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Editorial on the Research Topic 
Phenotypic characterization, genetics and genomics of livestock in low input systems



This Research Topic includes a collection of research papers that highlighted various genetic aspects of indigenous breeds in different countries around the globe. The topic discussed the recent advances, current challenges and latest developments in phenotypic characterization and genetics and genomics of livestock in low input production systems. The research conducted varied from Genome Wide Association Studies (GWAS) and selection signatures to estimation of genetic parameters and heritability to genetic background and genetic diversity of indigenous breeds.
The first manuscript by Sutera et al., implemented a GWAS based on DEBV to identify genomic regions putatively associated with mastitis using somatic cells count (SCC) as a proxy. Their research, which was carried out in local Valle del Belice sheep, highlighted eight genomic markers associated with somatic cell score that harboured candidate genes related to udder conformation and the immune system. These finding could prove very useful for the fate of this and other sheep breeds in the Mediterranean basin countries as the dairy sheep production there usually relies on well adapted local breeds. Another manuscript implementing GWAS was by Mancin et al. who implemented a single step GWAS to analyse Beef Traits in Local Alpine Breed. Their study revealed the diversity of the pathways and some novel genes impacting a number of beef traits. The discovery of these new pathways and genes shows the importance of genetic research in local breeds which can expand to global livestock populations. Habimana et al. conducted a GWAS to study of growth performance and immune response to Newcastle disease virus of indigenous chicken in Rwanda. Their results showed several genes implicated in body weight and New Castle disease antibody variation.
An alternative approach to gene discovery is using a candidate gene approach in which a number of selected genes are selected and genotyped in a population of interest. Verma et al. implemented this approach to discover a panel of 10 reference genes in Indian cattle populations adapted to hot arid normoxia and cold arid hypoxia environments. All together, the previous studies open the door for the discovery of causative genes that could be utilized in selection programs in these local breeds in future.
Searching for Selection Signatures is another method for discovery of genes impacting traits of interest. Unlike GWAS, it relies on discovery of regions at which nucleotide variations is reduced due to the rise of a new beneficial mutation. The research article by Serranito et al. was on searching for Selection Signatures Related to Trypanosomosis Tolerance in African Goats. Trypanosomosis is a parasite that greatly impacts various livestock species including camels, cattle, sheep and goats with very little research focusing on it in goats. Therefore, examining selection signatures of innate immunity to it is of vital importance to goat production in Africa. The researchers found 33 selection signatures, 18 of which overlapped previously published research. Such findings are crucial for goat production as they could eventually lead to discovery of genes/allelic combinations of major role on immunity to trypanosome infections in goats. Another attempt to search for selection signatures and genes responsible for trypanotolerence was made by (Yougbaré et al.). In this article, the researchers reported several genes potentially involved in tolerance to trypansoma resistance in the Baoulé x Zebu crossbred cattle in Burkina Faso. In addition to the two previous articles, the selection signatures in West African indigenous cattle of Benin was investigated by (Vanvanhossou et al.). In this study, the results unraveled some genes related to production/economic traits in hybrid Beninese cattle and genes related to immunity and feed efficiency in local Somba cattle.
A key element of this article collection is research in genetic improvement of local breeds in low input systems. Such improvement is the corner stone of future utilization of these breeds and can help complement their adaptation traits with production traits of interest. The first step to any genetic improvement program is the estimation of genetic parameters of the traits to be improved by the program. Two articles in this article collection discussed genetic parameters estimation in low input systems breeds. The first article discussed the estimation of genetic parameters of type traits in first parity Slovenian Cika cows using a generalized linear model procedure (Simčič et al.). In this article, the authors reported medium to high heritabilities for body frame and autochthonous traits and low to medium heritabilities for scored udder traits. These heritabilities are already in use in the prediction of breeding values in Cika cattle which is exemplary for other breeds in other low input systems. The second article was by Hako Touko et al. in which the authors estimated the heritabilities of antibody response to Newcastle disease vaccination impacting local chicken in Cameron. Due to the lack of a large sample size or pedigree data (common to low input systems), the authors used three alternative methods to estimate heritabilities. The first was the breeder’s equation method, the second method was the graphical method and the third was the full-sib/half-sib method. The authors reported low but similar estimates of antibody response to vaccination and a very low estimate of heritability for survival. Nevertheless, the authors reported a significant increase in antibody response when crossing cocks and hens under 1% and 3% selection intensity respectively.
A number of articles in this collection have explored the genetic and phenotypic background of local breeds including (Alaqeely et al. and Samaraweera et al.). In the former, the authors analysed the sequence variation in the mtDNA control region of Dromedary Camels. Their results showed that small genetic differences exist between camel types. They reported two haplogroups shared between almost all dromedary camels with one of them being more common in African dromedary camels. In addition, in order to better characterize camel populations, the authors advise future researchers to use WGS or SNP data which is the same advise provided by Piro. In the later article, the authors reported high genetic diversity but absence of population structure in local chickens of Sri Lanka using Microsatellite Markers. In contrast to the findings reported in the previous article, this research showed high genetic diversity in Sri Lanka’s local chicken breeds which translates to a large potential for the development of locally adapted genetically improved chicken breeds. On the other hand, Kebede et al. used Species distribution models (SDMs) and Phenotypic distribution models (PDMs) to phenotypically characterize the relationship between environmental variation and phenotypic differentiation in Ethiopian indigenous chicken. Their results identified three major ecotypes that show phenotypic differentiation in addition to nine major environmental variables conducive to habitat suitability. In another study, Ouhrouch et al. used Whole Genome Sequencing (WGS) data on 87 sheep to study the genetic uniqueness Moroccan sheep belonging to the five major sheep breeds. Their study assessed the genetic diversity, effective population size, population structure and relationships between the breeds. In addition, they were able to find interesting intra-breed selection signatures. Their study showed that the Morocan breeds are not highly genetically differentiated but that they harbor high genetic diversity and effective population size which makes them a suitable reservoir for the development of adaptive traits against the threats of climate change. The study by Babigumira et al. aimed at characterizing the genetic ancestry and inbreeding levels in the local a population of smallholder pigs in Uganda using 422 pigs. The authors used porcine GeneSeek Genomic Profiler (GGP) 50 K SNP Chip to infer the genetic ancestry as well as inbreeding levels. The study showed a relatively low inbreeding in the breed and revealed a genetic background of the breed that is a mix of old British and modern pig ancestries. Pig production, which is managed mostly through low input systems, is one of the main sources of income for African small holder producers.
The findings in the previous research articles highlight the importance of preserving local breeds for their notable adaptation to various vector borne diseases. Furthermore, identification of genetic regions/genes can help integrate them from genomes of local lower-production breeds to genomes of other breeds with higher production abilities. Therefore, this article collection will serve as a stepping stone towards the characterization, development and genetic improvement of numerous livestock in low input systems.
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In the Mediterranean basin countries, the dairy sheep production is usually based on local breeds, which are very well-adapted to their production systems and environments and can indeed guarantee income, employment, and economic viability in areas where production alternatives are scarce or non-existent. Mastitis is still one of the greatest problems affecting commercial milk production. However, genetic evaluation of mastitis is particularly difficult because of its low heritability and the categorical nature of the trait. The aim of this study was to identify genomic regions putatively associated with somatic cells count (SCC) in the local economically important Valle del Belice sheep breed using of deregressed breeding values (DEBV) as response variables. All the samples were genotyped using the Illumina OvineSNP50K BeadChip. Genome-wide association analysis was carried out based on regression of DEBV. A total of eight markers were found to be significantly associated with log-transformed SCC. Several candidate genes associated with SCC were identified related to immunity system and udder conformation. The results can help improving the competitiveness of the local Valle del Belìce breed. Further studies considering a higher sample size or independent population will be needed to confirm our results.

Keywords: mastitis, local dairy sheep, GWAS, SNPs arrays, candidate genes


INTRODUCTION

In the Mediterranean basin countries, the dairy sheep production is usually based on local breeds, which are very well-adapted to their production systems and environments and can indeed guarantee income, employment, and economic viability in areas where production alternatives are scarce or non-existent. Mastitis is the most important problem for the milk industry due to the decrease quality of milk and increased cost of flock regeneration due to early culling of ewes. It can be induced, for example, by a lack of hygiene, by pushed manual milking or feed disorder. In dairy sheep, generally, the most important agents involved in mastitis are the bacterial infections, and the most frequently isolated pathogens are coagulase-negative staphylococci (CNS) that are present on and around the udder skin (Leitner et al., 2008) with a different pathogenicity, causing clinical, and subclinical mastitis (Contreras et al., 2007; Riggio and Portolano, 2015). The udder infection determines the increase of the somatic cell count (SCC) in milk (Raynal-Ljutovac et al., 2007; Leitner et al., 2008) that causes significant damage of curd and cheese yields. Since the heritability of mastitis is low, genetic selection to improve mastitis by traditional selection is not very effective. SCC or log transformed SCC (i.e., somatic cell score, SCS) have relatively higher heritability compared to mastitis and is used as the first trait to improve mastitis resistance (Shook and Schutz, 1994). Kelly et al. (2000) found that an elevated SCC can alter the protein fractions distribution; decrease casein and lactose levels in milk; increase rennet clotting time, cheese moisture, and losses of fat and proteins in whey, and reduce curd firmness and cheese yielding. A study conducted by Sutera et al. (2018) confirmed that high levels of SCC in sheep milk are associated with milk yield losses and variations of fat and protein percentages. The estimated losses in milk yield ranged from 883 g for SCC ≤ 2,000 × 103 to 1,052 g for SCC ≤ 500 × 103 with an overall decrease of 16%, whereas fat and protein percentages increased to 0.06 and 0.29%, respectively. The negative effects of mastitis are provoked by a combination of animal characteristics (age, lactation stage, etc.), genetic (breed, inbreeding, etc.) and environmental factors (season, management, etc.) (Oget et al., 2019). Therefore, different individuals may have a different susceptibility to the disease, depending on their genetic heritage. In fact, there are several studies about the mastitis in dairy sheep confirming a genetic basis for mastitis resistance (Tolone et al., 2013; Oget et al., 2019), but no assumption had been made about the genes and the relative mechanisms.

The emergence of high-throughput genotyping technologies allowed routine genome-wide association studies (GWAS) to be performed in livestock populations. GWAS allows screening of the genome utilizing a large number of genetic markers spread across the entire genome to detect genetic variants associated with a particular disease or trait. The estimated breeding values (EBVs) were generally used to perform the GWAS. As an alternative, the EBVs can be “deregressed” (Garrick et al., 2009; Ostersen et al., 2011) to standardize the variance and influence of the individuals’ EBVs while still accounting for information from relatives. The use of deregressed EBVs (DEBVs) as dependent variables can improve the power of GWAS (Sell-Kubiak et al., 2015; Sevillano et al., 2015). An advantage of GWAS is that we can overcome the candidate gene approach through which sometimes significant results were not obtained due to the wrong or incomplete choice of candidate genes. In the last decades, several GWASs were conducted in sheep for milk production related traits (Sutera et al., 2019; Li et al., 2020), for fatty acids profile (Rovadoscki et al., 2018), for body weight (Ghasemi et al., 2019; Tao et al., 2020), for wool production (Wang et al., 2014), for nematode resistance (Becker et al., 2020) and ovine lentivirus resistance (White et al., 2012). To date, few GWASs have been conducted for SCC or SCS in dairy sheep (Oget et al., 2019), especially in local adapted breeds.

In Sicily, dairy sheep production represents an important resource for the local economy, and the Valle del Belice is the main local breed reared on the island for the production of traditional raw milk cheeses, at farm level by small local dairies. The breed is subjected to limited breeding selection programs for milk production traits, but shows excellent adaptability to local environments, sometimes with harsh conditions (Mastrangelo et al., 2017). Therefore, the aim of this study was to identify the genomic regions putatively associated with SCC in Valle del Belice sheep breed using of DEBVs as response variables.



MATERIALS AND METHODS


Data and Estimation of Breeding Value

Between 2006 and 2016 the University of Palermo collected phenotypic data from 15 Valle del Belìce flocks, for a total of 1,813 individuals. The milk samples were collected aseptically from each individual from the two udder halves in sterile containers following an A4 recording procedure (ICAR, 2014), stored at 4°C and transferred to the laboratory to determine daily SCC using Fossomatic 6000 (Foss Electric Hillerød, Denmark) equipment. The phenotypic data set originated by these sampling works was composed of 15,008 observations. Animals with less than 3 test-day measurements within lactation were discarded. For each individual the following information were registered: order of parity, number of born lambs, lactation days, age, birth season and somatic cell count. Birth season was classified in three classes: 1 if the lambing was from August to November; 2 from December to March; 3 from April to July. SCC was normalized through a logarithmic transformation into somatic cell score (SCS) according to the formula of Ali and Shook (1980):

[image: image]

Preliminary analyses using the general linear model of ASReml R (Butler et al., 2009) were performed to determine the significance of the fixed effects where the Wald tests are implemented in the form of the ANOVA method. A single trait repeatability test day (TD) animal model was performed to estimate the breeding values (EBV) as follows:
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where y is the observation vector for SCS TD; β is the vector of fixed effects that includes order of parity (op: 4 classes), age at first lambing (age: 4 classes, 1 when first lambing occurred at 10–14 months of age, 2 at 15–19 months of age, 3 at 20–24 months of age, and 4 at 25–29 months of age); birth season (bs: 3 classes), interaction between herd and birth season (hbs: 74 classes) and days of lactation (dim) modeled with a Legendre polynomial of order three. Htd is the vector of interaction between herd and test day random effect; a is the vector of direct additive genetic effects (breeding values); pe is the vectors of permanent environmental effect between lactations; e is the residual vector. X and Z are the corresponding incidence matrices relating records to fixed, animal, and permanent environmental between lactations effects, respectively. The pedigree file included 5,534 animals with 178 sires and 2,548 dams. The assumptions regarding the components of the model were:
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and [image: image]; [image: image]; [image: image]; [image: image] where A is the numerator relationship matrix based on pedigree and I are the identity matrix with orders equal to numbers of dams for htd and pe effects and equal to the records for residuals e. Variance components and breeding values for SCS were estimated based on REML method using ASReml R (Butler et al., 2009). In addition, EBVs were also deregressed according to Garrick et al. (2009) as follows:

[image: image]

where, EBV is the estimated breeding value and r2 is the reliability of that EBV.



Blood Sampling and DNA Extraction

A total of 476 sheep of Valle del Belice breed were sampled. About 10 mL of blood was collected from the jugular vein using vacutainer tubes containing EDTA as anticoagulant. The procedures involving animal sample collection followed the recommendation of directive 2010/63/EU. Sampling was carried out by trained veterinarians within the frame of vaccination Campaigns, hence no permission from the animal research ethics committee was necessary. Veterinarians adhered to standard procedures and relevant national guidelines to ensure appropriate animal care. Genomic DNA was extracted from each blood sample with a salting-out method (Miller et al., 1988). The DNA sample was quantified with a NanoDropND-1000 spectrophotometer (NanoDropTechnologies, Wilmington, DE, United States), diluted to a final concentration of 50 ng/mL (as required by the Illumina Infinium protocol), and stored at 4°C until use.



Genotyping and Quality Control

All the samples were genotyped using the Illumina OvineSNP50K BeadChip v2. Position and chromosomal coordinates for each SNP were obtained from the ovine genome sequence assembly (Oar 4.0)1. Quality control and association analyses were performed using GenABEL package (Aulchenko et al., 2007) in R environment2. Only SNPs located on autosomes were extracted and considered for further analyses. Animals and markers that fulfilled the following criteria were kept in the analysis: (i) call rate per individuals and per SNPs > 95%; (ii) minor allele frequency > 2%; (iii) no extreme deviation from Hardy-Weinberg equilibrium (P < 10–6).



GWAS Analyses

Genome-wide association analysis was carried out based on regression of DEBV with the genotypes of animals for one SNP at a time. We used the three-step approach referred to as genomic GRAMMAR-GC (Amin et al., 2007; Aulchenko et al., 2007). The advantage of this approach, especially in livestock, is that it accounts for cryptic population structure caused by the presence of closely related animals (Aulchenko et al., 2007) inferring relationships through genomic marker data. After Bonferroni correction, significant thresholds were P < 1.34 × 10–6 for genome-wide (P < 0.05) and P < 2.69 × 10–5 for suggestive (P < 0.10) (i.e., one false positive for genome scan), corresponding to −log10(P) equal to 5.87 and 4.56, respectively. Quantile-quantile (Q-Q) plots were used to analyze the extent to which the observed distribution of the statistic test followed the expected (null) distribution, in order to assess potential systematic bias due to population structure or analytical approach. Population substructure was explored using classical multidimensional scaling (MDS) in order to verify the genetic homogeneity of the sample before analysis using PLINK v1.9 (Purcell et al., 2007). The least square means of DEBV for the three genotypes affecting somatic cell count of significant SNP were also calculated by a general linear model (GLM) using R package lsmeans (Lenth and Lenth, 2018) and the significant threshold was set at P < 0.05.



Annotation

Genomic regions showing significant results were further explored to identify candidate genes underlying the loci. In particular, the gene contents located at ±250 kb distances from the significant SNP were annotated using Genome Data Viewer genome browser at the National Center for Biotechnology Information Database3. The presence of Quantitative Traits Loci (QTLs)4 related with the considered trait was also checked. Finally, to investigate the biological function and the phenotypes that are known to be affected by each annotated gene, we conducted a comprehensive literature search, including information from other species.



RESULTS


Genetic Parameters and Estimated Breeding Values

Descriptive statistics and genetic merit for SCS in the sampled animals are presented in Table 1. About 15,000 TD observations for SCS were considered to estimate EBVs then, the DEBVs of 5,534 individuals were estimated. Heritability and repeatability estimates for SCS in the studied population were 0.045 (standard error = 0.02) and 0.40 (standard error = 0.01), respectively.


TABLE 1. Descriptive statistics for somatic cell score.

[image: Table 1]


Quality Control for Genotyping Data

Among the 54,241 SNPs, 7,414 SNPs are located on sex chromosomes and thus were withdrawn from the analysis. A total of 3,999 SNPs were removed due to genotype rate <0.05, 2,037 SNPs due to minor allele frequency < 0.02 and 3,651 SNP due to Hardy-Weinberg disequilibrium (P < 10–6). Moreover, 12 individuals were also excluded for a low (<95%) call rate. Then, after quality control, we considered a total of 37,140 SNPs and 464 individuals for further analyses.



Genome-Wide Association Analyses

In total we detected eight significant SNPs for SCS, and among these, only one marker reached the genome-wide significant threshold (P < 4.72 × 10–7). The details of these SNPs including P-values, the positions on Ovis aries v4.0 genome assembly, the chromosomes and the closest known genes are given in Table 2. Manhattan plot, showing the profiles of the P-values [in terms of –log(P)] of all tested SNPs, is showed in Figure 1. The QQ-plot in Supplementary Figure S1 shows the observed and expected P-values of the GWAS for SCS. The genomic inflation factor (lambda) was lower than one indicating some population stratification. However, departure from this line is also expected for a really polygenic trait, as many causal SNPs may not yet have reached genome-wide significance owing to a lack of power (Power et al., 2017). The results for the MDS showed that the bulk of the samples were not separated by the first dimension, indicating a lack of substructure (Supplementary Figure S2). The eight SNPs were located on five different chromosomes: three SNPs on OAR1, one SNP on OAR3, one SNP on OAR7, two SNPs on OAR8 and one SNP on OAR10. Considering the range of ±250 kb surrounding each significant SNP, a total of 34 genes (Table 2) were found. The most significant SNP (rs161717499) was located within the coding region of the Stress Associated Endoplasmic Reticulum Protein 1 (SERP1) gene on OAR1.


TABLE 2. Single nucleotide polymorphisms (SNPs) significantly associated with somatic cell score at genome-wide (P < 1.34 × 10–6) and suggestive (P < 2.69 × 10–5) thresholds.
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FIGURE 1. Genome-wide plot of −log10(P-values) for association of SNPs with somatic cell score. Blue and red lines represent suggestive [−log10(P-values) > 4.57] and genome-wide thresholds [−log10(P-values) > 5.87], respectively.


For each of the eight significant SNPs, we calculated the LSM of the DEBV for the three genotypes affecting the trait to investigate their genetic contribution (Figure 2). Five out of the eight above reported SNPs (rs401598547, rs403091159, rs161717499, rs422960374, rs426621433) reached the significance threshold (P < 0.05). Individuals with homozygous genotypes GG for rs401598547, CC for rs161717499 and AA for rs403091159, rs422960374, and rs426621433, showed lower somatic cells content among all three genotypes (Figure 2). After checking on SheepQTLdb tool, no one of the eight detected SNPs was located within a known QTLs related at SCS or mastitis.
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FIGURE 2. Least squares means (at 95% CI) of DEBV for the three genotypes affecting the trait of significant SNP detected from GWAS study.




DISCUSSION

Mastitis is still one of the greatest problems affecting commercial milk production. However genetic evaluation of mastitis is particularly difficult because of the low heritability and the categorical nature of the trait. As a consequence, SCC has been promoted as an indirect method of predicting mammary infections due to the positive correlation between these two traits (Boettcher, 2005). It is worth to mention that collecting information on SCC is easier, cheaper, and less time demanding for farmers compared to use bacteriological status as direct measure of mastitis (Riggio, 2012). In this study we estimated the breeding value for SCS and identified the genomic regions putatively involved in mastitis resistance in the local economically important Valle del Belice dairy sheep breed.

The mean SCS (Table 1) was lower than those reported in previous studies (Riggio et al., 2010; Tolone et al., 2013) in the same breed, and by Ariznabarreta et al. (2002) in Churra sheep and Leitner et al. (2003) in Isaraeli-Assaf and Awassi sheep. These differences in SCS in the Valle del Belice breed were due to different sampled population. The heritability estimate for SCS in this study falls within the range (0.04–0.16) reported in literature for sheep (e.g., Barillet et al., 2001; Hamann et al., 2004; Tolone et al., 2013).

In this study, DEBVs of the SCS were used as trait scores for the association analysis. The estimated breeding values (EBVs) were generally used (like as pseudo-phenotypes) to perform the GWAS. Although EBVs have been used as dependent variables in GWAS (Johnston et al., 2011; Becker et al., 2013), this approach gave high false positive rate (Ekine et al., 2014). Consequences of using EBVs include varying levels of precision and “shrinkage effect” among the values used to represent phenotypes of different individuals, a reduction in the sample variance of the phenotypes, and double-counting of information from relatives (Garrick et al., 2009; Ostersen et al., 2011). The DEBV make good use of available information from genotyped animals as well as from their relatives, which can appropriately avoid bias introduced by simply pooling or averaging data information and account for heterogeneous variance (Garrick et al., 2009).

A total of eight SNPs were found to be significantly associated with SCS in Valle del Belice sheep. For five significant SNPs, results suggested that individuals with the GG genotypes at rs401598547, CC at rs161717499, and AA at rs403091159, rs422960374, and rs426621433, could be selected to reduce the somatic cells content in milk, although these genotypes had a low frequency in the breed. The lack of selection pressure in Valle del Belice dairy sheep may also contribute to the low frequency of the favorable alleles and genotypes. Therefore, the effect of these alleles for somatic cells content trait should be verified in a larger population or by testing them in an independent sample.

The most significant SNP associated with SCS was located in the intronic region of SERP1. This gene encodes the stress-associated endoplasmic reticulum protein 1 and was associated with immune system (Moravčíková et al., 2018). Another relevant gene close to the most significant SNP was SIAH2, involved to apoptosis and programmed cell death (Crisà et al., 2016). On the same chromosome, the other two markers were close to NEGR1, a gene involved with medium white blood cell count (a leukocyte trait) in Yak (Ma et al., 2019), LRRIQ3 related to the innate immune system upon recognition of pathogens (Pablo-Maiso et al., 2018) and FPGT, which is part of the L-fucose pathway, a key sugar in complex carbohydrates involved in cell-to-cell recognition, inflammation, and immune processes (Becker and Lowe, 2003). As above reported, mastitis is a persistent, inflammatory response of mammary tissue attributed to intramammary invasion of a mastitis-causing pathogen. Therefore, according to their role and function, these aforementioned genes can be considered as candidate involved in mastitis resistance and SCS. The SNP rs422960374 on OAR03, was close (∼70 Kb) to the FAM49A gene. Marete et al. (2018), in a GWAS for milking speed in French Holstein cows, reported the FAM49A as candidate gene for this trait. This gene was also associated to rear udder height in Holstein cattle (Gonzalez et al., 2020). The genetic correlation between the SCS and udder attachment in sheep was observed by Casu et al. (2010); De la Fuente et al. (1996) reported the indirect selection for subclinical mastitis resistance due to the inclusion of udder morphology traits in selection objectives. Moreover, Gutiérrez-Gil et al. (2018) suggested that sheep with udders and high degree of suspension or shallow udders close to the abdominal wall should be associated to lower SCS. Despite specific functions of this gene are not known yet, all the aforementioned aspects suggested a possible involving of FAM49A gene in our trait. Similarly, on OAR7, near to SNP rs406841304, two close genes are related with udder conformation (FAM227B) (Scienski et al., 2019) and with epithelial cell proliferation and differentiation (FGF7) (Bazer and Slayden, 2008; Yang et al., 2020), suggesting their possible role in the epithelial mammary cell proliferation. Moreover, the FGF7 has been reported as putative target gene in bovine mammary tissue infected with Streptococcus uberis (Naeem et al., 2012). Another significant SNP was located on OAR8 (rs426621433) at position 82,781,340 bp. This SNP mapped within a QTL for SCC (81.4–83.5 Mb) reported in a commercial French dairy sheep population (Rupp et al., 2015), and near a QTL for SCC (ID number 160869) on OAR 8 (80.5–80.6 Mb) in Churra sheep. Among the closest annotated genes in the region of ±250 kb surrounding it, the SOD2 gene seems to be the most plausible candidate affecting the SCS. In fact, the expression of SOD2 at mRNA and protein levels has been reported up-regulated in the mammary glands of ewes with clinical mastitis compared to healthy ewes (Gao et al., 2019). Mitterhuemer et al. (2010) showed an increase of SOD2 gene level in mammary tissue from mastitis cows inoculated with E. coli 24 h after infection as compared to controls. Finally, another candidate gene mapped near SNP rs426621433 on OAR8, was IGF2R, with a crucial role for the regulation of cell proliferation, growth, differentiation and survival, and associated with milk production traits. In fact, Dehoff et al. (1998) showed that lactation in the bovine mammary gland is associated with increased IGF2R concentration.



CONCLUSION

In this study, we estimated the breeding value for SCS in Valle del Belice sheep. DEBVs of the SCS were used as trait scores for the association analysis. Several candidate genes associated with SCS were identified related to immunity system and udder conformation. These candidate genes provide valuable information for future functional characterization. Therefore, our results may contribute to increase knowledge on the role the genes play in the genetically determined mechanisms involved in mastitis in sheep. The results can help improving the competitiveness of the local Valle del Belìce breed, through the development of genetic improvement programs directed toward reducing the incidence of mastitis, also considering the udder conformation into selection objectives, with planned mating between subjects carrying favorable alleles. Anyway, further studies considering a higher sample size or independent population will be needed to confirm our results.
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Pig herds in Africa comprise genotypes ranging from local ecotypes to commercial breeds. Many animals are composites of these two types and the best levels of crossbreeding for particular production systems are largely unknown. These pigs are managed without structured breeding programs and inbreeding is potentially limiting. The objective of this study was to quantify ancestry contributions and inbreeding levels in a population of smallholder pigs in Uganda. The study was set in the districts of Hoima and Kamuli in Uganda and involved 422 pigs. Pig hair samples were taken from adult and growing pigs in the framework of a longitudinal study investigating productivity and profitability of smallholder pig production. The samples were genotyped using the porcine GeneSeek Genomic Profiler (GGP) 50K SNP Chip. The SNP data was analyzed to infer breed ancestry and autozygosity of the Uganda pigs. The results showed that exotic breeds (modern European and old British) contributed an average of 22.8% with a range of 2–50% while “local” blood contributed 69.2% (36.9–95.2%) to the ancestry of the pigs. Runs of homozygosity (ROH) greater than 2 megabase (Mb) quantified the average genomic inbreeding coefficient of the pigs as 0.043. The scarcity of long ROH indicated low recent inbreeding. We conclude that the genomic background of the pig population in the study is a mix of old British and modern pig ancestries. Best levels of admixture for smallholder pigs are yet to be determined, by linking genotypes and phenotypic records.
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INTRODUCTION

The pig (Sus scrofa domesticus), an even toed ungulate and a member of the genus Sus, was domesticated from its ancestor, the wild boar (Sus scrofa scrofa) in multiple domestication centers including the Near East, Europe, China and South-east Asia, about 9,000 years ago (Rothschild and Ruvinsky, 2011; Groenen et al., 2012). Wild boar (Sus scrofa algira) also inhabits North Africa (Rothschild and Ruvinsky, 2011). Since its domestication, the pig has been genetically improved into several specialized breeds through traditional and marker assisted selective breeding (Dekkers, 2004; SanCristobal et al., 2006; Mote and Rothschild, 2020). Such work is notable for European breeds such as the Pietrain that has been intensively selected for muscle development (Amaral et al., 2011). The Landrace breed originated from British foundation stock imported to Denmark and selected for leanness and fast growth. Commercial breeds such as the Large White, Berkshire, and Hampshire were developed from crossbreeding old British and Asian pigs (White, 2011; Amills et al., 2013). Iberian pigs (Toro et al., 2008) were exported during the colonization of the Americas and contributed to development of the Duroc (Jones, 1998). Its adaptive attributes and importance as a source of meat have contributed to the global distribution of the pig (Orr and Shen, 2006). Notably, sub-Saharan Africa is not within the native range of wild boar and no archeological or genetic evidence points to a domestications event there (Ramirez et al., 2009). The origin of pigs in East Africa is traced to both the pre- and colonial eras (Blench, 2000, 2008, 2010; Ramirez et al., 2009). Indian Ocean trade and eventual European settlement have also been associated with the introduction of Asian and European pig breeds to East Africa (Boivin et al., 2013).

Pig production is an important livelihood source for smallholder farms managed under low input systems in African countries, for example Nigeria, Uganda and Malawi. Uganda is an East African inland country linked to the Indian Ocean through Kenya (east) or Tanzania (south-east). Pigs in Uganda are represented by domestic pigs (Sus scrofa domesticus) and the wild suids including the Giant forest hog (Hylochoerus meinertzhageni), Warthog (Phacochoerus aethiopicus), and Bush pig (Potamochoerus porcus) (Ghiglieri et al., 1982; Reyna-Hurtado et al., 2014). In the mid-19th century, Britain colonized Kenya and Uganda while Germany colonized Tanganyika (present Tanzania). Pig production for lard or bacon was an important consideration by the colonists and several breeding experiments were done with British pig breeds such as Large White, Yorkshire, Berkshire, Tamworth, and Large Black (Montgomery, 1921; Prosser, 1936). Pigs of the Large White breed imported from Kenya, as well as pigs distributed by the Ugandan veterinary department were kept by Ugandan farmers (Uganda, 1940). Details of the main breeds kept by the farmers are mostly lacking, but the pig populations in 1945 and 1959 were reported to be 23,158 and 15,668 (Masefield, 1962). Currently, pig production in Uganda is done by more than a million households that manage over 90% of the national herd of 4.2 million pigs (UBOS, 2019). Uganda’s per capita consumption is 3.4 kg/year (FAOSTAT, 2018) and the pro-poor significance of pig farming has recently attracted policy recognition (Sentumbwe, 2017).

While one study using microsatellite data has linked the genetic background of pigs in Uganda to European and Asian ancestries (Noce et al., 2015), the breed composition of most pigs in Uganda is largely unknown and any available breed information is mostly as reported by farmers. A previous study reported local pigs on smallholder farms in Uganda (Mbuza, 1995). According to Blench (2000), African pigs are usually black, with a straight tail and popped swept back ears. Other studies have mentioned exotic breeds like Hampshire, Large White, Duroc, Landrace, and Camborough®, which is a cross Large White, Landrace and Duroc, developed by the Pig Improvement Company (PIC®), having been introduced to Uganda (Ssewannyana and Mukasa, 2004; Walugembe et al., 2014; Greve, 2015; Roesel et al., 2016). Admixture between the different breed types is common.

Since 2012, he International Livestock Research Institute (ILRI) has provided a range of technical solutions to pig production constraints in districts of Uganda where pork production is important (Ouma et al., 2015). In 2017, the ILRI led Uganda Pig Genetics Project was launched to provide technical solutions to pig breeding constraints to support previous and ongoing initiatives. A key research question of the Uganda Pig Genetics project was to determine the most-appropriate pig breed or cross-breed type for different types of smallholder pig producers, considering a variety of issues including farmer preference and profitability, amongst others. As part of this work, household pig enterprises and the pigs within them were longitudinally monitored with genomic analysis undertaken to determine the breed-type of individual pigs kept. This study draws on this genomic data to quantify the genetic background, diversity and inbreeding levels of pigs on smallholder farms in Uganda using high throughput Single Nucleotide Polymorphism (SNP) data. SNP data from international sources, publicly available or privately owned but provided for this project, was used to place the pigs of Uganda onto a global genomic map.



MATERIALS AND METHODS


Ethics Approval

This research was approved by the Institutional Research Ethics Committee (IREC), Institutional Animal Care and use Committee (IACUC) of the ILRI and Vector Control Division–Research and Ethics Review Committee (VCD-REC) of the Ministry of Health of Uganda (MOH). Prior informed consent was obtained from owners of the pigs sampled in Uganda. Research and access and benefit permits (Research Registration number: SS4550) were granted by Uganda National Council of Science and Technology (UNCST, 1990).



Site and Household Selection

This study was conducted in the districts of Hoima, Kamuli, Pallisa, Kumi, and Soroti in Uganda (Figures 1A–D). Hoima and Kamuli were the primary Uganda Pig Genetics project sites selected because of the importance of pig production to these districts, amongst other criteria. A purposively selected sample of 200 smallholder pig keeping households, 100 each from Hoima and Kamuli, participated in the study. The districts of Pallisa, Kumi, and Soroti were additional sampling sites for local Uganda pigs.
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FIGURE 1. Geographical location of sampling sites. (A) Map of Africa showing the location of Uganda. (B) Map of Uganda showing the location of Hoima, Kamuli, Pallisa, Kumi, and Soroti districts. (C) Map of Hoima showing the locations of Busiisi, Kitoba, and Kizaranfumbi sub-counties. (D) Map of Kamuli showing the locations of Butansi, Mbulamuti, Namasagali, Namwendwa, and Wankole sub-counties. The black dots in panels (C) and (D) show the sampling locations.




Animals and Genotyping Data

A sample of 422 pigs from the five districts in Uganda: Hoima (n = 163) Kamuli (n = 218), Kumi (n = 11), Pallisa (n = 12), and Soroti (n = 18) were involved in the study (see Figure 1). A total of 41 animals, showing the characteristics of African pigs according to Blench (2000), were sampled from 41 households having been reported to keep local Uganda pigs by extension staff in the latter three districts. Prevalence of pigs with black coat color, long snout, short legs and popped ears, facing up and backward were criteria of selection of households keeping local pigs. Hair samples taken from the 422 pigs were genotyped using the Neogen GeneSeek Genomic Profiler (GGP) Porcine 50K array (Neogen Europe, 2020). Using literature on East African pigs and phenotypic characteristics of pigs owned by the smallholder farmers in the study area (Figure 2), we chose as putative ancestral populations, Asian, Duroc, British, Iberian, and Continental European pig breeds. We explored the ancestry of Uganda pigs in global context by incorporating publicly or privately available genotypes from the putative ancestral populations (Cleveland et al., 2012; Yang et al., 2017; Pena et al., 2019; Pfeiffer et al., 2019; Hlongwane et al., 2020). The data were merged and manipulated in PLINK1.9 (Chang et al., 2015). Prior to merging the data, the SNP positions in each dataset were updated to the sus scrofa reference 11.1 genome build (Illumina, 2013). Quality control (QC) parameters were applied to exclude closely related individuals from each dataset based on PI_HAT using – genome and – max 0.1 flags. The PIC® dataset consisted of 3359 animals. These were genotyped commercial animals – the Camborough® a first filial generation (F1) cross between the PIC® Landrace and PIC® Large White pure lines genotyped with the Illumina PorcineSNP60 chip. The sample consisted of both male and female animals born since 2000 with varying degrees of kinship. Overall, the sampling technique avoided sampling multiple individuals from full-sib families (Cleveland et al., 2012). We use the code CMB throughout this paper to refer to the Camborough® genotypes. The total genotyping rate for CMB data was around 15% lower than for other datasets, therefore we applied the –mind 0.15 flag to only this data. Data merging errors for SNPs with similar positions or on flipped strands were corrected using the – exclude or – flip flags. Samples were randomly excluded when a population exceeded 50. Also breeds without apparent interest to this study, according to literature, were excluded. The merged data (Table 1) was explored using Multidimensional scaling (MDS) and ADMIXTURE analysis (Alexander et al., 2009).
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FIGURE 2. Photographs of pigs of different breed or cross-breed types in Uganda. (A) A local sow with her litter (B) an exotic breed e.g., Camborough® sow with her litter (C) a spotted pig that could be old British (Gloucestershire) or a cross of exotic breeds (Landrace and/or Large White) (D) a local pig (E) a belted pig that could be a British Saddleback cross and (F) two red coated pigs that could be Duroc or Tamworth. Photo credit: Babigumira Brian Martin/ILRI/BOKU.



TABLE 1. Breeds/populations used in exploration of the ancestry of Uganda pigs.
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Multidimensional Scaling and ADMIXTURE Analysis

Following the exploratory admixture analysis outlined above, we narrowed down the list of reference populations to a panel that, to the best of our judgement, reflected the admixture seen in the Uganda population. This final reference panel included American (DRC), Chinese (MS), Spanish (IB), Modern European (CMB, LR and LW), Old British (SB and LB) breeds, and Local Ugandan pigs (LOC). We run MDS analysis on the merged dataset using the – distance-matrix flag of PLINK1.9 and Classical Metric MDS and plotted the MDS results in R (Team R Core, 2020). We also run unsupervised ADMIXTURE analysis on the merged dataset for number of ancestral population (K) from two to 10 (Alexander et al., 2009).



Population Structure and Admixture Analysis Using CHROMOPAINTERv2, fineSTRUCTUREv4, and GLOBETROTTER

To support the ADMIXTURE and MDS analysis, we analyzed the data using the CHROMOPAINTERv2/fineSTRUCTUREv4 pipeline supported by the Perl scripts provided with the programs (Lawson et al., 2012). The data was phased using SAHPEIT2 (Delaneau et al., 2013). First, a custom R script (Team R Core, 2020) was run to prepare the genetic maps for each chromosome, as required by SHAPEIT2 based on the Sus scrofa recombination map (Tortereau et al., 2012). We run QC (–geno 0.2) and split the data by all autosomal chromosomes using PLINK1.9 (Chang et al., 2015). To achieve a successful run with the provided QC measures (considering size of individual populations and number of variants), we included the –force flag in the SHAPEIT2 command line. We run the impute2chromopainter.pl script to transform the SHAPEIT2 files into the phase format usable by Chromopianterv2. Next, we run the convertrecfile.pl script to generate recombination files using as inputs, the phase files from the previous run and genetic maps based on the Sus scrofa recombination map (Tortereau et al., 2012). We used the default settings for both scripts and specified the HapMap format when using the latter. We then run the phase and recombination files in CHROMOPAINTERv2 (Lawson et al., 2012) twice; the first run was to estimate nuisance parameters and the second one was to generate the co-ancestry matrix using the linked model. The Estimation-Maximization (E-M) iteration was run in automatic mode (“fs”) with the entire dataset for all autosomal chromosomes. Basically, each animal was conditioned on the others in 10 E-M iterations using a sample of ten animals. The main output were two inferred nuisance parameters (Ne, somewhat similar to effective population size and mu, the mutation/switch rate) (Hellenthal, 2012). These parameters (Ne = 34.7106 and mu = 0.00500584) were fixed in the CHROMOPAINTERv2 algorithm in the second run. The main outputs were estimation of the c-factor (effective number of chunks; c = 0.17931) and copying vectors. These outputs were fed into the Bayesian clustering algorithm of fineSTRUCTUREv4 for all autosomes.

To further investigate the admixture in the Ugandan pig population used in this study, we exploited the analytical capabilities of GLOBETROTTER (Hellenthal et al., 2014). The Bayesian clustering algorithm of fineSTRUCTUREv4 identified 40 clusters, which, when grouped, were generally not different from our labeled data or the output from ADMIXTURE1.3. Therefore, we run GLOBETROTTER to identify, date and describe admixture in the Uganda pigs using as surrogates: MS, DRC, IB, Modern European (CMB, LR, and LW) and Old British (SB and LB) and LOC with KAM or HOI as target (recipient) populations (Hellenthal et al., 2014; Hellenthal, 2020). We ran GLOBETROTTER with default settings for all parameters except “prop.ind,” “bootstrap.date.ind,” and “null.ind.” For the first run, we set “bootstrap.date.ind” to 0 and the other two to 1. In the second run, we set “prop.ind” to 0 and the other two to 1. For the third run, we set “null.ind” to 0 and the other two to 1 (Hellenthal, 2020). Here, we report the results from the last run.



Autozygosity Analysis of Uganda Pigs

Autozygosity is the inheritance of alleles that are identical by descent (IBD). Contiguous homozygous genotype segments of the genome are called runs of homozygosity (ROH) (Gibson et al., 2006). The ROH can be used to infer the genomic inbreeding coefficient (FROH) and distinguish ancient from recent inbreeding (Keller et al., 2011). We run this analysis using the dataset of Uganda (HOI and KAM) pigs (381 samples and 50,697 SNPs). The analysis was run in the cgaTOH (Zhang et al., 2013). The ROH analysis was run using minimum run lengths of 2, 4, 8, and 16 Mb and at least 20 SNP. Heterozygous calls in ROH were not allowed up to 16 Mb while only one heterozygous call was allowed for ROH > 16 Mb. The proportions of the ROH for each of the cut-offs (FROHi, i = 2, 4, 8, and 16) were computed using as total length of autosome covered by SNPs of 2,259,445,079 bases. The genomic inbreeding coefficient (FROH) was computed (McQuillan et al., 2008) as follows:
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LROH is the sum of ROH per individual and LAUTO is the total length of autosome covered by SNPs.



RESULTS


Exploratory Analysis of Uganda Pigs in a Global Context

The merged dataset used in the exploratory analysis had 28,894 SNPs and 1,198 animals from 44 populations and 31 breeds (Table 2). The first eigenvector of the MDS analysis separated the Chinese and Iberian from the rest of the populations. The second eigenvector separated the Duroc from the rest of the populations. Both eigenvectors explained about 17% of the variation observed (Figure 3). The Ugandan samples were all situated inside a large cluster, including British and Continental European breeds.


TABLE 2. Ancestral and Uganda population used in ancestry analysis.
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FIGURE 3. Multidimensional Scaling analysis of Uganda pigs in a global context. CMB: Camborough®; Great Britain; CNJH: Jinhua; CNLH: Laihuwei, CNLT Lantang; CNMS: Meishan-China; DEAS Angler Sattelschwein-Germany; DEBB Bunte Bentheimer-Germany; DRZ: Duroc-South Africa; DUR1: Duroc-United States; EE: Entrepelado; ER-Spain: Entrepelado × Retinto cross-Spain; HOI: Hoima-Uganda; ITCT: Casertana-Italy; ITNS: Nera Siciliana-Italy; KAM: Kamuli-Uganda; KUM: Kumi-Uganda; LDR1: Landrace-Denmark; LRA: Landrace-Austria; LRZ: Landrace-South Africa; LWA: Large White-Austria; LWT1: Large White-Denmark; LWZ: Large White-South Africa; PAL: Pallisa-Uganda; PIT2: Pietrain-German; PIT3: Pietrain-Netherlands; RE: Retinto x Entrepelado cross-Spain; RR: Retinto-Spain; RUBR: Breitov-Russia; RULV: Livni-Russia; RUMR: Murom-Russia; SOR: Soroti-Uganda; UKBK: Berkshire-Great Britain; SB: Saddleback-Great Britain; UKGO: Gloucestershire-Great Britain; UKHS: Hampshire-Great Britain; LB: Large Black-Great Britain; UKLE: Leicester-Great Britain; UKMW: Middle White-Great Britain; UKTA: Tamworth-Great Britain; UKWE: Welsh-Great Britain; USBK: Berkshire-United Sates of America; USHS: Hampshire-United Sates of America.


Following the exploratory analysis, we retained 30 of the 50 Camborough® (CMB) samples based on proportions of both Large White and Landrace breeds. Further, we removed three local Ugandan pigs that had high exotic proportions. Finally, the panel of ancestral breeds narrowed down to those potentially interesting based on their ancestry contribution in the Uganda pigs. The final dataset (Table 2) had 28,894 SNPs, 587 samples from 9 populations and 7 breeds. The populations were Meishan, Duroc, Iberian, Modern European (Landrace, Camborough®, and Large White), old British (Saddleback and Large Black), Uganda (Hoima, Kamuli, and Local).



Multidimensional Scaling and Admixture Analysis

The first eigenvector of the MDS analysis of the dataset in Table 2 separates the Chinese and Iberian breeds from the Uganda, American, Modern European, and Old British breeds. The second eigenvector clusters some of the modern European breeds (largely comprised of Large White) closely with the Uganda pigs. It also separates the Uganda pigs from the rest of the Modern European, Old British, Duroc, Iberian and Chinese breeds (Figure 4).
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FIGURE 4. Multidimensional scaling analysis of Camborough® (CMB); Meishan (MS); Duroc (DRC); Uganda [Hoima (HOI), Kamuli (KAM), and Local (LOC)]; Landrace (LR); Large White (LW); Iberian (IB); Saddleback (SB); and Large Black (LB). The first Eigen vector separates the MS and IB from the rest of the population. The second eigenvector closely clusters LW and Uganda pigs and separates them from the rest.


We ran unsupervised analysis to infer ancestries of HOI and KAM pigs using various ancestral populations (K) without getting meaningful clusters at the lowest cross-validation error (CV) value. Therefore, we selected results at K = 6 and visualized the results using POPHELPER (Francis, 2017). The LOC pigs (purple) represented the main ancestry which was also shared with Old British breeds. The modern European breeds contributed most of the “exotic” ancestry in the Hoima and Kamuli pigs (Figures 5A,B).
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FIGURE 5. Admixture analysis. (A) Ancestry pig populations for K = 6: the modern European consists of Large white (LW; sky blue), Landrace (LR; red) and Camborough® (CMB; nearly half sky blue/red). The old British breeds (SB: Saddleback: and LB: Large Black) share ancestries with the Iberian (IB), modern European and local Ugandan pigs (LOC). (B) The Uganda pigs Hoima (HOI) and Kamuli (KAM) have a dominant blue ancestry that we refer to as “local” shared with the old British breeds. The modern European breeds contribute most of the exotic ancestry.


Results from using ADMIXTURE1.3 showed that modern European breeds (CMB, LR and LW) contributed on average 22.8% with a range of 2–50% of the ancestry while LOC contributed 69.2% (36.9–95.2%). The other 8.0% were contributed by DRC, IB and MS. We also found higher frequency of MS ancestry in LOC than in HOI or KAM pigs (Figures 5A,B). Note that ADMIXTURE1.3 did not separate the Old British breeds into a uniform cluster but linked it to various populations, notably to Iberian and Ugandan types.



Population Structure and Admixture Analysis Using CHROMOPAINTERv2, fineSTRUCTUREv4, and GLOBETROTTER

The fineSTRUCTUREv4 analysis identifies three main clusters based on the empirical c-value – HOI, KAM, and LOC and the third cluster comprising international breeds (DRC, MS, IB, Modern European and Old British breeds). Considering that fineSTRUCTUREv4 did not identify clusters that differed much from our labeled data, we run “as is” the data in GLOBETROTTER to identify and date the admixture. GLOBETROTTER identified a one-date-multiway (1-DMW) for HOI and a one-date (1-D) admixture event with two sources for KAM pigs. The GLOBETROTER inferred date and confidence intervals (95% CI) for HOI and KAM were 6.371 (3.543-7.311) and 4.719 (2.420-5.093) generations (Figure 6). We converted generations to years using a generation interval of 1.9 years (Welsh et al., 2010) and the present year as 2019 in the formula (Hudjashov et al., 2017):
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FIGURE 6. Proportions contributed by surrogate populations to the minor and major sources of admixture for (A) Kamuli (KAM) and (B) Hoima (HOI) pigs. The surrogate populations are: Meishan (MS); Duroc (DRC); Iberian (IB); Large Black (LB); Saddleback (SB); local Ugandan (LOC); Large White (LW); Landrace (LR); and Camborough® (CMB). The numbers in brackets are the proportions each source contributes to the admixture in the target (recipient) population and they sum up to one. The numbers on top of the bars are the contributions of each surrogate population within each source and they sum up to one.
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where Y is the admixture date in years, y, the present year, x, the generations inferred by GLOBETROTTER and g, the generation interval. The admixture date and 95% CI (years) for HOI was 2004 (2003–2010) and for KAM, 2008 (2007–2012). For KAM, the best match sources of admixture were mostly Modern European (CMB, LR, and LW) and LOC pigs. The best match sources for the admixture event in HOI pigs were LOC and modern European (Figure 7).
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FIGURE 7. Analysis of autozygosity states. (A) Number of ROH distributed and along cumulative total ROH length on the pig genome in ROH. (B) Boxplot ofFROH cutoffs of 2, 4, 8, and 16 Mb for smallholder pigs from Hoima and Kamuli districts in Uganda.




Autozygosity Analysis of Uganda Pigs

For a 50K SNP Chip, ROHs of length less than 2Mb may contain undetected heterozygotes and hence prone to false positives (Ferencakovic et al., 2013). Therefore, we reported inbreeding levels (FROH > 2Mb) for ROH lengths greater than 2Mb. Only 348 of 381 pigs from Hoima and Kamuli districts, Uganda had at least one ROH > 2Mb. The FROH > 2Mb ranged from 0.000 to 0.363 with a mean of 0.043. The average ROH > 2Mb length per animal was 3.6 ± 1.9Mb and most pigs (81.6%) had at least one ROH > 4Mb. The average FROH for ROH length of 4, 8, and 16 were 0.030, 0.013, and 0.007. The longest individual ROHs (>20 Mb) were on chromosomes 4 and 14. The most inbred individual (FROH > 2Mb = 0.363) had 129 ROHs, the longest individual ROH (28.9Mb), longest total length of ROHs (819.35 Mb) for FROH > 2Mb and was from Kamuli district (Figures 7A,B).



DISCUSSION


Breed Composition of Uganda Pigs

While we use the term LOC (local) to refer to pigs commonly considered to have been in Uganda for some time, we also note that no pig domestication event in Sub-Saharan Africa has been reported or supported by archeological or genetic evidence (Blench, 2000; Amills et al., 2013). Therefore, technically, indigenous Ugandan (Ugandese) pigs do not exist. However, we use the term local (LOC) throughout this paper to differentiate the resident population from exotic ones. We found what appeared LOC to relate more to ancestry contributions from black or belted old British pigs (Figures 5A,B). We also found signatures of MS in both the Uganda pigs as previously reported (Noce et al., 2015) and old British breeds. The MS signature in Uganda pigs is likely from an introgression through the old British breeds (Ramirez et al., 2009). We also observed a higher LOC ancestry in HOI than KAM pigs. This may be because Hoima is located further from Kampala, the capital of Uganda and a source of exotic pigs, than Kamuli. The local pigs of Uganda are not characterized and are only identified phenotypically according to the definition of African pigs by Blench (2000). It was difficult to find the local pigs especially where restocking programs had been or were operational. Our results complement previous findings and advocate for characterization and conservation of local pigs in Uganda.

The GLOBETROTTER analysis identified a one-date-multiway (1-DMW) admixture event for HOI pigs. The event involved mostly LOC and modern European breeds and dated the event to 2004 (95% CI: 2003–2010). In the case of Kamuli, a one date admixture event mostly involving modern European and LOC pigs was identified and dated to 2008 (95% CI: 2007–2012). These admixture dates imply recent introductions of exotic pigs in these areas, corresponding with varied “on-the ground” activities that have been observed with the introduction of new pig breeds. Pigs have been distributed to Ugandan farmers through programs run by the government and non-government organizations (Ampaire, 2011; Tatwangire, 2013; Ouma, 2017). The inferred admixture dates coincide with the out scaling of National Agricultural Advisory Services (NAADS) programs in Uganda. The NAADS program essentially sourced and distributed farm inputs including pigs and other livestock to smallholder farmers (Benin et al., 2007; Ouma et al., 2015). Non-government organizations in Kamuli that also distributed pigs to smallholder farmers are Volunteer Efforts for Development Concerns (VEDCO) (Ampaire, 2011), and Iowa State University-Center for Sustainable Rural Livelihoods (Csrl, 2021). Additionally, smallholder pig farmers in Uganda may also purchase pigs mainly from other nearby smallholder pig keepers or local markets (Ouma et al., 2015; Lichoti et al., 2016). These programs or farmers aim to improve productivity of pig herds through crossbreeding by distributing or purchasing pigs of commercial breeds including Landrace, Large White or Camborough®. The GLOBETROTTER and ADMIXTURE results together suggest the following. First, restocking programs have the potential to change the genetic constitution of smallholder pig herds. Second, the several admixture sources observed in the HOI and KAM pigs suggest indiscriminate crossbreeding (Greve, 2015) rather than for example a two- or three-way crossbreeding program. However, they could also suggest an ongoing upgrading of local herds given the proportionately higher frequency of the Modern European breed alleles.



Inbreeding Levels of Uganda Pigs

Using the porcine GGP 50K SNP Chip, we investigated the occurrence of ROHs and quantified autozygosity in pigs in Kamuli and Hoima districts of Uganda. In this study, we found the genomic inbreeding coefficient (FROH > 2Mb) to be 0.043 (0–0.363) for HOI and KAM pigs. The low FROH > 2Mb indicates low inbreeding in the pig population. This is contrary to what has been previously reported (Tatwangire, 2014). Because of the very small herd size, sows are typically mated with village boars. Boar keepers usually source boars from outside the local area and the piglets received as payment for boar service are sold. Additionally, farmers with sows may source village boar service from sources outside their village depending on boar availability (Ouma et al., 2014; Lichoti et al., 2016). These scenarios suggest a low likelihood of mating related individuals, thus keeping inbreeding levels low. Somewhat higher inbreeding levels could be expected for households which own boars, but this a small minority. For instance, the most inbred individual (FROH > 2Mb = 0.363) could be the offspring of full sib or parent-offspring mating. Also, events necessitating stock replacement, like African Swine Fever outbreaks (Lichoti et al., 2016; Ouma et al., 2018) would also lower inbreeding levels.



CONCLUSION

Smallholder pig production in Uganda is constrained by several factors, mostly related to pig health, nutrition and genetics (Ouma et al., 2015). Coupling genetic improvement with other appropriate management interventions would enhance productivity of smallholder pig herds. The results of this study showed that the contribution of Modern European ancestry did not exceed 50% for any of the animals sampled in Uganda. This was contrary to expectation, based on breed composition reported by smallholder farmers. The terms “local,” “crossbred,” and “exotic” used in this context seemed to reflect farmer perception rather than actual breed history. The gradient of ancestries observed in the Hoima and Kamuli populations of this study is still big enough to investigate the effect of the proportion of Modern European ancestry on growth, health and reproduction of pigs in those areas. Longitudinal data for these traits for most of the animals in the current study is available and will be analyzed subsequently. Only then appropriate crossbreeding levels may be determined and farmers advised about choice and sources of breeding stock.
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Livestock is heavily affected by trypanosomosis in Africa. Through strong selective pressure, several African indigenous breeds of cattle and small ruminants have acquired varying degrees of tolerance against this disease. In this study, we combined LFMM and PCAdapt for analyzing two datasets of goats from West-Central Africa and East Africa, respectively, both comprising breeds with different assumed levels of trypanotolerance. The objectives were (i) to identify molecular signatures of selection related to trypanotolerance; and (ii) to guide an optimal sampling for subsequent studies. From 33 identified signatures, 18 had been detected previously in the literature as being mainly associated with climatic adaptations. The most plausible signatures of trypanotolerance indicate the genes DIS3L2, COPS7B, PD5A, UBE2K, and UBR1. The last gene is of particular interest since previous literature has already identified E3-ubiquitin ligases as playing a decisive role in the immune response. For following-up on these findings, the West-Central African area appears particularly relevant because of (i) a clear parasitic load gradient related to a humidity gradient, and (ii) still restricted admixture levels between goat breeds. This study illustrates the importance of protecting local breeds, which have retained unique allelic combinations conferring their remarkable adaptations.

Keywords: molecular adaptations, local breeds, Sub-Saharan Africa, crossbreeding, tsetse flies


INTRODUCTION

The productivity of the livestock sector in Africa is heavily affected by trypanosomosis, via morbidity, mortality, impact on growth and reproduction (Budd, 1999; Kristjanson et al., 1999; Swallow, 2000; Shaw et al., 2017). This vector-borne parasitic infection, also called “Nagana” in domestic animals, is caused by extracellular protozoa that are mainly cyclically transmitted by several species of tsetse flies (Glossina spp.). The tsetse distribution area, or tsetse fly “belt,” covers 39 African countries, whose economic development is thus significantly impacted (Alsan, 2015). While many studies have examined trypanosomosis in cattle, this disease has been poorly investigated in sheep and even less in goats (Geerts et al., 2009).

For African goats, the most pathogenic trypanosomes are Trypanosoma vivax and Trypanosoma congolense (Kusiluka and Kambarage, 1996; Gutierrez et al., 2006). An estimated 173 million of Africa’s 228 million goats live in areas of the continent infested by tsetse flies (Gutierrez et al., 2006). In addition to the economic consequences of trypanosomosis on caprine production (Kanyari et al., 1986), goats could act as a reservoir of trypanosomes for other species, including humans (Informal Expert Group on Gambiense HAT Reservoirs et al., 2018).

The high parasitic pressure in humid to sub-humid dry climates may have played a major role in the historical southward movement of domestic stocks. This movement started at 4,000 to 5,000 YBP on the occasion of major and more favorable environmental changes (Smith, 1992; Newman, 1995). It was probably slowed down by endemic parasitic diseases, so that it reached Southern Africa only around 2000 YBP (Pereira and Amorim, 2010). Under the strong pressure of natural selection that occurred throughout the millennia, indigenous breeds have acquired adaptations that enable them to tolerate various diseases and parasites. In the same way as in cattle and sheep, a few goat breeds are likely to show qualities of tolerance to trypanosomosis. Well defined in cattle, trypanotolerance is a multigenic traits that refers to the ability of some breeds to live and be productive in trypanosomosis endemic areas while susceptible animals usually die without treatments (Murray et al., 1984). Phenotypically, trypanotolerant breeds display lower parasitic loads, maintain higher packed cell volume and are less affected by weight loss during infection (Hanotte et al., 2003; Berthier et al., 2016). In West and Central Africa, about 47% of the goats, the Djallonke or West African Darf breeds that live in tsetse infested areas, are estimated to be in some way trypanotolerant (Mawuena, 1986; Bengaly et al., 1993; Osaer et al., 1994; Agyemang, 2005; Geerts et al., 2009). Trypanotolerance in East Africa populations has been less well studied (Geerts et al., 2009), but some Small East African goat breeds exhibit various trypanotolerance traits (Griffin and Allonby, 1979a,b; Monirei et al., 1982; Murray et al., 1982; Kanyari et al., 1986; Mutayoba et al., 1989; Katunguka-Rwakishaya et al., 1997).

In this study, we used published 50K SNP datasets for sub-Saharan goat populations, including West-Central as well as East African populations, with the objective of identifying molecular signatures of selection related to trypanosomosis tolerance. First, we selected native goats from the Adaptmap dataset, choosing breeds that had been living in tsetse-infested areas for a long time, and of neighborhood breeds living under low tsetse pressure on the other hand. Second, we mapped their distribution area and extracted the data allowing to infer the level of pressure linked to trypanosomes but also the corresponding climatic and topographic variables. Then we searched for selection signatures using PCAdapt (Luu et al., 2017) and LFMM (Frichot et al., 2013) methods. Briefly, PCAdapt uses principal component analysis to describe the population structure and identifies candidate markers as outliers in terms of inferred population structure. The LFMM approach searches for significant associations with environmental factors whilst controlling for the neutral population structure. As complementary methods, we included the Hapflk (Fariello et al., 2013) and the Bayescan (Foll et al., 2010) programs. Finally, (i) we identified plausible candidate genes for trypanosomosis tolerance by analyzing our results in relation to the literature. In addition, (ii) our data may guide an optimization of African goats sampling for follow-up studies.



MATERIALS AND METHODS


Datasets Building

We used the AdaptMap goat dataset (Bertolini et al., 2018), which represents a worldwide coverage of original breeds. Out of the 75 African breeds initially present in the dataset, we selected the 40 indigenous local breeds1, to which we added four Algerian breeds (Ouchene-Khelifi et al., 2018; Supplementary Table 1).

On the basis of a NeighborNet visualization (Huson, 1998) of the Reynolds’ distances between these breeds (Supplementary Figure 1) we selected two groups of related breeds in the West-Central Africa and in East Africa where trypanotolerant breeds are located. We retained (i) 190 West-Central African goats from eight local breeds in Burkina Faso, Cameroon, Mali, and Nigeria, including the trypanotolerant West African Dwarf type breeds (Table 1); and (ii) 242 East African goats from 11 local breeds in Burundi, Kenya, Tanzania, and Uganda, including the trypanotolerant Small East African type breeds (Table 2).


TABLE 1. West-Central African goat dataset.
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TABLE 2. East African goat dataset.
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Environmental Characterization

We defined the environmental characteristics at the level of the distribution area of the breeds. In West-Central Africa we find in the arid zone, the Sahelian type which is progressively replaced by the West African Dwarf type as it moves down toward the equatorial humid zone. In East Africa, most of the breeds are derived from the Small East African type. From their cradle each type has spread, defining populations or breeds that differ from the basic type by their specificities at the local level (see Tables 1, 2). The breed’s distribution was mapped (Figure 1) via ArcGIS (ESRI, 2011). We used the predicted distribution of tsetse flies (Glossina species) from the FAO Programme Against African Trypanosomosis (PAAT) to extract the proportion of infestation in each breed’s distribution area (Wint and Rodgers, 2000). The breeds were classified into groups according to the intensity of selection pressure due to trypanosomes transmitted by tsetse flies, detected by this method in their distribution area (Tables 1, 2).
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FIGURE 1. Distribution areas for (A) the West-Central African goat breeds and (B) the East African goat breeds. In each area, the green color reflects an absence of tsetse flies while the red color identifies their presence according to Wint and Rodgers (2000). The frame of the breed name labels is colored according to the climatic clustering (see details in Figure 2).
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FIGURE 2. Goat distribution areas analyses as a function of environmental variables. (1) HCPC analysis for the West-Central African dataset. (A) PCA correlation circle. (B) PCA score plot by breed. (2) HCPC analysis for the East African dataset. (A) PCA correlation circle. (B) PCA score plot by breed. Colors represent the main clusters obtained by HCPC (K = 5). PC 1 and PC 2 represent respectively principal components 1 and 2. alt., altitude in meters; temp., temperature in °C × 10; prec., precipitation in millimeters; min., minimal; max., maximal; seas., seasonality; lat., latitude; ann. mean, annual mean.


We also used the WorldClim database (v.1.4; Hijmans et al., 2005) to collect bioclimatic data covering the period from 1960 to 1990, with a spatial resolution of 30 arc-seconds in the WGS84 datum. We considered the relevant bioclimatic variables (BIO) to highlight the major temperature and humidity contrasts between the breed distribution areas (see Supplementary Table 2). Altitude information was collected from the SRTM 90 m Digital Elevation Database (v.4.1) (Jarvis et al., 2008). Finally, the latitude was considered as a proxy providing information on luminosity and seasonality. This procedure was performed in R 3.5.2 (R Core Team, 2018) using the R package “RSAGA” (Brenning, 2008).

A PCA analysis was followed by a hierarchical clustering on principal components (HCPC) using Euclidian distances and Ward’s method. Multivariate analyses were performed with R software, using the FactoMineR package (Lê et al., 2008).

Different LFMM analyses were conducted considering (i) the classification of the breeds based on the level of tsetse infestation in their distribution range, and (ii) the classification of the distribution areas obtained through the PCA/HPCP procedure for the climatic variables.



Genetic Characterization of the Breeds

We used the AdaptMap goat dataset, genotyped with the CaprineSNP50 BeadChip (Dryad2) for 53,547 SNPs. SNPs and animals were pruned with PLINK v1.07 (Purcell et al., 2007) using the following parameters: (i) SNP call rate ≤97%, (ii) SNP minor allele frequency (MAF) ≤1%, (iii) animals displaying ≥10% of missing genotypes and retaining 50,796 genotypes for 242 East African goats and 50,459 for 190 West-Central African goats.



Admixture Analyses

For ADMIXTURE analysis (Alexander et al., 2009), LD-based SNP pruning was carried out using the –indep option of PLINK with the following parameters: 50 SNPs per window, a shift of five SNPs between windows, and a variation inflation factor’s threshold of two (corresponding to r2 > 0.5). ADMIXTURE was run with K = 2–8 for the West-Central goat data-set and K = 2–12, for the East goat dataset, which are the respective numbers of breeds in our datasets. For each value of K, 10 independent runs were performed. The entropy criterion was calculated via the sNMF function implemented in the R package LEA to assess the number of ancestral populations that best explains the genotypic data (Alexander and Lange, 2011; Frichot et al., 2014). The program CLUMPAK (Kopelman et al., 20153) was used to analyze the multiple independent runs at a single K and visualize the results.



Search for Molecular Selection Signature

We used different methods to identify loci possibly involved in local adaptation:

The PCAdapt approach, through the R pcadapt package, was used to scan the genome and identify outliers considering population structure. Plotting the number of principal components K from 1 to 15 using the PCAdapt plot function (Luu et al., 2017), revealed K = 5 as optimal number of genetic groups for both data-sets (see Supplementary Figure 2). Candidate SNPs were identified by calculating the false discovery rate (FDR; α = 0.05) of the p-values associated with Mahalanobis distance estimated by PCAdapt, using the q-value function of the R package q-value (Storey and Tibshirani, 2003).

The LFMM latent factor mixed models, developed in the LEA R package (Frichot and François, 2015) was used to test the association genotype-environment, using a linear mixed model. We chose K = 1, for the number of latent factors, which take into account for neutral genetic structure, in accordance with the entropy criterion (Lee and Seung, 1999) assessed in the admixture analyses. We performed LFMM using 1,000 sweeps for burn-in and 9,000 additional sweeps, and 10 runs with different seeds. We then chose significant associations based on FDR (α = 0.05) using the R package q-value.

BayeScan software V 2.1 (Foll and Gaggiotti, 2008) estimates the posterior probability that a given SNP is the target of selection on the basis on the allele frequencies in each population and using a Bayesian approach via Markov chain Monte Carlo (MCMC). The software was set up with 5,000 burn-in interactions, followed by 10,000 interactions with thinning interval of 10. The top candidate SNPs potentially under selection was identified with a false discovery rate of 0.05.

The hapFLK 1.3.0 program4 was used to identify signatures of selection accounting for both the hierarchical structure and haplotype information, as described by Fariello et al. (2013). The software was run on a per chromosome basis, using a kinship matrix based on the matrix of Reynolds’ genetic distances between breeds (Bonhomme et al., 2010). No outgroups were defined. The number of haplotype clusters per chromosome was determined in fastPHASE using cross-validation (Scheet and Stephens, 2006) based estimation and was set at 25 clusters (-K 25). The hapFLK statistic was computed for 20 EM runs to fit the LD model (–nfit = 20). p-values were generated for each SNP using a chi-square distribution with a python script provided on the hapFLK webpage. A q-value threshold of 0.05 was applied to limit the number of false positives. We used the CAVIAR program (Hormozdiari et al., 2014), to identify the best SNPs signals.

For the different analyses, we considered the identified outliers and applied stringent screen to determine selection signatures: we required candidate-selected regions to have at least three outliers SNPs ≤500 kb apart. For LFMM and PCAdapt we added a constraint, imposing that the three outliers (at least) showed p-value ≤ 10–9. The window chosen was informed by previous evidence that the LD in small ruminant do not exceed 500 kb (see Serranito et al., 2021).

For each analysis, genes within a region spanning 100 kb upstream and downstream of the candidate selection regions were annotated. The chromosomal regions under selection pressure were inspected using NCBI Genome Data Viewer ARS15.



RESULTS


Description of the Datasets


West-Central African Goats

In the West-Central area we observe three zones with clearly different tsetse infestation patterns (see Figure 1A and Table 1): (i) in the north, the arid zones of the Sahel are not suitable for tsetse flies, so that the Sudanese (SDN) and Sahelian (SHL) distribution areas are almost free of tsetse flies. (ii) The Red Sokoto (RSK) and the Cameroonian (CAM) inhabit areas with intermediate levels of infestations (27 and 45%, respectively). (iii) Naine (NAI), Djallonke (DJA), and WAD breeds from Nigeria and Cameroon inhabit areas with high levels of infestation (i.e., over 90%).

The PCA pattern of climate variables (Figure 2.1) was dominated by the first component (PC1), which accounts for 77.7% of the total variance. The distribution areas appeared thus mainly distributed along a latitudinal South-North axis, following increasing temperature and aridity gradients. PC2 (16.1% of variance) differentiated the zones according to the average altitude. HCPC clustering at K = 5 yielded the groups of (1, 2) breeds from southern Nigeria (WADn) and Cameroon (WAD) regions with high rainfall, even during the dry season; (3) breeds at an intermediate latitudinal position and also with an intermediate level of aridity; and (4, 5) breeds subject to low rainfall levels decreasing further close to the Sahelian zone. The levels of tsetse infestation did not match exactly the climatic clustering obtained on the basis of the aridity gradient, but they were strongly related to it.

For the Admixture analysis of genetic structure (Figure 3), the cross-entropy criterion minimum occurred at K = 3 and K = 4. The Admixture plot distinguished at K = 3 between (i) the Cameroon breed (CAM), (ii) its more southerly compatriot (WAD), (iii) and other breeds from Nigeria, Mali and Burkina-Faso. At K = 4, the Nigerian West African Dwarf (WADn) formed a separate cluster. For K = 8, levels of admixture were observed between the DJA, NAI, and SDN group on the one hand, and the SHL and RSK group on the other; in such a way that breeds could not be individualized in each group. Finally, several Nigerian SHL individuals clustered with the West African Dwarf of Cameroon (WAD), strongly suggesting introgression.
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FIGURE 3. Bayesian clustering performed with ADMIXTURE software on the West/Central African goats. (A) Display for different values of K, with K = number of clusters; (B) cross-entropy plot for the number of cluster K = 1–15.




East African Goats

The levels of tsetse infestation showed little contrast between the breed distribution areas of East Africa (see Figure 1B and Table 2). We distinguished two groups: (i) breeds in areas with low to moderate infestation rates (below 20%), and (ii) breeds for which infestation rates of living areas were around 50% (i.e., Massai MAA, Sonjo SNJ, Small East Africa from Uganda SEAU, and Nganda NGD).

In the climatic PCA analysis (Figure 2.2), PC1 accounted for 54.4% of the variation and PC2 for 35.9%. PC1 differentiated the areas according to altitudinal and temperature gradient. On the second axis, the areas were distinguished according to the seasonality of rainfall. HCPC clustering, considering K = 5 as the number of clusters, was as follows: group 1 concerned Burundi (BUR) with a distribution area characterized by a high average altitude and consequently low temperatures. Average temperatures and altitudes and a pronounced seasonality of rainfall characterized living areas of group 2, which included Tanzanian breeds; while group 3, including two Ugandan breeds, differed from the previous one mainly by the occurrence of rain even during the dry season. Group 4, also in Uganda, concerned areas with low seasonality as in the previous group but with higher average temperatures and correlatively lower average altitudes. Finally, group 5 included the Kenyan breeds and was characterized by high average temperatures and seasonal rainfall.

Concerning the analysis of the genetic structure (Figure 4), the cross-entropy criterion minimum occurred at K = 2, indicating a major divergence of the Burundi breed (BUR) and the other breeds. For K = 3 and K = 4 sub-structuring was shared by (i) breeds from Tanzania and Kenya KAR and SEB from Uganda; (ii) the three other breeds from Uganda (SEAU, MUB, and NGD). At K = 11, the breeds of Uganda, Tanzania, and Kenya still did not form separate clusters. High levels of admixture were observed between (i) SEAK, GAL, and KAR breeds, combining breeds from Kenya and Uganda, (ii) between the Ugandan SEAU, MUB, and NGD breeds, and (iii) between the Tanzanian, MAA, GOG, and SNJ breeds.
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FIGURE 4. Bayesian clustering performed with ADMIXTURE software on the East African goats. (A) Display for different values of K, with K = number of clusters; (B) cross-entropy plot for the number of cluster K = 1–15.




Selection Signatures in West and Central African Goats

The LFMM analysis (Table 3, see details in Supplementary Figure 3 and Supplementary Table 3) based on the correlation with tsetse flies’ infestations ranking (Table 1) allowed the detection of five selection signatures. Among them, the signature near the Neurobeachin (NBEA) gene was also identified by Bayescan, Hapflk, and the LFMM analysis based on the correlation with the PCA/HCPC climatic ranking (Figure 2.1, see details in Supplementary Table 4 and Supplementary Figure 4). Moreover, it was found to be associated with temperature adaptation in sheep and goats around the world (see details in section “Discussion”). From the other four signatures, the signature near the SLC34A2 gene was previously associated with high altitude conditions in cattle (Verma et al., 2018), and identified by Serranito et al. (2021) as associated with climatic adaptation in Mediterranean sheep and goat. SOCS2 was found associated with hypoxia condition in goat and sheep (Wang et al., 2016; Yang et al., 2016). This leaves two signatures, potentially related to trypanosomosis tolerance and targeting the genes: DIS3L2, COPS7B, RAPGEF6, and MEIKIN, respectively. The latter signature was also detected by LFMM analysis correlating genomes and PCA/HCPC climatic ranking (see details in Supplementary Table 4 and Supplementary Figure 4). This analysis detected a total of 10 selection signatures potentially correlated to climatic conditions, including four signatures on chromosome 7.


TABLE 3. Selection signatures identified in the West-Central African goat and East-African goat by LFMM following the infestation ranking and PCAdapt.

[image: Table 3]PCAdapt (Table 3, see details in Supplementary Table 3) identified 10 selection signatures, which include NBEA already found by LFMM. From the other nine signatures, those including genes PCDH9, KLH1, RNF17, NCOR1, and BTRC have been found in the literature as associated with climatic conditions (Wang et al., 2015; Kim et al., 2016; Mdladla, 2016; Yang et al., 2016; Mwacharo et al., 2018; Serranito et al., 2021). This leaves four signatures, targeting PDS5A and UBE2K, AKAP6, MKL2, and UBR1, that are potentially related to trypanotolerance. This last signature was also identified by Bayescan and Hapflk/Caviar. The Hapflk population tree constructed in the UBR1 region under selection (Supplementary Figure 4) indicated that Cameroonian breeds (WAD and CAM) were particularly targeted by the selected haplotypes.



Selection Signatures in East African Goats

The analyses for this dataset did not detect any selection signatures via the LFMM analyses either, by the correlation with the infestation ranking (Table 2) or by the correlation with the PCA/HCPC climatic ranking (Figure 2.2). PCAdapt (Table 3, see details in Supplementary Table 3 and Supplementary Figure 5) allowed the detection of 17 selection signatures, nine of which were previously detected in the literature as associated with agronomic traits, CSN1S1 and CNS1S2 (see Martin et al., 2002 for a review), disease/immunity, PRNP (see Greenlee, 2019 for a review), and NFATC3 (Minematsu et al., 2011) or climate variations. In detail, signatures targeting KLH1, PCDH9, RNF17, NCOR1, and BTRC and potentially implicated in climate adaptation were also found in the West-Central dataset, while ADAMT6 (Wu et al., 2019; Serranito et al., 2021), and SUCLG2 (see details in section “Discussion”) were only found in the East dataset. This leaves the signatures near DENND1A, SPATA5, RERE, BTBD7 with UNC79 and UBR7, DYM, UBE2D1, AKAP6, and MKL2, respectively, as candidates for trypanotolerance; the last two were also identified in the West-Central African dataset.



DISCUSSION

We studied two datasets including goat breeds with different degrees of trypanotolerance from West-Central and East Africa, respectively, in order to identify selection signatures potentially related to trypanosome tolerance.


Relevance of Datasets

The datasets appeared to differ in several aspects in terms of environment and molecular-genetic patterns. West-Central African breeds showed contrasting habitats in terms of tsetse flies infestation correlating with the PCA/HCPC climatic ranking, and following mainly the humidity and temperature gradients. Indeed, this is the main determinant of land cover that provides suitable habitat for tsetse flies (Cecchi et al., 2008), even if modified by for instance riverine vegetation and local habitat destruction or fragmentation (Bouyer et al., 2015).

In contrast, the East African breeds inhabit areas with more moderate or patchier levels of tsetse flies’ infestation. The PCA climatic analysis highlighted areas of goat breeds distribution tangled between a temperature gradient on the one hand, largely influenced by altitude, and the seasonality of rainfall on the other hand. Areas of high altitudes that are found in East Africa (i.e., above roughly 2,000 m) are unsuitable for tsetse flies’ survival (Slingenbergh, 1992; Cecchi et al., 2015). In addition, climatic zones are globally drier than in West and Central Africa and harbor different tsetse species with also different ecological requirements (Cecchi et al., 2008).

Our molecular analysis showed for the West-Central African dataset breeds that in spite of varying degrees of admixtures have kept their genetic identity. In East Africa only goats in Burundi were clearly distinct from other goats, while goats from Uganda, Tanzania, and Kenya were largely admixed.

The history of pastoralism has been documented in Kenya and northern Tanzania from ∼3300 BP (Marshall et al., 2011; Gifford-Gonzalez, 2017; Grillo et al., 2018). For several millennia the Bantu, Nilotic, and Khoisan-speaking tribes have evolved in these environmentally contrasting regions of East Africa, allowing the emergence of a wide diversity of goat breeds adapted to the environmental conditions (Mason, 1969; Ahuya, 1997). The colonial period induced profound shifts in traditional pastoral patterns (Masefield, 1962; Lwanga-Lunyiigo, 1987; Chacha, 1999). In particular, it has been tried to improve the productivity of the goats, essentially made up of small breeds of the Small East African type. In the 1980s, a turning point was observed in East Africa with a strong encouragement to crossbreed with imported exotic breeds, including Boer, Kamorai, Toggenburg, Saanen, Norwegian, Alpine, and Anglo-Nubian (Das and Sendalo, 1991). Major programs were set up at various levels and involved: religious organizations, government institutions, non-governmental organizations, such as Heifer International, Bill and Melinda Gates Foundation, British-Farm Africa, Livestock Production Programme, German-GTZ, etc., and academic research institutes (Wilson et al., 1990; Bill and Melinda Gates Foundation (BMFG), 2013; Mruttu et al., 2016). For instance, the “Small Ruminant – Collaborative Research Support Programme” was established in 1980 by the government of Kenya and the United States of America International Development Agency. The objectives were to establish a dual purpose goat (DPG) by a four-way cross of Toggenburg, Galla, Anglo-Nubian, and Small East Africa (Ruvuna, 1986), and associated production systems, in order to increase milk and meat production in western Kenya (Rewe et al., 2002; Bett et al., 2007). In Tanzania, in 1996, another DPG project used “Blended goats” (Kamorai 55%, Boer 30%, and indigenous Tanzania Goats 15%) × Anglo-Nubian which were transferred to smallholder farmers (Shirima, 2005).

Upgrading local goats by cross-breeding is still the prevailing strategy in East Africa, in spite of the limited results obtained in terms of productivity and the genetic erosion caused to the native gene pool (Ahuya, 1997; Gichohi, 1998; Ayalew et al., 2003; Onzima, 2014; FAO, 2015; Mruttu et al., 2016; Wilson, 2018). These considerations provide an understanding of the levels of admixture observed, which are corroborated by additional admixture analyses (see Supplementary Text 1).

In the East African dataset, the non-identification of selection signatures related to the climatic environment by the LFMM method was unexpected, especially in view of the strongly contrasting environments, in particular in terms of altitude and the finding of 10 environmental selection signatures in the West-Central African dataset. The East-African dataset differs from the West-Central one, in terms of admixture levels. It can be hypothesized that cross-breeding with exotic breeds populations has obscured the link between genome and environment, but this remains to be tested with larger datasets.

Moreover, the East African dataset did not reveal, via LFMM, any selection signatures related to the infestation rate by tsetse flies. Given the low contrasting levels of infestation across the breeds, this may be explained by a lack of statistical power. However, the high level of admixture may also have played key role. It has been reported that trypanosome tolerance levels were reduced in the descendants of crosses between trypanotolerant East-African goat and exotic breeds (Griffin and Allonby, 1979a,b), although this was not observed with Kenyan breeds (Whitelaw et al., 1985).

For the West-Central Africa region, the oldest goat remains date from about 2300 BC to 1900 BC (Blench et al., 2006). The West African Dwarf type has diversified into heterogeneous populations in tropical and equatorial areas and has developed trypanotolerance, in contrast with the Sahelian type, which has evolved in dry to arid environments (Adah et al., 1993; Bengaly et al., 1993; Osaer et al., 1994; Geerts et al., 2009). Several authors reported that crosses between West African Dwarf type and Sahelian goats are common over the last few decades (Trail et al., 1980; Blench, 1999; Hoeven et al., 2006). Our admixture analysis indicated that this has particularly affected the dwarf breeds of Burkina-Faso and Mali. Goossens et al. (1999) showed a decrease in trypanotolerance for crosses between West African Dwarf type and Sahelian type. Introgression of non-trypanotolerant genes in West African Dwarf types may explain the limited power of our analysis, which identified via the LFMM method only five selection signatures related to the level of infestation.

Finally, we note that the Bayescan and Hapflk softwares, which are sensitive to admixture, only showed a weak number of signatures and were not particularly suitable to these datasets, with local heterogeneous breeds. Moreover, it is interesting to note that for the East African dataset with the higher admixture levels and less outspoken trypanotolerance contrast, only PCAdapt retained enough power to identify selection signatures.



Selection Signatures

In all, considering the two datasets, with the PCAdapt and LFMM methods according to the climatic ranking and the level of infestation ranking, 41 selection signatures were identified, 33 of which were common to both datasets or were highlighted by different methods. Of these signatures, 18 have been detected previously in the literature, as mostly linked to climatic adaptation; and in particular, they were all identified in Serranito et al. (2021), except the signature targeting SOCS2.


Selection Signatures Unlikely to Be Trypanosome-Related

Considering the 18 signatures in detail, we identified via all four method, one selection signature near the NBEA gene in West and Central African goats. NBEA was reported to be associated with high altitude in Ethiopian sheep (Edea et al., 2019), Chinese sheep (Yang et al., 2016), cattle at high altitude (Zheng and Shabek, 2017), and yaks (Qi et al., 2019). Furthermore, it was found under selection in cattle (Howard et al., 2013), in Ugandan and Moroccan goats (Onzima et al., 2018; Benjelloun, 2015) and in Mediterranean sheep and goats (Serranito et al., 2021). This latest study postulates that this gene may play a predominant role in climate adaptation.

Four of the other 17 selection signature were found in both datasets: (i) FBXW4 and BTRC involved in lipid metabolism (Ishimoto et al., 2017); (ii) NCOR1 belonging to clock circadian gene network in cattle (Wang et al., 2015); (iii) RNF17 associated with fatty acid composition (Lemos et al., 2016), growth traits (Puig-Oliveras et al., 2014; Edea et al., 2018) and adaptation to climate variables in South African goats (Mdladla, 2016); and (iv) KLH1 and PCDH9, a major signature related to adaptation to aridity (Kim et al., 2016; Serranito et al., 2021).

Most of the remaining signatures were found only in the East African dataset: PRNP linked to susceptibility to prion disease in small ruminants (see Greenlee, 2019 for a review), NFATC3 involved in immunity (Minematsu et al., 2011), the milk genes CSN1S1 and CSN1S2 (see Martin et al., 2002), and two genes implicated in altitude adaptation, ADAMTS6 and SUCLG2. This is not surprising as the East African breeds under consideration live at mean altitudes varying from 590 meters in Kenya to 1,633 m in Burundi (Supplementary Table 5). ADAMTS6 is involved in porcine growth traits (Wu et al., 2019) and is associated with high altitude adaptation in Chinese sheep; whereas SUCLG2 was found to be associated with climatic conditions in Egyptian, Chinese, and Mediterranean sheep (Kim et al., 2016; Yang et al., 2016; Serranito et al., 2021), but also in yaks (Qi et al., 2019). Finally, SLC34A2 implicated in production and recycling of breath surfactant, in humans (Ma et al., 2018), was identified in the West-Central goat dataset, together with CRADD and SOCS2. The SOCS2 protein was found associated with hypoxia condition, in Chinese goat and Tibetan sheep (Wang et al., 2016; Yang et al., 2016), but has also been shown to modulate the innate and adaptive immune response in various experimental models of infection, including Toxoplasma gondii, Trypanosoma cruzi, and Plasmodium berghei ANKA (Machado and Aliberti, 2006; Esper et al., 2012; Machado et al., 2012; Brant et al., 2016).



Selection Signatures Potentially Linked to Trypanosomosis Tolerance

The most promising signatures have all been identified in the West and Central African dataset and included the following genes: DIS3L2, COPS7B, PD5A, UBE2K, and UBR1. There is no literature on AKAP6 and MKL2, but these signatures found in both datasets could indicate a significant role for these genes.

The selection signature potentially targeting UBR1 (E3 ubiquitin-protein ligase component n-recognition) was highlighted by PCAdapt, Bayescan, and Hapflk/Caviar. E3 ubiquitin-protein ligases are involved in many cellular processes in eukaryotes (Zheng and Shabek, 2017). Moreover, the E3-Ubiquitin ligase MARCH1 was shown to regulate type I interferon signaling, T cell activation, and IFN-γ production during malaria infections and was proposed to be a key molecule in immune responses and a potential target for immunotherapies (Wu et al., 2020). Furthermore, Kim et al. (2017) identified a selection signature targeting EPB42, which is close to UBR1 and is involved in pathways controlling anemia, in the trypanotolerant N’Dama cattle.

Interestingly, in addition to UBE2K and UBR1, also the ubiquitins UBE2D1 and UBR7 have been indicated by our study, as being subject to selection. Moreover, the degradation of NFATC3, also identified by this study, which plays key role in immunity, is ubiquitin-dependent. Indeed, ubiquitination plays a central role in the regulation of various biological functions including immune responses (Hu and Sun, 2016).

The human COPS7B protein level has been linked to the invasion efficiency of T. gondii (Ready, 2013). DIS3L2, located near COPS7B, is an RNA-binding protein with 3′-5′ exoribonuclease activity and plays an important role in cytoplasmic RNA surveillance and decay. Becker et al. (2020) suggested a potential link between the gene DIS3L2 and the gastrointestinal nematode resistance in sheep and postulated that DIS3L2 polymorphisms influence its degradation functions at the oligoU tail and hence modulate immune response to parasite infection. DIS3L2 has also been identified, among genes involved in cancer, cellular function and maintenance, and neurological disease, in West African cattle (Gautier et al., 2009). In Brazilian sheep, De Simoni Gouveia et al. (2017) found it associated with height variation.

A selection signature near the genes PD5A and UBE2K has previously been associated with the bovine resistance to endoparasites and more specifically with the antibody response to Fasciola hepatica (Kim et al., 2015; Twomey et al., 2019). Capalbo et al. (2012) suggested a role of PDS5A in HIV-1-induced cellular pathogenesis. The gene UBE2K was found associated with the immune response to a malaria-like parasite in a wild primate (Trujillo and Bergey, 2020).

We were able to identify selection signatures associated with climatic variables and the presence of tsetse flies, the cyclical vector of trypanosomes. Like tsetse flies whose geographic distribution depends on land cover and climate, other selective pressures are also associated with environmental factors and could thus overlap at least partly with nagana. Especially, numerous parasites and pathogenic agents are differentially distributed according to geographic and climatic patterns in Sub-Saharan Africa, like gastro-intestinal parasites (Bolajoko and Morgan, 2012), ticks (Walker et al., 2003; Silatsa et al., 2019) and Cowdria ruminantium (Esemu et al., 2011) transmitted by Amblyomma ticks. Genetic tolerance of goats to haemonchosis (Chiejina et al., 2015; Silva et al., 2018) and heartwater (Bambou et al., 2010; Donkin et al., 2015) has been reported. Therefore, the highlighted signatures cannot yet be associated exclusively with any of these diseases. Whereas co-infections between different pathogens are highly prevalent in Sub-Saharan Africa (Kusiluka and Kambarage, 1996), infection by a pathogen can modulate, in a positive or negative way, the host’s response to subsequent infections by other pathogens, suggesting complex interacting processes (Faye et al., 2002; Gonçalves et al., 2014). Moreover, some trade-offs could exist, since contrary to response to trypanosomosis, WAD goats could be more susceptible to Peste des Petits Ruminants, caused by a morbillivirus, than Sahelian populations (Diop et al., 2005). In any case, several genes targeted by selection signatures have been reported throughout the literature to be involved in immune mechanisms concerning different pathogens, mainly nematodes, platyhelminthes, or protozoan parasites.



CONCLUSION

We observed a number of selection signatures that could be potentially related to trypanosomosis tolerance in goats. The most consistent signature appears to involve the ubiquitination by the UBR1 gene, highlighted by all the methods used. Furthermore, the analysis of these two populations highlights that (i) the environmental conditions in West and Central Africa were characterized by a clear gradient related to the climate and land cover; and (ii) that West and Central African goats have remained relatively protected from inter-breeding crosses. These elements make this area of Africa a region of choice to study selection signatures linked to trypanosomosis. It will therefore be of particular interest to deepen these analyses by genotyping other breeds living in the different areas of contrasting parasitic pressures and to document epidemiological and environmental factors and breeding systems as well. All this emphasizes the importance of preserving indigenous stocks and their adaptation as legacy of thousands of years of evolution, instead of pursuing programs with short-term productive objectives. Finally, extending these analyses to sheep breeds will be most enlightening.
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A chicken genome has several regions with quantitative trait loci (QTLs). However, replication and confirmation of QTL effects are required particularly in African chicken populations. This study identified single nucleotide polymorphisms (SNPs) and putative genes responsible for body weight (BW) and antibody response (AbR) to Newcastle disease (ND) in Rwanda indigenous chicken (IC) using genome-wide association studies (GWAS). Multiple testing was corrected using chromosomal false detection rates of 5 and 10% for significant and suggestive thresholds, respectively. BioMart data mining and variant effect predictor tools were used to annotate SNPs and candidate genes, respectively. A total of four significant SNPs (rs74098018, rs13792572, rs314702374, and rs14123335) significantly (p ≤ 7.6E−5) associated with BW were identified on chromosomes (CHRs) 8, 11, and 19. In the vicinity of these SNPs, four genes such as pre-B-cell leukaemia homeobox 1 (PBX1), GPATCH1, MPHOSPH6, and MRM1 were identified. Four other significant SNPs (rs314787954, rs13623466, rs13910430, and rs737507850) all located on chromosome 1 were strongly (p ≤ 7.6E−5) associated with chicken antibody response to ND. The closest genes to these four SNPs were cell division cycle 16 (CDC16), zinc finger, BED-type containing 1 (ZBED1), myxovirus (influenza virus) resistance 1 (MX1), and growth factor receptor bound protein 2 (GRB2) related adaptor protein 2 (GRAP2). Besides, other SNPs and genes suggestively (p ≤ 1.5E−5) associated with BW and antibody response to ND were reported. This work offers a useful entry point for the discovery of causative genes accountable for essential QTLs regulating BW and antibody response to ND traits. Results provide auspicious genes and SNP-based markers that can be used in the improvement of growth performance and ND resistance in IC populations based on gene-based and/or marker-assisted breeding selection.
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INTRODUCTION

The genome-wide identification of genes linked to complex traits started in the 1990s (Zhang et al., 2012). The most suitable way to detect genetic variation for economically significant traits at the genome-wide level was to map quantitative trait loci (QTL; Soller et al., 2006). Earlier genomic studies have mostly used low-density marker assays like microsatellites (Goddard and Hayes, 2009). However, this approach does not provide novel information any longer (Zhang et al., 2012). Genome-wide association studies (GWAS) may now be undertaken on a larger scale thanks to the development of high-throughput genotyping tools and relevant statistical techniques (Sharmaa et al., 2015). Currently, GWAS is the most commonly used approach for searching a single variant and identifying functional complex traits genes (Berghof et al., 2018; Ji et al., 2019). Compared with previous QTL mapping approaches, GWAS is the most important in the detection of causal variants having simple effects. It is also powerful in delineating narrow genomic regions that have causal variants (MacKay et al., 2009; Sharmaa et al., 2015). GWAS does not assume that certain QTLs or genes are related to specific traits (Sharmaa et al., 2015), rather it gives the relationship between given traits and genetic markers (Berghof et al., 2018; Ji et al., 2019).

The use of GWAS in chickens has been to ascertain major loci related to economic traits (Liu et al., 2019; Saelao et al., 2019; Zhang et al., 2020). Most economic traits in animals display quantitative variation, which is regulated by many QTLs with comparatively small effects and altered by the environment (Tsudzuki et al., 2007). Growth performance traits are among the furthermost important economic traits in a poultry venture (Jin et al., 2015). Significant improvements in the study of growth performance traits in chicken have been realized, and many related genes and QTLs have been reported (Zhang et al., 2020). Over 1,500 QTLs, covering the majority of the chicken genome has been linked with growth performance traits (Hu et al., 2010; Sharmaa et al., 2015; Noorai et al., 2019). The majority of these reported QTLs are from crossbred chicken populations (Mebratie et al., 2019) and were discovered using microsatellites, markers with low map resolution, resulting in the detection of a few causative genes (Sharmaa et al., 2015).

Chicken has been threatened by various diseases (Jie and Liu, 2011) including Newcastle disease (ND; Kapczynski et al., 2013), a highly contagious viral disease of birds (El Sayed et al., 2016). The development of molecular and quantitative genetics assist in breeding for resistance in poultry (Walugembe et al., 2019). Currently, numerous efforts have been made globally to genetically improve disease resistance (Saelao et al., 2019). The immune capacity for specific diseases is a beneficial indicator of a good immunological response. This trait can be assessed and measured in live animals for indirect selection when breeding for resistance (Goddard and Hayes, 2009). Immunological characteristics such as antibody titres are heritable in poultry (Lamont et al., 2009; Lwelamira et al., 2009; Biscarini et al., 2010). This implies that there is a possibility of discovering loci and/or genes related to the immune and/or disease resistance traits. Selection for antibody response (AbR) is a suitable process for effectively improving resistance to diseases such as ND (Lillie et al., 2017). The development and distribution of disease-resistant chicken flocks represent a proactive approach for diseases control as compared to the current methods, which use drugs and vaccination (Dar et al., 2018). More than 10 QTLs associated with the antibody response to ND on chicken have been reported (Saelao et al., 2019; Walugembe et al., 2019).

Despite the existing QTL reports for BW and antibody response to ND in chicken, replication and confirmation of these QTL effects in IC in Rwanda have not been done. Growth performance and antibody response to ND of IC in Rwanda have been evaluated (Habimana et al., 2020b). This study examined the genetic architecture of BW and immune response to ND traits of IC in Rwanda. In this study, GWAS was performed to detect single nucleotide polymorphisms (SNPs) and candidate genes significantly related to growth and immune response to ND traits.



METHODOLOGY


Ethical Statement

All chicken manipulations were carried out as per the revised Animals Act 1986 with the approval of the ethical clearance committee of the College of Agriculture, Animal Sciences and Veterinary Medicine, University of Rwanda (Ref: 031/19/DRI September 2, 2019). The birds were humanely handled, and during the research, none of them was sacrificed.



Experimental Birds

Indigenous chicken (IC) used in this study were kept under the same conditions on- station at the University of Rwanda in the Eastern region, Nyagatare district as explained in Habimana et al. (2020b).



Phenotyping

The live body weights (BWs) of 185 ICs were weighed at the 20th week, and immune response to ND [mainly immunoglobulin Y (IgY)] titres recorded after 7 days from the second immunization (Table 1) as outlined in Habimana et al. (2020b).



TABLE 1. Means and SDs for 20-week body weight (BW) and antibody titres to Newcastle disease (ND) traits.
[image: Table1]



Genotyping

Blood samples from 185 ICs were collected using an EDTA tube. Promega genomic DNA extraction kit was used to extract genomic DNA from blood. The concentration and quality of Genomic DNA were assessed using NanoDrop™ 2000 spectrophotometer (Thermo Scientific™ Nanodrop 2000) and gel electrophoresis (1% agarose) ensuring they met genotyping requirements. Genotyping-by-sequencing (GBS) approach (at the BecA-ILRI –Integrated Genotyping Service and support, Nairobi – Kenya) was used to obtain the raw reads (Elshire et al., 2011).



Reads Alignment and SNP Calling

Raw reads were trimmed through sickle (Joshi and Fass, 2011) and aligned to Galgal6 (chicken reference genome) by the Burrows-Wheeler Alignment tool (BWA v0.7.17; Li et al., 2008). Picard package was used to remove duplicated reads. SNPs calling was done using SAMtools v1.3.1 (Li et al., 2009).

Resultant SNPs were subjected to the following filtering criteria in Plink v1.07 software (Purcell et al., 2007); minimum SNP quality of 20, 5% missing SNP genotypes, Hardy–Weinberg equilibrium (p < 10−6), call rate >95%, heterozygosity >0.4, and minor allele frequency >0.05. Genotype imputation was performed (Marchini and Howie, 2010) to increase the power of genome-wide analysis. Missing genotypes were imputed using the LD KNNi imputation method in Tassel 5.2.60 (Bradbury et al., 2007). For each chromosome, Tassel 5.2.60 estimated pairwise linkage disequilibrium (LD; Bradbury et al., 2007). Autosomal SNPs were pruned by using indep-pairwise parameters described by Wang et al. (2009), resulting in 65,945 independent SNP markers.



Data Analysis

Multidimensional scaling (MDS) based on the centred identical-by-state (IBS) approach was used to test the population structure. Pairwise IBS distances were computed using independent SNPs. MDS components were got using the MDS-plot option based on the IBS matrix. Due to the internal population structure, the first MDS component was included as a covariate in the statistical model for assessing SNP effects on growth and antibody response attributes to account for sample stratification. Tassel 5.2.60 was used to construct a relative kinship matrix (K) using 65,945 independent SNP markers (Bradbury et al., 2007).

The analysis for GWAS was performed using Tassel 5.2.60 (Bradbury et al., 2007). SNPs significantly associated with body weight and antibody response to ND were identified using the following mixed linear model (MLM) as implemented in Tassel (Zhang et al., 2010).

[image: image]

where y is the vector of quantitative traits (20-week bodyweight and antibody response to Newcastle disease); β, vectors containing fixed effect (sex, gene pools, and SNPs) and covariates (population structure); u, a vector of random effect of the relative kinship matrix constructed by matrix simple matching coefficients based on the independent SNPs; e, a vector of random residuals; and X and Z are design matrices.

The family-wise error rate was controlled by using a Bonferroni correction. Based on the estimated number of independent SNP markers, the threshold value of p of the 5% Bonferroni genome-wide significance was computed. Therefore, the threshold value of p of the 5% Bonferroni genome-wide significance was 7.6E−5 (0.05/65,945). Similarly, the threshold value of p for the significance of suggestive linkage allowing one false-positive effect in a genome-wide test (Lander and Kruglyak, 1995) was calculated using the same approach as above and was 1.5E−5 (1/65,945). Relationship of normal theoretical quantiles of the probability distributions between expected (x-axis) and observed (y-axis) values of p from each, the, respectively, associated trait was shown by the Quantile-quantile (QQ) plots (Supplementary Datasheet 2). A comprehensive view of all values of p for each trait’s SNP markers was observed via the Manhattan plot. Manhattan and QQ plots were produced by the qqman package of the R software (Turner, 2018).

BioMart data-mining (Kinsella et al., 2011) and variant effect predictor (Dashti and Gamieldien, 2017) tools were used to annotate all significant SNPs found in GWAS, as well as genes situated 100 kb upstream and downstream of these SNPs, respectively. This was done in order to catalogue all of the genes found around the discovered SNPs, resulting in the compilation of gene lists for BW and antibody response to ND traits.

Database for Annotation, Visualization, and Integrated Discovery (DAVID; Dennis et al., 2003) was used to analyze putative genes for each trait. Gene ontology and functional annotation clustering analysis were performed to figure out what the mapped genes mean biologically. When enrichment score (ES) of the DAVID, an adjusted Fisher exact value of p is higher, it reflects more enriched clusters. When an ES is more than unity, the functional category is overrepresented.




RESULTS

Genome-wide association study using genotyping by sequencing identified SNPs and putative genes linked to growth performance and immune response to Newcastle disease virus in indigenous chicken in Rwanda.


Population Structure of Indigenous Chicken in Rwanda

Multidimensional scaling analysis of 65,945 SNPs with the first two components revealed an internal population structure as explained by the variance among individuals’ population stratification (Figure 1).

[image: Figure 1]

FIGURE 1. Population structure revealed by multidimensional scaling (MDS) analysis in indigenous chicken (IC) in Rwanda.




Genome-Wide Association Studies


Possible Causal Variant for Body Weight in Indigenous Chicken in Rwanda

Location and annotation of all significant and suggestive SNPs identified by GWAS are displayed in Figure 2; Tables 2 and 3. A total of four SNPs (rs74098018, rs13792572, rs314702374, and rs14123335) significantly (p ≤ 7.6E−5) associated with 20-week BW were detected on chromosomes 8, 11, and 19. Furthermore, rs318161016, a suggestive SNP (p ≤ 1.5E−5) associated also with BW was detected on chromosome 4 (Figure 2).

[image: Figure 2]

FIGURE 2. Manhattan plot displaying significant and suggestive single nucleotide polymorphisms (SNPs) associated with IC body weight {the red line designates a Bonferroni-adjusted genome-wide threshold [−log10 (p) ≥ 6.1] and the blue line indicates a suggestive genome-wide threshold [−log10 (p) ≥ 4.8]}.




TABLE 2. Summary of significant SNPs and nearest genes detected at false discovery rate of 5% for body weight and antibody response to Newcastle disease in indigenous chicken in Rwanda.
[image: Table2]



TABLE 3. Summary of suggestive SNPs and nearest genes detected at false discovery rate of 10% for body weight and antibody response to Newcastle disease in indigenous chicken in Rwanda.
[image: Table3]

Lists of candidate genes situated 100 kb downstream and upstream of the significant SNPs for BW at week 20 are summarized in Table 2 and Supplementary Table S1. Among all the mapped genes in the candidate genomic regions, only four known genes namely pre-B-cell leukaemia homeobox 1 (PBX1), G-patch domain containing 1 (GPATCH1), M-phase phosphoprotein 6 (MPHOSPH6), and mitochondrial rRNA methyltransferase 1 (MRM1) were the closest to the significant SNPs (Table 2). One gene called Fibroblast growth factor 2 (FGF2) was reported in the vicinity of a suggestive SNP (Table 2).

Functional annotation clustering analysis of all mapped genes for BW exposed the presence of enriched gene groups related to transcription factor activity, sequence-specific DNA binding, arylamine N-acetyltransferase activity, and growth factor activity (Supplementary Table S2). The biological functions of all genes neighboring the significant and suggestive SNPs for BW were identified and are presented in the Supplementary Table S3.



Possible Causal Variant for Antibody Response to Newcastle Disease in Indigenous Chicken in Rwanda

Overall view of values of p for all the SNPs contributing to the antibody response to ND showed that a genomic region on chromosome 1 with four SNPs (rs314787954, rs13623466, rs13910430, and rs737507850) was strongly (p ≤ 7.6E−5) associated with the IC antibody response to ND after 7 days from the second immunization. Additionally, 10 suggestive SNPs (p ≤ 1.5E−5) detected on chromosomes 2, 4, 8, 13, 17, 19, and 26 influenced also antibody response to ND in IC in Rwanda (Figure 3).

[image: Figure 3]

FIGURE 3. Manhattan plot displaying significant and suggestive SNPs associated with antibody response to Newcastle disease {the red line designates a Bonferroni-adjusted genome-wide threshold [−log10 (p) ≥ 6.1] and the blue line indicates a suggestive genome}.


All genes located at 100 kb upstream and downstream of the four significant and suggestive SNPs were identified for antibody response to ND (Supplementary Table S1). Among the known genes, four including cell division cycle 16 (CDC16), zinc finger, BED-type containing 1 (ZBED1), myxovirus (influenza virus) resistance 1 (MX1), and growth factor receptor bound protein 2 (GRB2) related adaptor protein 2 (GRAP2) were the closest to the significant SNPs (Table 2). In addition, a total of 10 known genes namely ubiquitin-associated domain containing 1 (UBAC1), tubulin epsilon and delta complex 1 (TEDC1), Ras association domain family member 5 (RASSF5), intraflagellar transport 22 (IFT22), jumonji and AT-rich interaction domain containing 2 (JARDI2), gamma-aminobutyric acid A receptor, beta 2 (GABRB2), zinc finger homeobox 4 (ZFHX4), adenylate cyclase-activating polypeptide 1 (ADCYAP1), pterin-4 alpha-carbinolamine dehydratase 2 (PCBD2), and albumin (ALB) were mapped in the neighborhood of the identified suggestive SNPs (Table 3). Biological functions of these genes mapped nearby significant and suggestive SNPs for antibody response (Ab) response to ND are presented in Supplementary Table S3.

Functional annotation clustering analysis exposed the presence of enriched gene clusters associated with regulation of transcription, DNA-templated, metal-ions binding and transport, ATP binding, and cytokine activity (Supplementary Table S2).





DISCUSSION

Genome-wide association study is a prevailing tool for genetic analysis of essential traits in domestic animals. In this study, a GWAS experiment was performed to investigate the genetic basis of the BW and Ab response to ND among IC populations in Rwanda. A supposition made in GWAS is that it is possible to identify significant associations since SNPs are in LD with causal mutations for the traits of interest (Zhang et al., 2012).


Population Structure of Indigenous Chicken in Rwanda

The structured population witnessed in this study is consistent with findings in the previous report on the IC population in Rwanda (Habimana et al., 2020a). This population stratification could, however, confound GWAS. Nevertheless, the MLM method used in this study corrected for the stratification and removed confounding effects (Price et al., 2010) and markedly reduced the number of false-positive associations (Sharmaa et al., 2015).



Genome-Wide Association Studies


Possible Causal Variant for Body Weight in Indigenous Chicken in Rwanda

Bodyweight is under complex genetic control (Zhao et al., 2012). Detection of the molecular growth mechanism would contribute to a more efficient selection for growth in chicken (Deeb and Lamont, 2002). In this study, the GWAS resulted in the identification of four significant and one suggestive SNPs associated with BW. Of these four leading SNPs, one was detected on chromosome 8, two on chromosome 11, and one on chromosome 19. However, the strongest association signal was revealed on chromosome 8. This study confirmed the existing candidate genomic regions for BW on chromosomes 8 (Pértille et al., 2017) and 11 (Jennen et al., 2004; Jacobsson et al., 2005; McElroy et al., 2006). However, the region on chromosome 19, which is associated with BW can be taken as a novel candidate genomic region controlling BW in IC, since QTL or SNP was never reported in this genomic region.

In the present study, a suggestive QTL for 20-week BW was discovered on chromosome 4. This suggestive QTL corroborated previous studies, which revealed QTLs for BW on the same chromosome (Tsudzuki et al., 2007; Sharmaa et al., 2015; Pértille et al., 2017). Our study also confirmed a study by Johansson et al. (2010), which reported that a region on chromosome 4 was recounted to be subjected to intense selection in several chicken lines with different selection on BW for up to 50 generations. This phenomenon could be attributed to the fact that one QTL on chromosome 4 harbors genes with vast effects on developmental increases in BW (Ankra-Badu et al., 2010). Chromosome 4 could harbor an important genomic region for further analysis as the different selection responses in chicken lines are triggered by the genomic region covering one or more genes with genetic background-dependent effects. In previous studies, apart from chromosomes 4, 8, 11,16, 19, 20, 22, and 25, the remaining chromosomes including Z were reported to harbor QTLs affecting BW in chicken at different ages (Gu et al., 2011; Rikimaru et al., 2011; Xie et al., 2012). However, major QTLs are commonly mapped on chromosome 1 (Liu et al., 2007; Tsudzuki et al., 2007; Uemoto et al., 2009).

The differences in QTL affecting BW could be attributed to several factors such as breed types and generations (Gu et al., 2011; Xie et al., 2012) and experimental population used (McElroy et al., 2006). The magnitude of QTL affecting BW may be population-dependent and the frequency of alleles in any population depends on that population’s adaptive environment. For instance, the growth dynamics of local chicken are different from layers, broilers, and crossbreed populations (Ankra-Badu et al., 2010), and grandparental breeds used for the construction of the inter-crossed lines (Tsudzuki et al., 2007). Age differences also account for the differences in QTLs (Uemoto et al., 2009; Pértille et al., 2017). This study indicates the existence of several genes involved in the growth and development of chicken at various stages of life. In addition, age-specific QTLs have been found to control BW on chromosomes 1 and 4 in earlier studies; QTL controlling BW at initial stages was identified on chromosome 1 (Liu et al., 2007; Uemoto et al., 2009). This confirms the presence of major QTLs on chromosome 1 modulating early development (Rikimaru et al., 2011). Contrarily, QTLs for BW at later ages like in this study were uncovered on chromosome 4 (Rikimaru et al., 2011; Pértille et al., 2017) with few exceptional cases reported by Wardȩcka et al. (2002) and Kerje et al. (2003). Consideration should, therefore, be given to the age-specificity of the QTLs. Consequently, QTL studies on BW, each week from hatching to adult would be needed for the identification of age-specific QTLs. The discrepancy in QTLs in previous studies could be also a result of the mapping approach used. Earlier genomic studies have mostly used low-density microsatellites markers (Tsudzuki et al., 2007). Currently, GWAS employs, however, SNPs as potential markers that are dispersed throughout the whole genome at a higher density (Zhang et al., 2012). Finally, the choice of the statistical model could explain the inconsistent results (McElroy et al., 2006). Some studies used a general linear model (GLM; Wang et al., 2015; Zhang et al., 2015a), and others including this study, used a MLM (Zhang et al., 2013; Mebratie et al., 2019). The study by Mebratie et al. (2019) emphasized that using GLM and MLM in GWAS, does not essentially give the same results even without the presence of a robust population structure in the data. Kennedy et al. (1992) reported that in the presence of relations between animals, the use of GLM analysis results in an inflated F-test. This leads to an excess of spurious significant effects of QTLs, even if there is no effect or bias in effect estimation. The MLM approaches have, however, demonstrated worthwhile in controlling population structure and relatedness within GWAS. This analysis method offers the utmost power to discover QTLs while controlling at the preferred level for false-positive rate or false discovery rate and providing the greatest accurate estimates of QTL effect (Zhang et al., 2010; Ekine et al., 2014).

Regions on chromosomes 8, 11, and 19 seemed to be promising genomic regions for putative genes controlling indigenous chicken BW. Within these genomic regions, five candidate genes namely PBX1, GPATCH1, MPHOSPH6, MRM1, and FGF2 were discovered. PBX1 gene, localized in the nucleus (Berthelsen et al., 1999; Mercader et al., 1999), has been known as a homeodomain transcription factor that can form heterodimers with homeodomain proteins. These proteins are encoded by the homeotic selector (Hox) gene complexes and rise their DNA-binding affinity and specificity. McWhirter et al. (1997) suggested that interactions between PBX1 gene and homeodomain proteins were required for Hox proteins to control downstream target genes that in turn regulate growth, differentiation, and morphogenesis during development. The expression pattern of this gene suggests its importance in early nervous system development. This gene was initially identified for its role in the translocation of the chromosome which happens in pre-B acute lymphoblastic leukaemia (Kamps et al., 1990; Nourse et al., 1990). Besides, Charboneau et al. (2006) revealed the involvement of PBX1 in pro-angiogenic Hox DNA binding and transcriptional activity in endothelial cells. A study in the rodent fibroblast revealed that PBX1 encodes a new different member of the fibroblast growth factor (FGF) family (McWhirter et al., 1997). The same study unveiled that PBX1 homeodomain was required for the induction of FGF. This confirms the presence of FGF2 among the identified candidate gene in this study. Therefore, we may hypothesize that PBX1 has a significant effect on chicken growth. FGF2 is known for its role in regulating skeletal muscle satellite cell proliferation. Also, FGF2 is famous to be related to chicken growth (Xue et al., 2017). Another study confirms this by revealing two genes of the family of FGF namely growth factor binding protein 1 (FGFBP1) and 2 (FGFBP2) in modulating chicken growth (Ankra-Badu et al., 2010). GPATCH1 gene is involved in mRNA processing. Besides its role in RNA transport inside the cells, the G-patch domain has been linked with other RNA processing functions (Yiu et al., 2004). This gene was identified and was believed to be associated with biogenesis and the developmental process in Goat (Brito et al., 2017). Moreover, it has been characterized as a novel cholesterol metabolism regulator, reducing cholesterol synthesis, and increasing the concentration of low-density lipoprotein uptake in chicken (Zhang et al., 2019). The role of the GPATCH1 gene in modulating BW in chicken has not yet been elucidated. MPHOSPH6 gene is involved in maturation of 5.8S rRNA and a novel target in Cytokine-mediated modulation of the hepatic miRNome (Kirchmeyer et al., 2018). Besides, MPHOSPH6 regulates the shrimp cell cycle and development of ovary in black tiger (Zhou et al., 2013). However, its role in BW regulation in chicken has not been yet discussed. MRM1 gene is an enzyme-directed rRNA 2'-O-methylation (Lee et al., 2013; Lee and Bogenhagen, 2014), but its function in controlling BW has not been established.

In the present study, some QTLs for 20-week BW are overlapping those already found in previous studies and others have never been reported. This study, therefore, postulates that these genomic regions may play a key role in the fundamental molecular mechanisms that are responsible for BW. These genomic regions are hence separate in many various chicken populations, confirming the difference in BW revealed in IC gene pools in Rwanda (Habimana et al., 2020a). Besides, this study offers a preliminary assumption that genes uncovered in these genomic regions could be promising candidate genes for 20-week BW in IC populations in Rwanda. Extra confirmation experimentations, however, suggest PBX1, GPATCH1, MPHOSPH6, and MRM1 be novel targets for 20-week BW. For additional validation of the importance of these genes, studies including their silencing and overexpression need to be conducted both in-vivo and in-vitro. Since growth performance is the utmost crucial trait of selection, getting profound insights into the growth molecular mechanism would result in a more efficient selection for growth performance in chickens.



Possible Causal Variant for Antibody Response to Newcastle Disease in Indigenous Chicken in Rwanda

Host antibody response to viruses is a composite process (Fischer et al., 2013). Immune response to ND could be considered as a quantitative trait under polygenic control, but having few QTLs (Biscarini et al., 2010; Luo et al., 2013; Saelao et al., 2019). In this present study, all four significant SNPs strongly (p ≤ 7.6E−5) associated with antibody (Ab) response to ND were detected on chromosome 1 (50,383,558–137,692,275 bp). This study confirmed the findings by Luo et al. (2013) and Saelao et al. (2019) who recounted chromosome 1 to harbor genomic region associated with Ab response to ND, hence strongly suggests the presence of an important regulatory region for ND control in this region. Also, this genomic region on chromosome 1 overlays the QTLs for the Ab response to sheep red blood cells (Dorshorst et al., 2011). Therefore, this region could have great importance for chicken immune response and, probably, disease resistance in general.

Conversely, results from this study differed from those previously reported (Yonash et al., 2001; Biscarini et al., 2010; Wang et al., 2015). Yonash et al. (2001) reported that QTLs for the Ab response to ND in broiler chicken were located on chromosomes 2 and 18. Biscarini et al. (2010) reported 13 QTLs related to Ab response to ND on chromosomes 3, 4, 5, 9, 13, 16, and 22, and Z. Wang et al. (2015) revealed six QTLs affecting Ab response to ND on chromosomes 2, 4, and Z, whereas Jacob et al. (2000) discovered on chromosome 16, major histocompatibility complex (MHC) which is associated with chicken immunity (Zhou and Lamont, 2003; Zhang et al., 2015b). These inconsistent results could have happened for numerous reasons; comprising a dose of ND vaccine applied, time post-vaccination, markers used, choice of statistical models, the genetic composition of the experimental populations, and limited power of most QTLs mapping studies (McElroy et al., 2006; Ioannidis et al., 2009; Saelao et al., 2019).

The current study used IC resource populations, while other previous studies were based on broiler and layer populations (Yonash et al., 2001; Biscarini et al., 2010). The present work used an MLM while the previous studies performed GWAS through a GLM (Wang et al., 2015). The majority of the previous studies used microsatellite markers whereas this study performed GWAS using SNPs. In addition, the nature of the Ab response targeted could result in different QTLs (Saelao et al., 2019). Previous studies focused on the primary Ab response to ND virus, while the present study scrutinized the secondary Ab response to ND virus. In the primary Ab response, the main class of Ab produced is immunoglobulin M (IgM) whereas in the secondary Ab response is IgY (Sarker et al., 1999); thus, the ranking of chicken on Ab response to the primary vaccination could be different to that after the second one leading to the detection of different QTLs (Biscarini et al., 2010). The QTLs for the Ab response to ND in this study could reflect the aptitude of the memory cell pool to respond to ND.

In addition to the significant SNPs, 10 suggestive SNPs (p ≤ 1.5E−5) were detected on chromosomes 2, 4, 8, 13, 17, 19, and 26. However, apart from chromosomes 2, 4, and 13 which were reported earlier (Rowland et al., 2018; Saelao et al., 2019; Walugembe et al., 2019), there were no other earlier studies on QTLs modulating ND antibody response on chromosomes 8, 17, 19, and 26. Contrarily, Luo et al. (2013) uncovered a candidate QTL for the ND antibody response on chromosome 12. This could be attributed to the different techniques used in the current study to identify SNPs, which might have permitted the detection of novel SNPs. Surprisingly and consistently, one QTL currently identified on chromosome 4 was also associated with BW at 20 weeks of age. This could be explained by the pleiotropic mechanisms of the QTL region on that chromosome.

Some QTLs for ND antibody response reported in the current study confirmed those found in earlier studies, and other ones have never been reported. This study, therefore, hypothesizes that the reported genomic regions could contribute to the important molecular mechanisms responsible for the total effective host AbR. These genomic regions segregate in several diverse chicken populations, confirming the difference in Ab response to ND existing in IC gene pools in Rwanda (Habimana et al., 2020a). However, further investigations preferably with independent and large populations (Spelman and Bovenhuis, 1998; Marklund et al., 1999), are needed to validate the findings from this study.

Disease resistant genes encode antibodies, microRNA, and other materials helping the host to repel the harm caused by pathogens (Dar et al., 2018). So far, lots of anti-disease genes (MH, NRAMP1, IFN, MX, ANTI-ALV, ZYXIN, TVB, CD1B, CD1CB, ROBO1, ROBO2, CHMP2B, MHC, SEMA5A, and TGFBR2) have been revealed with the development of several molecular technologies and assays in chickens (Zhang et al., 2015b; Deist et al., 2017; Lillie et al., 2017). Other genes related to poultry immunity (CAMK1d, CCDC3 TIRAP, ETS1, and KIRREL3) are still under a validation process (Saelao et al., 2019). However, the accurate mechanism of disease resistance is not entirely clear (Jie and Liu, 2011), and only a few causal genes have been identified due to low map resolution (Luo et al., 2013). Many more genes associated with disease resistance (Jie and Liu, 2011) could be revealed with a high map resolution.

This study revealed, however, 14 putative genes (CDC16, ZBED1, MX1, GRAP2, UBAC1, TEDC1, RASSF5, IFT22, JARDI2, GABRB2, ADCYAP1, PCBD2, ZFHX4, and ALB) associated with Ab response to ND in IC populations in Rwanda. The gene ontology annotation advises that all these genes contribute to the regulation of transcription, binding, transport, cytokine activity, and immune responses. Among these genes, four were near the significant SNPs (CDC16, ZBED1, MX1, and GRAP2). These genes might be used as putative genes to be further explored to determine associations with Ab response to ND in IC populations in Rwanda.

The CDC16 gene identified in this stud is yet to be characterized in chicken immunity. In mammals, the CDC16 gene is, however, necessary for the normal coupling of DNA replication to mitosis and might act downstream of CDC28 to negatively control DNA replication (Heichman and Roberts, 1998). This gene plays a significant role in cellular functions in mammals, and defects of which are closely associated with various disease processes (Shi et al., 2018). Besides, Paglialunga et al. (2017) established a vital role for CDC16 in maintaining in vivo β-cell mass. This gene may have a similar function in chickens and could be a promising gene for Ab response for ND in chickens. ZBED1 gene also known as DNA replication-related element-binding factor uncovered in this study, was initially identified as a transcription factor in Drosophila (Hirose et al., 1996). It binds to box A and positively regulates genes involved in DNA replication and cell proliferation, such as the proliferating cell nuclear antigen and DNA polymerase (Matsukage et al., 2008). Later on, a study found that ZBED1 played a crucial role in promoting proliferation and decreases the chemosensitivity of gastro cancer cells (Jiang et al., 2018). Still, no information concerning its function and key mechanisms in chicken immunity is reported. GRAP2 gene also known as GADS, GRAP-2, GRB2L, GRBLG, GRID, GRPL, GrbX, Grf40, Mona, and P38 has been identified in the current study. The function of this gene has not yet been established in chicken but it has been shown in humans that the GRAP2 gene is involved in leukocyte-specific protein-tyrosine kinase signaling and immune response by stimulating T cells (Dufner et al., 2015; Breuning and Brown, 2017). This role makes this gene a promising gene for Ab response for ND in Chicken. This study confirmed the previous results which revealed that MX1 gene was associated with Ab response to ND in chicken (Mpenda et al., 2020). Apart from that, the MX1 gene is associated with resistance to avian influenza (AI) and infectious bursal disease virus (IBDV; Yin et al., 2010; Ewald et al., 2011; Jie and Liu, 2011). Thus, this is an indication that the MX gene is involved in chicken immunity.

Ten genes (UBAC1, TEDC1, RASSF5, IFT22, JARDI2, GABRB2, ADCYAP1, PCBD2, ZFHX4, and ALB) were found to be associated with suggestively correlated SNPs for Ab response to ND in this study. All these candidate genes for Ab response to ND have not been heretofore directly associated with immune response in poultry (Adhikari and Davie, 2018; Elbeltagy et al., 2019). Some of these genes are new genes in the chicken and have mostly been discussed in other species (Zhou et al., 2014; Fleming et al., 2016; Zhuang et al., 2020). Further examination is therefore required to prove these novel genes as putative genes for Ab response to ND in chicken. Kompetitive Allele Specific Polymerase Chain Reaction (KASP)-based markers (Semagn et al., 2014; Islam and Blair, 2018) could be developed using the SNPs significantly associated with Ab response to ND and validated before being used to screen targeted chicken breeds to establish the involvement of these genes in chicken immunity to ND. Another approach will be to develop an RNA-guided cas9 nuclease from the microbial clustered regularly interspaced short palindromic repeats (CRISPR-CAS9) protocol (Ran et al., 2013; Doudna and Charpentier, 2014) for chicken with the ultimate aim of silencing these genes to ascertain their role in the chicken immunity to ND.





CONCLUSION

Genomic regions that putatively control body weight and antibody response to Newcastle disease in an indigenous chicken were identified in the current study. This information provides insights on the genetic control of these traits and makes available genetic markers that could be useful for selective breeding programs to improve growth performance and ND resistance in IC. Few of the genomic regions overlapped with hitherto reported QTL regions provide evidence for confirmation of these QTLs and their corresponding effects. In addition, the variants and genes uncovered for the first time in this study, merit further scrutiny to understand the fundamental molecular mechanisms before practical application.
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Dromedary camels are outstanding livestock that developed efficient abilities to tolerate desert conditions. Many dromedary camel-types (i.e., named populations) exist but lack defined specific breed standards, registries, and breeders’ governing organizations. The breed status of dromedary camel-types can partly be assessed by exploring mitochondrial DNA (mtDNA) variation. Accordingly, this study aimed to examine the breed status and the inter-population relationships of dromedary camel-types by analyzing sequence variation in the mtDNA control region and in three coding genes [cytochrome b, threonine, and proline tRNA, and part of the displacement loop (D-loop)] (867 bp region). Tail hair samples (n = 119) that represent six camel-types from Kuwait were collected, extracted, sequenced, and compared to other publicly available sequences (n = 853). Within the sequenced mitochondrial region, 48 polymorphic sites were identified that contributed to 82 unique haplotypes across 37 camel-types. Haplotype names and identities were updated to avoid previous discrepancies. When all sequences were combined (n = 972), a nucleotide diversity of 0.0026 and a haplotype diversity of 0.725 was observed across the dromedary-types. Two major haplogroups (A and B) were identified and the B1 haplotype was predominant and found in almost all dromedary-types whereas the A haplotypes were more abundant in African regions. Non-metric multidimensional scaling revealed an increased similarity among Arabian Peninsula “Mezayen” camel-types, despite their defining coat colors. The relationships among dromedary camel-types can partly be explained by mtDNA. Future work aimed at a deeper understanding of camel-type breed status should focus on a high number of nuclear markers.
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INTRODUCTION

The dromedary, Camelus dromedarius, is well-known for its adaptations to harsh desert conditions. The adaptations include structural (Alsafy et al., 2013; Achaaban et al., 2016), physiological (Adamsons et al., 1956; Schmidt-Nielsen et al., 1956), and behavioral traits (Mitchell et al., 2002; Djazouli Alim et al., 2012). The natural adaptations of the dromedaries were anthropologically exploited via (1) its domestication around 2000–3000 years B.C., (2) the expansion of their uses, and (3) the development of unique populations (i.e., camel-types) (Uerpmann and Uerpmann, 2002; Almathen et al., 2016; Orlando, 2016). However, unlike other domesticated animals (e.g., cattle, sheep, horses, dogs, and cats), dromedaries do not currently have breed definitions, standards, registries, or breeders’ organizations (Arman, 2007; Lynghaug, 2009; Alhaddad and Alhajeri, 2019). Named dromedary populations are locally known and occasionally documented, but little is known about their breed status. As a result, named camel populations are referred to here as “camel-types” instead of breeds (Alaskar et al., 2021). Porter et al. (2016) has reported about 200 different camel-types, yet many displayed overlapping characteristics and thus may include types with synonymous names. Using a few STR markers, AlAskar et al. (2020) partially explored the breed status of dromedary camel-types; the inconclusive conclusions suggested exploring the populations using mitochondrial DNA (mtDNA) sequence variation or a higher number of nuclear markers.

Mitochondrial DNA variation can be used to gain a better understanding of dromedary populations, types, evolution, and domestication history. Analyses of mtDNA variation have been used to identify (1) maternal lineages (Jansen et al., 2002; Yang et al., 2018), (2) wild ancestry (Kadwell et al., 2001; Naderi et al., 2008; Kimura et al., 2010), and (3) geographic origins of different species (Cieslak et al., 2010; Di Lorenzo et al., 2015; Almathen et al., 2016). With a focus on domesticated animals, mtDNA variation have been used to study the breed relationships of Bactrian camels (Ming et al., 2017), horses (Hristov et al., 2017), donkeys (Cozzi et al., 2018), goats (Kibegwa et al., 2016), and cattle (Di Lorenzo et al., 2018). The mitochondrial genome of dromedary camels is ∼16.6 kb in length and consists of genes encoding tRNAs (22 genes), rRNAs (2 genes), sequence tagged sites (STS) (3 sites), NADH dehydrogenase (7 genes), cytochrome c oxidase (3 genes), ATP synthase (2 genes), and cytochrome b (a single gene) (GenBank accession number: NC_009849, Huang et al., unpublished). The control region is the longest within the mitochondrial genome (1,124 bp) and the most variable non-coding region (Stoneking et al., 1991). The displacement loop (D-loop), which is located within the control region, exhibits the highest levels of polymorphism and accordingly is used for evolutionary studies (McMillan and Palumbi, 1997). mtDNA variation has been investigated in dromedary camels with a focus on the D-loop in addition to tRNA (mostly proline and threonine) and cytochrome b sequences. Using this localized sequence variation, Almathen et al. (2016) found that dromedary populations, combined based on country of origin, exhibited no clear phylogeographic clustering. Also, the authors reported two major haplogroups (A and B), which consisted of 76 haplotypes of different frequencies (Almathen et al., 2016). Nonetheless, the naming and assignment of haplotypes into haplogroups lacked a clear methodology, and the haplotype sequences and positions of mutation(s) were not reported.

The objectives of this study were to: (1) re-examine the molecular variation within an mtDNA region using 972 dromedary samples, (2) evaluate the molecular variation within and among dromedary camel-types, (3) classify and report haplogroups and haplotypes, (4) investigate the relationship between the identified haplotypes and the camel-type’s naming system and geography, (5) test the hypothesis that having an apparent selection criteria in specific camel-types may affect haplotype variability, and (6) evaluate the relationships within “Mezayen” camel-types also known as “beauty pageant camels.”



MATERIALS AND METHODS


Samples and DNA Extraction

Tail-hair specimens (n = 119) of unrelated dromedary camels were selected from the Cdrom Archive (Alhaddad and Alhajeri, 2018, 2019) for the current study. Relatedness was avoided not only by looking at the information associated with each dromedary camel and its pedigree, but also by avoiding the inclusion of more than one sample per breeder when possible. Selected samples belonged to six dromedary camel-types: Majaheem, Sofor, Shaele, Shageh, Homor, and Waddah (Porter et al., 2016; Supplementary Table 1). DNA was extracted from approximately 30 tail-hair follicles using a DNA extraction kit (PureLink Genomic DNA Mini Kit, Thermo Fisher Scientific) following an established protocol (Alhaddad et al., 2019). The quality of the extracted DNA was evaluated using a 1.5% agarose gel and the quantity and purity of the extracted DNA was assessed using eight channel nanodrop spectrophotometry (NanoDropTM 8000 Spectrophotometer, Thermo Fisher ScientificTM) at the Biotechnology Center at Kuwait University.



Amplifying and Sequencing of the Target Region Using PCR

A mtDNA fragment of 867 bp length was amplified using a primer-pair previously designed and published Almathen et al. (2016): CB_F 5′ CCTAGCATTTATCCCCGCACTA3′ and tPRO_R 5′ GGTTGTATGATGCGGGTAAATG 3′. This fragment included the end of cytochrome b (184 bp), transfer RNA threonine and proline (134 bp), and the beginning of a control region spanning STRs (549 bp). PCR reaction was carried out in a total volume of 20 μl containing: 4–84 ng genomic DNA, 0.6 μM of each primer, 10 μl of Taq PCR Master Mix Kit (QiagenTM) and completed to the final volume with nuclease free water. The PCR cycle was as follows: (1) an initial denaturation step at 94°C for 3 min, (2) 40 cycles each of denaturation at 94°C for 30 s, annealing at 60°C for 45 s, extension at 72°C for 90 s, and (3) a final extension step at 72°C for 5 min. The amplified DNA product was visualized in a 1.5% agarose gel then purified using ExoSAP-ITTM PCR Product Cleanup Reagent (Applied BiosystemsTM) as recommended by the manufacturer.

Using both forward and reverse PCR primers, independently, the PCR product was sequenced using Sanger sequencing (BigDye Terminator v3.1 Cycle Sequencing Kit, Thermo Fisher Scientific) following the manufacturer’s protocol. The sequencing reaction was carried out in a final volume of 20 μl containing: (1) 8 μl of BigDye Terminator Master Mix, (2) 2 μl of each primer (0.6 μM) in two separate reactions, (3) 8 μl of deionized water, and (4) 2 μl of the amplified PCR product. Sequencing products were purified using the BigDye XTerminatorTM Purification Kit (Applied BiosystemsTM) and its protocol. Sequences were analyzed using ABI 3130XL Genetic Analyzer at the Biotechnology Center in Kuwait University and submitted to GenBank (accession numbers MT164347 – MT164465).



Sequence Quality and Alignment

Each sequence was visually inspected for quality, and only sequences with a clear chromatogram were included in the downstream analyses. Sequences of each individual (one using the forward primer and one using the reverse primer) were subjected to manual editing and cleaning using FinchTV (FinchTV® 1.5.0, Geospiza, Inc., Seattle, WA, United States). Cleaned forward and reverse sequences were aligned to obtain the consensus sequences using BioEdit v.7.2.5 (Hall, 2013). A multiple sequence alignment was created for the generated consensus sequences of all samples using the CLUSTALW method as implemented in MEGAX (Kumar et al., 2018). Although the flanking regions were obtained using designed primers, sequences were cropped to match/align them with publicly available sequences of previously established studies (Almathen et al., 2016).

Beside the generated sequences in this study, publicly available sequences (n = 759) were retrieved and used in this study (Accession numbers JX946206-JX946273 and KF719283-KF719290) (Almathen et al., 2016) in addition to 95 unpublished sequences obtained from Saudi Arabia (Almathen, unpublished). The combined sequences belonged to 37 dromedary camel-types from 21 countries (Supplementary Figure 1 and Supplementary Table 2).



Nucleotide and Haplotype Diversities

Sequences were assigned into mitochondrial haplotypes (mitotypes) using DnaSP software v 6.0, (Rozas et al., 2017). Using Pegas package (Paradis, 2010) in R software (R Development Core Team, 2018), the nucleotide diversity (Nei, 1987) was calculated using the function (nuc.div) and the haplotype diversity using (hap.div). To compare the effect of using D-loop independently to the use of the D-loop in addition to coding genes in terms of mitochondrial haplotype assignment, two sequence sets were created. The first included the whole 867 bp mtDNA (including cytochrome b, threonine, and proline tRNA, and D-loop) for all sequences. The second set of sequences included only the control (D-loop) region (552 bp in length).

Haplotype frequencies were analyzed in relation to geography and the dromedary camel-type naming system. Mitochondrial haplotypes with a frequency less than 0.019 were considered as “low frequency.” The aforementioned cut-off was calculated using the sample size formula ([image: image]), where: Z = Z value (e.g., 1.96 for 95% confidence level), p, population proportion expressed as a decimal (0.5 was used), c, confidence interval, expressed as a decimal (e.g., 0.04 = ± 4). So, when applying a confidence level of 95%, confidence interval of 20, and population size equals the total obtained haplotypes of 82, it was found that the minimum required sample size for a haplotype to be 19 individuals.



Amendment of the Existing Haplotypes Nomenclature

The initial haplogroup naming system (A and B) was retained as previously reported (Almathen et al., 2016) to avoid confusion. The major haplotypes extending from haplogroups A and B were renamed based on sequence similarity to the major groups and their frequencies. For example, five major haplotypes were identified in haplogroup B, with frequencies (in percentage) equal to 50.5, 7.7, 7.1, 6.8, and 2.9, which were named as B1, B2, B3, B4, and B5, respectively. Haplotypes with frequencies less than 1.9% (this cut-off is based on the sample size formula – see above) were named sequentially following the names of the major haplotypes. For instance, haplotypes that directly originated from B1 were given names sequentially from B6 to B29, and haplotypes that originated from B2 were named starting with B30. A total of 82 haplotypes were assigned to the two haplogroups, where haplogroup A had 24, and haplogroup B had 58 haplotypes.



Mitochondrial DNA Relationships

Phylogenetic relationships between identified haplotypes were inferred using the Bayesian method, as implemented in MRBAYES software v 3.2.7a (Huelsenbeck and Ronquist, 2001; Ronquist et al., 2012). HKY + I + G (Hasegawa et al., 1985) nucleotide substitution model with gamma correction (α = 0.0221) was used as the best fitting model for the 82 identified haplotypes based on lowest Akaike Information Criterion with correction for small sample size (AICc) (Akaike, 1974) value using jModelTest v 2.1.10 (Posada, 2008). Two independent Markov Chain Monte Carlo runs of two million generations each were used, with trees sampled every 1000 generations from the posterior distribution; the first 25% of the trees were discarded as burn-in generations (Almathen et al., 2016). Clade support was determined using Bayesian posterior probabilities and the same starting tree was used for each chain. Nonetheless, using different random starting trees showed similar results. The convergence and stationary of the post-burn-in tress was confirmed as well as the post-burn-in effective samples size (ESS) using TRACER v 1.7.1 (Rambaut et al., 2018). The relationships between the identified haplotypes were summarized via Median Joining Networks (MJ) using NETWORK software v 5.0.1.1 (Bandelt et al., 1999). The generated networks were modified using Network Publisher v 2.1.2.5.

The level of genetic differentiation between the dromedary camel-types was deduced by performing an Analysis of Molecular Variance (AMOVA) and by calculating mtDNA pairwise genetic differences Fst using ARLEQUIN v 3.5.2.2 (Excoffier and Lischer, 2010). Pairwise genetic distances between samples were visually inspected in a non-metric multidimensional scaling (NMDS) plot using the R package vegan (Oksanen et al., 2013).

Dromedary camel haplotypes were compared to five ancient dromedary camel samples (KT334309-KT334313), four Bactrian camel samples (KF640731, FJ792680, FJ792683, and KF640727), four wild Bactrian camel samples (FJ792685, FJ792684, EF212038, and NC_009629), seven guanaco samples (JQ754689-JQ754692, JQ754705, AY535173, and AY535174), sixteen vicuña samples (JQ754672-JQ754688), and six horse samples (MH032886-MH032891). The relationship between dromedary camel haplotypes and other species was investigated via a neighbor joining tree with a bootstrap value based on 1000 iterations using MEGAX software (Kumar et al., 2018).




RESULTS


Mitochondrial DNA Polymorphism and Nucleotide Diversity

Over the 867 bp sequence alignment, 48 polymorphic sites (substitutions) were observed, 38 of which were parsimony informative sites (i.e., contain at least two different nucleotides and at least two of them occur with a minimum frequency of two) while the rest were singleton variable sites (i.e., contain at least two different nucleotides with one of polymorphisms in overall high frequency). The majority of the detected polymorphisms were in the D-loop region (Figure 1 and Supplementary Tables 3, 4). The identified polymorphic sites resulted in 82 unique haplotypes. Analysis of the polymorphic sites at cytochrome b and threonine tRNA genes with MAF (minor allele frequency) greater than 0.1 showed no effect of geographic separation among samples (i.e., alleles are equally present in different dromedary camel-types of different countries as well as different continents).
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FIGURE 1. A graphical representation of the sequenced mtDNA fragment along with the parsimony informative sites and their minor allele frequency. Vertical lines represent the minor allele frequencies (MAF) of parsimony informative sites. Singletons were excluded.


The average nucleotide and haplotype diversities across all studied dromedary samples were 0.0026 and 0.725, respectively. The level of nucleotide diversity ranged from 0.0005 in the Targui camel-type to 0.0054 in the Hawari camel-type, and the level of haplotype diversity ranged from 0.378 in the Shageh dromedary camel-type to 0.964 in the Omani camel-type. Kuwaiti Majaheem samples displayed signs of homogeneity, having the smallest nucleotide diversity value within the type, and a low haplotype diversity. In fact, all camel-types from Kuwait (Majaheem, Sofor, and Shaele) showed low nucleotide and haplotype diversities compared to their counterparts from Saudi Arabia (Supplementary Figure 2).



Haplotype Frequencies and Relationships

The already established haplotype nomenclature was slightly modified to correct discrepancies in a published study (Almathen et al., 2016). The first discrepancy was that identical sequences were assigned different names [e.g., haplotype B59 (JX946241) is identical to B73 (KF719287), B60 (JX946242) is identical to B74 (KF719288), and A65 (JX946240) is identical to A75 (KF719289)]. The second discrepancy was that two haplotypes were named after haplogroup B while belonging to haplogroup A (B69 and B76). Furthermore, nine new haplotypes were discovered in the current study (Supplementary Figure 3).

The investigated dromedary camel samples (n = 972 sequences) were represented by two haplogroups (A and B). Most haplotypes were classified under haplogroup B, which together contained 58 unique haplotypes (B1–B58), while haplogroup A contained 24 haplotypes (A1–A24) (Figure 2). Haplotype sequences (only parsimony informative sites) along with their accession numbers, and old and new names are listed in Supplementary Table 5. Among the 82 identified haplotypes, seven exhibited high frequency and were found in 806 dromedary camels (82.9%) and thus referred to as major haplotypes (B–B5 and A1–A2) (Supplementary Figure 4). A haplotypes exhibited the A allele at nucleotide position 375 (Mt reference position nt 15495) while B haplotypes showed the G allele. A Median Joining Network of the dromedary camel sequence haplotypes displayed the two haplogroups (A and B) connected to each other through a median vector (i.e., unsampled haplotype) (Supplementary Figure 4). Both haplogroups included a mixture of haplotypes of different frequencies in the analyzed populations. The interrelationships between mitochondrial haplotypes are illustrated in Figure 3.


[image: image]

FIGURE 2. Unrooted phylogenetic tree of the 82 dromedary camel haplotypes. The new haplotype naming system based on this study. Values above branches are posterior probabilities (PP). Blue branch lines indicate haplogroup B sequences with posterior probability values = 1, while the yellow line designate haplogroup A sequences with a posterior probability = 1. Branches colored in black have PP values < 1.



[image: image]

FIGURE 3. Median Joining Network of 867 bp camel mtDNA sequences. Singletons were excluded resulting in 47 haplotypes. Red circles represent median vectors. Colors are based on haplotype identity and frequency.


When only D-loop (control region) was analyzed, 27 polymorphic sites were identified, which assigned the sequences to 58 haplotypes. Despite the decreased number of identified haplotypes compared to the analysis of the entire sequenced region, the proportions of haplotypes remained generally the same across dromedary camel-types and countries except for the low-frequency haplotypes (Supplementary Figure 5). Dromedary populations of some countries displayed a slight reduction in the proportions of A haplotypes (e.g., Egypt and Iran) (Supplementary Figure 5). Since the difference was minor, the entire region was used for all subsequent analyses, both to capture the maximum variation possible and to be consistent with previous studies (Almathen et al., 2016).



Haplotypes in Relation to Population Names and Geography

The analysis of the haplotype variation of dromedary camel-types considering their names revealed that those named based on phenotype (including Mezayen types) were almost homogenous with reduced observed diversity compared to other naming systems (e.g., named after a geographic region). The A haplotypes were mainly represented with low frequency haplotypes, while the predominant B haplotype was B1 (Figure 4). The highest haplotype variation was observed within dromedary camel-types named after regions (different countries and continents). Camel-types named after tribal affiliation showed variation mainly in haplogroup A, but these types were represented by small sample sizes (Figure 4).
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FIGURE 4. Frequencies of haplotypes of different camel-types grouped according to their naming criteria. Camel-types represented by <5 individuals were not plotted. Camel-types with unknown naming system are not shown.


All haplotypes were observed across all geographic regions, but A haplotypes were slightly overrepresented in the region of the Horn of Africa (e.g., Somalia, Ethiopia, and Kenya). Haplogroup B was predominant in Asian countries and dromedaries from India and Yemen showed no A haplotypes and Pakistani camels had only ∼8% A haplotypes (Supplementary Figure 6). The haplotype frequency pattern in individual dromedary camel-types from each country was further investigated (Supplementary Figure 7). Raidi and Kohi, which are both Pakistani camel-types displayed differences in haplotype pattern especially in B haplotypes where the Kohi type has a comparatively higher number of low frequency haplotypes. Similarly, the Algerian camel-types, Targui and Sahraoui, showed similar patterns; the Targui type had no A haplotypes and no low frequency B haplotypes (Supplementary Figure 7). Dromedary camel-types located in the southern regions of Africa and in the Arabian Peninsula displayed increased proportions of A haplotypes. For instance, Omani, Batinah, and Dhofar types had ≤40% A haplotypes as well as the Awarik of Saudi Arabia. Among the dromedary camel-types that lacked haplogroup A were the Baladia (Sudan), Ja (Niger), Targui (Algeria), and the Sahlia (from Saudi Arabia) (Supplementary Figure 7).



Pairwise Relationships Among Dromedary Camel-Types

Using the genetic difference index (Fst), several dromedary camel-types exhibited significant genetic differences (Supplementary Table 6). The Raka (Syrian camel-type) and the Baladia (Sudanese camel-type) types displayed significant genetic differences from the majority of the other camel-types, whereas the Borena (Ethiopian camel-type) type exhibited no genetic differences from all other camel-types. Among camel-types from Kuwait and Saudi Arabia, Sahlia, Hadana, Awadi, and Majaheem appeared genetically different from all other local and distant dromedary camel-types (Supplementary Table 6). The Sahlia type was significantly difference from most dromedary camel-types, even with other camel-types located within the same country and was the only type of Saudi Arabia that was statistically different from the Kenyan and the Nigerian camel-types (Supplementary Table 6). Similarly, the Pakistani camel-types, Raidi and Kohi, were also significantly difference from one another despite residing in the same geographic locality. Camel-types within Africa such as Kababish and Baladia were genetically distant from one another, while the Kababish, Kala and the Ja types did not show significant genetic differences (Supplementary Table 6). Dromedary camel-type differentiation was inspected visually using an NMDS plot (Figure 5). A distinct cluster of African dromedary camel-types was observed with only the Kurri and the Turkana camel-types separated as distinct groups. Omani, Batinah, and Dhofar types were distant from each other, despite being in the same country (Oman) (Figure 5A). Awarik and Hadana were both genetically distant from other dromedary camel-types of Saudi Arabia. Mezayen camel-types clustered together, with the Maghateer being most distant from the centroid of this group (Figure 5B).
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FIGURE 5. Non-metric multidimensional scaling plot constructed using the Fst values between each pair of the 30 camel-types. (A) All camel-types. (B) Expanded view of the camel-types enclosed in the dashed box in panel (A). Each dot represents a camel-type.


The relationships between dromedary camel-types of the same country were visualized using separate NMDS plots. This analysis revealed that the Kuwaiti dromedary camel-types were homogenous as well as the shared camel-types between Kuwait and Saudi Arabia (i.e., Majaheem, Sofor, and Shaele) (Supplementary Figure 8). However, collectively dromedary camel-types from Saudi Arabia were largely heterogenous and varied greatly from each other. The Omani, Pakistani, and Algerian camel-types were distant from each other within their respective countries. Although camel-types from Sudan clustered together, they showed more variation between one another than camel-types from Kuwait for example. Camel-types from Kenya were very distant from each other on the NMDS plot compared to Sudanese camel-types (Supplementary Figure 8). When AMOVA test was run on the whole data set, it was found that 91.93% of genetic variation was distributed within dromedary camel-types and only 8.07% was distributed between types with Fst value of 0.081 and p-value < 0.001 (percentages were for the obtained covariates).

A preliminary result showed that dromedary camel haplotypes were distinct from other camelids including guanacos, vicuñas, and Bactrian camels, and formed a monophyletic group including archeological samples (Supplementary Figure 9). Deep clades were supported by bootstrap values greater than 50. However, most of the clade showed low bootstrap values that might be a result of relatively short sequences used. Additionally, the dromedary haplotypes were the most derived sequences. Four out of the five used archeological samples clustered with the B haplotypes. The A haplotypes were ancestral to the B haplotypes, despite their low frequency among the sampled dromedary camel-types. Wild Bactrian camels shared the closest ancestry to the dromedary camel haplotypes (Supplementary Figure 9).



Mezayen Camel-Types

The Mezayen camel-types were predominantly represented by the B haplogroup and more specifically B1 haplotypes (Supplementary Figure 10A). No clear distinction in haplotype frequencies was observed between the two subgroups of Mezayen camel-types [i.e., Majaheem (black colored) and Malaween (multicolored)]. The same general pattern was found in the proportions of the A haplotypes (Supplementary Figures 10B,C). Most Mezayen samples exhibited B haplotypes and only ∼4% were of A haplotypes (a total of eight camels had A haplotypes, of which only two samples had A1 and only one had the A2 haplotype) (Figure 6 and Supplementary Figure 11). Few samples belonged to A haplotypes, and those included Shaele, Shageh, Sofor, Majaheem, and Maghateer camel-types. Among these haplotype A dromedary camels, only two samples were from Kuwait, and the rest were from Saudi Arabia (Figure 6). An examination of the genetic difference (Fst) among the Mezayen camel-types indicated a significant difference between the Majaheem camels to each of the Shaele, Homor, Shageh, and Maghateer camels (Supplementary Table 7). Sofor camels, on the other hand, was like all other Malaween camels except for Homor camels.
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FIGURE 6. Unrooted phylogenetic tree of Mezayen camel-type haplotypes. Values above branches correspond to the posterior probability values. Posterior probability values = 1 were omitted for clarity. The dashed box contains haplotype A sequences. Non-major (low frequency) B haplotypes were illustrated at the tip of the branches. Photos are taken by HA.





DISCUSSION

Different dromedary camel-types have been named, yet little or no documentation can be found about their breed status (Arman, 2007; Lynghaug, 2009; Porter et al., 2016; Alhaddad and Alhajeri, 2019). Several camel-type naming systems were previously described such as those based on ecotype (e.g., hill and riverine), country (e.g., Omani and Sudani), region of origin (e.g., Raka and Turkana), tribal affiliation (e.g., Kenani and Borena), and phenotype (e.g., Waddah and Shaele) (Leese, 1927; Mburu et al., 2003; Mehta et al., 2006; Ishag et al., 2010; Mahrous et al., 2011; Porter et al., 2016; Saad et al., 2017). Dromedary camel-type names currently in use in the literature exceed 200; all of which lacked registries and standard breeding criteria (Porter et al., 2016). Therefore, it is a necessary to investigate the relationships between dromedary camel-types and assess their population structure (Alaskar et al., 2021). The population structure and breed status examination of dromedary camel-types have recently been investigated using several STR markers (AlAskar et al., 2020). Analyzing mtDNA polymorphism is another way to evaluate the genetic relationships between dromedary camel-types (Hutchison Iii et al., 1974; Atig et al., 2009; Ahmed et al., 2016; Almathen et al., 2016; Saad et al., 2017). A general overview of mtDNA sequences revealed that across the sequenced region, 48 recognized variable sites were mostly transitions (Jukes, 1987; Almathen et al., 2016). As expected, most of the variable sites were found in the D-loop region, as it has lower selection pressure compared to the coding regions (McMillan and Palumbi, 1997).


Overall Genetic Diversity

Both the nucleotide and the haplotype diversity indices suggested low differences between the dromedary camel-types, as indicated by the very low nucleotide diversity (0.00026) and the moderate to high haplotype diversity (0.725). These diversity indices might indicate a much lower selection pressure on the camels when compared to other livestock that are more intensively bred for a specified function.

This study updated the existing haplotype naming system to correct the inconsistencies previously reported (Almathen et al., 2016). Two haplogroups (A and B) were identified denoting two different maternal lineages. The current study identified a total of 82 haplotypes in dromedary camels. This is relatively high when compared to Bactrians, llamas, and vicuñas, which only had 15, 17, and 57 haplotypes, respectively (Ming et al., 2017; Casey et al., 2018; González et al., 2019). However, these numbers might be correlated with the overall population size of the different camelid species, since dromedaries have a much higher population size than these other species (FAO, 2013, 2017). Most previous studies that investigated maternal lines of species or breeds used the D-loop region for its high molecular variability (Kavar et al., 1999; Doosti and Dehkordi, 2011; Kawabe et al., 2014). This study used additional mitochondrial regions (coding genes) since these additional regions did not alter the resulting haplotype frequencies (Supplementary Figure 5).



Relationship Between mtDNA Haplotypes and Dromedary Camel-Type Naming Criteria

Dromedary camel-types are named based on: names of individual camels, country names, ecotypes, phenotype, regions, tribal affiliation, and other criteria (Porter et al., 2016; Alaskar et al., 2021). This study aimed to test the hypothesis that dromedary camel-types would display haplotype variability depending on their names (AlAskar et al., 2020, Alaskar et al., 2021). Dromedary camel-types named after the name of an individual camel most likely represent lineages. An example of this camel-type is the Khalfan, which represents a racing camel-type in the UAE (Porter et al., 2016). A single haplotype was observed for the five analyzed Khalfan camels, which supports the hypothesis that types named after individuals are generally a homogenous group and represent a lineage. Dromedary camel-types named after ecotypes (e.g., Sahlia means beach camels, Hadana meaning hill camels, and Jebali meaning mountain camels) exhibited variation both in the A and the B haplotypes, indicating that these camel-types are mixtures of dromedaries of multiple origins or camel-types that experience recurrent introduction of genetically distant dromedaries. Also, this variability in haplotypes within ecotypic camel-types shows that there is no genetic uniqueness among individuals (i.e., signs of a breed). The Sahlia camel-type (meaning beach camels) differed in the haplotype frequency pattern from the other dromedary camel-types especially of the same country, mostly due to the lack of A haplotypes. This camel-type is located near the coast of the Red Sea, and is characterized by being short, and having round humps, narrow feet, and a short, thick neck (Porter et al., 2016). Therefore, it is likely that Sahlia camel-types possess distinct adaptive traits, which are suited for the high humidity of the coastal habitat. These adaptive traits and the inability of other types to flourish in the same habitat results in Sahlia’s reduced gene flow with neighboring dromedary camel-types.

Although the Omani camel-type is broadly named after a country, it was genetically different from almost all other camel-types, which suggests a genetically homogeneous group that approaches the status of a true breed. Dromedary camel-types named after tribes (e.g., Rendille and Targui) and geographic regions (e.g., Awarik, Baladia, and Batinah) generally display high variability in haplotype composition, which is indicative of admixture amongst its individuals with other populations. This is in accordance with previously reported measures of genetic variability reports (Mburu et al., 2003; Legesse et al., 2018). Dromedary camel-types named based on phenotype (e.g., Majaheem, Waddah, and Awadi) are usually selectively bred for distinctive phenotypes (e.g., coat color) (Almathen et al., 2016; Porter et al., 2016; Saad et al., 2017; Alhaddad and Alhajeri, 2019). These camels formed the most homogenous group based on haplotype; with B haplotypes being overrepresented in this group. This is in accordance with previously reported findings using microsatellite data (Mahmoud et al., 2019). The handful of individuals with A haplotypes within the Mezayen camel-types signify possible crossbreeding with distant camel-types.



Dromedary Camel-Type Population Structure

Although no distinct phylogeographic structure was observed as previously reported (Almathen et al., 2016), A haplotypes were relatively of high frequency in African countries compared to Asian countries, except for Syria (Supplementary Figure 7). The low frequency of A haplotypes in Asian camels might be a result of periodic crossbreeding with African camels, since most African camel-types are of moderate to large body size (i.e., heavy pack) (Porter et al., 2016). Targui and Sahraoui are two camel-types of the Sahara (Oulad Belkhir et al., 2013) and despite occupying the same geographical locations, exhibited noticeable differences both in haplotype identity and frequency, which might be attributable to their phenotypic differences that limits intentional interbreeding (Oulad Belkhir et al., 2013). The Ja camel-type of Niger had no A haplotypes, which is unique among the dromedary camel-types of this country (Kala and Kurri). However, no genetic distinction was found when dromedary camel-types of Niger were analyzed using STR (Abdussamad et al., 2015; AlAskar et al., 2020).

Analysis of Molecular Variance results imply little or no clear sub-structuring both in relation to the dromedary camel-types and their geographical distributions. Most of the mtDNA variation was observed within the studied camel-type samples while 8% of the observed variation was among the 37 studied camel-types, which might be due to a shared origin of the two haplogroups and the continuous gene flow amongst the various dromedary camel-types. Pairwise Fst values revealed that some dromedary camel-types of the same geographical location (i.e., country) are genetically distant from one another (see Saudi Arabia, and Oman, etc.). This can be attributed to differences between camel owners, in selected camel qualities, and/or breeding systems (Al-Hazmi et al., 1994; Abdallah and Faye, 2012, 2013).



Mezayen Dromedary Camel-Types

In general, a low frequency of A haplotypes was found in the six Mezayen camel-types. This low frequency suggests little crossbreeding with non-Mezayen dromedary camels. The mitochondrial relationships within the six Mezayen camel-types indicate that: (1) Majaheem camels are different from the rest of the Mezayen camel-types (i.e., Malaween), (2) Maghateer camels, which is a name given to different camel groups depending on their location and tribal ownership, appears to be more diverse than all other Mezayen types, and (3) Malaween camel-types are generally similar. These findings were supported by a study on dromedary camel torso using geometric morphometric methods (Alhajeri et al., 2019). The uniqueness of Majaheem camels, and its separation from the other Mezayen types agrees with the phenotypic differences that may prevent interbreeding and gene flow (Alhaddad and Alhajeri, 2019). The observed diversity of Maghateer camels may be related to the fact that certain camel breeders define this dromedary camel-type as a mixture of Waddah and Shageh camels or even all colored Mezayen camel-types (Alhaddad and Alhajeri, 2019).




CONCLUSION

Dromedary camel mitochondrial haplotypes were more distinct than mitochondrial haplotypes in other camelids, and haplogroup A may represent the ancestral form of the more abundant B haplogroup. Little genetic difference can be observed between dromedary camel-types. The observed geographic distribution of the mitochondrial haplotypes could be due to the physical separation of the dromedary camel-types. Also, an introgression event could have helped to introduce the A haplotypes into the Asian camel-types. Mezayen camel-types most probably represent the true breeds of the Arabian Peninsula as they exhibited homogenic haplotype mixture as well as having a set of well-identified phenotypic traits as selection criteria. The investigation of camel mtDNA is probably not sufficient to fully explain the relationships between dromedary camel-types and identify true breeds. Nuclear genome markers such as SNPs, STR, or even whole genome sequencing should be used for more comprehensive conclusions to be reached.
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Smallholder poultry production dominated by indigenous chickens is an important source of livelihoods for most rural households in Ethiopia. The long history of domestication and the presence of diverse agroecologies in Ethiopia create unique opportunities to study the effect of environmental selective pressures. Species distribution models (SDMs) and Phenotypic distribution models (PDMs) can be applied to investigate the relationship between environmental variation and phenotypic differentiation in wild animals and domestic populations. In the present study we used SDMs and PDMs to detect environmental variables related with habitat suitability and phenotypic differentiation among nondescript Ethiopian indigenous chicken populations. 34 environmental variables (climatic, soil, and vegetation) and 19 quantitative traits were analyzed for 513 adult chickens from 26 populations. To have high variation in the dataset for phenotypic and ecological parameters, animals were sampled from four spatial gradients (each represented by six to seven populations), located in different climatic zones and geographies. Three different ecotypes are proposed based on correlation test between habitat suitability maps and phenotypic clustering of sample populations. These specific ecotypes show phenotypic differentiation, likely in response to environmental selective pressures. Nine environmental variables with the highest contribution to habitat suitability are identified. The relationship between quantitative traits and a few of the environmental variables associated with habitat suitability is non-linear. Our results highlight the benefits of integrating species and phenotypic distribution modeling approaches in characterization of livestock populations, delineation of suitable habitats for specific breeds, and understanding of the relationship between ecological variables and quantitative traits, and underlying evolutionary processes.

Keywords: chickens, local adaptation, niche and agroecology, species distribution models (SDMs), phenotypic distribution models (PDMs), phenotypic differentiation, breeds and ecotypes, poultry genetics and breeding


INTRODUCTION

Smallholder farmers in Africa keep scavenging poultry as a source of affordable animal protein and a means of income. The sustainability of this type of poultry production in tropical low-and medium-input systems depends on the availability of adaptive genotypes that can produce and thrive under adverse conditions such as climatic extremes, high prevalence of tropical diseases and parasites, and periodic feed shortage. The presence of selective pressures in these environments has led to adaptation of indigenous chicken populations to production constraints (Bettridge et al., 2018).

Local adaptation refers to local individuals having higher fitness in their environment than individuals from elsewhere (Williams, 1966). Environmental heterogeneity is known to be one of the main drivers of within species diversity and local adaptation (Darwin et al., 1858). Understanding the drivers of local adaptation provides essential information for designing research and development programs aiming at improving productivity while retaining resilience. A starting point in genetic improvement of the existing local chicken populations or in considering the introduction of new genotypes is to understand how the environment is driving local adaptation (Bettridge et al., 2018). This knowledge would allow breeding of indigenous ecotypes that are more productive under village conditions while retaining locally acceptable morphological and adaptive traits (Dana et al., 2010; Muchadeyi and Dzomba, 2017; Birhanu et al., 2021).

Present day African chickens are a result of an intricate interplay between domestication and natural selection. Ethiopia is an ecological microcosm of Africa, with a rich geomorphology, where people closely interacted with the environment and practiced agriculture for millennia. Because of its cultural diversity, geographical position, complex topography, and varying climatic patterns, the country harbors rich domestic animal biodiversity. The earliest osteological evidence of domestic chicken in Africa (921–801 BCE) was recovered from Ethiopia (Woldekiros and D’Andrea, 2017). The geomorphological landscape of the country is characterized by wide range of elevation (from –155 m to 4,620 m.a.s.l.) and diverse climate (Billi, 2015).

Recent technological advances in remote sensing and GIS, increased availability of environmental data, and improved computational power facilitate the understanding of the selective forces associated with local adaptation. Species distribution models (SDMs), implemented in MaxEnt (Phillips et al., 2006) and similar software, predict distribution of a species based on presence-only data, estimate the contribution of environmental variables, and help identify suitable habitats in current and future environments. Gheyas et al. (2021) and Lozano-Jaramillo M. et al. (2019) applied SDMs to produce suitability maps of Ethiopian chickens and identify important environmental variables associated with habitat suitability in chickens, without relating ecological differences with phenotypic variation among study populations. When used alone, SDMs treat a species as an evolutionarily homogenous entity and fail to consider possible population differences pertaining to local adaptation (Hampe, 2004). SDMs also make assumptions in their modeling approach (Wiens et al., 2009) which necessitate their combined use with additional approaches, such as phenotypic distribution models (PDMs).

Phenotypic distribution models use associations between phenotypes and environmental variables to map the phenotypes of populations within that species’ distribution (Michel et al., 2017). These phenotype-environment associations, are well documented for natural populations of several wild plant and animal species (Bergmann, 1848; Clausen et al., 1940; Mayr, 1942; Cain and Sheppard, 1954; Langerhans, 2008; Phillimore et al., 2010; Maloney et al., 2012; Michel et al., 2017; Smith et al., 2017) and can be applicable to predict phenotype distribution among domestic animals.

Phenotypic differentiation represents the fraction of phenotypic variance between populations over the total phenotypic variance and helps understand evolutionary processes shaping populations (Storz, 2002; Leinonen et al., 2006; Schmid and Guillaume, 2017). With the exception of Lozano-Jaramillo A. et al. (2019) who applied PDMs to predict performance of improved chicken strains, distribution models have seldom been applied in indigenous livestock to identify environmental factors associated with phenotypic differentiation and to define their ecotypes. In contrast to introduced strains which have been subjected to intense artificial selection in a relatively short period of time, indigenous populations have been exposed to natural selection over multiple generations which permits a better understanding of evolutionary processes. Even with natural populations of animals, correlation between a phenotype and environment could be spurious if PDM are used on their own (Etterson and Shaw, 2001; Michel, 2011; Michel et al., 2017) and this requires their combination with additional analytical approaches, such as SDMs.

To overcome possible limitations in the use of SDMs in domesticated species like livestock, where humans may have interfered in the geographic distribution of the study species, we have taken corrective measures in our study design. Our sampling strategy was elaborate enough to ensure environments potentially habitable by chickens are included in sufficient sample size, while those uninhabitable are excluded in the sampling frame. We targeted random mating, nondescript indigenous chicken populations from separate livestock market-sheds, clustered along environmental gradients, to maximize ecological and phenotypic variation between sample populations. We followed a novel approach integrating SDMs with PDMs through generalized additive models (GAMs) to identify the most important environmental variables contributing to habitat suitability and evaluate their relationships with phenotypic differentiation among Ethiopian indigenous chicken populations.



MATERIALS AND METHODS


Sampling Strategy

A hybrid strategy, maximizing both environmental and geographical representativeness of sampling sites, increases statistical power by reducing false discovery rates caused by demographic processes and confounding effects (De Mita et al., 2013; Lotterhos and Whitlock, 2015; Selmoni et al., 2020). We used a hybrid sampling strategy that covered the target area, ensuring high environmental variability, wide geographic distributions, and considering the demographic and biotic processes influencing the Ethiopian indigenous chicken populations (Figure 1). Chickens were sampled from four spatial gradients with a minimum distance between gradients of 500 km. Each gradient comprised three environmental clusters, primarily delineated based on elevation (400–1,800; 1,800–2,400; and 2,400–3,500 m.a.s.l.).
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FIGURE 1. Topographic map of Ethiopia depicting the 26 indigenous chicken sample populations.


While we did not consider administrative regions in Ethiopia in our sampling strategy, we would like to describe the four regions covered in the present study (Amhara, Oromia, Benishangul-Gumuz, and Southern regions) to give a brief view of the geographic landscape. Gradient-I stretched from the Rift valley lowlands of northeastern Ethiopia (McConnell, 1967), along the territories of Afar region to the highlands of Wollo province within Amhara region. Gradient-II, starts from the Rift valley lowlands in central Ethiopia, crosses the highlands of Hararghe, including Mount Gara Muleta, and stretches to eastern Ethiopia within Oromia region. Gradient-III stretches from the highlands of northwestern Ethiopia and goes down to the lowlands along the Ethiopian–Sudanese border within Benishangul-Gumuz region. Gradient-IV spans from the highlands of western Ethiopia in Oromia region to the lowlands along the Ethiopian–Kenyan border in Southern region. Areas around the national borders of Ethiopia have low elevation, which gradually culminate to highland plateaus in the center of the country creating a striking contrast in agroecology (Ethiopian Mapping Authority, 1988). Geographic coordinates and phenotypic measurements were not taken from areas which are not habitable by chickens because of their unconducive environments (below 400 and above 3,500 m.a.s.l.).

We made sure that clusters within a gradient were distant by at least 100 km and the target chicken populations were sampled from households which visit isolated, i.e., not connected livestock market-sheds. The concept of market-shed refers to a geographic area, where households therein are in sufficient proximity to exchange their animals in various ways (e.g., sale, gift), most commonly traveling on foot. Each cluster along the spatial gradient constituted two to three populations. A total of 26 populations were sampled (Figure 1 and Supplementary Table 1). The sampling frame is spatially evenly spread to capture high inter- and intrapopulation environmental and quantitative trait variability. The research design integrating SDMs and PDMs is presented in Figure 2.


[image: image]

FIGURE 2. Workflow for integrated species and phenotypic distribution modeling to detect population differentiation and define ecotypes of indigenous chickens.


The sample locations in our study covered 13 out of the total of 18 agroecological zones (MoA, 1998; Tadesse et al., 2006) in Ethiopia. Agroecological zonation utilizes biophysical attributes of soil, terrain, and climate to organize land-use types or production systems into relatively homogenous units (Hurni, 1998). The five agroecologies that were not covered, are areas where chickens have either not been reared due to extreme climates, cannot be kept at all (e.g., water bodies, undisturbed forests), or have only been recently introduced.



Environmental Data

A total of 34 environmental variables were selected for their potential effects on chicken adaptive evolution. Data on these variables was extracted from online databases (Supplementary Table 2). The environmental data included bioclimatic (n = 24), vegetation (n = 2), and soil (n = 8) variables. Values for bioclimatic variables (temperature, precipitation, solar radiation, and water vapor pressure) in different seasons were obtained from WorldClim database1 at a spatial resolution of 30 s (∼1 km2; Fick and Hijmans, 2017) based on mean values of 30 years (1970–2000). Cropland extent at 30-m resolution was attained from Global Food Security Analysis-Support Data (Xiong et al., 2017). The SoilGrids system at 250 m resolution with standard numeric soil properties (organic carbon, bulk density, cation exchange capacity, pH, soil texture fractions at 15–30 cm depth was accessed from ISRIC database; Hengl et al., 2015, 2017). In addition to the 34 environmental variables elevation data was downloaded from DIVA-GIS2 (Hijmans et al., 2001; Farr et al., 2007) at a spatial resolution of 30 s (∼1 km2).



Species Distribution Models

Species distribution models (also called niche, envelope, or bioclimatic models) associate georeferenced observations of a biotic response variable – typically species occurrence or abundance – with multiple environmental predictors using a broad array of statistical learning methods to describe species’ niches (Elith and Leathwick, 2009; Franklin, 2010; Elith and Franklin, 2013; MacKenzie et al., 2017). MaxEnt is a general-purpose machine learning algorithm developed to model species distributions from presence-only records (Phillips et al., 2006).

For every population, a single geographic coordinate was taken at the center of the village during sampling of chickens. Coordinates from nine additional grids (1.44 km2), covering a total of 12.96 km2, were then drawn around a recorded location and extracted using Google Earth Pro v 7.3.2 to ensure high representation of environmental variability affecting the population (Gheyas et al., 2021). This way the total number of “presence” or “occurrence” points used in SDMs for the 26 sample populations comprised 260 coordinates. Different R software packages: “sp” (Pebesma et al., 2012), “raster” (Hijmans et al., 2015), “rgdal” (Bivand et al., 2015), “maptools” (Bivand et al., 2021), “rgeos” (Bivand et al., 2017), and “dismo” (Hijmans et al., 2017), were used to extract, read, and visualize geospatial data. Dimension and extent of the grids were corrected and homogenized for 1 km2 based on the WGS84 geodetic reference system (Decker, 1986).



Selection of Environmental Variables

To constrain model complexity and increase the performance of SDMs, the highest contributing set of uncorrelated environmental variables were identified and Maxent’s regularization multiplier was fine-tuned using the R package “MaxentVariableSelection” (Jueterbock et al., 2016). The predictive performance of the most important environmental variables was measured using test gain in MaxEnt v.3.4.1 (Phillips et al., 2006; Phillips and Dudík, 2008).



Configuration of Model Parameters

Species-specific tuning of model parameters can improve the performance of MaxEnt model compared to the default settings (Elith et al., 2011; Radosavljevic and Anderson, 2014). The large set of feature types was subsequently reduced to the optimal subset to improve model fit and the optimum regularization multiplier for model training was identified by the R package “ENMeval” (Muscarella et al., 2014) by using spatial blocks method (Radosavljevic and Anderson, 2014). Regularization refers to smoothing the model, making it more regular, to avoid fitting too complex a model. It is a common approach in model selection and penalizes coefficients (the betas) to values that allow both accurate prediction and generality (Tibshirani, 1996; Elith et al., 2011).

Species’ responses to environmental covariates or independent variables (e.g., temperature, elevation) tends to be complex and usually requires fitting of non-linear functions (Austin, 2002). In machine learning algorithms this is achieved by applying transformations of the original covariates into features. MaxEnt currently has six feature classes: linear, product, quadratic, hinge, threshold, and categorical (Elith et al., 2011). We built models with regularization multiplier values ranging from 0.5 to 4.0 (increments of 0.5) and with six different feature combinations (H, LQH, HQP, HQC, LQHP, LQHPT; where L, linear; Q, quadratic; H, hinge; P, product; and T, threshold); this resulted in 48 individual model runs. The parameter configuration with the lowest delta AICc value was chosen to run the model (Supplementary Table 3). To reduce the influence of sampling bias, we included a bias file (Phillips et al., 2009) and preferentially sampled pseudo background points from areas near our presence points based on kernel density function (Venables and Ripley, 2002).



Tests of Niche Similarity

A niche is a description of the conditions in which a species maintains a viable population. Populations in a species that are adapted to a specific local habitat or niche show genetically induced phenotypic differences in response to environmental selective pressures and are regarded as “ecotypes” (Müntzing, 1971; Knüpffer et al., 2003). Niche similarity between one or more pairs of populations was measured according to Warren et al. (2008). Raster files (.ASCII) of predicted habitat suitability produced by MaxEnt in logistic output (no probability and complete probability of presence designated by 0 and 1, respectively) were used as inputs to perform correlation test by ENMTools (Warren et al., 2010). Correlation tests were used to cluster sampling sites on the selected environmental variables and build dendrogram through hierarchical clustering with R package cluster (Maechler et al., 2013). The grouping of sampling locations into environmental niches was based on “Euclidean” distance. Different clustering methods (Ward’s minimum variance method, complete linkage, average linkage, and single linkage) were compared. Visualization of the cluster memberships of locations of populations based on niche similarity, measured by correlations tests on the most important environmental variables, was accomplished using the R package factoextra (Kassambara and Mundt, 2017).



Quantitative Trait Data

A total of 19 phenotypic traits (Supplementary Table 4), selected for their potential role in adaptation in chicken based on available literature, were measured on 513 adult chickens (380 hens and 133 cocks) from the 26 nondescript indigenous chicken sample populations. We had three environmental clusters (lowland: 400–1,800; midaltitude: 1,800–2,400; and highland: 2,400–3,500 m.a.s.l.) stretching across each of the four elevational gradients in this study. A total of 12 environmental clusters from the four elevational gradients were included. Each environmental cluster is represented by two randomly selected chicken populations, except in two instances where we took three populations. A population refers to the total number of nondescript indigenous chickens available in an administrative village. Adult chickens were selected randomly for phenotyping through transect walk across villages. This method entailed walking along a defined path (transect) across a village and sampling one chicken from each farming household until a total of 15 hens and five cocks were measured.

The age of the chickens was estimated by interviewing owners to confirm that females were in their second clutch (7–8 months-of-age) and males were above 12 months-of-age. The researchers also visually appraised cocks (roosters) for presence of well-developed spurs. One chicken was sampled per household. Under rare circumstances (n = 9 households), two chickens were sampled per household when farmers proved their animals have no family relationship.

Live bodyweight of individuals was taken in the morning on fasting chickens. Accurate morphological measurements were made by using different tools (digital balance, measuring tapes, and image processing software) Supplementary Table 4. The pictures of individual chickens taken in a sheltered environment to achieve appropriate resolution were digitally analyzed using ImageJ (Rasband, 1997). To reduce systematic error, the same operator measured all chickens, which were held in the same position by a technician. A steel ruler was placed in the background of every picture as a distance reference.



Selection of Quantitative Traits

A multivariate test of differences between populations with stepwise selection (Klecka et al., 1980) was performed through linear discriminant function analysis (SAS, 2002) to identify the traits which were most useful in classifying populations. Principal component analysis (PCA) was run with R “stats” package on quantitative trait data to see how much percent of the variation is explained by the first nine principal components (PCs).



Clustering of Nondescript Chicken Populations Into Ecotypes

The 26 nondescript Ethiopian chicken populations sampled in this study are heterogenous in terms of qualitative traits (e.g., coat color, comb shape, and feather pattern) and quantitative traits. We used the most discriminant quantitative traits, which are most useful because of their variability, to group populations into ecotypes. We expect that populations of chickens within the same niche are affected by similar environmental variables and cluster into the same ecotype. The phenotypic values of these traits were analyzed by the average silhouette method to decide on the optimal number of clusters. The average silhouette method measures how well each experimental unit lies within its cluster and is less ambiguous than the elbow method to decide on the number of clusters (Rousseeuw, 1987; Kaufman and Rousseeuw, 2009).

Different hierarchical clustering methods (Ward’s minimum variance method, complete linkage, average linkage, and single linkage) were compared via R packages “cluster” (Maechler et al., 2013) and “factoextra” (Kassambara and Mundt, 2017) to make a valid comparison of population memberships between dendrograms produced on similarity of phenotypes. We used the same approach for clustering of environmental and phenotypic data to avoid any possible bias associated with the use of different tools.



Phenotypic Distribution Models

While species can vary genetically and phenotypically across their range and populations can be locally adapted, SDMs assume that all populations respond homogenously to the range of environmental conditions experienced by the whole species (Bolnick et al., 2003; Atkins and Travis, 2010; Fitzpatrick and Keller, 2015; Hällfors et al., 2016). PDMs on the other hand, do capture the response of quantitative traits as a function of environmental conditions (Michel et al., 2017; Smith et al., 2017; Lozano-Jaramillo A. et al., 2019). We used PDMs to study variation within quantitative traits in response to the most important set of environmental variables identified by SDMs. The association of these environmental variables with habitat suitability were evaluated for their individual effect on each of the discriminating traits. The relationship between quantitative traits and environmental variables was expected to be non-linear (Zuur et al., 2007; Oddi et al., 2019). The assumptions of classical statistical approaches such as generalized linear models (GLM) are violated when responses are non-linear, variances change with predictors, or ecological processes operate at spatio-temporal scales (Zuur et al., 2009; Bolker et al., 2013).

Exploration of phenotypic and environmental data was initially carried out to understand their distribution, variance structure, and linearity or non-linearity of trend and to choose appropriate analytical methods. GAMs were selected because they are particularly useful for analyzing relationships explained by complicated shapes, such as hump-shaped curves (Crawley, 2012). The R package “mgcv” (Wood and Augustin, 2002) was used to fit GAMs (Hastie and Tibshirani, 1990). Model validation was made based on Akaike information criterion (AIC) values.

The response of each quantitative trait was predicted as a function of ecotype, niche, and the six SDM-selected environmental variables. The GAM included ecotypes and their respective niches as linear terms and the environmental covariates as smoothing parameters. The notation for the GAM smoothing in a Gaussian model is as follows (Hastie and Tibshirani, 1990; Wood and Augustin, 2002).

[image: image]

Where (E(yi)) is one of n observations of the response trait, g is the Gaussian distributed exponential family with identity link function, α is the intercept,βj is a linear parameter for ecotype (1,2,3), γm is a linear parameter for environmental niches (1,2,3), fk are the smoothing terms based on non-parametric predictor covariates Xki (the shape of the predictor functions which will be fully determined by the data structure).

Estimation of smoothing parameters effects (environmental variables) was done by restricted maximum likelihood as random effects (Wiley and Wiley, 2019) with Gaussian process smooth (bs = “gp”) in the GAMs model (Wood, 2012).

Partial dependence plots (PDPs; Friedman, 2001) are the most popular approach for visualizing the effects of the predictor variables on the predicted outcome during supervised machine learning applications (Apley and Zhu, 2020). A PDP can show whether the relationship between the target and a feature is linear, monotonic, or more complex. PDPs exhibiting the effects of environmental factors with estimated p-value on a phenotype were produced by using the R package “mgcViz” (Fasiolo et al., 2020) at 95% confidence interval.



RESULTS


Environmental Variables Contribute to Habitat Suitability


Optimum Model Parameters

ENMeval identified HQP (Hinge, Quadratic, and Product) features with regularization-multiplier = 3.0 as the best parameter combination. This had the lowest deltaAICc value and was chosen to produce suitability maps by MaxEnt (Figure 3A). Compared to the default (Figure 3B), the model fit with the optimum parameters predicted larger areas as most suitable for poultry production (Figure 3C). The areas least populated by chickens include the extreme lowlands (below 400 m.a.s.l.), with prohibitively high temperature, high solar radiation, low precipitation, and high relative humidity; and the extreme highlands (above 3,400 m.a.s.l), with prohibitively low temperatures. The extreme highlands are frosty and hence not habitable both by livestock and humans. Ethiopian lowland pastoral areas are affected by recurrent drought and have generally sparse livestock population (Tilahun and Schmidt, 2012). Agreement between the results of the present study and the census report (CSA, 2017) and other literature indicating the distribution of livestock (Tilahun and Schmidt, 2012) confirm that those areas in the country which are shown as least suitable in the habitat suitability maps produced by SDMs are indeed unsuitable for the study species. Sedentary systems in central Ethiopia have conducive environmental conditions for chickens while pastoral systems (hot, dry areas, with strong solar radiation) along the borders of the country do not (Getahun, 1978; Bayou and Assefa, 1989; CSA, 2017; Mirkena et al., 2018; Gebrechorkos et al., 2019). The choice of livestock species to rear is also culturally embedded over generations.


[image: image]

FIGURE 3. Model configuration and habitat suitability maps for Ethiopian indigenous chicken populations. (A) AICc values for analyzed feature combinations using different regularization-multipliers ranging from 0.5 to 4.0. Feature combinations include one or more of the following types: L, linear; Q, quadratic; H, hinge; P, product; and T, threshold. (B) Map produced using default settings of MaxEnt. (C) Map produced using optimum parameters (HQP features with regularization-multiplier = 3.0) identified by ENMeval.




Most Contributing Environmental Variables

Species distribution models identified the most important environmental variables associated with distribution of chickens (Figure 4). Correlated variables (| r| > 0.6) and those with a relative contribution score below 4% were removed to restrict multicollinearity driven effects in projecting species ranges (Dormann et al., 2013; Brun et al., 2019). Out of 34 environmental variables, nine were retained as most important in determining habitat suitability and can be regarded as potential drivers of local adaptation in Ethiopian indigenous chickens. The first five variables with the highest contribution included soil clay content, precipitation of the warmest quarter, precipitation of the coldest quarter, and temperature seasonality.


[image: image]

FIGURE 4. Environmental variables of importance and their percent contribution predicted by MaxentVariableSelection.


Jackknife test was run to compare the relative importance of the nine selected environmental variables (Figure 5). The test showed that precipitation of the coldest quarter and water vapor pressure in May have the highest gain when used in isolation, and therefore are the most useful variables for predicting the distribution of the species on occurrence data. On the other hand, the environmental variable that decreases gain the most when omitted is solar radiation in May, meaning it has the most important information that is not present in other variables.


[image: image]

FIGURE 5. Gains of the variables in the Maxent model (Jackknife test) for Ethiopian indigenous chickens. Turquoise bars: model gain without corresponding variables; blue bars: model gain with only the corresponding variables; red bars: total gain using all the variables.




Distinct Niches Are Associated With Distinct Ecotypes

Populations of animals adapted to a specific environment or niche are regarded as ecotypes. Clustering of sample chicken populations into phenotypically homogenous groups and an overlap of the clustered populations with niche classification based on their respective environments was used as a basis to define ecotypes. The number of chicken ecotypes was determined through Silhouette method using phenotypic data (Figure 6A). The optimal cluster in the present study, the one that maximized the average silhouette from a range of possible k values, was k = 3. The same clustering method (Ward, 1963) was used to make a valid comparison of population memberships between dendrograms produced on similarity of niches (Figure 6B) and on similarity of phenotypes (Figure 6C).
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FIGURE 6. Dendrograms of clusters to group 26 Ethiopian indigenous chicken populations (hierarchical agglomerative clustering, Ward’s minimum variance method). (A) Plot of statistics for deciding appropriate number of clusters based on phenotype. (B) Dendrogram based on niche overlap statistic (I) between suitability maps. The red line at a cutoff value of 5.0 produces three niches. (C) Dendrogram based on the most discriminating phenotypes. The red line at a cutoff value of 8.0 produces three distinct ecotypes.


Populations were clustered into three environmental niches based on correlation test (Figure 6B). Ward’s method had the strongest clustering structure for clustering on niche overlap (Ward = 0.89). The agglomerative coefficients for the other approaches (complete linkage = 0.78; average linkage (UPGMA) = 0.68; and single linkage = 0.36) was lower. At a cutoff value of 5.0, reading the plot from left to right, niche-I comprised 11 sampling locations, while niche-II and niche-III comprised six and nine locations, respectively.



Variation in Quantitative Traits

Before classifying the 26 sample chicken populations into ecotypes through hierarchical clustering based on similarity for quantitative traits, we reduced the number of traits through discriminant analysis (Table 1). Out of 19 quantitative traits (Supplementary Table 4), eight (BL, WS, CL, CW, BW, EW, WW, and KL) had the highest discriminant function because of their high variation between populations. Except wattle width (p < 0.05), the remaining seven of these eight discriminant traits showed highly significant phenotypic variation (p < 0.0001 to p < 0.01) between female sample chicken populations. The GLM analysis combining data from both sexes revealed all the discriminating quantitative traits varied significantly between sexes (p < 0.0001) except for beak length (p = 0.1738). The partial r-square indicates body length (BL) had the highest discriminatory effect out of all traits retained in the models in both sexes. Only two quantitative traits (BL and BW) were found useful (p < 0.0001) for classifying male sample chicken populations. This might be related with their lower sample size or a different structure of morphological variation among male sample populations compared to females.


TABLE 1. Stepwise selection summary indicating most discriminating traits for adult male and female Ethiopian indigenous chicken sample populations.

[image: Table 1]A subset of quantitative traits that best revealed the differences among chicken populations (Table 1) were then used for clustering. Ward’s hierarchical clustering rendered the highest agglomerative coefficient (Ward = 0.81) for clustering of populations on phenotypic similarity compared with the other approaches [complete linkage = 0.71; average linkage (UPGMA) = 0.58; and single linkage = 0.49; Figure 6C]. The cutoff value at 8, indicated by horizontal line, resulted in three clusters. A PCA on quantitative trait data showed that the first three PCs explain 75.7% of the phenotypic variation among populations (PC1 = 43.1%, PC2 = 19.5%, and PC3 = 13.2%) supporting our grouping of chicken populations into three ecotypes (Supplementary Table 5).

A summary of cluster analyses (Table 2) shows that most of the populations of a specific ecotype are distributed within the same niche while only a few of them distributed elsewhere. Eight out of 12 populations from ecotype-I, three out of five populations from ecotype-II, and six out of nine populations from ecotype-III were correctly classified into their respective niches.


TABLE 2. Ecotype of Ethiopian indigenous chicken populations defined on phenotype and their respective niches as identified by species distribution models.

[image: Table 2]Matching between chicken ecotypes and different environmental classification methods was performed to establish a logical association between phenotypic distinctiveness and environmental selective pressures (Table 3). The environmental classification methods included SDMs, conventional (Dove, 1890), Official (MoA, 1998), and gradient-based agroecological classifications. The highest level of correct classification was performed by SDMs (64.5%), followed by environmental gradient (elevational cline) classification (57.3%). The higher correct classification level obtained by the SDM approach, suggests the potential influence of the selected environmental variables (n = 9) on shaping adaptive variation among Ethiopian indigenous chicken ecotypes.


TABLE 3. Comparison of methods to classify environments of Ethiopian indigenous chicken ecotypes (n = 3).

[image: Table 3]


Environmental Variables Contribute to Phenotypic Differentiation

Having noticed that populations have differentiated distinctly in specific environments, we focused on predicting phenotypic values of ecotypes for the most discriminant quantitative traits within their respective niches under the influence of the selected environmental variables. Prediction of quantitative traits with GAMs in each of the three Ethiopian indigenous chicken ecotypes is presented in Table 4. Significant p-values were obtained for all the nine SDM identified environmental variables except for soil clay content. Five environmental variables (Bio18, Bio19, WVPM, and WVPA) had significant effect on differentiation of multiple traits. The traits selected by discriminant function for their usefulness in classification of populations into ecotypes had also the highest model fit (R-square adjusted values) explaining their importance in studying the influence of environmental variables on adaptive phenotypic variation.


TABLE 4. Prediction of quantitative traits with Generalized Additive Models (GAMs) in Ethiopian indigenous chicken ecotypes (n = 3).

[image: Table 4]Ethiopian indigenous chicken ecotypes identified by SDMs showed significant quantitative trait variation (Table 5). Populations in ecotype-I had the smallest measurement for all traits while ecotype-II had the largest measurements for most traits. It is not possible to tell from the present results alone whether the performance exhibited by ecotypes is primarily attributable to their niche or their genetic background.


TABLE 5. Quantitative trait variation in Least Square Mean (Standard Error) among adult female Ethiopian indigenous chickens of different ecotypes defined by integrating SDMs with PDMs.

[image: Table 5]Habitat suitability maps for Ethiopian indigenous chicken ecotypes (Figure 7) illustrate ideal environmental conditions that vary spatially between ecotypes. Chickens of ecotype-I (Figure 7A) are mainly distributed in central and northwest Ethiopia, ecotype-II (Figure 7B) are distributed in the west and southwest, while ecotype-III (Figure 7C) are distributed in eastern and northeastern Ethiopia. Areas of the country characterized by adverse environmental conditions due to their extreme temperature, high solar radiation, and low precipitation are shown as least suitable. This result conforms to the available census data which shows regions in the country with more friendly climate to chickens are more populated by the species (CSA, 2017).
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FIGURE 7. Suitability maps of three Ethiopian chicken ecotypes. Colors toward red spectrum indicate more suitable conditions. (A) Ecotype-I. (B) Ecotype-II. (C) Ecotype-III.


The response of adult live body weight (BW) and BL in female indigenous chickens to some of the significant environmental variables (p < 0.001) are presented in Figures 8, 9. The relationship between BW and solar radiation, and BW and water vapor pressure in May (kPa) is linear while its relationship with isothermality is non-linear (Figure 8). Isothermality quantifies how large the day-to-night temperatures oscillate relative to the annual oscillations. An isothermal value of 100 indicates the diurnal temperature range is equivalent to the annual temperature range, while anything less than 100 indicates a smaller level of temperature variability within an average month relative to the year (O’Donnell and Ignizio, 2012). Our results suggest that BW is less influenced by smaller temperature fluctuations within a month relative to the year. On the other hand, solar radiation above 18,000 kJ/m2/day is stressful and has negative and linear effect on female BW. The relationship between bodyweight and mean temperature of the coldest quarter is more complex, showing that the mean temperatures during the coldest 3 months of the year is less useful to examine how this variable affects adult live BW.
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FIGURE 8. Generalized additive model partial dependence plots for live body weight (kg) in female indigenous chickens. Each plot shows a covariate and the partial dependence of adult live body weight in the context of the model. The y axis shows the mean of observed change in live body weight and the x axis the covariate interval. The blue line represents the 95% confidence interval; Red line, mean of observed change in live body weight; s, smoothed variable; and ( ), effective degrees of freedom.



[image: image]

FIGURE 9. Generalized additive model partial dependence plots for body length (mm) in female indigenous chickens. Each plot shows a covariate and the partial dependence of adult live body weight in the context of the model. The y axis shows the mean of observed change in live body length and the x axis the covariate interval. The blue line represents the 95% confidence interval; Red line, mean of observed change in live body weight; s, smoothed variable; and ( ), effective degrees of freedom.


A non-linear relationship is noted between BL and water vapor pressure in August (kPa), and between BL and precipitation of the coldest quarter (mm/m2). Temperature seasonality had a negative and linear relationship with this trait. Temperature seasonality is a measure of temperature change over the course of the year. Our result indicates that higher standard deviation in the mean monthly temperature is associated with smaller BL, a trait which is strongly correlated with live BW. Precipitation of the coldest quarter is a quarterly index which approximates the total precipitation that prevails during the 3 months of the year. Accelerated mean change in BL, in the context of the model was seen up to 700 mm/m2 of precipitation in the coldest quarter. Precipitation above this threshold might be related with less availability of scavenging feed resources and more prevalence of diseases and parasites, having adverse effects on this trait. Biologically speaking, water vapor pressure is a function of temperature and pressure. Negative relation is noted between this environmental variable and BL, probably because of the stressful situation (e.g., lower feed intake) it creates on the animals. A non-linear reduction was observed in BL for higher soil clay content above 20% which may have a relationship with the type of vegetation and land use pattern in those areas (Figure 9).



DISCUSSION

Sustainable livestock production particularly in the tropics requires adaptive genotypes which can withstand the undesirable effects of climate change and produce optimally (Fleming et al., 2017; Bettridge et al., 2018). Ecological variables vary in terms of their influences on organisms as inducers of local adaptation. Knowledge of ecological factors responsible for adaptive variation should be the first step to design selective breeding programs on indigenous livestock, plan crossbreeding with improved genotypes, or introduce new genotypes from a different environment (Fleming et al., 2017; Bettridge et al., 2018; Birhanu et al., 2021; Gheyas et al., 2021).

We have applied distribution models to identify the most important environmental factors associated with habitat suitability and phenotypic differentiation in indigenous populations of chickens. Previous studies indicated that populations differentiate phenotypically and genetically in response to the environment (Schmid and Guillaume, 2017; Smith et al., 2017). A tight relation is expected between environmental elements (e.g., precipitation, temperature, radiation, and elevation) and livestock population dynamics (Alemayehu and Getu, 2016; Getachew et al., 2016) in Ethiopia.

Precipitation of the warmest and the coldest quarters, soil clay content, temperature seasonality, solar radiation, water vapor pressure, and mean temperature of the coldest quarter, were identified by SDMs as the most important variables associated with habitat suitability in Ethiopian indigenous chickens. Precipitation is associated with types and amounts of crops cultivated; availability of scavenging feed resources and edible soil fauna; disease prevalence, and predation. Precipitation and temperature were also identified as most important contributors to local adaptation in African chickens (Fleming et al., 2017; Bettridge et al., 2018; Gheyas et al., 2021). The BW of Horro, Koekoek, Sasso, and SRIR chickens distributed to different regions of Ethiopia was best predicted by variables associated with temperature and precipitation (Lozano-Jaramillo A. et al., 2019). Clay content is a proxy for soil fertility and has impacts on feed availability for poultry. Through their physical and chemical properties, clay minerals can be expected to have more nutrient reserves in the tropics (Landon, 2014; Kome et al., 2019).

All the nine environmental variables selected for their association with habitat suitability by SDMs had significant effects on differentiation of quantitative traits. The influence of isothermality (Bio3), temperature (Bio4 and Bio11), precipitation (Bio19), solar radiation, and water vapor pressure on trait differentiation may be related with adaptive physiology of chickens, in terms of their biological response to extremes in relative humidity and heat stress. Lozano-Jaramillo A. et al. (2019) and Alemu et al. (2021) have also observed effects of precipitation and temperature on improved chicken breeds introduced to smallholder farmers in Ethiopia.

We classified the Ethiopian indigenous chicken sample populations into three ecotypes and compared their respective performances. Homogenous clusters for measured quantitative traits and their overlaps with distinct niches were used to define ecotypes. Unlike previous efforts made to group Ethiopian indigenous chicken populations on qualitative phenotypes such as comb shape, and feather color (Melesse and Negesse, 2011; FAO, 2012; Negassa et al., 2014; Getachew et al., 2016; Overdijk, 2019), the definition of ecotypes in the present study integrated phenotypic and environmental information. This process included identification of the most contributing environmental variables for habitat suitability, grouping of sample locations into specific niches based on their environmental similarity, and selection of the most useful quantitative traits for population classification purposes.

Phenotypic distribution models, in a form of non-linear GAMs were demonstrated as an innovative approach to integrate environmental and phenotypic information and study their relationships. GAMs relax the assumptions of linear models such as GLMs and achieve acceptable goodness of fit. Such a non-linear data structure would have been missed otherwise (Wiley and Wiley, 2019). PDMs were used to complement predictions of SDMs in studying responses of prairie grass to climate change (Smith et al., 2017).

The use of SDMs is unchartered territory for livestock scientists. Limitations are expected in their use on domesticated species because of human interference influencing the natural distribution of the study populations. While existing SDMs alone do not seem appropriate to study breeds recently introduced into a new environment artificially, the models are applicable for those studying local adaptation among indigenous populations of livestock which have lived in their environment for hundreds of generations or more and have experienced significant selective pressures. Predictive ability of machine learning algorithms on domesticated species can be improved if they incorporate more data in addition to presence–absence information and harness sophisticated algorithms. Boosted regression trees and random forests as well as generalized additive and linear mixed models have improved prediction of SDMs in other species (Shirk et al., 2018).

Several evolutionary processes shape genetic and phenotypic differentiation, including the joint effects of environment (phenotypic plasticity), gene flow, and natural selection (Schmid and Guillaume, 2017). It is not clear from the present study whether the phenotypic differentiation that ensued between indigenous chicken ecotypes is the result of differentiation in allele frequencies. An integrated framework including environmental, phenotypic, and genomic analysis is needed to unravel the genetic basis of phenotypic differentiation among populations and ecotypes of these chickens. If the phenotype is directly influenced by the environment, genetic, and phenotypic differentiations can be decoupled (Crispo, 2008; Schmid and Guillaume, 2017). Improvements in predictive ability of models is also achieved when SDMs are used along with phenotypic and genomic information in landscape genetics and genomics studies (Joost et al., 2007; Gotelli and Stanton-Geddes, 2015; Razgour, 2015).

The present study demonstrated how SDM-identified environmental information can be integrated with PDMs to define ecotypes, predict quantitative traits, and understand the ecological roots of phenotypic differentiation. Considering the environmental influences of economically important quantitative traits, such as live BW, improves the estimation of breeding values and assists in the development of improved breeds suited to smallholder farmers. Differences in performance among ecotypes in the different niches will also mean evaluations of performance and yield stability across environments are pertinent in breeding and development programs designed for low- and medium-input poultry production systems of the tropics. Prospects of further use for SDMs and PDMs in livestock include definition of agroecologies, estimation of genotype by agroecology interactions, multi-environment performance evaluations, and prediction of performance under present and future production scenarios (e.g., climate change).
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The genomes of crossbred (admixed) individuals are a mosaic of ancestral haplotypes formed by recombination in each generation. The proportion of these ancestral haplotypes in certain genomic regions can be responsible for either susceptibility or tolerance against pathogens, and for performances in production traits. Using a medium-density genomic marker panel from the Illumina Bovine SNP50 BeadChip, we estimated individual admixture proportions for Baoulé x Zebu crossbred cattle in Burkina Faso, which were tested for trypanosome infection by direct ELISA from blood samples. Furthermore, we calculated local ancestry deviation from average for each SNP across 29 autosomes to identify potential regions under selection in the trypanotolerant Baoulé cattle and their crossbreds. We identified significant deviation from the local average ancestry (above 5 and 10% genome-wide thresholds) on chromosomes 8 and 19 in the positive animals, while the negative ones showed higher deviation on chromosomes 6, 19, 21, and 22. Some candidate genes on chromosome 6 (PDGFRA) and chromosome 19 (CDC6) have been found associated to trypanotolerance in West African taurines. Screening for FST outliers in trypanosome positive/negative animals we detected seven variants putatively under selection. Finally, we identified a minimum set of highly ancestry informative markers for routine admixture testing. The results of this study contribute to a better understanding of the genetic basis of trypanotolerance in Baoulé cattle and their crossbreeds. Furthermore, we provide a small informative marker set to monitor admixture in this valuable indigenous breed. As such, our results are important for conserving the genetic uniqueness and trypanotolerance of Baoulé cattle, as well as for the improvement of Baoulé and Zebu crossbreds in specific community-based breeding programs.

Keywords: admixture, local ancestry deviation, selection signature, SNP, Fst, cattle, Burkina Faso


INTRODUCTION

The Bos taurus taurus and Bos taurus indicus subspecies are the two most important cattle types in West Africa (Belemsaga et al., 2005; Okeyo Mwai et al., 2015). These animals have been raised in complex social and political processes, and they have adapted to harsh environmental conditions over the centuries (Dueppen, 2012). The adaptive traits include the tolerance to diseases and drought, ability to walk long distances, and capacity to survive on poor pastures (Okeyo Mwai et al., 2015). Yet, this valuable diversity is increasingly threatened by genetic dilution due to changes in production systems, livestock herders’ preferences for specific breeds and/or traits, market conditions and other opportunities (Hanotte et al., 2010). The taurine cattle, more specifically the Baoulé cattle have existed in the tsetse fly (Glossina spp.) challenged zones for long and therefore acquired trypanotolerance, an immunology phenomenon that has a genetic basis (Naessens et al., 2002; Agyemang, 2005). These animals have a capacity to rid themselves of trypanosome parasites and maintain low parasitemia. Thus, trypanotolerant animals have been introduced in other tsetse affected countries of Africa to make use of their genetic advantage in purebred populations or crossed to other types like Zebu. Several studies revealed admixture among the taurine and Zebu subspecies (Hanotte, 2002; Freeman et al., 2004; Flori et al., 2014) as the result of the continuous genetic flow that occurs every year during seasonal cross-border livestock movements from the drier Sahelian zones in the north to the more humid zones in the south of West and East Africa.

The south-western region of Burkina Faso is the original habitat of Baoulé cattle. In this area, production systems are mixed crop-livestock and agroforestry, with the Lobi ethnic group concentrating on subsistence crop production while the transhumant people tend to keep their lifestyle of pastoral livestock production. The cattle population in this region is estimated at 343,000 heads, representing about 4% of the estimated national stock of 9 million according to the Ministry of Animal Resources (Ministere des ressources animales, 2014). The livestock system is extensive in all studied departments (Zoma et al., 2020), with 7 to 100 cattle per farmers. The indigenous Baoulé cattle, despite its small size and lower growth rate, is well adapted to the local environment of West Africa. It has gained cultural importance due to its social roles and tolerance to trypanosomiasis (Zoma et al., 2020). However, the continued crossbreeding with Zebu cattle because of its large size threatens the integrity of the Baoulé breed (Yougbaré et al., 2020). Recently, community-based breeding programs have been implemented in the south-western region of Burkina Faso to conserve and improve the local genetic resources of the indigenous Baoulé cattle as well as Baoulé x Zebu advanced crosses (Ouédraogo et al., 2020; Zoma et al., 2020).

Since the advent of high-throughput single nucleotide polymorphism (SNP) genotyping, inferring selection signatures from differences in local admixture levels has received considerable attention in human genetics (Tang et al., 2007; Jin et al., 2012; Bhatia et al., 2014). Similar studies in livestock investigated local ancestry levels of New World Creole cattle (Gautier and Naves, 2011; Flori et al., 2014; Pitt et al., 2018) and selection signatures in dairy cattle in East Africa, resulting from admixture of European breeds (Kim and Rothschild, 2014), as well as in East African short horn Zebu (Bahbahani et al., 2015).

The genomic ancestry proportions between trypano-susceptible indicine Zebu and the trypano-tolerant taurine Baoulé cattle in Burkina Faso were assessed based on microsatellites and 155 SNPs in 23 candidate regions (Smetko et al., 2015). In this study, we followed up and extended on the previous work using dense genomic marker data. Our study aimed to estimate the individual local ancestry proportions for each SNP to identify potential regions under selection in Baoulé x Zebu crossbreds tested positive or negative for trypanosomosis and finding a small set of ancestry informative SNP for routine admixture testing. Estimating the proportional contributions of ancestral populations in admixed (crossbred) individuals is important to clarify the population structure, historical background, and pattern of admixture along the genome of admixed individuals.



MATERIALS AND METHODS


Study Areas and Sample Collection

This study was carried out in the province of Poni in the South-western administrative region of Burkina Faso. We selected three study sites with different management and breeding systems of Baoulé cattle and Baoulé x shorthorn Zebu crossbreds, including 27 villages from the Bouroum-Bouroum, Kampti and Loropéni departments (Figure 1). In the Bouroum-Bouroum department, we worked with 55 sedentary farmers of the ethnic group of Lobi, who keep purebred Baoulé and are the owners of these animals. In Kampti, we included 18 farms with mostly Baoulé x Zebu crossbreds and some pure Baoulé owned by the Mossi ethnic group, but herded by the transhumant Fulani people. Finally, in Loropéni 15 farms were included mainly with crossbred animals kept by Lobi and Djan breeders. As all samples were collected within close geographic distances (< 50 km) in the tsetse infested province of Poni, it is reasonable to assume that all individuals were exposed to the same trypanosome infection challenge.
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FIGURE 1. Map of Burkina Faso showing the three study areas.


A total of 737 blood samples, including 387 Baoulé and Baoulé x Zebu crossbreds from Bouroum-Bouroum, and 350 crossbreeds from Kampti and Loropéni were collected in EDTA tubes during the health monitoring activities of the “Characterization and Sustainable Utilization of Local Cattle Breeds” (LoCaBreed) project. DNA extraction from EDTA blood samples was performed with the MasterPureTM DNA Purification Kit for Blood Version II (Biozym Scientific, Oldendorf, Germany) following the manufacturer’s protocol. The trypanosomosis status was recorded by indirect ELISA test to diagnose positive or negative trypanosome infection in the blood samples (Desquesnes et al., 2003) resulting in a total of 377 positive and 360 negative animals (Table 1).


TABLE 1. The 737 genotyped cattle with the trypanosomosis status.

[image: Table 1]



Genotype Data

The genotyping of the 737 DNA samples with the Illumina Bovine SNP50 BeadChip was performed at Neogen (Lincoln, United States). Additional genotypes from 30 purebred Zebu and 35 crossbreds (Pérez et al., 2014) were included in the study to represent the two ancestral populations (Baoulé and Zebu) and to increase the number of crossbreds, summing to a total of 802 animals. Stringent quality filtering of the data was performed with PLINK 1.9 (Purcell et al., 2007; Chang et al., 2015). Specifically, the dataset was controlled to exclude non-autosomal SNPs, and SNPs with a minor allele frequency (MAF) lower than 0.05, a call rate less than 90% and those that deviated from Hardy Weinberg equilibrium with Fisher’s exact test with P-value 1 × 10 − 6. After quality control, 28,034 SNPs and 776 animals were available for subsequent analyses.



Global Admixture Analysis

Unsupervised global ancestry estimation was performed with the full set of quality controlled SNPs using ADMIXTURE software (Alexander et al., 2009) with the number of ancestral populations (Baoulé and Zebu) fixed at two (K = 2). The admixture bar plots for ancestry proportions were created in R with the barplot function (The R Development Core Team, 2020). We calculated the frequencies of the admixture levels for all animals in Excel and plotted them in categories of 0.1 steps. We assigned 30 purebred Baoulé (global admixture levels ≥ 0.999 Baoulé) and 30 purebred Zebu (global admixture levels ≥ 0.987) as reference populations to investigate local admixture levels in 716 animals that were considered as potential crossbreds based on the sampling information. Animals found to be purebred (global admixture levels ≥ 0.995 Baoulé) were removed from the pool of crossbreds.



Local Ancestry Estimation in Admixed Populations

Local Ancestry in Mixed Populations (LAMP) is a program for estimating locus-specific ancestries in admixed individuals, using allele frequencies of the reference populations (Sankararaman et al., 2008). We applied the LAMP-ANC mode implemented in LAMP and provided the estimated allele frequencies files for Baoulé and Zebu as the purebred ancestral populations. LAMP-ANC is a modification of the LAMP mode and shows higher accuracy allowing triple mixing to be estimated, while LAMP cannot determine frequencies for more than two ancestral populations (Sankararaman et al., 2008). The following parameters were set: admixture proportions (alpha) = 0.8 for Baoulé and ≥ 0.2 for Zebu based on the global ancestry estimation using ADMIXTURE program, number of generations since admixture (g) = 2 and recombination rate (r) = 10–8. We estimated the local ancestry proportion, as well as the “delta ancestry” with R in trypanosome positive and negative trypanosomosis animals following Khayatzadeh et al. (2016) using a custom script (see section “Data Availability”). The “delta ancestry” reflects the extreme fluctuations in ancestry differences across the genome, which are calculated by subtracting the genome-wide ancestry from locus-specific ancestry for each ancestry component. Such extreme fluctuations in ancestry differences are unlikely to have occurred by random genetic drift and potentially exhibit a selection signature in the admixed individuals (Tang et al., 2007). To identify significant deviations from the genome-wide average ancestry, we performed permutation tests (Doerge and Churchill, 1996) of the local ancestry proportions over the whole genome of admixed animals as proposed and carried out by Tang et al. (2007) in an admixed human population (Puerto Ricans) and replicated by Gautier and Naves (2011), Flori et al. (2014) in African Taurine, and Khayatzadeh et al. (2016) in composite cattle breed (Swiss Fleckvieh) to find significant thresholds for the deviations of local genetic ancestries from global ancestries. Separating animals with positive and negative trypanosomosis status, for each animal we concatenated the local ancestry estimations of all 29 autosomes and then permuted the circularized genome by cutting at a random location and rearranging the two resulting pieces of the genome for each individual independently. This type of permutation largely preserves the extent of Linkage Disequilibrium (LD), assuming that it is homogeneously distributed over the whole genome. We implemented 1,000 permutations. The distributions of maximum and minimum over all permutations were then used to define the 5 and 10% genome-wide thresholds levels that indicated significant deviation of the observed local ancestries from the genome-wide average ancestry (Tang et al., 2007; Gautier and Naves, 2011; Khayatzadeh et al., 2016).



FST Outlier Analysis

We applied BayeScan 2.1 (Foll and Gaggiotti, 2008) to identify FST outlier loci putatively under selection between the trypanosome positive (n = 244) and negative (n = 266) crossbred animals using a cut-off at p < 0.05 corrected for a false discovery rate [FDR; (Benjamini and Hochberg, 1995)]. BayeScan uses a Reversible Jump Markov Chain Monte Carlo (RJ-MCMC) algorithm to obtain posterior distributions, with 100,000 iterations and a Burn-in length of 50,000 iterations. The regions within ± 0.5 Mb of the most significant SNPs were searched for any potential associated genes based on the ARS UCD1.2 Bos Taurus Genome Assembly on the NCBI database.



Identification of Ancestry Informative SNPs for Effective Hybrid Detection

We aimed to identify SNPs with the highest FST differentiation between the 30 pure Baoulé and 30 pure Zebu. We re-filtered the original dataset for MAF < 10%, individual and genotype missingness < 10%, respectively. The FST values were calculated in PLINK following Weir and Cockerham (1984). With these we were able to provide a set of top 200 FST markers, which were then used as a starting point to manually remove markers less than 5 Mb to each other—preference given to higher FST markers. Based on this, we selected the top 15, 25, 50, and 100 SNPs, and extracted these for the crossbred animals and repeated the global admixture analysis (K = 2). We used the cor function in R to calculate the Pearson correlation coefficient (Pearson’s r) for pairwise determining the linear association between admixture levels (ancestry proportion) estimated based on the different sets of ancestry informative SNPs [all SNPs (35,952 SNPs) versus the top 100, 50, 25, 15 SNPs]. Significance of the Pearson’s r was assessed with the P-value from the Pearson Correlation Coefficient Calculator (Social Science Statistics, 2021).



RESULTS


Global Admixture of All Animals

The individual admixture proportions using the full set of SNPs were estimated for all pure and admixed animals and are presented in Figure 2. The distribution of the global admixture proportions for the 802 animals is presented in Figure 3. Notably, we detected 91 cattle with a Baoulé ancestry > 0.995 among the presumed crossbreds, which we excluded from the subsequent analysis of local ancestry in admixed animals.
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FIGURE 2. Global Admixture in Baoulé—Zebu crossbred cattle with the quality-filtered set of 28,034 single nucleotide polymorphisms (SNPs).
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FIGURE 3. Distribution of the global admixture proportions for 802 animals with the full set of 31,612 single nucleotide polymorphisms (SNPs).




Local Ancestry and the Delta Ancestry Across Chromosomes in Trypanosome Positive and Negative Crossbreds

The average ancestry estimation for every single SNP was performed across 29 autosomes for trypanosome positive and negative Baoulé x Zebu crossbreds, respectively. The permutation tests over all chromosomes indicated significant local ancestry deviation from the average (above the 5 and 10% genome-wide thresholds) in chromosomes 8 and 19 for trypanosome positive crossbreds (Figure 4), and in chromosomes 6, 19, 21, and 22 for trypanosome negative animals, respectively (Figure 5). The local admixture proportions for these chromosomes are presented in Figure 6 and for all other chromosomes in Supplementary Figures 1, 2. We further visualized the deviations from the average ancestry in the respective chromosomes and identified regions of higher delta ancestry (wide peaks) on chromosome 8 between 35–50 Mb and in chromosome 21 between 20–35 Mb and 40–50 Mb, respectively (Figure 7). These genomic regions might harbor candidate genes associated to tolerance or susceptibility of trypanosomosis.
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FIGURE 4. Local ancestry deviations based on the permutation threshold for the 244 positive crossbreds animals. Orange and blue lines signify the 5 and 10% genome-wide threshold.
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FIGURE 5. Local ancestry deviations based on the permutation threshold for the 266 negative crossbreds animals. Orange and blue lines signify the 5 and 10% genome-wide threshold.
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FIGURE 6. Individual admixture proportions across chromosomes 6, 8, 19, 21, and 22 for the 244 trypanosomose positive and 266 negative crossbreds as determined by LAMP.
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FIGURE 7. The delta ancestry across chromosomes 6, 8, 19, 21, and 22 for the 244 positive and 266 negative crossbreds trypanosomosis status. The red line shows the deviation.




FST Outliers Between Trypanosome Positive and Negative Crossbreds

We screened the genomes of the Baoule and Zebu crossbred animals for outlier SNPs with high FST values and disregarded the pure-bred Baulé and Zebu. Among these crossbred animals we grouped them in trypanosome positive and negative animals to avoid detection of breed differences unrelated to trypanosome tolerance. We detected seven variants with a FDR corrected threshold of p < 0.05 (Figure 8). The seven outlier SNPs with the highest levels of FST values were found in chromosomes 2, 3, 5, 20, 21, and 23, and are presented in Table 2, together with their neighboring genes. The positions of the SNPs were not located in regions with higher delta ancestry.
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FIGURE 8. FST outliers between trypanosome positive and negative crossbreds. The vertical line shows the FDR corrected cut-off (p < 0.05); the outlier SNP names and positions are provided in Table 2.



TABLE 2. The 7 outlier SNPs with the highest FST values.
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Identification of the Most Ancestry Informative Markers

To reliably detect hybrids even with a small set of SNPs applicable for routine genetic monitoring, we selected the most ancestry informative markers resulting in the highest differentiation between Baoulé and Zebu cattle. The 100 SNPs with the highest divergence presented FST values ranging between 0.98 and 0.79 (Supplementary Table 1). We estimated admixture levels of the crossbred individuals using the top 15, 25, 50, and 100 SNPs (Supplementary Figure 5). The Pearson correlation coefficients r between the levels of admixture obtained with the full dataset of 35,952 SNPs and each of the sets of top SNPs were generally high and ranged between 0.949 (allSNPs/top15) and 0.990 (allSNPs/top100) (Table 3). All Pearson correlation coefficients were statistically significant (p < 0.001).


TABLE 3. Pearson’s correlation coefficient matrix displaying r2 values between the levels of admixture using the most ancestry informative markers compared to the full data set of 35,952 SNPs (allSNPs).
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DISCUSSION


Global Admixture in the South-Western Taurine Cattle Population of Burkina Faso

The high amounts of global admixture observed in the taurine cattle population in the three studied departments of Burkina Faso indicated mixed genetic backgrounds of the cattle in Bouroum-Bouroum, Kampti and Loropeni (Figures 2, 3). The observed admixture levels within the departments are likely due to unrestricted mating among cattle of different genetic backgrounds. Long-distance migrations within and across countries, utilization of communal pastures, exchange of breeding animals, and uncontrolled mating facilitate constant gene flow. Houessou et al. (2019) explained this situation by lack of selection and high levels of gene flow due to cyclical cross-border cattle herd movements known as “transhumance” and extensive commercial transactions of cattle in the West African region.

The uncontrolled mating in extensive production systems, which are typically practiced in West Africa, can lead to the introgression of Zebu genes in the small taurine cattle population, which represents a threat to their genetic integrity (Dossa and Vanvanhossou, 2016), and might lead to a potential dilution of their trypanotolerance (Traoré et al., 2015; Albert et al., 2019). The increasing importance of Zebu in the South-western region of Burkina Faso might endanger Baoulé cattle in the long term. As the North, which is the preferred area for Zebu cattle, is hit by drought, increasing numbers of Zebu cattle breeders looking for pasture are moving to the South-west where the climate is quite favorable and grass is still abundant. Thus, suitable management is required for the sustainable use of local breeds, and recently community-based breeding programs (CBBP) for Baoulé cattle and their crossbreds have been implemented (Ouédraogo et al., 2020). Within the CBBP, Zoma et al. (2020) identified four distinct types of cattle production systems sedentary Lobi farms, sedentary crossbreed farms, semi-transhumant Fulani Zebu farms, and transhumant Fulani Zebu farms. The admixture between Zebus and Baoulé cattle observed in this study could be due to differences in the production systems. Furthermore, notable size differences between purebred and crossbred Baoulé were confirmed (Yougbaré et al., 2020) and breeders prefer to have large animals like Zebu cattle. As shown in Figure 2, we identified several purebred Baoulé cattle that had been considered as admixed based on the sampling information. These animals originated from the populations of Loropeni and Bouroum-Bouroum where the farmers have a preference for breeding purebred Baoulé (Zoma et al., 2020).



Different Local Ancestry in Trypanosome Positive and Negative Baoulé x Zebu Crosses

In a recently admixed population, ancestral populations have been mixing for a relatively small number of generations, resulting in a new population with different proportions of their genome derived from the original parental populations (Khayatzadeh et al., 2016). Local ancestry analysis of admixed populations has been successfully used to detect recent selection in admixed Swiss Fleckvieh cattle (Khayatzadeh et al., 2016), as well as selection for Zebu introgressed regions in Colombian creole taurine cattle (Pitt et al., 2018). In our study, we applied this approach to identify significantly different local admixture levels and detected five chromosomes with higher deviation from the average ancestries, with an excess of Baoulé ancestry, which might account for a higher tolerance to trypanosomiasis. Similarly, Decker et al. (2014) investigated the population structure of domesticated cattle and calculated Asian indicine (B. t. indicus), Eurasian taurine, and African taurine (both B. t. taurus) ancestry proportions.

We applied an approach of significance testing and performed a permutation test of circularizing the genome by concatenating the SNPs of all autosomes in a single string, cutting this string once and rearranging the two resulting segments, as proposed by Tang et al. (2007). The permutation approach removes not only the effects of selection, but also the local effects of genetic drift; the threshold is considered non-conservative. Nevertheless, based on simulations (Tang et al., 2007) outliers are unlikely to be due to genetic drift. Therefore, this procedure is considered robust to find significant signals for selection while accounting for confounding effects of demographic history of the admixed cattle.

We found regions deviating from the average ancestry with a higher amount of Baoulé proportions on chromosomes 6, 8, and 19 in trypanosome negative individuals. A previous study (Noyes et al., 2011) identified VAV1, PIK3R5, RAC1, VAV2, GAB2, and INPP5D genes in chromosome 8 to be genes under selection in Muturu and N’Dama cattle breeds in response to trypanosomes infection. Surprisingly, we also found higher Baoulé ancestry in chromosome 8 (35–50 Mb) also in trypanosome positive cattle, which could indicate that these regions harbor beneficial Baoulé haplotypes, which are not connected to trypanosomosis tolerance. These regions might harbor genes of general importance for adaptation to the environment. Some canadidate genes on chromosome 6 at 71373513-71421283 (PDGFRA) and chromosome 19 at 41185975-41196948 (CDC6) for trypanotolerance in West African taurines have been found on these chromosomes (Tijjani, 2019) overlapping with the regions identified in our study. Furthermore, Smetko et al. (2015) identified chromosomes 7 and 22 as regions with the highest Baoulé ancestry proportion, similar to our results.



Genes Under Potential Selection Identified by FST Outlier Tests

Identifying recent positive selection signatures in domesticated animals can provide information on beneficial mutations and their underlying biological pathways for economically important traits. Global FST values are one useful method to detect selection signatures across breeds (Biswas and Akey, 2006). The seven outlier SNPs, which we identified between trypanosome positive and negative crossbreds, were on chromosome 2, 3, 5, 20, 21, and 23. The chromosomes BTA 2, 3, 5, and 23 have previously been identified harboring common candidate genes in Muturu and N’Dama breeds linked to trypanotolerance in West African taurine population as well as selected candidate genes in Muturu cattle only (Tijjani et al., 2019). Functional annotation and enrichment analyses based on Reactome pathways in PANTHER ver 13.1 (Thomas et al., 2003) confirmed their relevance in response to trypanosome infection pathways. In our study, we identified other genes (Table 2) such as LOC100138101, LMO4, LTRM2, ISL1, PTCHD4, and HIVEP1 as genes potentially responsible for trypanotolerance.

From previous studies genes such as TICAM1, ARHGAP15, SLC40A1, GFM1, and INHBA have been proposed as candidate genes for trypanotolerance on chromosomes 2, 3, and 5 (Dayo et al., 2009; Noyes et al., 2011). Bahbahani et al. (2018) identified the genes LTA4H, IL7, IL15, FCN, LTA4H, and NFAM1 as potential targets of natural selection related to immunity in Sheko cattle, which are a mixture of Asian zebu and African taurine ancestry and considered a trypanotolerant breed with high potential for milk production.



Ancestry Informative Markers to Detect Admixture for Routine Genetic Monitoring

The indigenous cattle breeds are disappearing because of indiscriminate crossbreeding by individual farmers, and schemes for genetic improvement developed without concern for preserving locally adapted breeds (Belemsaga et al., 2005). Many breeding programs or genetic improvement strategies in developing countries failed due to the lack of involvement of farmers in the different steps of implementation (Wurzinger et al., 2011). In many developing countries, livestock crossbreeding has been implemented with poor or no pedigree recording. Thus, ancestry informative markers would provide a great opportunity to estimate the level of admixture in a cost-effective way. Sölkner et al. (2010) proposed that individual admixture levels were estimated more accurately based on the genomic data using panels of pure reference animals, compared to estimation based on pedigree. (Getachew et al., 2017) indicated that the Ovine 50KSNP array is a powerful tool to identify small sets of AIMs for admixture studies in crossbred sheep populations in Ethiopia.

The minimum set of the 25 highest differentiating SNPs (Supplementary Table 1) can be used to develop an efficient competitive allele-specific PCR (KASPTM, LGC Group, United States) genotyping assay. Such an easy and fast genotyping array can be implemented at any laboratory equipped with Real-Time PCR machine and can be used for routine monitoring of hybridization in Baoulé cattle. Getachew et al. (2017) identified a total of 74 SNPs from the Ovine 50K SNP data as AIMs. The SNPs were selected based on their FST values showing the highest levels of allele frequency differentiation between the two parental breeds similar to our methodology. These AIMs provided close estimation with pedigree information. Correlation coefficient between breed level based on admixture estimates from 25 SNP data obtained in this study (r = 0.99; Table 3) was higher compared to the correlation value of 0.96 obtained from ∼500 AIMs suggested to predict breed composition in cattle (Frkonja et al., 2012) or the correlation values in the range of 0.89 to 0.96 reported for different human populations in prediction of admixture levels (Halder et al., 2008). Other studies (Judge et al., 2017) recommended at least 300 informative SNPs identified based on similar diversity parameters to be used for genomic-based breed composition prediction. However, as the purpose of our AIM set was to differentiate between only two ancestral breeds (Baoulé and Zebu) the number of 25 highest differentiating SNPs was sufficient to detect admixed individuals (Table 3 and Supplementary Figure 5). The existence of such a 25 SNP set allows their genotyping locally in Burkina Faso, providing a sustainable and low-cost solution to monitor admixture rates in these populations. We will further validate the 25 most AIMs in a larger group of confirmed crossbreds in Burkina Faso. Understanding the relationship between genetic admixture and performances is crucial for the success for local cattle breed conservation and crossbreeding programs. Ideally, a combination of pedigree and genomic information is used in breeding programs. Applying small sets of AIMs is a cost-effective option to estimate the levels of admixture in situations where pedigree recording is difficult like in Burkina Faso.



CONCLUSION

In this study, we identified local ancestry proportions in genomic regions potentially related to trypanotolerance in front of a global admixture background. Based on a 10% genome-wide threshold exploring extreme deviations from the average distribution of delta ancestry, the chromosomes 6, 8, 19, 21, and 22 contained higher ancestral proportions of Baoulé cattle. Furthermore, we identified genes such as LOC100138101, LMO4, LTRM2, ISL1, PTCHD4, and HIVEP1 as genes potentially responsible for trypanotolerance. Identification of genomic regions harboring genes related to trypanotolerance is a strong argument for conservation not only of Baoulé cattle, but all trypanotolerant breeds. The subsequent integration of these regions to genomes of non-trypanotolerant breeds via admixture provides a sustainable and effective use of these breeds, despite their lower production characteristics. As such, our study contributes to a better understanding of the genetic mechanism underlying trypanotolerance and will allow building a suitable breeding strategy for Baoulé cattle and their crossbreds in the south-western region of Burkina Faso.

The results indicate that the Bovine 50KSNP array is a powerful tool to identify small sets of AIMs as a cost-effective option to estimate the levels of admixture in situations where pedigree recording is difficult like in Burkina Faso. The minimum set of the 25 highest differentiating SNPs can be used to develop an efficient competitive allele-specific PCR assay.
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High Genetic Diversity but Absence of Population Structure in Local Chickens of Sri Lanka Inferred by Microsatellite Markers
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Local chicken populations belonging to five villages in two geographically separated provinces of Sri Lanka were analyzed using 20 microsatellite markers to determine the genetic diversity of local chickens. Population genetic parameters were estimated separately for five populations based on geographic locations and for eight populations based on phenotypes, such as naked neck, long legged, crested or crown, frizzle feathered, Giriraj, commercial layer, crossbreds, and non-descript chicken. The analysis revealed that there was a high genetic diversity among local chickens with high number of unique alleles, mean number of alleles per locus (MNA), and total number of alleles per locus per population. A total of 185 microsatellite alleles were detected in 192 samples, indicating a high allelic diversity. The MNA ranged from 8.10 (non-descript village chicken) to 3.50 (Giriraj) among phenotypes and from 7.30 (Tabbowa) to 6.50 (Labunoruwa) among village populations. In phenotypic groups, positive inbreeding coefficient (FIS) values indicated the existence of population substructure with evidence of inbreeding. In commercial layers, a high expected heterozygosity He = 0.640 ± 0.042) and a negative FIS were observed. The positive FIS and high He estimates observed in village populations were due to the heterogeneity of samples, owing to free mating facilitated by communal feeding patterns. Highly admixed nature of phenotypes was explained as a result of rearing many phenotypes by households (58%) and interactions of chickens among neighboring households (53%). A weak substructure was evident due to the mating system, which disregarded the phenotypes. Based on genetic distances, crown chickens had the highest distance to other phenotypes, while the highest similarity was observed between non-descript village chickens and naked neck birds. The finding confirms the genetic wealth conserved within the populations as a result of the breeding system commonly practiced by chicken owners. Thus, the existing local chicken populations should be considered as a harbor of gene pool, which can be readily utilized in developing locally adapted and improved chicken breeds in the future.
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INTRODUCTION

The choice of chickens by rural small-scale poultry farmers in Sri Lanka is often indigenous chickens for both egg and meat production, owing to numerous advantages they bring, such as disease resistance, high fertility, good maternal quality, longevity, ability to utilize poor-quality feeds, and most, importantly, the ability to manage them under a harsh environment condition with low level of management inputs despite their poor productivity compared with commercial layers and broilers (Silva et al., 2014). Moreover, high ash content in eggs of some phenotypes (non-descript village chicken, naked neck, long legged, and crown) and high fat content in egg yolk of local chickens in Sri Lanka were reported in a study by Sanjeewa et al. (2011). In the same study, the internal egg quality was found to be preserved in local chicken eggs during storage compared with commercial chicken eggs (Sanjeewa et al., 2011). In Korean native chicken, considerable amount of health- promoting compounds, such as carnosine, anserine, betaine, and carnitine, were identified compared with commercial broilers (Jayasena et al., 2015). Therefore, there is a special preference for native chicken meat due to its unique taste and texture, especially after cooking (Wattanachant et al., 2004).

However, such valuable indigenous genetic pool with undiscovered genetic potential has been eroding due to various reasons, especially in developing counties. Furthermore, some of the poultry breeds in Sri Lanka have already been lost or are at the risk of extinction (Punyawardena, 2010). Conservation of genetic resources is important from a global perspective as genetic variability underlying the adaptability and potential of animal genetic resources is essential to meet the changes in the preference and demand of consumers and to diminish the challenges posed by climate change and emerging diseases (FAO, 2007). Hence, it is frequently highlighted that the characterization of animal genetic resources is an essential initiative for sustainable utilization of animal genetic resources (AnGR). The Global Strategy for the Management of Farm Animal Genetic Resources coordinated by the Food and Agricultural Organization (FAO) aims to identify and propose sustainable genetic improvement plan for indigenous AnGR. Characterizing AnGR both phenotypically and genotypically is essential to understand and describe it properly, and then to propose a rational action plan for sustainable utilization. Accordingly, the attempts made on phenotypic characterization of indigenous chickens in Sri Lanka identified that the populations consisted of diverse phenotypes (Bett et al., 2014), while Liyanage et al. (2015) described seven distinct phenotypic groups, including naked neck, long legged, crest/crown, Giriraj, commercial crosses, frizzle feathered, and the non-descript group of multiple crosses of other groups.

So far, a large number of studies have been conducted to characterize the chicken populations in Asia and Africa using microsatellite markers due to their highly polymorphic nature and abundance throughout the entire genome (Berthouly et al., 2009; Bodzsar et al., 2009; Cuc et al., 2010; Eltanany et al., 2011; Leroy et al., 2012). With recent advances in DNA sequencing, single-nucleotide polymorphisms (SNPs) have been used extensively to characterize the genetic diversity and animal identification systems for closely related species/breeds/types (Samaraweera et al., 2011). However, since SNPs are biallelic and less informative, around 1.7–5.56 SNPs were needed to achieve the same information content as that obtained with one microsatellite marker (Gärke et al., 2012). Moreover, if short tandem repeats (STRs) have been selected based on a high minor allele frequency in a restricted number of breeds, this may underestimate the diversity in other breeds (Lenstra et al., 2012). Therefore, the highly polymorphic microsatellite markers are still valid for assessing the genetic diversity of AnGR.

In this context, this study was conducted to determine the genetic diversity of local chicken populations in two selected areas and among identified phenotypes in Sri Lanka using microsatellite markers.



MATERIALS AND METHODS


Selection of Sampling Locations and Households

Two veterinary divisions, Thirappane (80.5039–80.6331 E, 8.1185–8.2202 N) in the North Central Province and Karuwalagaswewa (79.5395–80.5042 E, 8.0047–8.0692 N) in the North Western Province were selected for sample collection based on the highest density of local chickens in Sri Lanka (Figure 1). According to the distribution of farms, three villages of the Thirappane site, namely, Dematagama (DM), Labunoruwa (LA), and Ooththupitiya (OT), and two villages in the Karuwalagaswewa site, namely, Tabbowa (TB) and Thewanuwara (TH), were sampled.


[image: image]

FIGURE 1. The Sri Lankan map showing the two sampling locations, Thirappane and Karuwalagaswewa.




Sample Collection

Altogether 818 blood samples of chickens older than 6 months of age were collected on the Whatman FTA® filter paper (Whatman Bio-Science, Maidstone, United Kingdom) and stored at room temperature until it was used for the analysis (i.e., 216, 69, 67, 219, and 247 from DM, LA, OT, TB, and TH, respectively). Among 818 samples, 192 samples were purposively selected for genotyping based on locations, households, and phenotypes (Table 1). Ethical permission for the project was obtained from the Institutional Research and Ethics Committee (IREC) and the Institutional Animal Care and Use Committee (IACUC) of the International Livestock Research Institute (ILRI), Nairobi, Kenya.


TABLE 1. The number of village chicken ecotypes selected from each household of the five villages in two sites (Thirappane and Karuwalagaswewa) for genotyping analysis.
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DNA extraction and genotyping using microsatellite markers were carried out at the CAAS-ILRI Joint Laboratory on Livestock and Forage Genetic Resources, Institute of Animal Science, CAAS, Beijing, China.



DNA Extraction, PCR Amplification, and Genotyping

DNA extraction was carried out from blood collected on the FTA filter paper, and around 15 discs from each FTA filter paper were added to 100 μl of distilled water and then heated at 90°C for 10 min. The resulting solution was used for PCR amplification with 20 microsatellite markers recommended by the International Society of Animal Genetics (ISAG)–FAO Advisory Group on Animal Genetic Diversity (Table 2; FAO, 2011). The PCR amplicons were separated by size using the 3130xl Genetic Analyzer (Applied Biosystems, Carlsbad, CA, United States). Sizing and genotyping of the alleles were carried out using the GeneMapper 3.7 software (Applied Biosystems).


TABLE 2. Primer name, primer sequence, allele size, and annealing temperature of 20 microsatellite markers used for the analysis.

[image: Table 2]


Data Analysis

The total number of samples used in the analysis was divided into five populations according to the geographical locations (villages) of sampling as DM, LA, OT, TB and TH (Supplementary Table 1), and to eight phenotypic groups; Naked Neck (NN), Long Legged (LL), Crested or Crown (CC), Frizzle Feathered (FF) Giriraj (GR), Commercial Layer (CL), Crossbreds (CR) and non-descript village chicken (VC) (Figure 2, Supplementary Table 2).
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FIGURE 2. Chicken phenotypes in Sri Lanka. (A) Naked neck; (B) long legged; (C) crested or crown; (D) Giriraj; (E) non-descript chicken; (F) frizzle feathered; (G) commercial layer.


Deviations from Hardy–Weinberg equilibrium (HWE) for all locus-population combinations and linkage disequilibria (LD) between all pairs of loci were determined using the program Genepop version 4.1.3 (Raymond, 1995). HWE was assessed based on the Markov chain algorithm to estimate the unbiased exact p-value of the test (Guo and Thompson, 1992) for each locus in each population. Fisher’s exact test was used to test for LD with unbiased p-values derived from the Markov chain randomization method.

Allelic frequency, mean number of alleles per locus (MNA), observed heterozygosity (Ho), and expected heterozygosity (He) were calculated to quantify the genetic variation within populations using Microsatellite Toolkit version 3.1 (Park, 2001) and FSTAT version 2.9.3.2. MNA is the average number of alleles observed in a population over all loci genotyped. F-statistics for each locus (Weir and Cockerham, 1984) was calculated and tested using the FSTAT.

Population structure and the level of admixture of individuals were analyzed using the Structure version 2.3.4 (Pritchard et al., 2000). Population structure was analyzed assuming the most probable number of the clusters (K) values at 1–6 with 30 simulations for each K, assuming an admixture model with correlated allele frequencies using a burn-in of 100,000 followed by 100,000 Markov Chain Monte Carlo iterations to check the level of admixture and substructuring of the populations. The most probable number of the clusters (K) was selected based on the highest averaged log probability of data [Ln Pr(X/K)] with the lowest variation {Var[Ln Pr(X/K)]} among the 30 runs. Ad hoc quantity (ΔK) based on the rate of change in the log probability of data between successive K values was calculated to verify the best K using the web-based STRUCTURE HARVESTER (Earl, 2012). Estimated cluster membership coefficient matrices of multiple runs for each K were permuted using the CLUMPP (Jakobsson and Rosenberg, 2007) to obtain close match in all simulations with the Greedy algorithm at 1,000 repeats of random inputs of the data and the pairwise matrix similarity statistic to be G′. Then the aligned membership coefficients were displayed using Microsoft Office Excel 2007. Principal component analysis (PCA) was performed using the SPSS version 13.01 with arcsine-transformed allele frequencies. Factorial correspondence analysis (FCA) was performed using GENETIX 4.05 (Belkhir, 2004).

An unweighted pair-group method using arithmetic average (UPGMA) dendrogram between populations was constructed from Nei’s standard genetic distances (DS; Nei, 1987) using DISPAN (Ota, 1993) with 1,000 bootstrap values. Analysis of molecular variance (AMOVA), pairwise FST (Reynolds’ genetics distance), and correlation between distance matrices (Mantel test with 10,000 permutations) were computed using Arlequin version 3.5.2.2 (Excoffier et al., 2005). The Splits Tree4 version 4.14.2 was used to draw a NeighborNet tree based on pairwise FST values (Huson and Bryant, 2006).




RESULTS

The present study assessed the genetic diversity and genetic structure within Sri Lankan local chicken populations, which have been defined using two different boundaries of geographical boundaries (five villages) and phenotype-based boundaries (eight phenotypes). The results are also presented accordingly.


Hardy–Weinberg Equilibrium and Linkage Disequilibria in Different Local Chicken Populations

It was observed that among 20 loci across five geographic populations used in the analysis, several loci in individual populations (4 from DM, 8 from LA, 10 from OT and 6 each from TB and TH) were deviated from HWE (p < 0.05) while no pair of loci rejected LD (p > 0.05).



Genetic Diversity


Village Populations

From 818 samples, more than 15% of birds in each of the five villages were selected for the genotyping analysis. Accordingly, 192 samples across five geographic populations were genotyped, and a total of 185 microsatellite alleles were detected at 20 loci, indicating a considerably rich allelic diversity. The number of alleles across loci within populations ranged from 130 alleles in LA to 146 alleles in TB. The number of alleles per locus per population ranged from 3 (MCW0248 in DM; MCW0014 in LA) to 16 (LEI0234 in DM). Moreover, 27 private alleles, which were unique to one population, were found among five populations, e.g., 6 in DM, 4 in LA, 6 in OT, 9 in TB, and 2 in TH. Furthermore, both the mean frequency of individual private alleles across the five populations (1.97%) and the population-specific frequency of the private alleles (1.3%) were very low, including a high number of migrants per population (8.33), similar to what was reported by Barton and Slatkin (1986).

Estimates of FIS indicates important properties of the mating system within populations (Holsinger and Weir, 2009). Accordingly, a deficit of heterozygotes (positive FIS values; Tables 3, 4) was observed for all populations, showing certain levels of inbreeding.


TABLE 3. Mean number of alleles per locus (MNA), expected heterozygosity (He), observed heterozygosity (Ho), and average inbreeding coefficient (FIS) estimated from the 20 microsatellite loci for each village population.
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TABLE 4. Mean number of alleles per locus (MNA), expected heterozygosity (He), observed heterozygosity (Ho), and average inbreeding coefficient (FIS) estimated from the 20 microsatellite loci for each phenotype.
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The MNA per locus for populations ranged from 6.5 in LA to 7.3 in TB. Therefore, a high MNA per locus was observed, indicating a high level of polymorphisms. MNA is also a sensitive measure of genetic variability in comparison with heterozygosity measures. Ho ranged from 0.594 in LA to 0.689 in DM, while He ranged from 0.678 in LA to 0.715 in DM.



Phenotype-Based Populations

From 818 samples, more than 12% of birds from each of the eight phenotypes were selected for the genotyping analysis. The number of alleles across loci in the eight phenotypes ranged from 162 in CR to 70 in FF. A total of 29 private alleles were detected in VC (12), NN (13), LL (3), and CL (1). The MNA per locus per phenotype ranged from 8.1 in VC to 3.5 in GR (Table 4).




Genetic Differentiation

The genetic relationships between populations were determined using Reynolds’ genetic distances assuming that the genetic differentiation occurs solely due to genetic drift (Reynolds et al., 1983).


Village Populations

The two villages of TB and TH at Karuwalagaswewa clustered into one group separating other three villages (DM, LA, and OT) at Thirappane. The largest (0.0240) and the smallest (0.0090) pairwise genetic distances were observed between TH and OT and between TH and TB, respectively (Table 5). Furthermore, Figure 3 shows the unrooted UPGMA dendrogram summarizing the Nei’s standard genetic distances between villages, confirming the differentiation in local chickens between the two veterinary divisions with a high bootstrap value at 88%. The result of AMOVA for villages is given in Table 6, in which most of the genetic variability based on the 20 microsatellite markers (89%) was found to be present among alleles within individuals, followed by the one observed among individuals within the villages (9%).


TABLE 5. Pairwise FST estimates between the five chicken populations based on the 20 microsatellite loci.
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FIGURE 3. The unweighted pair-group method using arithmetic averages (UPGMA) dendrogram summarizing the standard genetic distances (Ds) between village-based populations. The numbers at the nodes are the percentage bootstrap values after 1,000 replications over loci.



TABLE 6. Analysis of molecular variance (AMOVA) based on 20 microsatellite loci of five populations (villages) assigned into two groups (two sites).
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Phenotype-Based Populations

The highest genetic distance (Reynolds’ genetic distances in Table 7) was observed between GR and CC (0.0914), but the lowest was between the NN and VC (0.0023). The relationship between the eight phenotypes is presented in Figure 4 as a NeighborNet tree derived from pairwise FST estimates. Two main clusters were identified, where VC, NN, LL, and FF, were clustering together, while CL, GR, and CR formed a separate cluster, leaving CC as a unique phenotype. Similarly, the highest genetic distance in CC to other phenotypes was found in NeighborNet tree (Figure 4). The result of AMOVA for phenotypes is given in Table 8, in which the highest genetic variability (89%) was found among alleles within individuals, followed by that present among individuals within the phenotypes.


TABLE 7. Pairwise FST estimates between the eight chicken phenotypes based on the 20 microsatellite loci.
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FIGURE 4. NeighborNet tree summarizing the genetic distances between chicken phenotypes. NN, naked neck; LL, long legged; CC, crested or crown; FF, frizzle feathered; GR, Giriraj, CL, commercial layer; CR, crossbreds; VC, non-descript chicken.



TABLE 8. Analysis of molecular variance (AMOVA) based on the 20 microsatellite loci of eight populations (phenotypes).
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Furthermore, a high genetic similarity between NN and VC was further confirmed by the population structure analysis (Figure 5). The structure analysis indicated that VC, NN, LL, CC, and FF shared a higher proportion of genotypes in common compared with GR, CL, and CR.


[image: image]

FIGURE 5. Summary bar plot of estimates of Q (the estimated membership coefficient for each individual in each cluster). Each individual is represented by a single vertical line broken into K colored segments with lengths proportional to K inferred clusters (best K = 2). Chicken phenotypes: NN, naked neck; LL, long legged; CC, crested or crown; FF, frizzle feathered; GR, Giriraj, CL, commercial layer; CR, crossbreds; VC, non-descript chicken.





Population Structure

Graphic displays of the estimated membership coefficients of each individual to each population based on the phenotypes and based on villages at 2 ≤ K ≥ 4 are given in Figures 5, 6, respectively. The STRUCTURE HARVESTER software was used to graphically illustrate the mean estimates of log probability of data and ΔK to select the best K value (Figure 7). Accordingly, the rate of change in the log probability of data between successive K values (ΔK) against each K indicated that a higher ΔK value at K = 2. Therefore, K = 2 was selected as the most probable number of the clusters to reveal the population structure in both situations. Structure analysis indicated the absence of population genetic structure among local chicken populations in Sri Lanka.
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FIGURE 6. Summary bar plot of estimates of Q (the estimated membership coefficient for each individual in each cluster). Each individual is represented by a single vertical line broken into K colored segments with lengths proportional to K inferred clusters (best K = 2).
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FIGURE 7. Graphical illustration of delta K.


Compared with the phylogenetic reconstruction methods, PCA provided a better understanding of the genetic relationship among the local chicken populations, precisely the level of admixture (Figure 8). Similar to the structure result, the FCA analysis also indicated the absence of population structure (Figure 9).
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FIGURE 8. Scatter plot showing the first three principal components over five village-based populations analyzed as revealed by principal component analysis (PCA) implemented in MVSP (Populations: DM, Dematagama; LA, Labunoruwa; OT, Ooththupitiya; TB, Tabbowa; TH, Thewanuwara).
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FIGURE 9. 3D clustering patterns of all individuals analyzed using 20 microsatellite markers as revealed by factorial correspondence analysis (FCA) implemented in GENETIX.





DISCUSSION

The present study investigated the genetic diversity and population genetic structure of two categories of indigenous chicken populations defined by geographical boundaries and phenotypic boundaries in two geographically distant regions of Sri Lanka.

The result showed that some loci were deviated from HWE, probably due to the deficiencies of heterozygotes. Several factors, like the within-population fragmentation created by clusters of households, which were involved in our stratified sampling (Samaraweera et al., 2014), could bring the Wahlund effect, leading to an overall deficiency of heterozygotes. The inbreeding observed in all five village chicken populations (Table 3) could have also contributed to such deviations even though there was no significant LD between all pairs of the 20 loci across the five chicken populations.


Genetic Diversity Within the Populations

The total number of alleles per locus per population, the number of private alleles, and MNA per locus across the populations all indicated a high level of genetic diversity within the indigenous chicken populations of Sri Lanka. Furthermore, the highest MNA was exhibited by VC, NN, and LL, followed by CL, CR, FF, CC, and GR. Comparatively, low MNAs were recorded from other local chicken populations in the world, for example, Vietnamese local chickens (5.1) (Pham et al., 2013), Hungarian indigenous chicken breeds (2.9–4.2) (Bodzsar et al., 2009), French local breeds (6.6) (Berthouly et al., 2008), and Egyptian strains (4.92) (Eltanany et al., 2011). The higher number of alleles in VC, NN, and LL was due to the presence of private alleles that occurred at low frequencies within the populations and also due to the high number of observed alleles, owing to the free range management system, which allowed mixing of chickens among neighboring households (Bett et al., 2014).

All the chicken phenotypes from Sri Lanka had a high He, ranging from 0.61 to 0.72, which were similar to those of African and Asian scavenging chicken populations (Table 4). For example, the He of African scavenging chicken ranged from 0.53 to 0.66 (Leroy et al., 2012), of Vietnamese local chickens from 0.50 to 0.63 (Pham et al., 2013), and of traditional French breeds from 0.43 to 0.62 (Berthouly et al., 2008). In a study by Leroy et al. (2012), low He were reported for commercial lines compared with scavenging chicken populations, ranging from 0.29 to 0.48. However, a high He (0.639 ± 0.042) but a negative FIS value (−0.016) were observed in CL (Table 4). Except in CL, positive FIS values were present across all the village chicken populations, indicating non-random mating or the existence of population substructures with evidence of inbreeding within the populations. Comparatively, the high He and outbreeding of CL population could be due to the introduction of commercial strains to village farmers through interventions by the government and non-government organizations, aiming to uplift the chicken production for rural livelihoods.

Positive FIS and high He estimates present in all village chicken populations can be due to the heterogeneity of the samples since they consisted of a mixture of phenotypes, which could be considered as genetic subdivision within the villages (e.g., the Wahlund effect) and non-random mating (Hedrick, 2013). Such subdivision may be explained by the observation of diverse phenotypes within the villages but specific chicken phenotypes often owned by different households. The 192 samples genotyped were selected from 818 samples representing all the phenotypes from the selected households where around 58% of households in these villages reared chickens with two or more phenotypes. Moreover, irrespective of the way of defining populations, i.e., based on geographical boundaries or based on phenotypic boundaries, a pattern of substructuring was also observed among the households, which is described in detail under the population structure section.

In addition, the high heterozygosity observed in this study indicated the individual variation within populations as a measure of allelic diversity. According to Nei (1987), heterozygosity is hardly affected by infrequent alleles at multi-allele loci. Therefore, the high heterozygosity observed in this study cannot be readily explained by the infrequent private alleles, which ranged from 2 to 9 in five villages and 1–2 in eight phenotypes. Every household had more than one phenotypic representation of birds included in our sampling. Thus, each population was a mixture of phenotypes with considerable allelic frequency. Nevertheless, the management system of free ranging supported a maximum and long run interaction among chickens from the neighboring households (Silva et al., 2014).

However, the expected and observed heterozygosity values were not significantly different (p > 0.05) in the five populations or in the eight phenotypes, suggesting a non-selective mating regime practiced among the Sri Lankan local chickens.



Genetic Distance Between the Populations

The estimates of genetic distances clearly matched with the geographical distances among different village chicken populations. For example, village populations of TH and TB, which were located only around 43 km far apart showed a low genetic distance supported by a high bootstrap value (88%) compared with village populations of TH and OT, which were located around 120 km far apart and separated by the highest genetic distance (Figure 3). However, DM and TB village populations were from the two sites; their genetic distance were lower than the genetic distances between the villages of the same site (i.e., between DM and LA or OT; Table 5). Based on the estimates of phenotype-based populations, the NeighborNet tree (Figure 4) showed that the birds influenced by exotic chickens clustered together (CL, CR, and GR), while the crown chicken was separated further from all other phenotypic groups. Given the fact that crown (crest) is controlled by a single gene with incomplete dominant mode of inheritance, thus, the preference and selection of this phenotype could have similar influence on its separation as in the case of NN phenotypic group, where naked neck is also controlled by the same mode of inheritance. However, as depicted in the present study, the separation of CC from the remaining phenotypic groups could have been contributed by the crown characteristic as well as the association of crown gene with several other characteristics (Wang et al., 2012), for example, some modifier genes associated with different genetic architecture compared with the other phenotypic groups. However, it is interesting to note that the crown chicken found in the backyard system in Sri Lanka is different from the well-known Polish chicken, which is characterized by a “v”-shaped comb.



Population Structure and Level of Admixture Among the Populations

The graphical illustration based on structure analysis of chicken phenotypes did not show a distinguished population genetic structure, and the birds shared a highly admixed genetic background (Figure 5). This was also noticeable with the phenotypic diversity of these local chickens, where no distinguished color or comb pattern was observed (Liyanage et al., 2015). Moreover, a study by Silva et al. (2009) using mitochondrial DNA also revealed a similar finding within local chickens of Sri Lanka. However, the phenotypes of GR, CL, and CR tended to share a similar pattern of membership coefficient at K = 3 and 4, as represented by yellow color, where most of them had an exotic genetic background. Interestingly, several birds in naked neck phenotype showed the same clustering pattern along different K values, showing some substructure as illustrated in Figure 5. It was noticed that these NN birds were from the same farmer. To see a possible population substructuring pattern within the households, households with more than five birds in the sample were identified, and as given in Figure 10, several households had clear substructure within their chicken flocks though they had heterogeneous phenotypes. Therefore, a weak subclustering pattern was evident due to the mating system practiced following the restriction of limited or no exchange of breeding birds among the farmers.


[image: image]

FIGURE 10. Households having more than five birds in the sampled population (from a–i). Phenotypes in (c) nacked neck and village chicken; (d) village chicken, frizzle feathered, commercial layer; (h) village chicken, naked neck, long legged, cross breds.


Similarly, a high level of admixture was observed among the five geographical populations too (Figure 6), though LA showed a higher level of admixture of commercial strains. DM, TB, and TH villages also indicated a similar level of admixture among populations. The population genetic structure analysis suggested that the geographical isolation or closeness has influenced such similarities or differences in genetic structure within the village populations, for example, LA and OT villages in one site located close to each other compared with DM village. At the best K (K = 2), a similar population structure was observed in the two villages of LA and OT but leaving DM separated.

Similar results were also found in AMOVA where most variability was found at intra-individual level (89%) both within the populations defined by geographical boundaries and phenotypic boundaries. In addition, the observed genetic distances between the populations also confirmed the argument.



Implications for Conservation and Upgrading in the Future

Local chickens of Sri Lanka do not have a distinguished population genetic structure, for example, a specific breed. However, a weak clustering was evident with the households due to the mating system practiced. One of the earlier studies by Gunaratne et al. (1993) has reported that, though backyard chickens were reared under the free range management system, there were limited or no exchange of breeding birds among farms. This could maximize the inbreeding within flocks of individual households, thus, leading to the formation of some substructure among the flocks.

Nevertheless, the local chickens possess a high genetic diversity in terms of total number of alleles and number of private alleles due to free range management coupled with mixed rearing of different phenotypes. According to our recent studies based on mitochondrial DNA and whole genome re-sequencing data generated from a worldwide sampling of domestic chickens, in all five wild Red Jungle Fowl (Gallus gallus) subspecies and other three wild Jungle Fowl species, it is evident that the backyard chicken populations of Sri Lanka rooted back to the Red Jungle Fowl that is not inhabitant in Sri Lanka, but not to the endemic species of Ceylon Jungle Fowl (Gallus lafayetti) of the country (Silva et al., 2009; Wang et al., 2020); therefore, the genetic diversity observed in Sri Lanka local chicken populations was invariably the result of contributions from different introductions in the past. It is known that Sri Lanka has been exposed to a variety of domestic animal species transported through trading in the past, owing to its critical location in the middle of the Indian Ocean connecting the sea routes between the East and the West. Thus, domestic chickens would have been a fair commodity for trade as well as a good protein source during long sea journeys since centuries back. Therefore, the evolutionary process of backyard chicken populations of the country has a long historical mixing of different chicken populations originating from several continents that may have contributed to both the high genetic and phenotypic diversity observed in this study.

The naked neck phenotype in study populations was superior in body weight, body circumference, keel length, and drum length (Bett et al., 2014). Furthermore, both naked neck and frizzle feathered genes were known to account for heat tolerance (Yunis and Cahaner, 1999). Nevertheless, farmers preferred the NN phenotype due to their higher carcass weight and higher egg production. As reported by Abeykoon et al. (2014), farmers in the study sites expressed their willingness to pay more for frizzle feathered phenotype, followed by crested chicken, thus, indicating their preference for local chickens over commercial strains. However, it is strange to note that, though there was a preference for certain phenotypes, majority of farmers do not practice a selective breeding program. Hence, the populations remained as an admixture group in village production system.

In contrast to the fast genetic progress that could be achieved by upgrading or crossbreeding programs, the diversity in the backyard chickens yields a steady and heterogeneous genetic base adapted to the low input/output smallholder system in Sri Lanka as in many parts of the developing world (FAO, 2010). While agreeing to the fact that the ancestral diversity that existed in the contributing populations leading to the admixture may be lost in the path of evolution of the backyard chicken populations, there is a curbing effect due to the absence of selection pressure or any directional selection, owing to the sociocultural reasons of farmers interwoven in the production system. Thus, the absence of common and directional selection could have been instrumental in preserving the rich diversity of contributing populations to a certain level, which otherwise could have been lost, resulting in high phenotypic and genetic diversity in the different populations studied.

The local chickens in Sri Lanka have been bred in the backyard low-input production systems for generations. Following this process, unique genetic variants could have evolved as adaptations to the climate and management conditions in Sri Lanka. Therefore, these birds can be used as a gene pool to maintain their major, specific genetic variants present among the backyard non-descript chicken populations in Sri Lanka. Since the genetic diversity existing in the populations studied are mainly constituted by individual-level variations, there is no strong population genetic structure formed within any of these populations. Therefore, they all show weak genetic fragmentations, even at household level due to the common management and breeding strategies practiced by farmers for generations. Accordingly, the present populations of local chickens in Sri Lanka serve the purpose of conservation through sustainable utilization, and more importantly, they could be considered as an ideal foundation for genetic improvement to establish breeds/lines to be adapted to particular environments and production systems in Sri Lanka.

The findings of this study confirm the genetic wealth conserved within the local chicken populations. The absence of population genetic structure is a result of the management and breeding regime commonly practiced in different localities of Sri Lanka. Therefore, we recommend that future strategies focus on sustainable development of this valuable resource with interventions appropriate to empower the existing operations of these village flocks in order to ensure that genetic diversity is maintained with time.
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The Newcastle disease virus (NDV) is the deadliest chicken pathogen in low-input village poultry, and selecting for NDV resistance has been recommended as a sustainable strategy in backyard poultry production systems. However, selecting for disease resistance needs precision data from either a big population sample size or on many generations with good pedigree records for effective prediction of heritability (h2) and breeding values of the foundation stock. Such conditions are almost impossible to meet in low-input backyard production systems. This study aimed at proposing a realistic method for estimating the heritability of the immune response to vaccination and survival of NDV infection in village poultry production to inform a breeding strategy for ND resistance in Cameroon. A 1 and 3% selection intensity of cocks and hens for higher antibody (ab) response (ABR) to vaccination followed by progeny selection of chickens who survived an experimental NDV infection was conducted from an initial population of 1,702 chickens. The selection induced an increase of 1012.47units/ml (p<0.01) of the NDV antibody of the progeny as well as an effective survival rate (ESR) increase of 11.75%. Three methods were used to estimate the heritability ([image: image]) of NDV antibody response to vaccination. [image: image] was low irrespective of the method with estimates of 0.2227, 0.2442, and 0.2839 for the breeder’s equation method, the graphical method, and the full-sib/half-sib nested design, respectively. The mortality rate of infected chickens was high (86%). The antibody response to selection was not influenced by sex and genetic type even though the opposite was observed (p<0.05) for the ESR to NDV infection with naked neck chickens recording an ESR of 14% against 2.25% for the normal feather type. A very low heritability (0.0891) was observed for the survival against NDV infection. We confirm the evidence of disease resistance and the effect of selection for antibody response to vaccination on the improvement of the survival against NDV disease. Although the full sib/half sib nested design is more appropriate in case of availability of pedigree information, the direct methods are still useful in case of unavailability of full pedigree information. It is recommended that gene expression analysis should be prioritized for disease-resistance assessment and selection of native breeds of poultry.

Keywords: native chicken, heritability, resistance, selection, Newcastle disease


INTRODUCTION

In Cameroon, native local chickens contribute to poverty alleviation and food security of more than 60% of families living in rural areas (Fotsa et al., 2011). However, the breeding stock is almost always renewed every year due to high mortalities and poor management practices. Newcastle disease (ND) is the deadliest among others with 80% of birds in endemic areas in Tanzania (Buza and Mwamhehe, 2001), Southern Africa (Mtileni et al., 2012), and Cameroon (Hako Touko et al., 2015). Vaccination has proven not to be cost-effective in remote areas, and having genotypes that can resist or survive disease outbreaks is believed to be a sustainable strategy. Investigations have been carried out within native chickens of Cameroon, and some genetic markers associated with a high immune response to ND virus (NDV) infection have been identified (Hako Touko et al., 2015). There is a need to design and implement a breeding program in line with the valorization of ND resistance.

The estimation of heritability is a requirement for defining the appropriate improvement strategy. It is well documented that the heritability of antibody response (ABR) to the ND vaccine is low to moderate (Lwelamira et al., 2009; Liu et al., 2014; Rowland et al., 2018). However, that of ND resistance has not yet been estimated. It is paramount to determine the heritability of NDV resistance for local chickens of Cameroon to define the most appropriate strategy for its improvement. The estimation of genetic parameters is quite challenging in low-input poultry production considering the poor management conditions faced. Native chickens are reared as small-size flocks of 3–10 birds per household. They are unselected heterogeneous genetic resources randomly bred with little or no defined management system of feeding, housing, mating, or health management. There are no existing production records or pedigree information kept and no performance evaluation system. It is, therefore, currently impossible to have data on multiple generations for predictive analyses. These peculiarities make it difficult to obtain an initial and homogenous genetic resource for research and estimation of the genetic parameters.

In a previous study, a sample population was selected using LEI158 and MCW371 microsatellite markers of the major histocompatibility complex (MHC) B and quantitative trait loci (QTL) microsatellite alleles of favorable effect on antibody production against ND (Hako Touko et al., 2015). However, due to significant allele diversity, high selection intensity may be required for the improvement of antibody response and survival of NDV infection. This study aimed at proposing a realistic method for estimating the heritability of the immune response to vaccination and survival of NDV infection in village poultry production to inform a breeding strategy for ND resistance.



MATERIALS AND METHODS

The animal materials used in this research are not subject to any restriction and are approved by the scientific and ethical committee of the Department of Animal Science of the University of Dschang, No E0091/DZOO/FASA/UDs.


Sampling and Experimental Procedure

The study was carried out at the experimental poultry farm of the School of Agriculture and Natural Resources of the Catholic University Institute of Buea, and serological tests were completed in the Laboratory of Animal Health of the Faculty of Agronomy and Agricultural Sciences of the University of Dschang. A total of 1,802 adult local chickens with no pedigree record were collected from farmers of the Community Based Management of Native Chickens Genetic Resources. The birds were 24weeks of age, including 912 normal feathered (610 hens and 302 cocks) and 890 naked necks (570 hens and 300 cocks). The birds were kept in the poultry farm for 28days for stabilization and acclimatization.



G0, Gs, G1, and Control

After acclimatization, 1,000 eggs were collected from each parental stock (naked neck and normal feathered) and incubated to produce Parental; population (G0) day-old chicks for each group. G0 chicks were vaccinated against other viral diseases, including infectious bronchitis and Gumboro disease. Other breeding conditions, including prophylaxis, housing, and management were the same. Birds were fed ad libitum. Selected parents (Gs) consisted of two groups of equal size: The first group consisted of the top 1% of cocks and 3% of hens, including three cocks and 18 hens for the normal feathered and three cocks and 17 hens for the naked neck, selected for higher NDV antibody mean titer. This group was used to produced Offspring of selected population (G1; Gs offspring hatched from 900 fertile eggs, including 450 from normal feathered and 450 for naked neck). The second group was used for the NDV experimental infection of Gs. The control birds were considered for experimental infection and consisted of 50 normal feathered and 50 naked necks not vaccinated against NDV.



Antibody Responsiveness to Vaccination

For antibody responsiveness to vaccination, G0, Gs, and G1 were tested at 28weeks of age. Blood samples were collected before vaccination against ND and 14days after vaccination. Sera from collected samples were isolated in 1.5-ml microtubes after sedimentation and screened for antibody titer. The vaccine used was Inmugal V.P. Hitchener B1 of Ovejero Laboratorios, Leon-Spain. An indirect ELISA method using Biochek Poultry Immunoassays for ND Antibody Test kit (catalogue code CK 116, www.asineh.com/PDF/Biochek; Product catalogue. PDF, pages 16–19) was used according to the strict instructions of the manufacturer. The relative amounts of antibodies in chicken samples were calculated by reference to the positive control and expressed as sample to positive (S/P) ratio and calculated as follows:

S/P=(Mean of Test Sample−Mean of negative control)/(Mean of Test sample-Mean of negative control)

For interpretation, samples with an S/P of 0.350 or greater contain anti-NDV antibodies and are considered positive. For the calculation of the titer, the following equation relates the S/P of a samples:

Log10 Titer=1.0 * Log(SP)+3.52, with antilog=Titer



Experimental Infection

For the experimental infection, Gs and G1 were challenged at 7months of age. Experimental chicks were randomly sampled from 563 chicks, including 202 naked necks (T1) and 261 normal feathered chicks (T2). Four families of one cock and five hens were formed for each treatment, and 150 chicks were sampled per treatment, including 100 chicks of both sexes for T1 and 50 chicks for the first control (T1C) and the same for T2 and T2C. Experimental birds were reared identically and vaccinated against other common viral diseases, including Gumboro and infectious bronchitis. They were then challenged against the NDV, and records on survival were taken 14weeks after infection. All the birds that remained alive after the 14days of the trial were considered to have survived, and the survival rate (SR) was estimated. The experimental birds were then reared for 14 more days. Then, hens were mated with unchallenged healthy and fertile cocks and cocks with unchallenged healthy and fertile hens. After 2months, only hens that could lay and hatch fertile eggs were considered genetically viable, and the effective survival rate (ESR) of challenged birds was estimated.



The APMV1 Strain

Isolates of Avian Paramyxovirus type 1 (APMV1) were harvested from postmortem diagnostics of sick chickens following the ND challenge. The NDV was cultured in fresh eggs and tested for pathogenicity index according to the standard operating manual in use. Randomly selected chicks were infected, and blood samples were collected before the infection and 14days after for antibody analysis. Then, viable birds capable of reproduction were presumed resistant and conserved for further studies.



Statistical Analysis

Three methods, as detailed in Appendix 1–4, were used to estimate heritability, including the breeder’s equation method (Kelly, 2011), the graphical method adapted from Boyer (1958) and Verrier et al. (2009), and finally, the nested full-sib/half-sib analysis (Becker, 1975; Lynch and Walsh, 1998) and heritability method for discrete parameters (Razungles, 1977).




RESULTS


Improvement for Antibody Responsiveness to Vaccination

The effect of selection for antibody responsiveness to vaccination on the antibody mean titer of the offspring according to genetic type and sex of the experimental birds (Tables 1 and 2) shows that all the birds tested negative for NDV antibody at 29weeks. For the same age, there was no significant difference between the genetic types and sex. The 1% selection intensity of cocks and 3% selection intensity of hens resulted in a significant (p<0.01) NDV antibody response of 1012.47units/ml corresponding to 16.77% ABR of the parental population from an average mean titer of 6,023 to 7,058units/ml for the offspring of selected parents as expected. However, the overall mean of antibody response to vaccination of selected parents (10,181units/ml; Table 2) was higher than that of their progeny at the same age (7,058units/ml).



TABLE 1. Antibody mean titer of parents, selected parents, and their offspring according to genetic types, sex, and age.
[image: Table1]



TABLE 2. Parameters of the distribution.
[image: Table2]



Heritability Estimate of the Antibody Responsiveness to Vaccination

The analysis of the parameters of distributions (Table 3) shows that the 1% sire and 3% dam selection decreased the SD with a coefficient of variation of 13 and 15%, respectively, for selected parents and their offspring as compared with 39.61% for the population. h2 was moderate irrespective of the method with estimates of 0.2227, 0.2442, and 0.2839 for the breeder’s equation and the graphical methods (Table 4) and the full-sib/half-sib nested design (Table 5), respectively.



TABLE 3. Selection parameters and heritability estimate from the direct method.
[image: Table3]



TABLE 4. Heritability estimate from variance component.
[image: Table4]



TABLE 5. ANOVA of the survival to Newcastle disease virus (NDV) infection.
[image: Table5]



Heritability Estimate of Survival of NDV Infection

The estimate of the heritability of survival of NDV infection (Table 5) is very low=0.0891, showing that only 9% of the superiority of selected resistant parents is transferred to their immediate generation.



Survival of NDV Infection

For the effect of the selection for antibody responsiveness to ND vaccination on the survival of ND infection of the progeny of local chickens (Table 6), the selection intensity of 1% cocks and 3% hens has led to an improvement of the survival rate from 6 to 21%, equivalent to a mortality rate of 94 to 79% and of the ESR from 2.25 to 14%. The improvement of the survival against ND infection is observed for all experimental groups irrespective of the genetic type or sex.



TABLE 6. Effect of the selection of parent for antibody responsiveness to vaccination on the survival of local chicken according to genetic group and sex.
[image: Table6]




DISCUSSION

The progeny of immunized parents were all NDV-ab negative at 29weeks. It was previously confirmed that parental NDV-ab of immunized birds is present in the blood and effective to protect their chicks only 10days post-hatchery (Hako Touko et al., 2015). Similar findings of Shahid and Liaquat (2017) reported that maternal NDV-ab protects their progeny during the 1st week of life. The selection for high parental NDV-ab response improved NDV-ab response of their sibs 16.77% and survival of infection 15% SR and 11.75% ESR, respectively. ESR is more appropriate to conclude about the effectiveness of the selection as only birds that survive the infection and are capable of reproducing are considered genetically viable.

The significant increase (p<0.01) of antibody titer (1012.47units/ml) of the offspring as compared with the population mean induced a correlated response of 11.75% ESR of offspring of selected parents. This is evidence that the selection for antibody responsiveness to vaccination against NDV improves natural immunity against NDV and can, therefore, be recommended for selection to improve disease tolerance or resistance. Antibody response plays an important role in host resistance to ND, and selection for antibody response can effectively improve disease resistance in chickens (Luo et al., 2013). Moreover, chickens with high NDV-ab titers were associated with a higher frequency of MHC-B and QTL alleles of favorable effect on disease resistance in chickens (Hako Touko et al., 2015). Despite the improvement of the immune response in the progeny, the mortality rate observed in this study remains high (86%). A lower rate (83.72%) was earlier reported in the field (Hako Touko et al., 2015) although higher mortalities (90–100%) were recorded by several authors (Nanthakumar et al., 2000; Orsi et al., 2010; Spickler, 2016). This justifies why NDV is included in “listed” agents or reportable diseases by the Office International des Epizooties (OIE; Aldous and Alexander, 2001; Boynukara et al., 2013) and is considered to be the number one disease constraint of economical importance in poultry production around the globe with more impact in low- and middle-income countries (Liu et al., 2014; Deist et al., 2017; Rowland et al., 2018). The high mortality rate from experimental infection of unvaccinated birds is a call for concern, and the method of selection from experimental infections should be restricted.

The heritability of NDV-ab response to vaccination was estimated from the Breeder’s equation (Kelly, 2011), graphical method (Verrier et al., 2009), and ANOVA full-sib/half-sib nested design (Lynch and Walsh, 1998) and were all low (0.2227, 0.2442, and 0.2839). It is known that low heritability is an indication that the genetic gain from the mass selection is very low. Consequently, the improvement of the antibody responsiveness to vaccination against NDV through selection is time-consuming. In this situation, an improvement of environmental factors and management practices, including feeding, housing, and vaccination, is likely to minimize the incidence of NDV infection and improve poultry productivity in low- and middle-income countries. All three estimates are less than the heritability estimates of 0.29, 0.31, and 0.48 earlier reported in low-input production systems (Peleg et al., 1976; Liu et al., 2014; Lwelamira, 2012). Statistically, the range of the heritability estimate is [0,1].

The heritability obtained for the survival to infection was lower (0.0891) compared with that of antibody response to the vaccination (0.2442). Considering the selection, lower values of heritability would be expected from the unselected population of indigenous chickens of Cameroon. These observations expose that parental improvement of low heritability traits such as survival of infection due to the selection for high antibody response is low. This may be explained by the fact that survival of infection as disease resistance is a complex trait under multiple genes’ influence with each gene inducing only part of the overall effect (Fulton et al., 2006). In this context, bigger population size may better reflect the polygenetic mode of action of expected genes. The low ESR, despite the moderate antibody response to vaccination, may also be correlated with the velogenic nature of the NDV (Shabbir et al., 2012).

In this study, the higher survival or lower mortality rate and higher antibody titer are indicators of improved resistance to NDV infection. Previous studies define resistance as the ability of the host to interfere with the pathogen life cycle in various ways, including lower pathogen load, higher antibody, and less morbidity and/mortality (Rauw, 2012; Bishop, 2014; Deist et al., 2017). We used two variables as indicators of survival, including SR and ESR. The second that is either equal to or lower than the first gives the percentage of individuals that survive the infection and are capable of reproduction. Therefore, ESR is more reliable to conclude about the disease-resistance status of a breed as well as for the estimation of genetic parameters. Despite the selection for high antibody response, the level of resistance improvement was still low as evidenced by the relatively low SR obtained. It is known that the immune response to viruses is very complex, and antibody response to NDV is a quantitative trait under polygenic control (Yonash et al., 2001; Biscarini et al., 2010). According to Liu et al. (2014), many significant markers influence the innate and adaptative immune response of chickens, but none of them can explain more than 5% of the phenotypic variance.



CONCLUSION

The 1% selection intensity of cocks and 3% selection intensity of hens resulted in a significant increase (p<0.01) of the NDV antibody response of 1012.47units/ml corresponding to 16.77% ABR of the parental population from an average mean title of 6,023 to 7,058units/ml for the offspring of selected parents. Low values of heritability for antibody responsiveness and survival to experimental infection confirm that mass selection is not effective for the improvement of natural resistance against NDV. Disease resistance being a quantitative trait under polygenic control, it is, therefore, suggested that a genome-wide associated study be conducted in view of identifying more genes involved and proposing an efficient selection strategy.
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Dromedary camels are unique in their morphological and physiological characteristics and are capable of providing milk and meat even under extreme environmental conditions. Like other species, the dromedary camel has also benefitted from the development of the molecular genetics to increase the knowledge about different aspect in camel genetics (genetic variation, molecular marker, parentage control, gene of interest, whole genome, dating…etc.). In this paper we review the different molecular genetic technics used in this particular species and future prospects. Dromedary genetic studies started in the end of the 1980s with phenotypic evaluation and the attempts to highlight the protein and biochemical diversity. In the 2000s, with the development of molecular markers such as microsatellites, genetic diversity of different types in several countries were estimated and microsatellites were also used for parentage control. In terms of genetic characterization, microsatellites revealed a defined global structure, differentiating East African and South Arabian dromedaries from North African, North Arabian, and South Asian individuals, respectively. Also, mitochondrialDNA sequence analysis of ancient DNA proved to be crucial in resolving domestication processes in dromedaries. Ancient and modern DNA revealed dynamics of domestication and cross-continental dispersion of the dromedary. Nuclear SNPs, single nucleotide polymorphisms changes that occur approximately each 1000 bps in the mammalian genome were also applied in some studies in dromedary. These markers are a very useful alternative to microsatellites and have been employed in some studies on genetic diversity and relevant phenotypic traits in livestock. Finally, thanks to the use of Next Generation Sequencing (NGS) the whole-genome assemblies of the dromedary (Camelus dromedarius) and a work to establish the organization of the dromedary genome at chromosome level were recently published.
Keywords: molecular genetics, microsatellite, SNP, mtDNA, dromedary camel
INTRODUCTION
Genetic characterization and assessment of genetic diversity is the primary step in the conservation and the management of genetic resources (Rout et al., 2008). Genetic characterization and diversity can be assessed within and between populations by different methods including biochemical and molecular techniques.
Like other species, the dromedary camel has also benefited from the development of the molecular genetics to improve our knowledge about different aspects in camel genetics (genetic variation, molecular markers, parentage control, gene of interest, whole genome, dating….). Old World camelids have a specific morphological and physiological characteristic and can provide milk and meat even under extreme harsh conditions. Dromedary camels first appeared was estimated in the middle Eocene (around 40 million years ago) and the first ancestors of the camelid’s family were found in North America (Balmus et al., 2007). Afterward, they split into Old and New world camelids. The old-world camelids migrated to the eastern hemisphere and differentiated into two species: Camelus bactrianus and Camelus dromedarius. The split between Old and New world camelids was estimated by using molecular studies to have happened 11–16 million years ago (Kadwell et al., 2001) or 25 million years ago (Ji et al., 2009). The divergence between one-humped (Camelus dromedarius) and two-humped (Camelus bactrianus) camel species was estimated between 4.4 and 8 million years ago (Ji et al., 2009; Wu et al., 2014). The wild two humped camels (Camelus ferus) has been recently recognized as a separate species, based on molecular genetic data especially by mitochondrial DNA and nuclear markers and the time of separation was estimated around 0.6 and 1.8 million years ago (Mohandesan et al., 2017).
Investigations on Dromedary genetics started in the end of the 1980s with phenotypic evaluation and the attempt to highlight the protein and biochemical diversities. In the 2000s, with the development of molecular markers such as microsatellites, genetic diversity of different types or breeds of dromedary camels was estimated in several countries (Mburu et al., 2003) and microsatellites were also used for parentage control (Mariasegaram et al., 2002). Also, comprehension of domestication process was resolved using mtDNA sequence analysis of ancient DNA (Almathen et al., 2016). Ancient and modern DNA revealed dynamics of domestication and cross-continental dispersion of the dromedary camel (Almathen et al., 2016; Ciani, 2018). Nuclear SNPs, single base pair changes that occur approximately each 1,000 bps in the mammalian genome are also applied in some studies in the dromedary camel (Sushma et al., 2014; Abd El-Aziem et al., 2015; Ruiz et al., 2015; Lado et al., 2020a). These markers can be used as an alternative to microsatellites especially in genetic diversity studies and detection of relevant phenotypic traits in livestock.
With the implementation of the Next Generation Sequencing (NGS) technique, two whole-genome assemblies for the camel (Camelus dromedarius) were published (GenBank assembly accession: GCA_000803125.1) (Fitak et al., 2015) with the reference genome for the wild camel (Camelus ferus) (GenBank assembly accession: GCA_000311805.2) (Wu et al., 2014) and two whole-genome assemblies for the Bactrian camel (Camelus Bactrianus) (GenBank assembly accession: GCA_000604445.1 (Burger and Palmeri, 2014) and GCA_000767855.1 (Wu et al., 2014); while, another independent whole genome assembly was established in 2016. Recently, studies established the organization of the dromedary genome at the chromosome level (Fitak et al., 2015; Ruvinskiy et al., 2019; Lado et al., 2020a; Ming et al., 2020).
DROMEDARY CAMEL’S GENETIC MARKERS
Several genetic markers such as microsatellites, mtDNA and SNP can be used for genetic characterization of different species or breeds, parentage control and/or determination of traits of economic interest by genome wild associations studies (GWAS), an essential step for their use for selection assisted by markers or introgression.
Microsatellites
Microsatellites are used in studies aimed at characterizing genetic diversity studies because of their simple use and also the very low genetic variation in protein polymorphism (Guerouali and Acharbane, 2004). A large number of studies has been conducted, all around the world, on the genetic diversity of livestock species based on microsatellite loci. The number of loci to be genotyped or the size of the samples per breed is necessary to correctly analyzing the results. Studies in livestock describe a minimum of 8–10 loci (Cornuet et al., 1999; Arthofer et al., 2018) and more than 25 to 30 individuals per population for population genetic studies based on microsatellite allele frequencies. (Cornuet et al., 1999; Hale et al., 2012).
A set of Camelidae microsatellites was generated from published data on New World camelids: Alpacas and Ilamas (Obreque et al., 1998; Penedo et al., 1999), and several research studies have successfully assessed genetic variability in dromedary camels using these microsatellites (Jianlin et al., 2000; Sasse et al., 2000). This set comprises six-teen primers with highest polymorphism (VOLP03, VOLP08, VOLP10, VOLP32, VOLP67, YWLL02, YWLL08, YWLL09, YWLL38, YWLL44, LCA33, LCA37, LCA56, LCA63 LCA66, LCA77) (Nolte et al., 2005).
In 2002, Mariasegaram and collaborators were able to determine eight camel-specific microsatellites: CVRL01, CVRL02, CVRL03, CVRL04, CVRL05, CVRL06, CVRL07 and CVRL08.
The international panel on Animal Genetic Diversity (ISAG-FAO, 2004) recommended a list of 25 microsatellites markers for the evaluation of genetic diversity in camelids (Table 1), namely CMS09, CMS13, CMS15, CMS17, CMS18, CMS25, CMS32, CMS50, CMS121, CVRL01, CVRL02, CVRL05, CVRL06, CVRL07, LCA66, VOLP03, VOLP08, VOLP10, VOLP32, VOLP67, YWLL08, YWLL09, YWLL38, YWLL44 and YWLL59. Sixteen out of these 25 microsatellites are considered to be the most polymorphic and are thus highly recommended for dromedary camel genetic characterization. These are: YWLL08, YWLL09, YWLL38, YWLL44, YWLL59, VOLP03, VOLP08, VOLP10, VOLP32, VOLP67, LCA66, CVRL01, CVRL05, CVRL06, CVRL07 and CMS50 (Nolte et al., 2005).
TABLE 1 | Primers, allele range and reference of the 25 microsatellites recommended for Dromedary camel by the International Panel on Animal Genetic Diversity.
[image: Table 1]Furthermore, the different studies on dromedary genetic diversity were not limited to these 16 microsatellites, but used instead a range of different microsatellite markers whose the number and name of which differ from one study to another. Markers such as YWLL02, YWLL29, YWLL36, YWLL40, LCA18, LCA33 and CMS58, show a low amount of variability; whereas YWLL08, YWLL09, YWLL38, YWLL44, YWLL59, VOLP03, VOLP08, VOLP10, VOLP32, VOLP67, LCA66, CVRL01, CVRL05, CVRL06, CVRL07 and CMS50 show much more alleles per locus and also high PIC values. These markers are useful in describing heterozygosity levels and are more informative (Muneeb, 2014).
There is only one study, carried out by Sadder et al. (2015), that dealt with the development of simple sequence repeat (SSR) markers in four dromedary breeds using genome sequencing. These SSR markers can be used also in genetic studies of camels. Accordingly, the partial genome revealed 613 SSR loci with a minimum number of 5 repeat units. The SSR abundance was one in every 84.3 kb of contigs and the SSR loci comprised di- (80.8%), tri- (10.8%), tetra- (7.6%), and pentamer (0.8%) motifs (TA)n and (AC)n were the most abundant dimers (58.6%). Thirty SSR loci were experimentally characterized for dromedary and Bactrian camels.
Mitochondrial DNA
The use of mitochondrial DNA (mtDNA) reflects the maternal inheritance and is useful for the establishment of genetic variation between species. For example, 1.9% nucleotide difference in the mitochondrial control regions (CR) was determined between Mongolian domestic and wild Bactrian camels (Ji et al., 2009; Silbermayr et al., 2010). On another hand, mtDNA sequence analysis showed the domestication processes in dromedaries and revealed the dynamics of domestication and cross-continental movement of the dromedary camel (Almathen et al., 2016). In this study, 1083 DNA samples from modern dromedaries were used. These samples were issued from 21 countries (Eastern Africa, Western and Northern Africa, North Arabian Peninsula, South Arabian Peninsula, and Southern Asia including samples from Australia). Seven DNA samples of early-domesticated dromedary specimens from Syria, Turkey, Jordan and Austria and eight wild dromedary specimens originating from the United Arabian Emirates excavated from archaeological sites (Al-Buhais, Umm an-Nar, Al-Sufouh, and Tell Abraq) were used to study the genetic profile of the mtDNA. The sequencing of mtDNA showed an unstructured camel population in North Africa and Asia. These findings indicated the absence of phylogeographic patterns reflecting the movements and the trading in the selected countries. They supposed that the coastal southeast Arabian Peninsula was a possible place of domestication and suggested a single domestication scenario with recurrent introgression from wild into the early domestic dromedaries (Almathen et al., 2016; Burger, 2016). In another study, two main maternal lineages related to the Middle-East and Eastern Africa were found in Tunisia after the comparison of the Tunisian camel mtDNA haplotypes and those available in DNA database (Nouaïria et al., 2018). Also, establishment of sub-groups was not possible because of a non-sufficient genetic structuring and nucleotide divergence.
Single Nucleotide Polymorphism
SNPs are modifications of a single base pair that occur approximately every 1,000 bps in the mammalian genome (Riva and Kone, 2002). They are present on nuclear DNA and on mtDNA (Petkovski et al., 2005). This type of polymorphism is very abundant and uniformly distributed in the genome and constitutes the largest source of genetic polymorphism. These variations have been identified during different programs of genome sequencing known as “Expressed Sequence Tag programs” (Lee et al., 2006). Once obtained, these markers can be very helpful because of their easy to use and their reproducibility. They have been used in many studies on genetic diversity and relevant phenotypic traits for other species but have not yet been widely used in dromedaries. Recent studies are starting to use them to evaluate gene diversity at the level of specific genes (Lado et al., 2020a).
The development of SNP markers that cover the coding part of genome are also needed to understand the relationship between genetic and phenotypic variations in camels or other species. In these sites, SNPs are divided in synonymous, without any effect in the amino acid sequence and nonsynonymous affecting the amino acid sequence of protein (Sushma et al., 2014). In this study, the authors used direct ultra-high-throughput sequencing (RNA-Seq approach) for mapping and quantifying transcripts developed to analyze global gene expression in heart and kidney of C. dromedarius and C. bactrianus for the identification of gene and identifying polymorphism in camel at nucleotide level (SNPs). They identified 24 and 10 nonsynonymous SNPs in C. dromedarius in the heart and the kidney, respectively. In another study, Abd El-Aziem et al. (2015) detected one SNP (C/T) in Growth Hormone gene among five Egyptian camel breeds. They have concluded that this SNP can be used as a marker for the genetic diversity between the camel breeds. The allele C is related to higher growth rate and can be used in marker assisted selection for the enhancement of growth rate should it be needed in camel breeding program.
In another context, Ruiz et al., (2015) developed a diagnostic panel of SNPs to identify the hybridization patterns in camels with uncertain origins, to support hybrid breeding management and to detect potential rare dromedary introgression in the remaining wild Bactrian camels in Mongolia and China. Recently, in a genome-wide association study, Bitaraf Sani et al. (2021), using genotyping by sequencing, were able to identify 99 SNP markers that could be associated with important traits to improve camel breeding, namely birth, weight, daily gain and body weight.
Lado et al. (2020b), sequenced 22,721 SNP markers in order to understand how the dromedary populations history and the environmental adaptation could be influenced by human-induced migration patterns and historic demographic changes. The use of these molecular markers helped to understand the routes of domestication and how genetic diversity was built through the centuries. A genetic mixture within continental populations between Asia and Africa was detected.
In terms of genetic studies in livestock, SNPs have three main advantages over microsatellites: a more precise estimates of population-level diversity, a higher power to identify groups in clustering methods, and an ability to consider local adaptation (Zimmerman et al., 2020). These advantages offer better opportunities of using SNP in parentage control, GWAS for traits of economic interest and the diagnosis of genetic diseases by developing specific ships for dromedary camel.
DROMEDARY CAMEL PARENTAGE CONTROL
In the biannual conference of the International Society for Animal Genetics, the Camel Comparison Test (CCT) for the laboratory developing parentage test for dromedary was discussed in a workshop named “Applied Genetics and Genomics in Other Species of Economic Interest” since 2016. For the parentage control, a minimum of eight microsatellites markers are needed (LCA19, LCA37, LCA56, LCA65, LCA66, LCA8, YWLL29, YWLL44) and are named Core panel in the CCT. For this test in 2016, twenty-four samples and one reference sample were submitted to all the laboratories participating in the CCT. A deadline was given and the participants were asked to send their results for the core panel which would be considered in the ranking system for an accreditation. It was possible to add nine other microsatellite markers in the back-up Panel (LCA24, LCA77, LCA99, LGU49, VOLP3, VOLP32, VOLP59, YWLL08, YWLL36) and 30 other microsatellites can be used also to compare results between participating laboratories. In the last CCT, the overall marker concordance among laboratories was good (>95%) for six of the eight markers in the Core Panel. Only two markers showed a lower concordance: LCA37 (86%) because of missed alleles and wrong allele binning and YWL44 (87%) because of a missed allele.
Different studies tried to use different panels of microsatellites to evaluate the exclusion power for their dromedary populations. In 2005, Nolte et al. used 16 microsatellites for the evaluation of genetic diversity and for parentage analysis in cattle. Five calves were compared to their known parents and an unrelated male. It was successful in all cases. Only one mismatch at the VOLP08 locus was observed in one calf. They conclude that this mismatch is possibly due to a mutation or a laboratory typing error. Mariasegaram et al. (2002) identified eight dromedary specific microsatellites as described previously and used them in racing dromedary camels for the evaluation of the probability of exclusion for a future use in parentage control. The total PE was high and estimated at 0.992. In Australia, Spencer et al. (2010) conducted a study to evaluate and apply microsatellite multiplexes to develop a parentage control for racing dromedaries. They randomly sampled dromedaries in three geographically separated regions. 17 loci from 700 unrelated dromedary samples of both sexes, including individuals from Australia (n = 620), United Arab Emirates (n = 53) and Africa (n = 16) were used to build a database of unrelated adults. The 17 microsatellites were separated in three multiplex reactions and a high probability of parentage exclusion (PE = 0.9999) was found. PE is an index allowing quantification of the percentage of incorrect detected affiliations. They conclude that this multiplex system clearly demonstrates the importance of DNA testing to ensure accurate identification and allocation of parentage in reproductive centers.
In Morocco, PE and the probability of identity (PI: probability to take hazardly two individuals with the same genotype) were determinated for five camel populations by using seven microsatellites markers (VOLP03 YWLL44, YWLL59, CVRL01, CVRL05, CVRL06 and CVRL07. PE varied from 95 to 97% with one parent and was higher than 99.99% with two parents for the five populations. The PI of individual camels varied between 1/8.10–6 and 1/55.10–6 (Piro et al., 2011). They noticed that, among the five studied populations, the CVRL1 followed by VOLP3 loci were the most effective loci to exclude the false parents, while YWLL44 and YWLL59 loci present the lowest PE and PI.
In Tunisia, Nouaïria et al. (2015) evaluated twenty microsatellites to develop a microsatellite panel for parentage control in 130 dromedary camels. They concluded that a minimum of 12 microsatellites are needed to obtain a PE higher than 99% when one parent is unknown parent and 98% when both parents are unknown in dromedary camel.
With the actual development of new molecular biology techniques and with regard to several other species, it will probably be obvious that the establishment of parentage control using SNPs will soon be proposed by ISAG. Therefore, studies to choose the most informative SNPs on this subject should be carried out.
GENETIC STRUCTURE OF DIFFERENT BREEDS AROUND THE WORLD
Studies were conducted around the world on the genetic characterization and diversity of dromedary camels using microsatellites or SNPs (Lado et al., 2020b). Each study used a set of microsatellite markers to identify genetic difference between dromedary camels from different regions, in a specific country or through comparing breeds from different countries or continents. These different studies showed that it was quite difficult to establish a significant genetic differentiation between different types or breeds living in different regions and even with a different phenotype and most of the results suggested the probable existence of relatively less genetic variation in dromedary camels and that morphologic and regional distribution criterions are not enough for the dromedary camel classification or characterization (Jianlin et al., 2000; Mburu et al., 2003; Nolte et al., 2005; Vijh et al., 2007; Schulz et al., 2010; Ould Ahmed et al., 2010; Spencer and Woolnough, 2010; Piro et al., 2011; Mahrous et al., 2011; Mahmoud et al., 2012; Sushma et al., 2014; Sushma et al.,2015; Eltanany et al., 2015; Cherifi et al., 2017; Piro et al., 2018; Legesse et al., 2018; Tanveer et al., 2021). Not all the microsatellites markers used were polymorphic and the following markers showed a high level of polymorphism: CVRL01, CVRL07, CMS16, CMS50, CMS121, LCA56, LCA63, LCA65, LCA66, LCA70, VOLP03, VOLP10, VOLP32, VOLP50, VOLP55, VOLP67, YWLL08, YWLL09 (Jianlin et al., 2000; Nolte et al., 2005; Tyagi et al., 2017).
A higher level of cross-breeding or a gain of genetic variation following genetic drift subsequent to migration from one area to another, and traditional herding practices and dromedary camel particular history of domestication likely occurring from a bottlenecked and geographically confined wild progenitor can explain the poor genetic variation (Mahmoud et al., 2012; Cherifi et al., 2017; Piro et al., 2018). Hashim et al., (2014) indicated also that there was a relationship between the genetic makeup and geographical distributions and also between the genetic makeup and the phenotypic characteristic. Moreover, it is worth mentioning that most camelid populations are named as breeds after their tribal affiliation or the geographic location where they are found (Rosati et al., 2005). Only one study reported the existence of genetic variation amongst the four camel breeds studied in Libya (Bakory, 2012) and Banerjee et al. (2012) compared six Indian camel populations and showed a genetic differentiation among themselves due to selection pressure and breeding for specific economic traits and that the camel populations of India and South Africa are very well differentiated. Mehta, (2014) used more microsatellites (40) to analyze the genetic and demographic bottleneck of Indian camel breeds (Bikaneri, Jaisalmeri, Kachchhi and Mewari camel breeds) and they indicated that allelic polymorphism was observed only in 20 loci and a higher genetic variation was observed in most numerous Bikaneri breed. In comparison with the other three Indian dromedary breeds, the Mewari camels had relatively higher genetic distance from other breeds. These authors concluded that their results showed a demographic bottleneck in the four Indian dromedary populations and an appropriate conservation and improvement program is necessary.
The main studies using microsatellites and undertaken in several countries are reported in table 2, with emphasis on the number of markers used, the species and the regions studied. Recently, Lado et al., (2020b) used 22K SNPS markers for the evaluation of genetic diversity of African and Asian dromedary camels and showed also the existence of moderate genome-wide diversity and a low population structure.
TABLE 2 | Main studies using microsatellites realized in dromedary camels for the evaluation of genetic diversity.
[image: Table 2]CONCLUSION
The dromedary camel is a species of great zootechnical interest in several countries. Generally, camel genetic characterization studies have mainly been completed using microsatellite markers. However, to better characterize certain production interesting traits, other techniques using whole genome sequencing and SNPs are necessary. Currently, these techniques are under investigation to assess relation with some phenotypic trait. These studies will allow better understanding of this magnificent exotic species, better conservation of the different breeds and types of dromedary and would certainly provide better selection alternatives for the breeders.
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The aim of this study was to estimate genetic parameters of 26 individual and four composite type traits in first parity Cika cows. An analysis of variance was performed with the generalized linear model procedure of the SAS/STAT statistical package, where the fixed effects of year of recording, cow’s age at recording and days after calving as a linear regression were included in the model. The variance components for the direct additive genetic effect and the herd effect in all type traits were estimated using the REML method in the VCE-6 software package. The estimated heritabilities ranged from 0.42 to 0.67 for the measured body frame traits, from 0.36 to 0.80 for the scored autochthonous traits, from 0.11 to 0.61 for the scored body frame traits, and from 0.20 to 0.47 for the scored udder traits. The estimated heritabilities for the composite traits called “autochthonous characteristics”, “muscularity”, “body frame” and “udder” were 0.55, 0.19, 0.19, and 0.26, respectively. The estimated genetic correlations among the measured body frame traits were positive and high, while the majority of them among the scored body frame traits were low to moderate. The estimated proportions of variance explained by the herd effect for the composite traits “autochthonous characteristics,” “muscularity,” “body frame” and “udder” were 0.09, 0.28, 0.14, and 0.10, respectively. The estimated heritabilities for the type traits of first parity Cika cows were similar to those reported for other breeds where breeding values have been routinely predicted for a long time. All estimated genetic parameters are already used for breeding value prediction in the Cika cattle population.
Keywords: Cika cattle, first parity cow, type traits, genetic parameters, variance components
INTRODUCTION
Cika cattle is a Slovenian autochthonous dual-purpose breed. The breeding goal is to preserve the original type traits of the breed and to prevent an increase of inbreeding. Cika cattle are widespread all over Slovenia, especially in their regions of origin (Bohinj, Kamnik, Tolmin). The coat color pattern is red pied sided, which is typical for this breed and very different from other cattle breeds in Slovenia. Some Cika animals have a coat color pattern similar to Pinzgauer cattle and some to Tux-Zillertaler cattle from Austria (Sambraus, 1999). Based on microsatellite genotyping, Cika cattle form an Eastern Alpine breed cluster with Pinzgauer and Pustertaler cattle. Cika cattle are considered as an authentic and valuable genetic resource (Felius et al., 2011; Simčič et al., 2013). The possibility of excluding admixed animals (sires and sire dams) from the Cika cattle breeding program using SNP haplotypes has been reported in detail elsewhere (Simčič et al., 2015a,b).
Cika cattle breeding is based on the recording of type traits of all first parity cows (Žan Lotrič et al., 2010). The age of first parity cows at the recording day is restricted to a minimum of 560 days and there are no restrictions on the maximum age. Recording time is adjusted to the rearing technology, so the animals are not recorded during the grazing season. According to the breeding program, the recording of first parity cows is planned to take place 15–120 days after calving, which is often not possible due to the grazing season in the higher mountain pastures.
The current population size of Cika cattle is 5,531 animals (www.fao.org/dad-is), which is lower than in all other breeds in Slovenia. Therefore, all breeding animals are scored by a single expert. Compared to the small population size, a large number of sires (98 in the year 2020) is used for natural service and artificial insemination in the population. The effective population size is estimated to be 117 animals. Of the animals born in 2016, 96.6% had complete pedigree data in the second generation, while 65.7% of the animals had a complete pedigree in the sixth generation. The inbreeding coefficient in the population is estimated to be 2.1%.
Genetic parameters for type traits in dairy cattle breeds have been reported in first parity cows of Holstein-Friesian (Van Dorp et al., 1998; Rupp and Boichard, 1999; Larroque and Ducrocq, 2001; Neuenschwander et al., 2005; de Haas et al., 2007; Němcová et al., 2011), Jersey (Thomas et al., 1985; Norman et al., 1988; Rogers et al., 1991), Brown Swiss (Norman et al., 1988; Dal Zotto et al., 2007; de Haas et al., 2007; Samore et al., 2010), Red Holstein (de Haas et al., 2007), Ayrshire, Guernsey and Shorthorn (Norman et al., 1988), where correlations among type traits, milk yield, fertility and longevity were estimated.
In first parity cows of beef breeds, genetic parameters for type traits were studied in Belgian blue cattle with double muscling by Gengler et al. (1995), and in Spanish Asturiana de los Valles cattle by Guitiérrez and Goyache (2002), and Guitiérrez et al. (2002). Forabosco et al. (2004) indirectly estimated longevity using correlated type traits. Genetic parameters for type traits in first parity cows of some autochthonous cattle breeds were reported as well, e.g. in the Italian autochthonous breeds Chianina (Forabosco et al., 2004), Piemontese (Mantovani et al., 2010), Rendena (Mazza and Mantovani, 2012; Mazza et al., 2014), Cabanina (Comunod et al., 2013), Valdostana cattle (Mazza et al., 2015), Alpine Grey cattle (Mancin et al., 2021) and Italian Simmental (Frigo et al., 2013).
The aim of this pilot study was to estimate genetic parameters for the measured and scored type traits included in the routine breeding values estimation of Cika cows according to the breeding program.
MATERIALS AND METHODS
Data
The data were obtained from the Central database for cattle kept by the Agricultural Institute in Slovenia, which included information from the type traits recording of Slovenian first parity Cika cows scored in the years from 2006 to 2019. We assumed that the type trait recording was intended for first parity cows, so we limited the age at recording to a maximum of 1,460 days or 4 years as recommended by de Haas et al. (2007) and a minimum of 607 days. On average, the animals were 1,030.7 ± 167.3 days old at recording. In addition, we excluded all cows younger than 4 years of age that were scored after the second parity. First parity cows that were not in the recommended stage of lactation on the day of recording according to the breeding program were not excluded from further analysis. Consequently, the recorded first parity cows were one to 446 days after calving, 227.5 ± 112.7 days on average. After applying these limitations, 1,815 first parity cows were included in the final analysis (Table 1).
TABLE 1 | Descriptive statistics of analyzed traits.
[image: Table 1]All first parity cows (1,815) with type traits and their known ancestors were included in the additive relationship matrix among all animals (2,953 animals in total). Almost 98% of the first parity cows had a known sire and 96% had a known dam. In total, 95% of the first parity cows had both parents known.
Estimation of Variance Components
To investigate the non-genetic effects to be included in the model, an analysis was performed using the GLM (generalized linear model) procedure in the SAS/STAT statistical package (version 9.4, SAS Institute Inc, 2001) with the statistical model
[image: image]
where yijk was the type trait, μ was the mean of the population, Yi was the fixed effect of the recording year (i = 2006, … , 2019), bI was the linear regression coefficient for the age at recording, xijk was the age at recording (days), [image: image] was the mean age at recording, bII was the linear regression coefficient for days after calving, zijk was the number of days after calving, [image: image] was the mean number of days after calving and eijk was an error.
The matrix notation for the complete model including both non-genetic and genetic effects was expressed as:
[image: image]
Where y is an N x 1 vector of observations, β is the vector of systematic fixed effects of order p, q is the vector of herd effect considered as random effect, u is the vector of animal effects with order m, and e is the vector of residual effects. Likewise, X, W and Z are the corresponding incidence matrices with the appropriate dimensions.
The variance components and heritability for each individual and composite trait were estimated with the REML method in the VCE-6 software package (Groeneveld et al., 2010).
The analyzed type traits were divided into six groups according to specific body regions (Simčič et al., 2016). The measured body frame traits (wither height, rump height, body length, chest girth) were assigned to Group 1. The scored autochthonous traits were divided into three groups: head characteristics (head length, head nobility, eyes, horn base circumference, horns length, horns direction) were assigned to Group 2, neck characteristics (neck, dewlap) were assigned to Group 3, and coat color traits (coat color, back stripe, rear legs stripe, front legs stripe) were assigned to Group 4. The scored body frame traits (top line, rump angle, rear leg set, hock quality, foot angle, heel height, body frame as a composite trait) were assigned to Group 5. Udder traits (fore udder attachment, udder depth, teat thickness, front teat length, udder as a composite trait) were assigned to Group 6. The variance components and genetic parameters for these anatomically similar traits divided into six groups were estimated separately for each group using multivariate mixed models. The two remaining composite traits (autochthonous characteristics, muscularity) were analyzed with a univariate mixed model.
RESULTS AND DISCUSSION
Variance Component Estimates
The heritabilities (h2) for all included type traits in the first parity Cika cows ranged between 0.11 and 0.80, while the proportions of variance explained by the herd effect ranged between 0.01 and 0.28. Considering the six different trait groups, the heritabilities for the measured body frame traits ranged from 0.42 to 0.67, for the scored autochthonous traits from 0.36 to 0.80, for the scored body frame traits from 0.11 to 0.61, and for the scored udder traits from 0.20 to 0.47. The estimated heritabilities for the composite traits of autochthonous characteristics, muscularity, body frame, and udder were 0.55, 0.19, 0.19, and 0.26, respectively (Table 2).
TABLE 2 | Estimated proportions of variance components ± standard errors for type traits in the first parity Cika cows.
[image: Table 2]The estimated h2 for measured wither height and rump height in the first parity Cika cows were very similar, 0.66 ± 0.05 and 0.67 ± 0.05, respectively (Table 2). A lower h2 for wither height was estimated in first parity Piemontese cows (0.31 ± 0.02; Mantovani et al., 2010). A similar h2 for rump height was estimated in first parity Holstein cows (0.69 ± 0.03), American Brown Swiss cows (0.64 ± 0.02), and Red Holstein cows (0.74 ± 0.03) in Switzerland (de Haas et al., 2007), whereas the estimated h2 was lower in first parity Brown Swiss cows in Slovenia (0.46; Špehar et al., 2012). A lower h2 for rump height was estimated in first parity Rendena cows (0.52; Mazza et al., 2014), American Brown Swiss cows (0.32; Dal Zotto et al., 2007), and first parity Holstein-Friesian cows in the Czech Republic (0.45; Němcová et al., 2011). The estimated h2 for body length in the first parity Cika cows was 0.54 ± 0.05 (Table 2). A lower h2 for body length was estimated in Rendena cows (0.41; Mazza et al., 2014). The estimated h2 for chest girth in first parity Cika cows was 0.42 ± 0.05, which was only slightly higher than in Holstein (0.38 ± 0.02), American Brown Swiss (0.35 ± 0.02) and Red Holstein cows (0.36 ± 0.02) in Switzerland (de Haas et al., 2007).
The estimated h2 for head length in the first parity Cika cows was 0.48 ± 0.03 (Table 2). A lower h2 for head length was estimated in the Spanish Asturiana de los Valles (0.25 ± 0.02; Gutiérrez and Goyache, 2002), and in Piemontese cows (0.15 ± 0.02; Mantovani et al., 2010). The estimated h2 for the composite autochthonous trait in first parity Cika cows was 0.55 ± 0.05 (Table 2). In Asturiana de los Valles cows, the estimated h2 for a similar composite trait called “breed characteristics” was 0.33 ± 0.02 (Gutiérrez and Goyache, 2002). The estimated h2 for the coat color and coat pattern traits (coat color, back stripe, rear legs stripe, front legs stripe) in the first parity Cika cows were between 0.63 and 0.80.
The estimated h2 for the top line in the first parity Cika cows was 0.19 ± 0.05 (Table 2). A lower h2 for top line was estimated in first parity Asturiana de los Valles cows (0.11 ± 0.01; Gutiérrez and Goyache, 2002), Piemontese cows (0.07 ± 0.01; Mantovani et al., 2010), Brown Swiss cows in Slovenia (0.16; Špehar et al., 2012) and American Brown Swiss cows (0.10; Dal Zotto et al., 2007). Estimated h2 for rump angle in first parity Cika cows was 0.32 ± 0.03 (Table 2). A similar h2 for rump angle was estimated in first parity Rendena cows (0.36; Mazza et al., 2014) and Czech Holstein-Friesian cows (0.34; Němcová et al., 2011). The h2 for rump angle in first parity Brown Swiss cows in Slovenia was 0.22 (Špehar et al., 2012), and 0.24 in American Brown Swiss cows (Dal Zotto et al., 2007). The estimated h2 for rear leg set in the first parity Cika cows was 0.15 ± 0.03 (Table 2). Similar h2 for rear legs set was found in the Rendena cows (0.21; Mazza et al., 2014), Piemontese (0.12 ± 0.02; Mantovani et al., 2010), Slovenian Brown Swiss (0.13; Špehar et al., 2012), American Brown Swiss cattle (0.14; Dal Zotto et al., 2007) and Czech Holstein-Friesian cows (0.16; Němcová et al., 2011). The estimated h2 for hock quality in the first parity Cika cows was 0.61 ± 0.04 (Table 2). A lower h2 for hock quality was estimated in Slovenian Brown Swiss (0.11; Špehar et al., 2012) and American Brown Swiss cows (0.08; Dal Zotto et al., 2007). The estimated h2 for heel height in first parity Cika cows was 0.12 ± 0.02 (Table 2). An equal or very similar h2 for heel height was estimated in Rendena cows (0.12; Mazza et al., 2014), Piemontese (0.09 ± 0.01; Mantovani et al., 2010), Slovenian Brown Swiss (0.04; Špehar et al., 2012), American Brown Swiss (0.09; Dal Zotto et al., 2007) and in Czech Holstein-Friesian cows (0.10; Němcová et al., 2011). Likewise, the estimated h2 for the composite trait body frame in the first parity Cika cows was 0.19 ± 0.03, which was very similar to Rendena cows (0.18; Mazza et al., 2014), an autochthonous small frame cattle breed from north-eastern Italy.
The estimated h2 for udder attachment in the first parity Cika cows was 0.20 ± 0.03 (Table 2), which was lower than in Rendena cows (0.32; Mazza et al., 2014), and similar to Czech Holstein-Friesian (0.24; Němcová et al., 2011) as well as French Holstein cows (0.18; Rupp and Boichard, 1999). The estimated h2 for fore udder attachment was higher than in Slovenian Brown Swiss (0.14; Špehar et al., 2012) and American Brown Swiss cows (0.14; Dal Zotto et al., 2007). The estimated h2 for udder depth in the first parity Cika cows was 0.26 ± 0.03, similar to Rendena cows (0.27; Mazza et al., 2014), Slovenian Brown Swiss (0.22; Špehar et al., 2012), American Brown Swiss (0.23; Dal Zotto et al., 2007), Czech Holstein-Friesian (0.32; Němcová et al., 2011) and French Holstein cows (0.29; Rupp and Boichard, 1999). The estimated h2 for teat thickness in first parity Cika cows (0.34 ± 0.03; Table 2) was similar to Rendena (0.34; Mazza et al., 2014), Slovenian Brown Swiss (0.33; Špehar et al., 2012), American Brown Swiss (0.32; Dal Zotto et al., 2007), Czech Holstein-Friesian (0.28; Němcová et al., 2011) and French Holstein cows (0.30; Rupp and Boichard, 1999). Taking into account estimated composite trait “udder” in the first parity Cika cows (h2 = 0.26 ± 0.03; Table 2), the results were lower than in Rendena cows (0.37; Mazza et al., 2014), and higher than in Slovenian Brown Swiss cows (0.16; Špehar et al., 2012).
The estimated h2 for muscularity in the first parity Cika cows was 0.19 ± 0.05 (Table 3), which was similar to Asturiana de los Valles cows (0.22 ± 0.01; Gutiérrez and Goyache, 2002) and Brown Swiss cows (0.16; Špehar et al., 2012). On the other hand, h2 for muscularity in the first parity Cika cows was lower than in Rendena (0.31; Mazza et al., 2014), American Brown Swiss (0.42 ± 0.02) and Red Holstein cows (0.59 ± 0.03) (de Haas et al., 2007). The huge variability in the heritabilities for the trait muscularity could be due to the recording procedure, the degree of harmonization among the experts, the statistical models, and data quality.
TABLE 3 | Estimated genetic correlations ± standard errors (above diagonal) and phenotypic correlations (below diagonal) for measured body frame traits from Group 1.
[image: Table 3]The proportion of variance in the type traits of the first parity Cika cows explained by the effect of the herd (c2) ranged from 0.01 to 0.28 (Table 3). Interestingly, c2 was on average higher for measured body frame traits (0.10–0.25) compared to the scored body frame traits (0.01–0.23). Likewise, the scored autochthonous and udder traits had a low c2 (0.01–0.11 and 0.06 to 0.13, respectively). The estimated c2 for the composite traits (autochthonous characteristics, muscularity, body frame, udder) were 0.09, 0.28, 0.14, and 0.10, respectively. This might reflect the effect of the huge variability of production systems on the farms that cause variability in the body condition of the animals in the herd. The proportion of residual variance ranged from 0.18 to 0.74. The standard errors of the variance components varied between 0.007 and 0.05.
Genetic and Phenotypic Correlations
The estimated genetic and phenotypic correlations between the measured body frame traits (Table 3) were positive and very high. Based on these high correlations, it would be recommended to reduce the number of measured traits in the scoring form, to make the whole procedure less time consuming. The ICAR guidelines for conformation recording (ICAR, 2018) recommend only rump height (called “stature”) to be scored. Likewise, Mazza et al. (2014) found high genetic (0.79) and phenotypic (above 0.53) correlations between body frame traits in first parity Rendena cows. On the other hand, lower positive genetic correlations between rump height and chest girth were estimated in Holstein (0.45), American Brown Swiss (0.34) and Red Holstein cows (0.54) (de Haas et al., 2007).
The estimated genetic correlations between the traits describing parts of the head (Table 4) were low to moderate, and mostly positive. The only slightly negative genetic correlation was found between head and horn length (−0.05), where SE was 0.06 and, therefore, the genetic correlation was not different from zero. The highest genetically correlated traits were head length and eyes (0.76). The phenotypic correlations were lower than the genetic ones, ranging from 0.09 (horn length - head length, horn length - eyes) to 0.54 (head nobility - head length).
TABLE 4 | Estimated genetic correlations ± standard errors (above diagonal) and phenotypic correlations (bellow diagonal) for scored autochthonous traits from Group 2.
[image: Table 4]The estimated phenotypic and genetic correlation between the neck and dewlap (Table 5) was positive and moderate (0.53). Animals with thin skin on the neck had a less expressed dewlap and vice versa, which was expected.
TABLE 5 | Estimated genetic correlation ±standard error (above diagonal) and phenotypic correlation (bellow diagonal) for scored autochthonous traits from Group 3.
[image: Table 5]The estimated genetic and phenotypic correlations between the scored traits describing the coat color and white stripes patterns (Table 6) were positive, very low one the hand or very high on the other. The coat color was weakly correlated with all traits describing white stripe patterns, whereas the back stripe, the rear legs stripe, and the front legs stripe were highly correlated with each other. Likewise, the genetic correlation between the coat color and the front legs stripe (0.02) had a SE of 0.03 and, therefore, was not different from zero. First parity Cika cows with a wider white back stripe had wider white strips on the rear and front legs. Cows with a wider white stripe on the rear legs had a wider white stripe on the front legs as well.
TABLE 6 | Estimated genetic correlations ± standard errors (above diagonal) and phenotypic correlations (bellow diagonal) for scored autochthonous traits from Group 4.
[image: Table 6]The majority of the estimated correlations among the body frame traits (Table 7) were low to moderate. The lowest genetic correlation was found between rump angle and hock quality (−0.03), while the highest was between heel height and foot angle (0.89). However, the genetic correlation between rump angle and hock quality (−0.03) had a SE of 0.06 and was not different from zero. The highest phenotypic correlation (0.62) was also found between heel height and foot angle, whereas the lowest phenotypic correlation (−0.001) was between rear leg set and rump angle. Animals with a low foot angle had low heel height, while animals with a steep foot angle had high heel height. Moderate genetic correlations were estimated between the composite trait body frame and heel height as well as with foot angle (both 0.58). The composite trait body frame had the highest negative correlation with rear leg set (−0.59). Cows with high scores for the composite trait of body frame had relatively steep foot angles and high heel height, and a steep rear leg set. Špehar et al. (2012) estimated a similar genetic correlation between rear leg set and heel height (−0.33) in Slovenian Brown Swiss cows. Němcová et al. (2011) estimated lower genetic and the same phenotypic correlation between rump angle and heel height (−0.06; −0.04) in Czech Holstein-Friesian cows.
TABLE 7 | Estimated genetic correlations ± standard errors (above diagonal) and phenotypic correlations (bellow diagonal) for scored and composite body frame traits from Group 5.
[image: Table 7]The estimated phenotypic correlations between udder traits (Table 8) were moderate and positive (up to 0.79 between fore udder attachment and the composite udder trait), and weak to moderate negative (up to −0.39 for front teat length and udder depth). Some estimated genetic correlations were high and positive, with the highest correlation between udder depth and the composite trait “udder” (0.94). The others were moderate and negative (e.g. −0.74 between udder depth and front teat length). The lowest genetic correlation was estimated between front teat length and fore udder attachment (−0.45). A functional udder should be extended under the abdomen, well attached, with thin and short teats.
TABLE 8 | Estimated genetic correlations ± standard errors (above diagonal) and phenotypic correlations (bellow diagonal) for scored udder traits and the composite trait udder from Group 6.
[image: Table 8]Fore udder attachment and udder depth were relatively strongly correlated (0.78), as well as front teat length and teat thickness (0.78). Cows with a genetic predisposition for weakly attached udders usually have deeper udders as well. Němcová et al. (2011) estimated higher phenotypic and lower genetic correlations between fore udder attachment and udder depth (0.44; 0.75) in Czech Holstein-Friesian cows. Mazza et al. (2014) estimated lower phenotypic and genetic correlations between fore udder attachment and the composite trait “udder” (0.68; 0.78) in Rendena cows.
Genetic Trends
All 26 individual type traits as well as the four composite traits were already introduced in the genetic evaluation of first parity Cika cows in the year 2016. The composite traits, which include all individual traits, are widely used. There is a plan to decrease the number of traits in the future since some of the traits within each group are highly correlated. Nevertheless, Figure 1 includes the genetic trends of all 26 individual type traits as well as the four composite traits for first parity Cika cows born from 2000 to 2019. The genetic trends of all four measured body frame traits are negative, which is desirable and expected since the breeders prefer Cika animals with a smaller body frame that were not admixed with Pinzgauer in the past. Moreover, potential Cika sires are genotyped each year to select those from the group suitable for artificial insemination that do not have genes of Pinzgauer or other foreign breeds. The autochthonous characteristics of the cows are represented by 12 individual traits divided into traits of the head, neck and coat color as well as coat color patterns. The genetic trends for the traits of the head are all positive. First parity Cika cows born in the last years had shorter and finer heads with larger eyes and thinner, shorter horns with a more forward direction compared to Cika cows born before 2010, which is in accordance with the breeding goals of the breeding program. A very similar situation is reflected by the positive genetic trends of the neck and dewlap, which became finer in younger cows. Likewise, heavier necks and dewlaps are typical for Cika cows that were admixed with Pinzgauer in the past. According to the genetic trends for coat color and its patterns, the coat color is becoming brighter, while white stripes on the back as well as on the rear and front legs have not changed very much in animals born during the last years. Among the scored body frame traits, only hock quality had a positive genetic trend, while rump angle, foot angle and heel height had negative genetic trends. Consequently, cows born in the last years have more sloping rumps, as well as cleaner and drier hocks with steeper angles of the foot and taller heels. In the past, a lot of cows had high pins and hocks with a lot of fluid, which was very undesirable for the breeders, i.e. the genetic trends are in accordance with the breeding goals now. Among the scored udder traits, only fore udder attachment and udder depth had slightly positive trends, which means that cows have more strongly attached and shallower udders than in the past. Finally, three (autochthonous characteristics, body frame, udder) of four composite traits had positive genetic trends. All in all, first parity Cika cows born in the last years showed more typical autochthonous type traits of purebred Cika cows, which distinguished them from Cika cows admixed with Pinzgauer in the past. Likewise, first parity Cika cows nowadays have more excellent body frames and udders.
[image: Figure 1]FIGURE 1 | Genetic trends for type traits in first parity Cika cows born in the years 2000–2019.
CONCLUSION
Comparing the estimated heritabilities for the majority of included type traits with heritabilities from the literature, it was found that they were within the expected range and similar to those reported for other breeds. Among the measured body frame traits, the highest heritability was estimated for rump height. The heritabilites of scored body frame traits in Cika were similar to those of other breeds as well. In the scoring form for Cika, only four scored udder traits are included (fore udder attachment, udder depth, teat thickness, front teat length). Nevertheless, their heritabilities were very similar to those reported for cows of dairy breeds. The estimated heritabilities of the scored autochthonous traits, which describe the breed characteristics, were moderate to high. This suggests the possibility to breed first parity Cika cows with unique type traits known for autochthonous Cika cattle. Unfortunately, according to the best of our knowledge, no autochthonous type traits like those included in the analysis have been investigated before. Consequently, comparison with the literature was not possible.
All above estimated genetic parameters are already used for breeding value prediction in the Cika cattle population. According to the genetic trends, first parity Cika cows born in the last years showed more typical autochthonous type traits of purebred Cika cows, which distinguished them from Cika cows admixed with Pinzgauer in the past. Likewise, first parity Cika cows nowadays have more excellent body frames and udders.
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Sheep farming is a major source of meat in Morocco and plays a key role in the country’s agriculture. This study aims at characterizing the whole-genome diversity and demographic history of the main Moroccan sheep breeds, as well as to identify selection signatures within and between breeds. Whole genome data from 87 individuals representing the five predominant local breeds were used to estimate their level of neutral genetic diversity and to infer the variation of their effective population size over time. In addition, we used two methods to detect selection signatures: either for detecting selective sweeps within each breed separately or by detecting differentially selected regions by contrasting different breeds. We identified hundreds of genomic regions putatively under selection, which related to several biological terms involved in local adaptation or the expression of zootechnical performances such as Growth, UV protection, Cell maturation or Feeding behavior. The results of this study revealed selection signatures in genes that have an important role in traits of interest and increased our understanding of how genetic diversity is distributed in these local breeds. Thus, Moroccan local sheep breeds exhibit both a high genetic diversity and a large set of adaptive variations, and therefore, represent a valuable genetic resource for the conservation of sheep in the context of climate change.
Keywords: sheep, whole genome sequences, local breeds, demography, selection signatures
1 INTRODUCTION
Sheep were among the first domesticated animals about 11,000 years B.P (Vigne, 2011; Demirci et al., 2013). They are one of the main sources of meat and milk around the world (Ritchie and Roser, 2017). According to the FAO, the worldwide stocks of sheep reached 1,238 M heads in 2019 with proportions of 42.6% in Asia, 32.9% in Africa, 10.3% in Europe, 7.5% in Oceania and 6.7% in the Americas (FAOSTAT, 2020). The world production increase of sheep products was about 13.7% for meat and about 9.9% for milk between 2009 and 2019 (FAOSTAT, 2020). In the context of environmental changes, the improvement and conservation of this species are major challenges to sustainably meet the growing needs of human populations for meat and dairy products, both at the national and international levels (Bruford et al., 2015). Furthermore, in order to achieve the United Nations SDG#2 (Sustainable Development Goals), the target #2.5 is directly concerned by maintaining genetic diversity in domestic species, and two associated indicators are related to the proportion of endangered breeds (#2.5.1 & #2.5.2). Thus, local traditionally-managed sheep breeds represent an officially recognized valuable genetic resource for the conservation of this species on a global scale.
Technological advances during the last decade have made it possible to produce and process Whole Genome data for hundreds of individuals (Kulski, 2016). Similarly, bioinformatic improvement has incredibly advanced (Mangul et al., 2019). The DNA sequence of an individual is the most comprehensive collection of its genetic variation, and today’s sequencing technology that is much more increasingly efficient, faster and cheaper than ever (Kulski, 2016) allows access to this genome-wide variation for many individuals from the same population or breed. This allows a precise characterization of genetic resources, by characterizing properly their demographic dynamics and geographic structuration, as well as their adaptive diversity (Benjelloun et al., 2019).
In Morocco, sheep are marked by a high global genetic diversity indicating a high adaptive potential (Benjelloun, 2015; Benjelloun et al., 2021). The main local breeds currently farmed have significant ability to adapt to their breeding system and environment. However, the genetic diversity within each breed and the demographic and adaptive history that shaped this diversity are not yet very well known. Only a few hypotheses have been emitted to describe their origin (Boujenane, 1999).
Sheep farming in Morocco plays an important economic and sociological role. It is practiced all over the country where it is often one of the main sources of farmers’ income. Thus, sheep are bred under various environmental conditions and anthropogenic pressures. One of the main threats to these breeds is the unsupervised crossing practiced by farmers under increasing economic pressure as recently demonstrated by Belabdi et al. (2019). These practices, evaluated by the FAO to establish risk status of breeds, have led to genetic dilution (FAO, 2007), to which is added the risk of replacement of local breeds by cosmopolitan breeds (Taberlet et al., 2008).
The Moroccan sheep population is made up of about 1% of exogenous breeds and 99% of local breeds (Boujenane, 2006), among which the most important ones are Sardi, Dman, Timahdite, Beni Guil and Boujaad. Since 1980, five main local sheep breeds have been standardized and officially recognized by a large management program named the National Sheep Plan (MARA, 1980) which was based on assigning theses breeds to their exclusive specific habitat or area named “cradle of the breed”. Thus, Beni Guil is bred in the Eastern plateaus in large herds using pastoralism as main feeding sources. The Dman breed has been bred in the palm groves of the pre-Saharan regions of the South-Eastern Morocco for a long time and is mainly located in the oases. Dman is considered as the most isolated and phenotypically distinguished breed in Morocco. The Sardi breed belongs to the sheep population of the western plateaus in Morocco. It is considered as a large-body sheep and very appreciated in religious events. Timahdite is a rustic breed well adapted to mountainous areas with low-input systems. Finally, the Ouled Jellal breed, which is not considered indigenous in Morocco, was shown to be among the main breeds farmed in the Eastern region of the country together with Beni Guil since a long time (Belabdi et al., 2019), and is considered as a true breed of the steppe, well adapted to nomadism.
Many characteristics that condition the fitness of livestock are associated with the production performances. Thus, the identification of signatures of selection is a valuable approach to identify the genes and polymorphisms underlying the phenotypic variation of these traits that are subjected to both anthropogenic selection (Rochus et al., 2018) and natural selection related to e.g., climatic or ecological constraints. While previous studies using WGS have identified many genome-environment associations in Moroccan sheep (Benjelloun, 2015), the genomic bases of traits specific to local breeds are still undetermined.
In this context, this study aims at characterizing the main five Moroccan breeds by describing their genomic diversity, inferring their demographic history and identifying shared and breed-specific selective sweeps using whole genome data. The data obtained enabled us to distinguish genomic regions putatively involved in local adaptation from those more directly related to anthropogenic pressures and associated to breed-specific zootechnical performances.
2 METHODS
2.1 Samples and Breeds
We sampled 87 unrelated sheep representatives of the geographic distribution of five local Moroccan breeds (Sardi, Dman, Timahdite, Beni Guil and Ouled Jellal; Supplementary Table S1) across the Northern half of Morocco (North of latitude 28°) between January 2008 and March 2012 in accordance with ethical regulations of the European Union Directive 86/609/EEC, as described in Benjelloun et al. (2021) and Benjelloun (2015). Tissue samples were taken from the distal part of the ear and then placed in alcohol for 1 day, after which they were transferred to a silica gel tube pending the extraction of DNA.
Additionally, a worldwide breed panel consisting of 20 sheep representing 20 different worldwide breeds was provided by the International Sheep Genome Consortium. The panel represents sheep from Asia, Africa Australia, America and Europe (Supplementary Table S1). Similarly, 13 wild Asiatic mouflons (O. orientalis) were collected either from captive or recently hunted animals, and from frozen samples available at the Iranian Department of Environment. These worldwide sheep (n = 20) and Asiatic mouflons (n = 13) were previously used in Alberto et al. (2018) and their whole genome sequence data were included here for comparisons and for increasing power when identifying selection signatures in Moroccan sheep (see section 2.3 and section 2.4 in the Methods).
2.2 Data Processing
As described by Benjelloun et al. (2021), Alberto et al., 2018 and Benjelloun et al. (2019), Illumina reads were aligned to the sheep reference genome (OAR v3.1, GenBank assembly GCA_000317765.1 (Jiang et al., 2014), and variant discovery was performed using three different algorithms: Samtools Mpileup (Li et al., 2009), GATK UnifiedGenotyper (McKenna et al., 2010) and Freebayes (Garrison and Marth, 2012). Variants were called using a larger dataset than that used in this study (i.e., 160 sheep). Then two successive rounds of filtering variant sites were run. Filtering stage 1 merged together calls from the three algorithms, whilst filtering out the lowest-confidence calls. A variant site passed if it was called by at least two different calling algorithms with variant phred-scaled quality>30. An alternate allele at a site passed if it was called by any one of the calling algorithms, and the genotype count >0. Filtering stage 2 used Variant Quality Score Recalibration by GATK. First, a training set was generated of the highest-confidence variant sites where 1) the site was called by all three variant callers with variant phredscaled quality >100; 2) the site was biallelic, and 3) the minor allele count was at least three, counting only samples with genotype phredscaled quality >30. The training set was used to build a Gaussian model using the tool GATK VariantRecalibrator using the following variant annotations from UnifiedGenotyper: QD, HaplotypeScore, MQRankSum, ReadPosRankSum, FS, DP, Inbreeding Coefficient.
The Gaussian model was applied to the full data set, generating a VQSLOD (log odds ratio of being a true variant). Sites were filtered out if VQSLOD < cutoff value. The cutoff value was set for each population by the following: Minimum VQSLOD = {the median value of VQSLOD for training set variants}—3 * {the median absolute deviation VQSLOD of training set variants}. Measures of the transition/transversion ratio of SNPs suggest that this chosen cutoff criterion gives the best balance between selectivity and sensitivity.
Genotypes were improved and phased by Beagle 4 (Browning and Browning, 2013), and then filtered out where the genotype probability calculated by Beagle was <0.95. The resulting dataset was constituted of 47,622,950 variants.
2.3 Genetic Diversity and Demography
We used vcftools (Danecek et al., 2011) to estimate the heterozygosity (Ho), inbreeding coefficient (F) using polymorphic diploid bi-allelic SNPs and nucleotide diversity (π) for all diploid SNPs without missingness. We also calculated the FST index (Weir and Cockerham, 1984) using the same program (VCFtools) for each variant and their average over the whole genome between each two of the five Moroccan breeds, and between the 87 Moroccan individuals and the 22 sheep representing 12 cosmopolitan breeds.
In order to determine the demographic history of the studied breeds, we used the approximate Bayesian computation (ABC) approach implemented in PopSizeABC (Boitard et al., 2016a) to estimate the effective population size (Ne) through time from 130 K years to the present. PopSizeABC determines how Ne changes through time, by estimating empirical summary statistics from our VCF files and matching them to the simulated summary statistics obtained from simulated genomic data. The simulations explore a large set of Ne possible values for each of 21 pre-defined time windows, together with several values of the per generation per bp recombination rate (r), while assuming a fixed and pre-defined per generation per site mutation rate (μ). In order to compare the demographic history Moroccan sheep with the main worldwide breeds/populations, we included, in the analysis, genomic data of the worldwide sheep and Asiatic mouflons. The latters represent the closest wild descents of the species from which the current domestic sheep (O. aries) diverged since their domestication. The worldwide breeds were subjected to the improvement of their production performances by intensive selection (Alberto et al., 2018).
We estimated the recombination rate by using a uniform prior interval from 8e−9 to 13e−9 with an approximation of r = 10.65e−9, and then empirical data for each population. The minor allele count threshold (mac) for the Allele Frequency Spectrum (AFS) and Identity By State (IBS) statistics computation was set for each population to about 5% × N (where N is the number of samples) and the minor allele count threshold for LD statistics computation (mac_ld) was set to about 20% × N as recommended by Boitard et al., (2016a). The number of simulated datasets was nb_rep = 10,000, the number of independent segments in each dataset was nb_seg = 50 and the size of each segment in bp was L = 2,000,000, which overall gives a total of 1 Terabp of simulated data.
2.4 Selection Signatures
To identify selective sweeps, we have defined an integrated framework based on two complementary approaches as proposed in Boitard et al., (2016b). The first one (freqHMM) detects selection occurring within a single population while the second (FLK & hapFLK) is for detecting selection events differentiating populations.
A- A genome scan using the freqHMM program (Boitard et al., 2012) allowed identifying independently the putative regions under selection within each of the five studied breeds. This method is based on contrasting the local and genome-wide distributions of allele frequencies using data from a single population by assuming each SNP to have a hidden state which can take three different values: 1) “3 = Selection”; attributed to SNPs that are located in a selective sweep, 2) “intermediate”, for SNPs not selected but located close to a selective sweep and 3) “1 = neutral”, for SNPs that are far from any selective sweep. It aims at identifying ancient selection signatures that arose from new variants (hard sweeps) as described by Boitard et al. (2012). Ancestral alleles at each marker were defined using the homozygotes of the reference goat genome (CHIR_1.0; Dong et al., 2013) for the corresponding loci, by assuming that these are the ancestral alleles that mutated in Ovis to produce SNPs. Those ancestral alleles were added to the input VCF files using an in-house shell script. Afterwards, five different datasets representing whole genome variants with a total of polymorphic 31,442,046 SNPs (for which ancestral alleles were identified) of each of the five breeds were extracted using vcftools (Danecek et al., 2011) and data related to each chromosome was put in a separate file for each breed. Then, we calculated the number of derived and ancestral alleles for each SNP using vcftools. Parameter K of freqHMM was calibrated for each breed by simulating data using ms (Hudson, 2002) under neutrality, accounting for the demographic history previously estimated for the breed by PopSizeABC, and running freqHMM on these neutral data, as previously described in Boitard et al., (2016b). The value of K obtained by this approach was then used to run the freqHMM analysis on the empirical data for each one of the five breeds.
B- The second approach to detect selective sweeps was a combination of the FLK (Bonhomme et al., 2010) and hapFLK (Fariello et al., 2013) methods implemented in the hapFLK (1.4 version) program (https://forge-dga.jouy.inra.fr/projects/hapflk/files). It was used to detect selection signatures by differentiating haplotypes among hierarchically structured populations, as described by Fariello et al. (2013). This has been done using all the genomic autosomes with no missingness allowed. FLK is a test for inbreeding coefficient heterogeneity that uses phylogenetically estimated relationships between populations. The allele frequencies are rescaled using a population kinship matrix which is estimated from the genomic data, measuring the amount of genetic drift expected under neutral evolution. HapFLK uses the differences in the frequencies of allele haplotypes between populations and the hierarchical structure of subpopulations.
The shared variants between the five Moroccan breeds and the 19 Ovis Orientalis (included as outgroup) were combined using the option “-T CombineVariants” of GATK (McKenna et al., 2010). The resulting dataset consisting of 31,721,507 polymorphic SNPs was used for FLK analysis to calculate Reynolds distances and the resulting Kinship Matrix. Then, this dataset was subdivided into several files each of which has a window of 10 Mbp with an overlap of 1 Mbp between each two successive windows. Subsequently, we launched FLK/hapFLK on all files one by one with a specified number of clusters set to K = 25. The analysis was launched with the option of keeping the Outgroup when computing FLK/hapFLK scores. We applied the approach of Storey and Tibshirani (2003), implemented in the q-value R package (Storey et al., 2015) to control the false discovery rate (FDR) based on FLK/hapFLK p-values.
Lists of genes that include or less than 5 kb away from the identified candidate SNPs (Downstream 5′-end and upstream 3′-end) were established and used for the Gene Ontology (GO) enrichment analyses. Similarly, outlier genomic regions were constituted of 50 kb segments surrounding outlier SNPs. GO enrichment analyses were performed using GOwinda (Kofler and Schlötterer, 2012) in order to explore the biological processes in which the identified genes under selection are involved. Bos Taurus was used as the reference species for that analysis. GOwinda effectively corrects for the gene length bias while identifying clearly over-represented GO categories, considering only SNPs being located in an exon are associated with the corresponding gene (using option: -gene-definition exon). A 5% FDR threshold was applied on GOwinda outputs. The identified GO terms in each population were clustered into homogenous groups using REVIGO (Supek et al., 2011).
3 RESULTS
3.1 Whole Genome Diversity
The individual observed heterozygosity (Ho) in the five breeds was 0.28 on average, varying from 0.22 in Dman to 0.35 in Beni Guil (Table 1). The inbreeding coefficient varied thus from 0.0007 in Beni Guil to 0.095 in Dman which was the most inbred of the five Moroccan breeds.
TABLE 1 | Number of the specific variants and neutral genetic diversity parameters, for five Moroccan breeds.
[image: Table 1]The whole genome nucleotide diversity (π), calculated over the 87 Moroccan sheep was 0.29. The Dman and Sardi breeds showed close π values of 0.247 and 0.25, respectively. Timahdite, Ouled Jellal and Beni Guil showed slightly higher π values of 0.274, 0.32 and 0.346, respectively (Table 1).
The number of breed-specific SNPs strongly varied among breeds, from 341 k and 460 k in Beni Guil and Ouled Jellal, respectively, to 1.6 and 1.78 M in Sardi and Dman, respectively (Table 1).
Regarding genetic distances, the pairwise FST was low, from 0 between Beni Guil and both Dman and Ouled Jellal to 0.004 between Sardi and both Dman and Ouled Jellal (Table 2). Furthermore, the pairwise FST between these five breeds and the cosmopolitan sheep was 0.027.
TABLE 2 | Pairwise FST values between breeds.
[image: Table 2]According to FLK tree (Figure S1), Timahdite is closely grouped with Sardi and Dman, Beni Guil is the most divergent, with rather long branches, among the Moroccan breeds. As expected, wilds were distant from all domestic breeds.
3.2 Demography of Moroccan Sheep
The PopsizeABC analysis highlighted that before 10,000 years ago, the estimated effective population size (Ne) was similar in all populations (Figure 1). Then, the variations of Ne differed in domestic and wild animals. For domestic populations, there was a strong bottleneck probably matching the time of domestication, which was not observed for the wilds. For Moroccan sheep, the low Ne persisted until 1 K years before present, and then increased. All Moroccan breeds had a very similar trajectory, with the exception of Timahdite which showed a slightly higher Ne in the recent past. Conversely, in cosmopolitan sheep, the bottleneck was first less pronounced but during the last 1 K years, the Ne regularly decreased until about 300 at present. However, we do not exclude that using a pool of individuals representing several breeds may impact the accuracy of the estimates.
[image: Figure 1]FIGURE 1 | Variation of the effective population size in five Moroccan breeds in comparison with the wild Asiatic mouflon and a multi-breed group of cosmopolitan sheep. Estimates were obtained independently for each group by the popsizeABC algorithm.
3.3 Selection Signatures
The analysis of the whole genome variants of the 87 Moroccan sheep belonging to five breeds, detected selection signatures both within (FreqHMM, Boitard et al., 2012) and between (hapFLK, Fariello et al., 2013) breeds.
3.3.1 Intra-Breed Selection Signatures
We identified 182,337 SNPs in 364 genomic regions (Supplementary Table S3) under selection. Comparing the studied breeds, we found that Dman displayed the higher number of regions under selection (203) followed by Ouled Jellal (109), Sardi (96), Beni Guil (95), and Timahdite in which we identified 59 genomic regions only (Table 3).
TABLE 3 | Number of candidate regions and SNPs under selection, with the corresponding genes, within each Moroccan sheep breed (intra-breed selection, using freqHMM).
[image: Table 3]Regarding the shared selection signatures, we noticed that Dman share more SNPs/genes under selection with Sardi and Timahdite (respectively 14 K SNPs/70 genes and 9 K SNPs/60 genes; Table 4). A total of 219 SNPs were identified under selection in all five breeds, among which 203 were intergenic and 16 associated with three genes: HMGA2 (3 SNPs), RCOR1 (9 SNPs) and SBF2 (4 SNPs).
TABLE 4 | Number of selected SNPs (above the diagonal) and genes (below the diagonal) in common between two Moroccan sheep breeds (intra-breed selection, using freqHMM).
[image: Table 4]3.3.2 Inter-Breeds Selection Signatures
An FDR and local FDR framework was applied to the hapFLK results in order to determine a reliable selection threshold, which was set to 0.1% FDR (q-values <0.001) in order to be sufficiently conservative. The whole process identified 8,887 SNPs in 27 different regions, of which 4,131 were associated with 20 genes and 4,756 were intergenic. Among the all outliers we identified 3,908 SNPs as top candidates with p-values lower than 10−12 (Figure 2). They were distributed across five regions associated with 9 genes (of which 7 genes have 31 missense variants). Among these regions, the greatest selective sweep was located on Chr10: 29,363,691-29,806,294. It was related to a high differentiation between Dman and the other breeds as shown in the cluster-plot (Figure 2B) where Dman had a different haplotype from that of the other breeds, and in the local tree (Figure 2C) where Dman displayed a stronger p-value in both SNP local tree (FLK scores) and haplotype local tree (hapFLK scores). This selective sweep was associated with the genes RXFP2 and ENSOARG00000011616. The other strongest selective sweeps were related to 1) the region located on Chr14: 13,329,709-14,250,423 differentiating Sardi and associated to 8 genes; 2) the region located on Chr19: 2,143,797-2,261,064 differentiating Sardi and Beni Guil from the other breeds and associated with intergenic SNPs; 3) the region located on Chr16: 34,551,942-34,646,856 differentiating Timahdite and associated with intergenic SNPs; 4) the region located on Chr2: 84,619,111-84,759,276 differentiating Timahdite and associated to the BNC2 gene and some intergenic SNPs (Figure 2A).
[image: Figure 2]FIGURE 2 | Selective sweeps detected by hapFLK and plots for an example candidate region. (A) Manhattan plot depicting hapFLK scores in five Moroccan sheep breeds along autosomal chromosomes. Each dot represents a SNP. The horizontal red line represents the 0.1% FDR threshold of significance. (B) Local tree for the example region on Chromosome 10 in Dman. (C) Haplotype cluster plot of the same example region on chromosome 10 in Dman (Cluster frequencies plot).
3.3.3 Overall Selection Signatures
When combining both approaches, from a total of 31,721,507 analyzed SNPs, we identified as putatively under selection 46,799 variants associated with 155 genes in Sardi, 37,511 SNPs associated with 138 genes in Timahdite, 59,351 variants associated with 206 genes in Dman, 56,995 associated with 186 genes in the Beni Guil breed and 53,990 variants associated with 189 genes in Ouled Jellal. The Venn diagrams in Figure 3 illustrate the number of regions, SNPs and associated genes that are specific or common to the studied breeds. We identified 219 SNPs within 7 genomic regions under selection in all 5 breeds, which are associated with 3 genes: HMGA2, RCOR1 and SBF2.
[image: Figure 3]FIGURE 3 | Selective sweeps, SNPs and genes identified by both freqHMM and hapFLK methods. (A) Venn diagram of candidate regions under selection. (B) Venn diagram of genes under selection. (C) Venn diagram of SNPs under selection.
3.3.3.1 Biological Processes Targeted by Selection
The selection signatures detected by both methods (i.e., FreqHMM & HapFLK) allowed identifying a total of 7,735 GO categories enriched in genes under selection (Table 5), based on a threshold of FDR<5% (Supplementary Tables S4–S7). The lowest number of enriched GO categories per breed was for Timahdite, where 1,465 categories clustered in 223 homogenous groups of biological processes. The Sardi breed exhibited the highest number of enriched GO term, with 1,611 categories clustering in 229 groups of processes. In regard to these high numbers of enriched biological processes, we’ll limit our discussion to those which roles are the most straightforward given the related phenotypic traits and husbandry practices.
TABLE 5 | Examples of biological processes enriched in candidate genes in the five sheep breeds.
[image: Table 5]4 DISCUSSION
4.1 Whole Genomic Diversity
The heterozygosity measured in Moroccan breeds was generally moderate (mean of 0.28) and globally lower than the values reported for Iranian sheep breeds (Eydivandi et al., 2021) and Welsh breeds (Beynon et al. (2015). Dman and Sardi breeds have even much lower heterozygosity values. Our results showed low inbreeding in Moroccan sheep, comparably to those reported by Eydivandi et al. (2021) except for Dman which was the most inbred (F = 0.1). FST values showed no clear differentiation between Moroccan breeds with an average of ∼0.002. These FST values are lower than those found in Welsh local sheep (Beynon et al., 2015) but still comparable to that of Russian local sheep (Deniskova et al., 2018), which were both estimated from WGS data.
Based on nucleotide diversity (π), we found that Dman was the most diversified of the Moroccan breeds. This could be explained by a lower intensity of selection, a higher founder population and wider breeding area for this breed. The slightly higher inbreeding in Dman would be explained by its sub-structuration in isolated Oases that leads to the mating of closely related individuals and by the longstanding use reproductive rams (Bouix and Kadiri, 1974; Darfaoui, 2000). However, these levels are still much lower than those measured by Beynon et al. (2015) on Welsh sheep breeds.
Furthermore, the past demographic dynamics (Figure 1), inferred with PopsizeABC and associating a pool of wild animals, was consistent with the occurrence of a domestication event 10,500 years ago in the Fertile Crescent (Vigne, 2011; Demirci et al., 2013). Indeed, earlier than 10.5 K years ago, effective sizes of all wild and domestic populations were similar, which is consistent with a common origin from the same ancestral species of Ovis Orientalis (Vigne, 2011). Around 10 K years B.P, the strong bottleneck linked to domestication is observed in all domestic breeds, Moroccan and cosmopolitan (Figure 1). The lasting decline in Moroccan breeds sizes between around 10 K and 2 K years would correspond to a long-term migration process consisting in colonizing gradually new constraining environments. Indeed, the colonization process lasted for millennia (Taberlet et al., 2008) and Morocco, which is located at the end of several migration routes, was marked by two main arrivals of domestic sheep; the first one occurred around 8,600 years B.P and would be associated with the first Berbers who settled in Morocco, while the second originated from Iberia around 7,100 years B.P (kandoussi et al., 2020).
Between 2,000- and 1,000-years B.P, all Moroccan breeds gradually increased in size which corroborates their common history and the absence of isolation obetween breeds at that time. The Timahdite breed shows a higher increase in effective population size for about five centuries in comparison with the other breeds. Inversely, the industrial breeds show a continuous decline during the last millennium which has been accentuated during the last century. Similarly, the effective size of the wild mouflon gradually declined for about a millennium, which is in line with the degradation of their habitat by humans and the intensification of hunting activity (Rezaei, et al., 2010). More recently, over the last 700 years, the Ne of Moroccan and cosmopolitan breeds evolves in different ways with a huge drop of the cosmopolitan populations, which is consistent with the evolution of breeding practices which can go as far as the intensive use of artificial insemination. Finally, if we except Timahdite which behaved differently for the last 500 years, the other Moroccan breeds remain very close, which suggests their recent foundation.
Our estimates of the current Ne (Supplementary Table S1) and diversity parameters (Table 1) would illustrate the uniqueness of Moroccan local sheep breeds. The current Ne values for domestics (highest for Timahdite with Ne ∼ 44 K) are very high when compared to what is reported in the literature for sheep (e.g., Maiwashe and Blackburn, 2004; Tapio et al., 2005; Beynon et al., 2015), while the estimates for mouflon populations (Ne ∼ 2 K) are comparable to those reported by Beynon et al. (2015) in Welsh domestic sheep. We should however consider that estimates for recent time using popsize ABC can sometimes reach 5 to 10 times those based on pedigree or molecular data. This has been observed in a cattle breed (Boitard et al., 2016b). These results confirm actual measures of diversity using metrics such as nucleotide diversity. In any case, these results would also show the strong adaptive potential of Moroccan sheep breeds and the opportunity of implementing efficient programs for their breeding while maintaining this richness. Indeed, a high effective population size would be associated to a high intra-breed genomic diversity that include both adaptive and standing genetic variation. Furthermore, the latter is known to be a main driver of new adaptive traits that can be needed/useful in the context of new environmental pressures (Savolainen et al., 2013). Inversely, the very low effective size (Ne = 317) estimated from a mix of cosmopolitan breeds, despite their presence in very large numbers worldwide, show the huge threat they represent if their use to replace local breeds continues (Taberlet et al., 2008).
4.2 Selection Signatures in Moroccan Sheep
The selection signatures identified would shed light on the biological processes underlying both adaptive and zootechnical traits selected in each breed. Most of the regions identified under selection were intergenic (64%). This would illustrate the important role of regulation in the realization of biological processes and the expression of traits as reported by ENCODE Project Consortium et al. (2007). However, this could sometimes be due to hitch-hiking mechanisms and also to some limitations in the functional annotation of genomes (Benjelloun et al., 2015).
From the literature, the three genes identified as under selection in all five studied breeds (i.e., HMGA2, RCOR1 and SBF2) are generally involved in cellular functioning. The expression of HMGA2 is strongly associated with body size and growth in mice, humans and dogs (Webster et al., 2015; Vignali and Marracci, 2020; Yang et al., 2010). Furthermore, the inactivation of HMGA2 in pigs resulted in a huge body-size reduction (Chung et al., 2018). The RCOR1 gene has a role in transcriptional regulation, and is involved in repressing neuronal gene expression in non-neuronal cells (Coulson, 2005). Mutations in the SBF2 gene were associated with autosomal recessive Charcot-Marie-Tooth Disease type 4B2 in humans (Senderek et al., 2003), and has been associated with growing traits in cattle (Jahuey-Martínez et al., 2016) and horse (Al Abri et al., 2018).
Besides, we identified many selection signatures (589 candidate regions) specific to one or a few breeds. Several GO Terms were enriched in genes putatively selected (Supplementary Tables S4–S8); they were associated with large categories such as: organ development, pigmentation pathways, proliferation and lipid metabolism. We discuss here the genes which role appears to be quite straightforward, which includes participation to functional processes related to morphology, pigmentation or skin coloration, zootechnical performance and prolificacy.
4.3 Sardi Breed
The MC1R gene, which is candidate in the Sardi breed, has been associated with a large panel of skin or coat colors (Sturm and Duffy, 2012). It may be involved in the particular coloration pattern specific to this breed and preferred by consumers (Supplementary Figure S1C) in relation to the religious ceremony of Aid Al Adha. This breed is characterized by a white head devoid of wool with black spots around the eyes, muzzle, paws (feet) and at the tips of the ears (Boujenane 1999, http://www.anoc.ma/les-races/races-ovines/sardi/, January 2021). Another candidate specific of Sardi is SLC9A3. The deficiency of this gene causes severe obstructive azoospermia and infertility in male mice (Wang et al., 2017).
4.4 Timahdite Breed
The BNC2 and EDN3 genes, identified in Timahdite, have been reported as potentially associated with skin pigmentation (Hider et al., 2013; Fariello et al., 2014), and may be involved in the specific skin coloration of this breed (Supplementary Figure S1D): a brown head, without spots neither black nor yellow, always very clear, sometimes, and extending behind the ears and into the trough area (Boujenane, 1999).
We also identified ESR1 as a candidate, which is a major mediator of estrogen action and is strongly linked to bone mass and osteoporosis in mice (Nakamura et al., 2007; Börjesson et al., 2010). Some alleles were significantly associated with adult human height (Wood et al., 2014). This gene would play a role in growth, as well as another candidate, MRAP2, which modulates melanocortin receptor signaling and have been associated with severe obesity in human (Asai et al., 2013; Schonnop et al., 2016).
4.5 Dman Breed
RXFP2 has been associated with the horned/polled phenotype in many sheep breeds (Johnston et al., 2011; Dominik et al., 2012; Kijas et al., 2012; Wang et al., 2014). This gene was identified under selection only in Dman which is the only Moroccan breed (Supplementary Figure S1E) with both polled males and females (Boujenane 2006; Boujenane et al., 2013). Also, the seasonal expression of this gene was correlated with the differentiation of Leydig cells in the testis (Hombach-Klonisch et al., 2004; Serranito et al., 2021), which would suggest a possible involvement in fertility. Similarly, BNC1 and FSHR were identified, while Dman is known for its exceptional prolificacy in comparison with the other Moroccan breeds. It has an ovulation rate of 2.8 versus a maximum of 1.3 in the other breeds, with the ability to breed all year long with 190–350 days of interval between two lambings (Boujenane, 2006) depending on husbandry practices. It is also characterized by its early puberty (210 days in average, Boujenane 2006). The FSHR gene would be related to fertility, as the protein it encodes for is located in the testis and granulosa cells of the ovaries (Kwok et al., 2005), and is involved in follicle maturation and proliferation of granulosa cells (Sudo et al., 2002). Also, mutations in this gene were associated with the Polycystic Ovary Syndrome in humans which is characterized by obesity and anovulatory infertility (Gu et al., 2010; Laven, 2019). Besides, BNC1 is a candidate which encodes for a zinc finger protein present, among other places, in the basal cell layer of the epidermis and in hair follicles and which is also expressed in the germ cells of testis and ovary (Luchi and Green, 1999). This protein is thought to play a regulatory role in keratinocyte proliferation and has been shown to be involved in premature ovarian failure and testicular premature aging (Zhang et al., 2018; Li et al., 2020). It is a crucial transcription factor for spermatogenesis and male fertility (Li et al., 2020). Thus, we could hypothesize thus that these last two genes play a role in the reproductive performance of the Dman breed.
4.6 Beni Guil Breed
The TTN gene was identified under selection (with 5 missense variants) exclusively in the Beni Guil breed. It has been associated with meat and carcass traits in pigs (Braglia et al., 2013), meat colour, pH and conductivity in loin 24 h postmortem (Wimmers et al., 2007). Similarly, PID1 is identified as a candidate. This gene modulates insulin signaling and mitochondrial function in adipocytes and muscle cells, and was reported as a candidate gene for fat deposition, in humans, based on its high expression in adipose tissue of obese subjects in comparison with normal subjects (Wang et al., 2006). These two genes may be responsible for meat quality and the important fat percentage known of Beni Guil. Indeed, this breed is one of the best meat breeds in Morocco. Its carcass scores a high quality and a high fatness state with a white and firm cover fat, what makes it well appreciated by professionals and consumers (Belhaj et al., 2020). Since 2011, it has been certified by the PGI (Protected Geographical Indication) label (Belhaj et al., 2018), which represents the excellence of European agricultural food production.
4.7 Ouled Jellal Breed
The SDF4 (also called CAB45) found in Ouled Jellal was involved in protecting against UV-induced damages (Zhu et al., 2008) and was revealed as a modulator of cell proliferation and tumor growth (Chen et al., 2016). Mutations in this gene may have occurred, as an adaptation, in response to the effect of sunlight (i.e., exposure to Ultraviolets) on the entirely white skin color of the Ouled Jellal breed (Chellig, 1992). in fact, fair/clear types of skin color are found, in humans, to be significantly more sensitive to UV rays than darker skin types (Halder and Bridgeman-Shah 1995; Hemminki et al., 2002).
4.8 Common Selection Signatures
Besides specific-breed candidates, the Microphthalmia-associated transcription factor (MITF) is a selected gene in both Beni Guil, Dman, Sardi and Timahdite. It is a basic transcription factor which regulates the differentiation and development of melanocytes and pigment cell-specific transcription of the melanogenesis enzyme genes (Saravanaperumal et al., 2014). This gene was also associated with eye and coat spotting color in some dog breeds (Rothschild et al., 2006; Stritzel et al., 2009). We could hypothesize that this gene may interact with other genes to produce different coat color patterns.
5 CONCLUSION
We characterized the neutral diversity, demographic history and selection signatures using whole genome variants in the five main sheep breeds from Morocco. Globally, these five breeds are not very genetically differentiated, but they show a high number of specific variants and very high effective population sizes unlike cosmopolitan breeds. This illustrates that Moroccan indigenous breeds are highly diversified and have thus the potential to develop key adaptive characteristics to face upcoming climate changes. This makes them valuable resources for conservation and future preservation of sheep even at the worldwide scale.
Investigations on selection signatures provided valuable insights about genes and biological processes targeted by selection, which are essentially involved in pigmentation, zootechnical performance, adaptation and reproduction traits. Many genomic regions highlighted here need further investigations to decipher their specific roles in the expression of phenotypes specific to the studied breeds. However, the outlier genomic variants identified here represent valuable candidates and should be conserved in priority when conceiving the upcoming genomic breeding programs. Those programs have to consider improving production as well as adaptation traits while maintaining the diversity of these local sheep breeds.
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The Dwarf Lagune and the Savannah Somba cattle in Benin are typical representatives of the endangered West African indigenous Shorthorn taurine. The Lagune was previously exported to African and European countries and bred as Dahomey cattle, whereas the Somba contributed to the formation of two indigenous hybrids known as Borgou and Pabli cattle. These breeds are affected by demographic, economic, and environmental pressures in local production systems. Considering current and historical genomic data, we applied a formal test of admixture, estimated admixture proportions, and computed genomic inbreeding coefficients to characterize the five breeds. Subsequently, we unraveled the most recent selection signatures using the cross-population extended haplotype homozygosity approach, based on the current and historical genotypes. Results from principal component analyses and high proportion of Lagune ancestry confirm the Lagune origin of the European Dahomey cattle. Moreover, the Dahomey cattle displayed neither indicine nor European taurine (EUT) background, but they shared on average 40% of autozygosity from common ancestors, dated approximately eight generations ago. The Lagune cattle presented inbreeding coefficients larger than 0.13; however, the Somba and the hybrids (Borgou and Pabli) were less inbred (≤0.08). We detected evidence of admixture in the Somba and Lagune cattle, but they exhibited a similar African taurine (AFT) ancestral proportion (≥96%) to historical populations, respectively. A moderate and stable AFT ancestral proportion (62%) was also inferred for less admixed hybrid cattle including the Pabli. In contrast, the current Borgou samples displayed a lower AFT ancestral proportion (47%) than historical samples (63%). Irrespective of the admixture proportions, the hybrid populations displayed more selection signatures related to economic traits (reproduction, growth, and milk) than the taurine. In contrast, the taurine, especially the Somba, presented several regions known to be associated with adaptive traits (immunity and feed efficiency). The identified subregion of bovine leukocyte antigen (BoLA) class IIb (including DSB and BOLA-DYA) in Somba cattle is interestingly uncommon in other African breeds, suggesting further investigations to understand its association with specific adaptation to endemic diseases in Benin. Overall, our study provides deeper insights into recent evolutionary processes in the Beninese indigenous cattle and their aptitude for conservation and genetic improvement.
Keywords: Dahomey cattle, genomic inbreeding, admixture, haplotype, BoLA genes, adaptation
INTRODUCTION
Western Africa represents a reservoir of the unique and diverse African animal genetic resources, due to a complex history including migration, dispersion, natural and artificial selection, and crossbreeding (Hanotte et al., 2002; Stock and Gifford-Gonzalez, 2013). The region is the exclusive current habitat for indigenous taurine cattle (Bos taurus) on the continent (Mwai et al., 2015). African humpless taurine cattle are the earliest known cattle populations on the continent according to historical and archaeological evidence (Blench and MacDonald, 1999). These animals share early common ancestors with European taurine (EUT) cattle dated to before the domestication process (Ho et al., 2008; Murray et al., 2010). They are subdivided into two subgroups, the Longhorn and the Shorthorn taurine. The origins of the two populations are still controversial, but it is scientifically accepted that they have been separately introduced into West Africa several millennia BC (Epstein, 1971; Payne and Hodges, 1997; Hanotte et al., 2002). The N’Dama is the unique reported Longhorn taurine breed, whereas the humpless Shorthorns include the Savannah breeds (Baoulé, Doayo, and Somba) and the Dwarf forest breeds (Dwarf Muturu, Liberian Dwarf, and Lagune), which are barely characterized across West African countries (Rege, 1999).
The Somba and Lagune represent indigenous African Savannah and Dwarf taurine in Benin, respectively. Both are characterized by stocky animals, resistant to diseases (especially trypanosome), and able to survive and produce in harsh environments (Dossa and Vanvanhossou, 2016; Ahozonlin et al., 2020). The Somba cattle are the typical ancestral residue of West African Savannah Shorthorns that migrated to Togo, Ghana, and the Ivory-coast (Rege, 1999). They have been preserved from admixture until recent past in the Atacora mountain area in Northwest Benin (Hall et al., 1995; Rege, 1999). The Lagune cattle are present not only in Southern Benin but also in the coastal areas and near lagoons in West and Central Africa, as indicated by their name (Rege et al., 1994). The Lagune are described as the smallest of the African taurine (AFT) cattle (93 cm of average height at withers) and acquired their Dwarf phenotype through adaptation to environmental constraints in their belt (Rege et al., 1994). According to previous studies, this breed is genetically different from other Shorthorn cattle breeds (Moazami Goudarzi et al., 2001; Gautier et al., 2009). Berthier et al. (2015) reported higher trypanotolerance with lesser anemic condition in Lagune animals in comparison to the Baoule. However, genomic regions affected by divergent selection and environmental adaptation of the Lagune and the Somba remain unknown.
The Lagune cattle from Benin had been exported during the early 20th century (around 1904) to different African countries such as Zaire (current Democratic Republic of Congo), Zambia, Gabon, as well as to Europe where they are known as Dahomey cattle (Rege et al., 1994; Porter et al., 2016), because Dahomey is the former name of the country of Benin. The European Dahomey cattle are presently kept and bred by a breeder association involving 77 farmers (Verband Europäisches Dahomey-Zwergrind, 2019) from four European countries including Germany, Austria, Czech Republic, and Switzerland (http://www.dahomey-zwergrind.com). To date, neither scientific study nor census addressed these animals. According to the breeder association, the current population is characterized by a small size (adult body weight between 150 and 300 kg and sacrum height from 80 to 105 cm), short horn, easy calving, and good temperament. These characteristics are similar to those of the original Lagune population in Benin and may indicate that the Dahomey population conserved its purity through the past decades. However, the European climate is different from the one encountered in Benin, i.e., less heat stress, but varying temperatures between winter and summer, and also varying sunlight duration. In addition, the new production environment of the Dahomey cattle implies the reduction of disease infections with potentially improved feeding and housing systems in opposition to the harsh production conditions in Benin (characterized by food and water scarcity and the risk for disease infections). Consequently, this geographical isolation may have altered frequencies for alleles and haplotypes associated with specific genetic features in the Dahomey population.
The livestock production systems in Benin like in the other African countries have experienced a drastic transformation in the last decades (Mwai et al., 2015; Houessou et al., 2019a). New challenges arise in African pastoral regions along with the increasing demand for animal products, food insecurity, and poverty. Indeed, demographic explosion increases the pressures on animal product markets in West Africa and accentuates the need to develop more productive breeds. Simultaneously, anthropogenic activities such as deforestation and urbanization associated with climate changes have shrunk feed and water resources and increased disease challenges, forcing herders to develop new breeding strategies such as herd mobility or feed supplementation (Houessou et al., 2019a; Ahozonlin and Dossa, 2020). In this context, locally adapted animals are required to cope with the various instabilities in production environments, but the indigenous Shorthorn cattle in Benin are increasingly threatened. The trypanotolerant taurine cattle (without any Zebu ancestry) reported in the region by MacHugh et al. (1997) and Hanotte et al. (2002) are progressively replaced by crossbreeds and trypanosusceptible Zebu cattle, including White Fulani, Sokoto Gudali, and Red Bororo (Dossa and Vanvanhossou, 2016; Houessou et al., 2019b; Ahozonlin and Dossa, 2020). In consequence, significant adoption of prophylactic measures is observed in Beninese herds dominated by crossbreed and Zebu cattle in comparison to other local herds (Houessou et al., 2020).
In regard to the increasing uncontrolled crossbreeding, two other indigenous hybrid cattle, the Borgou and Pabli, are also endangered in Benin. The Pabli originally reported in the region of Kerou (Northwest Benin) is scarcely described and is considered as extinct by absorption from crossbreeding with Borgou (Belemsaga et al., 2005; Egito et al., 2007). However, recent evaluations revealed the existence of a population with slight genetic differences in comparison to the Borgou (Scheper et al., 2020). The Borgou cattle mainly located in the Nord-Eastern and Central regions of Benin were described as an intermediate crossbreed between taurine and indicine cattle (Porter, 1991). The origin of Borgou is still under discussion, but it is assumed to be a product of an admixture between the taurine Somba and the White Fulani Zebu (Porter, 1991; Belemsaga et al., 2005). Flori et al. (2014) characterized the admixture in Borgou as an efficient short-term adaptation strategy to environmental conditions and disease pressures and identified different genomic regions involved in adaptive mechanisms. However, the Borgou cattle population is now highly affected by Zebu cattle influence due to admixture (Scheper et al., 2020). The increased crossbreeding with trypanosusceptible Zebu cattle over a short period questions adaptive features such as resistance to diseases in Borgou, Somba, and Lagune taurine populations. It is therefore urgent to gain more insight into the genetic composition of the current Beninese cattle population to ensure the sustainability of livestock production.
To understand the genetic architecture underlying adaptive and productive abilities of various breeds evolving in challenging environments, selection signature analyses have the potential to detect specific genomic footprints in terms of differences in marker allele frequencies or in haplotypic mosaicism (Qanbari and Simianer, 2014; Aliloo et al., 2020; Kim et al., 2020). According to Freedman et al. (2016), admixture and subsequent recombination break down parental haplotypes and expand mosaic regions through the genome. Thus, extensive admixture in local breeds may reduce the signal of strong homozygosity of extended haplotypes involved in adaptive processes. Moreover, the assessment of homozygous-by-descent (HBD) segments or runs of homozygosity (ROH) is valuable to describe a population and investigate demographic histories. HBD are chromosome segments inherited from an ancestor and may be exploited to estimate inbreeding (Leutenegger et al., 2003).
In this study, we aimed to genetically characterize the current endangered cattle breeds in Benin and evaluate the effects of admixture and environmental factors related to late changes in production systems. Specifically, we first assessed the admixture level in the different populations and compared them with historical samples. Second, through selection signature analysis, we investigated genomic regions and biological mechanisms involved or affected by recent natural or artificial selection and admixture in the Beninese cattle breeds. Subsequently, we investigated the genetic differentiation resulting from the isolation of the Dahomey cattle.
MATERIALS AND METHODS
Sampling Design and Genotype Data
Hair samples were collected from 449 animals from the four local breeds (Borgou 181, Pabli-Kerou 58, Lagune 150, and Somba 60) in Beninese local farms in 2016 and 2017. The sampling locations were identified ensuring a large coverage of the main geographical distribution of the breeds in the country (Figure 1). In each herd, one animal representing a (pure) local breed was identified by the farmer and selected. To reduce the relatedness between the samples, one or two animals per village were sampled in 90% of the 298 investigated villages. In the remaining villages, additional animals (three to ten animals in total per village) were sampled for the assessment of further socioeconomic and ecological factors including transhumance and climate (see Supplementary Table S1A and Scheper et al. (2020) for more details). Furthermore, thirty Dahomey cattle were sampled in 2019 in 30 different herds across Europe (Germany 23, Austria 4, Switzerland 2, and Czech Republic 1).
[image: Figure 1]FIGURE 1 | Map of Benin with the sampling locations of the different Beninese cattle populations investigated in the country. For the historical data, the geographical coordinates of each sample are not available. In consequence, the coordinates of the sampling regions as described by Moazami Goudarzi et al. (2001) were plotted: Porto-Novo for the Lagune, Boukombé for the Somba, and the department of Borgou for the Borgou samples.
The sampled animals were genotyped with the Illumina BovineSNP50 BeadChip. SNP variants with a call rate <95% and a minor allele frequency (MAF < 0.01) as well as animals with a high percentage of missing genotypes (call rate < 90%) were filtered out in PLINK (Purcell et al., 2007). The final genotype dataset including 40,109 SNP from 460 cattle was used for different analyses.
Description of the Current Beninese Cattle Population
Population Structure
The genetic structure of our samples was first assessed by applying the fastStructure software (Raj et al., 2014). The algorithm was run using the simple prior model and testing different numbers of populations (K) ranging from 2 to 10. Afterward, the optimal K was defined using the chooseK.py function. The identified optimal K was finally incorporated into the logistic prior model, to estimate individual genetic proportions describing the population structure, following the recommendations by Raj et al. (2014).
Second, we applied the unsupervised k-means clustering in the “adegenet” R package (Jombart, 2008; Jombart and Ahmed, 2011) to define homogeneous genetic clusters and to exclude potential outgroups animals from the breeds due to sampling. The find.clusters function was applied, considering the following parameters: maximum number of clusters (max.n.clust) = 100, number of principal components (n.pca) = 100, number of iterations in each run (n.iter) = 109, number of starting centroids in each run (n.start) = 30, and the default parameters for the remaining arguments (see package description for further details, Jombart, 2008; Jombart and Ahmed, 2011). Finally, the optimal number of genetic clusters was defined by choosing the k-value based on the Bayesian information criterion (BIC), as recommended by the authors (Jombart 2008; Jombart and Ahmed 2011).
Genome-Wide Inbreeding Coefficients
We utilized the “RzooRoH” package (Druet and Gautier, 2017; Bertrand et al., 2019) in R to identify HBD and infer the contribution of ancestors from different past generations to inbreeding in our current cattle populations. The software applies a hidden Markov model (HMM) to fit the individual genome as a succession of HBD and non-HBD segments, considering marker allele frequencies, genotyping error rates, and intermarker genetic distances (Druet et al., 2020). In a multiple HBD class model, HBD segments are assigned to K age-related classes associated with different rates (Rk). The class rates (Rk) are related to an expected length and exponential distribution of HBD segments. They are equivalent to twice the number of generations to the common ancestor. The proportion of the genome belonging to a specific HBD class is defined as “realized autozygosity” in the respective HBD class. Similarly, the genome-wide inbreeding coefficient is estimated as the cumulative fraction of the genome that is HBD in the current population with respect to an ancestral base population. As suggested by the authors of the “RzooRoH” package (Druet and Gautier, 2017; Bertrand et al., 2019), we applied a default “MixKR” model with 10 classes (9 HBD classes and 1 non-HBD class) and predefined rates (Rk) 2, 4, 8, 16, 32, 64, 128, 256, 512, and 512, respectively.
Comparison of Current Beninese Cattle Population With Historical Data
Extension of the Genotype Dataset With Historical Data
We contrast the genotype of the current Beninese cattle population with available historical genotypes, retrieved from the WIDDE database (Sempéré et al., 2015). In a first step, the genotype data of 133 animals from Beninese cattle breeds (Borgou 45, Lagune 44, and Somba 44) sampled in different locations (see Figure 1 and Supplementary Table S1B) between 1997 and 2000 (Moazami Goudarzi et al., 2001; Gautier et al., 2009) were merged to the genotype data of our new samples. The dataset with 42,802 SNP from 588 animals was submitted to quality control in PLINK (Purcell et al., 2007), with the parameters --geno 0.05, --mind 0.25, and --maf 0.01. After quality control, the final genotype dataset including 32,533 SNP from 586 cattle was used to apply principal component analysis and unsupervised k-means clustering. Second, further African Shorthorn taurine breed (Baoulé), African Longhorn taurine breed (N’Dama), African indicine breeds (Zebu White Fulani and Zebu Bororo), Asian indicine breeds (Gir, Brahman, Ongole, and Nellore), EUT breeds (Angus, Holstein, Charolais, Shorthorn, and Salers), and African hybrid (Kuri) were included. This extension resulted in 52,341 SNP from 997 animals. However, only 30,637 SNP from 997 animals passed the quality control procedure (with the parameters --geno 0.05, --mind 0.25, and --maf 0.01 in PLINK) and were considered in the principal component analysis, unsupervised k-means clustering, and admixture tests (see below for more details). Finally, 21 Gayal (Bos frontalis, Gao et al., 2017) samples were added to the previously extended dataset for the estimation of admixture proportion through the calculation of the f4-ratio. Likewise, we used the same filtering parameters (--geno 0.05, --mind 0.25, and --maf 0.01) in PLINK. The genotype data consisted of 52,364 SNP and 30,228 SNP from 1,018 animals before and after quality control, respectively. All the genotype data exploited in this study are fully described and available in a public repository (see the section “Data Availability Statement”). Before being merged with our samples, the historical genotype data were remapped with the current reference assembly ARS-UCD1.2/bosTau9 (GenBank Bioproject PRJNA391427) and flipped (with the --flip flag in PLINK) to correct for strand inconsistency (Purcell et al., 2007).
Principal Component Analyses and Clustering
The genetic divergence between the Beninese cattle populations and other AFT was assessed using the principal component analysis (PCA) in PLINK (Purcell et al., 2007) and using the unsupervised k-means clustering in “adegenet” (Jombart, 2008; Jombart and Ahmed, 2011) in R. The analyses were subsequently repeated considering EUT and indicine breeds in order to investigate potential introgression of these breeds in our samples, especially in Dahomey. The optimal number of genetic clusters for the unsupervised k-means clustering was defined using the same approach as described above.
Admixture and Estimation of Ancestral Proportion
We tested admixture and inferred admixture proportion in the current and historical Beninese indigenous cattle populations by means of the three-population test (F3) and the F4-ratio estimation in Admixtools, respectively (Patterson et al., 2012). The methods are based on f-statistics, corresponding to the average of F values over markers. The Admixtools software uses allele frequencies of the available samples to estimate unbiased f3 and f4 statistics (see Patterson et al., 2012, for more details). The three-population test is a formal test of admixture. Negative f3 (X; B, C) indicates that the allele frequencies in population X tend to be intermediate between B and C and indicates admixture in X populations from populations related to B and C. The f4 statistics were used to infer admixture proportions in the Beninese cattle populations (target populations) through the calculation of the F4-ratio or alpha (Eq. 3; Patterson et al., 2012). We considered the phylogeny model introduced by Flori et al. (2014) to estimate alpha, as AFT ancestral proportions in our target populations.
[image: image]
where X is the target population, A is the Salers population as EUT ancestral, O is the Gayal as outgroup population, B is Baoulé (BAO) as the Shorthorn AFT reference population, and C is Gir as the indicine reference population.
Detection of Regions Under Recent Selection—Gene Annotation and QTL Mapping
We investigated divergence in extended haplotype homozygosity between the current and historical Beninese cattle populations, in order to detect positive selection signatures or genomic footprints left by recent demographic events. Specifically, we compared DAH_cur, LA_cur, and LA_out with LA_hist; SO_cur with SO_hist; and BO_cur and Adm_cur with BO_hist. The cross-population–extended haplotype homozygosity (XP-EHH) approach (Sabeti et al., 2002) was implemented in the “Rehh” package in R (version 3.1.2; Gautier and Vitalis, 2012; Gautier et al., 2017). Prior to the analyses, the main genotype was phased and missing variants were imputed in Beagle 5.1 (Browning et al., 2018). Afterward, integrated site-specific extended haplotype homozygosity (iES) was calculated for each focal marker in the respective population with the “Rehh” package. The XP-EHH statistics were computed as the standardized log ratio of the iES of the two populations. One-sided p-values were estimated for XP-EHH to identify strong extended homozygosity in our current populations relative to the respective historical populations (as described above). The estimated p-values were subsequently adjusted (Benjamini and Hochberg, 1995) in R. Variants with adjusted p-values ≤ 0.05 were considered as significant. In addition, we used a conservative approach similar to those described in previous studies (Flori et al., 2014; Bertolini et al., 2020; Han et al., 2020) and defined as candidate regions under selection, sliding windows of 0.5 MB spanning at least three significant markers. The calc_candidate_regions function in “Rehh” was used to detect the candidate regions. Neighboring windows with significant SNP were merged to one candidate region. The peak of each candidate region, i.e., the SNP with the lowest adjusted p-values in a region, was considered as core SNP.
Genes located in the candidate regions for positive selection signatures were annotated from the Ensembl genome database (2020) (http://www.ensembl.org/biomart/martview/) and submitted to gene ontology (GO) enrichment analysis using the Gene Ontology web-tool (Ashburner et al., 2000; Gene Ontology Consortium, 2019). Fisher’s exact threshold of p-values < 0.01 was considered to identify overrepresented GO terms for biological processes and Reactome pathways. In addition, QTL that overlapped with the candidate regions under selection were mapped from the online data analysis tools of the cattle database (Hu et al., 2019) and summarized in major production and functional categories: milk, carcass quality, reproduction, body weight, conformation, feed intake, heat tolerance, and health traits (see Supplementary Table S2 for more details). Subsequently, for each population, we calculated the frequency of the QTL which is equal to the number of candidate regions overlapping with the given QTL per the total number of candidate regions.
RESULTS
Population Structure and Inbreeding in the Current Beninese Cattle Population
Structure of the Current Population
The analyses with the fastStructure algorithm revealed four model components to explain the population structure of our samples. Similarly, the model complexity that maximizes marginal likelihood was equal to four. Considering the posterior mean of admixture proportion in the logistic model, we identified three components representing Somba, Lagune, and Dahomey samples, respectively (Supplementary Table S3). The fourth component was mainly made based on Borgou animals. However, some hybrid samples displayed genetic proportions across two or more components. This structure was similar to those obtained with adegenet (Figure 2). The unsupervised k-means clustering presented an optimal K (number of clusters, Supplementary Figure S1) equal to 6 and displayed the hybrid animals in different three clusters (Supplementary Figure S1 and Table 1). Consequently, a large Lagune group named LA_cur (n = 110) was separated from other Lagune samples called LA_out (n = 25). Forty-two Borgou and 56 Pabli animals (except two outgroups) formed a homogeneous cluster named Adm_cur (n = 98). The remaining Borgou animals were allocated to the BO_cur cluster. The Dahomey and the Somba correspond to the DAH_cur and SO_cur, respectively (Table 1). LA_cur, LA_out, DAH_cur, SO_cur, BO_cur, and Adm_cur were considered as populations for further analyses instead of original breed assignments.
[image: Figure 2]FIGURE 2 | Barplot for admixture proportions inferred by fastStructure in the Beninese cattle populations. Dah_cur = current Dahomey; LA_cur = current pure Lagune; LA_out = admixed Lagune; SO_cur = current Somba; BO_cur = current Borgou highly admixed; Adm_cur = current moderately admixed animal including Pabli with some Borgou, Out = Outgroups (see Table 1 for more information).
TABLE 1 | Genetic clusters generated from unsupervised k-means clustering applied on the current Beninese cattle population.
[image: Table 1]Genomic Inbreeding Coefficients
The genome-wide contributions and genomic inbreeding coefficients with respect to different age-related HBD classes in the Beninese cattle populations are presented in Figures 3A,B, respectively. Overall, 40% of the genome of DAH_cur samples was HBD and was related only to HBD classes with Rk ≤ 16. We observed a major contribution of autozygosity from the HBD class with Rk = 8, accounting for 63.32% of the total HBD proportion in DAH_cur. The HBD classes with Rk = 4 and Rk = 16 contributed to 15.70 and 16.80% of the overall autozygosity, respectively. The estimated genomic inbreeding coefficients were 0.17 and 0.13 in LA_cur and LA_out, respectively, when considering all HBD classes (i.e., the most remote base population). The major contribution of autozygosity in LA_cur came from the ancient HBD class with Rk = 128 (40% of the HBD proportion). Recent HBD classes with Rk = 4 and Rk = 8 explained 13.78 and 7.80% of the total autozygosity in LA_cur, respectively, whereas 27.67 and 26.11% of the overall autozygosity in LA_out were derived from the two classes. Tracing back to the oldest ancestors, the fraction of the genome that was HBD in SO_cur was equal to 0.08 and was mainly originated from very ancient HBD classes with Rk = 256 (27% of the total HBD proportion) and Rk = 512 (33% of the total HBD proportion). The contribution of recent classes to autozygosity in SO_cur was lower (≤13% of the HBD loci). The estimated genomic inbreeding coefficients were 0.08 for BO_cur and 0.07 for Adm_cur. The HBD class with Rk = 256 was the main source of autozygosity, contributing to 77.94 and 73.09% of the total HBD proportions in BO_cur and Adm_cur, respectively.
[image: Figure 3]FIGURE 3 | (A) Average realized autozygosity and (B) cumulative genomic inbreeding associated with different age-related homozygous-by-descent (HBD) classes in Beninese cattle populations. Dah_cur = current Dahomey; LA_cur = current pure Lagune; LA_out = admixed Lagune; SO_cur = current Somba; BO_cur = current Borgou highly admixed; Adm_cur = current moderately admixed animal including Pabli with some Borgou.
Comparison of Current Beninese Cattle Population With Historical Data
Principal Component Analyses and Clustering
The first and second principal components (PC) from PCA presented a clear separation of the Beninese breeds (Figure 4A). Within each breed, recent and historical samples were distinctly displayed along the second PC. The Dahomey cattle (DAH_cur) were projected next to LA_cur on PC1 but have a major contribution to PC2. Similar differentiations between current and historical samples were observed with the unsupervised k-means clustering, especially in Borgou and Lagune (BIC values suggested seven clusters, see Supplementary Figure S2A). Indeed, the unsupervised k-means clustering assigned the animals from Adm_cur, BO_cur, and BO_hist in three different clusters (clusters 2, 6, and 7), respectively (Supplementary Table S4A). Similarly, the current Lagune samples (LA_cur and LA_out) were grouped into cluster 4 and historical samples (LA_hist) into cluster 1. DAH_cur formed its own cluster (cluster 4). However, the current and historical Somba samples (SO_cur and SO_hist) were jointly grouped into cluster 5.
[image: Figure 4]FIGURE 4 | Principal components (PC) displaying genomic divergence: (A) in the different Beninese cattle populations; (B) in the Beninese cattle with additional African and European taurine (EUT) breeds, African and Asian indicine breeds, and African crossbreeds. Dah_cur = current Dahomey; LA_cur = current pure Lagune; LA_out = admixed Lagune; SO_cur = current Somba; BO_cur = current Borgou highly admixed; Adm_cur = current moderately admixed animal including Pabli with some Borgou; LA_hist = historical Lagune; SO_hist = historical Somba; BO_hist = historical Borgou; ANG = Angus; HOL = Holstein; CHA = Charolais; SHO = Shorthorn; BAO = Baoulé; NDA = N’Dama; GIR = Gir; SFU = Sudanese Fulani; ZBO = Zebu Bororo; BRM = Brahman; ONG = Ongole; NEL = Nellore; KUR = Kuri; SAL = Salers.
We repeated the diversity analyses on the extended dataset including additional AFT, EUT, AFZ, Asian indicine (AID), and hybrids. Considering the PCA, the taurine animals (AFT and EUT) were separated from indicine (AFZ and AID) and hybrids samples along the first component, whereas the second component (PC2) showed a separation between the AFT and EUT (Figure 4B). Interestingly, the Dahomey was aggregated with the Lagune far away from EUT. The AID (Gir, Brahman, Ongole, and Nellore) also were clearly separated from the AFZ (ZFU and ZBO) and hybrids. Eight clusters (low BIC at k = 8; Supplementary Figure S2B) were identified from the unsupervised k-means clustering. Current and historical Somba samples (SO_cur and SO_hist) formed one genetic group (cluster 2) with the other AFT (BAO and NDA). The Lagune samples (LA_cur, LA_out, and LA_hist) were grouped into cluster 2. Similarly, DAH_cur is displayed in one cluster (cluster 1). Moreover, the hybrids (Adm_cur, BO_cur, and BO_hist) were grouped with Kuri, ZFU, and ZBO in cluster 6. The other genetic groups consisted of the EUT and AID (Supplementary Table S4B).
Formal Test of Admixture and Inference of Ancestral Proportion
The formal test of admixture of three populations resulted in positive f3-ratios for DAH_cur, LA_cur, and SO_cur (Table 2). In contrast, we obtained negative statistics for LA_out, BO_cur and Adm_cur with the most significantly negative f3 value for BO_cur (f3 = −0.08; Z = −39.08). Considering the historical data, the f3-ratio test resulted in positive values for LA_hist but was negative for SO_hist and BO_hist.
TABLE 2 | f3 and f4 statistics for formal test of admixture in Beninese cattle populations.
[image: Table 2]The estimation of the ancestral AFT with the f4-ratio test revealed high proportions (alpha values superior to 0.97) in DAH_cur, LA_cur, and SO_cur, respectively (Table 2). In contrast, lower alpha values were found for LA_out, Adm_cur, and BO_cur. In comparison to the historical samples, we observed slight reductions of AFT ancestral proportions in Somba (0.96 for SO_cur against 0.97 for SO_hist) and in Adm_cur (0.62 against 0.63 for BO_hist). The current Borgou (BO_cur) displayed an important reduction of AFT ancestral proportions (alpha = 0.47) in comparison to historical samples (BO_hist). For LA_cur and LA_hist, the estimated AFT ancestral proportions were equal to 1.00, respectively.
Selection Signatures
Dahomey and Lagune
We detected no significant SNP presenting strong extended homozygosity in DAH_cur and LA_out relative to LA_hist. In contrast, the current Lagune population (LA_cur) displayed 19 significant SNP for positive selection (Figure 5A and Table 3). Among the SNP, 12 were positioned in a total of three candidate regions on BTA1, 18, and 21. The region 15.5–16 Mb on BTA21 contained the largest number of significant SNP (six SNP). The region 47.5–48 Mb on BTA18 included the most significant SNP rs110495745 (p_adjust = 8.40 × 10−04), which is positioned within the WDR87 gene. In total, 9 candidate genes were annotated within the three regions. GO enrichment analysis identified functional enriched terms such as cellular processes (Table 4). QTL associated with reproduction (67%) and conformation (67%) were predominant in the candidate regions (Figure 6).
[image: Figure 5]FIGURE 5 | Manhattan plot for cross-population extended haplotype homozygosity (XP-EHH) test for selection signature in Beninese cattle populations: (A) LA_cur, current Lagune pure population, (B) SO_cur, current Somba population, (C) BO_cur, current Borgou highly admixed, and (D) Adm_cur, moderately admixed hybrids.
TABLE 3 | Candidate regions harboring positive recent selection signatures in Beninese cattle populations.
[image: Table 3]TABLE 4 | Enriched gene ontology (GO) biological process for genes in candidate regions under positive selection in Beninese cattle populations.
[image: Table 4][image: Figure 6]FIGURE 6 | Proportion of candidate regions with quantitative trait loci (QTL) controlling varied trait categories. LA_cur = current pure Lagune; SO_cur = current Somba; BO_cur = current Borgou highly admixed; Adm_cur = current moderately admixed animal including Pabli with some Borgou.
Somba
The analysis of positive selection signatures in SO_cur relative to SO_hist detected 35 significant SNP (Figure 5B). Five candidate regions under recent selection in SO_cur were identified on BTA6, 7, 9, and 23, harboring in total 20 significant SNP. The region 4–4.5 Mb on BTA6 displayed the majority of the significant SNP (6 SNP) and the most significant SNP (rs42405104, p_adjust = 2.34 × 10−07). This SNP is not positioned in any gene. However, the second most significant SNP (p_adjust = 3.57 × 10−04) is positioned in the vicinity of three genes (BOLA-DMB, BOLA-DMA and BRD2) on BTA 23. In total, 33 genes were mapped in the candidate regions. GO enrichment analysis of the genes revealed highly significant GO biological processes such as antigen processing and adaptive immune response (Table 4). We observed that the majority of the candidate regions under positive selection in SO_cur overlapped with QTL affecting heath traits (80%) and carcass quality (60%, Figure 6).
Crossbreeds
We detected several genomic regions under recent selection in BO_cur and Adm_cur relative to BO_hist (Figures 5C,D). A total of 77 SNP displayed strong homozygosity in BO_cur, with adjusted p_values for XP-EHH below the significance threshold (p_adjust ≤ 0.05). Among these SNP, 44 were located in eight candidate regions on BTA2, 3, 5, 16, and 27 (Table 3). The regions that spanned from 70 to 71 Mb on BTA2 and from 54.5 to 55.5 Mb on BTA5 contained the largest number of significant SNP (9 and 8 significant SNP, respectively). The later region hosted the highest peak with the SNP rs41637710 (p_adjust = 0.003). This SNP was not in the vicinity of any gene. However, three significant SNP (rs110903828 on BTA27, rs41637109 on BTA16, and rs43361717 on BTA3) were positioned within the genes HTRA4, DNAJC11, and TMEM53, respectively. A total of 49 genes were mapped within the genomic candidate regions. GO enrichment analysis revealed several significant GO biological processes including cytoplasmic microtubule organization and inner mitochondrial membrane organization (Table 4). Moreover, several QTL affecting animal performances overlapped with the regions under positive selection in BO_cur. QTL associated with milk (75%), carcass (63%), and reproduction traits (63%) were the most represented (Figure 6).
In Adm_cur, we identified 69 significant SNP under positive selection. A subset of 42 SNP was located in six candidate regions on BTA3, 4, 5, and 13. Three candidate regions in Adm_cur overlapped with those detected in BO_cur (Table 3). Similarly, the SNP rs41637710 located on BTA5 (54.5–55.5 Mb) showed the lowest adjusted p-value (p_adjust = 3.38 × 10−07). The segment on BTA3 (101–102 Mb) hosted the largest number of extreme SNP (13 SNP). The candidate regions in Adm_cur included 63 genes. The genes DNAJC11, ENTHD1, and MAST2 hosted significant SNP, whereas others (IL23A, PAN2, and CNPY2) were mapped at a close distance to the significant SNP. GO enriched terms included biological processes such as pigment biosynthetic process and response to chemicals (Table 4). Like in BO_cur, the majority of QTL, located in the candidate regions of positive selection in Adm_cur, were related to milk (100%), carcass (67%), and reproduction traits (67%, Figure 6).
DISCUSSION
Population Structure and Admixture Tests
The results of the population structure analyses are in line with the breed foundation of the different cattle populations in Benin and their divergence from other African and European cattle breeds (Mwai et al., 2015). First, we observed high proximity of the Somba and Baoulé populations as Savannah Shorthorns and their separation to the Dwarf (forest) Lagune Shorthorn (Rege et al., 1994). In addition, the divergence of the Shorthorn breeds from the Longhorn N’Dama illustrates the rich genetic diversity of West African indigenous cattle breeds and the necessity to unravel specific signatures in each population. Second, our study confirms the Lagune origin of the Dahomey cattle. We found neither indicine nor EUT background in the Dahomey population. The genetic purity of the Dahomey cattle is probably due to their promotion in a close production system organized by the Dahomey-Zwergrind breeder association aiming at the conservation of the breed (http://www.dahomey-zwergrind.com). The inference of the oldest common ancestor dated from eight generations ago (approximately 24 years ago). The high genomic inbreeding coefficient in Rk = 8 (4 generations equal to 16 years ago) in the Dahomey population may be related to the recent creation of the association in 2001. These results suggest that the founders of the current Dahomey population kept by farmers may have originated from a small number of Dahomey cattle four generations ago (http://www.dahomey-zwergrind.com). However, the low frequency of short ROH segments, resulting in low genomic inbreeding coefficients (<0.1) in very young classes (Rk ≤ 4), indicates a reduction of mating between related individuals in recent generations (Druet and Gautier, 2017). Exchange of breeding animals between the association members and consideration of Dahomey cattle currently held in different zoos across Germany and other European countries (Zootierliste, 2020: https://www.zootierliste.de) may contribute to control inbreeding and to increase genetic diversity in the population currently managed by the Dahomey–Zwergrind breeder association.
The results of the PCA analyses differentiated historical and current populations as well as populations affected by admixture. The identification of admixed animals (LA_out) from relatively pure Lagune is confirmed by the formal admixture test, the three-population test, and the estimation of admixture proportions. Our findings are in accordance with the increasing crossbreeding in Lagune cattle due to the extension of transhumance as reported by Scheper et al. (2020) and Ahozonlin and Dossa (2020). The large genomic inbreeding in the Lagune (LA_cur) is in line with the small number of the original populations formerly distributed in clusters across West African coastal and forest regions (Rege, 1999). Fortunately, the estimation of high AFT ancestral proportion in LA_cur suggests the existence of a relatively pure population, which may be valuable for the conservation of this indigenous taurine breed. The estimated alpha value of 1.00 may be related to the reference population considered. However, the Baoulé (BAO) is the closest shorthorn taurine with available historical genotype data, whereas the GIR is the purest indicine reference population as the majority of AFZ are admixed (Flori et al., 2014).
We found that Somba cattle are less affected than Lagune by Zebu introgression. Previous studies observed that its habitat in the hilly region of Atacora protected from Zebu introgression (Rege et al., 1994; Hall et al., 1995). In comparison to the location of the other local breeds (Northeastern and Southern Benin), the lower pressure of transhumance in Boukombe and lower economic and demographic pressures, resulting in less “modernization” of cattle management and crossbreeding, are some advantages (Houessou et al., 2019a; Scheper et al., 2020). However, the lower AFT ancestral proportion in SO_cur compared to SO_hist confirms the threat of admixture in Somba cattle mainly caused by entrustment practices (Hall et al., 1995; Dossa and Vanvanhossou, 2016; Vanvanhossou et al., 2021). In addition, the negative and positive f-statistics in the historical (SO_hist) and the current (SO_cur) Somba populations, respectively, indicate former introgression episodes followed by genetic drift (Patterson et al., 2012; Kim et al., 2020). We also observed that Somba cattle remain less inbred despite the reduction of population size and their shrinkage into the unique location of Boukombe (Dossa and Vanvanhossou, 2016).
The results from fastStructure corroborate the Somba background of the Beninese crossbreeds. In addition, the hybrid populations (BO_cur and Adm_cur) presented a relatively low genetic proximity to the AID (Gir, Brahman, Ongole, and Nellore), but they were clustered close to the AFZ (ZFU and ZBO). These results are in agreement with their origin as described by different authors (Atchy, 1976; Flori et al., 2014). The identification of different levels of admixture in the hybrid samples was confirmed by the f3 and f4 admixture tests. The lower AFT ancestral proportion in BO_cur compared to the historical population BO_hist confirms the increasing introgression of AFZ in smallholder Borgou herds as indicated by Scheper et al. (2020). BO_cur representing more than 75% of the current Borgou samples suggests an intensive admixture and a high risk of full replacement of the Borgou population by AFZ genotypes. We observed similar AFT ancestral proportions in the historical Borgou (Bo_hist) and Adm_cur. The AFT ancestral proportion in the later population, comprising the Pabli samples, indicates the existence of a residue of the Beninese indigenous crossbreeds. According to Pecaud (1912) (as reported by Atchy, 1976), the Pabli breed results from crossbreeding between Borgou and Somba around the year 1905. In addition, the region of Kerou hosting the Pabli cattle in Western Benin is also less affected by transhumance. The association between spatial indicine introgression and transhumance in the Beninese cattle population was described by Scheper et al. (2020). Finally, the existence of crossbreed populations with divergent admixture levels offers the opportunity to evaluate the impact of crossbreeding in terms of divergence in extended haplotype homozygosity profiles.
Selection Signatures
Previous studies (Lohmueller et al., 2010; Freedman et al., 2016) observed that admixture or further demographic events (population bottlenecks due to diseases) affect ancestral haplotypes and increase the occurrence of mosaics in the genome (Freedman et al., 2016; Aliloo et al., 2020). This may impede the distinction of genomic footprints left by neutral processes and natural selection. In consequence, we did not expect evidence for historical selections in the Beninese cattle population. Nevertheless, the selection is not dissociable from admixture in several African cattle breeds. Admixture is a historical practice in African cattle production and is considered as a quick means of animal upgrading (Flori et al., 2014). Researchers reported that the selection of the animal or the breed for crossbreeding is driven by farmer interests including desired productive (milk, meat, and reproductive) and adaptive features (left by natural selection) (Boutrais, 2007). In this context, the prevalence of specific genomic regions or functional traits within a population may reflect the production goals of the farmers. In addition, specific features in the genome of African cattle populations (including several populations with various crossbreeding histories) are commonly assessed with selection signature analyses (Gautier et al., 2009; Taye et al., 2018; Aliloo et al., 2020; Kim et al., 2020).
By contrasting the current and historical cattle populations in the Beninese taurine and crossbreeds, we focus on genomic footprints resulting from recent environmental pressures or herd management. Indeed, environmental and socioeconomic factors have induced diverse changes in cattle management practices in Benin. These include the adoption of cattle mobility in taurine or agropastoralist herds (former sedentary), the increase of herd mobility frequencies and amplitudes, the migration and settlement of several agropastoralists from Sahelian countries or Northern Benin into Southern Benin, and the extension of animal entrustment practices (from agropastoralists to traditional pastoralists) (Houessou et al., 2019a; Houessou et al., 2020; Vanvanhossou et al., 2021). Despite the limited period between our and the historical samples, we identified a few candidate regions, providing new insights into the evolutionary process in the indigenous breeds. In comparison to the taurine, we observed that the crossbreeds, especially BO_cur, displayed most of the candidate regions. These results are in line with increased Zebu introgression in BO_cur, leading to a higher admixture proportion than Adm_cur and more genetic divergence from the historical Borgou (BO_hist). Regarding the Somba (SO_cur), the identification of five candidate regions mainly associated with immunity features suggests the importance of disease pressures in its belt, as extensively discussed below.
Our approach to detect a strong signal of homozygosity considering temporal subpopulations within the same breed is similar to the one applied by Naderi et al. (2020), who contrasted the current German Holstein to one of its recent ancestors, the local dual-purpose German black pied cattle (DSN). In addition, we aimed to reduce the bias due to the uncertainty of the ancestral base population and applied the XP-EHH method to detect complete sweeps in contrast to the Integrated Haplotype Score (IHS) approach (Qanbari and Simianer, 2014). Indeed, the IHS method usually applied to investigate within-breed selection signatures relies on ancestral allele frequency which is inconsistently defined in different studies. For instance, Utsunomiya et al. (2013) derived ancestral alleles from common founders of Bovidae species, namely, Bos gaurus, Bos grunniens, and Bubalus bubalis. Kim et al. (2020) considered fixed alleles in African Buffalo as ancestral alleles to determine selection signatures in the African population, while Gautier et al. (2009) estimated ancestral alleles for West African cattle breeds based on alleles frequencies in indicines and African and European taurine samples. Finally, we expect to reduce false-positive results due to multiple tests, by considering adjusted p-values to define significant SNP and by defining only regions with at least three significant SNP as candidate regions. The respective candidate regions identified for each cattle population are discussed in the ongoing sections.
Lagune
We were not able to detect any candidate regions for DAH_cur. The Dahomey cattle may have acquired very few complete selective sweeps that are not detectable by the XP-EHH. This result reflects the breeding strategy with only focus on leisure and is in line with its high genomic inbreeding coefficient (http://www.dahomey-zwergrind.com). Further investigations including a complete sequencing of the Dahomey cattle and other methods of selection signature analyses may help untangle the genetic divergence between the Dahomey and the Lagune.
The admixed LA_out population was not considered for selection signature analysis because of the divergence in introgression levels as shown in the population structure analyses and admixture test. The LA_out group is the product of diverse admixed animals sampled as Lagune and therefore cannot represent any specific cattle population in Benin. On the contrary, LA_cur, as a relatively pure Lagune population, displayed three candidate regions. The region 15.5–16 Mb on BTA21 including the most significant SNP in LA_cur is identical to selection signatures reported in Holstein and North African cattle (Taye et al., 2017b; Ben-Jemaa et al., 2020). The SV2B gene in this region is associated with feed intake in cattle (Seabury et al., 2017). In contrast to the other populations investigated in this study, the candidate regions under selection in LA_cur encompassed relatively few genes functionally described in the literature. Nevertheless, the WDR87 gene, hosting the most significant SNP, is related to carcass traits in cattle (Lim et al., 2013). In addition, the majority of the genes are involved in cellular and regulation of RNA biosynthetic processes, which are responsible for feed efficiency and body weight (Olivieri et al., 2016). Similarly, QTL associated with body weight, milk and reproductive traits are predominant in the candidate regions.
Somba
With regard to the five candidate regions under selection in SO_cur, two were detected on BTA23. This chromosome is known to have two subregions (classes IIa and IIb) of the bovine leukocyte antigen (BoLA), also called bovine major histocompatibility complex (MHC), which is determinant in the development of acquired immune responses to diverse parasitic and viral diseases (Ellis and Ballingall, 1999; Takeshima and Aida, 2006). The selective region 7–7.5 Mb (BTA23) spanning several genes (e.g., DSB, BOLA-DYA, BOLA-DMB, and BOLA-DOA) overlaps with the subregion of BoLA class IIb (Takeshima and Aida, 2006). These BoLA class IIb genes are specific to ruminants but are less characterized, in contrast to genes in the BoLA class IIa (e.g., BoLA-DRB3 and BoLA-DQA3) (Takeshima and Aida, 2006). In addition, Ballingall and McKeever (2005) associated the rare polymorphism of BoLA class IIb genes to evolutionary processes under functional constraints. Selection signatures in this genomic region were only found in Angus and Brangus cattle (Goszczynski et al., 2018; Maiorano et al., 2018), whereas selection for adaptive immunity in African cattle breeds is usually identified within the BoLA class IIa region (Ballingall et al., 1997; Kim et al., 2017; Tijjani et al., 2019). Therefore, recent selection signatures in the specific BoLA class IIb genes may indicate a possible adaptation of the Somba cattle to endemic diseases, especially to anthrax. Indeed, the Somba cattle are affected by several recent episodes of anthrax outbreaks especially in the years 2007, 2009, 2012, and 2013 (Dossa and Vanvanhossou, 2016). Further studies are required to investigate the association between BoLA subregion IIb and resistance to disease in Somba and other African cattle breeds. In addition, other candidate genes include PSMB9 and HSD17B8 which are involved in meat and growth traits (Lee et al., 2012; Ma et al., 2015), FSTL4 associated with milk production (Sanchez et al., 2019) and ZFAND3 responsible for reproduction (Mohammadi et al., 2020). The predominance of candidate genes associated with immune response is confirmed by enriched terms such as antigen processing and presentation, and adaptive immune response. However, other biological processes include the regulation of cellular metabolic processes and intracellular protein transport mechanisms. The identified bovine QTL suggests selection on body weight, carcass, reproduction, and milk traits in the Somba cattle.
Crossbreeds
The regions of selection (54.5–55.5 Mb on BTA5, 100–100.5 Mb, and 101–101.5 Mb on BTA3) overlapping in the two hybrid populations are in line with their common indicine background. The significant SNP mapped in the region from 100 to 101.5 MB on BTA3 were positioned in various genes including the RNF220 gene. This gene has been previously identified under selection in West African cattle (Gautier et al., 2009). In addition, the region includes genomic footprints of signatures in South African and East African Shorthorn hybrids with indicine ancestry deficiency in the later breed (Bahbahani et al., 2015; Zwane et al., 2019). These findings suggest that the region may represent an ancient and stable footprint of selection in indigenous African hybrids. The RNF220 gene is involved in calving performance and milk yield (Abdel-Shafy et al., 2020; Purfield et al., 2020). In addition, the HECTD3 in this region is associated with cell cycle regulation and fat deposition, while PLK3 is related to gain and feed intake in cattle (Yu et al., 2009; Bahbahani et al., 2015; Zarek et al., 2017). We also detected in this region the PTCH2 and SLC6A9 which are involved in reproduction and Porphyria disease, respectively (Nezamzadeh et al., 2005; Basavaraja et al., 2021). The region 55–55.5 Mb on BTA5 previously displayed evidence of selective sweeps in the EUT Charolais as well as in a tropical crossbreed between Charolais and Zebu, namely, the Canchim (Xu et al., 2015; Urbinati et al., 2016; Naval-Sánchez et al., 2020). Moreover, the LRIG3 gene in this region is associated with body length in cattle and litter size in pigs (Xu et al., 2015; Metodiev et al., 2018).
Specific selection signatures detected in BO_cur include the selective sweep 46.5–47.5 Mb on BTA16. This region is of great interest. It presents several significant SNP and overlaps with genomic footprints detected in East African Zebu cattle as well as in a subpopulation of the German dual-purpose black and white cattle (Taye et al., 2018; Naderi et al., 2020). The region contains DNAJC11, a heat shock protein gene, involved in response to heat stress (Li et al., 2015). In addition, the candidate regions of selection (BTA 5:111.5–111.5 Mb and BTA 2:70–71 Mb) are known candidate regions under selection in different African, European and Asian cattle and sheep breeds (Hudson et al., 2014; Bomba et al., 2015; Wang et al., 2015; Bertolini et al., 2020). The region 111.5–111.5 Mb on BTA5 contributed to positive selection for natural virus resistance and to extensive admixture in West Sahelian African human populations (Cagliani et al., 2011; Pérez-Rivas et al., 2014; Triska et al., 2015). In addition, the segment BTA 2:70–71 Mb covered various candidate genes such as EN1, involved in growth traits in cattle (Buroker, 2014). Further regions under selection in BO_cur host candidate genes, significantly associated with different traits, including ADAM32, ADAM9, HTRA4, and KLHL21 with residual feed intake and immune responses, PLEKHA2 and TNFRSF25 with growth and carcass performances, HTRA4 with milk, and HOOK1 with heat stress (Fan et al., 2015; Tizioto et al., 2015; Seong et al., 2016; Blanco et al., 2017; Hardie et al., 2017; Hay and Roberts, 2018; Sengar et al., 2018; Skibiel et al., 2018; Oliveira et al., 2019; Braz et al., 2020; Brunes et al., 2021; Soares et al., 2021).
Regarding the selection signatures in Adm_cur, the region 20–21 Mb on BTA4 in Adm_cur is consistent with the region reported by Naderi et al. (2020), who identified selection signatures in close distance to the TMEM106B gene in the German black pied cattle. In addition, the ARL4A gene was reported in the context of selective sweeps in Australian Holstein (Larkin et al., 2012) and with regard to copy number variations in African Nguni cattle and Polish Holstein (Wang et al., 2015; Mielczarek et al., 2017). The latter gene is associated with milk production in dairy (Raschia et al., 2018; Khan et al., 2020). The SCIN gene, also mapped in the region, is involved in residual feed intake in cattle (Salleh et al., 2017). The remaining regions under selection in Adm_cur spanned other candidate genes including ANKRD52, RNF41, and MYL6 associated with height and carcass traits (Cai et al., 2019; Moravčíková et al., 2019; Feitosa et al., 2021), and COQ10A and RNF41 related to milk trait and calf mortality (Lázaro et al., 2021; Marín-Garzón et al., 2021). In addition, the SARNP gene is related to animal reproduction (Labrecque et al., 2014), while the DNAJC14 is involved in heat stress (Bahbahani et al., 2015; Rehman et al., 2020).
Overall, the common and specific candidate regions identified in the hybrid populations confirm selection signatures in African and European crossbreeds (Supplementary Table S6). They cover several candidate genes related to economic and functional traits. The enriched biological processes including inner mitochondrial membrane organization and ATP-dependent chromatin remodeling are related to carcass traits, milk production, and reproduction in cattle (Lu et al., 2016; Zhang and Xie, 2019; Shi et al., 2021). We also observed that the hybrids present more candidate regions related to heat response than the taurine populations, which is in line with the admixture with Zebu cattle known to tolerate high environmental heat loads (Taye et al., 2017a; Kim et al., 2020). Moreover, few genes in candidate regions of selection are involved in immune response and feed efficiency. The evidence of selection for adaptive traits in the hybrid populations (including BO_cur that is highly admixed) may be related to the fact that the AFZ introduced in the production environments of the West African taurine for decades have also developed various adaptive features (Atchy, 1976; Houessou et al., 2019b). Consequently, their crossbreeding with indigenous taurine cattle reduces the risk of diluting adaptive traits in local breeds while offering the opportunity to increase animal performances. Our findings are in line with those reported in other African cattle breeds (Aliloo et al., 2020; Kim et al., 2020) and suggest the ability to develop robust and productive breeds via crossbreeding. Nevertheless, the improvement of cattle breeding in West Africa requires the establishment of sustainable crossbreeding programs and the enhancement of genomic selection including genotype by environment interactions in the indigenous breeds. These will be achieved through the determination of suitable breeds and optimal proportions of admixture, considering social-ecological constraints (Wollny, 2003; Wurzinger et al., 2014).
CONCLUSION
In this study, we confirm that the Dahomey cattle currently bred in Europe are a subpopulation of the Beninese indigenous Lagune breed. The high genomic inbreeding in the Dahomey population is due to its current breeding system. The introduction of new animals from zoological parks can increase the diversity of the Dahomey population. Moreover, the Beninese taurine indigenous Lagune and Somba cattle still conserve a high proportion of AFT ancestry, in comparison to the historical population. The Borgou displays a risk of full genetic replacement by African Zebu. However, we observed the existence of a hybrid population relatively less affected by ongoing indicine introgression and comparable to the historical Borgou.
We found no evidence of the negative impact of admixture on the adaptive features in the cattle populations including the crossbreeds, as they all present several genomic footprints involved in immune response, feed efficiency, and heat stress. Moreover, specific candidate regions in the Somba cattle demonstrate selection pressures related to endemic diseases in the habitat areas of the breed. Overall, identified recent selection in Beninese indigenous cattle towards productive traits such as reproduction, milk, and carcass traits favor the improvement of the economic merits of the breeds.
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Knowledge of the genetic architecture of key growth and beef traits in livestock species has greatly improved worldwide thanks to genome-wide association studies (GWAS), which allow to link target phenotypes to Single Nucleotide Polymorphisms (SNPs) across the genome. Local dual-purpose breeds have rarely been the focus of such studies; recently, however, their value as a possible alternative to intensively farmed breeds has become clear, especially for their greater adaptability to environmental change and potential for survival in less productive areas. We performed single-step GWAS and post-GWAS analysis for body weight (BW), average daily gain (ADG), carcass fleshiness (CF) and dressing percentage (DP) in 1,690 individuals of local alpine cattle breed, Rendena. This breed is typical of alpine pastures, with a marked dual-purpose attitude and good genetic diversity. Moreover, we considered two of the target phenotypes (BW and ADG) at different times in the individuals’ life, a potentially important aspect in the study of the traits’ genetic architecture. We identified 8 significant and 47 suggestively associated SNPs, located in 14 autosomal chromosomes (BTA). Among the strongest signals, 3 significant and 16 suggestive SNPs were associated with ADG and were located on BTA10 (50–60 Mb), while the hotspot associated with CF and DP was on BTA18 (55–62 MB). Among the significant SNPs some were mapped within genes, such as SLC12A1, CGNL1, PRTG (ADG), LOC513941 (CF), NLRP2 (CF and DP), CDC155 (DP). Pathway analysis showed great diversity in the biological pathways linked to the different traits; several were associated with neurogenesis and synaptic transmission, but actin-related and transmembrane transport pathways were also represented. Time-stratification highlighted how the genetic architectures of the same traits were markedly different between different ages. The results from our GWAS of beef traits in Rendena led to the detection of a variety of genes both well-known and novel. We argue that our results show that expanding genomic research to local breeds can reveal hitherto undetected genetic architectures in livestock worldwide. This could greatly help efforts to map genomic complexity of the traits of interest and to make appropriate breeding decisions.
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1 INTRODUCTION
Genome-wide association is a powerful analysis that allows to identify genomic regions associated with phenotype variations in a target population to understand better the genetic architecture of the phenotype (Begum et al., 2012); such analysis has proved to be invaluable in the study of the genetic architecture of livestock species traits, especially cattle (Schmid and Bennewitz, 2017). Most of the target traits in livestock are polygenic phenotypes (de Oliveira Silva et al., 2017), which are suitable for investigation with robust GWAS. However, the GWAS is only the start of the investigation of the target traits genetic architecture (Atwell et al., 2010). Weaker signals that would be missed by GWAS analysis can be identified and described via pathways enrichment analysis, under the assumption that these signals are related to genes involved in complex pathways and biological processes (Buitenhuis et al., 2014; Pegolo et al., 2020). In beef cattle, traits such as growth or carcass conformation are critical to the profitability of meat production since greater growth means a shorter fattening period, and more conformed animals have higher economic value (Samorè et al., 2016). GWAS analysis in different species highlighted the strongly polygenic nature of these traits (Mateescu et al., 2017; Huang et al., 2018; Falker-Gieske et al., 2019; Gershoni et al., 2021).
In recent years, many studies have proposed more advanced approaches to investigate these phenotypes, such as the inclusion of whole genome sequences (Mao et al., 2016) or the analysis of growth traits in a longitudinal perspective (Yin and König, 2019). This latter approach has been scarcely used in beef cattle breeding (Yin and König, 2019; Gershoni et al., 2021), but there are dramatic differences in the functional elements involved in determining morphological traits at different ages (Helgeland et al., 2019): these differences could be investigated by separate analyses of the same trait collected at various ages. Investigations on beef traits (Mudadu et al., 2016) have been extensively performed in cattle, but most studies have regarded few cosmopolitan, specialized breeds. Dual-purpose breeds, which consist of local populations apart from a few exceptions (such as Simmental cattle), have rarely been the target of GWAS. Local breeds are genetically more diverse than the cosmopolitan ones and have generally better health parameters and fitness due to a much-reduced specialization (Biscarini et al., 2015). Also, the negative genetic correlations occurring between dairy and beef traits make the genetic improvement of both aptitudes in dual-purpose populations far from its optimum (Frigo et al., 2013; Mazza et al., 2016; Sartori et al., 2018). Moreover, such breeds often present unique characteristics that allow them to adapt to harsher conditions (Krupová et al., 2016; Sutera et al., 2021) and better respond to environmental shifts or challenges (Biscarini et al., 2015). Thus, these dual-purpose local breeds represent an unexploited source of diversity for the animal breeding sector and a rare opportunity to conduct GWAS on key economic traits that have not been under excessive specialization.
Rendena is an autochthonous breed from Alpine regions of North-East of Italy with a dual-purpose aptitude for meat and milk still maintained through the current selection scheme, assigning 65% of the economic weight to milk and 35% to meat (Guzzo et al., 2019; for further details on the selection scheme see Mantovani et al., 1997; and Supplementary Figure S1).
The dual-purpose aptitude also allows to counteract inbreeding erosion and maintain good genetic variability despite the small population size (the current number of animals is around 7,000 of which 4,000 are cows). Rendena also presents good fertility and longevity parameters and excellent adaptability to local environments, ranging from plains to Alpine pastures (Ovaska and Soini, 2017; Guzzo et al., 2018). As in various other local breeds, genomic information of Rendena has started to be available just recently, after implementing a routine activity of genotyping. This information might allow identifying and describing genes and functional pathways involved in the genomic architecture of traits of economic or functional interest (Senczuk et al., 2020). Moreover, as genomic selection has just been implemented in Rendena (Mancin et al., 2021a), investigating these traits could also be helpful to increase the prediction accuracy (see Tiezzi and Maltecca, 2015).
In this study, we performed a single-step GWAS and pathway analysis in Rendena cattle to investigate the genetic architecture of growth and carcass conformation traits, i.e., body weight, average daily gain, in vivo dressing percentage, and in vivo fleshiness (SEUROP grade). Additionally, body weight and average daily gain were analyzed using records taken at different ages, to study possible temporal variation in the genetic architecture of growth at the early stages.
2 MATERIALS AND METHODS
2.1 Animals and Phenotypes
All phenotypic records were collected at the performance test (PT) station of the National Breeders Association of Rendena cattle—ANARE, Trento Italy (www.ANARE.it). All phenotypes belonged to young (on average of 1 month of age) candidate bulls. About 60 young bulls are tested every year at the PT station for a total period of 11 months, following the criteria reported in Mantovani et al. (1997). Records have been collected since 1985, when PT started, until present times. The phenotypes collected during the PT are body weight (BW), average daily gain (ADG), carcass fleshiness (CF) and dressing percentage (DP). Both CF and DP are evaluated in vivo by 3 skilled operators at the end of the PT period and averaged to obtain the final score. The CF evaluation applies the same scores of post-mortem carcass appraisal established by the European Union Council (SEUROP), where the middle class (R) is equal to 100 points and other classes (upper or lower classes) correspond to 10-points-variations. Furthermore, the evaluation also considers sub-classes (e.g., R+ and R-for the middle class) that are spaced 3.33 points from the class score. DP is a visual prediction of the post-mortem measure of DP: the operator makes a visual appraisal of the individual at the end of the performance test, offering an estimate of the expected DP—i.e., conformation—at slaughter (Mantovani et al., 1997). Average daily gain (ADG) is calculated as the linear regression of weight (BW) on age. For this study, ADG and BW were collected at different stages of PT. ADG has been divided into ADG_i and ADG_f: ADG_i covers the daily gain of the first half of the testing period (since entering the PT station until the 6th month), while ADG_f covers the daily gain of the second half (from the 6th month to the end of the period). ADG covering the entire PT test was labeled as ADG_tot. BW was split along the same timeline as ADG: body weight at the entrance to the station (BW_i), at 6 months (BW_m) and at the end of PT (BW_f). Data cleaning consisted of removing animals with a regression of weight on age showing a coefficient of determination below 0.9 (for further details, see Guzzo et al., 2019).
2.2 Genomic Data and Quality Control
The biological material of the animals chosen for the genotyping resulted from salivary swab, hair (at least 30 bulbs), or ear tissue from biopsy brand, collected by ANARE on females and young candidate bulls at PT, as well as from semen of proven bulls, already subjected in the past to PT and progeny test for milk and to a large extent now eliminated. The Bovine 150K Array GGPv3 Bead Chip (HD, 138,974 SNPs), and Illumina Bovine LD GGPv3 (LD, 26,497 SNPs), were used for genotyping (Illumina, Illumina Inc., San Diego, CA, United States). The overlapping between the two panels is about 60%. The HD platform was used for 554 young bulls, while 1,416 individuals (174 males and 1,242 females) were genotyped with LD chips. To achieve a reliable genomic imputation accuracy, the 174 males were animals with at least one parent and one half-sib genotyped with HD chips. The genotyped females were individuals with a kinship of at least 0.2 with phenotyped animals.
Before proceeding with imputation, we performed a preliminary quality control removing SNPs with a minor allele frequency (MAF) < 0.01 and call rate lower than 0.90, using Plink program (Purcell et al., 2007). Only the 29 autosomal chromosomes (BTA) were used for association, and progeny conflicts were fixed using the seekparentsf90 program (Aguilar et al., 2018).
AlphaImpute2 was used for imputation (Whalen and Hickey, 2020), as it combines a population imputation algorithm (Positional Burrows Wheeler Transform) with pedigree-based imputation (iterative peeling); we used the same parameters as in Mancin et al. (2021a). The accuracy of the imputations was roughly estimated as a correlation between true and imputed SNPs. To this aim, ten rounds of cross-validation were performed: in each round the overlapping SNPs between the two panels were removed in ten animals and then imputed using the HD panel from young bulls as reference population (Supplementary Table S1). Subsequently, the correlation between the true and the imputed genotypes was calculated on these animals.
After imputation, we performed a second genomic quality control with the preGSf90 program (Aguilar et al., 2018): the SNPs with MAF lower than 0.05 and SNPs that deviated too much for the expected value of heterozygosis (i.e., Hardy-Weinberg Equilibrium) were removed. In accordance to Wiggans et al. (2012) the threshold for was set to 0.15: SNPs were deleted if [image: image]. In addition, SNPs with a call-rate < 0.90 and animals with a call rate < 0.95 were excluded. The final genomic database contained 1,690 animals (698 with both genotypic and phenotypic information), and 113,279 SNPs. Genome-wide linkage disequilibrium (LD) within chromosome was also calculated, as the squared correlation of allele counts for two SNP. Principal Components Analysis (PCA) of G matrix and LD were also calculated with pregsGSf90.
2.1 Single Step Genome-wide Association Analyses
Single step genome-wide association (ssGWAS) models were used to estimate allele substitution effect. In ssGWAS, the estimation of allele substitution effects was obtained from a linear transformation of the BLUP of breeding value under ssGBLUP model (Aguilar et al., 2019). Mancin et al. (2021b) showed the advantages of this method in terms of QTL detection and control of populations structure over two-step methods in which de-regression of breeding value as pseudo phenotype is required. This issue is particularly evident in the presence of unbalanced data (i.e., sex-limited traits). In fact, the ssGWAS allows the use of both male and female genomes even when analyzing a phenotype collected only in individuals of one sex.
The ssGBLUP model used in this analysis, written in matrix form, is the following:
[image: image]
Where phenotypes are included in vector y, X is the incidence matrix of fixed effects (group of contemporaries, cow parity class and months of birth), b is the vector of these effects. The contemporary group has 147 levels, with each level consisting of bulls grouped together at the Performance Test because homogeneous by age (i.e., born within 1 month of each other; 82.
Animals per group on average, minimum 5 and maximum 142). The parity order of cow has four classes (first parity; second parity; third to seventh parity; above the eighth parity), and the classes of months of birth correspond to the single months, as in Guzzo et al. (2019).
Z represents the incident matrix that relates the random genetic additive effects to the phenotype, with effects represented by vector [image: image]. The vector of random residual error (e) has a normal distribution [image: image], where [image: image] is the residual variance. In the ssGBLUP vector of additive genetic effects is distributed as [image: image], where [image: image] is the additive genetic variance and H is the (co)variances structure which combines pedigree and genomic relationships (Aguilar et al., 2010). Its inverse, used in Eq. 1 is described as:
[image: image]
where [image: image] and [image: image] are the inverse of the pedigree kindship matrix respectively for all animals and for only genotyped animals. Since the frequencies of current genotyped population are used to center G and pedigree and genomic matrices have different bases, G was adjusted so the average diagonal and off-diagonal matches the averages of A22. Pedigree kinship (sub) matrix was estimated tracing back the pedigree up to 7 generations, i.e., 6,644 animals. G matrix was built using the methods proposed by VanRaden (2008), as follows:
[image: image]
where M is a matrix of SNP content centered by twice the current allele frequencies, and [image: image] is the allele frequency for the ith SNP (VanRaden, 2008).
Additionally, to avoid singularity problems, the final G was computed as
[image: image]
Where G is the matrix present in the Eq. 2, I is an identity matrix of the same dimensions, λ and β are two weighting coefficients, with λ = 0.99 and β = 0.01. These values were chosen due to their influence on the power of signal detection of the GWAS, and because they resulted in inflation close to optimum values. In addition, G was adjusted to a better blending with diagonal and off-diagonal of A22 as described in Vitezica et al. (2011):
[image: image]
Then, the vector of estimated breeding values was obtained as:
[image: image]
Where [image: image] is the vector of estimated breeding values of genotyped animals. The prediction error variances [image: image], necessary to calculate the p-values, were calculated following Gualdrón Duarte et al. (2014) and computed as in Aguilar et al. (2019), where:
[image: image]
[image: image]
Since [image: image] is equal to [image: image]; thus [image: image]. It follows that formula Eq. 8 becomes:
[image: image]
[image: image] is a submatrix of C belonging to the genotyped animals and represents the prediction error variances of [image: image]. The p-values are then calculated as
[image: image]
Where [image: image] is the allele substitution effect of SNP i and [image: image] represents the square root of Eq. 9, Φ (∙) is the cumulative density function (CDF) of the normal distribution.
Two thresholds were used for the association tests: a genome-wide 5% significant level of −log10(p) = 5.55 (0.05/17,766) and a suggestive association with −log10(p) = 4.29 (0.1/17,766). These are the thresholds corrected for multiple tests i.e., [image: image] where p is the probability level of significance and n is the corresponding number of independent SNPs (n = 17,766) calculated using the “poolR” R package (https://cran.r-project.org/web/packages/poolr; R Core Team, 2021), according to Li and Ji (2005). The number of independent tests was calculated based on the number of eigenvalues. Instead of the standard approach of Cheverud (2001), we used the approach by Li and Ji (2005), a function that decomposes the eigenvalues in the integral part (Effective Number Independent Test) and the nonintegral part.
The (co)variance components have been estimated with REML using Average-Information algorithm (Gilmour et al., 1995). Approximate standard error of (co)variance components has also been estimated through Monte Carlo sampling as in Houle and Meyer (2015), in which standard deviations were calculated from Monte Carlo chains sampled from multinormal distribution with covariance being the inverse of the Average Information Matrix and the estimated variances as the expectation. Then the heritability for the 3 phenotypes was calculated under single trait models as in Eq. 1. Heritability was calculated as: [image: image]; where [image: image] and [image: image] are, respectively, the additive genetic and the residual variances.
Genetic and phenotypic correlations were estimated with bi-traits models, which are equivalent to Eq. 1 except for the animal additive genetic and residual variance, assumed to follow a multivariate normal distribution with mean 0 and variances G ⊗ H, and R ⊗ I, where
[image: image]
where G is the matrix of additive genetic (co)variances σ2a1, σ2a2, σa1a2 of traits 1 and 2, R the matrix of residual (co)variances σ2e1, σ2e2 and σe1e2 of traits 1 and 2.
The correlation was estimated as: [image: image] where i stands for the genetic and phenotypic correlation; 1 and 2 refer to the different performance test traits, and [image: image] is the covariance between traits 1 and traits 2, off diagonal of Eq. 11. For phenotypic (co)variance, we mean the sum of the genetic and the phenotypic (co)variances. Traits that do not include zero in their correlations Higher Posterior Density Interval (HPD) were declared significantly correlated.
All the genomic analyses were carried out with BLUPF90 family software (Aguilar et al., 2018) following the procedure described in Lourenco et al. (2020). Manhattan plots were drawn using “ggplot” R package (Wickham, 2016), as were the LD graphs.
2.2 Pathway Analysis
Pathway’s enrichment analysis was conducted to identify which biological pathways and functional elements were enriched for the investigated traits. From GWAS results, we selected SNPs with nominal p-values of < 0.01 which were mapped to genes based on a distance of 15 kb from the coding region using the “biomaRt” R package (Drost and Paszkowski, 2017) and Bos taurus UMD3.1 assembly as in Pegolo et al. (2020). Functional enrichment analysis was carried out on the list of significant genes using the Cytoscape plugin ClueGo (Bindea et al., 2009). As functional categories, we used cellular component, biological process, and molecular functions within the Gene Ontology (GO, http://geneontology.org) database and the Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.genome.jp/kegg/). The Benjamini-Hochberg correction was applied to declare significant pathways: only pathways showing FDR < 0.05 were retained. The minimum number of genes in the pathway was set to 3; the minimum percentage of genes present in the pathway was set to 4%. To simplify the redundance of GO terms we provide figures with similar terms grouped based on their semantic similarity using the R packages “rrvgo” (Sayols, 2020). In addition, we investigated if the candidate regions declared as significant by our GWAS overlapped with QTL in animal QTLdb, identified with R package “GALLO” (Fonseca et al., 2020).
3 RESULTS AND DISCUSSION
3.1 Heritability and Genetic Correlations
Descriptive statistics after data editing of the phenotypes are shown in Table 1. Phenotypic and genetic correlations and the heritability (h2) for the analyzed traits are reported in Table 2. Body weight traits presented an average value of h2 lower than other traits: BW_i showed the lower heritability (0.130), while BW_m and BW_f had heritability of 0.220. In fact, as reported in literature, a large discrepancy of values has been observed for heritability of body weights, and generally, traits similar to birth weight or weaning weight have a slightly lower heritability than weight measured in more advanced stages (Yin and König, 2018). Average daily gain (ADG_tot) presented an intermediate heritability of 0.322 partitioned into 0.164 and 0.220 for ADG in the first and last period. As for body weight, ADG presents lower h2 in first stages of the performance test, and h2 values agree with what has been found in the literature (Yin and König, 2018). The highest heritabilities were found for the traits related to the carcass conformation, with a value of 0.45 and 0.47 respectively for CF and DP, close to what was observed in other local dual-purpose or beef cattle (Albera et al., 2001; Sbarra et al., 2013; Mancin et al., 2021c). These traits also appeared highly genetic correlated. All ADG traits were moderately genetically correlated with them, with a value of 0.5 on average. On the contrary, body weight measured at the beginning of the performance test was not significantly correlated with CF and DP. Interestingly, the weights measured in more advanced periods showed an increase of genetic correlation with a value close to 0.7. Body weight and ADG also presented a strong genetic correlation with body weight traits, especially for the traits measured at the final stages of the performance test. In terms of genetic correlations, the results agree with what was found in other local dual-purpose or beef breeds (Veselá et al., 2011; Filipčík et al., 2020). Phenotypic correlation followed the same trends of genetic correlation but with a lower magnitude (Table 2, under diagonal).
TABLE 1 | Summary statistics for phenotypic data of animals with both genotypic and phenotypic information (n = 689).
[image: Table 1]TABLE 2 | Mean of genetic (over diagonal) and phenotypic (under diagonal) correlations, and heritability (diagonal) with the respective standard deviations in target traits in Rendena population, estimated under ssGBLUP models. (NS) stands for non-significant correlations.
[image: Table 2]3.2 Genomic Architecture and Imputation
A homogeneous density distribution (number of SNPs per Mb) was found throughout the genome, apart from few relatively small blank areas in 12 chromosomes. For further details on SNP density on each chromosome after imputation and quality control, see Supplementary Figure S2. The new imputed panel had a SNPs density close to the one found in the young bulls genotyped with HD platforms. A value of imputation accuracy of 0.95 ± 0.05 was observed via cross-validation in the HD males (Supplementary Figure S2). Combined with the high correlation between the A and G matrix, these results confirm the reliability of the new Alphaimpute2 algorithm for this population.
The PCA scatterplots (Figure 1) illustrate a homogenous distribution of allele frequencies in individuals that comprised our study population. No stratification has been observed in the first two components, suggesting that most G matrix variance is explained by many eigenvalues with small effect. Genome-wide linkage disequilibrium and MAF have also been explored since the availability of high-density SNP platforms permits to explore the LD decay at an unprecedented resolution. In addition, MAF and LD are useful for understanding differences in population history and demography and for its impacts for genome-wide mapping studies. LD decay per each chromosome is reported in Supplementary Figure S3. As expected, most tightly linked SNPs presented strong levels of LD while it rapidly declines when the distance increases. A within-chromosome LD average value of 0.19 ± 0.12 has been observed. When the distance between markers is lower than 1 Mb, the LD squared correlation between pairs of loci across autosomes (r2) (Hill and Robertson, 1968) reached an average value of 0.17 ± 0.27, and when the distance was > 1 Mb LD decreased to 0.04 ± 0.09 (Supplementary Figure S3). Larger levels of LD have been observed for chromosome 6 (0.20), while lower levels of LD were observed for chromosome 28 (0.18). An average value of 0.29 ± 0.12 was observed for minor allele frequency; no noticeable difference has been observed along the 29 chromosomes, with MAF values ranging from 0.28 ± 0.12 (chromosome 12) to 0.30 ± 0.12 (chromosome 19). With respect to the other local Italian breeds (i.e., Fabbri et al., 2020), Rendena presents a lower level of LD. This issue implicitly underlines the reassuring demographic situation of Rendena compared with other indigenous cattle of Italy, as it demonstrates a lower risk of inbreeding depression.
[image: Figure 1]FIGURE 1 | Scatter plot of first and second principal components of the genomic relationship matrix (the G matrix) used in the ssGBLUP. A total of 113,279 SNPs and 1,690 cattle were used to perform the principal component analysis.
3.3 GWAS and Pathway Analysis
The full results of GWAS are reported in Table 3. We found a total of 8 SNP significantly associated with 5 of the investigated traits, and 47 SNPs suggestively associated with all 7 investigated traits (Figure 2). Pathway analysis revealed that out of 113,279 SNPs, 77,506 were located within a 15 kb window of annotated genes; in the end, 14,380 annotated genes were used as a background for each trait. On average, 628 genes near significant SNPs (<0.01) were identified and subsequently used for pathway analysis of each trait. All traits presented an inflation factor close to optimum values of 1 (Figure 2) calculated based on the median chi-squared test. In addition, analysis on localized linkage disequilibrium (0.5 Mb form significant SNP), has been carried out (Figures 3–7), and results indicated that all significant candidate genes are extremely close to the significant SNPs, except for candidate gene ZNF784, which is situated between two significant SNP (Figure 6).
TABLE 3 | Significant and suggestively SNPs found on the GWAS study.
[image: Table 3][image: Figure 2]FIGURE 2 | Manhattan and Q-Q plots of BW_i: body weight at the entrance at performance test stations; BW_m: body weight at 6 months; BW_f: body weight at the end of performance test. Average daily gain: ADG_i, covers of the first half of the period (since entering into the PT station until the 6th month); ADG_f, covers the daily gain of the second half (from the 6th month to the end of the period); ADG_tot is the average daily gain throughout the entire period. DP, Dressing Percentage; CF, Carcass Fleshiness. Dotted lines represent the suggestive and the significant threshold. Red dot represented the significant SNPs and neighboring SNPs (±1 Mb) while green dot are the SNPs and neighboring SNPs (±1 Mb). Q-Q plots are displayed as scatter plots of observed and expected –log10 (p-values) (right). Values of inflation are reported within the QQplots.
[image: Figure 3]FIGURE 3 | (A) Localized linkage disequilibrium analysis of BW_i. Manhattan plots displaying the level of significance (y-axis) over genomic positions (x-axis) in a window of 0.5 Mb upstream and downstream of the most significantly SNP. Vertical line represents the position of candidate gene TBX18. Different colors are used to represent the pairwise LD with the closest significant SNPs: blue < 0.2; light blue < 0.4; green < 0.6; yellow < 0.8 and red > 0.8. (B) Represents linkage disequilibrium of that area.
[image: Figure 4]FIGURE 4 | (A) Localized linkage disequilibrium analysis of ADG_i. Manhattan plots displaying the level of significance (y-axis) over genomic positions (x-axis) in a window of 0.5 Mb upstream and downstream of the most significantly SNP. Vertical line represents the position of candidate gene DIRC2. Different colors are used to represent the pairwise LD with the closest significant SNPs: blue < 0.2; light blue < 0.4; green < 0.6; yellow < 0.8 and red > 0.8. (B) Represents linkage disequilibrium of that area.
[image: Figure 5]FIGURE 5 | (A) Localized linkage disequilibrium analysis of ADG_f. Manhattan plots displaying the level of significance (y-axis) over genomic positions (x-axis) in a window of 0.5 Mb upstream and downstream of the most significantly SNP. Vertical line represents the position of candidate genes CGNL1, PRTG, UNC13C and SLC12A1. Different colors are used to represent the pairwise LD with the closest significant SNPs: blue < 0.2; light blue < 0.4; green < 0.6; yellow < 0.8 and red > 0.8. (B) the represents Linkage disequilibrium present of that area.
[image: Figure 6]FIGURE 6 | (A) Localized linkage disequilibrium analysis of DP. Manhattan plots displaying the level of significance (y-axis) over genomic positions (x-axis) in a window of 0.5 Mb upstream and downstream of the most significantly SNP. Vertical line represents the position of candidate genes LOC513941, ZNF784 and NLRP2. Different colors are used to represent the pairwise LD with the closest significant SNPs: blue < 0.2; light blue < 0.4; green < 0.6; yellow < 0.8 and red > 0.8. (B) the represents Linkage disequilibrium present of that area.
[image: Figure 7]FIGURE 7 | (A) Localized linkage disequilibrium analysis of CF. Manhattan plots displaying the level of significance (y-axis) over genomic positions (x-axis) in a window of 0.5 Mb upstream and downstream of the most significantly SNP. Vertical line represents the position of candidate genes LOC513941, NLRP2 and LOC107131373. Different colors are used to represent the pairwise LD with the closest significant SNPs: blue < 0.2; light blue < 0.4; green < 0.6; yellow < 0.8 and red > 0.8. (B) the represents Linkage disequilibrium present of that area.
3.3.1 Body Weight
Significant SNPs contributing to the genetic effect of body weight are listed in Table 3. Body weight measured at first stage was the only BW trait in which significant SNPs were identified, while body weight measured at the half of the performance test period presented the lowest number of suggestive SNPs and biological pathways enriched. The significant peak for BW_i was located at 64 Mb on BTA9, in the vicinity of gene TBX18 (Figure 3; Table 3). This gene is mainly involved in controlling the first stages of embryonic development and in the morphogeny of the embryonic epithelium (Consortium, 2021). To our knowledge, no previous connection with body weight had ever been found for TBX18; however, a study found an association between this gene and development in dual-purpose Simmental breed but not in other specialized breeds (Doyle et al., 2020a). We hypothesize that a possible mechanism for the connection between TBX18 and body weight could lie in the fact that it is a strict paralogue of TBX15, a gene linked to obesity-related traits in humans and mice (Ejarque et al., 2019; Sun et al., 2019); it is demonstrated that TBX15 regulates processes related to the skeletal muscles metabolism, which is in turn linked to animals’ body size (Lee et al., 2015). However, studies on the relationship between TBX15 and TBX18 in cattle and the impact of TBX15/18 on the regulation of muscle metabolism are needed to validate this hypothesis. We identified several known cattle QTLs in QTLdb overlapping with our candidate region (Supplementary Table S2A): the majority of these QTLs were linked to morphology (47.5%), followed by beef production (22.5%).
MYO5B is a candidate gene for both BW_m and BW_i (Table 3), identified by the presence of two suggestively associated SNPs located on chromosome 24. MYO5B is related to the development of skeletal muscle for what concerns actin and myosin organization and with the binding of ATP (Consortium, 2021). Interestingly, this gene was also identified in GWAS conducted on dual-purpose Simmental breeds (Doyle et al., 2020b).
The analysis of the enriched pathways, represented in Figure 8, reinforced what has been mentioned for the single genes, namely that in our study the mechanisms regulating body weight were mainly those linked to the development of muscle masses. Among the GO terms enriched (Figure 8; Supplementary Figures S4A,B), there were: organization of cytoskeleton (GO:0007010), actomyosin structure (GO:0031032), actin filament bundle (GO:0061572), and contractile actin filament bundle assembly (GO:0051017). The pathways analysis revealed a further biological process related to the metabolism of lipids on skeletal muscles (GO:0055088, GO:0055092, GO:0042632). Regulation of the selection of appropriate nutrients by the skeletal muscle is essential both in terms of muscle energy metabolism and in terms of general regulation of whole-body supply and use of fuel (Hocquette et al., 1998): again, this enriched pathway was also found in Srivastava et al. (2020).
[image: Figure 8]FIGURE 8 | Scatter plot representing the main groups of biological pathways enriched for Body Weight traits measured at first, half and final period of performance test (BW_i, BW_m, BW_f); the area represents the number of pathways in that group, among the total. For a detailed list of the pathways enriched by these traits see Supplementary Figures S4A–C.
Aside from the already mentioned MYOB5, two candidate genes within suggestively associated SNPs were identified for BW_m: CPEB1 and DIRC2, found on BTA1 and 21, respectively (Table 3). While these genes are not directly involved with body weight, we found them related to factors with a potential secondary impact on growth. For example, the CPEB1 gene is involved in the regulation of mRNA translation and cell proliferation, with an influence on the molecular mechanisms associated with superior resilience to heat stress in cattle (Livernois et al., 2021). Moreover, CPEB1 was also detected by other GWAS studies in cattle in which the target phenotype was residual feed intake (Lapierre et al., 1995). DIRC2 has been associated with lipid storage in geese’s (Anser anser domesticus) liver (Yang et al., 2020), given its role as a substrate carrier.
In BW_f, as in the other phenotypes, several genes identified by suggestively associated SNPs (Table 3) had never been associated before with body size traits. Moreover, connections between such candidate genes and body weight were not straightforward. One suggestively associated gene for BW_f, CCDC178, was identified in some GWA studies on disease resistance in local cattle (Kosińska-Selbi et al., 2020). The MBL2 gene, a candidate gene suggestively associated to BW_f (and almost suggestive for ADG_tot), also seems to have an indirect connection with body weight: MBL2 plays a central role in the activation of the mannose-binding lectin or mannose-binding protein; this protein is involved in processes that regulate the immune system, preventing infection from bacteria, virus, and yeast (Consortium, 2021).
No biological process strictly related to muscle mass development was identified (Figure 8; Supplementary Figure S4C), but many processes related to other aspects of growth and body weight have been found. Several pathways were involved in GABA processes (Figure 8; Supplementary Figures S4A–C): GABA is actively involved in regulating leptin, the satiety hormone, which has an essential role in nutrient intake and feeding motivation (Miller 2017). Some pathways also appear to be associated with processes such as morphogenesis of the epithelium (GO:0048791, GO:0007492, GO:0048332, GO:0001707 GO:0035987; mesoderm morphogenesis in Figure 8), which has a connection with body weight (increased paracellular permeability for the absorption of nutrients leads to augmented energy intake (Vanvanhossou et al., 2020).
Finally, many enriched terms were related to neuronal aspects (i.e., GO:0043005 GO:0097060, GO:0099537; Figure 8; Supplementary Figures S4A–C): this may find justification in the many studies underlining how these pathways are linked to the complex interaction between physio- and behavioral components that control the intake of food and energy expenditure (Martinez, 2000).
3.3.2 Average Daily Gain
Both GWAS and pathway analyses of Average Daily Gain showed different results depending on the age at which the trait was recorded, similarly to what resulted from our analysis of BW. In particular, the only GO terms in common between ADG_i and ADG_f were GO:0031175 (neuron projection development) and its associated terms; all the other 105 GO, and KEGG terms were not (Supplementary Figure S4D). The result of the GWAS also highlighted SNPs present in wholly different BTAs (Table 3). ADG_i had only one significant SNP (also suggestively associated with BW_m) situated on BTA1 (Figure 4), 0.2 Mb away from gene DIRC2 (also associated with BW_m) and 1.1 Mb away from gene HSPBAP. Both loci can be in some ways considered candidate genes for growth, as also HSPBAP has already been associated with residual feed intake from birth to 12 months (Cohen-Zinder et al., 2016). One suggestively associated SNP for ADG_i on BTA4 (Table 3) was within candidate gene GRM8, associated with body size in cattle (Chen et al., 2020) and eating behavior in other mammals (Gast et al., 2013). Again, in agreement with what was found for BW_m (the measure of ADG_i is based on the difference between BW_m and BW_i measurement), the results of the pathway analysis for ADG_i were less extensive than for other ADG traits (Figure 9; Supplementary Figures S4D–F); moreover, out of 20 pathways (Supplementary Figure S4D), those readily associable with ADG were GO:0004629 phospholipase activity (crucial for lipid metabolism) and GO:0043124, responsible for negative regulation of l-kB kinase/NF-κB signaling (involved with metabolic regulation, especially in cases of overnutrition; Kracht et al., 2020).
[image: Figure 9]FIGURE 9 | Scatter plot representing the main groups of biological pathways enriched for average daily gain traits measured at first, half and total period of performance test (ADG_i, ADG_f, ADG_tot); the area represents the number of pathways in that group, among the total. For a detailed list of the pathways enriched by these traits see Supplementary Figures S4D–F.
The same trait recorded at a later age, ADG_f, showed a much greater number of results, similarly to what transpired with BW_f (Figure 9; Supplementary Figure S4E; Table 3). For trait ADG_f the region with the greatest number of signals was on BTA10, roughly between 50 and 60 Mb (Figure 5; Table 3). This region contains a QTL that has already been associated to growth in cattle (Mao et al., 2016), although not in the present study. The three significant SNPs and 14 out of 16 suggestively associated SNPs were found in this region. Significant SNPs were situated within SLC12A1, CGNL1 and PRTG genes (Figure 5). While the latter two have already been associated respectively with growth (Londoño-Gil et al., 2021) and backfat thickness in cattle (Júnior et al., 2016), SLC12A1, to our knowledge, has never been associated with growth or weight traits in cattle (but see Kemter et al., 2014, for evidence in mice). However, among the suggestively associated SNPs on BTA10 (Table 3), several were within or close genes highly important for ADG, such as ALDH1A2, FBN1, and AQP9 (Hirano et al., 2012; Liu et al., 2019; Londoño-Gil et al., 2021; Zhang et al., 2021). Figure 9 shows that enriched pathways spanned several macro-categories (Figure 9; Supplementary Figure S4E): these results suggest that, as for BW, during the late months of the first year, a complex interplay of different biological processes takes place in growing bulls. For what concerned the overlapping of our QTLs associated with ADG_f with the animal QTLdb, we identified QTLs from several studies: 28.77% associated with morphology, 21.92% associated with beef production, 19.18% associated with milk, and 8.22% associated with meat and carcass (Supplementary Table S2B).
Finally, for the total ADG, ADG_tot, the results obtained mirrored those obtained with final ADG, both in terms of significant and suggestive SNPs (on BTA10 and BTA26; Table 3) and in terms of GO terms (Figure 9; Supplementary Figure S4F) and candidate genes, such as SLC12A1. Interestingly, one signal reported in ADG_tot was not present in ADG_f: on BTA11, one single suggestively associated SNP was located close to two genes well known for their effect on feed intake and weight (CDKL4 and MAP4K3; Edea et al., 2020). Apart from this exception, our results show conclusively that total average daily gain mirrored the final part of the daily gain, i.e., that the last months were decisive in shaping the total weight gain trajectory of the bulls.
3.3.2 Carcass Traits
The main region of interest for both CF and DP traits was situated on a gene-rich region of BTA18, between 55 and 62 Mb, where 3 significant and 9 suggestively associated SNPs allowed to locate several candidate genes (Figure 6; Table 3). The QTL with the highest significance for CF (suggestively associated for DP) was located within candidate gene LOC513941 (Figure 7), translating into a cationic amino acid transporter 3-like. This type of transporters regulates the metabolism of cationic amino acids, a key factor for growth and beef characteristics in cattle (Liao et al., 2009). Further corroboration of the importance of this metabolic pathway for CF was the enrichment of 10 GO terms (Figure 10; Supplementary Figure S4H), within the group of “amino acid transport,” such as amino acid transmembrane transporter activity (GO:0015171), and amino acid transmembrane transport (GO:0003333).
A second SNP in the same region (significant for DP and suggestively associated for CF; Table 3) was located within gene CCDC155 (Coiled-coil domain containing 155). This gene encodes for a protein involved in dynein complex binding and actin filament organization and it has been associated with beef conformation (Lemos et al., 2016; Hardie et al., 2017). Apart from being the main component of the cytoskeleton, actin constitutes together with myosin the myofilaments, which grant muscle cells their mobility and thus ultimately their organization and dynamics. The association of actin filaments and carcass traits was again made apparent also by the number (more than 30) and diversity of enriched GO terms related to actin (Figure 10; Supplementary Figures S4G,H): for example, those related to GO:0098858 (CF), actin-based cell projection; GO:0030048 (CF and DP), actin filament-based movement; GO:0070161 (CF and DP), anchoring junction; GO:0030833 regulation of actin filament polymerization; GO:0005912 (CF and DP), adherens junction (Londoño-Gil et al., 2021). Similarly, for DP 20 terms were enriched for pathways associated with actin filament-based GO terms (Supplementary Figure S4G).
[image: Figure 10]FIGURE 10 | Scatter plot representing the main groups of biological pathways enriched for carcass traits (carcass fleshiness and dressing percentage). For a detailed list of the pathways enriched by these traits see Supplementary Figures S4G,H.
In the same region of BTA18, our analysis found two more candidate genes with a known association with size and growth traits, all with one or more suggestively associated SNPs for CF. Siglec-5 is a gene commonly found in GWAS concerning cattle size and growth traits; its over-expression indicates a deficiency of leptin, and thus longer gestation time and bigger fetuses (Hardie et al., 2017). KLK12 is a kallikrein gene, a serin protease associated with food intake and feed efficiency at the transcript level in backfat and rumen (Kern et al., 2016). LOC101904435 and ZNF784 are zinc-finger proteins: the former is suggestively associated with both CF and DP; the latter only with CF but is linked to food intake in cattle (Olivieri et al., 2016).
Finally, three more SNPs (one significant both for CF and DP and two SNPs suggestively associated for DP) were situated within NLRP2 gene (NACHT, LRR and PYD domains-containing protein 2), a key player in early embryogenesis, maternal effects, immune response, and inflammasome (Peng et al., 2012).
Taken together, these results about carcass traits have numerous substantial implications. Firstly, we highlight how the 57–62 Mb region on BTA18 can truly be considered a hotspot of genetic diversity in this breed (as it is for several others; Grigoletto et al., 2020; Purfield et al., 2020). Secondly, as expected with strongly correlated traits, CF and DP shared part of their genetic architecture, as significant SNPs for the two traits are mostly in the same region. Only another region was shared, as both traits reported two suggestively associated SNPs close to each other on BTA28 (Table 3). The region encompasses the PHYHIPL gene, which influences feed efficiency (Abo-Ismail et al., 2018), whose link with carcass traits has recently been established (Seabury et al., 2017).
CF was associated only with two more SNPs, one on BTA12 and the other on BTA14 (Table 3). While the former was more than 1 Mb far away from any annotated functional element, the latter fell within SAMD12, a gene already found to have a significant dominance signal to chuck roll and be associated with 18-months weight in Simmental (Zhuang et al., 2020). On the other hand, DP had an almost significant signal on BTA1: the gene closest to the SNP was SIM2, already known to be associated with carcass quality, differentiation of longissimus, and semimembranosus muscle (De Las Heras-Saldana et al., 2019; Edea et al., 2020). To conclude, the strongest of the remaining suggestively associated signals for DP came from BTA4, within LOC112446424, a non-coding RNA close to candidate gene SLC13A4, a cationic canal important both for muscle traits in sheep and growth and development in cattle (Carvalho et al., 2020; Kaur et al., 2020).
While, as we mentioned, results from pathway analyses (represented in Figure 10; Supplementary Figures S4G,H), and GWAS were often complementary, pathway analyses for both CF and DP resulted in the enrichment of a robust number of pathways related to neuron activity, not really pointed out by GWAS results. Such pathways referred to the regulation of neuroblast proliferation (GO:1902692 for CF), chemical synaptic transmission (GO:0007268 for CF), neurogenesis (GO:0022008 for CF and DP), neuron projection (GO:0043005 for DP), synapse (GO:0045202 for DP) and especially synaptic transmission, glutamatergic (GO:0035249 for DP and, to a lesser extent, CF).
Glutamatergic synapses guide the development of growth neurons and regulate feeding motivation in the hippocampus (Huang et al., 2017). The relation between feeding motivation and nutrient intake is crucial to maintaining energy intake and storage (Illius et al., 2002). Such relationship is complex, involving leptin (see above-mentioned gene Siglec-5), and the NPY/AgRP system, which makes food intake-stimulating peptides, which can dramatically influence metabolism and consequently carcass traits (Seabury et al., 2017; Ruud et al., 2020). Among the genes more often represented in the glutamatergic synapse network enriched in our analysis, several were linked with food intake and metabolism (for example, GRM8), eating behavior (GRIK3), insulin secretion, and lipolysis (ADCY1, Olivieri et al., 2016). In support of this hypothesis, we also found out that the enriched KEGG term for DP Glutamatergic synapse (KEGG:04724) belonged to the same group of Circadian entrainments (KEGG:04713) and Apelin signaling pathway (KEGG:04371), both also enriched. Circadian rhythm has a strong connection with feeding behavior (Mrode et al., 2019), and apelin is a peptide connected with food intake and lipid metabolism (Bertrand et al., 2015). The same was true also for CF, with KEGG term Hippo signaling pathway (KEGG:04390) appearing multiple times (Supplementary Figure S4H). This might reflect a greater role of regulatory systems of feeding motivation, nutrient intake, and storage in shaping the variability of these traits. On the other hand, glutamatergic synapses are also involved in physiological responses to stressors and environmental changes. QTLs from the QTLdb associated to our candidate regions for these two traits are reported in Supplementary Tables S2C,D.
3.4 Traits and Time Stratification
The results of our study can help frame the genetic architecture of our between-traits correlation, including such traits that are measures of the same trait in different time points or intervals (the three BW and the three ADG). Within BW, we demonstrated how also from the genomic point of view the weight at the half of the PT was underlined by a mixture of QTLs that were also found either at the start or at the end of the PT. On the other hand, no common SNPs resulted significant both for BW_i and BW_f, and the number of enriched pathways in common was very low (Supplementary Figures S4A–C; Table 3). For what concerns ADG, there was also a deep difference between the signals found for ADG_i and ADG_f, with the latter reflecting much more closely the total ADG, and again no SNPs were shared by ADG_i and ADG_f (Table 3). Moreover, the lowest number of significant SNPs and pathways for BW was at BW_m, and for ADG was ADG_i, with these two traits sharing a temporal correspondence.
Interestingly, we found many genes in common between measures of different traits taken at the same time. For example, both SNPs on BTA7 and BTA1 were significant both for BW_m and ADG_i. Also, one SNP on BTA26 was suggestively associated both for BW_f and ADG_f (Table 3).
These results have several implications: firstly, from an economic point of view, they show that the timing of the trait measurement is crucial. Different life stages can result in different genetic signals; if used for a selection program, this can have an economic and conservation impact. While this is of course expected, given the succession of different biological processes during development, very few studies include such a time stratification in their analysis of productive traits. Even if such a process is difficult to infer, our results show that complexity—intended as the number of functional elements, their diversity, and pathways involved—might increase with age.
4 CONCLUSION AND IMPLICATIONS FOR LOCAL BREEDS
There are four main takeaways that could be extracted from our study. Firstly, our analysis detected a significant signal for body weight (recorded when bulls were 1 month old) on BTA9; a significant signal of average daily gain (recorded at 7 months of age) on BTA1 and three significant signals of average daily gain (recorded at 1 year of age) on BTA10. Three significant signals for carcass traits (one signal each for dressing percentage and carcass fleshiness, plus one in common between the two) were all situated on BTA18.
Secondly, the variety of GO terms and functional elements involved in the beef-related traits under study was staggering. We could detect in multiple traits key roles of pathways related to actin, lipid transport, and several types of channels. Moreover, our analysis detected—alongside many genes often found in relation to the investigated traits—multiple pathways, genes, and functional elements of unclear attribution, for example with links to early development and maternal effect (such as TBX18, NLRP2, SLCA12), or to pathogen resistance (MBL2). This issue underlines how even research of well-studied traits can turn out unexpected results, especially if performed in rarely investigated breeds. In additions, the fact that Rendena has been bred not only for the considered traits, but also for antagonistic could have added a layer of complexity to our results.
Thirdly, we detected for almost all traits several pathways and genes linked with neuroblast development and synaptic transmission, especially (but not exclusively) glutamatergic, which added to the intricacy of the gene networks involved in these traits. Pathways linked to both neuroblast proliferation and synaptic communication have been tied in recent years to selection for environmental condition (Rowan et al., 2020) differences in behavioral temperament (Gutiérrez-Gil et al., 2008) and adaptability (Taye et al., 2017).
Finally, as discussed above, we found that even when focusing on widely investigated traits the influence of time stratification was fundamental. We argue that future studies on this issue should include an analysis of time stratification of their trait to fully report their complexity during development.
A greater diffusion of adaptable and diversified local breeds, with characteristics allowing for lower environmental impact, better survival and greater production in challenging environments might be crucial in staving off the negative effects of intensive beef farming. To achieve this, however, there is urgent need for further studies of the genetic basis of productive and life-history trait, which are still lacking. Moreover, these studies could help uncovering several novel gene networks associations and pathways, thanks to the less intensive selection for production occurring in local breed. Finally, they would help to map the diversity of such breeds, in an unvaluable help for their conservation.
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To estimate gene expression in a reliable manner, quantitative real-time polymerase chain reaction data require normalisation using a panel of stably expressed reference genes (RGs). To date, information on an appropriate panel of RGs in cattle populations reared at cold arid high-altitude hypoxia and hot arid tropical normoxia environments is not available. Therefore, the present study was carried out to identify a panel of stably expressed RGs from 10 candidate genes (GAPDH, RPL4, EEF1A1, RPS9, HPRT1, UXT, HMBS, B2M, RPS15, and ACTB) in peripheral blood mononuclear cells (PBMCs) of cattle populations reared at cold arid high-altitude hypoxia and hot arid normoxia environments. Four different statistical algorithms: geNorm, NormFinder, BestKeeper, and RefFinder were used to assess the stability of these genes. A total of 30 blood samples were collected: six adult heifers each of Ladakhi (LAC) and Holstein Frisian crosses (HFX) and 4 Jersey (JYC) cows from cold arid high-altitude hypoxia environments (group I) and five adult heifers each of Sahiwal (SAC), Karan Fries (KFC), and Holstein Friesian (HFC) cows from hot arid normoxia environments (group II). Combined analysis of group I and group II resulted in identification of a panel of RGs like RPS9, RPS15, and GAPDH that could act as a useful resource to unravel the accurate transcriptional profile of PBMCs from diverse cattle populations adapted to distinct altitudes.
Keywords: reference genes, expression stability, qRT-PCR, normalization, hot arid, cold arid, cattle, PBMCs
INTRODUCTION
India has been blessed with several cattle breeds of Bos indicus lineage adapted to various agro-climatic zones from high land to hot tropical regions. Leh-Ladakh, also known as a “COLD DESERT” is a part of the western Himalayan agro-climatic and high-altitude temperate sub-agro-climatic zone in India. Ladakh is situated at an altitude of 3,500–5,500 m with difficult terrain and harsh climate conditions such as extreme temperature (−40°C in winter and 35°C in summer), low humidity (25–40%), low precipitation (80–300 mm), and low oxygen level (nearly 60–70% of the oxygen concentration at sea level). In spite of harsh weather, this region is blessed with several unique livestock populations such as yak, cattle, horses, sheep, goat, donkey, and double-hump camel. Over thousands of years of the evolutionary process, these animals have developed the special ability to survive in cold and hypoxia environments prevalent in Ladakh. Amongst all the livestock species, the native cattle of Ladakh known as “Ladakhi cattle” are the major livestock species that play an important role in the agriculture economy of the region. The cattle from the Trans-Himalayan region of Ladakh are short in stature and well-adapted to the high-altitude environment. Based on morphometric data on 275 animals and genetic characterization using microsatellite markers (unpublished data), this cattle population was observed to be highly distinct from native cattle breeds adapted to other agroclimatic zones of India. Recently, our group was successful in delineating the distinct transcriptome signatures of peripheral blood mononuclear cells (PBMCs) of high-altitude-adapted Ladakhi cattle and tropically adapted Sahiwal cattle (Verma et al., 2018a; Verma et al., 2018b). In the last few years, the purity of Ladakhi cattle is believed to have declined due to widespread intermixing with Jersey cattle. However, considering the unique hypoxia-tolerant characteristics of Ladakhi cattle, preserving its purity will be a key for long-term conservation and sustainable utilization.
On the other hand, India has also been blessed with a huge native cattle genetic resource base which has adapted to hot and tropical conditions. For example, native cattle breeds like Sahiwal, Tharparkar, Rathi, Gir, Ongole etc. are known for their superior thermotolerance as compared to their exotic counterparts of the Bos taurus lineage. The superior cellular tolerance ability of PBMCs from native cattle has been shown in a few studies published by our group (Kishore et al., 2013; Kishore et al., 2014; Sharma et al., 2019) using PBMCs as the cellular model. However, native cattle breeds are also facing genetic dilution due to crossbreeding with exotic germplasm in order to enhance milk production. These native cattle populations that are adapted to distinct altitudes might have acquired a distinct gene pool during the course of the evolutionary process. Such genetic resources with remarkable adaptive traits could be an interesting resource to mine gene expression and the mechanism underlying changes associated with adaptation to cold arid and hot arid environments. It would be interesting to define the importance of various genes in conferring adaptation to cattle populations adapted to diverse altitudes through targeted gene expression analysis. Quantitative real-time polymerase chain reaction (qRT-PCR) has been widely employed to quantify the expression of target genes of interest in different tissues/cells exposed to a variety of experimental conditions. In spite of many of its advantages, this tool is prone to analytical variations arising due to differing amounts of starting material, pipetting errors, and differing efficiencies of RNA extraction and reverse transcription (Vandesompele et al., 2002; Huggett et al., 2005; Bustin et al., 2009). To overcome the limitations of experimental variation, the use of appropriate internal control genes (ICGs) or reference genes (RGs) to successfully normalise the RT-qPCR data has been reported in several studies (Bustin 2010; Castigliego et al., 2010; Crookenden et al., 2017; Die et al., 2017; Sang et al., 2018). The approach to identify a suitable panel of RGs during various experimental/physiological conditions has also been reported in different livestock species (Aggarwal et al., 2013; Kapila et al., 2013; Zhu et al., 2015; Jatav et al., 2016; Li et al., 2016; Kaur et al., 2018). However, to the best of our knowledge, no comparative data on suitable RGs are available for cattle populations reared at cold arid high-altitude and hot arid tropical regions. The present study was planned to identify a panel of stably expressed RGs in PBMCs of six cattle populations from the high-altitude cold arid region of Leh-Ladakh and hot arid tropical climate of India.
MATERIALS AND METHODS
Ethics Statement and Animal Selection
The blood sampling of animals was performed in accordance with the relevant guidelines and regulations as approved by the Institutional Animal Ethics Committee (IAEC) of ICAR-National Bureau of Animal Genetics Resources (NBAGR), Karnal. The study has included three cattle populations from the cold arid high-altitude region of Leh-Ladakh, viz., Ladakhi cattle (native), Jersey cattle (exotic), and Frieswal cattle {Sahiwal x Holstein Frisian cross}, and three cattle populations from the hot dry and semi-arid condition of Haryana state, viz., Sahiwal cattle (native), Holstein Frisians cattle (exotic), and Karan Fries cattle {Tharparkar x Holstein Frisian}. Ladakhi cattle (LAC) are the native breed of the Bos indicus lineage and are naturally adapted to the high-altitude region of Ladakh. Jersey cattle (JYC) are of the Bos taurus lineage and originated from temperate regions, while Frieswal cattle (HFX) are a cross-bred cattle population. Both Jersey and Frieswal cattle are non-native to Leh-Ladakh and have been reared in limited organized farms in the region since the last 2 decades. Amongst the cattle populations selected from the hot semi-arid region, Sahiwal cattle (SAC) are a very popular native cattle breed of Bos indicus lineage and are known for their adaptation potential to hot dry and tropical conditions. Holstein Frisian cattle (HFC) are of Bos taurus lineage and are non-native to India. However, Holstein Frisian cattle have been widely used in India in various cross-breeding programmes to enhance milk production of local breeds. Karan Fries cattle (KFC) are a popular cross-breed that were developed several decades ago by crossing Tharparkar cattle (native) with Holstein Frisian. Therefore the study has included two populations of native cattle: one from high-altitude (Ladakhi cattle; LAC) and the other from hot arid tropical regions (Sahiwal cattle; SAC); and two populations of cross-breeds and two populations of exotic cattle from two extreme altitudes. The geographical coordinates of the sampling site representing the hot arid climate were latitude– 29° 3′ 56.7828″ N, and longitude 76° 2′ 25.7892″ E. The geographical coordinates of the sampling site from the high-altitude region of Ladakh were latitude– 34° 9′ 9.3168″ N, and longitude 77° 34′ 37.3764″ E. About 7–8 ml of whole blood samples was collected aseptically from the external jugular vein of the animals in sterile EDTA-coated vacutainer tubes.
In total, 30 blood samples were collected from adult heifers; five each of Sahiwal (SAC), Karan Fries (KFC), and Holstein Friesian (HFC) cows from the hot arid normoxia environment and 5 heifers each of Ladakhi (LAC), Holstein Frisian crosses (HFX), and Jersey (JYC) cows from the cold arid high-altitude hypoxia environment. The entire workflow of the qPCR experiment is depicted in Figure 1.
[image: Figure 1]FIGURE 1 | The entire workflow of the present study conducted using PBMCs of cattle breeds from cold arid high-altitude hypoxia and hot arid normoxia groups. The map of India in Figure 1 was created with the help of Smartdraw software- https://www.smartdraw.com).
Peripheral Blood Mononuclear Cells Isolation, RNA Extraction, and cDNA Synthesis
Immediately after collection, the blood samples were processed to isolate peripheral blood mononuclear cells (PBMCs) using the density gradient centrifugation method as described by Verma et al. (2018b). In brief, blood was diluted in a 1:1 ratio with 1 × PBS (Ca2+ and Mg2+ free; Hyclone, Utah) and was gently over laid on a Histopaque-1077 (Sigma-Aldrich Inc., United States) followed by centrifugation at 4000 RPM for 30 min at RT. After removing the buffy coat in a separate 15 ml tube, cells were treated with 2 ml of chilled RBC lysis buffer for 5 min at RT and washed twice with 1 × PBS (Ca2+ and Mg2+ free; Hyclone, Utah). Finally, the cells were suspended in 1.0 ml of ice cold Trizol reagent (Invitrogen, Carlsbad, California), homogenized, and stored at −80°C. Total RNA was extracted using Trizol reagent according to the manufacturer’s instructions (Invitrogen, Corp., CA, United States). The extracted RNA was further purified using RNeasy mini kit columns (Qiagen, Germany). To remove the traces of genomic DNA, rnase free DNase enzyme was used according to the manufacturer’s instructions (Qiagen, Germany). RNA concentration and purity were checked using a NanoDrop ND-1000 spectrophotometer (Thermo Scientific, United States) and Experion Bio-analyzer (Bio-Rad, United States). The OD260/OD280 absorption ratio for different samples varied from 1.92 to 2.10. The RNA integrity number (RIN) values for all purified RNA samples were in the satisfactory range (6.5–8.5). The RNA integrity of each sample was also confirmed by visualizing 28S and 18S ribosomal bands on 1.5% agarose gel. The cDNA was synthesized using a Revertaid First strand cDNA synthesis kit (Fermentas, United States) as described in our previous studies (Kishore et al., 2013; Verma et al., 2018b). Briefly, first strand cDNA was synthesized with 200 ng of purified RNA, oligo-dT (18) primer, dNTP mix, random primers, RiboLockRNase inhibitor, and M-MuLV reverse transcriptase supplied with RevertAid First Strand cDNA Synthesis (Thermo Scientific, CA, United States), using the program: 25°C for 5 min, 50°C for 60 min, and 70°C for 15 min. Before using them as templates for qPCR, each of the cDNA samples was diluted 1:4 (v:v) with DNase/RNase free water. The quality of 30 cDNAs was confirmed by amplifying the GAPDH gene using a similar protocol to that described for qPCR except for the final dissociation protocol. A small aliquot of amplified products for all the samples was run on 2.5% agarose gel to check the primer specificity and amplification quality.
Selection of Candidate Reference Genes and Real-Time Quantitative PCR Primers
In the present study, 10 candidate genes belonging to different functional groups were selected for evaluation as suitable RGs (Table 1). The candidate genes included in the study were; glyceraldehyde 3-phosphate (GAPDH), ribosomal protein L-4 (RPL4), eukaryotic elongation factor 1 alpha (EEF1A1), ribosomal protein S9 (RPS9), hypoxanthine guanine phosphoribosyl transferase 1 (HPRT1), ubiquitin expressed transcript (UXT), hydroxyl methylbilane (HMBS), beta 2-microglobulin (B2M), ribosomal protein S15 (RPS15), and beta actin (ACTB). The primers specific for these 10 RGs were available in the laboratory and have been utilized successfully in several of our previous studies (Kapila et al., 2013; Jatav et al., 2016; Kaur et al., 2018). The information about sequences, amplicon length, and annealing temperature for each primer pair are summarized in Table 1.
TABLE 1 | Gene symbol, primer sequence, amplicon size, slope, PCR efficiency and (R2) of RGs for each evaluated RG.
[image: Table 1]Real-Time Quantitative PCR Reference Genes Transcripts
Quantitative PCR was performed in a 10 μL reaction volume containing 4 μl of diluted cDNA and 6 μl of master mix composed of 5 μL of 2X LightCycler 480 SYBR Green (Roche Life Science, Germany), 0.4 μL each of 10 μM forward and reverse primers, and 0.2 μL of DNase/RNase free water. Each qRT-PCR reaction was performed in duplicate to check the quality by assessing intra-assay variation. The amplification was carried out in a 96-well block using a LightCycler 480-II real-time PCR instrument (Roche Life Science, Germany) with the following conditions; 2 min at 50°C, 10 min at 95°C, 40 cycles of 15 s at 95°C (denaturation), and 1 min at 60°C (annealing + extension). In order to evaluate the quality of qPCR reactions in terms of nonspecific amplification and primer-dimer formation, a dissociation curve for each gene was obtained by increasing the temperature from 60°C to 95°C. A six-point relative standard curve was prepared for each gene by using five-fold serial dilutions of pooled cDNA samples in duplicate. The amplification specificity for each primer was checked by the presence of a single band of expected size on 2.5% agarose gel (Supplementary Figure S1), and also by observing the single melt curve peak after completion of qPCR (Supplementary Figure S2). The qPCR data for each gene were extracted using the “second derivative maximum” method (Rasmussen 2001) as computed by Light Cycler software 3.5 for subsequent analysis.
Analysis of Expression Stability of Candidate Reference Genes
The qPCR data recorded for each gene were subsequently analysed to evaluate the expression stability. Four statistical approaches, viz., geNorm (Vandesompele et al., 2002), NormFinder (Andersen et al., 2004), BestKeeper (Xu et al.,. 2016), and the RefFinder web tool (Xie et al., 2012) were used to calculate the expression stability and ranking of RGs in the high-altitude hypoxia cold arid group (LAC, JYC, and HFX) and normoxia hot arid group (SAC, KFC, and HFC). The Cq values of each RG were exported to an Excel work sheet and modified as per the requirement of the software. Like for creating an input file for geNorm and NormFinder analysis, the Cq values were first transformed into relative quantities by using formula 2−∆CT, in which ∆Cq = corresponding Cq value - minimum Cq value. geNorm calculated the expression stability of individual genes on the basis of the M value which indicates the stability in expression of a gene. The genes with smaller M values (<1.5) are considered to have higher expression stability (Xu et al., 2016). In addition, geNorm was also used to conduct pair-wise variation analysis (Vn/Vn+1) in order to select the optimal number of RGs to normalise the target gene expression data. The cut off value of Vn/Vn+1 < 0.15 was used to decide the optimal number of RGs to be employed for calculating the normalisation factor (Vandesompele et al., 2002). This analysis is based on the principal that the expression ratio of the two best RGs will always remain similar across samples. The NormFinder software calculated the stability values of each RG based on inter- and intra-group variations. Similar to geNorm, for Normfinder analysis, the CT values were first transformed into relative quantities. However, for Bestkeeper analysis, CT values were not transformed into relative quantities. The BestKeeper algorithm was used to calculate gene expression variation based on cycle threshold values (Cq), crossing point standard deviation [{SD (±CP)} <1], and coefficient of variance (CV [%CP]). In BestKeeper analysis, genes with low SD (<1), low CV, and high coefficient of correlation (r) are generally considered stably expressed and vice versa.
Finally, the RefFinder tool (https://www.heartcure.com.au/reffinder/) was also employed to estimate the overall ranking of the 10 RGs by assigning an appropriate weight to each gene (Xie et al., 2012). The RefFinder analysis integrates the outcome of geNorm, NormFinder, and BestKeeper tools to provide an overall final ranking of RGs.
RESULTS
Primer Specificity, Amplification Efficiency, and Descriptive Statistics
This study evaluated the expression stability of 10 RGs (GAPDH, RPL4, EEF1A1, RPS9, HPRT1, UXT, HMBS, B2M, RPS15, and ACTB) in PBMCs of cattle types from cold arid high-altitude hypoxia and hot arid normoxia environments. The specificity of each primer pair was ascertained by the presence of the single specific amplicon of expected size on 2.5% agarose gel (Supplementary Figure S1). The melt curve plot of each RG showed a single peak suggesting the highly specific nature of primer pairs used (Supplementary Figure S2). The amplification efficiencies estimated from the six-point standard curve (generated from five-fold serial dilution of pooled cDNA) ranged from 88 to 110%. The slope values of the standard curve for different RGs ranged between −3.05 and −3.5 which was within the acceptable limit (−2.96 to −3.6). Based on the overall evaluation of the melt curve, amplification efficiencies, and slope values, it could be safely assumed that RT-qPCR data for each primer pair were of high quality (Table 1).
The average raw Cq values of individual RGs across all PBMCs in cold arid and hot arid groups (combined analysis) are summarized in Table 2. The average Cq values of individual RGs were quite variable and ranged from 17.66 (EEF1A1) to 27.86 (HMBS). On the basis of their average Ct scores, the 10 RGs were classified into group-I (abundantly expressed), group-II (moderately expressed), and group-III (least expressed). Group-1 included EEF1A1, B2M, RPS15, and RPL4 genes with a high expression level and average Cq scores of 17.66, 18.18, 19.35, and 19.68, respectively. Group-II included RPS9, GAPDH, and ACTB that displayed an intermediate expression level with average Cq scores of 20.33, 21.69, and 22.27, respectively. Group-III included UXT, HPRT1, and HMBS with the least expression and average Cq scores of 24.76, 26.18, and 27.86, respectively (Table 2). Considering the distribution of average raw Cq scores and interquartile range, EEF1A1 exhibited the lowest coefficient of variations (lowest variability across samples). On the other hand, the HMBS gene showed the highest coefficient of variation. Based on this parameter, EEF1A1, B2M, RPS15, and RPL4 RGs were most stable while UXT, HPRT1, and HMBS genes were the least stable across the combined dataset (Figure 2).
TABLE 2 | The average raw Ct values of individual RGs in cattle populations adapted to cold arid high-altitude hypoxia (LAC, HFX, JYC) and hot arid normoxia environments (SAC, KFC, HFC).
[image: Table 2][image: Figure 2]FIGURE 2 | Box whisker plot showing expression levels of individual candidate RGs in the combined group (cold arid and hot arid). The data are presented as quantification cycle (CP) values of each gene in the box-whisker diagram. The median is shown as a line across the box while whiskers indicate maximum and minimum values.
Similar to the combined dataset, in cold arid as well as hot arid normoxia groups, EEF1A1 showed the highest maximum and HMBS showed the least expression level. The average Cq values of individual RGs in cold arid hypoxia and hot arid normoxia groups are summarized in Supplementary Tables S1,S2 and Supplementary Figures S3,S4 respectively.
Selection of Reference Genes by geNorm Analysis
The first analysis to determine the expression stability of 10 candidate RGs in PBMCs of heifer cows from the hypoxia cold arid group (LAC, JYC, and HFX) and normoxia hot arid group (SAC, KFC, and HFC) was based on the geNorm algorithm. The expression stability of individual RGs was evaluated first by combining RT-qPCR data for all 30 PBMCs samples (cold arid hypoxia and hot arid normoxia groups). All the RGs in combined group analysis showed stable expression with a stability index within the acceptable range (<M value < 1.5). In the combined analysis, RPS9 and RPS15 showed the highest expression stability (M = 0.464), followed by RPL4 (M = 0.527) and GAPDH (M = 0.539), whereas HPRT1 was the least stable gene (M = 1.228). On the basis of average expression stability measure, RGs were arranged from most stable (lowest M value) to the least stable (highest M value): RPS9 = RPS15 > RPL4> GAPDH > HMBS > EEF1A1> B2M > UXT > ACTB > HPRT1 (Figure 3A). Since the samples were from two distinct altitudes, we tried to determine the optimal number of RGs on the basis of pair-wise variation (Vn/n+1). The V values were calculated in different combinations: V2/V3, V3/V4, V4/V5, V5/V6 by adding the third, fourth, fifth, and sixth less stable genes, respectively. The V values for V2/V3 (0.169), V3/V4 (0.116), V4/V5 (0.101), V5/V6 (0.092), and V6/V7 (0.103) were either > or < the threshold of 0.15 (Figure 3B). It is generally considered that when Vn/n+1 is < 0.15 (threshold value), inclusion of an additional gene is not required for calculating the normalisation factor. In the combined dataset, combination V3/V4 resulted in a Vn/n+1 value < 0.116 which was less than the cut off value of 0.15 suggesting that the first three most stable RGs will be sufficient for accurate normalisation of RT-qPCR data. Therefore, based on M (stability) and V values (pair-wise variation) derived from geNorm analysis, the most stable RGs for the combined dataset were RPS9, RPS15, and RPL4 (Figure 4 and Table 3).
[image: Figure 3]FIGURE 3 | GeNorm analysis for ranking of genes based on average expression stability measure (M value) and pair-wise variation (Vn/Vn+ 1) between the normalisation factors NFn and NFn + 1 to determine the optimal number of reference genes. Analysis in the combined group (cold arid and hot arid) (A and B, respectively), cold arid hypoxia group (C and D, respectively), and hot arid normoxia group (E and F, respectively).
[image: Figure 4]FIGURE 4 | Expression stability of the three best stable RGs. (A) Combined group (cold arid and hot arid). (B) cold arid high-altitude hypoxia group, and (C) hot arid normoxia group.
TABLE 3 | Overall ranking of the best suitable reference genes in combined (cold arid and hot arid groups), Cold arid hypoxia group, and hot arid normoxia group analysis.
[image: Table 3]In addition to combined analysis, the geNorm tool was used to evaluate the expression stability of individual RGs separately in the cold arid hypoxia group (LAC, JYC, and HFX) and hot arid normoxia group (SAC, KFC, and HFC). The M values for all the 10 RGs in the hypoxia cold arid group were <1.5. The ranking of RGs in order of expression stability within this group were: RPL4 = EEF1A1 >RPS9> HMBS > RPS15 > B2M > GAPDH > HPRT11 > UXT > ACTB (Figure 3C; Table 3). RPL4 and EEF1A1 showed the highest expression stability (M = 0.255) followed by RPS9 (M = 0.285) and HMBS (M = 0.312), whereas ACTB was least stable (M = 0.940). The pair-wise variation analysis for different combinations of RGs was well below the threshold value of 0.15. The results obtained for V2/3 (0.092), V3/4 (0.075), V4/5 (0.097), and V5/6 (0.077) combinations indicated that RPL4 and EEF1A1 would provide the most accurate normalisation (Figure 3D). The expression stability of the three best RGs in combined analysis is shown in Figure 4B.
In the hot arid normoxia group (SAC, KFC, and HFC), the ranking of RGs in order of expression stability were: HPRT1 = RPS9> RPS15 > GAPDH > RPL4> EEF1A1> HMBS > ACTB > B2M > UXT (Figure 3E; Table 3). The M values for all the 10 RGs were <1.5. HPRT1 (M = 0.229) and RPS9 (M = 0.229) showed the highest stability followed by RSP15 (M = 0.305) whereas UXT was least stable (M = 0.819). The results for V2/3 (0.109), indicated that RPS9 and HPRT1 would provide reliable normalisation in PBMCs of the hot arid normoxia group (Figure 3F). The results of geNorm analysis for the three groups are summarized in Table 3. Overall, combined and group-wise analysis implied that RPL4, RPS9, RPS15, and EEF1A1 were the most stably expressed RGs (Figure 4C).
Selection of Reference Genes by NormFinder Analysis
In the NormFinder-based intergroup (combined) analysis covering both the conditions and all samples (cold arid hypoxia and hot arid normoxia), RPL4, RPS9, and RPS15 were found to be most stable with stability values of 0.282, 0.289, and 0.292 respectively. On the other hand, UXT, ACTB, and HPRT1 were least stable with stability values of 0.605, 0.737, and 1.288, respectively (Table 3). The graph showing intragroup variation of RGs in the combined dataset is shown in Figure 5A. Based on stability values, the RGs were ranked as RPL4> RPS9> RPS15 > GAPDH > HMBS > B2M > EEF1A1> UXT > ACTB > HPRT1. Within the cold arid hypoxia group, RPS15, EEF1A1, and RPS9 were the most stable RGs with stability values of 0.140, 0.140, and 0.155, respectively, whereas, ACTB was the least stable gene with the highest variability value of 0.808 (Table 3). The graph showing intragroup variation analysis of RGs is shown in Figure 5B. The RGs were ranked as RPS15> EEF1A1> RPS9> RPL4> B2M > GAPDH > HMBS > HPRT1>UXT > ACTB.
[image: Figure 5]FIGURE 5 | Inter-group variation analysis of RGs (A) Combined group (cold arid and hot arid). (B) cold arid hypoxia group, and (C) hot arid normoxia group.
Within the hot arid normoxia group, NormFinder analysis identified RPS15, RPS9, and HPRT1 as the three most stable RGs with stability values of 0.107, 0.134, and 0.136, respectively (Table 3). The graph showing intragroup variation analysis of RGs in the combined dataset is shown in Figure 5C. Based on stability values, the RGs were ranked as RPS15 > RPS9> HPRT1> HMBS > GAPDH > RPL4> EEF1A1> UXT > ACTB > B2M. Overall, there was a good agreement in geNorm and NormFinder outcomes for all the datasets (Table 3).
Selection of Reference Genes by BestKeeper Analysis
The descriptive statistics for BestKeeper analysis of the combined dataset are shown in Table 4. The analysis suggested stable expression (SD < 1) for the majority of genes: GAPDH (CV ± SD = 2.40 ± 0.52), HMBS (CV ± SD = 1.97 ± 0.55), RPS15 (CV ± SD = 2.85 ± 0.55), RPS9 (CV ± SD = 2.85 ± 0.58), RPL4 (CV ± SD = 3.15 ± 0.62), B2M (CV ± SD = 3.46 ± 0.63), and EEF1A1 (CV ± SD = 4.35 ± 0.77). Only three genes, UXT (CV ± SD = 4.18 ± 1.03), ACTB (CV ± SD = 5.81 ± 1.29), and HPRT1 (CV ± SD = 7.93 ± 2.07) showed SD > 1 and hence were considered unacceptable as RGs. Additionally, the BestKeeper software was used to measure the inter-gene relation amongst the 10 RGs in the combined dataset by calculating Pearson correlation coefficient (r) values. Several RG pairs GAPDH/RPL4 (r = 0.861) RPS9/RPS15 (r = 0.849), RPS9/HMBS (r = 0.847), RPL4/RPS9 (r = 0.834), and HMBS/RPS5 (r = 0.832) showed high correlation coefficients (Table 5). The RG pairs with high r values suggested that their expression pattern in PBMCs of cattle populations from two distinct climates and altitudes are more or less similar to each other. Further, the BestKeeper index (BI) calculated for each gene was used to estimate the correlation value between BI and each RG. As shown in Table 5, the best correlation values were obtained for RPS9 (r = 0.901), RPL4 (r = 0.894), RPS15 (r = 0.890), and GAPDH (r = 0.849). The high correlation values strongly suggested their suitability as reliable RGs in the experimental set up of the study.
TABLE 4 | Combined (cold arid and hot arid groups) analysis of parameters-based quantitative cycling points (CP) for 10 candidate RGs
[image: Table 4]TABLE 5 | Combined (cold arid and hot arid groups) analysis of repeated pair-wise correlation amongst genes with the BestKeeper index.
[image: Table 5]The BestKeeper analysis for the cold arid hypoxia group and hot arid normoxia group was also conducted separately. In the cold arid hypoxia group, the following 8 RGs showed lower a coefficient of variation (CV) and standard deviation (SD): RPS15 (CV ± SD = 1.44 ± 0.28), HMBS (CV ± SD = 1.14 ± 0.32), GAPDH (CV ± SD = 1.46 ± 0.32), EEF1A1 (CV±SD = 2.18 ± 0.38), RPL4 (CV ± SD = 2.04 ± 0.41), RPS9 (CV ± SD = 2.15 ± 0.44), B2M (CV ± SD = 2.85 ± 0.52), and HPRT1 (CV ± SD = 2.12 ± 0.60) (Table 6). The remaining two RGs showed high SD and CV values: ACTB (CV ± SD = 5.85 ± 1.34) and UXT (CV ± SD = 4.62 ± 1.17) and were unstable. The inter-gene relation showed very high correlation coefficient values (r) for EEF1A1/RPS9 (r = 0.93), EEF1A1/RPL4 (r = 0.90), and RPL4/RPS9 (r = 0.86) (Table 7). Further, the coefficient of correlation analysis (r) of individual RGs with the BestKeeper index resulted in high values for EEF1A1 (r = 0.865), RPS9 (r = 0.858), and RPL4 (r = 0.846). These results strongly suggest that EEF1A1, RPS9, and RPL4 with low CV, low SD, and high coefficient of correlation to the BestKeeper index should be the ideal panel for the cold arid high-altitude hypoxia group.
TABLE 6 | Parameters-based quantitative cycling points (CP) for 10 RGs in PBMCs of cattle populations adapted to cold arid high-altitude hypoxia conditions.
[image: Table 6]TABLE 7 | Repeated pair-wise correlation amongst genes with the BestKeeper index in cattle populations adapted to cold arid high-altitude hypoxia conditions.
[image: Table 7]The BestKeeper analysis for the hot arid normoxia group also resulted in several RGs with SD < 1 (Table 8). The following nine RGs: GAPDH (CV ± SD = 3.44 ± 0.74), B2M (CV ± SD = 4.07 ± 0.74), HMBS (CV ± SD = 3.47 ± 0.96), RPS 9 (CV ± SD = 2.85 ± 0.79), UXT (CV ± SD = 3.28 ± 0.80), HPRT1 (CV ± SD = 3.35 ± 0.81), RPS15 (4.30 ± 0.83), EEF1A1 (CV ± SD = 5.09 ± 0.91), and RPL4 (CV ± SD = 4.75 ± 0.93) showed low SD and CV values. Whereas ACTB (CV ± SD = 54.82 ± 1.04) showed SD > 1 and hence was considered unstable.
TABLE 8 | Parameters-based quantitative cycling points (CP) for 10 RGs in cattle populations adapted to hot arid normoxia conditions.
[image: Table 8]The inter-gene relation showed a strong correlation coefficient (r) for GAPDH/RPL4 (r = 0.930), EEF1A1/RPL4 (r = 0.951), RPS9/HPRT11 (r = 0.981), RPS15/HMBS (r = 0.923), HMBS/ACTB (r = 0.908), HPRT11/RPL4 (r = 874), HPRT11/EEF1A1 (r = 861), HMBS/RPS9 (r = 0.874), and RPS9/RPS15 (r = 0.965) (Table 9). The highest correlation coefficient of individual RGs with the BestKeeper index was observed for RPS9 (r = 0.978), RPS15 (0.971), HPRT1 (r = 0.962), RPL4 (0.905), and GAPDH (r = 0.904) (Table 9). The high correlation coefficient of these genes suggested their suitability as RGs in the hot arid normoxia group.
TABLE 9 | Repeated pair-wise correlation amongst genes with the BestKeeper index of cattle populations adapted to hot arid normoxia conditions.
[image: Table 9]Selection of Reference Genes by RefFinder Analysis
Additionally, the RefFinder algorithm was used to evaluate the comprehensive ranking of individual RGs in combined, cold arid hypoxia, and hot arid normoxia group datasets (Xie et al., 2012). In the combined dataset, RefFinder ranked RPS9 (1.41), RPS15 (1.86), and GAPDH (2.83) as the three most stable RGs, followed by RPL4 (3.41), HMBS (3.98), EEF1A1 (6.48), and B2M (6.48), whereas UXT (8.00), ACTB (9.00), and HPRT1 (10.00) ranked as the three least stable RGs (Table 3). In the cold arid hypoxia group, RefFinder analysis ranked EEF1A1 (1.41), RPL4 (2.11), and RPS15 (3.16) as the most stable RGs; while HPRT11 (8.00), UXT (9.00), and ACTB (10.00) as the most unstable RGs. In the hot arid normoxia group, the analysis displayed RPS9 (1.32), HPRT1 (2.71), and GAPDH (2.83) as most stable while EEF1A1 (6.96), UXT (8.41), and ACTB (8.46) as unstable RGs.
Validation of Selected Reference Genes
To evaluate the reliability of the best suitable and worst panel of RGs, a validation qPCR experiment was performed using some of the known candidate target genes associated with high-altitude hypoxia and heat stress response. The qPCR data for two target genes associated with hypoxia and high altitude such as HIF-alpha and EPAS1 and two target genes associated with heat stress response such as HSP70 and HSP27 were generated in PBMC samples of high-altitude-adapted and tropically adapted cattle populations. As shown in Figure 6A, it is quite evident that the panel of best reference genes (RPS19, RPS15, and GAPDH) normalised the target gene data more accurately. We expected higher expression of high-altitude-associated genes in PBMCs of high-altitude cattle populations. On the other hand, genes related to heat stress response such as HSPs should have higher expression in PBMCs of cattle populations from the tropical region. As shown in Figure 6A, the expression of target genes such as HIF-alpha and EPAS1 was higher in high-altitude (HA)-adapted cattle while genes like HSP70 and HSP27 were more expressed in low-altitude (LA) cattle breeds. Further, the relative expression, standard deviation (SD), and standard error (SE) of the four target genes also supported the high quality of the panel of reference genes used (Supplementary Table S3).
[image: Figure 6]FIGURE 6 | (A) Evaluation of best reference genes (RPS19, RPS15, and GAPDH) in normalising the target genes. (B) Evaluation of least stable reference genes (HPRT and ACTB) in normalising the target genes.
On the other hand, normalisation of same target genes with least stable genes (HPRT and ACTB) resulted in an unexpected pattern of expression. As shown in Figure 6B, HSPs showed higher expression in PBMCs of high-altitude cattle populations. Further, the use of least stable reference genes resulted in higher SD and SE values (Supplementary Table S4). Considering the above facts, it could be stated that the panel of RGs identified in the present study will be applicable for accurate normalisation of target genes in studies involving high and low-altitude cattle populations.
DISCUSSION
In an era of high-throughput platforms, quantitative PCR (qRT-PCR) is being employed as a most preferred tool to validate gene expression data. Even though qRT-PCR is the most sensitive technique, it suffers from several analytical variations like differences in the amount of starting material, RNA extraction, and efficiency of the reverse transcription process. To a great extent the effect of these non-biological variables can be nullified by normalising gene expression data by a panel of stable reference genes (RGs). As suggested in the “Minimum information for publication of Quantitative Real-time PCR Experiments” (MIQE) guideline (Bustin et al., 2009), accuracy in gene expression is largely governed by the availability of reliable RGs. At present there is no consensus for the set of reference gene(s) that can be used universally for the normalisation purposes. In the past, several studies have utilized RGs without proper validation or arbitrarily selected commonly used reference genes such as ACTB and GAPDH. Unfortunately, the use of such empirical RGs might not provide accurate normalisation and create doubt on the reliable estimation of gene expression. Moreover, many reports showed the variable expression of commonly used reference genes in different cells, tissue, and conditions (Kim and Yun 2011; Zhao et al., 2012; Thomas et al., 2014).
The major challenge in any biological experiment involving different tissues, cell types, disease state, and physiological and or developmental stages is the knowledge about appropriate RGs whose expression remains constant without any observable variations across samples (Bustin 2002; Radonić et al., 2004). It has been seen that a particular RG appropriate in one condition might have variable expression in another set of conditions. Thus, identification and validation of proper RGs is the prerequisite for any specific experimental condition. Our group has successfully identified a panel of appropriate RGs for various cellular types and experimental conditions involving zebu cattle and riverine buffaloes (Kishore et al., 2013; Sood et al., 2017; Lagah et al., 2019). The present study was also conducted on similar lines to identify suitable reference genes for cattle populations from diverse environmental conditions. The 10 RGs (RGs selected for the present work were part of our earlier studies, wherein these genes were evaluated for their suitability as normalisers in different cell types, cattle breeds, and experimental conditions (Kishore et al., 2013; Jatav et al., 2016; Kaur et al., 2018)). Multiple RGs are generally preferred over a single RG to reduce the experimental variation for more effective normalisation (Vandesompele et al., 2002; Huang et al., 2014; Engdahl et al., 2016; Xu et al., 2016). Hence, in the present study, an optimal number of genes to be used as normalisers was identified. The data were analysed to identify the most appropriate panel of RGs for the combined dataset (cold arid and hot arid) and separately for the cold arid high-altitude hypoxia group and the hot arid normoxia group. Based on overall analysis, RPS9, RPS15, and GAPDH were marked as the most stable RGs for combined data. In the cold arid hypoxia group; RPL4, EEF1A1, and RPS15 were the most stable RGs, while in the hot arid normoxia cattle group, RPS9, HPRT1, and GAPDH were identified as the most stable RGs.
In the present analysis, RPS9, RPS15, and, to a certain extent, RPL4 genes were identified as stable RGs in the three groups (combined dataset, cold arid hypoxia group, and hot arid normoxia group). Both RPS9 and RPS15 genes are part of the ribosomal component of the small 40S subunit while RPL4 is a 60S ribosomal protein L4. In the past, these ribosomal genes were also identified as ideal reference genes in many studies involving the mammary gland of dairy cows (Bionaz and Loor 2007), mammary epithelial cells of native cows (Pradeep et al., 2014), different tissues of riverine buffaloes (Kaur et al., 2018), heat-stressed MECs of riverine buffaloes (Kapila et al., 2013), and PBMCs of native cows and riverine buffaloes (Kishore et al., 2013). It is known that these ribosomal proteins are highly conserved (Hsiao et al., 2001) and required by all life forms to synthesise new ribosomes. The unchanged expression of ribosomal proteins has also been reported in the red flour beetle (T. castaneum) during a fungal infection (Lu et al., 2018b). Similarly, stability of different ribosomal gene expressions has also been validated in several studies involving abiotic and biotic challenges (Ma et al., 2016; Yan et al., 2016; Lu et al., 2018a; Luo et al., 2018). In our study, the genes encoding ribosomal proteins also showed stabilised expression in PBMCs derived from different cattle types maintained at different altitudes. Based on current findings as well as previous studies, it could be concluded that ribosomal proteins exhibit higher expression stability and are good candidates as reference genes. GAPDH, the other stable RG in our study, has also been identified as an appropriate reference gene in several other studies (Lisowski et al., 2008; Yang et al., 2014; Engdahl et al., 2016; Jatav et al., 2016). Along with GAPDH, EEF1A1 and HPRT1 were the other genes that ranked amongst the first three most stable RGs in cold arid hypoxia and hot arid normoxia groups, respectively. EEF1A1 regulates the enzymatic delivery of aminoacyl tRNAs to the ribosome while HPRT11 catalyses the conversion of hypoxanthine to inosine monophosphate and guanine to guanosine monophosphate, and the regulates generation of purine nucleotides through the purine salvage pathway. To the best of our knowledge, this is the first study to assess the expression stability of 10 candidate RGs in cattle populations adapted to distinct altitudes.
CONCLUSION
This study has identified an altitude-specific panel of RGs in PBMCs of cattle populations from hot arid normoxia and cold arid high-altitude hypoxic environments. In the cold arid hypoxia group, RPL4, EEF1A1, and RPS15 RGs were the most stable, while in the hot arid normoxia group, RPS9, HPRT1, and GAPDH were identified as the most stable RGs. Further, the combined analysis resulted in identification of a panel of RPS9, RPS15, and GAPDH RGs that could act as a useful resource to unravel the accurate transcriptional profile of peripheral blood mononuclear cells of cattle populations adapted to tropical and high-altitude conditions.
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Primer sequence (5’ - > 3') forward reverse

GATCTCACCAGTATGAGCTGC TCTCACACTGTAACACAGTGC
GCACTCGAGAAAACTTCCTGCG ATTGCTTCAGCAAGCATGGGAGGA
CTCCACCCCTCTCAGAACTA CAACTTCCCATCTACCTACT
TGCACGCACTTACATACTTAGAGA TGTCCTTCCAATTACATTCATGGG
CTCCTGCCCTTAGCTACGCA TATCCCCTGGCTGGGAGTTT
GTTGTTCAAAAGAAGATGCATG TTGCATTAACTGGGCACTTTC
GGGTTTTACAGGATGGGACG AGTTTCACTCCCAGGGCTCG
ATGCATCAGATTGGTATTCAA CGTGGCTGTGAACAAATATG
CCAGCAGTCTACCTTCCTAT TGTCATCCAAGAACAGTGTG
GCAGTTACATTGAAATGATTCC TTCTCAAAACACCTAGAAGAC
ATGGCGCAGAAGGCAAAGCGATAT TGGCTTCTGAAGCAGTTGCTATGG
ATCACTACAGAACACCCTCTC TATGTATGCACGCAGATATCC
ACCGGTGCCATCAATTACCTATTA GAAAGCTCACATGACACTGCGAAA
CTTGACAGTGATGCATTAAATG ACATCTAGAATTGACTGTTCAC
GCTCCATGTGAAGTGGTTTA ATGTCCACTTGTCAATGATG
GCACTACTGTGTGCTGCAGTTT GAGATGTAGTTGCCACATTCCGAC
ATCCCAGTGTCGAGTATCCGA TGAGATTTACTGGAGCCTGCC
TATTGGCTCTAGGAACTGTC GAAATGAAGGTAAGACTAGC
TGGACCTCATCAGTCTGACAG AATGTTCTCATAGAGTTCCTGC
GTTGCTGAGAGCCTGGTGCAG CCTGTATGTGGAATTACTTCTC

Label

FAM
HEX
FAM
HEX
FAM
FAM
FAM
HEX
HEX
FAM
HEX
FAM
FAM
FAM
FAM
HEX
FAM
FAM
HEX
FAM

Allele range (bp)

240-300
150-180
100-120
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Classification method Criteria for No. of No. of populations correctly classified (%) Total no. of populations
classification classes correctly
classified (%)

Ecotype-l Ecotype-Il Ecotype-Ill
SDM Niche similarity 3 8 (66.7) 3(60.0) 6 (66.7) 17 (64.5)
*Conventional AEs Climatic classes (altitude, temperature, 3 6 (66.7) 3(33.3) 4 (50.0) 13 (60.0)
precipitation)
$ Official AEs Temperature, soil type, plant growing 13 3(33.3) 3(38.3) 2(25.0) 8 (30.7)
period/moisture condition, land use
Environmental gradient Elevational clines in distinct geographies 4 5 (565.5) 6 (66.6) 4 (50.0) 15 (67.3)

*Conventional agroecological classes (AEs) comprise three groups measured in m.a.s.l.: | = lowlands (400-1,800); Il = 1,800-2,400; and lll = 2,400-3,500 (Dove, 1890).
§ Official AEs represent standard agroecologies of Ethiopia (MoA, 1998).
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Trait 'Fixed effects/linear term Random effects/ smoothing term Model fit

Bio3 Bio4 Bio11 Bio18 Bio19 SRM WVPM WVPA SCC df AIC  R-sq.(adj) Deviance explained (%)

BL  Ecotype Niches * * * 149 15887 0.65 66.7
WS  Ecotype Niches * * 13.6 1643.65 0.55 56.5
CL  Ecotype Niches * 8.0 2583.4 0.21 22.3
CW  Ecotype Niches 9.3 21403 0.10 11.9
BW  Ecotype Niches * * * 125 -121.2 0.45 46.5
EW  Ecotype Niches ; 16.3 1656.8 0.25 28.2
WW  Ecotype Niches * > > 10.0 2034.7 012 143
KL  Ecotype Niches % ke . w 11.9 1724.0 0.05 7.6

Akaike information criterion (AIC) is a goodness of fit measure (likelihood or log-likelihood) that penalizes for complexity number of parameters or degree of freedoms).
BL = body length; WS = wingspan; CL = comb length CW = comb width; BW = body weight; EW = earlobe width; WW = wattle width,; and KL = beak length.

Bio3, Isothermality; Bio4, Temperature seasonality; Bio11, Mean temperature of coldest quarter; Bio18, Precipitation of warmest quarter; Bio19, Precipitation of coldest
quarter; SRM, solar radiation of May, WVPM, water vapor pressure of May; WVPA, water vapor pressure of August; SCC, soil clay content.

1 Linear effect of ecotype is significant for all discriminating phenotypes.

Significance codes: 0 “*” 0.001 “*” 0.01 “* 0.05 “.”.
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Ecotype* LSMean (S.E.)

Hens (n = 380) Cocks (n =133)

BW BL ws cL cw EW ww KL BW BL
1.01 35.46 38.78 21.3 7.95 8.96 16.89 16.32 1.31 38.89
0.01)P (0.22)° (0.22P (0.62° (0.36)° 0.2° .31 (0.20) (0.05)° (0.52)°
Il 1.31 39.13 41.88 30.21 10.18 10.9 19.4 16.46 1.78 44.34
(0.022 (0.23)2 (0.2412 (0.65)2 0.37)2 .28 (0.322 ©0.21) (0.05)2 (0.54)2
If 1.28 38.48 42.03 25.22 8.82 10.4 18.48 16.65 1.82 44.49
(0.022 (0.24) (0.24p2 (0.66)° (0.38)P (0.2012 .33 0.22) (0.05)2 .57

BW = body weight (g); BL = body length(mm); WS = wingspan(mm); CL = comb length(mm); CW = comb width(mm); EW = earlobe width(mm); WW = wattle width(mm);
and KL = beak length(mm). @P-°Means with different superscripts within the same column are significantly (p < 0.05) different. *Ecotypes were highly significant from
each other (p < 0.0001) for all phenotypic measurements except for KL in hens (p = 0.5393).
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Sex Quantitative trait Partial R-sq. F value Pr>F

Hens BL 0.4761 13.51 <0.0001
WS 0.2934 6.15 <0.0001
CL 0.2274 4.34 <0.0001
Cw 0.1766 3.15 <0.0001
BW 0.1741 3.08 <0.0002
EW 0.1677 2.93 <0.0003
Ww 0.1184 1.63 <0.0214
KL 0.1534 1.93 <0.0014
Cocks BL 0.7756 14.52 <0.0001
BW 0.4856 3.9 <0.0001

BL = body length (mm); WS = wingspan (mm); CL = comb length (mm); BW = body
weight(g); EW = earlobe width (mm); WW = wattle width (mm); and KL = beak
length (mm).
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N 15
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N, number of samples, geo Mean [CP), geometric mean of CP; ar Mean [CP},arithmetic mean of CP; min (CP]and max [CP), extreme values of CP; Std dev [+CP), standard deviation of the
CP; OV [%CP}, coefficient of variation expressed as a percentage on the CP, values; min [x-fold] and max [x-fold, extreme values of expression levels expressed as absolute x-fold over or
under the coefficient: std deviax-fold], standard deviation of the absolute regulation coeflicients.
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N, number of samples; geo Mean [CF), geometric mean of CP; ar Mean [CP},arithmetic mean of CP; min (CP]and max [CP}, extreme values of CP; Std dev [+CP), standard deviation of the
CP; CV [%CP}, coefficient of variation expressed as a percentage on the CP, values; min [x-fold] and max [x-fold, extreme values of expression levels expressed as absolute x-fold over or
under the coefficient: std devix-fold], standard deviation of the absolute regulation coeflicients.
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ACTB (9)
HPRT1 (10)

EEF1A1 (1.41)
RPLA (2.11)
RPS15 (3.16)
RPS9 (3.57)
HVBS (3.87)
GAPDH (5.45)
B2M (5.96)
HPRT1 (8)
UXT (9)
ACTB (10)

RPS9 (1.32)
HPRT1 (2.71)
GAPDH (2.83)
RPS15 (3.03)
HMBS (5.38)
RPL4 (6.06)
B2M (6.18)
EEF1A1 (6.96)
UXT (8.41)
ACTB (8.46)
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S.no Animal

Cold Arid Hypoxia group 1 LACH
2 LAC2
3 LAC3
4 LACH
5 LACS
6 LACE
' HFX1
8 HFX2
9 HFX3
10 HFX4
11 HFX5
12 JYC
13 Jvc2
14 Jves
15 Jvca

Hot Arid Normoxia group 16 SACH
17 SAC2
18 SAC3
19 SACH
20 SACS
21 KFC1
22 KFC2
23 KFC3
24 KFC4
25 KFC5.
26 HFC1
27 HFC2
28 HFC3
29 HFC4
30 HFC5

Average

GAPDH

2217
21.87
22.08
22.30
22.53
22,07
21.52
21.16
21.64
21.66
21.90
21.71
21.41
21.44
2224
21.60
21.87
22.96
22.49
2223
22.07
21.63
21.45
21.39
21.74
19.47
22.44
19.08
20.76
21.95
217

RPL4

2156
20.06
19.67
20.15
1961
19.75
19.35
19.40
19.71
19.76
19.78
19.39
20.10
19.34
20.58
20.38
20.18
20.04
20.65
20.80
19.84
19.73
19.24
1873
19.65
17.07
20.56
17.03
18.38
19.90
19.7

EEF1A1

18.81
17.32
16.90
17.26
17.09
17.23
16.90
17.21
17.12
17.00
17.48
17.25
17.79
17.21
18.34
18.34
18.36
18.70
18.78
19.10
18.18
19.32
17.66
17.51
17.94
15.49
19.27
15.36
16.84
18.26
177

RPS9

22.40
20.15
19.98
19.87
20.04
20.41
19.73
20.13
20.07
20.13
20.08
20.13
20.59
20.53
21.14
20.40
20.63
20.73
20.84
21.00
20.73
20.77
19.89
19.92
20.65
18.01
21.35
17.81
211
20.73
203

HPRT11

30.18
28.38
27.95
28.14
28.87
29.69
27.46
27.31
27.71
28.55
27.83
28.40
27.80
27.43
28.26
24.43
24.95
24.09
24.64
2491
24.58
24.44
23.60
23.71
24.40
21.51
25.41
21.59
24.78
24.61
26.2

UXT

26.07
23.86
24.18
24.55
24.68
24.51
24.30
24.83
24.41
23.46
26.76
25.27
26.42
26.31
29.62
27.86
23.99
24.36
24.63
24.90
24.25
2417
24.23
23.81
24.30
21.83
25.16
21.53
24.53
24.25

248

HMBS

29.44
27.99
27.63
27.64
27.59
27.79
27.80
27.94
21.77
27.81
27.92
arr
27.87
26.89
28.56
28.21
27.97
28.57
28.68
28.90
27.81
27.51
27.31
26.99
28.04
26.62
28.58
24.87
29.61
21.72
279

LAC, ladakhi cattle: HFX, holstein friesian cross: JYC, jersey cattle; SAC, sahiwal cattle; KFC, karan fries cattie; HFC, holstein friesian cattle.

B2m

19.36
18.20
18.72
18.57
18.75
17.74
17.61
17.18
17.82
17.66
17.81
17.64
17.72
17.82
18.85
18.09
18.04
18.91
18.29
18.71
18.10
17.76
17.73
17.57
17.95
15.69
20.29
17.95
20.04
18.96
18.2

RPS15

19.51
19.79
19.55
19.57
19.21
19.45
18.80
19.09
19.12
18.93
19.38
19.16
19.74
19.43
20.24
19.83
19.39
19.72
20.11
20.49
19.88
19.63
18.97
18.39
19.54
17.02
20.32
16.73
20.43
19.21
19.4

ACTB

24.35
22.88
23.62
24.66
22.64
24.90
21.33
20.65
21.16
2171
22.36
21.82
22.03
27.44
2293
21.60
21.09
2371
22.49
22.04
21.79
21.18
21.20
21.41
2151
18.73
2272
18.12
2427
2178
223
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Gene
Symbol

ACTB
GAPDH
EEF1A1
B2M
HMBS
RPL4
RPS15
RPS9
UXT
HPRT11
HIF1A
EPAST
HSP70

HSP27

Accession no

NM_173979.3

NM_001034034.2

NM_174535.2

XM_002691119.4

NM_001046207.1

NM_001014894.1

NM_001037443.2

NM_001101152.2

NM_001037471.2

NM_001034035.2

NM_174339.3

NM_174725.2

JN604432.1

NM_001014911.1

Primer sequences

'GCGTGGCTACAGCTTCACCS'

' TTGATGTCACGGACGATTTCS'
:5'TGGAAAGGCCATCACCATCT3!
R:3'CCCACTTGATGTTGGCAGS'
F:5'CATCCCAGGCTGACTGTGC3'
R:3'TGTAAGCCAAAAGGGCATGCS'
F:5'CTGCTATGTGTATGGGTTCC3'
R:3'GGAGTGAACTCAGCGTGS'
CTTTGGAGAGGAATGAAGTG3'
R:3'AATGGTGAAGCCAGGAGGAS'
TTGGAAACATGTGTCGTGGGS'
R:3'GCAGATGGCGTATCGCTTCTS'
F:5'GAATGGTGCGCATGAATGTC3'

' GACTTTGGAGCACGGCCTAAS'
CCTCGACCAAGAGCTGAAGS'

' CCTCCAGACCTCACGTTTGTTS!
'TGTGGCCCTTGGATATGGTT3"
'GGTTGTCGCTGAGCTCTGTGS'
F:5'GAGAAGTCCGAGTTGAGTTT3"

' GGCTCGTAGTGCAAATGAAGS'
TGAAGGCACAGATGAATTGC3'

' GTTCAAACTGAGTTAATCCCS'
F:5'AGCAAGCCTTCCAAGACATGAS' R:
B'GCTTGTCCGGCATCAAAGAGS'
F:5'AACATGAAGAGCGCCGTGGAGG 3'
R:5'GTTACACACCTGCTCCAGCTCC3'
F: 5'TACATTTCCCGTTGCTTCA3'

R: 3'GGACAGAGAGGAGGAGACS'

Annealing
temp (C)

60
60
60
60
60
60
60
60
60
60
60
60
60

60

Amplicon
Size (bp)

56
60
101
101
80
101
101
54
101
101
129
90
171

78

Slope

-3.14
-3.68
-3.30
-3.27
-3.20
-3.32
-3.54
-3.34
-3.22
-3.64
-3.16
-3.10
-2.90

-3.20

PCR
efficiency (%)

108.20
90.20
100.92
102.20
105.21
101.2
91.6
99.25
104.4
88.06
103
14
120

104

qPCR, efficiencies for each primer calculated pair-wise from a six-point standard curve using a five-fold dilution series of pooled DNA of Ladakhi and Sahiwal cow PBMCs
R correlation coefficient of the siope of the standard curve.

R?

0.996
0.827
0.986
0.998
0.996
0.922
0.989
0.941
0.997
0.987
0.991
0.995
0.990

0.998
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RPL4
p-value
EEF1A1
p-value
RPS9
p-value
HPRT1
p-value
UxT
p-value
HMBS
p-value
B2M
p-value
RPS15
p-value
ACTB
p-value

Bestieeper vs.
coeft. of corr. [1]

p-value

‘GAPDH

0.93
0.001
0.923
0.001
0.869
0.001
0.841
0.001

0.64

0.01
0711
0.003
0.495
0.061
0.819
0.001

075
0.001

GAPDH
0.904
0.001

RPL4

0.951
0.001
0.852
0.001
0.874
0.001
0.758
0.001
0.689
0.004
0.475
0.073
0.842
0.001
0.623
0.013
RPL4
0.905
0.001

EEF1A1

0.865
0.001
0.861
0.001
0.678
0.005
0.644
0.009
0.468
0.079
0.822
0.001
0.627
0.012
EEF1A1
0.889
0.001

RPS9

0.981
0.001
0.706
0.003
0.874
0.001
0.703
0.003
0.965
0.001
0.877
0.001
RPS9
0.978
0.001

HPRT1

UXT

HMBS

B2M

RPS15

0.875
0.001
RPS15
0.971
0.001

ACTB

ACTB
0879
0.001
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GAPDH

N 15
geo Mean [CP] 21.52
ar Mean [CP] 2154
min [CP] 19.08
max [CP) 2296
std dev [+/- CP] 074
CV [% CP) 3.44
min [x-fold] -5.41
max [x-fold] 272
std dev [+/- x-fold] 1.67

RPL4

15
19.44
19.48
17.03
208
0.93
475
-5.33
2.56
19

EEF1A1

15
17.9
17.94
16.36
19.32
0.91
5.09
-6.81
2.68
1.88

RPS9

16
20.28
203
17.81
21.35
0.75
367
-56.53
21
1.68

HPRT1

15
24.08
24.11
2151
25.41

0.81
3.35
-5.95
251
1.75

uxT

15
24.22
2425
21.53
27.86

0.8
3.28
-6.43
12,51

1.74

HMBS

15
27.8
27.83
24.87
29.61
0.79
285
-7.64
35
173

B2M

15
18.24
18.27
15.69
2029

074
4.07
-5.86
414
1.67

RPS15

15
19.28
19.31
16.73
20.49

0.83
4.3
-5.85
232
1.78

ACTB

16
21.62
21.68
18.12
2427

1.04
4.82
-10.56
6.73
2056

N, number of samples; geo Mean [CF), geometric mean of CP; ar Mean [CP},arithmetic mean of CP; min (CP]and max [CP}, extreme values of CP; Std dev [+CP), standard deviation of the
CP; CV [%CP}, coefficient of variation expressed as a percentage on the CP, values; min [x-fold] and max [x-fold, extreme values of expression levels expressed as absolute x-fold over or
under the coefficient: std devix-fold], standard deviation of the absolute regulation coeflicients.
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Locus

VOLPO3

VOLP0O8

VOLP10

VOLP32

VOLP67

YWLLO2

YWLLO8

YWLLO9

YWLL38

YWLL44

YWLL59

LCAG6

CMs9

CMS13

CMS15

CMs17

CMs18

CMS25

CMS32

CMS50

CMs121

CVRLO1

CVRLO2

CVRLOS

CVRLO6

CVRLO7

Primers

F-GCCAAAATAGGCTTACCCTTG
R-CCCGCTTCATCTATTGGAAA
F-CCATTCACCCCATCTCTC
TCGCCAGTGACCTTATTTAGA
F-CTTCTCCTTCCTCCCTACT
R-CGTCCACTCCTTCATTC
F-GTGATCGGAATGGCTTGAAA
R-CAGCGAGCACCTGAAAGAA
F-TTAGAGGGTCTATCCAGTTTC
R-TGGACCTAAAAGAGTGGAG
F-GTGCACTCAGATACCTTCACA
R-TACATCTGCAATGATCGACCC
F-ATCAAGTTTGAGGTGCTTTCC
R-CCATGGCATTGTGTTGAAGAC
F-AAGTCTAGGAACCGGAATGC
R-AGTCAATCTACACTCCTTGC
F-GGCCTAAATCCTACTAGAC
R-CCTCTCACTCTTGTTCTCCTC
F-CTCAACAATGCTAGACCTTGG
R-GAGAACACAGGCTGGTGAATA
F-TGTGCAGGAGTTAGGTGTA
R-CCATGTCTCTGAAGCTCTGGA
F-GTGCAGCGTCCAAATAGTCA
R-CCAGCATCGTCCAGTATTCA
F-TGCTTTAGACGACTTTTACTTTAC
R-ATTTCACTTTCTTCATACTTGTGAT
F-TAGCCTGACTCTATCCATTTCTC
R-ATTATTTGGAATTCAACTGTAAGG
F-AAAACTAAAGCCAGAAAGGCAAA
R-TTTTTCCAGATCTTGCACCAC
F-TATAAAGGATCACTGCCTTC
R-AAAATGAACCTCCATAAAGTTAG
F-GAACGACCCTTGAAGACGAA
R-AGCAGCTGGTTTTAGGTCCA
F-GATCCTCCTGCGTTCTTATT
R-CTAGCCTTTGATTGGAGCAT
F-ACGGACAAGAACTGCTCATA
R-ACAACCAATAAATCCCCATT
F-TTTATAGTCAGAGAGAGTGCTG
R-TGTAGGGTTCATTGTAACA
F-CAAGAGAACTGGTGAG GATTTTC
R-AGTTGATAAAAATACAGCTGGAAAG
F-GAAGAGGTTGGGGCACTAC
R-CAGGCAGATATCCATTGAA
F-TGTCACAAATGGCAAGAT
R-AGTGTACGTAGCAGCATTATTT
F-CCTTGGACCTCCTTGCTCTG
R-GCCACTGGTCCCTGTCATT
F-TTTTAAAAATTCTGACCAGGAGTCTG

R-CATAATAGCCAAAACATGGAAACAAC

F-AATACCCTAGTTGAAGCTCTGTCCT
R-GAGTGCCTTTATAAATATGGGTCTG

Allele range

144-176
142-180
249-267
192-262
149-203
290-304
134-172
158-162
174-192
090-114
96-136

212-262
227-256
238-265
81-121

149-167
144-166
93-102

198-209
149-191
147-167
188-253
205-215
148-174
185-205

279-299

References

Obreque et al. (1998)
Obreque et al. (1998)
Obreque et al. (1998)
Obreque et al. (1998)

Obreque et al. (1998)

Lang et al. (1996)
Lang et al. (1996)
Lang et al. (1996)
Lang et al. (1996)
Lang et al. (1996)
Lang et al. (1996)

Penedo et al. (1999)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotchenko et al. (2003)
Evdotcherko et al. (2003)
Mariasegaram et al. (2002)
Mariasegaram et al. (2002)
Mariasegaram et al. (2002)
Mariasegaram et al. (2002)

Mariasegaram et al. (2002)
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Genetic Sex Parents Offspring

type
Number Survival ~Effective Number Survival Effective
ofbirds (%) survival (%) ofbirds (%) survival

(%)
Naked ~Cock 50 8 2 50 21 14
Neck  Hen 50 4 3 50 17 14
Normal ~Cock 50 2 0 50 16 il
feathered Hen 50 6 4 50 21 17
Overall 200 5 225 200 1875 14
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Factor df SS  MS E(Ms) 4 ?
o3

Sies 3 086 01200  op+5007 00077 o +03+of
=0.0891

Dam/ 196 ~3604 -01839 of+08163] oF=-08459

Sire

Sbb/ 150 76 05066  o%=0,5066 o =0,5066

Dam

Total 199 40,82 0.2026
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Factor

Sires.

Dam/
Sire
Sibb/
Darny

af ms EMS)
5 133184699 ;2 1002 + 6002
30 38398415 o2 +106%

524 996,554.475 2
o

76,057.5362

~75,08.6533

1,070,373.33

0.2839
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Selection parameters Formula

Estimate
Aps s~ 1p 4145.94
Apt Hpl —Hp 101247
» Ap1/A

i pl/ Aps 02227

Poffspring = T

n (Puctected parents ~Ppopulation) 02442
A ps = selection differentia.

Apl = Glsuperiority = genetic gain
I = heritability from the graphical method.

12 = heritability from the breeder'sequation.
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Parameters

Mean (#)
Standard Deviation (%)
varence (o2

Coaliciant of vanation

Selected
parents mean
(us)

Population
mean (4p)

6036.01 10,181.95
2391.04 1808.11
571710540  1,711,155.38

2961 10 85

Mean offspring
((p1)

7048.48
1029.94
1,128,366.22

1461
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Species studied

Dromedary camel and Bactrian camels
Dromedary camel and Bactrian camels
Dromedary camel

Alpaca and Dromedary camel
Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Dromedary camel

Regions or countries

Kenya and China

Kenya, Pakistan, United Arab Emirates, Saudi Arabia and China

India

South Africa, Namibia and Botswana
India

India

Australia and africa

Canarias, Algeria, Kenya, Saudi Arabia, UAE and Pakistan
Tunisia

Egypte

Morocco

Saudi Arabia

Libya

India

Sudan, Qater, Somalia and Chad
India

India

Tunisia

Sudan

India

Saudi Arabia

Algeria and Egypt

India

Morocco

Ethiopia

Pakistan

Number of microsatellites
used

20
14
6
16
16
23
28
13
6
3
7
15
6
12
25
40
29
7
12
25
18
20
1
19
6
12

References

Jianlin et al. (2000)
Mburu et al. (2003)
Gautam et al. (2004)
Nolte et al. (2005)

Mehta and Sahani, (2007)
Vih et al. (2007)
Spencer and Woolnough (2010)
Schulz et al. (2010)

Ould Ahmed et al. (2010)
Mahrous et al. (2011)
Piro et al. (2011)
Mahmoud et al. (2012)
Bakory (2012)

Banerjee et al. (2012)
Hashim et al. (2014)
Mehta (2014)

Sushma et a, (2014)
Nouairia et al. (2015)
Eftanany et al. (2015)
Sushma et . (2015)
Amathen et al. (2016)
Cherfi et al. (2017)

Tyagi et al. (2017)

Piro et al. (2018)
Legesse et al. (2018)
Tanveer et al. (2021)
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Population

Beni Guil
Sardi

Ouled Jelal

Dman

Timahdite

Al five Moroccan breeds (87 individuals)

Beni Guil

0.002
0.000
0.000
0.001

Sardi

0.004
0.004
0.002

Ouled Jellal

0.001
0.003

Dman

0.002

Timahdite

Cosmopolitans

Wilds
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Breed parameter

# Exclusive variants
Ho

F

Pi

Beni Guil

341,296
0.345796
0.000713
0.346784

Dman

1,783,651
0.222807
0.095303
0247173

Ouled Jellal

460,461

0.313409
0.02129
0.321013

Sardi

1,621,728
0.242957
0.026200
0.250383

Timahdite

934,212
0273747
0.007275
0.274969
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Trait

Fore udder attachment
Udder depth

Teat thickness

Front teat length

Udder ~ composite trait

Fore udder
attachment

0.42
-0.09
-0.19

0.79

Udder depth

0.78 £ 0.06

-0.36
-0.39
0.56

Teat thickness

-052 £ 0.10
-0.71 £ 0.07
0.59
-0.22

Front teat
length

-0.45 + 0.10
-0.74 + 0.05
0.78 + 0.04

-0.35

Udder -
composite trait

0.89 + 0.04
0.94 £ 0.03
-0.62 + 0.09
-0.64 + 0.08
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Trait

Top line

Rump angle

Rear legs set

Hock quality

Foot angle

Heel height

Body frame ~ composite trait

Top line

0.25
-0.06
0.07
0.07
0.02
0.23

Rump angle

0.49 + 0.07
-0.01
-0.05
-0.03
-0.04
-0.13

Rear leg set

-0.30 £ 0.15
012 +0.11

0.05
-0.26
-0.14
-0.35

Hock quality

0.23 + 0.08

-0.03 + 0.06

-0.10 £ 0.05
-0.04
-0.12
0.12

Foot angle

0.10+0.13
0.09 + 0.09
-0.42 £ 0.10
-0.12+0.10
0.62
0.59

Heel height

-0.06 +0.15
-0.12+0.10
-0.24 £ 0.12
-0.40 +0.10
0.89 + 0.05

054

Body frame - composite
trait

0.31£0.10
-0.40 + 0.07
-0.59 + 0.09
0.27 + 0.07
0.58 + 0.10
0.58 + 0.09
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Trait

Coat color
Back stripe
Rear legs stripe
Front legs stripe

Coat color

0.07
0.06
0.01

Back stripe

0.10 +0.02

0.82
075

Rear legs stripe

0.06 + 0.02
0.97 + 0.008

0.80

Front legs stripe

0.02 + 0.03
091 + 0.02
0.96 + 0.01
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Trait Neck Dewlap

Neck el 0.77 + 0.05
Dewlap 0.53 =
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0.013
0.049
0.028
0.007
0.028
0.050
0.026
0.035
0.027
0.031
0.033
0.025
0.047
0.007
0.023
0.049
0.025
0.040
0.047

WDR87, ZNF345, ZFP30
sv2B

QRFPR

FSTL4

BOLA-DMA, BOLA-DMB, BRD2, PSMBS
MDGA1, ZFAND3

EN1, MARCO

HOOK1

MAST2, RAD54L, POMGNT1

HECTD3, KIF2C

LRIG3

GRAP2, ENTHD1, FAMB3F

DNAJC11, RNF207, PLEKHGS, THAP3
PLEKHA2, ADAM32,

MAST2, RAD54L, POMGNT1

HECTDS, RNF220, IPP

TMEM106B, SCIN, ARL4A

LRIG3

ANKRDS52, SLC39A5, RNF41, DNAJC14

LA_cur = current pure Lagune; SO_cur = current Somba; BO_cur = current Borgou highly admixed; Adm_cur = current moderately admixed animal including Pabliwith some Borgou.
bGenes harboring the core SNP are displayed in bold. The compisie st of the genes located in the candidate regions are presentsd in Supplsmentary Table S8,
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Target®

DAH_cur
LA_cur
LA _out
SO_cur
BO_cur
Adm_cur
LA_hist
SO_hist
BO_hist

f-ratio

0.376
0111
-0.021
0.005
-0.083
-0.048
0.110
-0.006
-0.008

2z-score

26.927
35.612
-9.677
2.492
-39.083
-28.460
35.501
-4.542
-56.732

Alpha®

0.974
1.000
0.872
0.963
0.474
0.615
1.008
0.972
0.626

Dah_cur = current Dahomey; LA_ur = current pure Lagune; LA_out =admixed Lagune;
SO_cur = current Somba; BO_cur = current Borgou highly admixedi; Adm_cur = current
moderately admixed animal including Pabii with some Borgou; LA_hist = historical

Lagune; SO_hist = historical Somba; BO_hist = historical Borgou.

bAloha values represent the estimates of the proportion of AFT in the different populations.
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Generated genetic clusters

Lagune_current
Lagune_outgroup
Dahomey_ current
Somba_ current
Borgou_ current
Undescribed_admix
Total

LA_cur
LA out
DAH_cur
SO_cur
BO_cur
Adm_cur

Breed name assigned by the sampling

Animals
Borgou
110
25
30
57
185 185
% 42
455 177

Dahomey Lagune Pabli
110
25
30
2
ot 56
30 137 58

“ve animals thet did not show clear adhevence to the main groups were considered as oularoups and excluded from the generated genefic clusters.

Somba

57

12
58
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GO term

GO:0070344
GO:0098743
GO:0008544
GO0:0007292
GO:0048469
GO:0009650
GO:0043112
GO:1901568
GO:0043586
GO:0040007
GO:0060749
GO:0007631

Biological process

Regulation of fat cel prolferation
Cell aggregation

Epidermis development

Female gamete generation

Cell maturation

UV protection

Receptor metabolic process

Fatty acid derivative metabolic process
Tongue development

Growth

Mammary gland alveolus development
Feeding behavior

Candidate genes associated

PID1
COL11A1

BNC1

FSHR BNC1
RXFP2

SDF4

SH3GLB1 LMBRD1
FADS1 PLA2G10
BNC2

BNC2 ESR1
ESR1

MRAP2

p-value

0.0000688058
0.0000688058
0.0000741624
0.0000741624
0.0000741624
0.0000667761
0.0000667761
0.0000679420
0.0000692810
0.0000692810
0.0000692810
0.0000692810

Associated breed

Beni Guil
Beni Guil
Dman
Dman
Dman
Ouled Jellal
Quled Jellal
Sardi
Timahdite
Timahdite
Timahdite
Timahdite
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Breed

Beni Guil
Dman
Ouled Jellal
Sardi
Timahdite

Beni Guil

45
36
40
34

Dman

8,180

”
82
78

Ouled Jellal

5,307
5,795

46
a7

Sardi

6,311
14,568
8,238

58

Timahdite

5,880
9,436
6,846
9,708
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Breed Beni Guil Dman Ouled Jellal Sardi Timahdite

Number of regions 95 203 109 96 59
Number of SNPs 54,845 56,218 53,346 43,616 34,909
Number of genes 183 202 187 146 131
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Traits SNPID CHR  SNP position GWAS Allle  Candidate gene  Distance  Biological function

(bp) value of p (bp)
BW 15740080181 8 5,672,840 1E-10 A PBX1 Within  Positive regulation of cell prolferation and
negative regulation of neuron differentiation
13792572 1 10,145,725 7.6E-09 G GPATCH1 7,341° mMRNA processing
1314702374 19 8,356,215 8E-08 G MPHOSPHE 22019’ Maturation of 5,85 rRNA
1514123335 11 15,831,341 8.4E-07 c MRMT 540 Enzyme-directed rRNA 2-O-methylation
R rs314787954 1 137,692,275 4E-10 [ CDC16 Within Protein K11-linked ubiquitination
1513623466 1 120,958,897 6.42E-08 T ZBEDT 76317 Regulation of transcription from RNA
polymerase Il promoter
1513910430 1 101,256,943 1E-07 T mxi 29,169 Innate immune response, organele fission,
and defense response to the virus
rs737507850 1 50,383,558 1.55E-07 C GRAP2 44,3107 Leukocyte-specific protein-tyrosine kinase
signaling, innate and adaptive immune
response

‘GHR, chromosome; BW, body weight; IR, immune response to Newcastie disease; SNR, Single nucleotide polymorphism; PBX1, pre-B~cell leukaemia homeobox 1; GPATCH,
G-patch domain containing 1; MPHOSPHS, M-phase phosphoprotein 6; MRIM1, mitochondiial rRINA methyltransferase 1; CDC16, cell division cycle 16; ZBEDT, zinc finger,
BED-type containing 1; MX1, myxovirus (influenza virus) resistance 1; GRAP2, GRB2 related adaptor protein 2; supersaript letters U and D indicate that the SNP is located
upstream and downstream of the nearest gene, respectively.
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Traits SNP ID CHR  SNPposition (bp) GWASvalueofp  Allele Candidate genes  Distance (bp) Biological function

BW 15318161016 4 51,805,394 000001535 A FGF2 8,033"  Growth factor-dependent regulation of skeletal muscle satelite cell proliferation
IR 15735333650 17 8,458,226 0000000939 T UBACT Within  Regulation of cell survival and proteasomal degradation
1515900019 8 4,304,485 000000138 A TEDCT Within  Duplcation and assembly of centrioles and basal bodies
151060144701 26 2,497,963 0.00000145 A RASSF5 Within  Negative regulation of cell proiferation and positive regulation of protein
ubiquitination
rs14118744 19 3,336,281 0.00000184 G IFT22 Within Small GTPase mediated signal transduction
1S736576816 2 61,140,781 000000191 G JARDIZ wit Liver, spleen, and thymus development, stem cell differentiation, and positive
regulation of histone H3-K9 methylation
5741342879 13 8,272,007 6.2874E-06 i GABRB2 67439°  lon transport and negative regulation of neuron apoptotic process
15736427856 2 119,443,614 0.00000729 T 2FHX4 377°  Zincion binding and sequence-specific DNA binding
151060031521 2 93,149,568 00000079 T ADCYAPT 89,139"  Positve regulation of the cAMP biosynthetic process, drinking behavior, and
positive regulation of hormone secretion
s789117494 13 16,352,162 000000832 T PCBD2 Within  Tetrahydrobiopterin biosynthetic process, positive regulation of transcription,
DNA-templated, protein homotetramerisation, and protein heterooligomerisation
15740392770 4 51,805,304 0.00001201 T ALB 7,988°  Negative regulation of apoptotic process and celluar response to starvation,

vitamin A, and virus

CHR, chromosome; BW, body weight; IR, immune response; SN, single nucleotide polymorphism; FGF2, Fibroblast growth factor 2; UBACT, ubiquitin-associated domain containing 1; TEDCT, tubulin epsilon and delta complex 1;
RASSFS5, Ras association domain family member 5; IFT22, intraflagellar transport 22; JARDIZ, jumonji and AT-rich interaction domain containing 2; GABRBZ, gamma-aminobutyric acid (GABA) A receptor, beta 2; ZFHX4, zinc finger
homeobox 4; ADCYAP?, adenylate cyclase-activating polypeptide 1; PCBD2, pterin-4 alpha-carbinolamine dehydratase 2; ALB, albumin; superscript letters U and D indlcate that the SNP is located upstream and downstream of the
nearest gene, respectively.
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Trait

Body weight

BW_i
BW_i
BW_i
BW_i
BW_i
BW_m
BW_m
BW_m
BW_m
BW_f
BW_f
BW_f
BW_f
BW_f

Average Daily Gain

ADG_i
ADG_i
ADG_i
ADG_i
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f

ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_f
ADG_tot
ADG_tot
ADG_tot
ADG_tot

Dressing Percentage

DP 18
DP 18
DP 1

DP 18
DP 18
DP 4

DP 18
DP 18
DP 18
DP 17
DP 18

Carcass Fleshiness

CF 18
CF 18
CF 18
CF 18
CF 18
CF 18
o 18
CF 14
CF 28
CF 18
CF 12
CF 18
CF 28

BTA

RN
~RRooo

21
24
26
7
21
24
14

5
7
7
4
10
10
10
10
10
10
10
26
10
10
10
10
10

10
10
10
10
1
10
10
10
26
1
26

Position of the
SNP
(bp)

64,611,352
64,599,056
64,557,321
49,394,386
49,493,559
32,306,269
67,212,088
22,956,171
49,735,783
6,437,200
32,306,269
17,568,377
24,130,452
60,644,816

67,212,088
32,306,269
32,009,625
91,417,417
62,113,751
52,785,760
54,787,499
55,602,036
55,510,249
55,535,781
57,348,706
8,564,813
52,777,666
57,311,183
52,023,061
56,685,283
61,604,387

58,180,258
63,669,471
52,284,899
57,890,651
78,877,665
56,830,543
57048787
62,113,571
8,564,813
21,542,682
6,437,290

62,412,976
55,878,286
148,893,434
58,645,850
61,137,684
99,574,406
57,735,853
62,427,814
63,362,491
72055006
62,428,754

61,137,684
62,412,976
58,645,859
55,878,286
61,920,892
57,735,853
57,616,245
45,804,718
14,722,675
57,665,406
27,043,078
57,008,781
14,788,560

Significance of the
SNP (-log
(p-value))

3.04E-06
2.37E-05
2.81E-05
3.43E-06
4.43€E-06
8.65E-06
3.27E-06
5.11E-06
5.55E-05
7.50E-06
8.39E-06
3.44E-05
4.56E-05
4.62E-06

2.84E-06
1.99E-05
3.03E-05
3.11E-06
1.81E-07
1.29E-06
1.75E-06
3.42E-06
3.56E-06
4.35E-06
6.68E-06
5.92E-06
9.27E-06
9.77E-06
1.35E-05
1.56E-06
2.24E-05

3.56E-05
4.06E-05
4.13E-06
4.48E-06
4.90E-05
4.98E-06
2.07E-06
1.66E-05
3.41E-05
6.03E-05"

4.51E-07
2.40E-06
8.77E-06
1.06E-05
1.15E-05
2.34E-05
3.03E-05
4.49E-05
4.97E-05
5.07E-05
5.25E-06

5.62E-08
9.40E-07
4.71E-06
7.67E-06
9.57E-06
1.05E-05
1.66E-05
2.30E-06
2.48E-06
3.23E-06
3.38E-06
4.83E-06
5.31E-06

Nearest gene(s)

TBX18
BX18
TBX18
ACAA2
MYOsB
FTMT
DIRC2
CPEB1
MYOsB
MBL2
FTMT
AGBL1
CCDC178
RIMS2

DIRC2

FTMT

FTMT

GRM8
SLC12A1
CGNL1

PRTG

UNC13C
UNC13C
UNC13C
LOC101904374
A1CF; ASAH2
CGNL1
LOC101904374
AQP9

WDR72
LOC104973175;
FBNT

MYO5C; GNBS
ALDH1A2
MYO5A

WDR35
UNC13C
LOC101904374
SLC12A1
A1CF; ASAH2
CDKL4; MAP4K3
MBL2

NLRP2
CDC155

Siv2
LOC101904435
LOC513941
LOC112446424
LOC787554
NLRP2
LOC107131476
YPELT

NLRP2

LOC513941
NLRP2
LOC101904435
CCDC155
2ZNF784
LOC787554
LOC618268
SAMD12
LOC101906006
SIGLECS

KLK12
PHYHIPL

Distance to nearest
gene
(kb)

0.589
12.885
54.620
48.389

within
321.80

2.783

within

within

3.483
321.80

within

within
within

2783
321.80
25152

within

within
within
within
136.046
126.833
101.301
248.031
17.739; 32.479
within
286.564
65.881
within
20.944; 51.118

1.494; 11.943

within
within
within
within
547.950
within
17.739; 32.479
7.971; 11.618
3.483

within
within
80.004
within
within
within
within
within
560
23.650
within

within
within
within
within
895
within
within
within
within
within

within
within

Other traits.
associated

BW_f; ADG_i
ADG_i

ADG_tot
BW_m, ADG_i

BW.m
BW_m; BW_f

ADG_tot

ADG_tot

ADG f
ADG_f

BW._f
CF
CF

CF
CF

CF

DP
DP
DP
DP

DP

Variance
explained (%)

0.22

0441

0.073
0203
0435

0.501

0.640
0.731

0.450
0.670

Significant SNPs are reportedin bold. Gene with * were just outside suggestive association range forone trait; it was retainedin the table because significant for another trait. The threshold
of significance chosen for our analysis was p = 3.162 * 10-6, abiainad through Bonferroni cormaction, whie threshald for Bonfamoni suggestive p-vakies was p = 5.629 * 10-5.
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BW_i
BW_i 0.13 + 0.08
BW_m 041 +0.05
BW_f 0.29 + 0.07
ADG_i 0.17 + 0.07
ADG_f -0.04 + 0.08
ADG_tot 0.11 +0.08
CF 0.14 + 0.08
DP 0.06 + 0.09

BW.m

099 +0.17
022 + 0.09
0.79 + 0.03
0.77 + 0.03
009 + 0.08
047 + 0.06
0.4 +0.07
0.35 + 0.08

BW_f

0.80 + 0.10
0.87 £ 0.11
0.22 + 0.09
0.86 + 0.02
0.68 + 0.04
0.84 + 0.02
0.49 + 0.09
0.51 +0.07

ADG_i

0.62 + 0.96
0.81 + 0.41
0.78 + 0.43
0.16 + 0.10
0.14 + 0.08
0.68 + 0.04
0.3 +0.08
0.26 + 0.09

ADG f

0.44 + 0.85
0.68 + 0.36
0.97 +0.17
0.64 +0.12
0.23 £ 0.08
0.80 + 0.03
0.37 £ 0.08
0.38 + 0.08

ADG_tot

050 + 0.60N
0.78 + 0.59
0.97 +0.28
0.81 +0.21
097 0.1
0.32 + 0.09
0.42 + 0.08
0.98 + 0.02

CF

0.33 +0.71
0.69 + 0.58
0.62 + 0.21
0.62 + 0.43
043 +0.23
0.56 + 0.16
0.46 + 0.09
0.73 + 0.05

DP

0.63 +0.80
0.73 £ 0.44
0.63 +0.23
0.67 +0.25
0.47 £ 0.22
06+0.15
0.98 + 0.02
0.46 +0.09

BW._, body weightat the entrance at performance test stations; BW_m, body weightat 6 months; BW_, at theend of performance test; ADG_i, average daily gains covering the first half of
the period (since entering into the P, station until the 6th month); ADG_, average daiy gain covering the daily gain of the second half (since the 6th month to the end of the period),
ADG._tot average daily gain covering the entire period: DP, Dressing Percentage: CF, Carcass Fleshiness.
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Traits Mean
BW._i (kg) 65.72
BW_m (kg) 183.40
BW._f (k) 376.20
ADG_i (g/d) 939.20
ADG._f (g/d) 1,082
ADG_tot (g/c) 1,024
CF (score) 99.05
DP (score) 54.18

SD

14.64
30.63
43.60
167.90
157.30
124.20
3.80
0.94

Min

37
83
203
138
365
474
80
50

Max

139
317
576
1,388
1756
1,662
1m
57

BW._i, body weight at the entrance at performance test stations; BW_m, body weight at
6 months; BW_, at the end of performance test; ADG._, average daily gains covering the
first half of the period (since entering into the PT, station until the 6th month); ADG_f,
average daily gain covering the daily gain of the second half (since the 6" month to the
end of the period), ADG_tot average daily gain covering the entire period; DP, Dressing
Percentage; CF, Carcass Fleshiness; SD, Standard deviation; Min, minimum; Max,

maximum.
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Dataset

Uganda Pig Genetics

Cleveland et al., 2012

Pfeiffer et al., 2019;
Hlongwane et al., 2020;
Yang et al., 2017

Yang et al., 2017

Yang et al., 2017;
Hlongwane et al., 2020

Pena et al., 2019

Breed/population

Hoima, Kamuli, Pallisa,
Soroti, and Kumi
Camborough® (Pig
Improvement Company)
Landrace and Large White

Jinhua, Laihuwei, Lantang,
and Meishan

Angler Sattelschwein,
Bunte Bentheimer

Pietrain

British Lop, Saddleback,
Gloucestershire, Large
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White, Tamworth, and
Welsh
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Poland Pulawska Spot
Breitov, Livni, and Murom
Duroc
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Cross

Country
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China

Germany
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America and
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Dataset Population Breed Code Country Samples

Cleveland et al., Modern Camborough® CMB Great Britain 30
2012 European
Hlongwane Duroc Duroc DRC South Africa 20
etal., 2020
Penaet al., Iberian Iberian 1B Spain 24
2019
Uganda Pig Hoima Hoima HOI Uganda 161
Genetics
Kamuli Kamuli KAM 218
Local Local LOC 38
Yang et al., Meishan Meishan MS China 20
2017
Modern Landrace LR Denmark 20
European
Large White LW 16

Old British Saddleback SB  Great Britain 20
Large Black LB 20
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Breed name Nb. of Country Area of the breed in the country Climatic characteristics of the Sampling Proportion of the

and acronym  heads distribution area location* distribution area

(type) (longitude/ infested by the tsetse

latitude) flies and ranking for
LFMM analysis
Djallonke: DJA i Burkina  Sudan area covering the southern part of Mean altitude: 318.1 m —3.53/10.56 90.01%
(WAD type) Faso Burkina-Faso (from latitude 13°5'N to Annual mean temperature: 27.6°C Rank: 1
11°3'N approximately) Traoré et al., 2009 Annual precipitation: 959.5 mm

Cameroonian: 40 Cameroon  North area of the country MINEPIA, 2000 Mean altitude: 392.2 m 14.39/10.11 27.32%

CAM (WAD Annual mean temperature: 26.8°C Rank: 2

type) Annual precipitation: 959.5 mm

West African 34 Cameroon  South coastal area MINEPIA, 2000 Mean altitude: 379.7 m 10.27/5.9 93.98%

Dwarf: WAD Annual mean temperature: 24.9°C Rank: 1

(WAD type) Annual precipitation: 2,704.7 mm

Naine: NAI 17 Mali Southern part of the country LUKNOW, Mean altitude: 326.6 m —7.48/11.42 95.14%

(WAD type) 1950 Annual mean temperature: 27.3°C Rank: 1
Annual precipitation: 972.3 mm

Soudanaise: 24 Mali Central part of the country LUKNOW, 1950 Mean altitude: 287.5 m —6.27/13.45 6.62%

SDN (Sahelian Annual mean temperature: 28.4°C Rank: 3

type) Annual precipitation: 378.1 mm

Red Sokoto: 21 Nigeria Central and northern part of the country Mean altitude: 441.7 m 8.17/11.89 45.75%

RSK (Sahelian Blench, 1999; Meyer, 2020 Annual mean temperature: 26.0°C Rank: 2

type) Annual precipitation: 1,027.1 mm

Sahelian: SHL 21 Nigeria Extreme northern part of the country Mean altitude: 347.2 m 8.73/11.25 0.26%

(Sahelian type) Blench, 1999 Annual mean temperature: 26.7°C Rank: 3
Annual precipitation: 538.9 mm

West African 21 Nigeria ~ Southern part of the country Blench, 1999  Mean altitude: 164.3 m 3.74/7.59 98.30%

Dwarf: WADN Annual mean temperature: 26.7°C Rank: 1

(WAD type) Annual precipitation: 1,5631.4 mm

*According to Bertolini et al. (2018): mean altitude in meters, annual mean temperature in degrees Celsius, and annual precipitation in millimeters.
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Breed name Nb. of Country Area of the breed in the country Climatic characteristics of the Sample Proportion of the
and acronym  heads distribution area location* distribution area
(longitude/ infested by the tsetse
latitude) flies and ranking for
LFMM analysis
Burundi: BUR 40 Burundi  Highlands Ndayishimiye, 1986 Mean altitude: 1,633.9 m 29.83/—2.91 10.92%
Annual mean temperature: 18.9°C Rank: 2
Annual precipitation: 1,279.7 mm
Galla: GAL 23 Kenya Northern arid and semi-arid areas Porter Mean altitude: 590.6 m 37.66/2.01 18.54%
etal., 2016 Annual mean temperature: 26.7°C Rank: 2
Annual precipitation: 337.1 mm
Small East 81 Kenya Northern arid and semi-arid areas Porter Mean altitude: 590.6 m 36.97/0.61 18.54%
African: SEAK et al., 2016 Annual mean temperature: 26.7°C Rank: 2
Annual precipitation: 337.1 mm
Gogo (SEA 13 Tanzania  Dodoma region of central Tanzania Mean altitude: 1,254.9 m 36.68/—6.28 18.87%
type): GOG Nguluma et al., 2016 Annual mean temperature: 21.0°C Rank: 2
Annual precipitation: 655.7 mm
Maasai: MAA 20 Tanzania  Northern Tanzania along the Great Rift Mean altitude: 1,071.3 m 37.23/-4.53 54.44%
Valley on semi-arid and arid lands Nguluma — Annual mean temperature: 21.4°C Rank: 1
etal., 2016 Annual precipitation: 663.2
Sonjo (SEA 22 Tanzania  Ngorongoro district Nguluma et al., 2016 Mean altitude: 1,520.8 m 36.32/-2.7 55.47%
type): SNJ Annual mean temperature: 20.1°C Rank: 1
Annual precipitation: 750.5 mm
Small East 15 Uganda  Northern savannah ecological areas and Mean altitude: 1,062.4 m 32.07/0.58 47.44%
African: SEAU northern part of Buganda Nsubuga, 1994;  Annual mean temperature: 23.4°C Rank: 1
Onzima et al., 2018 Annual precipitation: 1,283.6 mm
Karamoja (SEA 20 Uganda  Karamoja region Nsubuga, 1994; Onzima ~ Mean altitude: 1,190.6 m 34.67/2.53 9.47%
type): KAR etal., 2018 Annual mean temperature: 23.1°C Rank: 2
Annual precipitation: 833.0 mm
Sebei (SEA 24 Uganda  Kapchorwa district on the slopes of Mount  Mean altitude: 1,079.7 m 34.45/1.4 13.58%
type): SEB Elgon Nsubuga, 1994; Onzima et al., 2018  Annual mean temperature: 23.1°C Rank: 2
Annual precipitation: 1,163.9 mm
Mubende: MUB 23 Uganda  Mubende district Nsubuga, 1994; Onzima ~ Mean altitude: 1,224.0 m 32.29/0.44 13.36%
et al., 2018 Annual mean temperature: 21.5°C Rank: 2
Annual precipitation: 1,003.2 mm
Nganda: NGD 11 Uganda  East of the central province Nsubuga, Mean altitude: 1,139.2 m 32.58/0.32 50.87%
1994; Onzima et al., 2018 Annual mean temperature: 21.9°C Rank: 1

Annual precipitation: 1,272.4 mm

*According to Bertolini et al. (2018): mean altitude in meters, annual mean temperature in degrees Celsius, and annual precipitation in millimeters.
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Signature
range

15,786,051-
16,322,293

22,987,063~
23,578,233

45,415,286~
45,625,340

59,436,318~
59,715,618

None

59,624,626-
60,848,321

64,438,812—
65,229,754

None

44,050,377~
44,471,339

47,433,756~
47,769,497

50,152,165-
50,676,638

60,710,546~
60,950,668

None

None

None

None
32,969,117-
33,307,741
None
42,315,959~
42,638,483
None

None

None
12,862,316—
13,062,061
28,957,011-

29,548,698
None

PCAdapt

LFMM
climatic
ranking

Gene(s) most likely under
selection

DIS3L2/COPS7B
CRADD/SOCS2
SLC34A2

PDS5A/UBE2K

RAPGEF6/MEIKIN®

UBR1':2

KLHL1/PCDH9

PCDH9

RNF17/PARP4/GJB2/ZMYM2!

NBEA'23

NCOR1/LOC102188626/PIGL

AKAP6

MKL2

FBXW4/BTRC/C26H100rf76

Chr Signature

10

1Al

12
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16

17

18

19

20

21

22

24

25

26

LFMM
climatic
ranking

PCAdapt

range

None

None

None

None

85,978,469~
86,198,470

None

None

94,156,441-
94,498,221

43,632,106~
45,137,234

None

50,047,466-
50,515,766

None

46,458,560~
46,473,488
43,284,994~
43,405,682
36,231,019-
36,715,246
36,786,664~
37,006,519
32,913,594~
33,307,741
14,021,075-
14,132,568
42,198,046~
42,466,574
57,303,973~
57,644,623
33,429,708~
34,062,919
48,936,361-
49,308,788
12,862,316-
13,062,061
28,717,972—
29,548,698
51,077,685-
51,356,112

Gene(s) most likely under
selection

CSN1S1/CSN1S2

DENND1A

KLHL1/PCDH9

RNF17

PRNP
RERE
SPATA5
NFATC3
NCOR1/LOC102188626/PIGL
ADAMTS6
AKAP6

BTBD7/UNC79/UBR7

SUCLG2
DYM
MKL2
FBXW4/BTRC/C26H100r{76

UBE2D1

Fach signature was named according to the gene(s) most likely targeted by the selection process, taking into account the distance of the SNPs from the genes, the
associated p-values, and the number of SNPs near or in the gene(s); in bold, the most likely targeted genes when there are several. All annotated genes associated with
each selection signature are highlighted in Supplementary Table 3.

!Identified by Bayescan.

| dentified by HAPFLK.
SIdentified by LFMM considering the climatic gradient.
Signatures underlined were not identified in the literature as linked to climatic adaptation. Chr.: chromosome number.
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