis-free Chinese Holstein cattle with three too high and three low 93 

phenotypic values for milk protein percentage peak and non-lactation period were 94 

chosen from our study, which has been described in the previous study[29]. All 95 

mammary samples were retrieved from the 12 candidate Chinese Holstein cows using 96 

a biopsy, then placed in liquid nitrogen and subsequently stored at -80 °C until RNA 97 

isolation.  98 

RNA extraction and library preparation for Small RNA sequencing 99 

Total RNA was extracted using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). 100 

Twelve small RNA libraries from RNA integrity and concentration were assessed using 101 

the RNA Nano 6000 Assay Kit of the Bioanalyzer 2100 system (Agilent Technologies, 102 

CA, USA). All RNA samples had an RNA integrity number of at least 7.5. 15% agarose 103 

gels separated total RNA to extract the small RNA (18-30 nt). After precipitated by 104 
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ethanol and centrifugal enrichment of small RNA sample, the library was prepared 105 

according to the method and process of Small RNA Sample Preparation Kit (Illumina, 106 

RS-200-0048). RNA concentration of library was measured using Qubit® RNA Assay 107 

Kit in Qubit® 2.0 to preliminary quantify and then dilute to 1 ng/μl. Insert size was 108 

assessed using the Agilent Bioanalyzer 2100 system (Agilent Technologies, CA, USA). 109 

After the insert size consistent with expectations, the qualified insert size was accurate 110 

quantitative using the Taqman fluorescence probe of AB Step One Plus Real-Time PCR 111 

system (Library valid concentration>2 nM). The qualified libraries were sequenced by 112 

an Illumina Hiseq 2500 platform and generate 50 bp single-end reads.  113 

Bioinformatics analysis of small RNAs 114 

Quality trimming and adaptor removal of the Illumina reads were carried out using 115 

Cutadapt and Trimmomatic[30, 31]. After filtering for their size (18-30 nt), the cleaned 116 

reads were categorized into unique tags and then mapped to the bovine (UMD3.1.1) 117 

reference genomes by the bowtie allowed one mismatch to analyze their expression and 118 

distribution on the reference[32]. All the downstream analyses were based on the 119 

mapped small RNA tags. 120 

The matching sequences ranged from 18 nt to 30 nt were used to align against the 121 

miRBase 21.0 (http://www.mirbase.org/) to identify known miRNAs by miRDeep2 122 

with a quantifier.pl module[33]. The sequences matching other small RNAs, including 123 

rRNA, snRNA, repeat RNA, tRNA and snoRNA, were compared with Bos taurus non-124 

coding RNA sequences in the Sanger RNA family database (Rfam 12.1) using infernal 125 

1.1[34, 35]. Unannotated sequences combined with the known miRNA annotation from 126 

Ovis aries, Capra hircus, Sus scrofa, Mus musculus, and Homo sapiens were used to 127 

predict the novel miRNAs according to the characteristic hairpin structure of 128 

microRNA precursors by miRDeep2 core module miRDeep2.pl. We characterized 129 

miRNAs expressed at least two samples as novel miRNAs. To make every unique small 130 

RNA mapped to only one annotation, we followed the priority rule: known miRNA > 131 

rRNA > tRNA > snRNA > snoRNA > repeat > novel miRNA > ta-siRNA. 132 

Differential expression analysis 133 

To investigate differentially expressed (DE) miRNAs between high and low milk 134 
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protein percentage during peak and non-lactating periods (i.e., HP vs. LP, HD vs. LD) 135 

using the DESeq2 R package[36]. MiRNAs with a p-value < 0.05 and 136 

|log2(foldchange)| > 0.8 were assigned as differentially expressed. The expression 137 

patterns of DE miRNAs across four groups were performed using the k-mean method 138 

[37]. Using gap statistics, we determined that k = 7 was the optimal choice for 139 

distinguishing these miRNAs. 140 

MiRNA function prediction and regulatory network construction 141 

We predicted the binding of differentially expressed miRNAs to the putative 142 

targets using miRanda with default parameters[38]. The predicted target genes were 143 

compared with the previous transcriptome profiling data, and only genes that are 144 

inversely correlated in expression with the targeting miRNA were included[29]. 145 

Analysis to identify negative correlations between miRNA and mRNA expression was 146 

done using an in-house R script. Briefly, normalized expression of miRNA and mRNA 147 

expression were sample-matched for all samples. Then for each miRNA, Pearson 148 

correlation coefficients were computed for all mRNAs with p-value< 0.05. To evaluate 149 

the miRNA-gene regulatory network, target genes were annotated using DAVID 150 

(https://david.ncifcrf.gov/) for assigning GO terms and KEGG pathways to investigate 151 

putative functions[39]. The statistical significance of GO term or KEGG pathway 152 

enrichment was measured by Fisher's exact test with p-value< 0.05. After the 153 

correlation mapping, miRNAs and their targeting genes were subjected to the network 154 

visualization analysis. The Cytoscape software was used to construct the network[40]. 155 

The enrichment analysis of GWAS signals 156 

We obtained summary statistics of single-trait GWAS for five milk production 157 

traits, heifer conception rate, and somatic cell score in cattle described previously[41]. 158 

Here we provide a summary. The de-regressed PTAs (predicted transmitting abilities) 159 

were used as a phenotype in all seven traits. SNPs and insertion-deletion (InDel) calls 160 

were from Run 5 of the 1000 Bull Genomes Project. After sequence markers impute 161 

and quality control, genotypes of 3,148,506 sequence variants for 27,214 Holstein bulls 162 

were obtained. The single-trait GWAS analyses were conducted using a mixed-model 163 

approach by MMAP (https://mmap.github.io/). 164 

https://david.ncifcrf.gov/
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We applied a sum-based method for GWAS signals enrichment analyses across targets 165 

of DE miRNAs. The sum-based method uses signals of all markers within a pre-defined 166 

list of target genes. Briefly, we calculated the following summary statistics for the 167 

targets group of DE miRNAs:  168 𝑇𝑠𝑢𝑚 = ∑ β𝟐𝑚𝑔𝑖=1  169 

In which, 𝑇𝑠𝑢𝑚 is the summary statistics for a tested gene group. 𝑚𝑔 is the number 170 

of SNPs located in target genes or 5 kb upstream/downstream of target genes, and β is 171 

the estimate of marker effect obtained in GWAS statistics. The SNP markers located in 172 

genes (including 5 kb up and downstream) were numbered using 1…N. The observed 173 

SNPs located in all targets were 𝑁1, 𝑁2, 𝑁3, …,𝑁𝑛. Their test statistics were β𝑁1𝟐, 174 

 β𝑁2𝟐
, β𝑁3𝟐

, …, β𝑁𝑛𝟐
. For the permutation test, we chose number R within 1~N. Then 175 

the observed SNPs set was shifted to the new rank order (𝑃1, 𝑃2, 𝑃3, …, 𝑃𝑛) based on 176 

random number R using the following formula: 177 𝑃𝑖 = {𝑁𝑖 + 𝑅,                   𝑁𝑖 + 𝑅 ≤ N 𝑁𝑖 + 𝑅 − N , 𝑁𝑖 + 𝑅 > N  178 

All test statistics were moved to the new positions, with the remaining markers 179 

maintaining the original order. A new summary statistic of a genomic feature 180 

(β𝑃1𝟐, β𝑃2𝟐
, β𝑃3𝟐

, …, β𝑃𝑛𝟐
) was calculated based on the original position of the feature. 181 

The permutation was repeated 1,0000 times for each studied genomic feature, and an 182 

empirical P-value was then calculated based on one-tailed tests of the proportion of 183 

randomly sampled summary statistics larger than that observed using the following 184 

formula: 185 

P = (𝑁𝑜𝑣𝑒𝑟+1)/10001 186 

Where 𝑁𝑜𝑣𝑒𝑟  represents the times of the permutated 𝑇𝑠𝑢𝑚  large than the genome 187 

feature 𝑇𝑠𝑢𝑚. To avoid the bias by DGAT1 genes, the SNPs located in DGAT1 gene 188 

or 1 Mb upstream/downstream extended region were removed. This sum-based method 189 

for GWAS signals enrichment analyses using Perl scripts have been available 190 

(https://github.com/WentaoCai/GWAS_enrichment). 191 
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 192 

Results 193 

Overview over small RNA sequencing 194 

To study miRNAs in milk protein synthesis's complex process, we profiled 195 

miRNA changes between the high milk protein percentage and low milk protein 196 

percentage groups in both lactation and non-lactating period using small RNA 197 

sequencing. After trimming adaptor sequences and removing contaminated reads, an 198 

average of 23.0 million clean reads ranges from 22.4 to 23.9 million were generated. 199 

Then we categorized them into unique tags; an average of 1.1 million unique tags was 200 

obtained (Table S1). We separately mapped clean reads and unique tags to the bovine 201 

(UMD3.1.1) reference genomes. The mapping rate was about 90.0% and 74.4% using 202 

total clean reads and unique tags, respectively (Table S2). The majority of the mapped 203 

reads ranged from 21 to 23 nt in length, and the 22 nt small RNA was the most abundant 204 

(Figure 1a). As expected, most reads were observed to match with 3'-UTR and 5'-UTR 205 

region allocating microRNAs (Figure 1b). These results confirm the reliability of the 206 

small RNA sequencing process used in our study. The residual fraction of mapped reads 207 

not corresponding to microRNAs was distributed among a miscellanea of annotated 208 

regions, including rRNAs (14.76%), tRNAs (3.48%), snRNAs (0.38%), snRNAs 209 

(0.78%), and repeats (0.04%) (Figure 1c). 210 

Identification of known and novel miRNAs 211 

We identified 387 known expressed miRNAs in the 12 mammary samples (TPM > 212 

0.5). The clustering heatmap of miRNA expression profiles derived from the samples 213 

is shown in Figure 2a. We also compared the miRNAs with the greatest expression (top 214 

20) in the mammary tissue at lactation and non-lactating periods (Figure S1). The top 215 

expressed miRNAs in both of the two stages were similar except for miR-142 and miR-216 

126, which were explicitly expressed higher in the lactation stage and non-lactating 217 

period, respectively. The most significant expression of miRNAs in lactation was miR-218 

148a, while miR-143 was the most highly expressed in the non-lactating period. We 219 

characterized 415 novel miRNAs, including 235 and 254 novel miRNAs identified in 220 
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the lactation and non-lactating periods. Interestingly, we found 16 novel miRNAs 221 

expressed in all 12 samples (Table S3). 222 

Differentially expressed miRNA within extremely phenotype in lactation and non-223 

lactating period 224 

In the twelve miRNA libraries, 28 differentially expressed (DE) miRNAs were 225 

identified between HP and LP groups in lactation, including 11 upregulated and 17 226 

downregulated miRNAs in the LP group relative to the HP group (p-value <0.05, 227 

log2foldchange >0.8, as shown in Figure 2b and 2c). A total of 52 miRNAs were 228 

differentially expressed between HD and LD groups in non-lactating period, including 229 

22 up-regulated and 30 down-regulated miRNAs in LD group relative to HD group. 230 

Interestingly, we found 14 differentially expressed miRNAs exhibited common 231 

changes across the two comparison groups (Table 1).  232 

Trends in DE miRNAs in lactation or non-lactating were examined using k-means 233 

clustering, which revealed that 66 DE miRNAs could be divided into seven distinct 234 

clusters with differentially expression level pattern changes (Figure 3). Cluster 1, 235 

cluster 5, and cluster 6~9 revealed that the expression change pattern of miRNAs in HP 236 

vs. LP was similar to HD vs. LD, including 14 common miRNAs significantly changing 237 

in expression levels in lactation remained altered in the same direction in the non-238 

lactating period.  239 

Target gene prediction of differentially expressed miRNAs  240 

To better understand the DE miRNAs' functions, putative target genes were 241 

predicted using the 3'-UTR sequence of mRNA by the miRanda software. We predicted 242 

9,156 target mRNAs for the 28 DE miRNAs in HP vs. LP and 10,045 target mRNAs 243 

for the 52 DE miRNAs in HD vs. LD (Table S4). To identify target genes with high 244 

confidence, we performed a correlation analysis between expression levels of the DE 245 

miRNAs and the expression levels of target genes in 12 mammary samples. The 246 

expression of target genes from the 12 same samples was quantified by mRNA 247 

sequencing mentioned in our previous study[29]. We detected 28 DE miRNAs 248 

inversely correlated with 1685 targets resulted in 2468 miRNA-mRNA pairs for HP vs. 249 

LP, and 52 DE miRNAs inversely correlated with 2280 targets resulted in 3697 miRNA-250 
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mRNA pairs for HD vs. LD. For the 14 common DE miRNAs across HP vs. LP and 251 

HD vs. LD, we found 914 inversely correlated target mRNAs of common DE miRNAs 252 

between HP vs. LP and HD vs. LD resulted in 1210 miRNA-mRNA pairs (p-value 253 

<0.05). 254 

Functional annotation of differentially expressed miRNAs 255 

To functionally classify the DE miRNAs, GO and KEGG enrichment analysis 256 

were performed for DE miRNAs' confident target genes in peak lactation and non-257 

lactating period, respectively. Pathway analysis showed that these 914 target genes of 258 

common DE miRNAs were significantly enriched in 60 pathways. Many pathways 259 

were associated with protein syntheses, such as insulin secretion, mTOR signaling 260 

pathway, estrogen signaling pathway, insulin signaling pathway, and GnRH signaling 261 

pathway. Gene Ontology analysis demonstrated these target genes were involved in 262 

protein transport, trans-Golgi network, metabolic process, protein serine/threonine 263 

kinase activity (Table S5). 264 

Their target genes were enriched in mTOR signaling pathway, TNF signaling 265 

pathway, Leukocyte transendothelial migration, and MAPK signaling pathway for 266 

specifically DE miRNAs in peak lactation. Significantly functional terms were noticed 267 

for positive regulation of transcription, post-Golgi vesicle-mediated transport, mRNA 268 

3'-UTR binding, ER to Golgi transport vesicle. For DE miRNAs in the non-lactating 269 

period, several target genes were observed to be involved in the PI3K-Akt signaling 270 

pathway, Metabolic pathways, and mTOR signaling pathway. Their functions were 271 

associated with protein transport, transcription, vasculogenesis, positive regulation of 272 

gene silencing by miRNA. The KEGG pathways and top 10 terms for GO categories 273 

were shown in Figure 4a. 274 

Regulatory networks for differentially miRNAs-mRNAs 275 

To better understand the relationship between miRNAs and milk protein traits, we 276 

selectively analyzed the 214 miRNA-mRNA pairs. Both miRNAs and their targets were 277 

differentially expressed in HP vs. LP or HD vs. LD. We found 22 DE miRNAs 278 

potentially regulated 24 DEGs were involved in milk protein synthesis (Table 2). For 279 

example, PSPH, a significantly dysregulated milk protein gene, was involved in the 280 
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biosynthesis of amino acids, metabolic pathways, and glycine, serine & threonine 281 

metabolism. The expression of miR-1 was negatively correlated with PSPH. FABP3, 282 

targeted by miR-146b and miR-185, influences fat and protein content in cattle. 283 

Additional genes are listed in Table 2. Besides, we believed that we were able to 284 

account for all known target genes involved in milk protein synthesis through various 285 

pathways (Figure 4b). 286 

Validated by GWAS signals 287 

To assess whether DE miRNAs were associated with GWAS signals, we applied 288 

enrichment analysis from GWAS for all correlated targets of DE miRNAs across five 289 

milk traits, one reproduction trait (heifer conception rate), one health trait (somatic cell 290 

sore, SCS). All targets of DE miRNAs were considered a genome feature. Only SNPs 291 

located in targets or 5 Kb extended region of targets were included in calculating the 292 

squares of their effects. For comparison, 10,000 random SNPs sets located in all genes 293 

or 5 Kb extended areas of the bovine genome were generated. As shown in Figure 5a, 294 

the correlated targets of DE miRNAs were enriched with GWAS signals of milk protein 295 

(P < 0.1) and milk protein percentages (P < 0.01) traits. After removing all SNPs close 296 

to the well-known milk/fat gene, DGAT1, on Bos taurus chromosome 14, significant 297 

(P < 0.05) enrichments were observed for all five milk production traits in HP vs. LP. 298 

For the targets of DE miRNAs in HD vs. LD, significant enrichments were kept for 299 

milk protein and SCS traits. More association signals of five milk production traits were 300 

enriched in targets of upregulated miRNAs in lactation. In comparison, more 301 

association signals of milk production traits were increased in targets of down-regulated 302 

miRNAs for the non-lactating period (Figure 5b). 303 

 304 

Discussion 305 

Deciphering miRNA targets is crucial for molecular breeding since miRNAs are 306 

involved in critical biological processes and affect many traits. The miRNA-mediated 307 

gene regulatory network might remarkably contribute to the synthesis of milk protein. 308 

However, genome-wide identification of miRNAs specific to milk protein still lacks in 309 

the mammary of bovine. In this study, high-throughput sequencing technologies were 310 
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used to identify candidate miRNAs and networks related to milk protein. The mammary 311 

transcriptome profiles of miRNAs in Holstein cattle with extreme phenotypes in milk 312 

protein percentage were presented. 313 

We identified 387 miRNAs in the mammary gland, accounting for 48.6% of all known 314 

bovine miRNAs deposited in miRbase 21. A total of 485 novel miRNAs were detected 315 

in this study, which will considerably increase bovine miRNAs' repertoire. The 316 

differentially regulated expression patterns of miRNAs in mammary gland tissue 317 

underscores that the synthesis and secretion of milk protein involves a high level of 318 

post-transcriptional regulation of gene expression by miRNAs. The 14 differentially 319 

expressed miRNAs between high and low milk protein percentages across both 320 

lactation and non-lactating periods suggest that these miRNAs may partially regulate 321 

the functions of the same biological or physiological processes in the two periods. 322 

We combined predicted miRNA target genes with the previously obtained gene 323 

expressions. We matched 1685 inversely correlated target genes that resulted in 2468 324 

miRNA-mRNA pairs for HP vs. LP, and 2280 inversely correlated target genes resulted 325 

in 3697 miRNA-mRNA pairs for HD vs. LD. Functional annotation showed that these 326 

target genes of common DE miRNAs across two stages were associated with protein 327 

synthesis, such as mTOR signaling pathway, estrogen signaling pathway, insulin 328 

signaling pathway and GnRH signaling pathway, implying that these miRNAs could be 329 

critical players in these pathways. It should be noted that some of the common DE 330 

miRNAs in this study have been previously suggested to play essential roles in milk 331 

protein synthesis. For example, miR-152 negatively regulates DNA methyltransferase 332 

1 (DNMT1), decreasing the global DNA methylation and increasing the expression of 333 

serine/threonine protein kinase Akt (AKT) and peroxisome proliferator-activated 334 

receptor gamma (PPARγ)[24]. These target genes of DE miRNAs, specifically for 335 

lactating, were involved in positive transcription, mRNA 3'-UTR binding, and ER to 336 

Golgi transport vesicle. Also, miR-423-5p has been shown to regulate AMPK-337 

gamma1 (AMPKγ1) negatively. The 3'-UTR SNP of AMPKγ1 was influential on the 338 

milk and protein yield traits. This mutation also deviated target mRNA base-pairing to 339 

the miR-423-5p, which implied miR-423-5p plays an important role in milk metabolism 340 
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pathways[42]. These target genes of DE miRNAs, especially for the non-lactating 341 

period, were also associated with some milk protein metabolisms, such as PI3K-Akt 342 

signaling pathway, metabolic pathways, and mTOR signaling pathway. For example, 343 

miR-486 directly downregulates PTEN gene expression, altering the expression of 344 

downstream genes, such as AKT and mTOR. miR-486 as a downstream regulator of 345 

PTEN required for the development of the cow mammary gland[23]. 346 

The DE miRNAs-DEGs regulatory networks provided a comprehensive profile 347 

for understanding the mechanism of milk protein synthesis in cows. Twenty-two DE 348 

miRNAs potentially regulated 24 DEGs associated with milk protein metabolism were 349 

identified. MiR-1 is a known suppressor involved in PI3K-AKT, mTOR and NFκB 350 

Pathways[43]. miR-1 controls cholesterol synthesis and regulates mammary 351 

proliferation by targeting IGF1 and TBX3 in the sow's mammary gland [44]. Here, we 352 

found the expression of miR-1 was negatively correlated with PSPH, which is an 353 

insulin-responsive gene in bovine mammary that are involved in protein synthesis[45]. 354 

Besides, proteins encoded by phosphoserine phosphatase (PSPH) are engaged in serine 355 

synthesis[46, 47]. miR-146b was upregulated in the mammary glands of the HP group, 356 

which was reported to be involved mainly in leukemia, epidermal growth factor 357 

receptor (EGFR) signaling, MAPK, and nuclear factor kappa-light-chain-enhancer of 358 

activated B cells (NF-κB) signaling pathways[48-50]. Moreover, miR-146b 359 

was associated with mammary gland development and stem cell activity[51]. The 360 

expression of FABP3 was negatively correlated with miR-146b. SNPs 361 

within FABP3 have been reported to influence fat and protein content in cattle [52]. 362 

These findings indicated that the expression change in DEGs and DE miRNAs within 363 

networks might contribute to milk protein metabolism in cows. 364 

We integrated miRNA-targets with GWAS data using the sum-based marker-set 365 

test method, which has been demonstrated to have higher power or at least equal to 366 

most commonly used marker-set test methods in polygenic traits[53, 54]. Our analysis 367 

revealed significant enrichment of GWAS signals in proximity to DE miRNAs' target 368 

genes, especially to DE miRNAs in lactation, which implied the miRNAs of lactation 369 

were more associated with milk production traits. Negative genetic correlations were 370 
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found between milk production traits and fertility traits, which can explain that the 371 

GWAS signals of heifer conception rate trait were not enriched in targets of milk protein 372 

associated miRNAs [55, 56]. Previous studies have reported that the DEGs in non-373 

lactating periods could help the mammary tissue prevent issues with inflammation and 374 

udder disorders[29]. Of interest, we found the DE miRNAs of the non-lactating period 375 

were related to the SCS trait. The differences in enrichments of up/down-regulated 376 

miRNAs between lactation and non-lactating period indicated the miRNAs might have 377 

different patterns of regulation involved in milk-related activities. 378 

 379 

Conclusions 380 

This study integrated small RNA sequencing with transcriptome of mammary to detect 381 

genes/pathways associated with milk protein synthesis in cows. We provide genomic 382 

evidence that target genes of DE miRNAs were more associated with milk production 383 

traits in lactating mammary than non-lactating mammary using GWAS data. 384 

Responsive miRNAs in the mammary gland played roles in the regulation of the milk 385 

protein synthesis and the dysregulation of overall metabolism, providing novel milk-386 

biological insights into the genetic mechanisms. The results should further enhance our 387 

understanding of miRNA expression profiles associated with milk protein 388 

concentration, allowing for more effective breeding strategies. 389 
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RISC: RNA-induced silencing complex 415 

SCS: Somatic cell sore 416 

SNP: Single nucleotide polymorphism 417 

TBX3: T-Box transcription factor 3 418 

TNF: Tumor necrosis factor 419 
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Table 602 

Table 1. The differentially expressed miRNAs between high and low milk protein 603 

content in lactation and non-lactation. 604 

Group 
DE miRNAs 

number 
DE miRNA list 

HP vs LP 28 

let-7a-3p, let-7f, miR-143, miR-144, miR-146a, miR-146b, miR-150, miR-152, 

miR-16a, miR-185, miR-204, miR-24-3p, miR-2478, miR-2904, miR-320a, 

miR-326, miR-340, miR-34a, miR-374a, miR-379, miR-382, miR-411c-3p, 

miR-423-3p, miR-423-5p, miR-425-3p, miR-451, miR-655, miR-92b 

HD vs LD 52 

miR-1, miR-100, miR-10a, miR-10b, miR-1185, miR-1271, miR-1296, miR-

132, miR-1388-5p, miR-141, miR-143, miR-144, miR-146a, miR-146b, miR-

147, miR-149-5p, miR-150, miR-152, miR-16a, miR-185, miR-192, miR-195, 

miR-196a, miR-196b, miR-199a-5p, miR-20b, miR-24-3p, miR-2411-3p, miR-

2478, miR-26a, miR-26b, miR-27b, miR-2887, miR-2904, miR-296-3p, miR-

30a-5p, miR-326, miR-331-3p, miR-374a, miR-379, miR-409a, miR-429, miR-

484, miR-486, miR-494, miR-495, miR-505, miR-6524, miR-665, miR-885, 

miR-99a-5p, miR-99b 

Common 14 
miR-143, miR-144, miR-146a, miR-146b, miR-150, miR-152, miR-16a, miR-

185, miR-24-3p, miR-2478, miR-2904, miR-326, miR-374a, miR-379 

 605 

Table 3. The differentially expressed miRNAs with their potential target genes related 606 

to milk protein synthesis  607 

miRNAs Targets Group 

let-7a-3p BAMBI, COL4A5, DNAJC6 HP vs LP 

miR-144, miR-150, miR-16a, miR-2478 MYB HP vs LP 

miR-146a, miR-146b ALOX15, FABP3 HP vs LP 

miR-2478 ME3, MYB HP vs LP 

miR-2904 DNAJC6 HP vs LP 

miR-374a MYB, DUSP13 HP vs LP 

miR-1 PSPH HD vs LD 

miR-1296 CCNB2 HD vs LD 

miR-141 SMAD9, ITGA8, ATP6V0D2, MAD2L1 HD vs LD 

miR-195, miR-16a CCNB2 HD vs LD 

miR-1271, miR-196a, miR-196b, miR-152 COL2A1 HD vs LD 

miR-2887 ANGPT4 HD vs LD 

miR-429 SPP1 HD vs LD 

miR-505 ACSBG1 HD vs LD 
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miR-885 NR1D1 HD vs LD 

miR-144 ASF1B, SPP1, CDK1 HD vs LD 

miR-146a, miR-146b FABP3 HD vs LD 

miR-185 SPP1, FABP3 HD vs LD 

miR-2478 KCNJ2 HD vs LD 

miR-2904 PODN, SFRP1 HD vs LD 

 608 

Figure 609 
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 610 

Figure 1. Mapping statistics. (a) Length distribution of the mapped reads across all the 611 

libraries. (b) The genome distributions of the mapped reads for all samples. (c) The 612 

relative abundance of different classes of small RNAs in the total reads was successfully 613 

mapped to the bovine genome. 614 
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 615 

Figure 2. The expression heatmap and volcano plot of DE miRNAs. (a) Cluster analysis 616 

of all miRNAs based on their expression. Red indicated higher expression, and blue 617 

showed lower expression. (b) Volcano plot displaying differentially expressed miRNAs 618 

of HP vs. LP. The red and blue dots represent the significantly upregulated and 619 

downregulated miRNA; the gray dots represent miRNAs whose expression levels do 620 

not reach statistical significance. (c) Volcano plot displaying differentially expressed 621 

miRNAs of HP vs. LP. 622 
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 623 

Figure 3. The expression pattern of common DE miRNAs using k-means clustering 624 

with Pearson correlation. 625 
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 626 

Figure 4. The functional annotation of using k-means clustering with Pearson 627 

correlation. (a) Predominant function categories targeted by common DE miRNAs, 628 

lactation-specific DE miRNAs, and non-lactating-specific DE miRNAs. More 629 

significant values and shapes were suggesting higher relevance and higher enriched 630 

fold, respectively. (b) Network plot of candidate miRNAs, mRNAs, and pathways. The 631 

blue triangles, green circles, and pink diamonds represent miRNAs, mRNAs, and 632 

pathways, respectively. The dashed and solid lines represent the lactating and non-633 

lactating period networks, respectively. 634 
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 635 

Figure 5. The GWAS enrichment for targets of DE miRNAs in different groups. (a) 636 

The enrichment for targets of DE miRNAs in HP vs. LP and HD vs. LD. The green bars 637 

represent the p-values of permutation tests using original GWAS statistics. The red bars 638 

represent the p-values of permutation tests using corrected GWAS statistics (remove 639 

SNPs around the DGAT1 gene). (b) The enrichment for targets of upregulated and 640 

downregulated DE miRNAs in HP vs. LP and HD vs. LD. The dark green and gold 641 

color represent the p-values of permutation tests for the upregulated and downregulated 642 

DE miRNAs, respectively. 643 
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Figures

Figure 1

Mapping statistics. (a) Length distribution of the mapped reads across all the libraries. (b) The genome
distributions of the mapped reads for all samples. (c) The relative abundance of different classes of
small RNAs in the total reads was successfully mapped to the bovine genome.



Figure 2

The expression heatmap and volcano plot of DE miRNAs. (a) Cluster analysis of all miRNAs based on
their expression. Red indicated higher expression, and blue showed lower expression. (b) Volcano plot
displaying differentially expressed miRNAs of HP vs. LP. The red and blue dots represent the signi�cantly
upregulated and downregulated miRNA; the gray dots represent miRNAs whose expression levels do not
reach statistical signi�cance. (c) Volcano plot displaying differentially expressed miRNAs of HP vs. LP.



Figure 3

The expression pattern of common DE miRNAs using k-means clustering with Pearson correlation.



Figure 4

The functional annotation of using k-means clustering with Pearson correlation. (a) Predominant
function categories targeted by common DE miRNAs, lactation-speci�c DE miRNAs, and non-lactating-
speci�c DE miRNAs. More signi�cant values and shapes were suggesting higher relevance and higher
enriched fold, respectively. (b) Network plot of candidate miRNAs, mRNAs, and pathways. The blue
triangles, green circles, and pink diamonds represent miRNAs, mRNAs, and pathways, respectively. The
dashed and solid lines represent the lactating and non-lactating period networks, respectively.



Figure 5

The GWAS enrichment for targets of DE miRNAs in different groups. (a) The enrichment for targets of DE
miRNAs in HP vs. LP and HD vs. LD. The green bars represent the p-values of permutation tests using
original GWAS statistics. The red bars represent the p-values of permutation tests using corrected GWAS
statistics (remove SNPs around the DGAT1 gene). (b) The enrichment for targets of upregulated and



downregulated DE miRNAs in HP vs. LP and HD vs. LD. The dark green and gold color represent the p-
values of permutation tests for the upregulated and downregulated DE miRNAs, respectively.
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