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Development and application of a 1K functional liquid chip for lactation performance in Bactrian camels
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Introduction: The advancement of high-throughput, high-quality, flexible, and cost-effective genotyping platforms is crucial for the progress of dairy breeding in Bactrian camels. This study focuses on developing and evaluating a 1K functional liquid single nucleotide polymorphism (SNP) array specifically designed for milk performance in Bactrian camels.

Methods: We utilized RNA sequencing data from 125 lactating camels to identify and select 1,002 loci associated with milk production traits for inclusion in the SNP array. The array’s performance was then assessed using 24 randomly selected camels. Additionally, the array was employed to genotype 398 individuals, which allowed for population validation to assess the polymorphism of SNP sites.

Results: The SNP array demonstrated high overall SNP call rates (> 99%) and a remarkable 100% consistency in genotyping. Population validation results indicate that camels from six breeding areas in Northwest China share a similar genetic background regarding lactation functionality.

Discussion: This study highlights the potential of the SNP array to accelerate the breeding process of lactating Bactrian camels and provides a robust technical foundation for improving lactation performance.
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1 Introduction

The versatile applications of Bactrian camels, such as their provision of milk, meat, and down, in addition to their adaptability to various ecological conditions, render them a crucial species in both contemporary and conventional agricultural practices. Notably, their milk is not only a dietary staple but also renowned for its medicinal properties, making it a crucial resource for both nutritional and therapeutic purposes (1–3). However, the full potential of Bactrian camel milk production is yet to be harnessed, often limited by the lack of advanced breeding strategies that focus on lactation performance traits.

Single nucleotide polymorphism (SNP) chips are transforming animal breeding; low cost “assay-by-sequencing” methodologies and high quality reference genome sequences provide the opportunity for further significant improvement in both breeding and management (4). Functional SNPs are generally defined as SNPs from genome sequences that affect structure, expression, or function of a gene. SNPs, which were located within expressed genes, are especially important because they have the potential to change the function of a protein (5). RNA sequences are exclusively transcribed from exonic regions of the genome, making them ideal candidates for developing markers specific to these genic regions. Such markers are particularly valuable in domestic animal breeding. Several studies used RNA sequencing to identify markers in human (6) and animals (7–14). However, the genetic underpinnings of lactation traits in Bactrian camel remain insufficiently explored.

Single nucleotide polymorphism (SNP) arrays represent a high-quality and user-friendly platform for genotyping (15, 16). Utilizing a SNP array enables the simultaneous detection of tens of thousands of SNPs per sample, thereby facilitating high-throughput and efficient methodologies in genetic research and breeding programs. More recently, advances have led to the development of a liquid SNP chip panel, leveraging Genotyping By Targeted Sequencing (GBTS) technology (17). This innovation aims to further reduce costs and enhance the accuracy of genomic selection. When compared to traditional SNP chips that utilize magnetic beads, liquid-phase chips offer several advantages, including reduced cost and increased flexibility (17, 18).

However, despite the widespread application of various high-throughput methods in the genetic study of dairy cattle, poultry, and aquatic animals, their utilization remains limited in Bactrian camel research. Based on high-quality SNPs selected from transcribed regions, GBTS was utilized to develop a 1K functional SNP liquid array, named “CamelBell No. 1,” for Bactrian camels. The genotyping performance and prediction accuracy of the 1K SNP liquid array were validated. This array will become a valuable tool for enhancing Bactrian camel milk performance, attributable to its stable genotyping capabilities and its robust correlation with lactation traits in Bactrian camels.



2 Methods


2.1 Samples collection

Phenotypic data, along with milk and blood samples, were meticulously collected from 125 lactating Alxa Desert Bactrian camels located at the Alashan League, Inner Mongolia. All camels were in a consistent lactation period, with a parity ranging from 2 to 5, and were maintained in optimal body condition within a uniform environment. They were fed the same diet: dry clover supplemented with 2 kg of grain concentrate (68% corn +12% wheat bran +20% soybean cake after oil extraction) and 30 g of table salt for each animal daily. Blood and milk samples were collected from 32 and 83 Bactrian camels at approximately 30 and 270 days postpartum, respectively. Daily milk production was estimated based on the average milk yield over three consecutive days. For compositional analysis, 25 mL of milk was sampled to determine the concentrations of key constituents such as fat, protein, and lactose using mid-infrared spectrometry (MilkoScan Minor, Foss Analytics, Hillerød, Denmark). Additionally, 10 mL of whole blood was collected from the jugular vein of each camel for genetic analysis. Blood samples were treated with TRIzol reagent (TaKaRa, United States) and stored at −80°C until RNA extraction could be performed.

Genomic DNA was collected from 398 Bactrian camels used for chip genotyping. These camels were from six key breeding regions in China, which are major areas for Bactrian camel breeding. Specifically, samples were obtained from Subei County, Gansu (GSB; 7 individuals), Alxa Right Banner, Inner Mongolia (NAY; 82 individuals), Alxa Left Banner, Inner Mongolia (NAZ; 257 individuals), Sunit Right Banner, Inner Mongolia (NSNT; 22 individuals), Siziwang Banner, Inner Mongolia (NSZW; 10 individuals), and Urad Rear Banner, Inner Mongolia (NWLT; 20 individuals). The dataset comprises three breeds of Bactrian camels: Alxa Desert Camel (n = 343), Alxa Gobi Camel (n = 22), and Sunit Bactrian Camel (n = 33). Alxa Desert Camels were sampled from GSB, NAY, and NAZ, while Alxa Gobi Camels were exclusively sampled from NWLT, and Sunit Bactrian Camels were sampled from NSNT and NSZW. The methodologies used in this study were approved by the Institutional Animal Care and Use Committee of Inner Mongolia Agricultural University, Hohhot, China.



2.2 RNA extraction and sequencing

We isolated total RNA from 125 blood samples using the TRIzol reagent (Invitrogen, Carlsbad, CA, United States). The blood samples were homogenized in TRIzol reagent and chloroform, followed by precipitation using isopropanol. Total RNA from each sample was treated for genomic DNA contamination using the RNase-free DNase set (QIAGEN, Crawley, West Sussex, United Kingdom) and purified using the RNeasy mini kit according to the supplied guidelines (QIAGEN, Crawley, West Sussex, United Kingdom). RNA sample quality was assessed using the NanoPhotometer® spectrophotometer (IMPLEN, CA, United States) and the Agilent Bioanalyzer 2100 system. RNA samples exhibited 28 S/18 S ratios ranging from 1.8 to 2.0 and RNA integrity number values between 8.0 and 10.0.

For mRNA cDNA library preparation, 1.0 μg of total RNA was utilized from each sample using the TruSeq RNA Library Preparation kit v2 (Illumina, San Diego, CA, United States). Poly A-containing mRNA was enriched from the total RNA using poly-T oligo attached beads and fragmented for first-strand cDNA synthesis, followed by second-strand synthesis. The ends were repaired, and 3′ end adenylation and adapter ligation were performed for each library. Subsequently, libraries were polymerase chain reaction (PCR) amplified, validated using the Bioanalyzer (Agilent Technologies Inc., Cedar Creek, TX, United States), and finally normalized and pooled. Clustering of the index-coded samples was conducted on a cBot Cluster Generation System using TruSeq PE Cluster Kit v3-cBot-HS (Illumina) according to the manufacturer’s instructions. Following cluster generation, the library preparations were sequenced on the Illumina NovaSeq 6000 high-throughput sequencing platform, generating 150 bp paired-end reads.



2.3 SNP detection and selection

The identification of SNPs was executed following the workflow depicted in Figure 1, with the comprehensive SNP calling pipeline script provided in Supplementary file S4. Fastp v0.23.4 (19) was employed to assess the quality of sequence reads, targeting the identification of sequencing read artifacts such as low-quality Phred scores, duplicated reads, uncalled bases (N sequences), and potential contamination. Subsequently, the filtered reads from each sample underwent individual alignment to the Bactrian camel reference genome (Ca_bactrianus_MBC_1.0) using Hisat2 v2.1.0 software (20). The aligned results were exclusively utilized for Single Nucleotide Polymorphism (SNP) calling, while insertions and deletions (indels) were excluded from the analysis due to challenges associated with accurate indel calling. Variant calling was performed for each read merging method using the “mpileup” and “call” commands from BCFtools v1.9–77-gd0cf724+ (21). Only those SNP variants were retained where the alternative allele manifested in all samples, accompanied by a Phred quality score of at least 25 and a minimum read depth of 10. We calculated the minor allele frequencies (MAFs) and missing rates using PLINK v1.90 (22), and the SNPs with MAF <0.05 were excluded. We tested the Hardy–Weinberg equilibrium (HWE) using VCFtools v0.1.11 (23) with the -hwe option and removed SNPs that severely departed from HWE (p < 0.01).
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FIGURE 1
 The workflow used for SNP chip design procedure.




2.4 Development of the SNP panel


2.4.1 SNP identification with camel milk traits

To identify SNPs crucial to Bactrian camel lactation and to develop functional chips essential for enhancing their breeding, we conducted Exon-Wide Selection Signature (EWSS) and Genome-Wide Association Study (GWAS) algorithm (24) analyses on carefully evaluated SNPs. Initially, EWSS is an SNP screening method based on transcription level by detecting the FST index of population differentiation. Thus, from 83 Bactrian camels at 270 days postpartum, we selected 30 individuals each, based on traits such as milk yield, milk protein, lactose, and milk fat, and conducted FST analysis on these extreme groups using VCFtools v0.1.11 (23). The single-locus FST for each SNP in transcriptomic regions was calculated, and those with an FST greater than 0.2 were retained. The Genome-Wide Association Study (GWAS) analysis was conducted utilizing the Genomic Association and Prediction Integrated Tool (GAPIT) within the R programming environment (25). The association analysis examined individual markers among 19,177 single nucleotide polymorphisms (SNPs) in relation to the best linear unbiased estimate (BLUE) value of each accession for each trait. The BLUE values provide unbiased estimates of phenotypic traits, incorporating fixed effects such as lactation stage and parity within the model. For population correction and stratification within the mixed linear model (MLM), both a kinship matrix and principal component analysis (PCA) were computed. The kinship matrix accounts for the genetic relatedness among individuals, while PCA addresses population structure, thereby mitigating the risk of false positives attributable to population stratification. p-values were subsequently adjusted at a 5% false discovery rate (FDR) to ascertain significant associations. To determine the relevance of the applied model for GWAS, quantile–quantile (QQ) plot was derived among the observed and expected log10(p) value. The workflow used for SNP chip design procedure is summarized in Figure 1.



2.4.2 Variants annotation and enrichment analysis

Single nucleotide polymorphism (SNP) annotations, categorized by functional class (such as genic or intergenic), along with their genomic distributions, were performed using custom Perl scripts. The annotation process utilized the Generic Feature Format (GFF) file1 of the Bactrian camel genome reference (Ca_bactrianus_MBC_1.0). This file provided the necessary information to determine the genomic context of each SNP. A SNP was classified as genic if it was located within the start and end positions of an mRNA transcript, which includes coding sequences (CDS), 5′ untranslated regions (5′UTR), or 3′ untranslated regions (3′UTR). Conversely, SNPs that did not fall within these mRNA boundaries were designated as intergenic.

For the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses, we utilized the g:Profiler2 web interface (26). This platform facilitated the identification of significant biological processes, cellular components, and molecular functions (as classified by GO), as well as the pathways (as cataloged in KEGG) that are overrepresented in our gene set. To account for the issue of multiple comparisons, which can lead to false positives, we employed Bonferroni for multiple testing correction. Only results with an adjusted p-value below 0.05 were considered statistically significant.



2.4.3 Design and synthesis of the liquid chip

The liquid chip utilizes GBTS technology (18, 27, 28), which operates on the principle of target capture through the complementary pairing of probes with the target sequences. In this study, we initially assessed and scored the selected candidate loci using the Compass probe design system (Compass Biotechnology, Guilin, China). The probe design considered the complexity and GC content of the sequences upstream and downstream of the target loci to ensure accuracy and efficiency. Priority was given to positioning the target loci in the middle of the probes, each designed to be 120 bp in length. After verification, these loci were submitted to Compass for probe synthesis, with each probe modified with a biotin group at the 5′ end to facilitate subsequent experimental steps.



2.4.4 DNA extraction and library construction

DNA was extracted from the 398 samples using a magnetic bead method, known for its efficiency and ability to yield high-quality DNA. The extracted DNA was then fragmented to align with the PE150 sequencing strategy, targeting a main fragment size range of 200–300 bp. This fragmentation was followed by selection, end-repair, and A-tailing, preparing the DNA for sequencing library construction. The library construction process involved the ligation of sequencing adapters and PCR amplification to enrich the target fragments, ensuring comprehensive coverage. Subsequently, the libraries were quantified using the dsDNA HS Assay Kit for Qubit. Electrophoresis was employed to confirm that their main peak sizes fell within the 350–450 bp range, a step crucial for ensuring sequencing quality and accuracy.

For hybrid capture, pooled libraries, comprising the whole-genome DNA from each sample, were prepared, totaling 4 μg per hybrid capture library. These pooled libraries were then concentrated and subjected to probe hybridization, specifically targeting fragments from the whole-genome library. Following hybridization, excess probes, reagents, and other components were removed during the elution process. Post-hybridization, PCR amplification was performed to further enrich the target regions, culminating in the final library ready for sequencing. These libraries were quantified and subsequently sequenced using the MGI-T7 sequencer.




2.5 SNP array performance evaluation

To assess the stability and reliability of the “CamelBell No. 1” SNP chip, we performed genotyping on 24 lactating camels randomly selected from the 398 DNA samples. The sample set included three pairs of duplicate samples to evaluate reproducibility. Next, the sequencing reads were first subjected to quality control using FastQC v0.11.5 (29) to assess the quality of the raw data. Low-quality reads and adapter sequences were trimmed using Trimmomatic v0.39 (30). The resulting data were aligned to the Bactrian camel reference genome (Ca_bactrianus_MBC_1.0) using BWA v0.7.17 (31). Post-alignment, the alignment rate was calculated to assess sequencing efficiency and accuracy. The alignment files were processed using SAMtools v1.17 (21) to convert, sort, and index the aligned reads. Alignment quality was further assessed by examining metrics such as the percentage of mapped reads, coverage depth, and uniformity of coverage across the genome. To ensure the chip’s precision and reliability in genotyping, we meticulously analyzed the genotype concordance rate among the duplicate samples. This analysis is vital for validating the chip’s capability to produce consistent and reproducible results. Additionally, we quantified the detection rates of all test samples across various site coverage depths, providing a comprehensive evaluation of the chip’s performance under different genomic conditions.



2.6 Analysis of genetic diversity and population structure

To evaluate the performance of the SNP array in detecting population genetic diversity and structure, we genotyped and analyzed 398 DNA samples. VCFtools v0.1.11 (23) was employed to filter the SNPs and individuals. Specifically, individuals and SNPs with a detection rate lower than 95% were excluded. SNPs with minor allele frequencies lower than 0.05 were excluded. SNPs with significant deviation from Hardy–Weinberg equilibrium (p < 0.01) in any population were excluded. The genotyping data were extracted and converted into PLINK. bed and.fam formats, and then imported into PLINK v1.90 (22) and ADMIXTURE v1.3.0 (32) software for analysis. Using PLINK, PCA is conducted to identify major sources of genetic variation across the six breeding areas. ADMIXTURE is used to infer population structure and assign individuals to genetic clusters. It provides estimates of the proportion of an individual’s genome that originates from each of K ancestral populations. The tested K was set from 2 to 9.



2.7 Genomic prediction

The GBLUP model is used to calculate GEBV as follows:
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where [image: image] is the vector of corrected phenotypic values. These are the phenotypic measurements (e.g., milk yield, milk protein, milk lactose milk fat) that have been adjusted for fixed effects (e.g., breed, parity, lactation period). 1 is a vector of ones, which ensures that the overall mean ([image: image]) is added to each observation, with 𝜇 being the overall mean of the phenotypic values across all individuals in the study. [image: image] represents the fixed effects, where 𝑋 is the incidence matrix for these effects, and 𝛽 is the vector of fixed effects coefficients. 𝑍 is the incidence matrix that relates the additive genetic values (𝑢) to the phenotypic values (𝑦), with each row of 𝑍 corresponding to an individual and each column to a genetic effect. 𝑢 is the vector of additive genetic values (or genomic breeding values, GEBVs). These values represent the genetic contribution of each individual to the trait. It is assumed that 𝑢 ∼ N(0, Gσ𝑢2), where G is the relationship matrix built with the HIBLUP v1.4.0 software (33). This matrix represents the genetic relationships between individuals based on SNP marker data. σ𝑢2 represents the additive genetic variance. 𝑒 is the vector of random residual effects, representing the variation in the phenotypic values not explained by the model. It is assumed that 𝑒∼N (0, Iσ𝑒2), where I is an identity matrix and σ𝑒2 is the residual variance.

Cross-validation (CV) is usually used to obtain a reliable and stable model, and to evaluate the quality of the model (34). To evaluate the accuracy of genomic prediction, we utilized five-fold cross-validation. The dataset was divided into five approximately equal-sized groups. In each iteration of the cross-validation, four groups were used as the training set to estimate model parameters, while the remaining group was used as the validation set to test the model’s predictive performance. Prediction accuracy was calculated as the correlation between the predicted estimated breeding values (EBVs) and the actual phenotypes in the validation set, divided by the square root of the heritability estimated in the validation population. The standard error (SE) was calculated as the standard deviation of the five calculated reliability values from the five-fold cross-validation, divided by the square root of five.




3 Results


3.1 Variant calling from transcribed region sequences

A total of 19,177 confident SNPs were detected from the RNA-seq data of lactating Bactrian camels. Initially, transcriptomes of peripheral blood from 125 selectively chosen individuals, exhibiting consistent lactation period out of 1,243 Bactrian camels, were sequenced. This sequencing yielded approximately 3,575 million paired-end reads, averaging 29 million paired-end reads per individual sample. After quality control, the base effectiveness rate stood at 97.88%. The Q30 ratio surpassed 93.14%, and the GC content exceeded 52.08%. Remarkably, about 91.72% of the reads were accurately mapped to the Bactrian camel genome (Ca_bactrianus_MBC_1.0), with nearly 80.54% of the reads from each individual uniquely aligning with the camel genome. Detailed alignment information for each sample is tabulated in Supplementary Table S1. Subsequently, a comprehensive SNP calling was conducted in the reference genome from 125 transcriptome datasets, unveiling 9,790,170 SNPs. Only those SNP variants where the alternative allele appeared in all samples and had a Phred quality score of at least 25 and a minimum read depth of 10 were retained. Minor allele frequencies (MAFs) and missing rates were calculated, with SNPs having MAF <0.05 excluded. Additionally, we tested for Hardy–Weinberg equilibrium (HWE) using the -hwe option and removed SNPs that significantly deviated from HWE (p < 0.01). Among these, 19,177 SNPs were confidently ascertained across the entire cohort.



3.2 Identification of SNPs associated with milk traits

For the lactation performance traits of milk yield, milk protein, milk lactose, and milk fat, both Exon Wide Selection Signature (EWSS) and Genome Wide Association Study (GWAS) methodologies were employed to generate a comprehensive SNP set. Initially, the calculation of FST was applied to 19,177 SNPs to discern associations with extreme phenotypic milk traits. Groupings according to extreme values of milk traits are shown in Table 1. The statistical analysis of other milk components in each extreme value group is shown in Tables 2–5. Using a threshold of FST > 0.2, we identified 178 loci as outliers associated with various milk traits. Specifically, 138 loci were related to milk yield, 28 to milk protein, 30 to milk lactose, and 6 to milk fat. These loci are depicted in Figure 2. These identified loci serve as a partial reference for the selection of SNPs associated with lactation traits. Simultaneously, leveraging the 19,177 SNPs identified within the transcribed regions, we also employed GWAS to associate them with four continuous lactation performance traits across 125 subjects, thereby providing an additional reference set for the screening of pertinent loci. Therefore, significant associations were found with 923 SNPs for milk yield, 980 SNPs for milk protein, 955 SNPs for lactose, and 756 SNPs for milk fat traits (FDR <0.05), shown in Figure 3. During the analysis, we calculated the genomic inflation factor (λ) to assess the potential inflation of test statistics due to population structure or cryptic relatedness. The results showed a genomic inflation factor of 0.945, indicating minimal inflation and suggesting that the test statistics were not significantly affected by population structure or cryptic relatedness (Figure 4A). The overlap of SNPs associated with different traits is shown in Figures 4B,C. Overall, the amalgamation of both methods furnished us with a reference set comprising 2,960 SNP loci, which are associated with four lactation traits and dispersed within the transcribed regions of 1,395 genes, shown in Supplementary Table S2. A total of 81 overlapping sites were identified between FST and GWAS analyses. The functional enrichment analysis conducted on the identified genes indicated a significant overrepresentation in several biological processes (BP), particularly in areas related to the immune system, organonitrogen compound metabolism, and regulation of metabolic processes. Additional processes such as vesicle-mediated transport, positive regulation of biological processes, protein metabolism, and cellular localization establishment were also notably enriched. Furthermore, genes involved in catabolic processes were highlighted as part of the biological process category. To provide a comprehensive overview, the top 10 items from each category—Biological Processes (BP), Cellular Components (CC), Molecular Functions (MF), and Kyoto Encyclopedia of Genes and Genomes pathways (KEGG) were visually summarized in Figure 4D.



TABLE 1 The phenotype group of 4 milk traits.
[image: Table1]



TABLE 2 Statistical analysis of milk components in extreme milk yield group.
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TABLE 3 Statistical analysis of milk components in extreme milk protein group.
[image: Table3]



TABLE 4 Statistical analysis of milk components in extreme milk lactose group.
[image: Table4]



TABLE 5 Statistical analysis of milk components in extreme milk fat group.
[image: Table5]
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FIGURE 2
 Manhattan plot of SNPs for milk traits by EWSS. (A) Manhattan plot of SNPs between high and low milk yield group. (B) Manhattan plot of SNPs between high and low milk protein group. (C) Manhattan plot of SNPs between high and low milk lactose group. (D) Manhattan plot of SNPs between high and low milk fat group.
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FIGURE 3
 Manhattan plot of SNPs for milk traits by GWAS. (A) Manhattan plot of SNPs associated with milk yield traits. (B) Manhattan plot of SNPs associated with milk protein traits. (C) Manhattan plot of SNPs associated with milk lactose traits. (D) Manhattan plot of SNPs associated with milk fat traits.
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FIGURE 4
 SNPs associated with four milk traits. (A) Quantile–quantile (QQ) plots represent the negative logarithms of the expected p-values (x-axis) and observed p-values (y-axis) (right panel). (B) SNPs associated with four milk traits by EWSS. (C) SNPs associated with four milk traits by GWAS. (D) Top 10 Gene Ontology (GO) and KEGG pathway terms associated with milk trait-related snp genes.




3.3 SNPs for the “CamelBell No. 1” array

To explore the variation in SNP density across different chromosomes, a box plot was generated (Figure 5A). The median distances and the ranges vary significantly, with some scaffold showing a higher concentration of closely spaced SNPs. To mitigate the incidence of false positives in genotyping, SNPs were judiciously selected for inclusion on the chip, guided by criteria such as SNP quality, polymorphism status, SNP density, and the extent of association with specific traits. In brief, we submitted 2,960 previously identified candidate SNPs associated with lactation traits to the Targeted Capture Sequencing Probe Design System, and 2,681 SNPs passed evaluation. Next, considering the location and function of these SNPs, we eliminated one of the two sites within less than 100 bp from each other, focusing on retaining sites supported by existing literature. Thus, 1,002 SNPs were finally manually selected for the “CamelBell No. 1” array. For those SNP site, there were 460 SNPs located in exon region, 54 located in intron region and 10 located in intergenic region, shown in Figure 5B, and the details are in Supplementary Table S3. The association of these SNPs with lactation traits is visually represented in Figure 5C, with 201 SNPs being correlated with two or more lactation traits.

[image: Figure 5]

FIGURE 5
 Annotation of 1,002 SNPs and Quality assessment of CamelBell No. 1 SNP array. (A) Box plot of SNP distances by 230 scaffolds. The x-axis lists the chromosomes, and the y-axis represents the distance between adjacent SNPs on a logarithmic scale. (B) Pie chart depicting the distribution of SNP positions across the genome. (C) Venn diagram illustrating the overlap of SNPs associated with various lactation traits. (D) Genome alignment rates achieved using the CamelBell No. 1 SNP array. (E) Genotyping consistency of duplicate samples analyzed with the CamelBell No. 1 SNP Array. (F) Site detection rates at varying coverage depths using the CamelBell No. 1 SNP array.




3.4 Genotyping performance of SNP array

The efficacy of the SNP array was assessed through the genotyping of 24 DNA samples from Alashan League, Inner Mongolia. Inclusion of three pairs of replicate samples facilitated the evaluation of the chip’s detection performance. A genome alignment rate exceeding 99% was achieved for all samples, culminating in an average alignment rate of 99.77%, shown in Figure 5D. Separate testing of three duplicate samples yielded a typing consistency of 100% for each pair, underscoring the chip’s detection stability (Figure 5E). Comprehensive statistics pertaining to the detection rates across all test samples revealed that with a target site coverage depth exceeding 5×, an average site detection rate of 99.72% was maintained. Remarkably, even at a coverage depth surpassing 20×, the detection rate remained robust at 99.07%, shown in Figure 5F.



3.5 Genetic diversity of the core breeding populations

To assess the genetic diversity of the core breeding populations in of dairy Bactrian camels in northwest China, we collected 398 camels from six representative breeding areas, and conducted SNP genotyping using the SNP array. Firstly, we calculated the minor allele frequency (MAF) distribution of the population and plotted the histogram, as shown in Figure 6A. The MAF data from SNP array genotyping revealed that 95% of SNPs had a minor allele frequency greater than 0.1. Subsequently, we estimated the genetic structure and distance, observing minimal genetic divergence among samples from different breeding areas (Figures 6B,C). These results indicate that camels from six breeding areas share a similar genetic background regarding lactation functionality.

[image: Figure 6]

FIGURE 6
 Genetic structure of camel core breeding population. (A) Bar plot of minor allele frequency (MAF) distribution. (B) PCA plot of the first and second PCs showing genetic distances among samples. Samples from different locations are represented in different colors. (C) Admixture plot (K = 2–9) for the 398 large camel individuals. Each individual is shown as vertical bar divided into K colors.




3.6 The prediction accuracy of CamelBell No. 1 SNP array

Genomic prediction (GBLUP) accuracy for the four milk traits was assessed using genotype information from 914 markers that passed the quality control filters (MAF >0.01, Call Rate >0.9). A total of 398 camels were randomly divided into training (80%) and validation (20%) sets for cross-validation, and this process was repeated five times to ensure robust evaluation. The box plot of prediction accuracy values is shown in Figure 7. The genomic prediction accuracies for the four milk traits vary, with milk lactose showing the highest and most consistent accuracy, followed by milk yield and milk fat, while milk protein exhibits the lowest and most variable accuracy. The mean Pearson correlation coefficients of the four milk traits were 0.27, 0.30, 0.34, and 0.44, respectively, indicating modest linear relationships between the predicted Genomic Estimated Breeding Values (GEBVs) and the actual phenotypes. Among these traits, milk fat exhibited the strongest correlation. The standard error (SE) values of the estimated correlation coefficients for all traits were less than 0.10. The mean regression coefficients for the four milk traits were 0.88, 0.76, 1.14, and 0.69, respectively. These values suggest that while predictions for milk yield are relatively unbiased, predictions for milk protein and milkfat tend to underestimate the actual genetic values, and predictions for milk lactose tend to overestimate them. The SE values of the estimated regression coefficients for all traits were less than 0.06.

[image: Figure 7]

FIGURE 7
 Prediction accuracies of genomic estimated breeding values for different milk traits using GBLUP in camel.





4 Discussion

In this study, we developed a new SNP array (CamelBell No. 1) in Bactrian camel based on genotyping by target sequencing. To our knowledge, this is the inaugural liquid chip specifically designed for dairy Bactrian camel breeding. After collecting lactation performance and phenotype data from thousands of lactating Bactrian camels in Northwest China, we handpicked 523 to establish a core breeding group. From this pool, we further selected 125 camels that shared the same peak lactation period and identical feeding conditions, aiming to identify single nucleotide polymorphisms (SNPs) linked to lactation traits. Utilizing these 1,002 SNPs, we advanced the genetic enhancement of dairy Bactrian camel breeding. When SNPs are identified using RNA-seq data, a limited number of individuals can effectively pinpoint loci exhibiting significant polymorphism (35). Given that lactation traits are quantitative and influenced by a multitude of genes and environmental factors, a larger sample size is instrumental in deciphering the genetic architecture of these complex traits. Consequently, in this study, RNA-seq data from the 125 lactating Bactrian camels were chosen as the reference dataset for SNP discovery, providing a comprehensive basis for understanding the genetic determinants of lactation characteristics. One advantage of SNP discovery using RNA-seq is the versatility of the sequenced data, which extends beyond initial research objectives. This data can be repurposed for further investigative queries, including the exploration of how organisms adapt to varying environmental conditions. This multifaceted utility enhances the value of RNA-seq in genetic research (36). This method, widely adopted in genomic research, has proven effective in identifying SNPs associated with traits such as muscle yield and quality in fish (37), as well as thermo-resistant in oysters (38). Additionally, it has been instrumental in unraveling the genetic mechanisms behind tail fat deposition in sheep (9) and lactation performance in dairy cows (7), highlighting its versatility and importance in the field of animal genetics.

In our research, we employed Extended Window Sum Statistic (EWSS) to calculate fixation indices (FST) (39, 40) for populations exhibiting significant variations in lactation performance. This approach allows us to screen for SNP variants in extreme phenotypic groups after controlling for environmental variables. Concurrently, we adopted the principles and methodologies of Genome-Wide Association Studies (GWAS) (41, 42) to investigate the correlation between lactation performance and polymorphic sites in transcription regions of the Bactrian camel. By integrating these two methods, we were able to screen for the most pertinent functional loci in Bactrian camels, providing a foundational set of functional loci crucial for chip design. However, despite our efforts to control for various confounding factors in our analysis, several potential confounding factors may still influence our results. These include environmental variation, physiological and health status, and genetic background. Specifically, although we standardized diet and housing conditions, other environmental factors such as microclimatic conditions, handling practices, and feed intake were not explicitly controlled. Variations in the health status or physiological conditions of the camels, such as subclinical infections, stress levels, and hormonal imbalances, were not measured or controlled. While principal component analysis (PCA) was used to account for major population structure, subtle genetic stratification or cryptic relatedness within the population may still exist. These unaccounted confounding factors may introduce biases or residual confounding in our GWAS results, potentially affecting the generalizability and validity of our findings. Future research should aim to measure and control for these variables more comprehensively to ensure more accurate and reliable genetic association results.

Compared to traditional silicon-based SNP panels, Genotyping By Targeted Sequencing (GBTS) (43) panels offer enhanced flexibility in handling varying sample sizes for genotyping. The GBTS marker system offers the flexibility to create multiple marker panels from a single master panel. It allows researchers to select a specific number of markers tailored to their unique research goals. While the breeding of dairy camels, including Camelus dromedarius and Camelus bactrianus, is progressing in various countries (44–46), conventional breeding methods still predominate. This study lies in its contribution to the breeding of camels with desirable milk production traits, such as milk yield, protein content, fat content, and lactose content, bolstered by advancements in Bactrian camel genome research. The development of CamellBell No. 1 provides technical support for the large-scale promotion of dairy breeding in Bactrian camel.

Our evaluation of the array’s typing performance revealed high levels of consistency and stability. Remarkably, even at a coverage depth exceeding 20×, the detection rate remained robust at 99.07%. This reliability is crucial for the chip’s application in further genetic studies. We used the chip to sequence DNA from individuals in core breeding groups across six regions to analyze their population structure. The analysis of 398 individuals did not show complete separation in terms of lactation function, suggesting a common ancestral origin or an early stage in the selection process. The breeding values were estimated using the GBLUP model, and the accuracy of trait prediction was evaluated using five-fold cross-validation. We found that although the model for the lactose trait had the risk of overfitting, its prediction accuracy was the highest. This high accuracy may be attributed to the genetic stability of the lactose trait. Lactose percent has been reported to be highly heritable (0.53), according to a study in Holstein cows from Michigan (47). The statistical model, marker density, and sample size influenced on selection accuracy (48). Due to the low samples size in this research, there may be bias in the prediction. Additional animals are required to fully evaluate the array for genomic selection (GS), and we are working to increase the sample sizes of the reference and candidate populations for genotyping with the SNP array. Given that large-scale breeding of Bactrian camels is not as established as in cows and other animals, and considering the challenges in sampling, low-cost and highly flexible liquid phase chips like CamelBell No. 1 play a vital role in accelerating the breeding of dairy Bactrian camels.



5 Conclusion

In summary, this study is the first try to report a functional liquid chip of Bactrian camel, CamelBell No. 1 SNP array, and conduct a comprehensive evaluation of the chip’s typing performance, with a view to providing tools and carriers for dairy Bactrian camels breeding.



Data availability statement

The data presented in the study are deposited in the SRA repository, accession number PRJNA1127254.



Ethics statement

The animal studies were approved by Inner Mongolia Agricultural University Laboratory Animal Welfare and Ethics Committee. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent was obtained from the owners for the participation of their animals in this study.



Author contributions

LG: Methodology, Visualization, Writing – original draft. LD: Writing – review & editing, Writing – original draft. BL: Software, Validation, Writing – review & editing. JW: Validation, Writing – review & editing. ZL: Formal analysis, Writing – review & editing. FM: Investigation, Writing – review & editing. BM: Data curation, Writing – review & editing. CC: Investigation, Writing – review & editing. YB: Data curation, Writing – review & editing. YG: Data curation, Writing – original draft. CS: Supervision, Writing – original draft. JC: Conceptualization, Project administration, Writing – review & editing. WZ: Conceptualization, Funding acquisition, Project administration, Resources, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work was supported by the Key Technology Research in Inner Mongolia Autonomous Region (No. 2019GG363), Major Special Projects of Inner Mongolia Autonomous Region (No. 2019ZD016), and the Technology Plan Project in Inner Mongolia Autonomous Region (No. 2021GG0087).



Acknowledgments

The authors are grateful for sampling assistance of Da Man, Yu Wang, Risu Na, Mingjuan Gu, and Lin Zhu.



Conflict of interest

BL was employed by Inner Mongolia Bionew Technology Co., Ltd.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fvets.2024.1359923/full#supplementary-material



Footnotes

1   https://www.ncbi.nlm.nih.gov/datasets/taxonomy/9837/

2   https://biit.cs.ut.ee/gprofiler/gost



References

 1. Althobaiti, NA, Raza, SHA, BinMowyna, MN, Aldawsari, RD, Abdelnour, SA, Abdel-Hamid, M , et al. The potential therapeutic role of camel milk exosomes. Ann Anim Sci. (2022) 23:353–62. doi: 10.2478/aoas-2022-0072

 2. Mustafa, AB, Faraz, A, and Bashari, M. Challenges of camel milk as superfood and health booster: a review. Emerg Challenges Agric Food Sci. (2023):37. doi: 10.9734/bpi/mono/978-81-19217-36-6/CH3

 3. Arain, MA, Khaskheli, GB, Shah, AH, Marghazani, IB, Barham, GS, Shah, QA , et al. Nutritional significance and promising therapeutic/medicinal application of camel milk as a functional food in human and animals: a comprehensive review. Anim Biotechnol. (2023) 34:1988–2005. doi: 10.1080/10495398.2022.2059490 

 4. Dalrymple, BP, Oddy, V, McEwan, JC, Kijas, J, Xiang, R, Bond, JJ , et al. (2015). From sheep SNP chips, genome sequences and transcriptomes via mechanisms to improved sheep breeding and management. Proceedings of the 21st Conference of the Association for the Advancement of Animal Breeding and Genetics (AAABG). Armidale: Association for the Advancement of Animal Breeding and Genetics. 21: 45–48.

 5. Carlton, VE, Ireland, JS, Useche, F, and Faham, M. Functional single nucleotide polymorphism-based association studies. Hum Genomics. (2006) 2:391–402. doi: 10.1186/1479-7364-2-6-391 

 6. Cirulli, ET, Singh, A, Shianna, KV, Ge, D, Smith, JP, Maia, JM , et al. Screening the human exome: a comparison of whole genome and whole transcriptome sequencing. Genome Biol. (2010) 11:R57. doi: 10.1186/gb-2010-11-5-r57 

 7. Farhadian, M, Rafat, SA, Mayack, C, and Bohlouli, M. Intra- and interspecies RNA-seq based variants in the lactation process of ruminants. Animals. (2022) 12:3592. doi: 10.3390/ani12243592

 8. Maroilley, T, Lemonnier, G, Lecardonnel, J, Esquerré, D, Ramayo-Caldas, Y, Mercat, MJ , et al. Deciphering the genetic regulation of peripheral blood transcriptome in pigs through expression genome-wide association study and allele-specific expression analysis. BMC Genomics. (2017) 18:1–19. doi: 10.1186/s12864-017-4354-6

 9. Bakhtiarizadeh, MR, and Alamouti, AA. RNA-seq based genetic variant discovery provides new insights into controlling fat deposition in the tail of sheep. Sci Rep. (2020) 10:13525. doi: 10.1038/s41598-020-70527-8 

 10. Salem, M, Vallejo, RL, Leeds, TD, Palti, Y, Liu, S, Sabbagh, A , et al. RNA-seq identifies SNP markers for growth traits in rainbow trout. PLoS One. (2012) 7:e36264. doi: 10.1371/journal.pone.0036264

 11. Pareek, CS, Błaszczyk, P, Dziuba, P, Czarnik, U, Fraser, L, Sobiech, P , et al. Single nucleotide polymorphism discovery in bovine liver using RNA-seq technology. PLoS One. (2017) 12:e0172687. doi: 10.1371/journal.pone.0172687 

 12. Dias, MM, Cánovas, A, Mantilla-Rojas, C, Riley, DG, Luna-Nevarez, P, Coleman, SJ , et al. SNP detection using RNA-sequences of candidate genes associated with puberty in cattle. Genet Mol Res. (2017) 16:gmr16019522. doi: 10.4238/gmr16019522 

 13. Cánovas, A, Rincon, G, Islas-Trejo, A, Wickramasinghe, S, and Medrano, JF. SNP discovery in the bovine milk transcriptome using RNA-seq technology. Mamm Genome. (2010) 21:592–8. doi: 10.1007/s00335-010-9297-z 

 14. Ahmad, SM, Bhat, B, Bhat, SA, Yaseen, M, Mir, S, Raza, M , et al. SNPs in mammary gland epithelial cells unraveling potential difference in milk production between Jersey and Kashmiri cattle using RNA sequencing. Front Genet. (2021) 12:666015. doi: 10.3389/fgene.2021.666015 

 15. Alkan, C, Coe, BP, and Eichler, EE. Genome structural variation discovery and genotyping. Nat Rev Genet. (2011) 12:363–76. doi: 10.1038/nrg2958 

 16. Steemers, FJ, and Gunderson, KL. Whole genome genotyping technologies on the BeadArray™ platform. Biotechnol J. (2007) 2:41–9. doi: 10.1002/biot.200600213 

 17. Guo, Z, Yang, Q, Huang, F, Zheng, H, Sang, Z, Xu, Y , et al. Development of high-resolution multiple-SNP arrays for genetic analyses and molecular breeding through genotyping by target sequencing and liquid chip. Plant Commun. (2021) 2:100230. doi: 10.1016/j.xplc.2021.100230 

 18. Mamanova, L, Coffey, AJ, Scott, CE, Kozarewa, I, Turner, EH, Kumar, A , et al. Target-enrichment strategies for next-generation sequencing. Nat Methods. (2010) 7:111–8. doi: 10.1038/nmeth.1419

 19. Chen, S, Zhou, Y, Chen, Y, and Gu, J. fastp: an ultra-fast all-in-one FASTQ preprocessor. Bioinformatics. (2018) 34:i884–90. doi: 10.1093/bioinformatics/bty560 

 20. Kim, D, Paggi, JM, Park, C, Bennett, C, and Salzberg, SL. Graph-based genome alignment and genotyping with HISAT2 and HISAT-genotype. Nat Biotechnol. (2019) 37:907–15. doi: 10.1038/s41587-019-0201-4 

 21. Danecek, P, Bonfield, JK, Liddle, J, Marshall, J, Ohan, V, Pollard, MO , et al. Twelve years of SAMtools and BCFtools. GigaScience. (2021) 10:giab008. doi: 10.1093/gigascience/giab008

 22. Purcell, S, Neale, B, Todd-Brown, K, Thomas, L, Ferreira, MAR, Bender, D , et al. PLINK: a tool set for whole-genome association and population-based linkage analyses. Am J Hum Genet. (2007) 81:559–75. doi: 10.1086/519795 

 23. Danecek, P, Auton, A, Abecasis, G, Albers, CA, Banks, E, DePristo, MA , et al. The variant call format and VCFtools. Bioinformatics. (2011) 27:2156–8. doi: 10.1093/bioinformatics/btr330 

 24. Hayes, B. Overview of statistical methods for genome-wide association studies (GWAS). Methods Mol Biol. (2013) 1019:149–69. doi: 10.1007/978-1-62703-447-0_6

 25. Wang, J, and Zhang, Z. GAPIT version 3: boosting power and accuracy for genomic association and prediction. Genomics Proteomics Bioinformatics. (2021) 19:629–40. doi: 10.1016/j.gpb.2021.08.005

 26. Raudvere, U, Kolberg, L, Kuzmin, I, Arak, T, Adler, P, Peterson, H , et al. g:Profiler: a web server for functional enrichment analysis and conversions of gene lists (2019 update). Nucleic Acids Res. (2019) 47:W191–8. doi: 10.1093/nar/gkz369 

 27. Xu, Y, Yang, Q, Zheng, H, Sang, Z, Guo, Z, Peng, H , et al. Genotyping by target sequencing (GBTS) and its applications. Sci Agric Sin. (2020) 53:2983–3004. doi: 10.3864/j.issn.0578-1752.2020.15.001

 28. Sekine, D, Oku, S, Nunome, T, Hirakawa, H, Tsujimura, M, Terachi, T , et al. Development of a genome-wide marker design workflow for onions and its application in target amplicon sequencing-based genotyping. DNA Res. (2022) 29:dsac020. doi: 10.1093/dnares/dsac020

 29. Wingett, SW, and Andrews, S. FastQ screen: a tool for multi-genome mapping and quality control. F1000Res. (2018) 7:1338. doi: 10.12688/f1000research.15931.1

 30. Bolger, AM, Lohse, M, and Usadel, B. Trimmomatic: a flexible trimmer for Illumina sequence data. Bioinformatics. (2014) 30:2114–20. doi: 10.1093/bioinformatics/btu170 

 31. Li, H, and Durbin, R. Fast and accurate short read alignment with burrows-wheeler transform. Bioinformatics. (2009) 25:1754–60. doi: 10.1093/bioinformatics/btp324 

 32. Alexander, DH, and Lange, K. Enhancements to the ADMIXTURE algorithm for individual ancestry estimation. BMC Bioinformatics. (2011) 12:246. doi: 10.1186/1471-2105-12-246 

 33. Yin, L, Zhang, H, Tang, Z, Yin, D, Fu, Y, Yuan, X , et al. HIBLUP: an integration of statistical models on the BLUP framework for efficient genetic evaluation using big genomic data. Nucleic Acids Res. (2023) 51:3501–12. doi: 10.1093/nar/gkad074 

 34. Su, G, Guldbrandtsen, B, Gregersen, VR, and Lund, MS. Preliminary investigation on reliability of genomic estimated breeding values in the Danish Holstein population. J Dairy Sci. (2010) 93:1175–83. doi: 10.3168/jds.2009-2192 

 35. Schunter, C, Garza, JC, Macpherson, E, and Pascual, M. SNP development from RNA-seq data in a nonmodel fish: how many individuals are needed for accurate allele frequency prediction? Mol Ecol Resour. (2014) 14:157–65. doi: 10.1111/1755-0998.12155 

 36. Barshis, DJ, Ladner, JT, Oliver, TA, Seneca, FO, Traylor-Knowles, N, and Palumbi, SR. Genomic basis for coral resilience to climate change. Proc Natl Acad Sci USA. (2013) 110:1387–92. doi: 10.1073/pnas.1210224110 

 37. Al-Tobasei, R, Ali, A, Leeds, TD, Liu, S, Palti, Y, Kenney, B , et al. Identification of SNPs associated with muscle yield and quality traits using allelic-imbalance analyses of pooled RNA-seq samples in rainbow trout. BMC Genomics. (2017) 18:582. doi: 10.1186/s12864-017-3992-z 

 38. Juárez, OE, Escobedo-Fregoso, C, Arredondo-Espinoza, R, and Ibarra, AM. Development of SNP markers for identification of thermo-resistant families of the Pacific oyster Crassostrea gigas based on RNA-seq. Aquaculture. (2021) 539:736618. doi: 10.1016/j.aquaculture.2021.736618

 39. Chen, M, Pan, D, Ren, H, Fu, J, Li, J, Su, G , et al. Identification of selective sweeps reveals divergent selection between Chinese Holstein and Simmental cattle populations. Genet Sel Evol. (2016) 48:76. doi: 10.1186/s12711-016-0254-5 

 40. De Villemereuil, P, and Gaggiotti, OE. A new FST-based method to uncover local adaptation using environmental variables. Methods Ecol Evol. (2015) 6:1248–58. doi: 10.1111/2041-210X.12418

 41. Korte, A, and Farlow, A. The advantages and limitations of trait analysis with GWAS: a review. Plant Methods. (2013) 9:29–9. doi: 10.1186/1746-4811-9-29

 42. Gòdia, M, Reverter, A, González-Prendes, R, Ramayo-Caldas, Y, Castelló, A, Rodríguez-Gil, JE , et al. A systems biology framework integrating GWAS and RNA-seq to shed light on the molecular basis of sperm quality in swine. Genet Sel Evol. (2020) 52:72. doi: 10.1186/s12711-020-00592-0 

 43. Guo, Z, Wang, H, Tao, J, Ren, Y, Xu, C, Wu, K , et al. Development of multiple SNP marker panels affordable to breeders through genotyping by target sequencing (GBTS) in maize. Mol Breed. (2019) 39:37. doi: 10.1007/s11032-019-0940-4

 44. Dioli, M. Dromedary (Camelus dromedarius) and Bactrian camel (Camelus bactrianus) crossbreeding husbandry practices in Turkey and Kazakhstan: an in-depth review. Pastoralism. (2020) 10:1–20. doi: 10.1186/s13570-020-0159-3

 45. Almutairi, SE, Boujenane, I, Musaad, A, and Awad-Acharari, F. Genetic and nongenetic effects for milk yield and growth traits in Saudi camels. Trop Anim Health Prod. (2010) 42:1845–53. doi: 10.1007/s11250-010-9647-6 

 46. Ramadan, S, and Inoue-Murayama, M. Advances in camel genomics and their applications: a review. J Anim Genet. (2017) 45:49–58. doi: 10.5924/abgri.45.49

 47. Welper, RD, and Freeman, AE. Genetic parameters for yield traits of Holsteins, including lactose and somatic cell score. J Dairy Sci. (1992) 75:1342–8. doi: 10.3168/jds.S0022-0302(92)77885-0 

 48. Jarquin, D, Specht, J, and Lorenz, A. Prospects of genomic prediction in the USDA soybean germplasm collection: historical data creates robust models for enhancing selection of accessions. G3. (2016) 6:2329–41. doi: 10.1534/g3.116.031443


Copyright
 © 2024 Guo, Dao, Liu, Wang, Liu, Ma, Morigen, Chang, Bai, Guo, Shi, Cao and Zhang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fvets-11-1359923-t002.jpg
Milk High milk Low milk p-value

component yield group yield group

Milk yield, kg/day 2284010 0564018 <001
Milk protein, % 3674006 375015 079
Milk lactose, % 5054014 5064032 095

Milk fat, % 5.8040.58 5964033 056





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Development and application of a 1K functional liquid chip for lactation performance in Bactrian camels



		1 Introduction



		2 Methods



		2.1 Samples collection



		2.2 RNA extraction and sequencing



		2.3 SNP detection and selection



		2.4 Development of the SNP panel



		2.4.1 SNP identification with camel milk traits



		2.4.2 Variants annotation and enrichment analysis



		2.4.3 Design and synthesis of the liquid chip



		2.4.4 DNA extraction and library construction









		2.5 SNP array performance evaluation



		2.6 Analysis of genetic diversity and population structure



		2.7 Genomic prediction









		3 Results



		3.1 Variant calling from transcribed region sequences



		3.2 Identification of SNPs associated with milk traits



		3.3 SNPs for the “CamelBell No. 1” array



		3.4 Genotyping performance of SNP array



		3.5 Genetic diversity of the core breeding populations



		3.6 The prediction accuracy of CamelBell No. 1 SNP array









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Supplementary material



		Footnotes



		References



















OPS/images/fvets-11-1359923-t001.jpg
Groups
HMY
My
HMP
Lvp
HML
LML
HME
LMF

Traits
milk yield (kg)
Low milk yield (kg)

High milk protein (%)

Low milk protein (%)

High milk lactose (%)

Low milk lactose (%)
High milk fat (%)

Low milk fat (%)

Sample size

Meai

228

056

411

282

557

373

838

249

Min

205

032

401

225

545

304

7.53

104

Max

270
081
426
333
584
419
10.00

358

SD
010
018
0.08
029
014
031
084

0.95





OPS/images/fvets-11-1359923-t004.jpg
Milk High milk Low milk  p-value

component lactose lactose

group group
Milk yield, kg/day 129040 1445047 049
Milk protein, % 4034001 2964012 <001
Milk lactose, % 5574014 3734031 <001

Milk fat, % 5024177 496+ 0.80 083





OPS/images/fvets-11-1359923-t003.jpg
Milk High milk Low milk p-value

component protein protein

group group
Milk yield, kg/day 108.+0.64 1160083 075
Milk protein, % 4114008 2824029 <0.01
Milk lactose, % 5534002 4594021 <0.01

Milk fat, % 5074027 4764023 025





OPS/images/fvets-11-1359923-g007.jpg
Prediction Accuracies

e eveey

e

i






OPS/images/fvets-11-1359923-g006.jpg
Minor Allele Frequency Distribution of Polymorphic SNPs

i

Samplsio
o o
™
o w
° nar

Breec

s 03 o5
Minor Aleie Frequency (MAF)

Mwum
Wmlmmm

et AP ™ AR P
. KT
boigapoel oo Ll b
e T, T Dy ST
..,...um".'l' A A 1.. B TR

Py er———





OPS/images/cover.jpg
& frontiers | Frontiers in Veterinary Science

Development and application of a
1K functional liquid chip for
lactation performance in Bactrian
camels












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
, frontiers Frontiers in Veterinary Science






OPS/images/fvets-11-1359923-g001.jpg
125 blood samples in lactating Bactrian camel

RNA Sequencing

SNP Detection

Fastp: assess the quality of sequence reads
Hisat2: Alignment to Bacirian camel reference genome.
BCFtools: variant caling

PLINK and VCFtools. SNP quliy fiter

SNP Selection
EWSS GWAS
VCFtools (Fy; analysis)
High milk yield group VS Low milk yield group GAPIT (R package)
High mik protein group VS Low ik profein group 125 lactating Bacrian camels with four mik traits
High milk lactose group VS Low milk lactose group

High milk fat group VS Low milk fat group.

I

Functional SNP sites
| cBTS

Bactrian camel 1K Functional Liquid SNP Chip

Population Verification

398 Bactian camels from six key breeding areas in China.






OPS/images/fvets-11-1359923-g002.jpg
ol ik Vit SingeLcus Ft.

Come ik Prten SingeLocus ot

Comet Wik Ft Singlocus Fot






OPS/images/fvets-11-1359923-e003.jpg





OPS/images/fvets-11-1359923-e004.jpg





OPS/images/fvets-11-1359923-g005.jpg
——

i

amww

| >

ssssssssssss

-
a .
Z.
E;
i
===






OPS/images/fvets-11-1359923-g003.jpg
MilkLactose
g






OPS/images/fvets-11-1359923-g004.jpg
Expected ~logua(p)

immune system process
organonitrogen compound melabolic process
regulation of metabolic process
vesicle-mediated ransport

positive regulation of biological process
protein metabolic process

establishment of localization in cell

catabolic process

cell actvation

organelle organization

cytoplasm

structure

Intraceliuar anatomical
intracelluar membrane-bounded organelle
‘endomembrane system
memorane-bounded organelle

cytosol

nucieoplasm
intracelilar organelle

organelle

Intracelliar protein-containing complex
protein binding

caaiytic activity

enzyme binding

igentical protein binding

Term Name

ydrolase activy, acting on acid anfydrides
PD~1 checkpoint pathway in cancer
Natural kiler coll medialed cytotoxicity
 cell receptor signaling pathway

Fc epsilon R signaling pathway
AMPK signaling pathway

PI3K-Axt signaiing pathway

mTOR signaling pathway

JAK-STAT signaling pathway

CAMP signaling patfiway

Calcium signaiing pathway

Wik yiens ik i wik o

.
S
.
H
°
)
.
¢
‘ -log10(Adjusted P-value)
°
L = -
L]
‘ 10
.
‘ °
% Intersection Size
— ®
. @ <0
o L
.

005 o010 015 020 025 030
Gene Ratio





OPS/images/fvets-11-1359923-e001.jpg
y=lp+ XB+Zu+e





OPS/images/fvets-11-1359923-e002.jpg





OPS/images/fvets-11-1359923-t005.jpg
Milk High milk Low milk  p-value

component yield group  yield group

Milk yield, kg/day 1124020 141046 012
Milk protein, % 3984002 3514014 064
Milk lactose, % 5444003 4834031 037
Milk fat, % 838084 249095 <001

Values are presented as mean + standard deviation (SD).





