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Editorial on the Research Topic
Buffalo Genetics and Genomics
Buffalo (Bubalus bubalis) are important livestock species with significant contribution to food security for thousands of years as a source of milk, meat, leather, dung, hide, horns, traction power, etc. Buffalo production is almost doubled during the last decades due to the improvement in management and nutrition practices along with advanced breeding approaches. To ensure more food security, it is important to sustain the improvement and efficiency of buffalo production to meet the current and upcoming human needs. Genetic improvement is usually used to achieve this goal by selecting the best individuals and breeding them to pass down their favorable genetic materials to the next generations. In this regard, the merit of an animal is predicted in terms of its estimated breeding values (EBVs) even without knowledge of the genetic control of the relevant traits.
With the release of buffalo genome assemblies such as the upgraded reference with long read sequencing (Low et al., 2019), the revolution of high-throughput genotyping technologies has opened the field of buffalo breeding to use omics information to increase the efficiency of selection, including but not limited to genomic prediction, genome-wide association studies (GWASs), evolutionary biology, and functional genomics. These approaches are showed the potential to significantly alter our understanding of the genetic basis of economically important traits in buffalo and enable the scientists to draw a complete picture that previously had major gaps. In this regard, our research topic yielded eleven publications covering diverse approaches and ideas, e.g., classical breeding, genomic prediction, candidate genes, and molecular characterization of different buffalo breeds.
The increased efficiency of production during the last decades is commendable. Although persistency for milk production traits has economic importance, limited studies have been performed so far to determine their genetic parameters in buffalo. Therefore, Nazari et al. estimated the genetic parameters of different persistency measures for milk production traits in Iranian buffalo. They proposed persistency measures of fat production that had favorable low genetic correlations with total milk yield; hence it has an additional benefit when designing breeding schemes. However, the implementation of successful breeding programs based on classical prediction in buffalo is hindered by the lack of sufficient pedigree information traced back many generations ago. This is partially due to natural mating in buffalo, which is still a common reproductive approach used in most farms. A possible solution is to use genetic groups during estimation for variance component and EBV. However, as the percent of missing genealogies increased, the accuracy of prediction is going to decrease regardless the genetic grouping strategies and trait analyzed (Gómez et al.). Another possible solution to overcome the missing pedigree information is to use genomic data. Even with the availability of pedigree information, genomic methods can provide more accurate prediction than those of traditional estimations. For example, the average accuracies for GBLUP and ssGBLUP were increased by 0.03 and 0.08 units over pBLUP (0.21), respectively for milk production traits in Philippine buffalo (Herrera et al.). Although these results are promising, the advantage of using genomic information for genetic improvement in buffalo is still lower than what was expected. It would be attribute to the small number of genotyped animals, using animal own performance, and small sample size (Abdel-Shafy et al., 2020a). One possible solution is to establish a multi-breed reference population (Bolormaa et al., 2013). In this case, it is very important to ensure that the target breed is presented in the multi-breed reference population; otherwise, the accuracy of prediction will be very low due to the inconsistence of linkage disequilibrium (LD) among breeds. In this regard, Rahimmadar, et al. studied the LD structure among different buffalo breeds. They found that the LD measure among SNPs is decreased by increasing the physical distance from 100 Kb to 1 Mb. They also reported that the LD patterns were almost similar among studied breeds. Therefore, the multi-breed reference population for buffalo would be established to increase the accuracy of prediction.
Recently, it has been reported that incorporating biological information and pre-selected genetic markers can increase the accuracy of prediction (Hayes and Daetwyler, 2019). Detection of these loci can be achieved by GWASs, as it has been previously reported for milk production traits in different buffalo breeds (de Camargo et al., 2015; El-Halawany et al., 2017; Iamartino et al., 2017; Mokhber, 2017; da Costa Barros et al., 2018; Liu et al., 2018; Herrera et al., 2018; Lu et al., 2020; Abdel-Shafy et al., 2020b; Awad et al., 2020). However, none of the detected regions was overlapped among different populations and/or validated. In this case, candidate gene approaches would be a complementary method to accurately identify genetic markers and/or causative mutations associated with the relevant trait (Wilkening et al., 2009). In this regard, Tyagi et al. suggested several promising genes for milk production and immunity to be considered for further studies in Indian Murrah buffalo. Likewise, Cosenza et al. and Rehman et al. have intensively studied the evolutionary relationship, comparative genomic, physiochemical properties, and association analysis of casein gene family in different buffalo breeds. They provided useful information about the roles of casein gene family for the variation in milk production traits. In addition, Zhu et al. and Zhang et al. investigated the long non-coding RNAs (lncRNAs) profiles of adipose and muscle tissues in buffalo. They have been identified and verified several differentially expressed lncRNAs in adipose and muscle tissues revealing the importance of lncSAMM50 in lipid accumulation of buffalo adipocytes.
Since cattle and buffalo are closely related species, it is common to compare the findings from buffalo studies with their relevant ones from previous cattle studies. In this regards, Shao et al. compile the genetic parameters and GWASs for different reproductive traits in both cattle and buffalo populations and highlighted possible options to be implemented for improving buffalo breeding. Recently, the research priorities and strategic plans in developing countries have focused on improving the performance of local breeds to face climate change. Swamp buffalo, which are mainly used for agricultural operations in China and Southeast Asian countries, are currently facing additional challenge of being neglected due to rising farm mechanization. This subspecies can be developed for milk and/or meat production under harsh environments and can be used as a strategic option to secure the income of smallholders. Therefore, the challenges and possible opportunities for improving the productivity of swamp buffalo in the Southeastern Asia are comprehensively discussed by Pineda et al.
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The use of genetic evaluations in the Water Buffalo by means of a Best Linear Unbiased Prediction (BLUP) animal model has been increased over the last two-decades across several countries. However, natural mating is still a common reproductive strategy that can increase the proportion of missing pedigree information. The inclusion of genetic groups in variance component (VC) and breeding value (EBV) estimation is a possible solution. The aim of this study was to evaluate two different genetic grouping strategies and their effects on VC and EBV for composite (n = 5) and linear (n = 10) type traits in the Italian Mediterranean Buffalo (IMB) population. Type traits data from 7,714 buffalo cows plus a pedigree file including 18,831 individuals were provided by the Italian National Association of Buffalo Breeders. VCs and EBVs were estimated for each trait fitting a single-trait animal model and using the official DNA-verified pedigree. Successively, EBVs were re-estimated using modified pedigrees with two different proportion of missing genealogies (30 or 60% of buffalo with records), and two different grouping strategies, year of birth (Y30/Y60) or genetic clustering (GC30, GC60). The different set of VCs, estimated EBVs and their standard errors were compared with the results obtained using the original pedigree. Results were also compared in terms of efficiency of selection. Differences among VCs varied according to the trait and the scenario considered. The largest effect was observed for two traits, udder teat and body depth in the GC60 genetic cluster, whose heritability decreased by −0.07 and increased by +0.04, respectively. Considering buffalo cows with record, the average correlation across traits between official EBVs and EBVs from different scenarios was 0.91, 0.88, 0.84, and 0.79 for Y30, CG30, Y60, and CG60, respectively. In bulls the correlations between EBVs ranged from 0.90 for fore udder attachment and udder depth to 0.96 for stature and body length in the GC30 scenario and from 0.75 for udder depth to 0.90 for stature in the GC60 scenario. When a variable proportion of missing pedigree is present using the appropriate strategy to define genetic groups and including them in VC and EBV is a worth-while and low-demanding solution.

Keywords: buffalo, breeding values, unknown parent groups, type traits, heritability


INTRODUCTION

The Water Buffalo (Bubalus bubalis) is a large bovid mainly distributed in the Asian continent where the 97% of its world population is concentrated [Food and Agriculture Organization (FAO), 2020]. The name “water buffalo” is due to its adaptation to flooded or swampy areas, where it partially submerges and walks on the bottom mud without difficulty. The rest of the water buffalo world population (3%) is raised in the Mediterranean area historically characterized by the same optimal rearing conditions. In the European continent only the 0.2% of its world population is found and about 93% of these animals are located in south-central Italy (Neglia et al., 2020). The total census in Italy has increased considerably over the last decade, making it one of the most important dairy species in the country. In 2019, 34,990 lactating buffaloes have been registered to the official herd book. Moreover, 666,960 controlled lactations and 9,953 type traits evaluations are available and officially recorded [Associazione Nazionale Allevatori Specie Bufalina (ANASB), 2020]. Thanks to the physical-chemical properties of its milk—high concentration in protein and fat (FC ∼ 8%) and favorable coagulation (Costa et al., 2020b)—the main zootechnical interest of the Italian Mediterranean Buffalo (IMB) is the production of the iconic traditional dairy products like the Mozzarella di Bufala Campana (Boselli et al., 2020), which has a great economic impact on the Italian food industry (ISMEA, 2020). Costa et al. (2020a, b) refers to the outstanding increase of IMB population size observed in the last 15 years, as well as the increase in terms of kilos of cheese produced, the larger herd size, the constant expansion in registered herds and the increment in milk price. Therefore, the economic interest in this specie makes it necessary to develop new innovative tools to improve the breeding process.

The implementation of genetic evaluations in the Water Buffalo based on a BLUP animal model has been increasing over the last decade across several countries (Agudelo-Gómez et al., 2015; Safari et al., 2018; Abdel-Shafy et al., 2020). The prediction of breeding values (EBVs) constitutes an integral part of most breeding programs which are based on two fundamental pillars: phenotypic data (e.g., milk production%, fat%, protein, or morphological trait) and genealogical information (i.e., a pedigree). However, if animals with unknown parents are present in the pedigree, bias in the prediction of both variance component (VC) and EBV is expected (Peškovičová et al., 2004; Petrini et al., 2015). BLUP methodology allows for the simultaneous estimation of fixed and random effects but gaps in the relationship matrix may jeopardize its unbiasedness due to the inability of correctly estimating and disentangling genetic and environmental components (Postma, 2006; Gómez et al., 2016; Wolak and Reid, 2017). Indeed, incomplete pedigree information can lead to inaccurate prediction of animal genetic potential, overestimating or underestimating animal breeding value and hampering decisions based on the selection eventually causing economic losses (Raoul et al., 2016; Carneiro et al., 2017; Abdel-Shafy et al., 2020).

One of the reason behind incomplete pedigree information is the use of natural mating, still common in the buffalo herds, which makes parentage assignment more complex. Indeed, in IMB the use of the artificial insemination (AI) is still moderate (Parlato and Van Vleck, 2012). According to official data [Associazione Nazionale Allevatori Specie Bufalina (ANASB), 2020] and following a worldwide tendency (Singh and Balhara, 2016; Purohit et al., 2019), the proportion of natural mating in IMB decreased from around 76 to 62% from 2010 to 2019 [Associazione Nazionale Allevatori Specie Bufalina (ANASB), 2020]. These values, even if promising, are still lower than what it is observed in other species such as in dairy cattle, where the use of artificial insemination is close to 100% (Rodríguez-Martínez and Peña Vega, 2013; Ugur et al., 2019). Among the reasons why natural mating is still the most common reproduction technology for water buffalo there are physiological and reproductive aspects, herd management, breeding techniques, and organization (Neglia et al., 2020).

Despite being a routine analysis, it is almost impossible for the farmer to bear the total cost of parentage verification and to have his entire herd genotyped. In detail, in 2019 approximately 10,000 individuals have received a type trait evaluation in Italy but only 4,671 were DNA tested [Associazione Nazionale Allevatori Specie Bufalina (ANASB), 2020]. Hence, we are in a situation where phenotypic data are available for many animals, but a large proportion of these animals do not have complete pedigree information. Despite this limitation, the number of paternity tests in IMB in year 2019 showed a two-fold increase compared to year 2018.

Moreover, parentage testing is often reserved only for the best animals causing additional biases in the genetic evaluation being eventually based on a selected and non-random sample of the effective population. Furthermore, the possibility of using a larger number of data, albeit with incomplete pedigree, allows to observe all the variability of the trait of interest and therefore to obtain more accurate estimates.

The problem of incomplete pedigree has existed for many years and continues to be one of the main issues in genetic evaluations. Several researchers have worked on possible statistical approaches in order to correct for the presence of gaps in the pedigree (Peškovičová et al., 2004; Carneiro et al., 2017; Tonussi et al., 2017; Shiotsuki et al., 2018; Nwogwugwu et al., 2020; Macedo et al., 2020). The implementation of new technologies such as high-throughput single-nucleotide polymorphism (SNP) genotyping will certainly solve most of the problems linked to uncertain paternity but this is true only for individuals who are still alive or whose biological samples are available. Moreover, although genomics is the new standard in breeding and genetics, there are still some problems that need to be solved regarding how to cope with missing pedigree information (Tonussi et al., 2017; Misztal et al., 2020).

One suggested solution when dealing with an incomplete pedigree is the use of “Genetic Groups” approach, suggested over 30 years ago by Westell et al. (1988). This approach is based on the concept that subjects born in a certain period or coming from a certain area are the result of specific selective choices and therefore “genetically different” from other subjects born in other periods or from other areas.

The inclusion of genetic groups in VC and EBV is a method that has been adopted and extensively validated, as an example, in beef and dairy cattle (Perez-Enciso and Fernando, 1992; Sullivan, 1995; Theron et al., 2002; Peškovičová et al., 2004; Phocas and Laloë, 2004; Petrini et al., 2015; Wolak and Reid, 2017). The assignment of genetics groups to animals with uncertain genealogy represents a simple and effective solution to increase the accuracy of genetic evaluations (Henderson, 1988; Cardoso and Tempelman, 2003).

However, a crucial aspect is the strategy used to define the genetic groups. Therefore, the aim of this study was to evaluate the use of different genetic grouping strategies and its effects on VC and EBV estimation for 5 composite and 10 linear traits in the IMB population.



MATERIALS AND METHODS


Ethics Statement

Animal welfare and use committee approval was not needed for this study as datasets were obtained from pre-existing databases based on routine animal recording procedures.



Data Description

Data for the present study were provided by the Italian National Association of Buffalo Breeders (ANASB) and consisted of linear appraisal records from years 2004 to 2020. The initial data set included 79,342 IMB cows from 464 herds phenotyped for fifteen type traits. The type traits were five composite traits, namely, final score (FS), structure (ST), feet and legs (FL), yield potential (YP) and udder teat (UT), and 10 linear traits, namely, stature (STAT), body depth (BD), body length (BL), foot angle (FA), fore udder attachment (FUA), rear udder width (RUW), udder depth (UD), teat placement (TP), teat length (TL), and body condition score (BCS). The median age at evaluation was 46 months. The scale used for scoring varied according to the set of observed traits. Composite traits were scored on a 65–100 scale, linear traits were scored on a 1–50 scale and BCS was scored on a 4.5–9.5 scale. Overall 17 official classifiers were enrolled in the scoring procedures. Data editing consisted of retaining only cows from herds with at least two contemporaries (i.e., individuals classified by the same classifier in the same round of classification) and whose ascendants were confirmed by a DNA parentage test. Finally, 7,714 buffalo cows belonging to 194 herd with a pedigree containing 18,831 individuals were used in the analysis. Descriptive statistics are in Table 1.


TABLE 1. Mean, standard deviation (SD), minimum (Min), maximum (Max), and coefficient of variation (CV) for traits evaluated in the IMB.
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Alteration of Genetic Relationships and Grouping Strategies

The impact of different genetic grouping strategies on VC, EBV, and their accuracies (ACC) was investigated using the original pedigree and a modified pedigree where two different proportion of missing genealogies, namely, 30% (30) and 60%, (60) were randomly introduced. The choice of using these two thresholds was based not only on the need to mimic the real situation observed across ANASB farms but also to investigate the effect of moderate or massive pedigree gaps. After introducing the missing genealogy, the individual was assigned to a specific genetic group. Genetic groups (GG) were created following two clustering methods.

The first method (Y) was based on the year of birth and on an average generation interval, which for the IMB was defined (based on an estimation on actual IMB data) as 6 years. Individuals born before 1985 was considered as base animals and assigned to group 1. The remainder of the buffaloes was assigned to six different groups.

The second grouping strategy (GC) was based on the genetic distances estimated from the original pedigree. The procedure consisted of two steps. In the first step the pedigree-based additive relationship matrix was calculated and used as input for a hierarchical cluster analysis using a complete-linkage clustering method (Kaufman and Rousseeuw, 2009). This method works in a bottom-up manner. Each object is initially considered as a single-element cluster (leaf). At each step of the algorithm, the two clusters that are the most similar are combined into a new bigger cluster (nodes).

This procedure is iterated until all points are member of just one single big cluster (root). The result is a tree that can be plotted as a dendrogram. In the second step, the dendrogram is visually evaluated to define a priori the cut-off level that will identify the number of clusters (i.e., genetic groups). Each individual is then assigned to a particular cluster. Following the above mentioned procedure, fourteen different genetic groups were created (Supplementary Figure 1).

In detail at the end of the procedures, four scenarios were created according to the grouping strategy (Y or GC) and the proportion of missing genealogies (30 or 60%).

Successively, VC, EBV, and ACC were estimated for each trait presented in Table 1 fitting a single-trait animal model and using the original pedigree (GOLD) and the four scenarios, namely Y30, Y60, GC30, and GC60. Estimates from GOLD were considered as gold standard. The estimation of VC, EBV, and ACC was repeated 10 times per each scenario (Y30, Y60, GC30, and GC60). The average number of animals and its standard deviation per scenario are shown in Table 2.


TABLE 2. Average number of animals (and standard deviation) by genetic grouping strategy (GG) and proportion of missing genealogies.
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Genetic Analysis

The following single-trait animal model with groups was used to estimate VC, their corresponding heritability, and breeding value for each considered trait:

[image: image]

where yijklm is the score of each trait for a given buffalo cow; μ is the overall mean; hyci is the fixed effect of the ith herd-year of evaluation-classifier (i = 1,…957); PAj is the fixed effect of the jth age nested within parity (j = 1,…173); DIMk is the fixed effect of the kth days in milk (k = 1,…30); NMl is the fixed effect of the lth number of milking (l = 1,…3); am is the random additive genetic effect of the mth buffalo; gn is the fixed group effect based on Y or GG and containing the nth ancestor; tmn is the additive relationship between the nth and mth animals and the summation is over all p ancestors of animal m; and eijklm is the random residual effect.

In matrix notation, the model can be written as:

[image: image]

where matrix X is an incidence matrix relating phenotypic records in vector y to fixed effects in vector b, matrix Za is an incidence matrix relating phenotypic records in vector y to animal additive genetic effects in vector a, matrix Qa is an incidence matrix relating animals in vector a to unknown parent groups in vector ga. Vectors a and e have means 0 and variances A[image: image] and [image: image], respectively.

The corresponding mixed-model equations were:

[image: image]

Solving the equations the breeding value of an animal m will be:

[image: image]

The accuracy of EBV was calculated as recommended by Aguilar et al. (2020):

[image: image]

where SE is the standard error for the animal solution i in trait j, fx corresponds to individual inbreeding and va is the additive variance [image: image].



Comparison of Analysis

Results from different scenarios were compared based on descriptive statistics (i.e., mean and standard errors) of VC, Pearson’s correlations between EBVs grouped by animal status (i.e., bulls with at least 10 daughters, buffalo cows with or without progeny), re-rankings of first 10 bulls, efficiency of selection (SEf) as defined later and genetic trends, estimated by the linear regression of EBVs on year of birth.

The SEf was calculated as proposed by Petrini et al. (2015) and Peškovičová et al. (2004), which defined SEf as the ratio between EBVs excluding ([image: image] and including genetic groups [image: image]:

[image: image]

The SEf was calculated for the best 10, 30, and 50% animals, respectively.



Softwares

Data preparation and editing, and all statistical analysis were performed using the R programming environment v.3.6.1 (R Core Team, 2019), except VC which were estimated using AIREMLF90 (Misztal et al., 2002) and EBV which were obtained using BLUPF90 (Misztal et al., 2018). The R package optiSel (Wellmann, 2019) was used to calculate the pedigree-based additive relationship matrix and the package stats for the hierarchical cluster analysis (R Core Team, 2019). The analyses were run on the ANASB server1 using an Intel® Pentium® CPU G3220 @ 3.00GHz, with 2 CPUs and 16 Gb of RAM.




RESULTS


Data Overview

Descriptive statistics for the analyzed traits are shown in Table 1. The deviation from the normal distribution was moderate, with kurtosis values ranging from 0.03 to 2.07. Traits distribution was skewed to the right (Supplementary Figure 2) and the average coefficient of variation was 2.8 and 24.4% for composite and linear traits, respectively.



Variance Components and Heritability

The VC and heritability estimates from the different scenarios are shown in the Tables 3, 4 for composite and linear traits, respectively. The estimated genetic variance was highest for five linear traits (STAT, FUA, RUW, UD, and TL), intermediate for BD, BL, FA, and TP, while the lowest were for composite traits and BCS. On average, the estimates of the additive variances from the GOLD scenario were the highest, observing largest differences with GC60 for the STAT (−0.60) and FUA (+1.31) traits, respectively.


TABLE 3. Component of variance and hereditability for the composite traits obtained in the different pedigree scenario in the IMB.
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TABLE 4. Component of variance and hereditability for the linear traits obtained in the different pedigree scenario in the IMB.

[image: Table 4]
Differences among heritability estimates varied according to the trait and the scenario considered and are presented in Figure 1. The green line identifies the heritability from the GOLD scenario. The largest differences were observed in the scenario GC60 for trait UT (0.22 vs. 0.15) and for trait BD (0.15 vs. 0.19). Moreover, GC60 showed the highest within-trait variability, with maximum differences for UT, BCS, and FS (0.39, 0.21, and 0.18, respectively), and minimum differences of 0.08 for RUW and STAT (result not show). Standard errors of heritabilities for all traits were low, ranging from 0.03 (GOLD) to 0.05 (GC60).


[image: image]

FIGURE 1. Box plot of the hereditability for composite and linear traits obtained in the different pedigree scenario in the IMB.




Correlations Between Breeding Values

The correlations between EBVs in the different scenarios are shown in Table 5. Results differed depending on sex: higher estimates were observed in the female population when using a grouping strategy based on the year of birth (Y), while for the bulls higher estimates were observed with the genetic clustering strategy (GC). On average, the correlations were positive and high. Considering buffalo cows with records, the average correlation across traits between official EBVs and EBVs from different scenarios were 0.91, 0.88, 0.84, and 0.79 for Y30, GC30, Y60, and GC60, respectively. The best results were observed for STAT, UD, and TL (average r = 0.91) while the most affected trait was FA in the scenario GC60 (r = 0.68).


TABLE 5. Average correlations for buffalo cows and bulls’ EBVs for the composite and linear traits obtained in the different pedigree scenario in the IMB.
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In the case of bulls, the correlation between EBVs in the grouping GC30 ranged from 0.90 for FUA to 0.96 for STAT and BL, while, in the GC60 scenario the values range between 0.75 for UD to 0.90 for STAT (Table 5). As expected, the highest correlations occurred in scenarios where the proportion of missing pedigree was lower (i.e., Y30 and GC30).



Accuracy of Breeding Values

The accuracy of breeding values across traits and scenarios for bulls with at least 10 daughters and buffalo cows with own record are presented in Table 6. The drop in accuracy for bulls ranged from 0.06 for stature in the scenario GC30 to 0.24 for YP in the scenario Y60. Similar pattern was observed in buffalo cows, with higher accuracies in the Y30 and GC30 scenarios. On average the best results were shown by GC30 (average accuracy = 0.43) and Y30 (average accuracy = 0.42), while the worst results were in the scenario GC60 (average accuracy = 0.34) and Y60 (average accuracy = 0.32) (Figure 2).


TABLE 6. Average accuracy buffalo cows and bulls’ EBVs for the composite and linear traits obtained in the different genetic group in the IMB.
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FIGURE 2. Box plot and histogram of average accuracy for the composite and linear traits by sex obtained in the different genetic group in the IMB.




Selection Efficiency

The result of the average selection efficiency for the three different selection intensities (top 10, 30, and 50%) for composite and linear trait are summarized in the Table 7. Average of SEf ranged from 22.12 (Top 50 for FL in GC60 scenario) to 85.94% (Top 10 for FS in GC30 scenario) for the composite trait, and from 17.09 (Top 50 for FA in Y60 scenario) to 88.80% (Top 10 for STAT in GC30) for linear traits.


TABLE 7. Mean (SD) of efficiency (%) in the selection of the best animals for the composite and linear traits obtained in the different pedigree scenario in the IMB.

[image: Table 7]
Observing the average intensity of selection across scenarios, the highest value was in GC30 (81.27%), followed by 78.75, 67.41, and 65.22% in Y30, GC60, and Y60, respectively. The average intensity of selections for the best 10, 30, and 50% were 73.16, 60.40, and 42.31%, respectively.

Within each scenario, selection efficiency in composite traits was more effective than in linear traits. When the best 10% of individuals were selected, four out of five composite traits had a selection efficiency higher than 60%, while only three out of 10 linear traits exceeded such a threshold (Table 7). A similar trend was observed selecting 30% (3/5; 4/10 ≥ 50.01%) or 50% (3/5; 4/10 ≥ 32.91%).

In terms of standard deviation, the GC30 scenario showed the lowest standard deviation (average = 4.61), while the values obtained from GC60 and Y60 tend to be higher, with an average SD of 7.94 and 7.82, respectively.



Re-Ranking

The effect of the different genetic grouping strategies on the ranking of the bulls was explored using only three linear traits, with high, medium, and low heritability, namely STAT (h2 = 0.35), UD (h2 = 0.23), and FA (h2 = 0.10). Spearman’s rank correlation calculated on 111 bulls in STAT-UD-FA were 0.921–0.884–0.842, 0.913–0.852–0.728, 0.846-0.695-0.659, and 0.811-0.690-0.587 for GC30, Y30, GC60, and Y60, respectively. The consistency of ranking across grouping strategy can also be effectively visualized with a target plot (Biscarini et al., 2016). The rankings of the first 10 bulls across replicates and grouping strategy for STAT, UD, and FA are presented in Figures 3–5, respectively. Each cloud of points represents the ranking of the bull across replicates and within grouping strategy. When the points within the clouds are more dispersed, a larger re-ranking was observed (e.g., BULL9 for STAT trait).


[image: image]

FIGURE 3. Ten best ranked bulls for the Stature trait according to the different genetic group in the IMB. When the points within the clouds are more dispersed, a larger re-ranking was observed.



[image: image]

FIGURE 4. Ten best ranked bulls for the Udder depth trait according to the different genetic group in the IMB. When the points within the clouds are more dispersed, a larger re-ranking was observed.



[image: image]

FIGURE 5. Ten best ranked bulls for the Foot angle trait according to the different genetic group in the IMB. When the points within the clouds are more dispersed, a larger re-ranking was observed.




Genetic Trend

The genetic trends for both composite and linear traits are presented in Figures 6, 7. Overall a flat trend was observed until year 2013 for all traits. After this year, positive trends were observed and differences among years were enhanced on including genetic groups. For composite traits, an underestimation of the genetic trend was observed when the GC30 and GC60 grouping strategies were used.


[image: image]

FIGURE 6. Genetic trend by year of birth for the composite trait, according to the different genetic group.



[image: image]

FIGURE 7. Genetic trend by year of birth for the linear trait, according to the different genetic group.


Specific behaviors were detected across linear traits. Genetic trends for STAT, FUA, and TL showed the same pattern as the composite traits. BD and BL showed an uneven trend, with a clear positive trend from year 2014. However, when using GC30 and GC60 grouping strategies, EBVs were more regressed than when EBVs were estimated using a grouping strategy based on the year of birth. Similar results were observed for FA and UD where, particularly for recent years, Y30 and Y60 EBVs were higher than GC30 and GC60 EBVs. Finally, BCS showed a flat trend until 2014 followed by a slight decrease, a pattern common to all grouping strategies.

The different grouping strategies have had an impact on the EBVs scale. From year 2000 the average increase in the scenario without genetic groups (GOLD) was +0.032 for composite traits and +0.014 for linear traits (Figure 8). The average increase in composite traits was +0.046, +0.042, +0.026, and +0.020 when the Y30/Y60/GC30/GC60 genetic group was used, respectively. The same order was observed in the linear trait set with an average increase of +0.020, +0.018, +0.009, and +0.006.


[image: image]

FIGURE 8. The effect of different grouping strategy on EBVs scale. Average annual increase for the composite and linear trait EBVs, according to the different genetic group.





DISCUSSION

In this study, the effect of two genetic grouping strategies on the estimation of VC and EBV for type traits in a parentage-tested IMB sub-population was evaluated. In the last three years the IMB has experienced an exponential increase in term of registered animals in the Herd Book. As a consequence, IMB is facing a situation where phenotypic data are available for many animals, but some animals lack complete genealogical data. Records from individuals without pedigree information has been excluded from the genetic evaluation or assumed to have an unknown sire. Such practice results in loss of information and potentially could compromise expected genetic gain (Sapp et al., 2007). To mitigate this undesirable effect, several statistical methods have been developed over the years. The use of genetic grouping, parentage probabilities, use of phenotypic information to increase the probability of defining the paternity, iterative empirical Bayesian model (ITER), Bayesian hierarchical model (HIER), and model based on the average relationship matrix (ANRM), have been applied to account for uncertain paternity (Henderson, 1988; Peškovičová et al., 2004; Sapp et al., 2007; Petrini et al., 2015; Carneiro et al., 2017; Shiotsuki et al., 2018; Macedo et al., 2020).

Genetic groups are normally created according to different criteria, for example on the basis of origin, sex, herd, or year of birth of the individual. The creation of the GG is not a simple procedure and can sometimes present some practical problems. Genetic groups modeling must be balanced as groups with few animals might impair the estimation of the GG effect (Rodriguez et al., 1996; Peškovičová et al., 2004; Petrini et al., 2015). At the same time, very large groups are not able to capture the actual differences which exist among individuals. However, (Quaas, 1988) warned about potential bias in defining a determinate grouping strategy due to the effects of confusion between groups. In our case, the “phantom” parents of an individual are always assigned to the same group, because the grouping is based on animal itself, not on its parents, as shown by other studies (Peškovičová et al., 2004; Shiotsuki et al., 2013; Petrini et al., 2015; Wolak and Reid, 2017).

Results have shown that including GG in the mixed model equation had an effect on the estimates of both VC, which can be observed in Tables 3, 4, and EBV (Table 5). Pieramati and Van Vleck (Pieramati and Van Vleck, 1993) obtained lower estimates of additive genetic variance with models that included genetic group. However, we have found that the estimates of VC and EBV with the Y30 and GC30 genetic groups are quite close to the GOLD estimates. These results support the efficiency of the methodology to estimate the true parameters. According to the magnitude of heritability estimates, the GC60 scenario was the one that showed the largest discrepancy with GOLD, confirmed by the highest SE (0.05). Petrini et al. (2015) suggested that such result may be caused by the structure of the group itself. Indeed, the size of GG should be homogeneous and well balanced. In the present study, when a genetic clustering strategy was used, a greater number of groups with a more heterogeneous size was observed. These results depend on the pedigree structure of the IMB, because its completeness is mainly related to the use of artificial insemination. Bulls used for AI have a more complete pedigree both on paternal and maternal side. The fourteen groups used in the GC strategy (Table 2) are based on the relationship matrix and hence are strictly related to the completeness of the paternal line. Indeed in the GC scenario we had a particular group – namely group 1 – which basically included all individuals with no pedigree information and whose size was from 10 to 20-fold larger than the others. Those evidences matched results from Santana et al. (2013) and Shiotsuki et al. (2013) who stressed the importance of the structure of the groups, especially in terms of their number and size (Petrini et al., 2015).

As expected, EBVs accuracy decreased when an increased proportion of missing pedigree was simulated (Table 6). However, when the proportion of missing pedigree was 30%, the average percentage point drop in accuracy was 10 and 7 for bulls and buffalo cows, respectively. We can therefore hypothesize that the contemporary use of the available pedigree information and of the most appropriate GG strategy will mitigate the loss in accuracy of the EBV due to missing pedigree information. Sullivan (1995) suggested the importance of the inclusion of genetic groups in EBV estimation and that data should not be discarded due to the uncertainty of the paternities. Surely, the problem of uncertain paternities might possibly be mitigated by the use of genomic selection (Abdel-Shafy et al., 2020; Macedo et al., 2020; Misztal et al., 2020), however, the genotyping of all animals in a herd might still be too expensive. In the case of IMB, the use of GG is a practical and no cost solution to integrate all the available information into the genetic evaluations process eventually not compromising the accuracy of the results.

On the other hand, Pearson’s correlations between EBVs were generally high in all clustering scenarios. However, Y30 and GC30 scenarios showed the highest correlations. Several studies have shown that correlation coefficients between EBVs lower than 0.70 could suggest changes in the classification of animals (Crews and Franke, 1998; Petrini et al., 2015). Moreover, if we analyze results within traits, we can observe a relationship with heritability value. In our case, the trait that had the lowest correlation coefficient (r = 0.68) was FA, whose h2 was 0.10. In addition, observing the correlations within sex, the Y30/Y60 genetic group strategy showed the highest coefficients for buffalo cows, while for bulls GC30 was the most appropriate for the data. This result was somewhat expected because the strategy based on the hierarchical clustering is strictly related to the relationship matrix, i.e., on the pedigree information. The number of AI bulls in the IMB population is limited (n < 100) and most of them have common ancestors. This means that grouping based on the relationship matrix will be possibly biased by the sire’s pedigree. Actually, all individuals with both parents missing have been assigned to group 1 (Table 2), possibly regressing their breeding value. On the other hand, the year of birth has a more balanced behavior and it is less linked to the pedigree. Therefore, our results suggest that the EBV and consequently the ranking of the animals, will be closely influenced by the nature of the trait and by the structure and type of grouping adopted (Shiotsuki et al., 2018).

Considering SEf, several studies suggest that it can be used as a measure of the correlation between the ranking of the best animals obtained in the different analyzes and that would in turn provide information on the degree of efficacy of the genetic grouping strategy (Theron et al., 2002; Peškovičová et al., 2004; Petrini et al., 2015). A value above 70% would indicate that the ranking observed in the different scenarios is stable and does not undergo a significant re-ranking. In relation to what we observed in this study, when the selection intensity is 10%, practically all traits exceeded this threshold (14/15 traits in Y30 and 15/15 in GC30). Meanwhile, in the scenario where the proportion of missing of pedigrees was 60% only 5/15 traits showed a value of SEf higher than 70%. These results suggest that bulls that are above the 90th percentile would experience virtually no important changes in their ranking. Another aspect worth noticing is the standard deviation of SEf. If a large standard deviation is observed, the response to selection will be more unstable and less accurate (Peškovičová et al., 2004). In this regard, the genetic group GC30 showed the lowest standard deviation while results obtained from GC60 and Y60 were more unstable. Consequently, when considering a high correlation and SEf, in addition to a low SD, we retain that the ranking of the bulls will be consistent.

The inclusion of GG in the genetic evaluation could have unpredictable but substantial effects on the estimated genetic trend (Saavedra, 2019). Furthermore, the exclusion of genetic groups or having paternities with “phantom” parents could lead to biased estimates of selection response (Theron et al., 2002). In our study, these expectations are met, observing how the cumulative genetic trends without genetic groups were slightly lower than those estimated with the Y30/Y60 genetic group. Upward trends may indicate that the grouping type “year of birth” may be comparable to those obtained in GOLD. Other study, obtained some indication that the best strategy was grouping phantom sires according to the year of birth and the phantom dams in a single group due to the slow genetic change in females over the generations (Casellas et al., 2007). Theron et al. (2002) and Shiotsuki et al. (2013) observed higher genetic trends when they included GG in the analyses. Those results did not agree with (Petrini et al., 2015) where the inclusion of GG in genetic analyses showed a lower genetic trend.

The effectiveness of including GG on genetic evaluation depends on the genetic structure of the population, the nature of the observed trait (Petrini et al., 2015) and the criterion adopted to define GG. Several authors recommended that the definition of the GG should be a balance between complexity of the method and the adequate representation of genetic differences (Rodriguez et al., 1996; Peškovičová et al., 2004; Petrini et al., 2015; Carneiro et al., 2017; Shiotsuki et al., 2018). The adoption of an inappropriate method may not only have consequences on genetic progress (at the population level), but also on the choice of the best animals that will be used at the herd level. On the other hand, a change in the pedigree structure tends to have a higher impact on traits with medium-low heritability. In our study, this fact occurred with the FA trait, where GC30/GC60 scenarios had the largest correlation with GOLD. On the other hand, for traits with high heritability, the weight of the phenotypic information is high, therefore, the use of GG would have a lesser effect on the estimates. According to Cardoso and Tempelman (Cardoso and Tempelman, 2003), differences between the models that take into account uncertain paternity do not necessarily increase with increasing heritability, but these differences will be greater for the traits of medium-low heritability. In addition, individuals that have a greater number of ancestors or progeny with an incomplete pedigree will be more affected, in particular young animals with no own phenotypic information.

The lack of pedigree information is a common problem among domestic species, being more pronounced in less represented breeds that are mainly managed by small farmers with scarce economic resources. Resolving the uncertainty of paternity has always been a topic of interest to the scientific community and for decades various methodologies have been developed that allow managing the presence of gaps in a relationship matrix. Nowadays, there are different tools to improve the knowledge of genealogical information, such as DNA-based methods, but these are still expensive for breeders. Likewise, in those species that have recently implemented the genetic evaluation system they may face this problem, as they may be in the situation where they possess historical phenotypic data from which it is almost impossible to obtain biological samples due to the absence of a DNA banks.

The prediction of the genetic value with models that consider the uncertainty in paternity have been shown to have better precision (Cardoso and Tempelman, 2003; Sapp et al., 2007; Shiotsuki et al., 2012; Shiotsuki et al., 2013; Carneiro et al., 2017; Shiotsuki et al., 2018). Its effectiveness depends on the definition of the grouping strategy (Petrini et al., 2015), which requires prior knowledge of: (a) the selection process of the breed, (b) the sources of genetic variation present in the population, (c) the intensity of selection or the generational interval. It is clear that GG should be included in the model to improve the accuracy of the EBV of animals with some degree of unknown paternity (Saavedra, 2019). Therefore, the use of genetic groups can be considered an effective alternative in the absence of relationship data for VC and EBV.



CONCLUSION

Pedigree completeness is a fundamental requirement of any genetic evaluation. In species other than dairy cattle, the presence of individuals with phenotypic records but with an incomplete pedigree is not a trivial matter. Buffalo breeding is an example of such a situation. We do expect a more extended use of DNA testing which will eventually increase the implementation of genomic selection approaches in Buffalo species as well. However, missing information in the pedigree will still be present and even genomic selection will be faced with the same problem. When a variable proportion of missing pedigree information is present in a population under selection, including genetic groups in the mixed model equations for both VC and EBV estimation is a worth-while and low-demanding approach to mitigate the loss in accuracy. Different strategies can be used to create genetic grouping depending on data distribution across years and on population structure. In the IMB population the best results were obtained when grouping was based on the year of birth. These findings confirmed the possibility of developing a genetic evaluation in populations with uncertain paternities without the need to exclude data or to use only a select of the available population.
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The αs2-casein is one of the phosphoproteins secreted in all ruminants' milk, and it is the most hydrophilic of all caseins. However, this important gene (CSN1S2) has not been characterized in detail in buffaloes with only two alleles detected (reported as alleles A and B), and no association studies with milk traits have been carried out unlike what has been achieved for other species of ruminants. In this study, we sequenced the whole gene of two Mediterranean river buffalo homozygotes for the presence/absence of the nucleotide C (g.7539G>C) realized at the donor splice site of exon 7 and, therefore, responsible for the skipping of the same exon at mRNA level (allele B). A high genetic variability was found all over the two sequenced CSN1S2 alleles. In particular, 74 polymorphic sites were found in introns, six in the promoter, and three SNPs in the coding region (g.11072C>T, g.12803A>T, and g.14067A>G) with two of them responsible for amino acid replacements. Considering this genetic diversity, those found in the database and the SNP at the donor splice site of exon 7, it is possible to deduce at least eight different alleles (CSN1S2 A, B, B1, B2, C, D, E, and F) responsible for seven different possible translations of the buffalo αs2-casein. Haplotype data analysis suggests an evolutionary pathway of buffalo CSN1S2 gene consistent with our proposal that the published allele CSN1S2 A is the ancestral αs2-CN form, and the B2 probably arises from interallelic recombination (single crossing) between the alleles D and B (or B1). The allele CSN1S2 C is of new identification, while CSN1S2 B, B1, and B2 are deleted alleles because all are characterized by the mutation g.7539G>C. Two SNPs (g.7539G>C and g.14067A>G) were genotyped in 747 Italian buffaloes, and major alleles had a relative frequency of 0.83 and 0.51, respectively. An association study between these SNPs and milk traits including fatty acid composition was carried out. The SNP g.14067A>G showed a significant association (P < 0.05) on the content of palmitic acid in buffalo milk, thus suggesting its use in marker-assisted selection programs aiming for the improvement of buffalo milk fatty acid composition.

Keywords: CSN1S2, alleles, candidate gene, mediterranean river buffalo, milk, palmitic acid


INTRODUCTION

The αs2-casein (207 aa) is one of the phosphoproteins (αs1, β, αs2, and k) secreted in ruminants' milk in the form of stable calcium–phosphate micelles, and it is the most hydrophilic of all caseins. The αs2-casein (αs2-CN) appears to be readily susceptible to proteolysis as assessed by the activities of chymosin and plasmin toward the protein. The molecular weight of this protein was assessed to be 22,741 Da in buffalo vs. 25,226 in cattle (Feligini et al., 2009).

The proportion of αs2-CN in milk changes considerably between species and is absent from human and marsupial milk (Kim et al., 2015). In buffalo milk, the αs2-CN is the third most abundant casein fraction (4.99 g/L), and the corresponding coding gene (CSN1S2) showed a lower translation efficiency (0.25) compared to the other casein genes as CSN3 (k-CN, 2.69), CSN2 (β-CN, 2.39), and CSN1S1 (αs1-CN, 1.31) (Cosenza et al., 2011).

Among ruminants, goat and sheep showed a higher level of genetic diversity at CSN1S2, and nowadays, at least seven alleles associated with three different αs2-CN levels have been characterized in both species (Boisnard et al., 1991; Ramunno et al., 2001a,b; Giambra and Erhardt, 2011). In cattle, only four variants A, B, C, and D have been found (Farrell et al., 2004). The alleles B and C are specific for the zebu and yak cattle, respectively (Ibeagha-Awemu et al., 2007).

Conversely, this locus is less polymorphic in buffalo, probably as a result of the little studies realized in this species. Chianese et al. (1996) have reported three variants that differ for the content of phosphates, and D'Ambrosio et al. (2008) have indicated different αs2-CN isoforms with 13, 12, 11, and 10 phosphate groups realized at the same positions as those observed in cattle. At the DNA level, the only example of biallelic polymorphism (alleles A and B) observed, so far, at the buffalo CSN1S2 has been identified and characterized by Cosenza et al. (2009a). The mutation that characterizes the allele B is an SNP (FM865620:g.773G>C) realized at the donor splice site of exon 7 and, therefore, responsible for the skipping of the same exon at mRNA level.

Contrary to what has been studied in other ruminants, until now, this important gene has not been characterized in detail in buffaloes. In 2006, Sukla et al. characterized the cDNA sequence in the Murrah breed (GeneBank no. DQ173244.1), and only very recently, the complete and annotated sequence of CSN1S2 gene has been published for the Mediterranean breed (Bubalus bubalis breed Mediterranean chromosome 7, ASM312139v1, whole genome shotgun sequence; GenBank no. NC_037551.1, 32020000-32040337, complement).

Although a new reference genome assembly (UOA_WB_1) has been published (Low et al., 2019), and the first SNP array designed specifically for buffaloes has become available (Iamartino et al., 2017), its use is still very limited. Therefore, the candidate gene approach is still today a valid method for the identification of genetic variability and its relationship with milk production traits. Several studies have been carried out in river buffalo aiming the discovery of polymorphisms in loci coding for milk proteins that, in other ruminants, have well-known effects on milk characteristics (Masina et al., 2007; Cosenza et al., 2009a,b; Balteanu et al., 2013; Vinesh et al., 2013; Cosenza et al., 2015). For instance, these studies allowed the identification of positive associations between markers at CSN1S1 and CSN3 and traits of economic interest, like the protein yield (Cosenza et al., 2015) and milk coagulation properties (Bonfatti et al., 2012a,b). Conversely, in this respect, no association studies have been carried out in the buffalo for the CSN1S2 so far, unlike what has been achieved for other species of ruminants. In fact, significant differences were found between genotypes of the goat, sheep, and cattle CSN1S2 locus in relation to milk protein and casein content (Ramunno et al., 2001b; Noce et al., 2016; Ardicli et al., 2018). Besides, CSN1S2 genotypes were significantly associated with milk and/or fat yield in goat and sheep (Wessels et al., 2004; Lan et al., 2005; Yue et al., 2013; Vacca et al., 2018). For years, the interest of several research groups also focused on the study of connection between milk fat and fatty acid composition and the different milk protein polymorphisms and/or genetic polymorphisms of casein-encoding genes (Bobe et al., 1999, 2004; Chilliard et al., 2006; Cebo et al., 2012). In particular, it has been shown that fat globule size, the incidence of each globule size class on total measured bovine milk fat globules, and fatty acid composition are strongly influenced by single casein loci or casein haplotype (Perna et al., 2016).

The aim of this study was to sequence the whole CSN1S2 for the samples reported as alleles A and B by Cosenza et al. (2009a), to characterize and annotate extensively the gene, to compare the alleles in their complex genetic diversity, and to investigate possible association with traits that might affect the nutritional and technological quality of buffalo milk.



MATERIALS AND METHODS


DNA Samples and Phenotypes Collection

Samples used in this study belong to DNA collections of the University of Napoli Federico II and University of Turin.

The original biological tissue used for DNA isolation was blood, collected during routine treatments according to Italian national rules on animal welfare and achieved by official veterinarians in collaboration with the Italian National Association of Buffalo Breeders (A.N.A.S.B.).

DNA was isolated from leukocytes using the procedure described by Goossens and Kan (1981). DNA concentration and the OD260/280 ratio of the samples were measured by a Nanodrop ND-2000 Spectrophotometer (Thermo Fisher Scientific Inc., Waltham, MA, USA).

DNA from two Mediterranean river buffaloes, homozygotes for the alleles A (FM865620:g.773G) and B (FM865621:g.773C) as determined by Cosenza et al. (2009a), have been used for the complete sequencing of the CSN1S2. In addition, individual DNA samples randomly chosen from 747 female Mediterranean river buffaloes belonging to 14 farms with intensive breeding system, located in Salerno, Caserta, and Potenza provinces (Southern Italy) were used for population analysis.

For assessing possible associations between polymorphisms identified at the CSN1S2 locus and milk traits, such as milk yield, fat percentage, single fatty acid percentage, and fatty acid classes, we used single milk samples collected from a sub-group of 310 lactating buffaloes. These subjects were at third calving, had similar days in milking (DIM: 110–120), feeding management and diet, with a reduced occurrence of unsaturated fatty acids, compared to graze-based systems.

Fatty acid (FA) composition, FA classes, and fat percentage of the 310 individual milk samples have been assessed and previously reported by Cosenza et al. (2017a, 2018a). The same phenotypes were also used in the present work to assess possible associations with the genetic diversity found at the CSN1S2 locus by using the mixed linear model as reported by Cosenza et al. (2017a).



PCR Amplification Conditions and Genotyping

Using primers designed on bubaline genome (GenBank accession no. NC_037551.1, from 32020000 to 32040337 complement) and bubaline mRNA sequence (GenBank accession nos. FM865618.1, FM865619.1) (Supplementary Table 1), the DNA regions of the CSN1S2 gene spanning from the 5′- to the 3′-UTR of two Mediterranean river buffalo homozygotes for the alleles A and B were amplified by iCycler (BioRad, CA, USA). A typical 50-μl PCR reaction mix including 100 ng of genomic DNA, 50 mM KCl, 10 mM Tris-HCl (pH 9.0), 0.1% Triton X-100, 3 mM MgCl2, 200 nmol of each primer, dNTPs each at 400 μM, 2.5 U of Taq DNA Polymerase (Promega, Madison, WI), and 0.04% BSA. The thermal condition for the amplification consisted of an initial denaturation at 95°C for 4 min, followed by 35 cycles at 94°C for 45 s, 54.0–57.4°C for 45 s (according to the amplicon) and 72°C for 2 min. A final extension of 10 min was accomplished to end the reaction. All PCR products were analyzed directly by electrophoresis in 1.5% TBE agarose gel (Bio-Rad, CA, USA) in 0.5X TBE buffer and stained with SYBR® green nucleic acid stain (Lonza Rockland, Inc., USA). PCR products were sequenced on both strands at CEINGE–Biotecnologie Avanzate (Naples, Italy) using Sanger DNA sequencing technology.

The entire panel of 747 Mediterranean river buffalo DNA samples was genotyped in outsourcing (KBiosciences, Herts, UK, http://www.kbioscience.co.uk) for the SNPs g.7539G>C (FM865620:g.773G>C) and g.14067A>G.



Bioinformatics and Statistical Analysis

Allelic frequencies and Hardy–Weinberg equilibrium (chi square test) were calculated. Homology searches, comparisons among nucleotide and amino acid sequences, and multiple alignments for polymorphism discovery were accomplished using Dnasis Pro (Hitachi Software Engineering Co.). Measures of linkage disequilibrium (D' and r2) were estimated using Haploview software ver. 4.2 (http://www.broadinstitute.org/haploview/haploview). The haplotype structure was defined according to Gabriel et al. (2002). The regulatory regions were analyzed for potential transcription factors (TFs) by Transfac® 7.0. (http://gene-regulation.com/index2.html). Associations between CSN1S2 genotypes and fat traits were tested using a mixed linear model by SAS (ver 9.2) as reported by Cosenza et al. (2017a).




RESULTS


CSN1S2 Gene Structure in Mediterranean River Buffalo

By using genomic DNA as template, we sequenced the whole gene encoding the αs2-casein (CSN1S2) of two Mediterranean river buffalo homozygotes for the presence/absence of the nucleotide C (FM865620:g.773G>C) that caused inactivation of the intron 7 splice donor site and, consequently, the allele-specific exon skipping characteristic of the CSN1S2 B allele (GenBank accession nos. MW159135 and MW159136).

Using as reference the sample homozygote for the allele FM865620:g.773G (previously misidentified as CSN1S2 A and from now named allele CSN1S2 D), the sequenced DNA region including the CSN1S2 gene is about 20,300-bp long, and it includes 1,025 bp of exonic regions, 17,578 bp of intronic regions, 937 nucleotides at the 5′ flanking region, and 707 nucleotides at the 3′ flanking region. The level of sequence similarity with the allele CSN1S2 B is about 98% as a consequence of an elevated polymorphism.

The main feature of the buffalo CSN1S2 gene is the extremely split architecture. It contains 18 exons ranging in size from 21 (exon 4) to 267 bp (exon 18). The first exon (44 bp) is not coding at all. The whole highly conserved signal peptide (15 amino acids, MKFFIFTCLLAVALA) of the mature protein (207 amino acids) is encoded by the nucleotides 13–57 of exon 2 (63 bp), and the translation stop codon TAA is created by nucleotides 10–12 of exon 17. The deduced CDS length of bubaline CSN1S2 gene is 669-bp long. These results are in agreement with what was reported by Sukla et al. (2006). All splice junctions follow the 5′ GT/3′ AG splice rule, similarly as it was described in different ruminant species. The only peculiarity is represented by the polymorphism at the splice donor site of exon 7 of the allele CSN1S2 B (g.7539G>C, corresponding to FM865620:g.773G>C).

Consequently, the CSN1S2 B allele (GenBank MW159136) compared to the CSN1S2 D (GenBank MW159135) allele is characterized by 17 exons.

Finally, different microsatellite sequences are present in the buffalo CSN1S2 gene, many of which flanking retroposonic sequences (Supplementary Figure 1).



Polymorphism Detection

The analysis and the alignment of the CSN1S2 intronic sequences of the two subjects used in this study have highlighted a remarkable genetic diversity.

In detail, 74 polymorphic sites (24 transversions, 37 transitions, 13 deletions/insertions) and several variable microsatellites were found between the two sequenced subjects (Supplementary Figure 1, Supplementary Table 2). Except for the g.7539G>C at the splicing donor site of exon 7 and causative event of the CSN1S2 B allele, none of the remaining polymorphisms are apparently located in the regulatory regions (splicing donor/acceptor site, enhancer/silencer, etc.) and as a consequence, we hypothesize that they do not affect the CSN1S2 expression.

Then, the comparison between our sequences and the reference sequence recorded in GenBank (NC_037551.1) highlighted further 15 new intronic mutations. In particular, two polymorphisms are responsible for the differences in the number of mononucleotide thymine (T) repeats, while one is a multiple substitution: NC_037551.1:g.32034006A>G>T (Supplementary Table 2). This genomic sequence is particularly interesting because it is also characterized by a cytosine at the splice donor site of exon 7 (NC_037551.1:g.32033131C), and consequently, it can be considered an allele B derived.

As expected, the comparison of the exonic regions showed a reduced level of polymorphism. We identified three SNPs in total. The first, g.11072C>T, is located at the 18th nucleotide of exon 13; it is a conservative SNP, and it is not generating any amino acid change. The further SNPs are located at the 16th nucleotide of exon 14 and at the 31st nucleotide of exon 16. They are the transversions g.12803A>T and g.14067A>G responsible for the amino acid substitutions p.I162>F and p.190T>A, respectively (Supplementary Figure 1). The g.14067A>G has been observed in heterozygosis in the sample homozygote for the SNP g.7539G, giving two new alleles named CSN1S2 C (g.14067A) and D (g.14067G).

Furthermore, by comparing the sequences analyzed in this work and those available in the database (https://blast.ncbi.nlm.nih.gov/Blast.cgi) for the buffalo CSN1S2 gene, it is possible to identify other four exonic polymorphisms (Table 1) and consequently several haplotypes.


Table 1. Discovery and diffusion of the genetic variants of buffalo αs2-casein-encoding gene (CSN1S2).
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Two SNPs were conservative, the transition g.3165T>C (27th nt of the exon 2, GenBank acc. no. DQ173244.1) and the transversion g.9220T>A (90th nt of the exon 11, GenBank acc. no. DQ133467.1). The other SNPs were not conservative: the transition g.9221A>G (91st nt of the exon 11, GenBank acc. no. DQ133467.1), responsible for the amino acid change p.128K>E and the transversion g.14141C>G (105th nt of the exon 16, GenBank acc. no. DQ173244.1), which generates the amino acid replacement p.214N>K.



Rearrangement of Allele Nomenclature and Phylogenetic Relationship Among the Markers

Considering all the SNPs (both from the database and newly determined in the present study), it is possible to deduce at least eight different alleles (CSN1S2 A, B, B1, B2, C, D, E, and F; Table 1) responsible for seven different possible translations of the buffalo αs2-casein.

The allele that we named CSN1S2 A (GenBank NM_001290865) is stated as ancestral αs2-CN form according to nucleotide and amino acid sequence of cattle and goat. By several mutational events often responsible for either amino acid substitution or deletions, starting from CSN1S2 A, we propose two different phylogenetic road maps. The first map generates four alleles that are different for a single amino acid substitution: p.162F>I (CSN1S2 C, present work), p.162F>I and p.190A>T (CSN1S2 D, XM_006071123.2, KY399458.2, FM865618.1, JQ292811.1, AJ005431.2, present work), p.162F>I, p.190A>T, and p.214N>K (CSN1S2 E, DQ173244.1). Similar to CSN1S2 E, also the allele named CSN1S2 F (DQ133467.1) originated from the allele CSN1S2 D because they differ from each other only for the amino acid substitution p.128K>E (Figure 1).


[image: Figure 1]
FIGURE 1. Possible evolutionary pathway of buffalo αs2-casein-encoding gene (CSN1S2).


The second phylogenetic road map is generated by the point mutation g.7539G>C, which brings to the inactivation of the intron 7 splice donor site. Thus, as a consequence, the alleles named CSN1S2 B1 (KX896650) and B (FM865619.1; present work) are characterized by the complete skipping of exon 7 (nine amino acids, EVIRNANEE from 58 to 66). Moreover, CSN1S2 B1 and B differ from each other for the single polymorphism g.11072C>T in the exon 13 (Table 1, Figure 1).

Finally, the comparison of specific haplotypes defined for each of the CSN1S2 alleles (Table 1) indicates that the B2 probably arises from interallelic recombination (single crossing) between alleles D and B or B1 (Figure 1).



Regulatory Elements and Polymorphism Detection at the Gene Promoter

Variations in regulatory regions are known to affect the composition, structure, and expression of milk caseins (Martin et al., 2002; Szymanowska et al., 2003; Cosenza et al., 2007, 2016). Therefore, the proximal promoter regions of both CSN1S2 D and B alleles were sequenced and characterized.

Using the database Transfact® 7.0, we identified the potential transcription factors (TFs) that could affect the gene expression. Together with the TATA box, we identified the following TFs: C/EBP (CCAAT/enhancer-binding protein), Oct-1 (octamer-binding factor-1), HNF-3beta (hepatocyte nuclear factor-3 beta), AP (activator protein), YY1 (Yiang Yang factor-1), POU1F1a (Pit1, growth hormone factor 1), PR (progesterone receptor), GR (glucocorticoid receptor), and MGF (mammary gland factor) (Supplementary Figure 1). This gene structure is similar to the homologous gene identified in Bos taurus and Bos indicus (Kishore et al., 2013) as demonstrated by the conserved position of the TATA box (between nucleotide −25 and −30, where +1 is the first nucleotide of the first exon).

The sequence comparison of the gene promoters for the alleles CSN1S2 B and D showed six SNPs in total: four transitions, one transversion, and the deletion of one adenine (Supplementary Figure 1, Supplementary Table 2). None of the polymorphisms identified generates or deletes known TFs, and consequently, no influence on gene expression was expected.

However, in the comparison with the only Bubalus bubalis promoter sequence available at GenBank (accession number EF066480), three additional sites of variation were detected: g.595A>G, g.620_622delG, and g.996T>A. The latter polymorphism fell within the putative transcriptional factor binding site for Oct-1.

At the 3′-end of the gene, the polyadenylation site AATAAAA is located between nucleotides 247–253, with reference to the first nucleotide of the 18th exon. In addition, a G/T cluster was found downstream of the poly-A site. This sequence motif also contributes to the information for the polyadenylation. Both the AATAAA sequence and the G/T cluster are underlined in Supplementary Figure 1. With the exception of a polymorphic stretch of T, we do not report any further mutation in this region.



Repeated Sequences Within the Mediterranean River Buffalo CSN1S2 Gene

The buffalo CSN1S2 gene sequence is characterized by at least 13 retrotransposons (Supplementary Figure 1). In particular, the first (A) is located in the promoter region (GenBank MW159135 from 136 to 305) and appears to be a retroposon of Bov-tA2 type.

Further, two elements are located in the first intron (B, from 1,122 to 1,290, and C, from 1,952 to 2,137, respectively) and showed a strong similarity with an L1_Art sequence. Then, we found two Bov-tA2 located in intron 2 that we named element D (from the nucleotide 3,696 to 3,906) and element E (from nucleotide 4,155 to 4,313). At intron 8, we found a Bov-B (element F, from nucleotide 8,320 to 8,574), whereas in intron 12, we identified a Bov-A2 (retroposon G, from nucleotide 10,338 to nucleotide 10,621). Furthermore, five retroposons (H, I, L, M, and N) are located in intron 13 (Bov-tA1, from 12,138 to 12,356), in intron 15 (Bov-A2, from 13,313 to 13,587), and in the intron 17 (Bov-tA1, from 15,051 to 15,236, Bov-B from 15,931 to 17,485, and Bov-A2, from 17,763 to 18,046). Finally, a further element Bov-tA2 (O) is located in the 3′-UT region between the nucleotide 19,682 and 19,885, closely to the last exon.

The sequence similarity between these elements and those used as reference (Lenstra et al., 1993; AC150707.3; GenBank: AC150561.6) ranges from 75 to 90%.



Genotyping and Association of CSN1S2 Polymorphisms With Milk Fatty Acid Composition Traits

To estimate the frequencies at the two polymorphic sites g.7539G>C and g.14067A>G, and to determine the possible haplotypes, specific genotyping protocols have been developed by the company Kbioscience (http://www.kbioscience.co.uk/genotyping/genotyping_intro.html).

The genotype distributions and the allelic frequencies of the two SNPs, determined in 747 buffaloes reared in Salerno, Caserta, and Potenza provinces (Italy) are reported in Table 2. The major alleles had a relative frequency of 0.83 and 0.51 for g.7539G and g.14067G, respectively, and the χ2 value showed that there was no evidence of departure from the Hardy–Weinberg equilibrium (P ≤ 0.05). Using Haploview software ver. 4.2 (http://www.broadinstitute.org/haploview/haploview), three different allelic combinations (out of the four expected) were observed: haplotypes 1 (7539G/14067A), 2 (7539G/14067G), and 3 (7539C/14067G). The first haplotype was the most represented with a frequency of 0.491, followed by the haplotypes 2 (0.336) and 3 (0.173). Although not observed, the fourth expected haplotype (7539C/14067A) was recorded on database (GenBank acc.no NC_037551.1).


Table 2. Genotyping data, allele frequency, relative frequencies of the SNP g.14067A>G at exons 16 and g.7539G>C in the splice donor site of intron 7 of the CSN1S2 gene in the Mediterranean river buffalo population.
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The majority of mutations identified at this locus were either conservative (g.3165T>C, g.9220T>A, and g.11072C>T) or specific for an allele (g.9221A>G and g.14141C>G), and for these reasons, only the SNPs g.7539G>C and g.14067A>G were genotyped and used for running the model according to Cosenza et al. (2017a) (1).

Genotype distributions and allelic frequencies of both total- and sub-population genotyped are reported in Table 2 and Supplementary Table 3, respectively.

The analysis of the relationships between the CSN1S2 polymorphisms and the FA profile showed a significant effect (P < 0.05) only for the SNP g.14067A>G on the content of palmitic acid in buffalo milk. In particular, the homozygous GG and heterozygous buffaloes showed a lower amount with 34.13% and 34.71% palmitic acid compared with the AA genotype (35.23%), respectively (Table 3).


Table 3. Least squares means of the SNP g.14067A>G genotypes for palmitic acid, estimation of average substitution effects (α) for the adenine to guanine replacement, and contribution of the polymorphism to the phenotypic variance (r2).
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DISCUSSION

Caseins αs1, β, αs2, and k have an important role for the production of milk-derived products in terms of quality and quantity. For this reason, in the last decades, many studies have been published in the main ruminant species (cow, sheep, and goat) about the identification of possible association between genetic markers and protein structure with milk traits of economic interest (Caroli et al., 2009; Selvaggi et al., 2014a,b; Ozdemir et al., 2018). Different from the abovementioned species, water buffalo has not been deeply investigated, and to our knowledge, the complete genomic sequence of the bubaline αs2-casein gene has not been reported yet. Therefore, this study focused first on the structure of the buffalo CSN1S2 gene, exploring the genetic diversity within the Italian Mediterranean breed and testing possible associations between the detected polymorphisms and milk traits.


Structure and Analysis of Mediterranean River Buffalo CSN1S2 Gene

On the whole, the buffalo CSN1S2 gene shares a similar organization with the bovine counterpart (Groenen et al., 1993), with some differences in intronic size, mainly as a consequence of the presence/absence of artiodactyla retroposons.

Transposable elements (TE) are the largest class of sequences in mammalian genomes, elements that replicate and jump throughout the genome in a manner similar to retroviruses. The TEs are distributed primarily as retrotransposons (98.62%) rather than transposons (1.38%). DNA transposons have been extensively studied beyond mammals (Berg and Howe, 1989; Capy et al., 1998; Craig, 2002), whereas they are not well-documented in mammalian genomes. Based on their size and mode of propagation, retrotransposons can be divided into two separate classes, the long terminal repeat (LTR) and non-LTR (Han, 2010). The non-LTR LINEs (long interspersed repeat elements, L1_Art, BovB) and SINEs (short interspersed repeat elements, BOV-A2, Bov-tA, tRNA, MIR, and others) are widely distributed and represent a major component of ruminant genomes. For example, the BovB LINEs and related SINEs occupy about 22% of the cow genome. In particular, two retroposon families, Bov-A2 and Bov-tA, are the most distributed in the genomes of ruminants (Lenstra et al., 1993). The Bov-A2 and Bov-tA retroposons share a common Bov-B LINE-derived region, called the Bov-A unit, suggesting a common origin for these two retroposons (Okada and Hamada, 1997; Shimamura et al., 1999).

Although many retroposons are common for the ruminants and non-ruminant species and, thus, are likely of ancestral origin, every species has a definite number of short interspersed nuclear elements, which contributes to make each genome specific for each species (Ramunno et al., 2004; Cosenza et al., 2005; Pauciullo et al., 2013, 2019).

The 13 repetitive elements observed at the buffalo CSN1S2 gene and its promoter represent the 19.45% of the sequence deposited in the EMBL database. This figure decreases considerably in the bovine (GenBank no. M94327.1), caprine (GenBank no. NC_030813.1), and ovine (GenBank no. NC_040257.1) counterpart because of the presence/absence of other repetitive elements observed in these species. In particular, the bovine CSN1S2 (similarity of 75.4 %) is characterized for the absence of the elements B and C and, at the same time, an expanded Bov-A2 (G element in buffalo in intron 12), which consisted of three Bov-A monomers (Bov-A3) in agreement with Onami et al. (2007). In sheep and goat, the number of retroposonic elements is lower. Both species have a similar gene structure (homology of 96%), and when compared to water buffalo, we noted the absence of elements C, G, I, and N. However, in the promoter region, there is an extra Bov-tA3, and in the intron 1, there is an expanded Bov-A2-derived sequences, which consisted of four Bov-A monomers: Bov-A4. Overall, it appears that the elements B, C, G, I, and N are rather young insertions. These ruminant-specific retrotransposon insertions are often polymorphic (present or absent) at orthologous loci, and they are highly informative genetic markers that can be considered a powerful phylogenetic tool for clustering studies, animal evolutionary history, population structure and demography, rather than the set-up of methods for the species discrimination in meat and dairy products (Cosenza et al., 2019).

The accumulation of interspersed repeats within or near genes has been studied in ruminants as well as in camelid casein genes (Groenen et al., 1993, Ramunno et al., 2004, Cosenza et al., 2009b, Pauciullo et al., 2013, 2014, 2019). It has not been observed that insertions within or near promoters or 3′ UTR can alter gene expression. Conversely, insertions into exons are often incorporated into existing protein-coding genes and modulate gene expression. For instance, the alleles E and G of the CSN1S1 in goat and cattle, respectively, are characterized by the insertion of a truncated LINE in the last exon, which is, in both species, responsible for a reduction in transcriptional rate of the corresponding protein (Jansa Pérez et al., 1994; Rando et al., 1998). The interaction between the LINE sequence and the poly(A) sequence of the mature transcript, reduced the mRNA stability causing a rapid degradation of the transcript and a low protein synthesis efficiency (Rando et al., 1998). However, none of the elements observed at the CSN1S2 locus in the buffalo species would appear to be potentially responsible for differences in the gene expression.

Furthermore, these transposable elements are known to affect the genome in many other different ways: contributing to genome size increase, genomic instability, exonization, epigenetic regulation, RNA editing, and have the ability to generate microsatellites because they contain homopolymeric tracts and, in particular, mutations at many loci in the genome by Cordaux and Batzer (2009). In the buffalo, retroposons at the CSN1S2 locus are responsible for the majority of genetic variability. In fact, the comparison between the retroposonic sequences (4,157 and 4,139 bp for the alleles D and B, respectively) showed a homology level lower (98.92%) than that of the remaining part of the gene (99.49%) assessed on 16,164 and 16,179 bp, respectively, for alleles D and B. The increase in the genetic diversity of the retroposons is over eight-fold higher (8.23). Considering the number of mutational events (SNP, insertion/deletion) within each region, 24 mutations found in retroposons vs. 58 polymorphic sites found in the rest of the gene represent almost a double incidence of genetic variation (on average, one mutation every 160 vs. 279 bp, respectively). This finding confirms that interspersed repeats are major drivers of CSN1S2 gene evolution.

The buffalo CSN1S2 proximal promoter region showed, as expected, stronger similarities with sequences of other ruminants (about 96% with yak, cattle, zebu, and about 91–93% with goat, sheep, and common red deer) than those observed with non-ruminants (about 76% with lama, dromedary, pig, horse, donkey, and about 67% with rabbit).



Detection of Genetic Variability and Allele Discovery

In the last decades, several studies have highlighted the importance of the genetic variability in non-coding regions, which regulates the expression of genes involved in milk quali-quantitative properties. Such polymorphisms are often located in the promoter region of milk protein genes that regulate their transcriptional rate and thus determine the amount of transcripts in milk (Malewski, 1998; Szymanowska et al., 2004a,b).

Also polymorphisms located in the 3′ untranslated region (UTR) are important because they could modify the target sequence of microRNA (miRNA), an important class of non-coding RNA responsible for the regulation of many physiological processes (including lactation) by influencing mRNA stability (Chen et al., 2010). So far, many SNPs located in non-coding regions of genes involved in the milk production traits have been identified. For instance, SNPs responsible of splicing mechanism modification (Cosenza et al., 2009a; Giambra et al., 2010; Balteanu et al., 2013) and mutations affecting transcription factor binding sites are associated with the regulation of gene expression (Kuss et al., 2003; Liefers et al., 2005; Ordovás et al., 2009; Pauciullo et al., 2012a,b; Yang et al., 2015; Cosenza et al., 2016, 2018b; Gu et al., 2019).

The comparison between the promoter sequences of alleles B and D at the locus CSN1S2 of the water buffalo and the sequences recorded in GenBank has highlighted nine SNPs. Among them, only the mutation g.996T>A is located within the putative binding site for Oct-1, and consequently, it could affect the CSN1S2 gene expression. The transcription factors Oct-1 belongs to a family of structurally related POU domain factors found throughout the eukaryotes. Oct-1 is the most studied member of the POU factors. It is expressed in all eukaryotic cells and regulates, either positively or negatively, the expression of a variety of genes (Dong and Zhao, 2007). In fact, mutations in the consensus sequences of the ubiquitous Oct-1 transcription factor are reported to reduce hormonal induction in different gene promoters, like the β-casein-encoding gene (CSN2) promoter in mice (Dong and Zhao, 2007) or the oxytocin gene (OXT) promoter in sheep (Cosenza et al., 2017b).

One of the main finding of this study was the discovery of a great genetic diversity at this locus and the understanding of phylogenetic relationship among the markers. Therefore, the clarification and rearrangement of allele nomenclature were considered a priority.

Regarding the high genetic variability found all over the CSN1S2 gene, the most interesting polymorphisms identified are the transversion g.7539G>C at the donor splicing site of exon 7 (responsible for the CSN1S2 B allele) and three SNPs in the coding region (g.11072C>T, g.12803A>T, and g.14067A>G) with two of them responsible for amino acid replacements.

Besides these SNPs, the comparative analysis with the bubaline CSN1S2 sequences in GenBank identified further mutations. In total, eight observed markers allow to identify eight different alleles: CSN1S2 A, B, B1, B2, C, D, E, and F (Table 1).

As a consequence, for the first time, it was possible also to propose an evolutionary pathway of the buffalo CSN1S2 gene (Figure 1), as it was already published for different casein-encoding genes in ruminants (Formaggioni et al., 1999; Cosenza et al., 2008; Giambra and Erhardt, 2011).

Among the eight alleles, the CSN1S2 C is of novel identification because it was never observed or reported earlier in databases. Furthermore, the identification of three B-derived alleles is interesting because they are characterized by the mutation g.7539G>C, which brings to the inactivation of the intron 7 splice donor site. In particular, CSN1S2 B and B1 differ only for the conservative mutation g.11072C>T at the 18th nucleotide of exon 13, i.e., coding for the same protein 198-aa long vs. the 207 aa of the normal αs2-CN. Conversely, the haplotype of the allele CSN1S2 B2 (DEL58−66 K119 g.11072C I153 T181 N205) likely suggests an interallelic recombination between the alleles D (K128 g.11072C I162 T190 N214) and B (DEL58−66 K119 g.11072T F153 A181 N205) or B1 (DEL58−66 K119 g.11072C F153 A181 N205) (Figure 1).

This hypothesis was strengthened by genomic sequencing data, the sequence of the CSN1S2 B2 allele being available. Although a mutation-driven convergence cannot be excluded, an interallelic recombination/gene conversion event seems to be the most plausible. Indeed, a detailed comparative analysis at 94 polymorphic sites (15 belonging exclusively to allele B2) spanning a large part of the gene sequence (Supplementary Table 1) provides a haplotype formula allowing each allele to be precisely characterized. Thus, the B2 allele unequivocally appears to be a hybrid structure made of B-type allele sequences in its 5′ part (from the beginning of exon 12) followed by D allele sequences in its 3′ part (from exon 12 to 3′ flanking region). Following such a scheme, a recombination event would have occurred around exons 11 and 13. This is, to our knowledge, the first hypothesis of a genomic recombination event that happened for genetic polymorphism and generating a new allelic diversity at a locus encoding a milk protein in the buffalo. Similar examples were observed in the goat and llama for the CSN1S1 locus (Bevilacqua et al., 2002; Ramunno et al., 2005; Pauciullo et al., 2017). The resulting phylogenetic trees of the bubaline αs2-CN-encoding gene can certainly help to understand the history of buffalo breeds and their genetic distances, as recently illustrated also by Luo et al. (2020).



Genetic Association With the Milk Palmitic Fatty Acid

The study of the correlations between the identified genetic variability and the phenotypic variability of animals is important especially for economic traits such as milk production and composition that are controlled by a cluster of genes (polygenes) where each gene has a small effect on the trait.

Different molecular genetic methods are used to identify the candidate genes involved in these quali-quantitative traits. Recently, a commercial buffalo SNP chip array, Axiom_Buffalo Genotyping Array 90K (Affymetrix), has been created to investigate the structure of buffalo populations (Iamartino et al., 2017) and performing genome-wide association studies (GWAS). However, the use of the array is very limited, and the few studies available still refer to bovine genome for the SNP positions and gene annotations. This represents a great restriction despite the recent efforts in the new annotation release of the buffalo genome (Low et al., 2019). For this reason, the genome annotation is still necessary in this species, as well as the understanding of the candidate gene functions and their mechanisms in the regulation of milk production traits. In this respect, the approach of candidate gene association study is still a powerful method in river buffalo, especially for markers falling within genes or regulatory sequences and with putative causative effects. Thus, an additional aim of the present study was the identification of possible associations between two genetic markers (g.7539G>C and g.14067A>G) found at this locus and the water buffalo milk traits.

In our study, the SNP g.14067A>G showed a significant association (P < 0.05) with the content of palmitic acid in buffalo milk.

Palmitic acid is the main SFA in milk fat in all investigate species (Markiewicz-Keszycka et al., 2013; Gantner et al., 2015). Palmitic acid, also known as palmitate and belonging to the class of organic compounds known as long-chain fatty acids (C16:0), exists in all living species, ranging from bacteria to humans, and it is found naturally in palm oil and palm kernel oil, as well as in meat, milk, butter, and cheese. Palmitic acid is an essential component of cell membranes, secretory and transport lipids, with crucial roles in protein palmitoylation and palmitoylated signal molecules (German, 2011). In milk, the C16:0 originates both from diet and endogenous synthesis by the mammary gland (Chilliard et al., 2007).

In buffalo raw milk, the percentage of palmitic acid is about 34.8% of the total SFA (Cosenza et al., 2017a). This percentage is the highest among those observed in the milk of the majority of ruminants such as cattle (31.6%), goat (23.1%), and sheep (19.8%), and non-ruminants such as donkey (20.9%) (Blasi et al., 2008) and camel (18.4%) (Gorban and Izzeldin, 1999). On the contrary, the contribution of the short-chain FA (C8:0, C10:0, and C12:0) is rather low compared with what was observed in other ruminant species (Correddu et al., 2017).

High concentrations of palmitic acid are also present in buffalo dairy products, such as mozzarella di Bufala Campana PDO (24.7%, Romano et al., 2008), yogurt (31.7 %, Naydenova et al., 2013), and ghee butter (28.7%, Peña-Serna et al., 2019).

Nutrition and supplementation of feed rations constitute a natural and economical way for farmers to increase the content of unsaturated fatty acids in milk (Chilliard et al., 2007), but some authors reported their negative effect on milk flavor (Stoop et al., 2008). Moreover, it can cause milk fat depression and decrease in milk yield (Markiewicz-Keszycka et al., 2013).

An alternative way of acting on the concentration of milk fatty acids is the application of genetic selection. Indeed, Stoop et al. (2008) found that there is a considerable genetic variation for fatty acid composition, with genetic variation being high for C16:0.

However, few studies have shown possible associations between genetic variability and the variability of palmitic acid concentration in milk. Schennink et al. (2007) found that the acyl CoA:diacylglycerol acyltransferase1 (DGAT1) 232A variant is associated with less C16:0 in cow milk. This association has also been observed by Bouwman et al. (2011), which suggests that the gene 1-acylglycerol-3-phosphate O-acyltransferase 6 (AGPAT6) might be a candidate for this association. Similarly, Zidi et al. (2010) detected a suggestive association between PRLR genotype and palmitic acid in goat.

Recently, many studies have been performed to identified possible associations with fatty acid composition in water buffalo milk (Misra et al., 2008; Pauciullo et al., 2010; Cosenza et al., 2017a, 2018a; Gu et al., 2017, 2019). In particular, Cosenza et al. (2017a) reported that the genotype CC at the oxytocin receptor (OXTR) was significantly associated to a lower level of palmitic acid in milk of Mediterranean river buffalo.

It is well-documented that palmitic acid is associated with obesity, with decreased insulin sensitivity that could increase risk of type 2 diabetes and higher cardiovascular disease risk through increased level of blood cholesterol much more of other SFAs (Mensink et al., 2003; Bermudez et al., 2014; Praagman et al., 2016; Imamura et al., 2018). Therefore, its presence at high concentrations in human diets has a negative impact on health, and it should be avoided preferring foods with higher concentrations of MUFA and/or PUFA. In this respect, increasing the frequency of CSN1S2 GG and OXTR CC genotypes in river buffalo might guarantee a lower content of C16:0 in milk and dairy to be desirable for the consumer of buffalo products.
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This study aimed to estimate heritabilities and genetic trends for different persistency measures for milk fat yield and their genetic correlations with 270-day milk yield in Iranian buffaloes. The records of test-day milk fat yield belonging to the first three lactations of buffaloes within 523 herds consisting of 43,818 records were got from the Animal Breeding Center and Promotion of Animal Products of Iran from 1996 to 2012. To fit the lactation curves based on a random regression test-day model, different orders of Legendre polynomial (LP) functions were selected. Three persistency measures were altered according to the specific condition of the lactation curve in buffaloes: (1) The average of estimated breeding values (EBVs) for test day fat yield from day 226 to day 270 as a deviation from the average of EBVs from day 44 to day 62 (PM1), (2) A summation of contribution for each day from day 53 to day 247 as a deviation from day 248 (PM2), and (3) The difference between EBVs for day 257 and day 80 (PM3). The estimates of heritability for PM1, PM2, and PM3 ranged from 0.20 to 0.48, from 0.36 to 0.47, and from 0.19 to 0.35 over the first three lactations, respectively. The estimate of genetic trends for different persistency measures of milk fat yield was not significant over the lactations (P > 0.05). Genetic correlation estimates between various measures of persistency were generally high over the first three lactations. Also, genetic correlations estimates between persistency measures and 270-day milk yield were mostly low and varied from 0.00 to 0.24 (between PM1 and 270-day milk yield), from −0.19 to 0.13 (between PM2 and 270-day milk yield), and from −0.02 to 0.00 (between PM1 and 270-day milk yield) over the first three lactations, respectively. Persistency measures that showed low genetic correlations with milk fat yield were considered the most suitable measures in selection schemes. Besides, medium to high heritability estimates for different persistency measures for milk fat yield indicated that relevant genetic variations detected for these characters could be regarded in outlining later genetic improvement programs of Iranian buffaloes.
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INTRODUCTION

One important step for reaching self-sufficiency in any country is to identify the productive potential of native breeds of animals. The great adaptability of native animals to harsh conditions such as high environmental humidity and temperature, irregular rainfall, the incidence of different diseases, weak management practices, and low quality of feeds causes native buffaloes of Iran to play an important role in supplying milk and meat as major protein sources. Currently, many Asian countries depend mainly on buffalo as a source of milk and dairy products, especially in rural areas (Safari et al., 2018).

One of the main factors in determining the total milk production over a lactation period is persistency (Muir, 2004). Persistency is defined as the potential of an animal to maintain milk yield at a high extent after reaching the peak of production. The other definition of persistency is the gradual decrease of daily milk production after reaching the peak of the lactation curve (Togashi and Lin, 2004). The major cause for the worth of buffaloes with more persistent curves is that they can relatively satisfy most parts of their nutrient requirements from roughages (Sölkner and Fuchs, 1987). Therefore, not only metabolic problems, reproduction disorders, and diseases are lower in cows with more persistent lactations, but also production costs would be lower (Dekkers et al., 1998). Determining the method of measuring persistency is a critical point in estimating genetic progress for this trait. However, no general agreement is existent on the most appropriate method to describe the persistency of lactation (Cole and VanRaden, 2006). Various measures were suggested for calculating persistency (Gengler, 1996): measures based on the functions describing persistency; measures based on a fraction of total yield, peak yield, or parts of lactation; and those based on the breeding value of animals derived from analyzing random regression models.

The method used for defining persistency measures would determine the genetic parameter estimates for these measures and their genetic relationship with milk production (Swalve and Gengler, 1999; Jakobsen et al., 2002; Khorshidie et al., 2012). A measure of persistency must have two characteristics: association with lactation curve flatness, and independent explanation from production level. The latter item implies that the genetic correlation between milk yield and persistency measures to be decreased because milk production explains some genetic variance of persistency measures under study (Muir, 2004; Cole and VanRaden, 2006; Khorshidie et al., 2012). The independence of these two traits causes genetic selection for persistency of lactation and total yield to avoid unfavorable consequences of peak yield stress in high-yielding cows. Also, the incidence of metabolic diseases and reproductive disorders would be minimized while high milk production is maintained (Elmaghraby, 2012; Ghavi Hossein-Zadeh et al., 2017).

Previous studies carried out on dairy cattle indicated that lactation persistency positively correlated with favorable reproductive performance and health status (Jakobsen et al., 2002; Muir, 2004). Such favorable correlations along with the positive economic value for persistency would support including lactation persistency in the genetic improvement programs of cattle and buffalo (Dekkers et al., 1998; Khorshidie et al., 2012; Ghavi Hossein-Zadeh et al., 2017).

The random regression models enable fitting random genetic and environmental effects at different stages of lactation, which results in higher accuracy of estimated breeding values (EBVs) compared with other statistical models (Li et al., 2020). These models provide insights about the temporal variation of biological processes and physiological implications underlying the studied traits. Therefore, random regression models generate relevant information to be exploited in breeding programs (Oliveira et al., 2019). The functions generally used to model the lactation curve include Wood’s model (Wood, 1967), Wilmink’s function (Wilmink, 1987), spline function (White et al., 1999), and Legendre polynomial (LP) function (Kirkpatrick et al., 1990). Because of variations in production environments and management systems, optimal functions for test-day models in various countries may be different (Mrode et al., 2003). But several studies have indicated that LPs performed well in random regression test-day models (Li et al., 2020).

Milk constituents can be used as a simple indicator of the nutritional status of the lactating animals. Because of the dilution effect, milk fat percentage shows the opposite direction of the lactation curve for milk yield (Eicher, 2004; Ghavi Hossein-Zadeh, 2016), but fat yield follows a variation trend similar to milk yield over the lactation. When trying to apply milk composition as a nutritional evaluation tool, these fluctuations should be noticed. Although several researchers have studied the genetic analysis of the persistency for milk yield and components in dairy cattle (Cole and Null, 2009; Khorshidie et al., 2012; Canaza-Cayo et al., 2015), limited studies have been performed to estimate genetic parameters of persistency for milk production traits in buffaloes (Ghavi Hossein-Zadeh et al., 2017). Therefore, the objective of the present study was to estimate the heritability and genetic trend of distinct persistency measures for milk fat yield and their genetic correlations with 270-day milk yield in Iranian buffaloes using random regression test-day models.



MATERIALS AND METHODS


Data

Records of test-day milk fat yield belonging to the first three lactations of Iranian native buffaloes in 523 herds consisting of 43,818 records were provided by the Animal Breeding Center and Promotion of Animal Products of Iran during 1996–2012. According to climatic conditions, Iranian native buffaloes can be grouped into three main classes: Azari ecotype, Kuhzestani ecotype, and Mazandarani or North ecotype (Ghavi Hossein-Zadeh et al., 2012). Borghese (2005) and Ghavi Hossein-Zadeh (2015a, b) described the overall management practices and population structure of buffaloes in Iran. Outliers that appeared to deviate markedly from other observations in the original data set were discarded. Therefore, the subsequent analyses included only production records corresponding to the first three lactations in which days in milk (DIM) were between 5 and 270. Calving ages ranged between 24–60, 39–76, and 54–100 months for the first, second, and third lactations, respectively. The total number of test-day records per animal was from 4 to 9. Summary statistics of the edited data set are presented in Table 1. The number of animals, sires, and dams in the pedigree of Iranian buffaloes was 42,285, 549, and 6,376, respectively.


TABLE 1. Summary statistics of edited milk fat yield data used in this study.

[image: Table 1]


Statistical and Genetic Analysis

Legendre polynomial functions were chosen to fit the lactation curves in the framework of a random regression test-day model for estimating (co)variance components. Model specification and the choice of fixed effects to be included in the model were based on the backward elimination method and variables which were significant at P < 0.05 were considered in the model. To obtain the appropriate random regression test-day model for the genetic analysis of test day fat yield, with the minimum number of parameters, different orders of fit for random regression coefficients of additive genetic and permanent environmental effects were evaluated. Also, the optimum set of polynomials was selected according to the logarithm of the likelihood function at the point of conversion and the total number of parameters to be estimated. The difference of these models was based on the LPs applied to fit the covariance functions for additive genetic and permanent environmental effects. The maximum logarithm likelihood of the models was compared and models with the lowest values of this criterion were selected for further analysis. Test day records were analyzed using the following random regression model:

[image: image]

Where,

Yijmnptv : test day record i obtained at DIM t of cow p calved at the nth age in herd-test date m,

Gi : fixed effect of ith breed or ecotype,

YSj : fixed effect of jth calving year-season,

HTDm: fixed effect of mth herd-test date,

cf: the fth fixed regression coefficient for calving age,

agen: the nth calving age,

k: the order of fit for fixed regression coefficients (k = 2),

βr: the rth fixed regression coefficient,

ka: the order of fit for additive genetic random regression coefficients,

kp: the order of fit for permanent environmental random regression coefficients,

αpr: the rth random regression coefficient of additive genetic value for pth cow,

γpr: the rth random regression coefficient of permanent environmental effect for pth cow,

∅r(dimt): the rth coefficient of LPs evaluated at days in milk t,

eijmnptv: the random residual error.

All random regression analyses were conducted using the Average Information Restricted Maximum Likelihood (AIREML) algorithm of the WOMBAT program (Meyer, 2006).



Lactation Persistency Measures

The following measures were used to describe lactation persistency in this study. These measures were modified based on the lactation curve conditions of buffaloes and adapted for 270 days lactation period:

1. The average of EBVs for test day fat yield from day 226 to day 270 as a deviation from the average of EBVs from day 44 to day 62 [adapted from Kistemaker (2003)]:

[image: image]

2. A summation of contribution for each day from day 53 to day 247 as a deviation from day 248 [adapted from Cobuci et al. (2007) and Jakobsen et al. (2002)]:

[image: image]

3. The difference between EBVs for day 257 and day 80 [adapted from Cobuci et al. (2004, 2007)]:

[image: image]

Small absolute values of the abovementioned measures indicate a high lactation persistency. If [image: image] was a (ka×1) vector of the estimates of additive genetic random regression coefficients specific to the animal i, and Zt was a (ka×1) vector of LP coefficients evaluated at day t, the EBV of animal i for day t was calculated as follows:

[image: image]

Therefore, the EBV of animal i for 270-day production was obtained by summing the EBVs from day 5 to day 270:

[image: image]

Where, Zc270 is a vector of the summations of LPs corresponding to total lactation yield. In addition to the 270-day yield, we could estimate a Z_c corresponding to each persistency measures used in the current study as follows:

For the first lactation fat yield:

[image: image]

For second lactation fat yield:

[image: image]

For third lactation fat yield:

[image: image]



Estimation of Genetic Parameters and Genetic Trends

The following formulas were applied to estimate additive genetic, permanent environmental and residual variances and heritabilities for different measures of persistency for fat yield and 270-day milk yield:

[image: image]
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Where, Ka and Kpe are matrices of direct additive genetic and permanent environmental (co)variances of random regression coefficients, [image: image], [image: image], [image: image], and [image: image] are the additive genetic, permanent environmental, phenotypic variances, and heritability estimate for ith persistency measure and [image: image], [image: image], [image: image], and [image: image] are the additive genetic, permanent environmental, phenotypic variances, and heritability estimate for 270-day milk yield, respectively. [image: image] is a constant residual variance estimated for each day of lactation and [image: image], [image: image], [image: image], and [image: image] are residual variances for persistency measures PM1, PM2, PM3, and 270-day milk yield, respectively. Also, phenotypic variances were obtained by summing the genetic, permanent environmental, and residual variances for different persistency measures and milk yield. Estimates of genetic correlations among persistency measures and with 270-day milk yield were obtained as follows:

[image: image]

Where, σa(pi,pj), σa (pi,EBV270MY), Ra(pi,pj), and Ra(pi,EBV270MY) are genetic covariances and correlations between persistency measures and 270-day milk yield, respectively. Estimates of genetic trends for persistency measures were obtained by regressing the average EBVs on the calving year of animals.



RESULTS

The orders of fit for different random regression test-day models of milk fat production are given in Table 2. The maximum log-likelihood values of test-day models 1, 10, and 10 differed significantly (P < 0.05) from the other models for fat yield in the first three lactations, respectively. Thus, models 1, 10, and 10 were chosen to fit the additive genetic and permanent environmental effects for the analysis of fat production in the first three lactations of buffaloes, respectively.


TABLE 2. Orders of fit for different random regression test-day models of milk fat yield evaluated in this study.

[image: Table 2]Heritability estimates of persistency measures for fat production and estimates of genetic correlation among distinct fat yield persistency measures with each other and with 270-day milk production in Iranian buffaloes are presented in Table 3. Heritability estimates for PM1, PM2, and PM3 ranged between 0.20–0.48, 0.36–0.47, and 0.19–0.35 for the first, second, and third lactations, respectively. In general, heritability estimates fluctuated largely among lactations and persistency measures. The highest estimate of heritability was observed for PM1 in the third lactation (0.48), while the lowest one was recorded for PM3 also in the third lactation.


TABLE 3. Heritability estimates of different persistency measures for milk fat yield and genetic correlations among distinct fat yield persistency measures with each other and with 270-day milk production in Iranian buffaloes.

[image: Table 3]Genetic correlation estimates among various measures of persistency were generally high and ranged from 0.98 to 0.99 (between PM1 and PM2), from −0.98 to −0.87 (between PM1 and PM3), and from −0.99 to −0.95 (between PM2 and PM3) over the first three lactations, respectively. Also, genetic correlation estimates between persistency measures and milk yield were mostly low and varied from 0.00 to 0.24 (between PM1 and 270-day milk yield), from −0.19 to 0.13 (between PM2 and 270-day milk yield), and from −0.02 to 0.00 (between PM3 and 270-day milk yield) across the first three lactations, respectively (Table 3).

Variation of milk yield and milk fat yield across the first three lactations of Iranian buffaloes are depicted in Figures 1, 2. The trend of observed milk yield and milk fat yield for all lactations increased from day 5 of lactation to a peak several weeks later, declining thereafter until day 270. Genetic trends of persistency measures for milk fat yield are illustrated in Table 4. In general, all estimates are very low and not significant (P > 0.05). Therefore, they would not be considered different from zero. Changes in EBVs of buffaloes for three persistency measures of milk fat yield according to calving year and lactations are illustrated in Figures 3–5. In general, irregular fluctuations were observed in the annual mean predicted breeding values of animals for different persistency measures across the first three lactations.
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FIGURE 1. Variation of milk yield across the first (A), second (B), and third (C) lactations in Iranian buffaloes.



[image: image]

FIGURE 2. Variation of milk fat yield across the first (A), second (B), and third (C) lactations in Iranian buffaloes.



TABLE 4. Estimates of genetic trends for various persistency measures of fat production in buffaloes.
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FIGURE 3. Variation in estimated breeding values of animals for persistency measures of milk fat yield according to calving year in the first lactation.
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FIGURE 4. Variation in estimated breeding values of animals for persistency measures of milk fat yield according to calving year in the second lactation.
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FIGURE 5. Variation in estimated breeding values of animals for persistency measures of milk fat yield according to calving year in the third lactation.




DISCUSSION

For many years, the breeding objectives of dairy animals emphasized increased milk yield. But negative genetic associations were observed between numerous functional characters with production traits, and decreases in genetic excellence for fitness and health have been detected in dairy farms (Egger-Danner et al., 2015). The management practices must be directed toward the compensation of these effects and to equalize reproduction performance, metabolic diseases, and udder health vs. enhanced production to maximize profit without any negative impact on animal welfare. Because concerns on animal welfare and consumers’ appeal for natural and health products are increasing, the functional traits have received greater importance in animal breeding programs (Egger-Danner et al., 2015). In this regard, it is required to have valid genetic parameter estimates for outstanding traits related to the farm profit, including functional traits, in the animal breeding programs (Fleming et al., 2018). Interest to include new traits in the current animal breeding programs is extending to improve simultaneously the production and reproduction performance along with animal health and well-being in dairy farms. Although, for the inclusion of a specific trait into a genetic selection program, it would be inheritable, profitable, quantifiable, and changeable (Wood et al., 2003). Although, there were some reports on the genetic analysis of persistency measures for milk components in dairy cows (Cole and Null, 2009; de Oliveira Biassus et al., 2010), to the knowledge of authors, this is the first report on the genetic analysis of fat production persistency measures in buffaloes.

In general, medium to high heritability estimates for three milk fat persistency measures in this study could be due to the reasonable additive genetic variations for these traits indicating that improvement in these traits could be attained by genetic selection. Regardless of the simpler estimation of PM3 in contrast to other measures of persistency, the estimate of heritability for this measure was between the estimates of heritability for PM1 and PM2 measures for fat yield in the first lactation and had the smallest estimate in second and third parities. If a measure of persistency had higher heritability compared with other measures, this measure would be an appropriate measure to be considered in the selection objective (Ghavi Hossein-Zadeh et al., 2017). Respecting this explanation, the PM2 measure would be regarded as the selection criterion in the first lactation, but the measure of PM1 would be included as a selection objective in the second-, and third parities. Although there is no report of genetic parameters for persistency measures of fat yield in buffaloes, Cole and Null (2009) reported the estimates of heritability for fat production persistency measure varied from 0.07 to 0.12 in five breeds of dairy cows. Also, de Oliveira Biassus et al. (2010) reported the heritability estimates for fat yield persistency measures ranged from 0.00 to 0.23 in primiparous Holstein cows. Besides, Gengler (1995) estimated the heritability for fat yield persistency measure would be equal to 0.06 in dairy cows. In general, several factors could influence the variation in heritability estimates for milk fat yield persistency obtained in different studies, including the breed of the animal, within-population genetic diversity, management procedures, environmental conditions, and methods used for estimating genetic parameters. According to de Oliveira Biassus et al. (2010), different factors would influence the variations of heritability estimates for persistency measures among studies: the definition of persistency measure as absolute or relative terms, the statistical adequacy of the specific measure of persistency for under study population, the lactation period used to calculate the measure of persistency, and the method or model used to calculate a specific persistency measure. Compared with the first and third lactations, less variation in heritability estimates between the three persistency measures in the second lactation would be due to the differences in lactation curves, yield persistencies, and variation of records across the first three lactations.

The production difference in two different parts of the lactation would be evaluated by the PM1 and PM3 persistency measures (Ghavi Hossein-Zadeh et al., 2017). Compared with PM1 and PM3 measures, the PM2 measure displayed a domain below the lactation curve at a definite time that has been adjusted for yield at the end section of that period (Khorshidie et al., 2012). The procedure for defining the PM2 and PM3 persistency measures resulted in a high and negative genetic association between them. The positive genetic correlations between PM1 and PM2 are proof for the same genetic and physiological systems managing these persistency measures and would cause the same ranking of buffaloes according to these criteria in breeding and genetic schemes (Ghavi Hossein-Zadeh et al., 2017). Contrarily, high negative genetic correlations between PM3 with two other persistency measures implied the existence of various mechanisms to govern them. In general, low genetic correlations between different persistency measures for fat yield with milk production point out that selection for a persistency measure for milk fat yield would slightly affect milk yield. In a selection program, it would be favorable to have persistency measures that had low genetic correlations with milk yield (Dekkers et al., 1998; Ghavi Hossein-Zadeh et al., 2017). According to this explanation and regarding the low genetic correlations of persistency measures for fat yield with milk production in the present study, all three measures would be considered as selection criteria that were relatively independent of production level in buffaloes. This finding indicates that a buffalo cow with the highest EBV for 270-day milk yield does not necessarily has the highest EBV for fat yield persistency and vice versa. In the other words, low estimates of genetic association between fat yield persistency measures with milk production signified that buffaloes with the identical quantity of 270-day milk yield could have a distinct extent of persistency across the lactation period (Jamrozik et al., 1998; Cobuci et al., 2007; Ghavi Hossein-Zadeh et al., 2017). The appropriateness of genetic correlation between a specific persistency measure for milk fat yield and milk production depends on the positive or negative mean of the persistency measure in the population under study (Khorshidie et al., 2012). Generally similar to the results of the present study, Cole and Null (2009) observed the estimates of genetic associations between persistency measure of fat yield with 305-day milk production varied from 0.07 to 0.29 in five breeds of dairy cows.

Predicting accurately the animals’ breeding value is an appropriate way to increase the genetic gain in a specific breeding scheme (Ghavi Hossein-Zadeh, 2012). The successfulness of a selection scheme would be assessed by testing the actual alteration in breeding value indicated as a fraction of the expected theoretical modification in the average breeding value of the character under study (Jurado et al., 1994; Ghavi Hossein-Zadeh, 2012). Non-significant genetic progress estimated for all fat production persistency measures in the present study and irregular changes in average EBVs of animals over the years demonstrated the non-presence of a clear breeding design for making better the lactation persistency for fat yield in Iranian buffaloes until now. A possible reason for the non-significant genetic trends of milk fat persistency measures would be the low and close to zero estimates of genetic correlation between fat yield persistency measures and 270-day milk yield in the population under study.



CONCLUSION

The persistency measures of fat yield proposed in the present study had favorable low genetic correlations with 270-day milk production. These low correlations would be a benefit in designing a selection program to enhance the milk yield in Iranian buffaloes because buffaloes with the identical quantity of 270-day milk yield could have a distinct extent of persistency across the lactation period. The PM2 measure had the highest heritability estimate for the first lactation buffaloes, but the PM1 measure had the highest estimate in the second- and -third lactations. Therefore, the PM2 measure would be regarded as the selection criterion in the first lactation, but the measure of PM1 could be suggested as a selection objective in the second- and third parities. Based on the results of this study, it would be necessary to consider the persistency of fat yield in the selection objective of buffaloes in Iran together with main characters such as production and reproduction traits, and persistency for milk production.
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The swamp buffalo is a domesticated animal commonly found in Southeast Asia. It is a highly valued agricultural animal for smallholders, but the production of this species has unfortunately declined in recent decades due to rising farm mechanization. While swamp buffalo still plays a role in farmland cultivation, this species’ purposes has shifted from draft power to meat, milk, and hide production. The current status of swamp buffaloes in Southeast Asia is still understudied compared to its counterparts such as the riverine buffaloes and cattle. This review discusses the background of swamp buffalo, with an emphasis on recent work on this species in Southeast Asia, and associated genetics and genomics work such as cytogenetic studies, phylogeny, domestication and migration, genetic sequences and resources. Recent challenges to realize the potential of this species in the agriculture industry are also discussed. Limited genetic resource for swamp buffalo has called for more genomics work to be done on this species including decoding its genome. As the economy progresses and farm mechanization increases, research and development for swamp buffaloes are focused on enhancing its productivity through understanding the genetics of agriculturally important traits. The use of genomic markers is a powerful tool to efficiently utilize the potential of this animal for food security and animal conservation. Understanding its genetics and retaining and maximizing its adaptability to harsher environments are a strategic move for food security in poorer nations in Southeast Asia in the face of climate change.
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INTRODUCTION

The majority (~97%) of the 207 million buffalo population in the world is found in Asia, wherein about 20.51% are swamp buffaloes (FAOSTAT, 2018). There are two types of water buffaloes: swamp buffaloes and river buffaloes. Swamp buffaloes are mainly found in China and Southeast Asian countries. River buffaloes’ populations are larger than swamp buffaloes’ populations. They differ in chromosome number, phenotypic characteristics, and geographical locations, where they are usually found (Degrandi et al., 2014; Colli et al., 2018; Zhang et al., 2020).

Swamp buffaloes in Southeast Asia are raised by smallhold farmers because of their powerful draft capacity (OECD, 2017). This animal is utilized mostly for land cultivation; though it also provides milk, meat, hide, and horn, which are additional income sources to the farmers. However, due to increased farm mechanization, swamp buffalo have declined in value and its production has decreased by 4.92% for the last two decades (FAOSTAT, 2018). While swamp buffalo still holds a significant role in farmland cultivation, the purpose of this animal has shifted from draft power to meat and milk production.

One way to address the decline in production of swamp buffalo is to use genomic markers to selectively breed this animal for food security and conservation. Many countries in Southeast Asia have only started their breeding programs for swamp buffaloes in recent decades. Genetic improvement for buffalo in Thailand started in 1979 through their Department of Livestock Development. Genetic evaluation procedures, such as using estimated breeding values (EBVs), were conducted as part of their selection criteria for superior swamp buffaloes (Sanghuayphrai et al., 2013). Although genetic evaluation procedures are used in Thailand, breeding improvement and disease prevention are still lacking in some buffalo herds, leading to its low productivity, and hence highlight the need for upgraded buffalo management (Koobkaew et al., 2013; Sapapanan et al., 2013; Suphachavalit et al., 2013).

In the Philippines, a centralized research agency – Philippine Carabao Center (PCC) was established in 1992 to strengthen research and development on the Philippine carabaos. The PCC has several programs, such as the nationwide dispersal of semen for artificial insemination and bull loan programs, to upgrade buffaloes (Cruz, 2015). Cross breeding of the two types of water buffalo was carried out to improve the efficiency of the animal as their progeny showed increased body weight and milk production when compared to local swamp buffaloes. However, the crossbred progeny showed a decline in reproductivity, and hence backcrossing with a purebred swamp- or river-type was done to produce a ¾ Philippine swamp-type for draft power or ¾ river-type for dairy, respectively (Salas et al., 2000; Cruz, 2015). Genetic evaluation has also been done to select elite animals to improve milk traits in the Philippine dairy buffaloes (Herrera et al., 2018).

While there is no centralized agency exclusively for the development of water buffaloes in Malaysia, Indonesia, and Vietnam, regional efforts have been carried out to increase the performance of buffaloes in terms of reproductive performance, weight gain, and meat and milk production (Suryanto et al., 2002; Othman, 2014; Ariff et al., 2015). Buffalo management in Indonesia still follows the traditional approach leading to low productivity of the animal due to poor breeding plans, which has led to inbreeding within the population (Komariah et al., 2020). Despite breeding inefficiency, buffalo rearing by smallhold farmers is expected to contribute to the development of dairy industry in Indonesia. Vietnam produced and consumed more buffalo meat than beef; however, limited resources for research have stumped its intensified breeding program and buffalo development (Nguyen, 2000).



CYTOGENETICS, PHYLOGENY, DOMESTICATION, AND MIGRATION

River and swamp buffaloes have 50 and 48 chromosomes, respectively. Although their chromosome numbers are dissimilar, these two sub-species can produce fertile offspring when crossed, which inherits 49 chromosomes due to the preserved characteristics of its chromosome arms (Degrandi et al., 2014). However, reproductivity is decreased in the hybrid progeny (Harisah et al., 1989; Borghese, 2011). This difference in chromosome number between the swamp and river buffalo is due to a tandem fusion translocation between river buffalo chromosomes 4 and 9 and swamp buffalo chromosome 1 (Di Berardino and Iannuzzi, 1981; Harisah et al., 1989), which was later confirmed when swamp buffalo genome assembly was made available (Luo et al., 2020). Studies on the karyotypes of swamp buffaloes that originated from the Philippines, Thailand, Malaysia, and Brazil showed conflicting results on the centromeres’ positions but they all agreed that the species has 48 chromosomes (Bondoc et al., 2002; Supanuam et al., 2012; Degrandi et al., 2014; Shaari et al., 2019). There are at least two possible reasons that account for differences in the centromeres’ positions: (1) different methods were used in the cytogenetic study (e.g., an addition of alcohol might have affected the arrangement of the chromosomes) and (2) subjective determination of each chromosomes’ centromere locations. Further investigation using a standardized method is needed to confirm the typical karyotype of swamp buffaloes.

Both river- and swamp-type have the same ancestral origin from wild Asiatic buffalo, Bubalus arnee (Cockrill, 1981). There is genetic separation for the two types of water buffaloes (Figure 1) and divergence between them is higher than the divergence observed between cattle subspecies (Yindee et al., 2010). Interestingly, comparison between river- and swamp-type buffaloes showed higher genetic variation within swamp populations despite the homogenous characteristics of their phenotypes and small number of breeds (Zhang et al., 2016; Paraguas et al., 2018; Sun et al., 2020b).
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FIGURE 1. Phylogenetic analysis of mtDNA partial D-loop of swamp buffalo, Murrah buffalo, and three outgroup species was inferred by using a Maximum Likelihood method and a Tamura 3-parameter model in MEGA-X (Tamura, 1992; Kumar et al., 2018). Sequences were downloaded from the GenBank with the following accession numbers: Laos swamp buffalo (PopSet: 1174238592, KR008969-KR009068), Myanmar swamp buffalo (PopSet: 1174238592), Malaysia swamp buffalo (PopSet: 1605320276), Vietnam swamp buffalo (PopSet: 1174238592, 966874160), Philippines swamp buffalo (FJ873676-FJ873683), Thailand swamp buffalo (PopSet: 1174238592, KR008886-KR008939), Murrah buffalo – river-type buffalo (NC_049568), Cattle (NC_006853), American bison (NC_012346), and Yak (NC_006380). Initial trees were obtained by applying Neighbor-Join and BioNJ algorithms to a matrix of pairwise distances estimated using the Maximum Composite Likelihood (MCL) approach, and then selecting the topology with superior log likelihood value. One thousand bootstraps were done and their percentage values are displayed in the nodes.


Divergence of the water buffalo to river- and swamp-type is estimated to have happened from 10 Kya to 1.7 Mya with the most probable period being from around 230 Kya or 900–860 Kya based on overlapping events such as geographical changes and concurrences from multiple studies (Tanaka et al., 1996; Wang et al., 2017; Sun et al., 2020a).

Swamp buffalo during post-domestication period followed two separate migration events from about 3,000 to 6,000 years ago in Asia (Wang et al., 2017). One was from Indochina border spreading around mainland China to the Philippines and the other was from mainland Southeast Asia and Southwest China border disseminating down to Indonesia (Zhang et al., 2016; Wang et al., 2017; Colli et al., 2018; Sun et al., 2020b). There is a genetically distinct population of swamp buffaloes in Southeast Asia that is thought to have arisen from the founder effect (Zhang et al., 2016; Colli et al., 2018; Sun et al., 2020b). A rare haplogroup was found in Thailand by Sun et al., 2020b using mtDNA D-loop sequences, which supported the hypothesis that Thai buffalo population may have come from an ancestral lineage (Colli et al., 2018). Considering that the wild Asiatic buffalo still exists in some parts of Thailand (Sarataphan et al., 2017), the ancestor of water buffalo may have also originated in mainland Southeast Asia (Lau et al., 1998).



GENETIC SEQUENCE AND RESOURCE AVAILABILITY

The whole genome sequence of a Mediterranean breed (UMD_CASPUR_WB_2.0) river buffalo was released in the NCBI in 2013 and published 4 years later (Williams et al., 2017; Table 1). A 90K SNP Buffalo Genotyping Array (Iamartino et al., 2013, 2017) has been available for use by researchers in the past few years; however, the SNP panel was created using a cattle reference genome (UMD3.1). The disadvantage of using the SNP panel for water buffalo is that it only represents 75% and 24.5% of the high quality, known polymorphic SNPs of river- and swamp-type buffaloes, respectively. The majority of the samples used in the SNP validation belonged to river buffalo, and hence a specific SNP panel for the swamp buffaloes is recommended since it is underrepresented in the 90K SNP Panel (Iamartino et al., 2013, 2017; Colli et al., 2018). Despite the limitation of missing some water buffalo specific SNPs, the genotyping array is still useful for genomic studies in river buffaloes but its usefulness remains limited in swamp buffalo (Herrera et al., 2016).



TABLE 1. Genome assemblies and resources available for water buffalo.
[image: Table1]

The river buffalo assembly based on the same animal used to create UMD_CASPUR_WB_2.0 was recently upgraded using long read sequencing for contig assembly and chromatin conformation capture technologies for scaffolding. The final assembly is called as UOA_WB_1 (Low et al., 2019) and is the best representative assembly of the river buffalo based on contiguity metric such as contig N50 (Table 1). The next assembly upgrade for the river buffalo will be a completely haplotype-resolved genome as demonstrated in cattle (Low et al., 2020). There are eight river buffalo assemblies but only one swamp genome assembly (Luo et al., 2020) in the literature and public databases. Besides genome assemblies and SNP panel, there are transcriptome resources that were used to create a large-scale gene expression atlas for the river buffalo and 3 million intestinal microbial gene catalogs from both buffalo and cattle (Williams et al., 2017; Zhang et al., 2017; Young et al., 2019).



COMPARISONS BETWEEN RIVER AND SWAMP BUFFALOES

The latest river buffalo reference assembly (UOA_WB_1) is approximately 2.5 times more contiguous than the best swamp buffalo assembly (GWHAAJZ00000000) based on contig N50. Both of these assemblies benefited from long read PacBio sequencing to preserve assembly continuity and scaffolding with Hi-C reads has helped to produce chromosome-scale scaffolds. However, despite the availability of an impressive genome assembly, only about 0.76% of the submitted water buffalo nucleotide sequences were from swamp buffaloes in the GenBank as of January 2021. The river buffalo sequences represented the majority of water buffalo sequences in the public database. Additionally, there were only 17 genes for swamp-type, if one excluded the annotation from the recent swamp genome (Luo et al., 2020), which was a few magnitudes lower than the ~35,000 genes submitted for river-type buffaloes.1

Genomic regions that may be under selection have been analyzed in both swamp and river buffaloes. Interestingly, swamp buffaloes showed the signs of selection in docile behavior, muscle development, and fatigue resistance (Luo et al., 2020; Sun et al., 2020a). Among the genes under selection, HDAC9 was found to be associated with muscle development in other species (Mei et al., 2019; Sun et al., 2020a). Luo et al. (2020) study on swamp buffalo genome also showed the expansion of AMD1 gene that promotes muscle growth. This suggests the possibility of prospecting swamp buffaloes as a meat resource. Two critical starch digestion-enzyme genes, AMY2B and SI, were also identified that makes this species unique from other ruminants, which may suggest a new mechanism for adapting to rumen acidosis (Luo et al., 2020).

Signature of selection in river buffaloes showed over-representation in genes associated with immune-response, milk production, growth, and feed efficiency, which can be due to selection for milk production (Luo et al., 2020; Sun et al., 2020a). From the genes identified, thyroglobulin gene was associated with milk and meat quality traits, and was found to be a good candidate gene marker for meat marbling and milk fat percentage (Gan et al., 2008; Dubey et al., 2015).

Genetic variations in DGAT1, MUC1, INSIG2, and GHR in both river and swamp buffaloes were also associated with milk components, milk yield, and mastitis resistance, which are potential candidates for genetic selection (Deng et al., 2016; Li et al., 2018; da Rosa et al., 2020; El-Komy et al., 2020).



CHALLENGES AND OPPORTUNITIES

While Southeast Asian countries are experiencing improvements in agricultural productivity, it still remains relatively small (OECD, 2017). Considering the limited number of available genetic sequences and studies of swamp buffalo, it can be said that research funding allocation for this animal is low when compared to other bovine species. Countries from Southeast Asia should take a more progressive approach in studying the animal through genome science. Given the limited budget for research and development, this may be challenging as the costs for genomic research is high. Nevertheless, the trend of smaller farm sizes, increases in population and the effect of climate change, as well as agricultural innovations and developments, will likely push swamp buffalo farming toward intensified, profitable, and efficient farming (OECD, 2017).

Incorporation of genomic selection in genetic improvement programs has proven its success in dairy cattle and other livestock species, but which usually carried out in large-scale breeding programs and with intensive breeding selection (Sonstegard et al., 2001; Miller, 2010; Dekkers, 2012; Xu et al., 2020). On the contrary, local breeds are usually farmed in smaller population size and remain inferior in terms of productivity. Although the incorporation of genome science will maximize genetic gains of the animals, and hence an increase in productivity and income, the costs are relatively higher on a per animal basis (Iamartino et al., 2013; Biscarini et al., 2015). Despite the opportunities in breeding swamp buffaloes, economic constraints in smallhold farming remain a challenge for large scale and cost-effective genetic improvement programs (Biscarini et al., 2015; El Debaky et al., 2019). Nonetheless, the improvement of breeding stock through EBVs and proper management has shown significant increase in milk production in the Philippines, which demonstrated the value of systematic breeding programs for dairy buffalo (Flores et al., 2007). Rural farmers have seen buffalo rearing as a less risky source of income when compared to recurrent crop failures due to calamities such as typhoons and droughts (Escarcha et al., 2020). For example, through the support from government and organized groups, buffalo rearing holds the promise to enable sustainable living in smallhold farmers in the Philippines (Del Rosario and Vargas, 2013).

Genome editing (GE) technologies use zinc-finger nucleases, transcription activator-like effector nucleases and clustered regularly interspaced short palindromic repeats (CRISPR)/Cas9 to reproduce animals with economically important traits (Lee et al., 2020). It has been used in livestock species to produce polled (i.e., hornless) cattle (Young et al., 2020), mastitis resistant cows through insertion of lysozyme gene (Liu et al., 2014) and enhanced wool quality in goats and sheep by altering their FGF5 gene (Hu et al., 2017; Li et al., 2017, 2019). The GE system has also been used to edit the swamp buffalo GDF8 gene in cell line, which is a regulatory gene for myostatin that inhibits muscle development and differentiation (Su et al., 2018; Lee et al., 2020). Gene knockout of GDF8 can increase the production of meat in cattle, goat, and sheep as double muscling was observed in experimental animals (Proudfoot et al., 2015; He et al., 2018; Wu et al., 2018; Ding et al., 2020). Examples of GE in water buffalo are limited but the opportunity to use this technology to enhance their economic traits remains to be explored. The applications of GE in livestock need to adhere to ethical standards and regulatory policies (McFarlane et al., 2019) that vary between countries. For example, the hornless cattle created using GE tools by the company Recombinetics was meant to proceed further in Brazil, but the plan was abandoned when unintended integration of plasmid was found in edited animals (Molteni, 2019; Norris et al., 2020). AquAdvantage salmon and GalSafe pigs are the only approved genetically modified animals for food specifically in United States and Canada (FDA, 2020).2 In Asia-Pacific region, it is unclear if livestock made using GE technologies will be acceptable in the near future (FAO, 2019).

Precision livestock farming (PLF) incorporates artificial intelligence technology to automatically monitor and manage animal production, predicts solutions for problems that may arise in the farm, and uses deep learning for genomic prediction (Banhazi et al., 2012; Pérez-Enciso and Zingaretti, 2019; Tullo et al., 2019). PLF assists large farms to be economically and environmentally sustainable; however, the cost of PLF still outweighs its efficiency for smallhold farmers (Hostiou et al., 2017; Carillo and Abeni, 2020). Genomic prediction using deep learning requires large datasets that are currently unavailable for the swamp buffalo. While PLF should be embraced in Southeast Asia, the limitation of high cost means its application to swamp buffalo farming remains infeasible in the near future.

Microbiome analysis for swamp buffaloes showed intrinsic difference to cattle microbiota that might explain buffalo’s efficiency in digesting fibers (Zhang et al., 2017; Iqbal et al., 2018). Rumen manipulation to reduce methane emission is also of interest in livestock management as it decreases the environmental impact of livestock production (Ungerfeld, 2018). In large-scale farmed populations, besides rumen related measurements, there are other low-cost proxies such as body weights and high-throughput milk mid-infrared that are also suitable to monitor methane emission (Negussie et al., 2017). Management and genetic improvement of swamp buffalo based on combination of these proxies may lead to production animals with less negative environmental footprint (Negussie et al., 2017; Ungerfeld, 2018).

With the increasing demand for food and mechanization in farming, swamp buffalo should be bred for meat and milk production through wide-scale or institutionalized development programs (Palacpac, 2010; Cruz, 2013). Buffaloes are well suited for tropical climate of Southeast Asia, and thus there is potential in upgrading local buffaloes to maximize milk production, which cannot be easily done with species maladapted to hotter and humid climates. Although swamp buffaloes are still susceptible to heat stress (Upadhyay et al., 2007; Rojas-Downing et al., 2017), their wallowing behavior and adaptability to warm conditions give them an advantage for hotter climate (Nardone et al., 2010).



CONCLUSION

The potential of swamp buffaloes in food production is still untapped and genome research to increase its production is still limited. Understanding the capabilities of this species through a genomic approach can increase its productivity and benefit the farmers in the long run. The availability of high-quality swamp buffalo assembly is a leap forward in swamp buffalo genome science, because it opens up opportunities for technological advancement such as the creation of SNP panels specific to swamp buffalo for genetic improvement, diagnosis of diseases, and the study of genetic diversity. Although the cost of genomics is expensive and remains a challenge for developing countries in Southeast Asia, the opportunities to improve this animal for milk and meat production and animal conservation remain to be explored. With the rapid progress of technology and changing climates, rearing swamp buffaloes is a strategic option to increase smallhold farmers’ income. Breeding the animals through genomic selection is a good strategy to select meat and milk type swamp buffaloes while retaining its adaption to hotter, humid climates.
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Buffalo is a luxurious genetic resource with multiple utilities (as a dairy, draft, and meat animal) and economic significance in the tropical and subtropical regions of the globe. The excellent potential to survive and perform on marginal resources makes buffalo an important source for nutritious products, particularly milk and meat. This study was aimed to investigate the evolutionary relationship, physiochemical properties, and comparative genomic analysis of the casein gene family (CSN1S1, CSN2, CSN1S2, and CSN3) in river and swamp buffalo. Phylogenetic, gene structure, motif, and conserved domain analysis revealed the evolutionarily conserved nature of the casein genes in buffalo and other closely related species. Results indicated that casein proteins were unstable, hydrophilic, and thermostable, although αs1-CN, β-CN, and κ-CN exhibited acidic properties except for αs2-CN, which behaved slightly basic. Comparative analysis of amino acid sequences revealed greater variation in the river buffalo breeds than the swamp buffalo indicating the possible role of these variations in the regulation of milk traits in buffalo. Furthermore, we identified lower transcription activators STATs and higher repressor site YY1 distribution in swamp buffalo, revealing its association with lower expression of casein genes that might subsequently affect milk production. The role of the main motifs in controlling the expression of casein genes necessitates the need for functional studies to evaluate the effect of these elements on the regulation of casein gene function in buffalo.

Keywords: buffalo breeds, caseins, evolution, regulatory regions, milk yield


INTRODUCTION

Buffalo is a luxurious genetic resource with multiple utilities (as a dairy, draft, and meat animal) and economic significance in the tropical and subtropical regions of the globe (Rehman et al., 2019, 2020; Luo et al., 2020). The domesticated buffalo is grouped into river buffalo with karyotype 2n = 50 primarily present in southwestern Asia, India, south Mediterranean Europe, and Egypt and swamp buffalo with 2n = 48 distributed across Southeast Asia, southern and southeast China, where the swamp buffalo is used as draft power in the rice paddy fields while the river buffalo is mainly reared for milk production (Moioli et al., 2001; Fan et al., 2020; Luo et al., 2020). The excellent potential to survive and perform on marginal resources under harsh environmental conditions makes buffalo an important source for nutritious products, particularly milk and meat. Buffalo contributes about 13% of global milk production where the river buffalo produces 2,000 kg milk per year and swamp buffalo annual production is 500–600 kg (Basilicata et al., 2018; Fan et al., 2020; Lu et al., 2020). Moreover, the physio-chemical characteristics of buffalo milk are different from cow milk, and buffalo milk is relished due to its peculiar taste and higher butterfat content (Li et al., 2020).

Buffalo milk contains higher protein, fat, and total solid contents relative to dairy cow milk (Ahmad et al., 2013). The milk proteins are broadly categorized into whey (serum) protein and casein protein families based on their physio-chemical properties. Casein (CN) is the major milk protein, contributing 80% of the whole milk proteins including α-s1-CN, α-s2-CN, β-CN, and k-CN. Each CN protein has its unique amino acid configuration, genetic and functional properties (Fan et al., 2020). Milk CNs are physiologically important as they provide food to the newborn and are associated with milk processing properties and lactation behaviors of dairy animals (Nilsen et al., 2009).

Notably, the CN protein is characterized into calcium-sensitive αS1, αS2, and β caseins, in young one sustenance bone growth through providing calcium, and phosphorus enriched stable micelles, and the Ca-insensitive κ-casein (Pauciullo and Erhardt, 2015). So far, in mammals, caseins are the main constituent of milk proteins. The casein proteins coding genes CSN1S1 (αs1-casein), CSN1S2 (αs2-casein), CSN2 (β-casein), and CSN3 (κ-casein), have been mapped in the 250-350kb genomic DNA cluster on chromosome 6 in sheep, goat, and cattle (Rijnkels, 2002).

Casein is considered a powerful molecular model for evolutionary research (Kawasaki et al., 2011). It is also a useful tool to better understand the genetic architecture of less-studied species, phylogenetic relationships among mammalian species, and domestic animals, particularly the buffalo breeds (rive and swamp). From a physiological standpoint, there is a difference in milk yield and composition traits, including protein, fat, and solid contents among different species or breeds, suggesting the potential role of gene regulatory regions in these breeds. Exploring the genetic architecture and evolutionary processes is imperative to understand the regulatory mechanisms of the casein gene family in the buffalo. This study aims to investigate the evolutionary relationship, physiochemical properties, comparative genomics, and gene regulatory regions analysis of the casein gene family in river and swamp buffalo.



MATERIALS AND METHODS

The sequences of different casein genes (CSN1S1, CSN2, CSN1S2, and CSN3) of Bos taurus were retrieved from NCBI1 and used as queries for the identification of casein genes from the buffalo genome. The buffalo (river and swamp) whole-genome sequences were downloaded from the Bigdata center and NCBI1,2. The Bos taurus casein protein sequences (XP_005208084.1, XP_024848786.1, XP_010804480.2, and XP_024848756.1) were used in BLAST search with an E value less or equal to 1.0 × e–5 with all default parameters, to retrieve non-redundant protein sequences of the buffalo. To avoid ambiguity, the redundancy of the sequences was checked. The chromosomal locations of casein genes were obtained from buffalo genome resources through the GFF file of annotated buffalo genome with corresponding gene positions in the MCScanX program as reported earlier (Wang et al., 2012).

The Maximum Likelihood method based on the JTT matrix model was used to infer the evolutionary history of representative species (Jones et al., 1992). The accessions number of amino acid sequences used to construct the phylogenetic tree and holology of the representative speices sequence are given in Supplementary Table S1. The likelihood phylogram of 44 amino acid sequences with the highest log (−1641.52) was downloaded and the percentage of trees in which the associated taxa clustered together presented next to the branches. A bootstrap value of 3,000 replicates was used and the percentage of resampling was visualized on the node of the phylogram. All the missing and gaped positions were eliminated and MEGA7 was used to conduct the evolutionary analyses (Kumar et al., 2016).

Moreover, the genomic and coding sequence data of casein genes from buffalo and cattle were submitted to Gene Structure Display Server 2.03, for gene structure analysis and visualization of untranslated regions and exon-intron structure (Hu et al., 2015). Additionally, 10 MEME (Multiple EM for Motif Elicitation) conserved motifs of caseins were explored using the MEME Suite4 (Bailey et al., 2006). The NCBI conserved domain (CDD) database was used to confirm the conserved domains5.

ProtParam tool was used to illustrate the physio-chemical properties of buffalo casein proteins including the isoelectric point (pI), grand average of hydropathicity (GRAVY), molecular weight (MW), number of amino acids, instability index (II), and aliphatic index (AI) (Gasteiger et al., 2003). Multiple sequence alignment of casein protein sequences was performed in Multiple Align Show to visualize the sequence variations and indels6.

The genomic sequences of casein genes of Mediterranean and swamp buffalo were subjected to the Promoter 2.0 Prediction Server7 to detect potential signals for putative transcription binding factor. The site with a score >1.0 was presumed as a high likelihood predicted site and the putative transcription binding factor site sequence was searched in the 100bp upstream regions from the high likelihood predicted site (Knudsen, 1999). Further, the genomic sequences were analyzed in TFBIND software8 by using the transcription factor database TRANSFAC R.3.4 weight matrix to find the transcription factor binding sites (Tsunoda and Takagi, 1999). According described previously, four potential transcription factor binding sites (GATA, TATA, STAT, and OCT1) (Hennighausen and Robinson, 1998; Robinson et al., 1998; Rosen et al., 1999; Wheeler et al., 2001; Wyszomierski and Rosen, 2001; Yamashita et al., 2001; Chughtai et al., 2002; Pauciullo et al., 2019) and one repressor site (YY1) (Helman et al., 1998; Tomic et al., 1999) in casein genes of Mediterranean and swamp buffalo in 100bp upstream regions of the potential signal site were calculated (Wyszomierski and Rosen, 2001). The significant difference for the distribution of putative transcription factor binding and repressor sites in Mediterranean and swamp buffalo was statistically evaluated by using a t-test with a P-value of < 0.05 as statistical significance. Moreover, the potential nuclear hormone receptor sites in the genome of Mediterranean buffalo were detected by using the NHR scan9.



RESULTS

The molecular phylogenetic analysis of representative bovine species revealed that all the casein gene sequences were clustered into four groups; CSN1S1, CSN2, CSN1S2, and CSN3 (Figure 1). Additionally, overall phylogenetic relationships revealed that Bubalus bubalis CSN gene family is more closely related to Bos mutus, Bos taurus, and Bos indicus sharing higher sequence homology about 93, 91, and 90%, respectively, as compared to the Capra hircus, Ovis aries and hybrid cattle with 86, 84, and 74% similarity respectively. Moreover, distantly related species included Camelus ferus and Equus caballus with 55 and 50% resemblance, respectively (Supplementary Table S2).


[image: image]

FIGURE 1. Molecular phylogenetic analysis of casein gene family (green; CSN1S1, blue; CSN1S2, red; CSN2 and fuchsia; CSN3) in representative species.


Furthermore, to perform the structural characterization of the CSN gene family in different species, analysis of gene organization, motifs pattern, and the conserved domains were carried out considering their phylogenetic relationships (Figure 2). In casein genes, 10 MEME conserved motifs were identified (Figure 2C). Motif 3 corresponding to 21 amino acid was annotated as kappa casein (K-CN) domain while motif 4, 5, and 6 were annotated as casein domain after the Pfams search (Table 1). The CDD BLAST was used to confirm the identified conserved domains (Figure 2D). Additionally, the ODAM and PHA03247 superfamily domain has also been dredged up in CSN genes (Figure 2D). Besides, the upstream and downstream untranslated regions (UTRs) and intron structure considerably varied, structural analysis of the gene indicated that buffalo CSN genes in the same group possess a corresponding number of introns and exons (Figure 2B). However, different CSN gene groups exhibited a variable pattern of introns and exons (Figure 2B).
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FIGURE 2. Phylogenetic relationships, gene structure, motif patterns, and conserved domain regions of the casein proteins gene family. (A) Phylogenetic relationship of 24 amino acid sequences of casein proteins. (B) Gene structure of casein. (C) Motif pattern. (D) Conserved domain regions of the casein proteins gene family. Ten putative motifs are indicated in different colored boxes. For details of motifs refer to Table 1.



TABLE 1. Ten differentially conserved motifs detected in casein protein (CSN1S1, CSN1S2, CSN2, and CSN3) gene family.
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Physiochemical properties of the CSN gene family in Bubalus bubalis was determined in terms of their distribution on the chromosome, exon count, molecular weight (Da), number of the amino acids (A.A) in each peptide, aliphatic index (AI), isoelectric point (pI), instability index (II) and Grand Average of hydropathicity Index (GRAVY) (Table 2). All the CSN genes were found on chromosome 7 in the region between ∼250 kb that harbors a variable number of exons and inconsistent length of the gene with amino acid residues (Table 2). The molecular weight of CN proteins ranged from 21 to 29 kDa. The CN peptides in buffalo were observed as unstable but thermostable proteins as the aliphatic index for all caseins had values > 65. Further, the pI values revealed that all CN proteins αs1-CN, β-CN, and κ-CN were acidic peptides except αs2-CN which behaved slightly basic in nature (Table 2). Lower values of GRAVY indicate the hydrophilic nature of buffalo CN proteins (Table 2).


TABLE 2. Physiochemical properties of the casein gene family in Bubalus bubalis (Mediterranean breed).
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Comparative amino acid analysis of buffalo breeds revealed 7 indels in CSN genes including a single indel in both CSN1S1 and CSN3 while two indels in CSN1S2 and 3 in CSN2. The CSN1S1 gene has an indel of 8 amino acids at position 50 > 57 whereas single amino acid change V46 > M in Murrah and S193 > L in Mediterranean buffalo was also observed (Figure 3A). Two indels of variable length were in CSN1S2, where 9 amino acid indel is positioned at 149 > 157, presumably is due to an alternative splicing of exon 13, and the second indel toward the terminal end of the peptide with a length of three amino acids 220 > 222. In swamp buffalo, three amino acid variations A131 > T, I162 > F, and T190 > A were also detected in CSN1S2 (Figure 3B). Furthermore, in CSN2 two prominent indels toward terminal ends with a length of 35 amino acids (5′end) at 1 > 35 and 12 amino acids (3′end) at 261 > 272, and a short indel of 2 amino acids 91 > 92 was observed. A single amino acid modification was observed in the Mediterranean buffalo (N120 > K) but much variable amino acid in three buffalo breeds was observed at 93 M > T > I (Figure 3C). Moreover, a highly variable region toward the 5′ end in CSN3 was perceived with an indel of 11 amino acids 19 > 29. All single amino acid differences were marked in Mediterranean buffalo except P40 > L which is observed in swamp buffalo (Figure 3D).
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FIGURE 3. Comparative amino acid analysis of casein gene family in Mediterranean, Swamp, and Murrah buffalo breeds. (A) CSN1S1 gene, (B) CSN1S2 gene, (C) CSN2 gene, (D) CSN3 gene.


The genome sequences of Mediterranean and swamp buffalo CSN gene family was scanned to find out putative transcription factors binding sites by selecting previously reported four potential transcription sites (GATA, TATA, STAT, and OCT1), and one repressor binding site (YY1) (Supplementary Tables S3, S4). Both Mediterranean and swamp buffalo shared approximately an equal number of respective transcription sites except the repressor site YY1 that was highly distributed (P < 0.05) in the swamp buffalo as compared to the Mediterranean buffalo (Figure 4 and Supplementary Table S5). The distribution of GATA in the Mediterranean was 35, 6, 44, and 15 correspondings to CSN1S1, CSN2, CSN1S2, and CSN3, respectively, while swamp buffalo had 41, 29, 43, and 8, respectively (Figure 4 and Supplementary Table S5). Furthermore, TATA site distribution in Mediterranean buffalo was 3, 1, 7, and 1 in CSN1S1, CSN2, CSN1S2, and CSN3, respectively but in swamp buffalo, it was 1, 2, 12, and 3, respectively (Figure 4 and Supplementary Table S5). A considerable difference (P > 0.05) was observed in the STAT site’s distribution in CSN1S1 (9 vs. 3), CSN2 (4 vs. 2), CSN1S2 (7 vs. 7), and CSN3 (4 vs. 5) of Mediterranean and swamp buffalo (Figure 4 and Supplementary Table S5). The distribution of OCT1 transcription sites varied across the CSN1S1 (21 vs. 13), CSN2 (9 vs. 6), CSN1S2 (32 vs. 45), and CSN3 (4 vs. 9) of Mediterranean and swamp buffalo (Figure 4 and Supplementary Table S5).
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FIGURE 4. Comparative distribution of putative transcription binding site (GATA, TATA, STAT, and OCT1) and repressor site (YY1) in the genomic sequences of Mediterranean and Swamp buffalo casein gene family.


The pattern of nuclear hormone receptors (NHRs) sites in the CSN gene family of Bubalus bubalis was explored using genome sequence data of Mediterranean buffalo. A total of 58 NHRs sites were observed in the buffalo CSN gene family that was mostly distributed toward 5′end (Figure 5 and Supplementary Table S6). Moreover, the number of NHRs identified in CSN1S1, CSN1S2, CSN2, and CSN3 were 17, 22, 4, and 15, respectively (Figure 5). A total of 7 inverted repeats (IR) were observed in different CSN genes that are primarily used as the hormonal response element (HRE) important for steroid receptors. Single IR in each of CSN1S1 and CSN3, while 5 IR were observed in CSN1S2 whereas, CSN2 harbored no IR (Figure 5 and Supplementary Table S6). In total 22 direct repeats (DR) and 29 everted repeats (ER) were found in the buffalo CSN genes which are prominently used by type II receptors (RXR) and some type III receptors (orphan receptors) can also able to use DR. The number of DR distributed in CSN1S1, CSN1S2, CSN2, and CSN3 was 6, 4, 3, and 9, and ER was 10, 13, 1, and 5, respectively (Figure 5 and Supplementary Table S6). All these HRE were detected close to the putative transcription binding sites (Supplementary Tables S3, S4, S6).
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FIGURE 5. Nuclear hormone receptor sites patterns in the casein gene family of Bubalus bubalis.




DISCUSSION

The advances in genome sequencing technology particularly next-generation sequencing has led to the availability of sequenced genomes for different animal species that opens up new ways to understand genomic architecture at the molecular level (Luo et al., 2020). Comparative genomics provides an opportunity for discovering novel genes and their functional components (Wei et al., 2002; Rijnkels et al., 2003). Exploring the genetics and evolutionary processes is required to understand the regulatory mechanisms of different physiological important genes like the CSN gene family in mammals. Buffalo possesses significant economic attributes owing to its high milk protein contents which are imperative for the production of commercial dairy products like cheese. The milk proteins and related coding genes have been ubiquitously studied due to their extensive distribution in all mammalian species, as an enriched nutrient source for neonates. Caseins (αs1, αs2, β, and κ) are the primary components of milk protein content in dairy animals. All the mammalian CSN genes are rapidly evolving genes and are mainly classified into four types including CSN1S1, CSN2, CSN1S2, and CSN3 (Madende and Osthoff, 2019). The results of our molecular phylogenetic analysis of the CSN gene family are in consensus as all the representative species were clustered into four taxa. The buffalo species were grouped with cattle, Capra hircus, and Ovis aries sharing higher sequence homology with cattle breeds (Figure 1).

The amino acid sequence of protein data can impersonate a better prototype of biologically substantial conserved evolutionary motifs. For protein structural and functional analyses, these conserved regions are vital and can be traced by Multiple sequence alignment (Neuwald, 2016). In reference to the aligned sequence of the CSN gene, high variation has been reported in all the CSN genes. Even though closely related species represent increased sequence similarity with conserved and non-conserved genomic regions (Madende and Osthoff, 2019). In the present study, sequence analysis of CN protein revealed 10 conserved motifs in buffalo, and cattle using the MEME tool. Apart from the sequence variations in the CSN gene, further differences and divergence were observed because of different incidents including exon skipping (Martin and Orgogozo, 2013). Besides, the upstream and downstream UTRs and introns structure considerably varied, structural analysis of the gene indicated that buffalo CSN genes in the same group have a consistent number of exons and introns but variable patterns of exons and introns have also been observed. The variability of UTRs and intronic regions is mostly because of the absence or presence of retroposonic elements. In fact, these ruminants-specific retrotransposons insertions are often polymorphic (absent or present) at orthologous loci and they are highly informative genetic markers that can be considered a powerful phylogenetic tool for clustering studies, animal evolutionary history, population structure, and demography. In general, these elements are known to affect the genome in many other different ways: contributing to the genome size increase, genomic instability, exonization, epigenetic regulation, RNA editing, and so on (Cosenza et al., 2009; Giambra et al., 2010).

All these caseins are encoded by autosomal genes CSN1S1, CSN2, CSN1S2, and CSN3, respectively in closely linked DNA clusters (Pauciullo et al., 2019). The genomic cluster of the casein gene spans between 250 and 350 kb in different mammalian species (Ryskaliyeva, 2018), and in buffalo entire CSN gene covers a region of 250kb. This was hypothesized that the exon duplications events in the ancestral gene result in casein gene evolution (Jones et al., 1985). For instance, donkeys, horses, rabbits, and rodents possess an extra copy of αs2-casein indicating the event of recent paralogous gene duplication (Stewart et al., 1987; Ginger et al., 1999). While no evidence for the paralogous gene duplication in buffalo was practically observed that confirms the previous findings of phylogenetic data, which demonstrated Artiodactyla gene loss, whereas gain of an extra copy of the gene in other species was somewhat attained by differential exon usage (Rijnkels, 2002). Caseins are intrinsically disordered proteins (IDPs) related groups of proteins, manifested in milk as roughly spherical, amorphous, polydisperse particles, classically encompassing protein chains, and calcium phosphate nanoclusters. These particles are termed as casein micelles (Cosenza et al., 2010). Caseins have flexible open conformation with an abundance of poly-L-proline II secondary structures and cannot be considered as hydrophobic proteins (Carver and Holt, 2019). Similarly, lower values of GRAVY represent the hydrophilic nature of buffalo CN proteins.

Moreover, short phosphorylated sequences and flexible conformation remarkably increase the casein’s ability to keep calcium phosphate nanoclusters and develop a dense shell of peptide around the calcium phosphate to form a thermodynamically stable core-shell complex, even at quite higher phosphate and calcium concentrations (Carver and Holt, 2019). In the present study, the aliphatic index showed that all CN proteins have values >65 so perused as thermostable. The casein micelles formation is essential for the effective transportation of phosphate and calcium via milk from the mother to the neonate (Holt et al., 2013). Thus, a readily digestible calcium-enriched diet in the form of casein micelle is available for the neonate. Caseins as IDPs play an important role in mammary gland protection against pathological calcification, amyloid formation, and other dysfunctional processes that can minimize the reproductive success of the mother (Carver and Holt, 2019). Our findings illustrated all the CN peptides in buffalo were determined as unstable protein and the pI revealed all casein proteins α s1-, β-, and κ-CN were determined as acidic peptides except αs2 which behaved slightly basic nature.

In recent years, the polymorphisms of milk proteins have aroused great research interest because of the genotypes of milk proteins may be related to milk composition and milk yield of dairy mammals (Nilsen et al., 2009). The amino acid changes possibly have a functional effect on the buffalo caseins (Fan et al., 2020). Comparative amino acid sequence analysis revealed that CN protein harbor higher amino acid variations in river buffalo (Mediterranean and Murrah) as compared to the swamp buffalo. The results of the present study are in line with previous studies (Masina et al., 2007; Azevedo et al., 2008; Massella et al., 2017; Rangel et al., 2017; Miluchova et al., 2018; Fan et al., 2020; de Oliveira et al., 2021) which reported the potential association of genetic variants in CSN genes with lactation performance, milk composition, and attributes of milk products. Thus, casein gene-based markers are important candidates for the selective breeding of buffalo to improve the quantity and quality of milk (de Oliveira et al., 2021). Moreover, further insights are required to ubiquitously apply these candidate markers to other mammals due to genetic variability and locus distribution (Sulimova et al., 2007; Cosenza et al., 2015).

Nevertheless, understanding the molecular basis for the regulation of CSN gene expression is very crucial for improving milk production (Debeljak et al., 2005). Sequence analysis of promotor region of CSN genes has shown various transcription factor binding sites including transcription initiation sites such as STAT5, NF1 and GR, C/EBP (Hennighausen and Robinson, 1998; Robinson et al., 1998; Rosen et al., 1999; Wheeler et al., 2001; Wyszomierski and Rosen, 2001; Yamashita et al., 2001; Chughtai et al., 2002) and potential repressors sites such as YY1, CIS3, SOCS-1, and SOCS-3 (Helman et al., 1998; Tomic et al., 1999). The identification of critical regulatory regions responsible for the expression of the CSN genes provides valuable information for the selection of markers in dairy mammals especially the buffaloes. So, in both Mediterranean and swamp buffalo, we selected four potential transcription sites (GATA, TATA, STAT, and OCT1) and one repressor binding site (YY1), for comparative genomic analysis (Figure 4). OCT1 affects the factors of acute myeloid leukemia (AML), forming a complex that reduces its inhibitory role in DNA binding and promotes the expression of the casein gene (Inman et al., 2005).

Various lactogenic hormones like prolactin, insulin, hydrocortisone, and some growth factors such as insulin-like growth factor 1 (IGF-1) and epidermal growth factor (EGF) are crucial for mammary gland activation and eventually the milk proteins gene expression regulation (Hennighausen and Robinson, 1998; Tsunoda and Takagi, 1999). Therefore, we further analyzed the distribution of HRE including DR, ER, and IR in the genome of the buffalo. All these HRE were detected close to the putative transcription binding sites. Therefore, the combined action of the transcription factor and HRE can mediate the activation of caseins (Figure 6). STAT5 is the principal transcription factor in milk protein gene expression that could be activated by the action of growth hormone (GH) and prolactin (PR) via the STAT/JAK2 signaling pathway or Src-kinase/STAT signaling pathway through the EGF action (Gallego et al., 2001). Dimerization and phosphorylation activate the STAT5 and translocate it to the nucleus where STAT5 dimers bind with the DNA and induce transcription (Figure 6; Gallego et al., 2001).
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FIGURE 6. Putative model of the network involved in the regulation and biosynthesis of casein protein in buffalo mammary tissue.


Multiple mechanisms are being used by YY1 for transcriptional suppression. Mostly YY1 competes with activator factors and overlaps the binding site ultimately repressing the gene transcription. In mammary epithelial cells, YY1 competes with a β-CN activating promoter also known as mammary gland factor (MGF), fallouts in transcription repression (Figure 7A). Moreover, the c-fos promoter possesses two extra YY1 sites between the TATA box and calcium or cyclic AMP response element (CRE) in addition to YY1 overlapping sites (Gordon et al., 2006). The YY1 binding remotely caused direct suppression of the upstream CRE promoter. YY1 can repress the c-fos promoter in a site-dependent or independent manner, including the interaction of zinc finger patterns or binding with cAMP response element-binding (CREB) at the basic leucine zipper region (bZIP) in YY1 (Figure 7B). Most likely, the YY1 and CREB interact in the nucleus and inhibit transcription (Gordon et al., 2006). The YY1 can recruit corepressors that directly induce transcriptional repression or facilitate chromatin condensing to assist further YY1 mediated repression. The repression activity of YY1 is generally because of its glycine-rich and zinc-finger regions. Simultaneous deletions in each individual or both regions reduce the GAL4-YY1 fusion proteins deficient for transcriptional repression (Figure 7C). Thus, cofactors interactions are often required with repression domains of YY1 to facilitate repression like mRPD3 (Yang et al., 1996) or Smad family members (Kurisaki et al., 2003). A considerably higher ratio of STATs distribution and lower number of repressor binding site YY1 was observed in Mediterranean buffalo as compared to swamp buffalo. This envisages that lower STATs and higher YY1 site distribution in swamp buffalo might lead to a lower expression of CSN gene subsequently leading to poor milk yield in swamp buffalo.
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FIGURE 7. Different transcriptional suppression mechanisms used by YY1.


Our study provides inclusive insights into the regulation of the casein gene family revealing a plausible association of STATs and YYI distribution with a poor milk production potential of swamp buffalo. Moreover, we report striking findings regarding genetic variations in transcription activators and repressor elements from evolutionary standpoint. Further investigations are required to confirm these findings to elucidate the putative role of STATs and repressor sites in the regulation of CSN gene expression and their potential utility for the genomic selection of buffaloes for effective utilization and enhanced production.



CONCLUSION

The present study provides a comprehensive insight into the molecular structure and function of the casein gene family in buffalo. Phylogenetic, gene structure, motif, and conserved domain analysis elucidated the evolutionary conserved nature of the casein gene in buffalo and closely related species. Buffalo casein proteins were observed as unstable, hydrophilic, and thermostable. The α s1-, β-, and κ-CN behaved as acidic peptides except for αs2, which was slightly basic. Comparative genomic analysis revealed higher amino acid variations in the river buffalo (Mediterranean and Murrah breeds) than swamp buffalo, revealing that these variations may influence milk production traits in buffalo. Moreover, for the first time, our findings indicate lower STATs and higher YY1 site distribution in swamp buffalo as a plausible reason for the comparatively lower expression of casein genes that ultimately affect milk production.
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Bovine and buffalo are important livestock species that have contributed to human lives for more than 1000 years. Improving fertility is very important to reduce the cost of production. In the current review, we classified reproductive traits into three categories: ovulation, breeding, and calving related traits. We systematically summarized the heritability estimates, molecular markers, and genomic selection (GS) for reproductive traits of bovine and buffalo. This review aimed to compile the heritability and genome-wide association studies (GWASs) related to reproductive traits in both bovine and buffalos and tried to highlight the possible disciplines which should benefit buffalo breeding. The estimates of heritability of reproductive traits ranged were from 0 to 0.57 and there were wide differences between the populations. For some specific traits, such as age of puberty (AOP) and calving difficulty (CD), the majority beef population presents relatively higher heritability than dairy cattle. Compared to bovine, genetic studies for buffalo reproductive traits are limited for age at first calving and calving interval traits. Several quantitative trait loci (QTLs), candidate genes, and SNPs associated with bovine reproductive traits were screened and identified by candidate gene methods and/or GWASs. The IGF1 and LEP pathways in addition to non-coding RNAs are highlighted due to their crucial relevance with reproductive traits. The distribution of QTLs related to various traits showed a great differences. Few GWAS have been performed so far on buffalo age at first calving, calving interval, and days open traits. In addition, we summarized the GS studies on bovine and buffalo reproductive traits and compared the accuracy between different reports. Taken together, GWAS and candidate gene approaches can help to understand the molecular genetic mechanisms of complex traits. Recently, GS has been used extensively and can be performed on multiple traits to improve the accuracy of prediction even for traits with low heritability, and can be combined with multi-omics for further analysis.
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INTRODUCTION

Reproductive traits are economically important for sustainable food production, especially for monotocous livestock, such as cattle and buffalo. Low reproductive capacity or infertility can be described as an extended duration between two calvings. This problem requires additional inseminations, more veterinary attention, and hormonal treatments, which consequently alters the current and subsequent lactations (Boichard, 1990). Also, additional costs are raised due to culling and replacing animals with fertility problems (Roxström and Strandberg, 2002). Enhancing fertility is the best choice not only to reduce the culling cost but also to save important genetic materials and increase farm profit (Dekkers, 1991). Several countries have included female reproductive traits in the breeding goals to emphasize the genetic aspects of reducing fertility costs (FCOST) in dairy cattle (Kadarmideen and Simm, 2002). Herein, we emphasize the recent literature about genetic parameters, genome-wide association study (GWAS), and genomic selection (GS) for reproductive traits in cattle and buffalo over the past 20 years for researchers, who can integrate these traits in cattle and buffalo breeding programs and achieve optimum fertility.

In the previous study, reproductive traits were divided into binary, interval, and continuous traits with respect to statistical distribution (Berry and Evans, 2014). To better understand and utilize reproductive traits in livestock and breeding programs, they are reclassified as ovulation, mating, and calving-related traits from the physiological viewpoint (Cammack et al., 2009; Table 1).


TABLE 1. Physiological classification and description of reproductive traits.
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HERITABILITY ESTIMATES OF REPRODUCTIVE TRAITS

Genetic variation, which is a variability in breeding values within a population for a trait under selection, significantly affects the accuracy of genetic selection. Heritability measures how much of the phenotypic variation is attributed to genetic variation, and affects the rate of genetic improvement for a trait over generations. Over the past 20 years, several studies were conducted to estimate the heritability of different reproductive traits in dairy cattle (Table 2), beef cattle (Table 3), and buffalo cows (Table 4).


TABLE 2. Heritability estimates of reproduction traits in dairy cattle.
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TABLE 3. Heritability estimates of reproduction traits in beef cattle.
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TABLE 4. Heritability estimates of reproduction traits in buffalo.
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In dairy cattle, all ovulation-related traits range from low to moderate heritabilities (Table 2). The heritability estimate of the superovulation response was about 0.15 in Holstein cows (Jaton et al., 2020). Regarding mating-related traits, heritability estimates for age of puberty (AOP) and age at first calving (AFC) were moderate in most cattle populations, except for AFC in the Chile population (h2 = 0.01) (Montaldo et al., 2017). Likewise, the heritabilities of non-return rate (NRR) and pregnancy rate (PR) of Holstein dairy cows and Brown Swiss cattle were low (Gaddis et al., 2016; Tiezzi et al., 2018; Ansari-Mahyari et al., 2019; Zhang et al., 2019). Regarding the superovulation response and twinning rate, heritability was higher for superovulation, indicating a response to hormone treatment is more heritable than natural ovulation in dairy cows. Non-return and PR are directly related to reproductive outcomes. Unfortunately, the heritability estimates for these two traits were remarkably low. Besides, dairy cows’ calving-related traits, including calving interval, days open, calving difficulty (CD), and the length of the productive life, were all of low heritability. Therefore, management practices (reproductive management, balanced nutrition, etc.) and/or environmental factors are of significant importance for improving reproductive efficiency and preventing reproductive disorders in dairy cows. Thus, selection on dairy cows’ AOP, first calving, and superovulation response may gain more progression than other traits.

In beef cattle, the superovulation response had higher heritability than those of ovulation rate, and twinning rate was similar to those reported in dairy cattle (Table 3). Regarding mating-related traits, AOP had moderate to high heritability estimates in most beef populations; for example, the estimate reached 0.78 in the Brahman bull population (Fortes et al., 2012). The h2 for scrotal circumference was also reported to have moderate to high estimates. Excluding the Angus population (0.2) (Doyle et al., 2000) in beef cattle, the NRR and PR of heritability were low, as reported in dairy cattle. The heritabilities for calving difficulties in beef cattle had moderate to high estimates, unlike those reported in dairy cattle with low heritabilities. In comparison, other mating-related reproductive traits, such as DO, NRR, CI, and length of productive life had low heritabilities similar to dairy cattle. Taken together, selections on beef cow’s AOP, calving difficulties, DO, NRR, and CI traits may gain more progression due to the moderate to high estimates of heritabilities compared with other traits (Cassell, 2009).

The excellent milk quality and the limitation of buffalo milk yield contribute to the breeding selection focusing more on milk production traits in buffalo compared with reproductive traits. Currently, there are limited studies for estimating genetic parameters for reproductive traits in buffalo species, mainly for AFC and CI (Table 4). The heritability estimates of AFC in the buffalo population is close to Holstein cattle (Gupta et al., 2015; Kumar et al., 2015; Barros et al., 2016; Rathod et al., 2018). Most studies showed that the heritability of CI is low, mostly below 0.1 (Morammazi et al., 2007; Thiruvenkadan et al., 2010; El-Bramony and Reclamation, 2014; Camargo et al., 2015). However, the highest record for CI was 0.55 in Surti buffalo, which may be due to the limited numbers of lactation records and/or number of parities per sire monitored (Rathod et al., 2018). The heritabilities of DO (Camargo et al., 2015) and CD (Al-Khuzai et al., 2019) were similar to those reported in dairy cattle.

Comparing heritabilities between different traits in dairy and beef cattle along with buffalo, we found that:

(1) Most of the reproductive traits had low habitabilities, but not all. In the dairy and beef cattle, AOP showed high heritabilities. The heritability estimates for scrotal circumference of the beef bull were medium to high. Also, the superovulation response in dairy and beef cattle was worthy of notice. These moderate to high heritability traits could be applied to the selection and breeding system.

(2) The heritability estimates for calving intervals, NRR, days open, and length of reproductive life in most populations were very low, which indicated that these traits would be influenced and improved by proper management practices. The application of synchronization-timed AI protocol (Goodling et al., 2005), body composition control, reproductive disorder treatment, and culling on time would benefit the related performance.

(3) The heritability of the same trait varies greatly among different breeds. For instance, the heritability of age at first calving was as high as 0.4 in a crossbreed of dairy cows (Effa et al., 2011), while the Dairy Overo Colorado breed was as low as 0.01 (Montaldo et al., 2017). The heritability of CI reported in Surti buffalo is 0.55 (Rathod et al., 2018) compared to the Murrah buffalo cows near to 0.1 (Thiruvenkadan et al., 2010). Although heritability was estimated using paternal half-sib correlation methods in both studies, lactation records, number of buffaloes, and sired by bulls were higher for Murrah buffaloes. Even in the same breed, the different populations showed varied values, which may related to different management and performance.

(4) For most of the reproductive traits, beef cattle had higher heritability estimates compared to those estimated in dairy cattle for the AOP and CD (Tables 2, 3). Either the genetic makeup or the fact that dairy cows are more susceptible to reproductive diseases, such as endometritis, vaginitis, ovarian cyst, and mastitis, due to high energy consumption for milk production may be the reason for this difference.

(5) The breeding progress of buffalo is slow compared to dairy and beef cattle, as a few studies have reported during the last decade. Further large-scale studies are required to accurately estimate the genetic parameters for different reproductive traits in buffalo populations.



MARKER-ASSOCIATED STUDIES FOR BOVINE AND BUFFALO REPRODUCTIVE TRAITS

Concerning the disadvantages of the long cycle and not up-to-mark efficiency of traditional breeding, several association analyses were performed to identify genomic loci associated with the trait variation to find the possible candidate genes or to detect causative mutations. This section summarized the GWAS and candidate gene studies for bovine and buffalo reproductive traits published in the past 20 years (2000–2020) (Supplementary Tables 1–3).

At present, there are few marker-assisted selection (MAS) studies on the reproductive traits of buffalo. In this regard, FSHR, INHA, LHCGR, and OPN were reported to have significant effects on the buffalo superovulation responses. So far, few GWAS have been performed on buffalo reproductive traits (Camargo et al., 2015; Li et al., 2018a, b; de Araujo Neto et al., 2020). Previous GWASs for reproductive traits (Camargo et al., 2015; Li et al., 2018a) were conducted using the bovine reference genome assembly, and the results are expressed for bovine autosomes (BTA). Camargo et al. (2015) reported some candidate genes (TPCN1, SCG5, and Fig 4) associated with reproductive traits such as AFC, CI, and DO in buffalo. Also, Li et al. (2018a; 2018b) found 25 SNPs in 13 genes related to reproductive traits by integrating RNA-seq and GWAS methods. They also described significant SNPs on BBU 6, 9, and 15 [corresponding to bovine chromosomes 3, 7, 14, and 8: equivalence presented by Cribiu et al. (2001)]. Recently, ssGBLUP was employed to identify genomic regions affecting AFC and first calving interval (FCI) in buffalo cows and select candidate loci and gene expression (de Araujo Neto et al., 2020). They reported that the observed candidate regions for both traits (CI, AFC; explaining a large proportion of variance for both traits) were located on BBU 3, 12, 21, and 22. Also, candidate regions were found on BBU 6, 7, 8, 9, and 15 for age at first calving and on BBU 4, 14, and 19 for FCI. The ROCK2, PMVK, ADCY2, MAP2K6, BMP10, and GFPT1 genes are the main candidates for reproductive traits in water dairy buffaloes, which may be used in the future for animal breeding programs or for gene expression studies of the species (de Araujo Neto et al., 2020). The GFPT1 and BMP10 genes are interesting because they have been detected for both traits, which may be related to a possible pleiotropic effect.

The candidate gene studies for bovine reproductive traits mostly used genes of hormones and/or growth factors and their receptors as candidates (Tang et al., 2011; Yang et al., 2013; Arslan et al., 2017). For example, polymorphisms in the GnRH, GnRHR, LEP, and LHCGR were studied for association with reproductive traits of buffalo bulls. Notably, genes involved in IGF1 and LEP pathways were reported to affect multiple reproductive traits. For example, IGF1 could affect a variety of ovulation- and mating-related traits. LEP and LEPR showed significant effects on both breeding- and calving-related traits. Moreover, long non-coding RNA and ribosomal RNA could be future research directions since non-coding RNAs (U6 spliceosomal RNA) were reported to affect reproductive traits (Fortes et al., 2013; Nascimento et al., 2016; Buzanskas et al., 2017). The combination of GWAS and other omics studies are becoming more useful, as they provide a broad space for exploring candidate gene functions and related mechanisms.

Further, we visualized the chromosomal distribution of quantitative trait loci (QTL) in cattle related to each reproductive trait using the Cattle Quantitative Trait Locus Database (Cattle QTLdb) (Hu et al., 2019) (Supplementary Figures 1–3). Only 11 QTL related to ovulation-related traits were identified, and four of these were located on chromosome 5, where the IGF1 gene is placed (Miller et al., 1992) (Supplementary Figure 1). The QTL for mating-related traits were spread throughout different chromosomes (Supplementary Figure 1A). The most abundant chromosome is BTX with 10237 QTL (96.4%) related to puberty. BTA2 (21QTLs, 19.6%) and BTA14 (15 QTLs, 14.0%) had the most associated loci for AFC (Supplementary Figure 1B). Most of the QTL for NRR were located on BTA17 (233421 QTLs, 94.7%). However, QTL for PR-related were scattered (Supplementary Figure 2). About 37.1% of QTL related to calving interval were enriched in BTA25 (17.5%) and BTA29 (19.6%). Whereas, BTA 21 enriched the most QTLs (44.8%) related to CD, and BTA18 had 30.7% of QTL related to the length of productive life.

Undoubtedly, these significantly enriched chromosomes (BTX related to puberty, BTA related to NRR, and BTA related to CD) could be directions for future research. Moreover, certain areas that affect multiple traits of different species also deserve further attention. For example, McClure et al. (2010) found one SNP related to CD at 49.1 Mb of BTA 20 in Angus cattle (McClure et al., 2010), while Ke et al. (2014) reported SNP in a similar region in dairy cattle affecting age at first calving. The relationship between these highly enriched chromosomal regions and various traits is worthy of further investigation.

Based on morphological and behavioral criteria, the domestic Asian water buffalo has two types (Macgregor, 1941). The two types have different chromosome numbers: river buffalo (Bubalus bubalis, 2n = 50) and swamp buffalo (Bubalus bubalis carabanesis, 2n = 48) (Ulbrich and Fischer, 1966). In addition, the chromosomal karyotype of hybrid buffalo is more complicated. Although presenting different species, buffalo and bovine share highly homologous chromosomes banding, as well as gene mapping (Amaral et al., 2008; Michelizzi et al., 2010; Kale et al., 2014). It is also reported that river buffalo and bovine chromosomes can be matched arm for arm at the cytogenetic level (Williams et al., 2017; Du et al., 2019). Despite the complicated genomic background of buffalo, candidate genes or their chromosome locations identified for the bovine reproductive traits could be considered as a valuable reference for buffalo.



GENOMIC SELECTION FOR REPRODUCTIVE TRAITS IN BOVINE AND BUFFALO

Phenotypic records for a trait of individuals and their relatives are used to estimate breeding values by employing the best linear unbiased prediction (BLUP) to facilitate animal selection for economically important traits (Henderson, 1984). It is believed for genetic selection that information at the DNA level can quicken the genetic progression compared to phenotypic data alone. The sparse map of genetic markers can be used to detect QTL (Georges et al., 1995). Combining genetic marker information with BLUP (Fernando and Grossman, 1989) showed an increase in the genetic gain by 8–38% (Fernando and Grossman, 1989; Goddard, 1996). The effectiveness of sparse markers in outbreeding species was limited, as an establishment of linkage phase between a marker and QTL is necessary for every family in which the marker is to be used for selection (Meuwissen et al., 2001).

The total number of SNP estimated at millions and the advent of DNA Chip technology made genotyping of many animals for many of these markers feasible and cost-effective. However, a dense marker map improved precision for QTL mapping by traditional linkage analysis (Darvasi et al., 1993). Therefore, a search for a different approach to efficiently use all this marker information remained necessary.

Considering a denser marker map, not only could some markers be close to QTL but also, in linkage disequilibrium with it, it was anticipated that some markers could have a positive effect on the quantitative traits across all families and be used for selection without the need to establish a Linkage phase in each family. Close markers can also be combined into a haplotype. Chromosome bearing the rare marker haplotype is likely to be identical by descent and hence carry the same QTL allele. Meuwissen et al. (2001), estimated the effect of the quantitative trait of the small chromosome segment defined by the haplotype of the allele that they carry. They concluded that it’s possible to accurately estimate the breeding value of animals that have no phenotypic records by estimating a large number of haplotype effects. Using least squares, all haplotype effects could not be estimated simultaneously. Even when only the largest effects were included, they were overestimated and the accuracy of predicting breeding value was low. Methods that assumed prior distribution for the variance associated with each chromosome segment gave a more accurate prediction of breeding values even when the prior was not correct. Selection based on breeding values predicted from markers could substantially increase the rate of genetic gain in animals and plants, especially if combined with reproductive techniques to shorten the generation interval. Selection based on pedigree has played an important role in the selective breeding improvement in domestic animals.

Quantitative traits are usually affected by many genes and, consequently, the benefits from the MAS are limited by the proportion of the genetic variance explained by the QTL. Hence, it is warranted to utilize all the QTL affecting the traits in MAS. Nevertheless, a dense marker map defines a very large number of chromosome segments and so there will be many effects to be estimated, probably more than there are phenotypic data points from which to estimate them (Meuwissen et al., 2001).

With the emergence of high-density SNP chips, such as Illumina chips [BovineHD BeadChip SNP, BovineSNP50 chip, High-Density Bovine SNP chip (777K)] and Axiom® Buffalo Genotyping Array (90K), GS methods are improving livestock genetic evaluation systems. They have the advantages of high accuracy, short interval between generations, and rapid genetic progress.

At present, GS has been applied in cattle on a large scale, but mainly focus on milk production and carcass traits (Silva et al., 2014; Weller et al., 2017). The GS studies on reproductive traits in dairy and beef cattle, including AFC, puberty, NRR, PR, days open, and CD, are listed on Table 5.


TABLE 5. A summary of genomic selection studies for reproductive traits.

[image: Table 5]
For AFC, the accuracy of genomic prediction was varied among different populations and methods. In the Nellore breed, the accuracy of prediction for AFC was 0.64 (Boddhireddy et al., 2014); however, another scholarly journal reported that the accuracy ranged between 0.38 and 0.42 by three different models (Costa et al., 2019). The prediction accuracy is around 0.23–0.33 in another Nellore cow population (Mota et al., 2018). Using the ssGBLUP model, the accuracy of prediction for AFC was 0.299 in the Thai native breed (Laodim et al., 2019), and was 0.56 in the Gyr dairy cattle breed (Boison et al., 2017).

Genomic selection studies on puberty (scrotal circumference and age at first corpus luteum) showed that the accuracy performance of different models is above 0.6 (Boddhireddy et al., 2014; Neves et al., 2014; Toghiani et al., 2017; Lopes et al., 2018; Engle et al., 2019). However, the accuracy was decreased dramatically in crossbred populations (Zhang et al., 2014; Piccoli et al., 2020). The limited reference population in the hybrid population and the general traits of the reference population have no direct counterpart in the validation population, which may be the reason for this decrease.

In the PR studies, the accuracy of prediction was 0.269 in the Angus population (Saatchi et al., 2011) and 0.64 in Nelore cattle (Boddhireddy et al., 2014). For CD, the highest accuracy was 0.516 in Brangus using GBLUP models (Lopes et al., 2018), and the prediction accuracy of different beef cattle breeds is around 0.45 among different models (Luan et al., 2009; Saatchi et al., 2011), while the accuracy in dairy cows was lower by 0.24–0.34 (Guarini et al., 2018).

Regarding buffalo studies, genomic evaluation reports are very limited either for productive or reproductive traits. There is only one published study for AFC and CI in buffalo (de Araujo Neto et al., 2020). Genomic evaluation studies in buffalo are still in the developing stage. The main limitation of applying genomic evaluation in buffalo is the lack of a well-structured reference population. Since the number of individuals with both genotypic and phenotypic information in each country is still limited, a multi-breed genomic evaluation would be the best alternative (Liu et al., 2018; Abdel-Shafy et al., 2020a, b).



Conclusion and Perspectives

Reproductive traits were depreciated during selection indexes to improve the genetic potential of livestock. Hence, the recently desired gains are being practiced to ensure that the all TMI (total merit index) traits show a positive response or, at the very least, no negative response. However, the statistical data from the Council on Dairy Cattle Breeding (CDCB)1 indicated that, without severely slowing genetic gain for milk production, the daughter PR has stabilized and the declining trend has been reversing since 2003. A similar trend has also been demonstrated by García-Ruiz et al. (2016). Moreover, several pregnancy-related SNPs with neutral associations with milk production in Holstein bulls were identified (Cochran et al., 2013). It elicits the possibility of increasing fertility without reducing productive performance during selection.

Unlike dairy and beef cattle, few studies have been performed so far for reproductive traits in buffalo. Methods such as GWAS and GS require a large group size, well-structured pedigree, and accurate phenotypic records, which are big challenges for buffalo populations. The first reference for buffalo genome sequencing was released in 2017 (Williams et al., 2017), lacking the sequence in the chromosome and genes annotation, which was completed and updated in 2019 (Low et al., 2019; Mintoo et al., 2019). It will quicken the GS research and be significantly helpful in promoting buffalo breeding.

Dissimilar to dairy production traits, GWAS for reproductive traits seems to be underpowered and has difficulty in finding major QTL. It still provides genetic variability across many genome-wide genes and intragenic regions for complex trait studies, which greatly increases the understanding of complex traits’ molecular genetic mechanisms.

For reproductive traits with low heritability, the genetic gain using GS is improved three to four times per year compared to traditional methods (García-Ruiz et al., 2016). However, GS is also facing some difficulties, especially for buffalo, such as lacking an optimum population structure with record and some species having no dense marker maps yet. Its accuracy is limited by the reference population’s size and SNP marker density, which is obvious in some hybrid populations. In developing countries, there is a lack of complete historical records, and the number of genotyped animals has limited the development of GS. Also, for those traits with low to high heritability (such as puberty, age at first calving, and CD), multivariate GS can performed on multiple traits to improve prediction accuracy. In addition, multi-breed genomic evaluation can be used for populations with limited size. Besides, multi-omics data integration and analysis are gaining more attention from fields such as genomics, transcriptomics, and epigenomics.
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Fat deposition is one of the most important traits that are mediated by a set of complex regulatory factors in meat animals. Several researches have revealed the significant role of long non-coding RNAs (lncRNAs) in fat deposition while the precise regulatory mechanism is still largely elusive. In this study, we investigated the lncRNA profiles of adipose and muscle tissues in buffalo by using the Illumina HiSeq 3000 platform. In total, 43,809 lncRNAs were finally identified based on the computer algorithm. A comparison analysis revealed 241 lncRNAs that are differentially expressed (DE) in adipose and muscle tissues. We focused on lncSAMM50, a DE lncRNA that has a high expression in adipose tissue. Sequence alignment showed that lncSAMM50 is transcribed from the antisense strand of the upstream region of sorting and assembly machinery component 50 homolog (SAMM50), a gene involved in the function of mitochondrion and is subsequently demonstrated to inhibit the adipogenic differentiation of 3T3-L1 adipocyte cells in this study. lncSAMM50 is highly expressed in adipose tissue and upregulated in the mature adipocytes and mainly exists in the nucleus. Gain-of-function experiments demonstrated that lncSAMM50 promotes the adipogenic differentiation by upregulating adipogenic markers but with no effect on its host gene SAMM50 in buffalo adipocytes. These results indicate that lncSAMM50 enhances fat deposition in buffalo and provide a new factor for the regulatory network of adipogenesis.

Keywords: Bubalus bubalis, adipose, RNA sequencing, long non-coding RNA, adipogenesis


INTRODUCTION

The buffalo (Bubalus bubalis) is a globally important domestic animal providing economic value from meat, milk, and draft power. In China, the number of buffaloes is more than 27 million, second only to India and Pakistan (FAO, http://www.fao.org/, 2019). Traditionally, buffaloes are raised for draught power in China. Recently, with the increasing agricultural mechanization, the utility of buffaloes in draught power has gradually decreased, indicating that the role of buffaloes can be changed into a meat source (Kiran and Naveena, 2014). The fat deposition level in Chinese buffalo is very low due to the long-term breeding for draught power. However, both backfat thickness and intramuscular fat (IMF) content, which are associated with fat deposition, are vital traits for meat animals as buffalo. Especially, IMF content is highly correlated with tenderness, juiciness, and flavor of buffalo meat. A lower backfat thickness and a higher IMF content are of benefit to beef production. However, it is nearly impossible to decrease the backfat thickness and to increase the IMF deposition at the same time, indicating that the regulatory mechanism of fat deposition is far from complete to be understood, as new regulatory factors need to be discovered.

In animals, excess energy is stored as triglycerides within the lipid droplets of adipocytes and then expressed as fat deposition. Adipogenesis is the process of cell differentiation from preadipocytes to mature adipocytes, with lipid accumulation in cells. This process has been widely studied for decades. Researches in vitro and in vivo show that adipogenesis is a highly complex process that can be regulated by a large number of factors (Lowe et al., 2011; Mota de Sá et al., 2017). Peroxisome proliferator-activated receptor gamma (PPARγ or PPARG) is the most well-studied one and is undoubtedly the most significant modulator in adipogenesis of animals (Lowe et al., 2011; Mota de Sá et al., 2017). Many other factors, such as the CCAAT/enhancer-binding protein family (C/EBPs; Cao et al., 1991; Yeh et al., 1995; Hamm et al., 2001), Kruppel-like transcription factors (KLFs; Mori et al., 2005; Oishi et al., 2005; Birsoy et al., 2008), and GATA transcription factors (Tong et al., 2000, 2005; Jack and Crossley, 2010), have also been identified as important modulators in adipogenesis. However, most evidences are based on studies in humans and model animals as rodents. In buffaloes, researches on adipogenesis are still very limited. The genetic diversities of adipogenesis relative genes have been suggested to be with the adipogenesis of milk fat (Gu et al., 2017, 2019, 2020). Phosphoenolpyruvate carboxykinase 1 has been identified as a significant candidate gene that is involved in IMF deposition by transcriptome sequencing analysis and functional validation in buffalo adipocytes (Huang et al., 2020).

Although the major regulatory activity of adipogenesis has been revealed, the precisely orchestrated process is far from complete, as new modulators in this process are gradually identified. In recent years, increasing long non-coding RNAs (lncRNAs) have been demonstrated to have profound effects on adipogenesis (Li et al., 2016; Huang et al., 2019). lncRNAs are a kind of well-known non-coding RNAs that have more than 200 nucleotides and have become a research hotspot in recent years. With the development of high-throughput sequencing technology, increasing lncRNAs have been demonstrated to modulate fat deposition (Nuermaimaiti et al., 2018; Huang et al., 2019; Zhang and Fu, 2020; Zhang S. et al., 2020). The majority of studies that reveal a significant role of lncRNAs in adipogenesis are performed in humans (Nuermaimaiti et al., 2018; Zhang T. et al., 2020) or murine (Cai et al., 2018; Chen et al., 2020). In livestock animals, several lncRNAs also have been identified to modulate adipogenesis. In pigs, knockdown lncIMF4 promotes adipogenesis by attenuating autophagy to repress the lipolysis in intramuscular adipocytes (Sun et al., 2020). In cattle, lncRNA ADNCR suppresses adipogenic differentiation by targeting miR-204 (Li et al., 2016). Recently, a new lncRNA lncFAM200B is found to have an important role in the development of adipocytes in cattle (Zhang S. et al., 2020). In buffaloes, the NDUFC2-AS lncRNA promotes adipogenic differentiation by upregulating adipogenesis relative genes (Huang et al., 2019). Compared to the larger number of lncRNAs identified in adipose tissue (Huang et al., 2019), the number of present identified lncRNAs with effects on adipogenesis is very limited, suggesting that the modulatory role of lncRNAs is still poorly understood.

To uncover novel lncRNAs involved in the regulatory network of adipogenesis, lncRNA profiles of adipose and muscle tissues were characterized by high-throughput RNA sequencing using the Illumina HiSeq 3000 platform in this study. Differential expression analysis was performed, and the host gene was revealed to yield candidate lncRNAs with putative effects on adipogenesis. Further gain-of-function experiments demonstrated that an lncRNA, which transcribed from the upstream region of sorting and assembly machinery component 50 homolog (SAMM50), promotes the adipogenic differentiation of buffalo adipocytes by upregulating the adipogenesis relative gene. This study further supplies the buffalo lncRNA data and proposes a novel lncRNA that has a significant role in fat deposition of buffalo.



MATERIALS AND METHODS


Animals and Sample Preparation

Chinese swamp buffaloes (bull, n = 3) were raised under equivalent forage and feeding management condition in Xinyang Buffalo Breeding Farm (Guangshan, Henan province, China) as previously described (Huang et al., 2019). Animals were weaned at 6 months of age and slaughtered at 30 months of age. Tissues (the longissimus dorsi muscle, back subcutaneous fat, heart, liver, spleen, lung, and kidney) were sampled immediately after slaughter and were frozen in liquid nitrogen for RNA sequencing and qRT-PCR experiments. Meanwhile, the fresh back subcutaneous fat was kept at ∼30°C in phosphate-buffered saline (PBS) with 1% streptomycin and penicillin and taken back to the lab for primary adipocyte isolation.



RNA Isolation and Sequencing

Total RNA was isolated by TRIzol (Invitrogen, Carlsbad, CA, United States) according to the manufacturer’s instructions. RNA quantity was measured with NanoDrop 2000 (NanoDrop, Wilmington, DE, United States) and 1.5% agarose gels. RNA with 1.8 < 260/280 value <2.0 and concentration >500 ng/μL was used for further analysis. Isolation of nuclear and cytoplasmic RNA was performed by PARIS kit (Life Technologies, Carlsbad, CA, United States) according to the manufacturer’s instructions. Details of RNA isolation and high-throughput RNA sequencing were described previously (Huang et al., 2019). The longissimus dorsi muscle (n = 3) and the back subcutaneous fat (n = 3) were used for RNA sequencing.



Quality Control, Transcriptome Assembly, lncRNA Prediction, and Differential Expression Analysis

Quality control, transcriptome assembly, and lncRNA prediction were performed as previously described (Huang et al., 2019). Briefly, the low-quality reads and those containing adapters were removed to obtain clean reads. Then, clean reads that are high-quality were used for the subsequent analysis. The cattle genome (UMD3.1) was used as the reference, for the annotation information of buffalo genome is not available. Clean reads were mapped to the reference genome to obtain complete transcripts. Transcripts with more than 200 bp and without coding capability were identified as lncRNAs. The expression level of lncRNA was indicated as log2(FPKM+1). lncRNA with the absolute value of log2(fold change) ≥ 2 and the FDR value ≤ 0.05 was considered to be differentially expressed (DE).



qRT-PCR Analysis

Details of primer design, reverse transcription reaction, and quantitative PCR were described in our previous study (Huang et al., 2019). The ubiquitously expressed prefoldin-like chaperone (UXT) gene and the glyceraldehyde-3-phosphate dehydrogenase (GAPDH) gene were used to normalize the expression level of the candidate gene in tissues and adipocytes of buffalo, respectively (Huang et al., 2019; Feng et al., 2020). For the 3T3-L1 cells, β-actin was used as the internal reference gene. The cycle threshold (2–ΔΔCt) method was used to calculate the relative expression level of the candidate gene. In particular, for cell localization, U6 and β-actin were respectively used as nuclear and cytoplasmic markers, and the 2–ΔCt method was used to calculate the gene expression level. Three replicates were run per sample, and the qRT-PCR experiment was performed three times. Details of the primers used for qRT-PCR are shown in Supplementary Table 1.



Vector Construction

The CDS region of mouse SAMM50 (NCBI Reference Sequence: NM_178614.5) was amplified from the cDNA of mouse muscle tissue, which was kindly provided by Dr. Yongjie Xu of Xinyang Normal University (Xinyang, China) and cloned into the HindIII and XhoI restriction sites of pcDNA3.1(+) vector. Primers used to amplify the CDS region were as follows: F-5′-CCCaagcttGCCGAGCCTCTTGTGTTTG-3′; R-5′-CCGctcgagCCAGAAGCACTCAACCGTGT-3′. The lowercase indicates the restriction enzyme site.



Cell Culture

The 3T3-L1 preadipocytes were purchased from ATCC (Shanghai, China). Buffalo primary adipocytes were isolated from adipose tissues of male buffaloes (n = 3) using the tissue block method as described in our previous study (Huang et al., 2019). Buffaloes used here were different than those used for RNA sequencing, but all the animals were raised under equivalent forage and feeding management conditions in the same farm and slaughtered at similar months of age. Adipocytes were cultured with a complete culture medium [Dulbecco’s modified Eagle’s medium (DMEM) with 10% fetal bovine serum and 1% penicillin–streptomycin] in 5% CO2 at 37°C. All the reagents used for cell culture were purchased from Gibco (Grand Island, NY, United States). Before transfection and transduction, cells were plated in a 6-well plate in triplicate.



Transfection, Adipogenic Differentiation, Oil Red O Staining, and Quantification

For the 3T3-L1 preadipocytes, transfection was conducted when the cells reached 80% confluence by using Lipofectamine 3000 (Invitrogen, Carlsbad, CA, United States) following the manufacturer’s protocol. Two days after transfection, cells were induced to adipogenic differentiation treatment with an inducing medium (containing 10 μg/mL insulin, 1 μM rosiglitazone, 1 μM dexamethasone, and 0.5 mM IBMX). Two days later, cells were treated with a maintenance medium which contains 10 μg/mL insulin and 1 μM rosiglitazone. Meanwhile, transfection was performed again. After inducing with adipogenic agents for 8 days, Oil Red O staining and quantification were performed as previous described (Huang et al., 2019).



Adenovirus Packaging and Transduction

Adenovirus packaging was performed at Hanbio Biotechnology Co., Ltd. (Shanghai, China). Briefly, the full length of lncSAMM50 was synthesized and ligated to the AdMax system to obtain Ad-lncSAMM50. EGFP was used as an internal indicator. Ad-EGFP was used as a negative control.

Similar to transfection, adenoviral transduction was conducted when the buffalo adipocytes reached 80% confluence. Twenty-four hours later, cells were treated with an inducing medium for 2 days and then treated with a maintenance medium for 4 days. The maintenance medium was changed every 2 days. After inducing with adipogenic agents for 6 days, Oil Red O staining and quantification of lipid content were performed as previously described (Huang et al., 2019).



Statistical Analysis

Comparison was analyzed by using the SPSS 19.0 software. Student’s t-test was used when the data had a normal distribution; otherwise, a non-parametric test was performed. A value of p < 0.05 was considered to indicate statistically significant differences. Data were presented as mean ± SD by using the OriginPro 8.5 program.



RESULTS


Differential Expression Analysis and Validation

In total, 43,809 lncRNAs were identified by a computer algorithm in buffalo adipose and muscle tissues in this study (Supplementary Table 2). Differential expression analysis revealed that 241 lncRNAs were DE between adipose and muscle tissues in buffalo (Supplementary Table 3). Among them, 125 were upregulated in adipose tissue compared with muscle tissue while others were downregulated (Supplementary Table 3).

To evaluate the quality of differential expression analysis, 13 lncRNAs (5 lncRNAs were upregulated and 8 were downregulated in adipose tissue) were randomly selected for validation by qRT-PCR. As shown in Figure 1, the expression patterns of 5/5 upregulated and 6/8 downregulated lncRNAs in qRT-PCR analysis were consistent with that in RNA sequencing analysis.
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FIGURE 1. Validation of differentially expressed (DE) lncRNAs by qRT-PCR. (A) Expression patterns of the 13 DE lncRNAs in the adipose and muscle tissues of buffalo based on RNA sequencing. The expression level of lncRNA is indicated as log2(FPKM+1). Data are presented as mean ± SD (n = 3; *p < 0.05; **p < 0.01). (B) Expression patterns of the 13 DE lncRNAs in the adipose and muscle tissues of buffalo analyzed by qRT-PCR. The RNA expression levels are normalized to those of UXT. Data are presented as mean ± SD (n = 6; *p < 0.05; **p < 0.01).




Candidate lncRNAs Associated With Fat Deposition in Buffalo

The aim of this study was to identify lncRNAs with significant effect on fat deposition in buffalo. We noticed that four DE lncRNAs have log2(fold change) ≥ −5 and showed a high expression level in adipose tissue (Table 1). Among them, TCONS_00096612, TCONS_00285761, and TCONS_00337800 are transcribed from the antisense strand of fatty acid-binding protein 4 (FABP4), ubiquinone oxidoreductase subunit C2 (NDUFC2), and SAMM50 gene, respectively. Interestingly, these genes have been confirmed to be associated with fat deposition. In addition, the p value for lncSAMM50 and NDUFC2-AS lncRNA was the lowest. Thus, we further focused on the effect of lncSAMM50 on the fat deposition in buffalo.


TABLE 1. Candidate lncRNAs associated with fat deposition in buffalo.
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Characterization of lncSAMM50

The full length of lncSAMM50 is 3,169 nt (Supplementary Table 4), and the sequence is reverse complementary with the upstream region, exon 1, and part of intron 1 of SAMM50 (Figure 2A). Both Coding Potential Calculator (CPC) and Coding Potential Assessment Tool (CPAT) indicated that lncSAMM50 is a non-coding RNA (Figures 2B,C). Results of semiquantitative PCR for nuclear and cytoplasmic fractions showed that lncSAMM50 was mainly expressed in the nucleus (Figure 2E). The qRT-PCR detection confirmed that the expression pattern of lncSAMM50 was the same as a nuclear marker U6 (Figure 2D).
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FIGURE 2. Characterization of buffalo lncSAMM50. (A) Positional relationship between SAMM50 and lncSAMM50. (B) The Coding Potential Calculator (CPC) program suggests that lncSAMM50 is a non-coding RNA. (C) The Coding Potential Assessment Tool (CPAT) indicates that lncSAMM50 is a non-coding RNA. (D) Cell localization of lncSAMM50 by qRT-PCR. Adipocytes induced to differentiation for 6 days were used for separation of nucleus and cytoplasm RNA. U6 and β-actin were respectively used as nuclear and cytoplasmic markers. The 2–ΔCt method was used to calculate the gene expression level. Data are presented as the mean ± SD (n = 3; **p < 0.01). (E) Cell localization of lncSAMM50 by semiquantitative PCR.




Expression Pattern of lncSAMM50 and SAMM50

Based on RNA sequencing, the expression level of lncSAMM50 in adipose tissue is higher than that in muscle tissue (Figure 3A, p < 0.01), which was further conformed by qRT-PCR analysis (Figure 3B, p < 0.05). By contrast, SAMM50, the host gene of lncSAMM50, showed a similar expression level in adipose and muscle tissues (Figures 3A,B). Analysis of the tissue expression profile revealed that lncSAMM50 is mainly expressed in adipose and muscle tissues while SAMM50 is widely expressed in variable tissues (Figures 3C,D). During adipogenic differentiation, lncSAMM50 was upregulated in the mature adipocytes of buffalo (Figure 3E) while SAMM50 was widely expressed in different stages (Figure 3F).
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FIGURE 3. Expression pattern of lncSAMM50 and SAMM50 in buffalo. (A) The expression pattern of lncSAMM50 and SAMM50 in adipose and muscle tissues by RNA sequencing. (B) The expression pattern of lncSAMM50 and SAMM50 in adipose and muscle tissues by qRT-PCR. (C) The expression profile of lncSAMM50 in heart, liver, spleen, lung, kidney, muscle, and adipose tissues. (D) The expression profile of SAMM50 in heart, liver, spleen, lung, kidney, muscle, and adipose tissues. For panels (A–D), Xinyang buffalo (30 months of age, n = 3) was used; the UXT gene was used to normalize the expression level of the candidate gene. (E) The expression pattern of lncSAMM50 during adipocyte differentiation. (F) The expression pattern of SAMM50 during adipocyte differentiation. GAPDH was used to normalize the expression level of the candidate gene in adipocytes. The cycle threshold (2–ΔΔCt) method was used to calculate the relative expression level of the candidate gene. Data are presented as the mean ± SD (n = 3; *p < 0.05; **p < 0.01).




SAMM50 Inhibits the Adipogenic Differentiation of 3T3-L1 Cells

To access the function of SAMM50 in fat deposition, gain-of-function experiments for SAMM50 were performed in 3T3-L1 adipocytes. The strategy of transfection, adipogenic differentiation, and Oil Red O staining is shown in Figure 4A. As expected, the mRNA expression of SAMM50 was highly significantly upregulated in pcDNA3.1_SAMM50 group (Figure 4B, p < 0.01). Meanwhile, C/EBPα was significantly downregulated in the pcDNA3.1_SAMM50 group (Figure 4D, p < 0.05). Accordingly, lipid accumulation in the pcDNA3.1_SAMM50 group was less than that in the pcDNA3.1 group (Figures 4E,F). No effect was detected on the expression of PPARG (Figure 4C).
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FIGURE 4. Overexpression of mouse SAMM50 inhibits adipogenic differentiation of 3T3-L1 adipocytes. (A) Strategy of SAMM50 overexpression, adipogenic differentiation, and Oil Red O staining in 3T3-L1 adipocytes. (B–D) RNA expression of SAMM50, PPARG, and C/EBPα 48 h after transfection. GAPDH was used to normalize the expression level of the candidate gene in 3T3-L1 cells. The cycle threshold (2–ΔΔCt) method was used to calculate the relative expression level of the candidate gene. (E) Images of Oil Red O staining in 3T3-L1 cells transfected with pcDNA3.1 and pcDNA3.1-SAMM50 on day 8 of adipogenic differentiation. Scale bar, 200 μm. (F) Histogram showing the quantitation of Oil Red O staining by spectrophotometry. NC, negative control. Data are presented as the mean ± SD (n = 3; *p < 0.05; **p < 0.01).




lncSAMM50 Promotes the Adipogenic Differentiation of Buffalo Adipocytes

To evaluate the effect of lncSAMM50 on fat deposition in buffalo, the full length of lncSAMM50 (Supplementary Table 4) was packaged into an adenovirus system for overexpression (ad_lncSAMM50). The time axis of overexpression of LncSAMM50, induction, quantification is shown in Figure 5A. Indicator EGFP was highly expressed 1 day after adenoviral transduction and continued until the 6th day of adipogenic induction (Figure 5B). The expression of lncSAMM50 in the ad_lncSAMM50 group was significantly higher than that in the ad_EGFP group, and the overexpression was continued until the 6th day of adipogenic induction (Figure 5E, p < 0.01). Meanwhile, lipid accumulation in the ad_lncSAMM50 group was significantly enhanced (Figures 5C,D, p < 0.01). As to the adipogenic markers, the mRNA expressions of PPARG and C/EBPα were slightly upregulated on day_0 and day_6 of adipogenic induction, respectively (Figure 5F). Lipoprotein lipase (LPL), a lipolysis gene, was upregulated on day_0 of adipogenesis induction (24 h after lncSAMM50 overexpression) in the ad_lncSAMM50 group (Figure 5I). Confusingly, the fatty acid transporter (FAT/CD36), a fatty acid uptake marker, was downregulated in the ad_lncSAMM50 group (Figure 5G). For the expression of the host gene SAMM50, no significant difference was observed between the ad_lncSAMM50 group and the ad_EGFP group (Figure 5E).
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FIGURE 5. Overexpression of lncSAMM50 enhances adipogenic differentiation of buffalo adipocytes. (A) Strategy of lncSAMM50 overexpression, adipogenic differentiation, and Oil Red O staining in buffalo adipocytes. (B) Micrographs of EGFP-positive cells in the ad_EGFP (control) and ad_lncSAMM50 groups on day 0 and day 6 of adipogenic differentiation. Scale bar, 200 μm. (C) Images of Oil Red O staining in buffalo adipocytes transduced with ad_EGFP and ad_lncSAMM50 on day 6 of adipogenic differentiation. Scale bar, 50 μm. (D) Histogram showing the quantitation of Oil Red O staining by spectrophotometry. NC, negative control. (E–I) The RNA expression levels of lncSAMM50, SAMM50, PPARG, C/EBPα, FABP4, FAT/CD36, GPAT4, DGAT1, LIPE, and LPL on day 0 and day 6 of adipogenic differentiation in buffalo adipocytes transduced with ad_EGFP and ad_lncSAMM50. GAPDH was used to normalize the expression level of the candidate gene in buffalo adipocytes. The cycle threshold (2–ΔΔCt) method was used to calculate the relative expression level of the candidate gene. Data are presented as the mean ± SD (n = 3; *p < 0.05; **p < 0.01).




DISCUSSION

This study characterizes the lncRNA expression profiles of buffalo adipose and muscle tissues based on RNA sequencing analysis and evaluates the effects of lncSAMM50 on the adipogenesis of buffalo adipocytes. This study demonstrates that (1) the expression profiles of lncRNAs in buffalo adipose and muscle are significantly different with each other; (2) lncSAMM50 is a nuclear-location non-coding RNA; (3) SAMM50 inhibits adipogenic differentiation in 3T3-L1 cells; and (4) lncSAMM50 promotes adipogenic differentiation by slightly upregulating PPARG, C/EBPα, and LPL in buffalo adipocytes, but with no effect on its host gene SAMM50.

Each of the activities in living organisms is precisely mediated by a genome. Generally, the gene is expressed in a time- and stage-specific manner and is regulated by multiple factors. With the development of RNA sequencing, the lncRNA expression profile has been characterized in multiple tissues in livestock animals (Huang et al., 2019; Li et al., 2020; Song et al., 2020). In the present study, the comparison of the lncRNA expression profiles of adipose and muscle tissues identified 241 DE lncRNAs (Supplementary Table 3). The quality of the differential expression analysis was further identified by qRT-PCR. These results indicated a significant difference in the biological function between adipose and muscle tissues in buffalo. Among the DE lncRNAs, four with high expression are significantly upregulated in adipose tissue (Table 1). The NDUFC2-AS lncRNA (TCONS_00096612) has been demonstrated to promote the adipogenesis in buffalo adipocytes (Huang et al., 2019). FABP4 is a significant protein in fatty acid transportation (Boord et al., 2002) and adipocyte differentiation (Garin-Shkolnik et al., 2014). SAMM50 is a mitochondrial membrane protein and is associated with energy metabolism in mammals (Liu et al., 2016). Considering the function of host genes and the lowest p value (Table 1), we focused on a lncRNA transcribed from the antisense strand of SAMM50, lncSAMM50. Interestingly, lncSAMM50 is mainly expressed in adipose tissue (Figure 3C) and is upregulated during the adipogenic differentiation of buffalo adipocytes (Figure 3E). These results indicated a vital role of lncSAMM50 in fat deposition of buffalo (Li et al., 2016; Huang et al., 2019).

The existing data suggest that lncRNA can play a role by regulating the expression of a host gene (Guo et al., 2019; Song et al., 2020), meaning that the function of a lncRNA is associated with its host gene. SAMM50 is the core component of the sorting and assembly machinery and plays a critical role in regulating mitochondrial dynamics and mitophagy (Liu et al., 2016; Jian et al., 2018), indicating a significant role of SAMM50 in energy metabolism. In the present study, we found that SAMM50 is widely expressed across different tissues in buffalo, especially in tissues with high level in energy metabolism such as the heart, liver, muscle, and adipose (Figure 3D). These results are consistent with its vital role in mitochondria (Liu et al., 2016; Jian et al., 2018). However, the effect of SAMM50 on adipogenic differentiation of adipocytes had not been revealed. By gain-of-function experiments, we demonstrated that SAMM50 inhibits the adipogenic differentiation of 3T3-L1 adipocytes (Figures 4D–F). These results further indicate that lncSAMM50 may affect the fat deposition by regulating the expression of its host gene SAMM50.

To confirm the effect of lncSAMM50 on fat deposition, an overexpression of lncSAMM50 in buffalo adipocytes was performed by an efficient adenovirus system. As expected, lncSAMM50 significantly enhances the lipid accumulation in buffalo adipocytes (Figures 5C–E). Meanwhile, eight lipid metabolism-associated genes, including two adipogenesis markers PPARG and C/EBPα, two fatty acid uptake markers FAT/CD36 and fatty acid-binding protein 4 (FABP4), two lipogenesis markers glycerol-3-phosphate acyltransferase 4 (GPAT4) and diacylglycerol O-acyltransferase 1 (DGAT1), and two lipolysis markers lipase E (LIPE) and LPL, were used to predict the potential regulatory mechanisms of lncSAMM50 in buffalo adipocytes. PPARG and C/EBPα are well known as the crucial determinants of adipogenesis in adipocytes (Lowe et al., 2011; Mota de Sá et al., 2017). With the significant increase of lncSAMM50, both PPARG and C/EBPα were slightly upregulated (Figures 5E,F). These results indicate that lncSAMM50 may not have a direct impact on the expression of PPARG and C/EBPα but promote the adipogenic differentiation of buffalo adipocytes. FABP4 is a member of the fatty acid-binding protein family which is responsible for the intracellular transport of fatty acids (Lappas, 2014). FAT/CD36 is a membrane protein expressed in adipose tissue and plays an important role in the transport of fatty acid into adipocytes (Bonen et al., 2007). LPL can be produced by adipocytes and transferred to the surface of adipocytes to hydrolyze triglycerides and liberate free fatty acids (Merkel et al., 2002; Yagyu et al., 2003). The fatty acid produced by LPL lipase can be transported into adipocytes, synthesized again, and stored in adipose tissue (Merkel et al., 2002). In the present study, though the expression of FABP4 was not stimulated and the expression of FAT/CD36 was slightly inhibited by lncSAMM50 (Figure 5G), the expression of LPL was slightly upregulated (Figure 5I) in the ad_lncSAMM50 group, indicating that lncSAMM50 may enhance the fatty acid transport into buffalo adipocytes. GPAT4 and DGAT1 are key markers for triglyceride synthesis (Lappas, 2014; Yan and Ajuwon, 2015). Regretfully, both GPAT4 and DGAT1 were not stimulated by the overexpression of lncSAMM50 (Figure 5H), indicating that lncSAMM50 has no effect on the expression of these two genes.

Existing evidence suggests that lncRNAs can repress or activate the hose gene in the cis method (Fatica and Bozzoni, 2014; Wang et al., 2016; Song et al., 2020). Sirt1 antisense (AS) lncRNA is transcribed from the AS strand of the Sirt1 gene. Sirt1 AS lncRNA promotes myoblast proliferation and inhibits differentiation by interacting with Sirt1 3′UTR to rescue Sirt1 transcriptional suppression by competing with miR-34a (Wang et al., 2016). Similarly, another lncRNA IGF2 AS promotes the proliferation and differentiation of bovine myoblasts by complementing the IGF2 intron and affecting the expression of IGF2 mRNA (Song et al., 2020). In the present study, the sequence of lncSAMM50 is reverse complementary to the upstream region, exon 1, and part of intron 1 of SAMM50 (Figure 2A). Additionally, lncSAMM50 is a nuclear localization transcript (Figures 2D,E). Thus, the physical proximity of lncSAMM50 and SAMM50 inspired us to investigate a relationship in regulation between them. Unfortunately, overexpression of lncSAMM50 does not affect the expression of SAMM50 in buffalo adipocytes (Figure 5E). Previously, we also identified a similar lncRNA, NDUFC2-AS lncRNA, which promotes the adipogenic differentiation by upregulating adipogenesis relative genes but with no obvious effect on the host gene as well (Huang et al., 2019). Thus, the precise regulatory mechanism of lncSAMM50 promoting the adipogenesis of buffalo adipocytes still needs further investigation.

Meanwhile, limitations still exist in this study. Firstly, the sample size (n = 3) and the gender (male only) for RNA sequencing seem to be limited. A higher sample size and use of both male and female animals will harvest a more accurate expression profile of lncRNAs. Secondly, identification of the effect of SAMM50 activity in buffalo adipocytes will contribute to a clearer relationship between SAMM50 and lncSAMM50. However, the effect of SAMM50 on lipid accumulation in adipocytes was only evaluated in the 3T3-L1 cell line but not in buffalo adipocytes. This is because the transfection by a simple liposome method is practicable in 3T3-L1 cells but not in buffalo adipocytes. Moreover, overexpression must be performed through the more complex and time-consuming virus system in buffalo adipocytes.

In conclusion, the present study provides a valuable genomic resource for identification of functional lncRNAs in buffalo and reveals the important role of lncSAMM50 in lipid accumulation of buffalo adipocytes. These data further perfects the molecular theory on buffalo fat deposition, which will instruct the buffalo breeding by genetic engineering or genome editing.
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Buffalo breeding has become an important branch of the beef cattle industry. Hence, it is of great significance to study buffalo meat production and meat quality. However, the expression profiles of mRNA and long non-coding RNAs (lncRNA) molecules in muscle stem cells (MuSCs) development in buffalo have not been explored fully. We, therefore, performed mRNA and lncRNA expression profiling analysis during the proliferation and differentiation phases of MuSCs in buffalo. The results showed that there were 4,820 differentially expressed genes as well as 12,227 mRNAs and 1,352 lncRNAs. These genes were shown to be enriched in essential biological processes such as cell cycle, p53 signaling pathway, RNA transport and calcium signaling pathway. We also identified a number of functionally important genes, such as MCMC4, SERDINE1, ISLR, LOC102394806, and LOC102403551, and found that interference with MYLPF expression significantly inhibited the differentiation of MuSCs. In conclusion, our research revealed the characteristics of mRNA and lncRNA expression during the differentiation of buffalo MuSCs. This study can be used as an important reference for the study of RNA regulation during muscle development in buffalo.
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INTRODUCTION

There is an annual increase in the global consumption of beef and it is an indispensable food in our modern society, and therefore the beef cattle industry occupies an increasingly important position in modern agricultural practices (Bonny et al., 2015). According to statistics, in 2019, China's beef production was 6.85 million tons and beef imports were 1.66 million tons with a year-on-year increase of approximately 57%. It is anticipated that China's future beef demand will continue to rise. Therefore, China urgently needs a viable and thriving beef cattle industry in order to provide its society with larger amounts of high-quality beef (Mwangi et al., 2019; Ornaghi et al., 2020). There is a need for us to conduct research on the growth and meat quality of locally produced beef as well as to explore the potential molecular information of breeding stocks so as to provide reference values for future breeding protocols (Grigoletto et al., 2020).

In ruminants, skeletal muscle tissue accounts for about 40–60% of the adult animal body weight, which not only determines the level of meat production performance, but also has an important impact on meat quality. There is a group of myoblasts-muscle stem cells (MuSCs), which are the source of skeletal muscle formation and regeneration, and these have the potential for differentiation and proliferation of muscle-derived stem cells (Feige and Rudnicki, 2018; Feige et al., 2018). This is also the current cell model for studying skeletal muscle development. Under certain conditions, these cells can be activated causing the MuSCs proliferate and differentiate.

One of the main challenges in the field of muscle research is to understand how the genes that are involved in specialized muscle functions at the transcriptional and post-transcriptional levels are regulated. Undoubtedly, myogenic regulatory factors (MRFs) (Hernandez-Hernandez et al., 2017), myocyte enhancer factor-2 (MEF2) (Taylor and Hughes, 2017), and PAX3/PAX7 genes are the main genes involved in the growth and development of skeletal muscle. Initially, long non-coding RNAs (lncRNAs) were considered to be transcriptional noise but later studies showed these RNAs play an important function in many biological processes (Jae and Dimmeler, 2020). Epigenetic control and transcriptional regulation, translation, RNA metabolism, stem cell maintenance and differentiation, autophagy and apoptosis, embryonic development, and other aspects have also been shown to play important roles (Chen et al., 2020). With the discovery of a large number of important muscle regulators such as lncRNA H19 (Xu et al., 2017), Neat1 (Wang et al., 2019), lnc-133b (Jin et al., 2017), circLOM7 (Wei et al., 2017), more and more ncRNAs related to muscle development have also been widely characterized (Martone et al., 2019). At the same time, the important role of related coding RNAs, lncRNAs, and other molecules in the development of skeletal muscle in agricultural animals are gradually being explored.

So far, with the emergence of RNA structure detection technologies such as Frag-seq (Underwood et al., 2010), (ss/dsRNA)-seq, and SHAPE-seq, have allowed scientists to characterize the structure of RNAs obtained from different tissues and cell components. When these data were combined with knowledge of RNA transformation events, such as miRNA targeting, RNA modification, and the function of RNA binding proteins (RPBs), they have emphasized the importance of RNA structure during gene regulation (Li et al., 2012). Moreover, most of these studies are focused on mRNAs and ncRNAs in order to explore the biological functions of RNA structure.

As a characteristic species of southern China, the potential use of the buffalo as a meat source has gradually attracted attention. The buffalo breeding industry has become a food basket project for urban residents, but the meat production and meat quality of buffalo needs to be improved for it to be an acceptable alternative to cattle (Li et al., 2020). Previously, several breakthroughs have been made in studies of buffalo embryos, stem cells, and somatic cells, covering traits such as milk production, reproduction, and meat production. This culminated in the successful construction of the buffalo genomic DNA sequence map (Low et al., 2019). Recently our laboratory analyzed the regulatory networks of lncRNA-mRNA interactions in the muscle tissue of cattle and buffalo (Li et al., 2020).

However, when compared to cattle, buffalo muscle has the characteristics of possessing greater shear force and consisting of thicker muscle fibers. At present, the molecular mechanisms that regulate buffalo muscle fibers formation are still unclear (Huang et al., 2021). We hypothesized that there are key signaling pathway(s) which control the myogenic differentiation of MuSCs. We, therefore, analyzed the mRNA expression of MuSCs before and after myogenic differentiation through transcriptome sequencing strategies in an attempt to screen the signal pathways that may regulate muscle fiber development. Other recent studies have also shown that differential expression lncRNAs also play an important physiological function during cellular differentiation of MuSCs (Zhu et al., 2017). This study further expands the understanding of skeletal muscle biology, and provides a reference target for the genetic improvement of buffalo and the production and cultivation of meat in vitro and in vivo.



MATERIALS AND METHODS


MuSCs Culture and Differentiation

All experiments regarding animals were performed in the State Key Laboratory for Conservation and Utilization of Subtropical Agro-bio-resources, and were conducted in accordance with its guidelines for the care and use of laboratory animals. Primary water buffalo MuSCs were isolated and cultured from fetal-derived longissimus muscle as described in Supplementary File 1, using a combination digestion method of type I collagenase and trypsin. MuSCs were cultured in high-glucose DMEM supplemented with fetal bovine serum (Hyclone, USA; 10% FBS and 20% FBS, respectively) and antibiotics [1% penicillin and streptomycin; growth medium (GM)] at 5% CO2, 37°C. To induce MuSCs myogenic differentiation, MuSCs were switched to a differentiation medium (DMEM, 2% horse serum; DM) when cells were almost 90% confluent for up to 4 days.



Sample Preparation

The tissues from Chinese buffalo at embryonic stage (90 days) were collected at a local slaughterhouse in Nanning, Guangxi province. Tissue samples, including muscle, liver, heart, lung, skin, kidney, brain, stomach, and intestine, were collected and immediately frozen in liquid nitrogen. Proliferation of MuSCs was labeled as the GM samples (n = 3) and differentiation of these was then called the DM samples (n = 3). The samples were kept at −80°C until RNA was isolated.



Total RNA Extraction

Total RNA from cells and tissues samples were extracted with TRizol reagent (Invitrogen, Carlsbad, CA, USA) in accordance with manufacturer's instructions.



RNA-Seq and Transcriptome Data Analysis

About 3 μg RNA per sample was used as the initial material for RNA sample preparation. PolyA-Seq libraries were prepared following the described protocol at RiboBio (Guangzhou, China) in accordance with the manufacturer's instructions. The identification of mRNAs and lncRNAs was carried out with reference to RiboBio's technical methods. We have provided a detailed description of the methods and analysis in Supplementary Document 1. All data were uploaded to the GEO database.



Analysis of Differentially Expressed Genes, mRNAs, and lncRNAs

The RPKM (expected number of Reads Per Kilobase of transcript sequence per Millions base pairs sequenced) value was used to estimate the expression levels of mRNAs and lncRNAs. Genes with a RPKM value of <1 in no <50% of samples were defined as unreliably expressed genes, while those with a RPKM value of ≥1 in more than 50% of samples were considered as reliably expressed genes. Differentially Expressed Genes DE mRNAs, and DE lncRNAs were analyzed using DESeq2, which defined them as reliably expressed genes with |log2 (Fold Change)|>1 and Q-values <0.05 between any two groups.



Gene Ontology and KEGG Analysis

Gene ontology (GO; http://www.geneontology.org) and KEGG pathway (http://www.kegg.jp) were analyzed as described previously.



Quantitative Real-Time PCR

Total RNA was extracted using TRizol reagent (Invitrogen, Carlsbad, CA, USA) according to the manufacturer's instructions. Reverse transcription was performed by using the HiScript R II One Step RT-PCR kit (Vazyme, Nanjing, China). RT-qPCR was performed with ChamQ SYBR qPCR Master Mix (Vazyme, Nanjing, China) using the 2−ΔΔCt method. Beta-actin was used as the internal control. All primer sequences used are listed in Supplementary File 2.



Western Blotting

Cells were collected from different treatment groups, pelleted by centrifugation, and then lysed in RIPA buffer. Total protein was prepared and protein concentrations were determined using the Bradford method. Proteins were then separated by SDS-polyacrylamide gel electrophoresis (SDS-PAGE) and subsequently transferred to nitrocellulose membranes. These were then blocked with 5% skimmed milk powder solution for 1.5–2 h at room temperature. The membranes were then incubated overnight with primary antibodies. Anti-PCNA, anti-CDK2, and anti-β-actin were purchased from Abcam (Cambridge, MA, USA). After that, the membranes were washed with PBS-tween and incubated for 1.5 h with horseradish peroxidase-conjugated secondary antibodies (Abcam, Cambridge, MA, USA). Protein bands were detected after treatment with Super Signal West Femto reagent purchased from Thermo (Thermo Scientific, Karlsruhe, Germany).



Vector Construction

Construction and sequencing identification of MYLPF interference vectors were completed by a Biological Company (GeneCopoeia, Guangzhou, China). The interference MYLPF expression vector plasmids, which were named sh-MYLPF-A, sh-MYLPF-B, sh-MYLPF-C, and the control plasmids were named NC. All primers sequences used are shown in Supplementary File 2.



Treatment of Cells

Muscle stem cells were grown to 70% confluence and then trypsinized and plated at 5 × 105 cells/well into six-well plates (Thermo Fisher Scientific, USA). They were then transfected with vectors using X-treme GENE HP DNA Transfection Reagent (Roche, Basel, Switzerland). After incubation, the MuSCs were used for the different assays outlined below. In order to induce differentiation of myoblasts, the culture medium was changed to high-glucose DM medium.



Immunofluorescence and Microscopy

Myoblasts of MuSCs were washed three times with PBS buffer (pH 7.4), and permeabilized for 15 min in PBS containing 0.5% Triton X-100 before fixation in PBS containing 4% paraformaldehyde for 20–30 min. Immunostaining was carried out as follows: cells were incubated overnight at 4°C with primary anti-MyoD1 (1:200; Abcam) diluted in 5% bovine serum albumin. After that, cells were washed with PBS and incubated at room temperature for 3–4 h with the corresponding secondary antibody, goat anti-mouse IgG (H+L; 1:1,000; Invitrogen) diluted in PBS. DNA was visualized using 5 mg/ml DAPI staining. Finally, the prepared cells were washed four times with PBS and observed under a fluorescence microscope (Nikon).



Statistical Analysis

The quantitative results are presented as means ± SEMs based on at least three independent experiments. Significant variance by treatments in comparison to the untreated samples was determined by one-way ANOVA performed with GraphPad Prism version 8.0 (GraphPad Software, La Jolla, CA, USA). Differences were considered significant when P-values were ≤ 0.05.




RESULTS


Variation of Phenotypic Characteristics During Differentiation of Buffalo MuSCs

A combination digestion method of type I collagenase and trypsin was used to obtain buffalo fetal-derived MuSCs. This cell type is similar to fibroblasts and spindle-shaped in appearance. These cells have good proliferation capacity (Figure 1A), which is referred to as the proliferation phase (GM samples) of MuSCs. In addition, when the medium was replaced with DM, after 2 days, the cells began to show myotube fusion. On the fifth day, the number of myotubes increased and the myotube fusion became more obvious, which is referred to as the differentiation phase (DM samples) of MuSCs (Figure 1B).


[image: Figure 1]
FIGURE 1. Analysis of the characteristics of buffalo MuSCs during proliferation and differentiation. (A) Proliferation phenotype of muscle stem cells (GM samples). (B) Differentiation phenotype of muscle stem cells (DM samples). (C) MuSCs grown as GM and DM samples were subjected to real-time PCR for BCL-2 and Pax7. (D) The differentiation phenotype (DM) samples of MuSCs were subjected to real-time PCR for MyoD1, MyoG, and MyHC. (E,F) MuSCs grown as GM and DM samples were subjected to western blotting for determination of PCNA and CDK2 proteins. (G) The differentiation phenotype (DM) samples of MuSCs were subjected to immunofluorescence for MyOD1. The data are presented as means ± SDs, n = 3 per group. *P < 0.05; **P < 0.01; ***P < 0.001. Scale bars = 100/200 μm.


Western blotting showed that the expression of PCNA and CDK2 in MuSCs GM samples were significantly higher than that in DM samples (Figures 1E,F). The expression levels of BCL-2 and Pax7 (paired Homeobox transcription factors) in GM samples were significantly higher than those in MuSCs DM samples (Figure 1C). Immunofluorescence experiments showed that the muscle marker molecule, MyOD1, was enriched in DM samples of MuSCs (Figure 1G). The expression levels of muscle-derived marker molecules, MYOD1, MYOG, and MyHC, increased significantly in DM samples of MuSCs (Figure 1D). These results suggest that the cells obtained were MuSCs with the capability of myogenic differentiation.



PolyA-Seq Characteristics of Buffalo MuSCs

In order to identify the mRNAs and lncRNAs involved in proliferation and differentiation, we compared the polyA-seq status of GM and DM samples of MuSCs (Supplementary Figure S1). Analysis of sequencing data revealed that a very large number of clean reads, total maps, and uniquely mapped areas were involved in these processes (Figure 2A). The analysis of uniquely map profiles of MuSCs, showed the distribution for the reads in different chromosomes (Figures 2B,C). Among them, most of the reads from GM and DM samples were found to be targeted to exonic areas.


[image: Figure 2]
FIGURE 2. RNA-seq analysis of buffalo MuSCs during proliferation and differentiation. (A) RNA-seq information statistics of samples. (B) Mapped reads distribution. (C) The distribution for the reads in different chromosomes.




Profiles of DE Genes, mRNAs, and lncRNAs During Differentiation of Buffalo MuSCs

Analysis of sequencing data revealed that a total of 31,819 genes, 57,640 mRNAs, and 11,357 lncRNAs were involved in the proliferation and differentiation of MuSCs (Supplementary Table 1). We also performed heatmaps and volcano plots for the genes, mRNAs, and lncRNAs in MuSCs (|log2 (FoldChange)|>1, Q-value <0.05) (Supplementary Figure S2). There were 4,820 DEGs, 12,227 DE mRNAs, and 1,352 DE lncRNAs (Supplementary Tables 2–4). Compared with the GM samples of MuSCs, 2,979 genes (61.80%), 7,505 mRNAs (61.38%), and 831 lncRNAs (61.46%) were upregulated, while 1,841 genes (38.20%), 4,722 mRNAs (38.62%), and 521 lncRNAs (38.54%) were downregulated in DM samples of MuSCs (Table 1).


Table 1. PolyA-seq statistics of the different results obtained.
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Signal Pathway Enrichment Analysis of DEGs Between Proliferation and Differentiation Phases of Buffalo MuSCs

Since we mainly analyzed mRNAs transcripts, and also involved a small number of known lncRNAs, we did not perform functional correlation analysis on these lncRNAs. We performed GO and KEGG enrichment analysis on the related regulatory DEGs in the processes of proliferation, differentiation, transformation, and maturation. This produced signal pathway information which was then used to predict the functions and mechanisms of the mRNAs (Supplementary Tables 5, 6). The results of pathway analysis of DEGs showed that GO analyzed and annotated these into three main categories: biological processes, cellular components, and molecular functions, including ATP binding and nucleus RNA-directed DNA polymerase activity (Figure 3). In addition, we employed KEGG pathway enrichment analysis to further understand the biological functions and molecular interactions of most DEGs with the assumption that the identified pathways may be involved in the development and growth of buffalo skeletal muscle. We found more than 300 pathways to be enriched, and the top 30 most significant terms were uncovered, including biological processes such as cell cycle, p53 signaling pathway, RNA transport, and calcium signaling pathway (Figure 4). In short, these signal pathways related to DEGs play an important role in the regulation of MuSC proliferation and differentiation, which provides an important basis for subsequent research on buffalo myogenesis.


[image: Figure 3]
FIGURE 3. Gene ontology (GO) analysis. (A) GO analysis of DEGs in the GM samples of MuSCs. (B) GO analysis of DEGs in the DM samples of MuSCs.



[image: Figure 4]
FIGURE 4. Kyoto Encyclopedia of Genes and Genomes pathway analysis. (A) Top 30 KEGG terms of DEGs in the GM samples of MuSCs. (B) Top 30 KEGG terms of DEGs in the DM samples of MuSCs.




The Verification of DEGs and DE lncRNAs in MuSCs

Based on the expression levels of DEGs and DE lncRNAs, including 12 genes (MCM4, MCM7, SERDINE1, SEMA7A, C1QTNF6, CPZ, VDR, PLAC9, ISLR, MyOG, PCNA, and cyclin D1) related to the cell cycle, actin cytoskeleton, cell differentiation, and lipid metabolism (Figures 5A,B), and seven random lncRNAs (LOC102403551, LOC112586870, LOC112584513, LOC102399397, LOC112581569, LOC102395296, and LOC102394806; Figure 5C), were selected for RT-qPCR verification. After comparisons with the RNA-seq data, similar expression trends for RT-qPCR were discovered, showing the strong consistency between RT-qPCR and RNA-seq data.


[image: Figure 5]
FIGURE 5. Validation of the expression levels of DEGs, DE lncRNAs by RT-qPCR. (A,B) The validation results of DEGs and (C) DE lncRNAs. The data are present as means ± SDs, n = 3 per group. ***P < 0.001.




The Role of MYLPF in Buffalo MuSCs

We identified a dysregulated gene, MYLPF, which was shown to be upregulated significantly (by almost 60-fold) in DM compared with GM samples when measured by RT-qPCR (Figure 6A). In addition, MYLPF was expressed in various tissues, such as heart and liver and the highest expression levels seen in muscle (Figure 6B). A previous report also showed that the relationship between MYLPF and meat quality can be used as an important genetic consideration when dealing with gene-assisted selection programs. This suggests that MYLPF may play an important role in muscle development. Therefore, MYLPF was selected for more in-depth study in order to further explore its potential functions in MuSCs.


[image: Figure 6]
FIGURE 6. Expression and characterization of MYLPF in buffalo skeletal muscle. (A) Validation of the expression of MYLPF by RT-qPCR. (B) The expression levels of MYLPF in different tissues of buffalo. (C) The interference efficiency of MYLPF was measured by RT-qPCR. (D) Inhibition of MYLPF expression on myotubule formation. (E) The mRNA expression of myogenesis marker gene, MyOD1, was measured by RT-qPCR. The data are presented as means ± SDs, n = 3 per group. *P < 0.05; **P < 0.01. Scale bars = 100 μm.


Subsequently, interference vector (sh-MYLPF-A/B/C/NC) plasmids were introduced into the 293T cell line which is derived from human embryonic kidney 293 cells and contains the SV40 T-antigen. After 24 h, the reporter gene, green fluorescence protein (GFP), was found to be expressed in the transfected cells, with a strong fluorescence observed under the fluorescence microscope (Supplementary Figure S3). Further qPCR showed that the expression levels of MYLPF declined by 70% in the transfected cells with the sh-MYLPF-A plasmid (Figure 6C).

Sh-MYLPF-A vectors were then transferred into P2 MuSCs (Supplementary Figure S4). The cells were cultured for a further 24 h, followed by replacement of the medium with myogenic differentiation medium. On the fourth day, the knockdown of MYLPF was found to have inhibited the formation of myotubes (Figure 6D). The marker gene of myoblast differentiation, MyoD1, was then measured by qPCR. The results showed that there were significantly lower levels of MYLPF in the knockdown group compared to the controls (Figure 6E). These findings suggested that MYLPF knockdown inhibited differentiation of MuSCs.




DISCUSSION

Currently, the global population is 7.7 billion, and it is expected to exceed 9 billion by 2050 (Bonny et al., 2015). By then, mankind will face a bigger challenge of food provision for the growing population, and this will have a major impact on global meat consumption which will increase accordingly (Ornaghi et al., 2020). Muscle development is an important factor that affects the growth rate, meat yield, meat quality, and other important economic traits of livestock, and this process is dependent on the proliferation and differentiation of MuSCs (Feige and Rudnicki, 2018; Boscolo Sesillo et al., 2020).

Initially, we established a successful protocol for in vitro culture of buffalo MuSCs, which provided a good working foundation for subsequent research on candidate factors that regulate buffalo muscle development. With the rise of in vitro cultured meat such as laboratory meat, the role played by MuSCs is becoming more important. The in vitro cultured meat production technology is still in its infancy, and it is necessary to strengthen and improve the technical systems involved in MuSCs production of beef (Bhat et al., 2017). Therefore, buffalo MuSCs can play an important role in the emerging research fields of animal husbandry, such as providing improvement of buffalo meat quality and production as well as increasing our biochemical knowledge of MuSCs in vitro.

In this study, we constructed the expression profiles of mRNAs and lncRNAs in the process of myogenic differentiation of buffalo MuSCs. During this process, a total of 4,820 genes, 12,227 mRNAs, and 1,352 lncRNAs were differentially expressed. Among them, 2,979 genes, 7,505 mRNAs, and 831 lncRNAs were significantly related to the myogenic differentiation of these cells, and they affected the formation of myoblasts and the fusion of myotubes. In addition, we performed target gene analysis on differentially expressed lncRNAs, and obtained many lncRNAs-target gene relationship networks. We can indirectly predict the function of the candidate lncRNA through the target gene (Supplementary Tables 7, 8). Previous studies had confirmed that compared with cattle, buffalo muscles have larger muscle fiber diameters and poorer meat texture. Of course, myotube fusion is an important factor affecting the formation of muscle fibers (Picard and Gagaoua, 2020). The mRNAs and lncRNAs which are related to myogenic differentiation of MuSCs may regulate the diameter of muscle fibers through myotube fusion, which further affected the quality of meat. We also found some key signal transduction pathways, such as p53 signal transduction pathway, TGF-β signal pathway, calcium signal transduction pathway that were related to these RNAs. These signal pathways are involved in cell development and maintenance of muscle structure and function, suggesting that they were also likely to be important regulatory signals for regulating buffalo muscle fiber hypertrophy (Liu et al., 2018; Valle-Tenney et al., 2020).

We also randomly selected a batch of candidate molecules for verification, and their expression trends were found to be consistent with the RNA-seq results, indicating that the sequencing data was reliable. We found that genes such as VDR, PLAC9, ISLR were involved in the myogenic differentiation process of MuSCs, but their molecular mechanisms needed to be further explored (Bass et al., 2020; Cui et al., 2020). It had been confirmed that the immunoglobulin superfamily containing leucine-rich repeats (ISLR) promoted skeletal muscle regeneration by activating canonical Wnt signaling. Loss of function of ISLR resulted in defective differentiation of myoblasts leading to a block in myotube formation (Zhang et al., 2018). Therefore, ISLR may be an important biological regulator to control buffalo muscle development. It had also been reported that MYLPF was one of the muscle-derived marker genes involved in the process of muscle metabolism and related to meat quality traits (Rosa et al., 2018; Chong et al., 2020). As one of the muscle markers, MYLPF is expected to become a target for regulating the quality traits of buffalo meat (Silva et al., 2019). We also found that decreased MYLPF was linked to an inhibition of myogenic differentiation of buffalo MuSCs, but the molecular mechanism of this phenomenon is not yet fully understood. Therefore, how MYLPF regulates buffalo muscle regeneration is worthy of further investigation.

At present, lncRNA is also one of the research hotspots in the field of ncRNA (Martone et al., 2019). However, we only discovered the number of known lncRNAs and their expression levels involved in the myogenic differentiation of MuSCs. Then, we screened out a batch of potential candidate lncRNAs, such as LOC102403551, LOC112586870, and LOC102394806. These potential candidate lncRNAs may affect the myoblast differentiation of MuSCs by regulating gene expression through miRNAs, RPBs, and other ways (Chi et al., 2019; Xu et al., 2019; Guo et al., 2020; Liu et al., 2020). In future studies, we and others will also investigate the interactions between lncRNAs and enhancers in order to regulate fate of MuSCs (Lin et al., 2019; Nikonova et al., 2019; Williams et al., 2020). The biological effects of these lncRNAs related to buffalo MuSCs, lncRNA evolution, lncRNA SNP issues, etc. are also worth pursuing (Qian et al., 2019). At the same time, how these lncRNAs and coding genes regulate the molecular mechanisms of farmed beef production and their contributions to the in vitro meat production process also need to be further explored.

In summary, we have established the mRNA and lncRNA expression profiles that regulate the myogenic differentiation of buffalo MuSCs, and further predicted and verified the signaling pathways and candidate regulators involved in cell proliferation and differentiation. These results enrich the expression information of factors that regulate the development of MuSCs in Chinese local fine beef cattle breeds, and provide effective genetic information for future programs of breeding high-yield beef cattle.



CONCLUSIONS

In this study, the proliferation and myogenic differentiation phenotypic characteristics of buffalo MuSCs were compared for the first time, and the expression of mRNAs and lncRNAs in these cells were reviewed. Many coding RNAs and lncRNAs were found to be differentially expressed during the proliferation and myogenic differentiation phases of MuSCs. We further identified and verified a number of differentially expressed molecules such as SERDINE1, ISLR, MYLPF, LOC102403551, LOC112586870, and LOC112584513. This study lays the foundation for further research on the role of lncRNAs in the muscle development of buffalo with a view to improving its share as a desirable beef alternative in the marketplace.
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India is home to a large and diverse buffalo population. The Murrah breed of North India is known for its milk production, and it has been used in breeding programs in several countries. Selection signature analysis yield valuable information about how the natural and artificial selective pressures have shaped the genomic landscape of modern-day livestock species. Genotype information was generated on six buffalo breeds of India, namely, Murrah, Bhadawari, Mehsana, Pandharpuri, Surti, and Toda using ddRAD sequencing protocol. Initially, the genotypes were used to carry out population diversity and structure analysis among the six breeds, followed by pair-wise comparisons of Murrah with the other five breeds through XP-EHH and FST methodologies to identify regions under selection in Murrah. Admixture results showed significant levels of Murrah inheritance in all the breeds except Pandharpuri. The selection signature analysis revealed six regions in Murrah, which were identified in more than one pair-wise comparison through both XP-EHH and FST analyses. The significant regions overlapped with QTLs for milk production, immunity, and body development traits. Genes present in these regions included SLC37A1, PDE9A, PPBP, CXCL6, RASSF6, AFM, AFP, ALB, ANKRD17, CNTNAP2, GPC5, MYLK3, and GPT2. These genes emerged as candidates for future polymorphism studies of adaptability and performance traits in buffaloes. The results also suggested ddRAD sequencing as a useful cost-effective alternative for whole-genome sequencing to carry out diversity analysis and discover selection signatures in Indian buffalo breeds.
Keywords: ddRAD, genotypes, bubalus, Fst, XP-EHH
INTRODUCTION
Water buffalo is considered as an important livestock resource in tropical and sub-tropical countries due to its high milk production ability along with adaptability to hot and humid environment, and high feed conversion efficiency (Kumar et al., 2019). Buffaloes are the major contributors of milk production in India accounting for 49.2% of 187.7 million tons of total milk production (DAHD&F, 2018). India possesses a remarkably large and diverse buffalo population with 109.85 million buffaloes and 17 registered breeds (DAHD&F, 2018; NBAGR Karnal, 2021).
Murrah is the most important buffalo breed of India, constituting about 44.3% of the total buffalo population of the country. The main breeding area of this breed is the northern states of India, namely Punjab, Haryana, and Western Uttar Pradesh. Due to its high milk potential in varied environmental conditions, the germplasm of the breed has been extensively used throughout the country. It has also been imported in several countries like China, Brazil, Vietnam, Egypt, Bangladesh, etc., due to its higher milk production potential (Zhang et al., 2020). As part of the breed improvement schemes, Murrah buffalo has been selected for improved milk production for the past 30 years, and the process is going on. By investigation of selection sweeps in the Murrah genome, we may gain insights into the genes and genomic regions related to important economic traits in buffaloes. Recently, Dutta et al. (2020) identified selection sweeps in seven Indian riverine buffaloes and compared patterns of between-species selective sweeps with different cattle breeds using whole-genome sequencing (WGS) data. Since WGS is a costly process, several workers have proposed reduced representation genotyping techniques such as the double digest restriction site-associated DNA sequencing (ddRAD-seq) as a useful alternative to WGS for genotyping Indian buffaloes (Surya et al., 2019; Mishra et al., 2020). For the present study, the genotype data of six Indian buffalo breeds (Murrah, Surti, Mehsana, Bhadawari, Pandharpuri, and Toda) was generated using ddRAD sequencing.
This study aimed to assess the genetic diversity and population structure among the six Indian buffalo breeds using ddRAD data. Furthermore, we attempted to unravel signatures of positive selection in Murrah by comparing it with other reference Indian breeds (Surti, Mehsana, Bhadawari, Pandharpuri, and Toda) through cross-population extended haplotype homozygosity (XP-EHH) and cross-population fixation index (FST) approaches.
MATERIAL AND METHODS
Sample Collection and Generation of Double Digest Restriction Site-Associated DNA Data
Ninety-six samples were collected from six breeds of riverine buffalo from different parts of India. These breeds are diverse in terms of physical features, milk production, and adaptation. Selection of the animals was done in a way to cover the genepool of the respective breeds. So the animals of all the breeds in the present study were chosen randomly from their respective institutional farms (except animals of the Toda breed of buffalo for which random samples were collected from its breeding tracts in the Nilgiri Hills area of Tamilnadu state of India). As the Murrah breed is mainly found in the northern part of India, the random samples were collected from three institutional farms of the area, i.e., the Livestock Research Station (LRS) ICAR-IVRI situated in Izatnagar, Bareilly (Uttar Pradesh), the Buffalo Farm at livestock research station of GBPUA and T, Pantnagar (Uttarakhand), and the Livestock Farm, GADVASU Ludhiana. The samples of Bhadawari buffalo were collected from the Buffalo Farm, ICAR-IGFRI, Jhansi (Uttar Pradesh), Mehsana buffalo samples were collected from the Livestock Research Station, SDAU, SK Nagar (Gujarat), Surti buffalo samples were collected from the Livestock Research Station, CVAS, Udaipur (Rajasthan), and Pandharpuri buffalo samples were collected from the Buffalo Farm, Zonal Agriculture Research Station, Kolhapur (Maharashtra). All these farms are situated in their respective breeding tract, and animals were randomly selected from these institution farms as to cover substantially the genepool of the population. The breed-wise details of sample numbers and location are also provided in Supplementary Table S1. Whole-blood samples were collected from the jugular vein of the animals in 10-ml vacutainers under aseptic condition, and genomic DNA was extracted using the standard phenol–chloroform method (Sambrook and Russell, 2006). The concentration and purity of the DNA were measured using agarose gel electrophoresis and NanoDrop spectrophotometer. Following the ddRAD protocol (Peterson et al., 2012), the double digestion of genomic DNA was carried out using Sph I and MluC I enzymes as mentioned in Kumar et al. (2020), and the samples were sequenced on Illumina Hi-seq 2000 platform to generate 150-bp reads.
Quality Control and Variant Calling
The reads were quality checked using FastQC (Andrews, 2010). Trimming of Illumina universal adapters and quality filtering was performed by the process_radtags function of the STACKS v2 software (Rochette et al., 2019). Reads were examined using a sliding window spanning 15% of the read length, and the reads having average phred score of <15 were discarded. The barcode of the reads was removed using Cutadapt 2.10 (Martin, 2011).
The paired reads were aligned to the Bubalus bubalis assembly UOA_WB_1 downloaded from NCBI (Low et al., 2019; https://www.ncbi.nlm.nih.gov/assembly/GCF_003121395.1/) using BWA-MEM 0.7.17 (Li, 2013) with default settings. The percentage of reads aligning to the reference genome was determined by Samtools (v1.7) flagstats (Li et al., 2009) function. Variant calling was performed through the bcftools mpileup utility of the Samtoolsv1.7 suite in a multi-sample mode as recommended by Wright et al. (2019). SNPs with quality score greater than 30 and a read depth of 10 were retained for further analysis.
The structural and functional annotation of the retained SNPs was performed using SnpEff v4.3 (Cingolani et al., 2012). Quality filtering of the annotated variants was performed by removing unmapped and non-autosomal SNPs. SNPs missing in more than 25% of the individuals and below the minor allele frequency (MAF) threshold of 0.01 were also filtered out using PLINK 1.9 (Purcell et al., 2007). Genotype imputation of sporadically missing genotypes was done using Beagle 4.1 (Browning and Browning, 2016).
Genetic Diversity and Population Structure Analysis
Linkage disequilibrium (LD) pruning of the SNPs was carried out using the indep-pairwise command parameters (indep-pairwise 50 5 0.2) of the PLINK software. The observed (Ho) and expected (He) heterozygosities for different buffalo breeds were estimated using PLINK 1.9. Furthermore, admixture analysis was performed on the LD pruned data for K values ranging from K = 2 to K = 6 using ADMIXTURE 1.3 software (Alexander et al., 2009). The results of the admixture analysis were visualized using PONG (Behr et al., 2016). A genomic relationship matrix was prepared in GCTA (Yang et al., 2011), and the first 10 principal components were extracted. The top principal components were plotted in R (R Core team, 2018) to visualize population clustering. A maximum-likelihood phylogram was constructed using TREEMIX (Pickrell and Pritchard, 2012) to infer the ancestral relationships and migration patterns between the breeds.
Analysis of Selection Signatures
Cross-population selection signatures between Murrah buffalo and five other Indian water buffalo breeds (Bhadawari, Surti, Mehsana, Pandharpuri, and Toda) were derived using XP-EHH (Sabeti et al., 2007) and FST (Weir and Cockerham, 1984) methodologies. The genotypic data of all the breeds were phased using BEAGLE v5.1 (Browning et al., 2018) using default settings (burnin = 6; iterations = 12; and phase-states = 280). The XP-EHH scores of the Murrah buffalo were calculated for each breed comparison using the R package rehh (Gautier et al., 2017), taking the other water buffalo breeds in the study as the reference populations. To detect positive selection, average XP-EHH scores were computed for 100-kb regions with a 50-kb overlap. Regions with absolute XP-EHH scores of four or above were considered as putative candidate regions in Murrah.
The pairwise FST estimates between the Murrah and other buffalo breeds were calculated with VCFTOOLS (Danecek et al., 2011), with a sliding window of 100 kb and a 50-kb step size. Windows belonging to the top 0.1% of the FST values were considered as potential regions under selection (Singh et al., 2020).
The candidate genes in the selected regions were annotated using the GTF (gene transfer format) file supplied with the UOA_WB_1 assembly, using BEDTools (Quinlan and Hall, 2010) intersect function. Each putative selected region was cross-referenced with the literature to find previously detected regions of functional importance.
RESULTS
In the present study, total 397.8 million paired-end reads of 150-bp length were obtained for the 96 buffalo breeds, averaging 4.14 million reads per sample. After initial quality control, a total of 367.2 million reads (92.3% of the total reads) of average 135-bp length were retained. The average alignment rate of the reads was 99.82% with the reference genome. Sample-wise alignment percentages are given in Supplementary Table S2. A total of 569,535 variants were identified, out of which 502,476 were SNPs and 67,059 were indels. A total of 551,458 variants were present on autosomes, 15,315 on the X chromosome and 12 on the mtDNA, and 2,750 variants were located on unmapped contigs (Supplementary Table S3). A variant was discovered for every 4,637 bp of the genome length. The total number of SNPs and indels of each buffalo breed at read depth 10 is mentioned in Supplementary Table S4. The highest number of SNPs was found for the Mehsana (489,738) buffalo followed by the Murrah buffalo (484,449), and lowest for the Toda buffalo (448,714). After quality control and imputation of sporadically missing genotypes, a total of 237,762 SNPs, which were common across all the breeds, were used for downstream analysis.
Genome-wide Annotation of SNPs in Water Buffalo Breeds
Based on the sequence ontology terms, a greater number of identified SNPs were located within the intronic regions (66.57%), followed by the intergenic regions (22.13%), and 0.34% of SNPs were found to be located in the transcript region (Supplementary Figure S1). The impact-wise and region-wise distribution of variant effects, as generated by SNPeff, are given in Supplementary Table S5.
About 71.89% of the annotated SNPs were identified as transitions (Ts) while 28.10% as transversions (Tv) with a TS/TV ratio of 2.5578. The Ts/Tv ratio serves as a quality control indicator of high-throughput sequencing data. Our values are consistent with previous reports of targeted sequencing methods in buffalo (Surya et al., 2019; Kumar et al., 2020).
Genetic Diversity
For the genetic diversity and population structure analyses, we used a subset of 67,798 SNPs after pruning the SNPs in LD. The average observed heterozygosity (Ho) and expected heterozygosity (He) of all breeds in the study are presented in Table 1. The Ho and He was found highest for the Murrah (0.237 and 0.246) and lowest for the Toda (0.215 and 0.211). The genetic distances (FST) of the Murrah with the Bhadawari, Mehsana, Surti, Pandharpuri, and Toda were 0.11, 0.17, 0.09, 0.15, and 0.13, respectively.
TABLE 1 | Number of animals, means of observed (HO) and expected heterozygosity (HE), and differentiation (FST) between each breed and the Murrah.
[image: Table 1]Population Structure
The population structure of the Indian water buffalo breeds was identified using PCA. The first and second principal component (PC) explained 3.4 and 2.86% of the total variance. PC1 separated the crossbred Mehsana individuals from the rest of the breeds, while PC2 separated the Pandharpuri, Surti, and Toda from the Murrah and Bhadawari (Figure 1A). PC3 explained 2.71% of the total variation and showed clear separation between the Murrah and Bhadawari (Figure 1B).
[image: Figure 1]FIGURE 1 | (A) Plot of the first two principal components (PC1 and PC2) of the genomic relationship matrix of the 96 animals under study. (B) Plot of PC2 and PC3. (C) Treemix phylogram showing one migration path. (D) Admixture results from K = 2 to K = 6.
The maximum-likelihood phylogram constructed with Treemix also displayed a similar tree (Figure 1C). The addition of one migration path in Treemix revealed the introgression of the Murrah inheritance in the Mehsana buffaloes. This tree explained 99.6% of the covariance observed between populations, whereas the tree without any migration events included explained only 98.3% of the covariance.
As seen with PC1, the Mehsana was separated from the rest of the breeds at K = 2 in the admixture analysis. K = 3 separated the Pandharpuri as a distinct population from the rest of the breeds, which gives credence to the results of the phylogenetic analyses. The Toda samples in our study showed a mixture of Pandharpuri and Murrah inheritance. At K = 6, all the breeds were assigned to their own clusters, with varying levels of Murrah ancestry appearing in other breeds (Bhadawari, Mehsana, Surti, and Toda) (Figure 1D).
Cross-Population Signatures of Selection (XP-EHH and FST)
The distribution of XP-EHH scores for the Murrah buffalo (positive values) against other water buffalo breeds in the study is visualized in Figure 2. A total of 164 putative selection regions for the Murrah buffalo were identified in comparison with the reference breeds (Supplementary Table S6). Ten selection sweeps were detected in comparisons of the Murrah with more than one breed (Table 2).
[image: Figure 2]FIGURE 2 | Cross-population extended haplotype heterozygote (XP-EHH) plot of the Murrah in comparison with the Bhadawari, Mehsana, Surti, Pandharpuri, and Toda.
TABLE 2 | Common selection sweeps identified by cross-population extended haplotype homozygosity (XP-EHH) in two or more pairwise comparisons involving the Murrah.
[image: Table 2]The Manhattan plot for pairwise FST across all comparisons are shown in Figure 3. A total of 58 positive regions were identified from all comparisons. The selection sweeps were located on all autosomes except for chromosome 5, 14, and 21. The highest number of selected regions were identified on chromosome 8 (seven regions), followed by chromosomes 1, 9, and 10 from all pairwise comparisons (Supplementary Table S7).
[image: Figure 3]FIGURE 3 | Manhattan plot for FST between the Murrah in comparison with the Bhadawari, Mehsana, Surti, Pandharpuri, and Toda.
A total of six fully or partially overlapping selection sweeps were identified from both the approaches XP-EHH and FST (Table 3). These regions were distributed on chromosomes 1, 7, 8, 13, 15, and 18.
TABLE 3 | Selection signatures in the Murrah identified by both XP-EHH and FST approaches.
[image: Table 3]DISCUSSION
In the present study, ddRAD sequencing was used to identify genetic variants in six water buffalo breeds of India. The average heterozygosity levels ranged from 0.215 to 0.237, which were lower compared with a previous study (Kumar et al., 2006). However, they used microsatellite data, which suffers from ascertainment bias due to the most polymorphic microsatellite markers being studied, resulting in inflated heterozygosity estimates (Fischer et al., 2017). The population structure analysis separated the six breeds under study. Our findings confirmed two existing notions about the Indian buffaloes. First, it has been traditionally believed that the Mehsana breed is of the Murrah and Surti lineage (Patel et al., 2017; Sathwara et al., 2020). The maximum-likelihood phylogram constructed using Treemix in our study showed the Mehsana and Surti emerging from the same node in the phylogenetic tree, with introgression of the Murrah germplasm into the Mehsana, which supports the anecdotal knowledge about this breed. The admixture analyses also showed varying levels of Murrah inheritance into the Mehsana breed. Second, the western Indian buffalo, the Pandharpuri, formed a separate lineage from the rest of the breeds and appeared free of any Murrah inheritance, which was in agreement with previous studies (Kumar et al., 2006). However, in our study, the geographically distinct semi-wild Toda breed clustered with the Murrah. Admixture analysis showed all the Toda samples to contain significant levels of Murrah inheritance, which is a cause for concern. The samples were collected from the hamlets of the Toda tribes, situated in the jungles in and around Nilgiris district. In the 1990s, some of the Murrah bulls were introduced in Toda hamlets near small towns. This may be one of the reasons for the inheritance of the Murrah in Toda, which is reflected predominantly due to only six samples taken in the study.
The second objective of this study was to identify positive signatures of selection in the Murrah buffaloes. Humans have exerted strong artificial selection on different breeds of buffalo for similar traits since domestication (Dutta et al., 2020). Probably milk production formed the basis of selection and breeding, which resulted in the evolution of the dairy breeds of the farmers of riverine buffalo like the Murrah, Bhadawari, Mehsana, Surti, Pandharpuri, etc. (CIRB, Hisar, 2017). The Toda, on the other end is a semi wild breed purposely used for religious values from the past in the Nilgiri hills. These breeds may share mutations in the same gene(s) or regulatory region and, consequently, may have selective sweeps in the same area of the genome. However, the scope of selective sweeps may differ among breeds sharing mutations in the same genes because of differences in breed history, effective population size, and mutation rate (Pollinger et al., 2005), and also, differences may be caused by large environmental variations and different managemental practices throughout the country.
The positive signatures of selection in the Murrah buffaloes were identified using XP-EHH and FST approaches. Several fully or partially overlapping candidate regions in Murrah were identified through XP-EHH comparisons against more than one breed, which indicated recent artificial selection in the Murrah, given the characteristics of the XP-EHH test (Cheruiyot et al., 2018). Many of these regions overlap with previous reports in the Murrah.
On chromosome 1, a region was identified around the 192.2 Mb position against the Bhadawari, Mehsana, and Toda, which was in agreement with Dutta et al. (2020). This region includes UPK1B (Uroplakin 1 B), B4GALT4 (Beta-1,4-Galactosyltransferase), and ARHGAP31 (Rho GTPase-activating protein 31) genes, which could be putative candidate genes undergoing selection in the Murrah. The UPK1B and ARHGAP31genes have previously been linked with growth and carcass traits in cattle breeds (Kim et al., 2012; Medeiros de Oliveira Silva et al., 2017). Another partly overlapping region (17.4–17.5 Mb) in agreement with Dutta et al. (2020) was identified on chromosome two against the Pandharpuri. The region includes FABP3 (fatty acid-binding protein 3) gene, which is involved in the synthesis of long-chain fatty acid and, thus, regulates milk fat composition (Li et al., 2014).
A selection sweep (28.5–29.1 Mb) on chromosome seven in comparisons of the Murrah with the Pandharpuri, Toda, and Bhadawari also confirms a previously reported selection sweep (chromosome 7, 26.5–30.5 Mb) in the Murrah genome by Dutta et al. (2020). This region contains ALB, AFP, and AFM belonging to the family of albumin genes. The ALB (albumin) gene encodes albumin protein, which is involved in the transportation of varied endogenous molecules. ALB was reported to be significantly associated with total milk yield, milk fat, and protein percentage in the Holstein cattle (Seo et al., 2016) and obesity in humans (Kunej et al., 2013).
In agreement with Dutta et al. (2020), two regions on chromosome 13 (23.4–24.9 Mb) and chromosome 18 (14.6–14.9 Mb) were identified in our study. The region on chromosome 13 included GPC5 (glypican 5) gene, which is linked with fatty acid composition (Li et al., 2014), fertility traits (Purfield et al., 2019), and feed efficiency (Serão et al., 2013) in cattle. The MYLK3 (myosin light chain kinase 3) and GPT2 (glutamic pyruvic transaminase 2) genes on chromosome 18 are involved in muscle cell development (Silva-Vignato et al., 2019; Cheng et al., 2020) and Ca+2 signaling pathway in contraction of striated muscles (Zhang et al., 2009).
In addition, several novel regions of positive selection were also identified. These regions contain candidate genes, which are associated with the phenotypes that are under selection in the Murrah buffalo, including milk production and fat metabolism (HS6ST1, FBP2, and PDE9A), immunity-related pathways (DAPK1), stature (CTSL), and fertility traits (KCNF1 and CNTNAP2) (Jiang et al., 2011; Abo-Ismail et al., 2017; Guan et al., 2020). The regions included HS6ST1 (heparin sulfate 6-O sulfotransferase 1) gene located on chromosome 2, which plays a pivotal role in heparin metabolism pathway and regulates the fatty acid composition (Jiang et al., 2011). Another region on chromosome 3 contains DAPK1 (death-associated protein kinase 1), CTSL (cathepsin L), and FBP2 (fructose bisphophatase 2) genes, which are involved in various metabolic processes such as immunity and milk production (Vineeth et al., 2019; Guan et al., 2020). The KCNF1 (potassium voltage-gated channel modifier subfamily F member 1) gene on chromosome 12 has been previously reported to be associated with fertility traits in buffaloes (de Araujo Neto et al., 2020). Another candidate region spanning 280 kb on chromosome 1, which was detected by both approaches, contains PDE9A gene (phosphodiesterase 9A). This gene is involved in the signaling pathway, which regulates the level of cGMP inside the cell. Yang et al. (2015) has reported the strong association of PDE9A gene with milk production in Chinese Holstein cattle. On chromosome 8, CNTNAP2 (contactin-associated protein 2) gene was present in a significant region. This gene has been reported to be associated with immunity and growth traits in cattle (Abo-Ismail et al., 2017). CNTNAP2 gene is also reported to play an important role in milk synthesis pathway in water buffalo (Mishra et al., 2020). These positively selected genes may create the observed differences in the Murrah buffaloes from the rest of the buffalo breeds included in the study and makes the Murrah as one of the high milk-producing buffalo breed with high fertility and immunity.
CONCLUSION
The genetic diversity and population structure analysis revealed varying levels of the Murrah inheritance in the Bhadawari, Mehsana, Surti, and Toda buffalo breeds. The selection signature analysis provides several genomic regions as selection signature in the Murrah, which is the prominent milch breed in India. Using reduced representation ddRAD data, our results confirm many regions, which have been previously identified as selection sweeps in the Murrah genome using WGS data. In addition, novel regions were also identified, which are involved in several biological pathways. The candidate genes, found to be positively selected, are involved in milk production (ALB, FBP2, PDE9A, and GPC5), immunity-related traits (DAPK1), muscle cell development (MYLK3 and GPT2), and fertility traits (KCNF1 and CNTNAP2). These genes are suitable candidates for future polymorphism studies to detect causative variants associated with these phenotypes in buffaloes.
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The objective of this study was to compare the accuracies of genomic prediction for milk yield, fat yield, and protein yield from Philippine dairy buffaloes using genomic best linear unbiased prediction (GBLUP) and single-step GBLUP (ssGBLUP) with the accuracies based on pedigree BLUP (pBLUP). To also assess the bias of the prediction, the regression coefficient (slope) of the adjusted phenotypes on the predicted breeding values (BVs) was also calculated. Two data sets were analyzed. The GENO data consisting of all female buffaloes that have both phenotypes and genotypes (n = 904 with 1,773,305-days lactation records) were analyzed using pBLUP and GBLUP. The ALL data, consisting of the GENO data plus females with phenotypes but not genotyped (n = 1,975 with 3,821,305-days lactation records), were analyzed using pBLUP and ssGBLUP. Animals were genotyped with the Affymetrix 90k buffalo genotyping array. After quality control, 60,827 single-nucleotide polymorphisms were used for downward analysis. A pedigree file containing 2,642 animals was used for pBLUP and ssGBLUP. Accuracy of prediction was calculated as the correlation between the predicted BVs of the test set and adjusted phenotypes, which were corrected for fixed effects, divided by the square root of the heritability of the trait, corrected for the number of lactations used in the test set. To assess the bias of the prediction, the regression coefficient (slope) of the adjusted phenotypes on the predicted BVs was also calculated. Results showed that genomic methods (GBLUP and ssGBLUP) provide more accurate predictions compared to pBLUP. Average GBLUP and ssGBLUP accuracies were 0.24 and 0.29, respectively, whereas average pBLUP accuracies (for GENO and ALL data) were 0.21 and 0.22, respectively. Slopes of the two genomic methods were also closer to one, indicating lesser bias, compared to pBLUP. Average GBLUP and ssGBLUP slopes were 0.89 and 0.84, respectively, whereas the average pBLUP (for GENO and ALL data) slopes were 0.80 and 0.54, respectively.
Keywords: dairy buffalo, ssGBLUP, bias, accuracy of genomic prediction, pBLUP, GBLUP
INTRODUCTION
The Philippine Carabao Center (PCC) has put in place a genetic improvement program that includes a system of evaluating genetically superior individual animals for milk and milk component traits and maintenance of nucleus herds of dairy buffaloes as source of breeding animals and provision of frozen semen from the best riverine buffalo germplasm (identified through progeny testing) for artificial insemination (AI). PCC maintains 12 institutional herds of dairy buffaloes [mostly Bulgarian Murrahs (BUL)] dispersed throughout the archipelago as source of breeding animals and frozen semen from the best riverine buffalo germplasm for AI to riverine, crossbred, and swamp buffaloes. Recording and evaluation of performance are presently limited to animals in these herds, numbering ∼1,200 females, of which ∼400 can be considered as elite dams (open-nucleus scheme). However, present constraints of the breeding program are as follows: the number of recorded cows is not expected to increase substantially in the immediate future; currently progeny is testing only eight bulls per year; accuracies of progeny test bulls are low due to small number of daughters with lactation records; and generation interval is long for AI sires, ∼8 years (Flores, 2014).
The availability of the Affymetrix 90K Buffalo Genotyping Array (Affymetrix, Inc., Santa Clara, CA) in 2013 made it possible to do genomic studies in the bubaline species (Iamartino et al., 2017). When the trait of interest cannot be recorded on the selection candidate, genomic selection schemes are very attractive even when the number of phenotypic records is limited, because traditional breeding requires progeny testing schemes with long generation intervals (Schaeffer, 2006). Having similarities with dairy cattle breeding, for example, long generation interval, traits that are sex-limited, and measured late in life, it is probable that the advantages of genomic selection seen in dairy cattle will also be observed in dairy buffalo.
Genomic prediction studies in dairy buffaloes are very limited and were based on small data sets. Tonhati et al. (2016) used single-step genomic best linear unbiased prediction (ssGBLUP) to estimate the predicted transmitting ability accuracies for seven milk traits on 452 Brazilian buffaloes. Using a fivefold cross-validation, Liu et al. (2017) evaluated the reliability of genomic estimated BVs and their correlation with EBVs for six milk production traits from 412 Italian Mediterranean (ITA) buffaloes.
The objective of this study was to determine the accuracy of genomic prediction and bias for milk yield (MY), fat yield (FY), and protein yield (PY) from Philippine dairy buffaloes using GBLUP and ssGBLUP compared to prediction accuracy and bias based on pedigree BLUP (pBLUP).
MATERIALS AND METHODS
Phenotype data and blood samples used in this study were obtained from the PCC. All animals are housed in institutional farms and cooperatives managed by PCC. Data collection and storage are managed by the center’s Animal Breeding and Genomics Section (ABGS).
Phenotype Data
Traits investigated in this study are 305-days MY, FY, and PY. Descriptive statistics of the phenotypic data are presented in Tables 1 and 2. The numbers of animals with one, two, and three lactation records are shown in Tables 3 and 4.
TABLE 1 | Descriptive statistics of GENO data to be used for pBLUP and GBLUP analyses.
[image: Table 1]TABLE 2 | Descriptive statistics of ALL data to be used for pBLUP and ssGBLUP analyses.
[image: Table 2]TABLE 3 | Number of animals (number of records) for test and training sets for MY.
[image: Table 3]TABLE 4 | Number of animals (number of records) for test and training sets for FY and PY.
[image: Table 4]Two data sets were analyzed. One contains only female buffaloes that have both phenotypes and genotypes (hereby referred to as GENO) (Table 1). Analyses done on these data were pBLUP and GBLUP. The other data set (hereby referred to as ALL) (Table 2) contains all the above animals, plus females with phenotypes but are not genotyped. Analyses done on these data were pBLUP and ssGBLUP. A pedigree file containing 2,642 animals spanning six generations was used for pBLUP and ssGBLUP.
Genotype Data
Genomic DNA was extracted using the Promega ReliaPrep Blood gDNA Miniprep System according to the manufacturer’s protocol. DNA quantification was done using the Promega Quantus Fluorometer. Samples were first subjected to RNA purification prior to shipment to Affymetrix, Inc. Submitted samples were genotyped using the Axiom 90k Buffalo Genotyping Array. Generated “.CEL” files were analyzed using the Axiom Analysis Suite using default settings, wherein polymorphic markers were identified. Additional quality control measures applied include a single-nucleotide polymorphism (SNP) removed if its minor allele frequency is less than 0.05, is out of Hardy-Weinberg equilibrium (p < 1 × 10–15), has no genome location, and is not found in the autosomes. After applying the quality control measures, only 60,827 SNPs in 29 autosomes were used for the determination of accuracy of genomic prediction and bias.
Statistical Methods
BVs were estimated using three methods: pBLUP, GBLUP, and ssBLUP. The three methods used the following model:
[image: image]
where 305dTrait is a 305-days record for the desired trait (MY, FY, PY); μ is the general mean; breed is the fixed breed effect; lactation number is the fixed effect for lactation number; HYS is the fixed effect for herd-year-season; and animal and permanent env are the individual effect and permanent environmental effect on animal p; and e is random residual with e ∼ N(0,e2).
The difference among the three methods is the type of relationships that was used. pBLUP uses a numerator relationship matrix (also known as an A-matrix) based on the pedigree (family relationships). The creation of the genomic relationship matrix (GRM), also known as the G-matrix, was used in GBLUP, and ssGBLUP is based on VanRaden (2008). The ssGLUP (Misztal et al., 2009; Legarra et al., 2014) uses an H-matrix (combination of family and genomic relationships), where the G-matrix replaces the A22 matrix (A-matrix containing only females that were genotyped).
Validation Scheme
A threefold cross-validation scheme was used to compare accuracy of prediction and bias using GBLUP and ssGBLUP with those of pBLUP. Animals were assigned to one of three test sets: one lactation record, two lactation records, and three lactation records (Tables 3 and 4). One lactation record could mean that the animal has a record for the first lactation, second lactation, or third lactation. An animal with two lactation records could mean that it has the first two lactations, the first and the third lactations, or the second and third lactations. In each case, the training set is composed of animals in the data set that are not part of the test set. Phenotypes of animals in the test sets were masked, and BVs were then estimated for each set either by pBLUP and GBLUP for the GENO data or pBLUP and ssGBLUP for ALL data using ASReml 4.1 (Gilmour et al., 2015).
Accuracy of Genomic Prediction
Accuracy of prediction was calculated as the correlation between the predicted BVs of the test set and its corresponding adjusted phenotypes, which were corrected for fixed effects, divided by the square root of the heritability of the trait, corrected for the number of lactations used in the test set:
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where r is the accuracy of prediction; corr is the correlation; BV is the predicted BV; adj. pheno is the adjusted phenotype corrected for fixed effects; h2 is the heritability of the trait; rep is the repeatability of test set; and n is the number of lactations records used in test set. Note that if n = 1, denominator is equal to h.
The average of the accuracies of the three test sets is the accuracy of prediction of a trait.
Prediction Bias
To assess the bias of prediction, the regression coefficient (slope) of the adjusted phenotypes on the predicted BVs was also calculated, with slopes of approximately 1 showing zero bias. Slopes greater than or less than 1 indicate underestimation and overestimation, respectively, of BVs. The average of the slopes of the three test sets is the slope of a trait.
RESULTS
Accuracy of Genomic Prediction
Accuracies of genomic prediction of the three traits through cross-validation are shown in Table 5. Heritabilities used are 0.19, 0.17, and 0.19 for MY, FY and PY, respectively, which were derived using pBLUP. Results showed that genomic methods (GBLUP and ssGBLUP) provide more accurate predictions compared to pBLUP. For the GENO data, GLUP accuracies increased for MY and FY by 0.08 and 0.01, respectively, whereas there was no increase for PY if compared to pBLUP accuracies. In the case of ALL data, ssGBLUP accuracies are higher by 0.13, 0.04, and 0.07 for MY, FY, and PY, respectively, if compared to pBLUP accuracies. Average pBLUP (for GENO and ALL data) accuracies for the three traits were 0.21 and 0.22, respectively, whereas the average GBLUP and ssGBLUP (for GENO and ALL data) accuracies were 0.24 and 0.29, respectively. GBLUP and ssGBLUP accuracies were, on average, 0.03 and 0.07 higher, respectively, compared to pBLUP accuracies.
TABLE 5 | Accuracy of prediction for pBLUP, GBLUP, and ssGBLUP estimated from threefold cross-validation scheme.
[image: Table 5]Prediction Bias
In the case of bias of prediction, slopes for all methods were less than 1, indicating overestimation of BVs (Table 6). However, slopes of the two genomic methods are closer to 1, indicating lesser bias, compared to pBLUP slopes. Average pBLUP (for GENO and ALL data) slopes for the three traits were 0.80 and 0.54, respectively, whereas GBLUP and ssGBLUP slopes were 0.89 and 0.84, respectively.
TABLE 6 | Estimated slopes calculated from breeding values from pBLUP, GBLUP, and ssGBLUP.
[image: Table 6]DISCUSSION
With a limited number of progeny-tested bulls, a reference population of females with at most three lactations per animal was used in this study to determine the accuracy of genomic prediction and bias for MY, FY, and PY using GBLUP and ssGBLUP and compared to prediction accuracy and bias based on pedigree pBLUP. The accuracy of prediction was based on threefold cross-validation scheme (test sets are the number of lactations per animal), and bias was calculated as the regression coefficient (slope) of the adjusted phenotypes on the predicted BVs.
Several genomic prediction studies in dairy cattle have been done wherein the reference populations are cows. Brown et al. (2016) used crossbred cows from Kenya as no bulls were available that can be ranked because there is very little phenotypic and pedigree data available. In the case of Nayee et al. (2018), Holstein crossbred cows in India were used as the reference population because the annual numbers of progeny tested bulls are limited to 20 to 40 per year. With limited number of progeny-tested bulls with highly reliable EBV (reliability >0.8), Ding et al. (2013) established a reference population of Chinese Holstein females. In the case of dairy buffalo, two genomic prediction studies (Tonhati et al., 2016; Liu et al., 2017) were done based on small data sets of genotyped female buffaloes as the reference population.
Combining different breeds is another option to increase the reference population (Hayes et al., 2009; Cole and Silva, 2016). In this study, three breeds were included BUL, Brazilian Murrah (BRA), and American Murrah (AME). Based on their breed histories, these three breeds all have the riverine buffalo blood from India as ancestors. The BUL was created by crossing the Indian Murrah imported into Bulgaria in 1962 and 1975 with the native Bulgarian Mediterranean buffaloes (Alexiev, 1998; Borghese, 2013). Buffaloes imported by PCC from Brazil in 2013 were all Indian Murrah and their crosses. The AME came from one buffalo herd from Florida; the most probable source of the foundation stock came from the University of Florida, wherein in 1979, 14 cows and 2 bulls of the Bufalypso breed from Trinidad were delivered, which were created during 1949–1960 from 7 imported Indian buffalo breeds [(Alexiev, 1998). A principal component analysis (PCA) (Figure 1] was done in a previous study wherein these three breeds were grouped together. PCC also has an ITA buffalo population but was not included in this study as it formed a separate group in the PCA plot (Figure 1). Included also in the reference population are crosses of BUL bulls with BRA (BUL × BRA) and AME (BUL × BRA) females. Moreover, all the institutional herds, dispersed throughout the archipelago, are linked using BUL sires.
[image: Figure 1]FIGURE 1 | PCA plot generated based on the genomic relationship matrix of the five buffalo populations (n = 250). BUL, Bulgarian Murrah; BRA, Brazilian Murrah; ITA, Italian Mediterranean; AME, American Murrah; SWP, Philippine swamp.
The increase in accuracy in GBLUP could be due to the realized relationships of animals in GBLUP compared to just expected relationships of animals in pBLUP. For example, full sibs would have an expected relationship of 0.5 in pBLUP, but this could be 0.3 to 0.6 in GBLUP. The increase in accuracy in ssGLUP could also be due to the above plus the linking of unrelated families, which is not possible with pBLUP. As an example, two families in pBLUP are not related because they do not share a common ancestor. In ssGBLUP, genotyping only one animal in each family would serve as a link between these two families; this relationship between these two genotyped animals will now create relationships among all animals in both families.
The accuracy of prediction for MY in this study using GBLUP and ssGBLUP was 0.28 and 0.30, respectively. These were lower than reported studies using dairy cows as the reference population. Brown et al. (2016) had an accuracy of prediction of 0.32–041 for MY using GBLUP with a reference population of 1,013 crossbred Kenyan cows. The creation of the GRM (G-matrix) here made it possible to estimate the genetic relationships among the animals, all of which do not have pedigree information. The accuracy of prediction of (Nayee et al., 2018) using ssGBLUP for MY was 0.387–0.405 with a larger reference population of 10,797 Holstein crossbred cows. In the case of Ding et al. (2018), accuracies of prediction for MY, FY, and PY were 0.37, 0.32, and 0.40, respectively, using 3,087 Chinese Holstein cows. In the case of dairy buffaloes, accuracies of prediction in Liu et al. (2017) are similar for MY (0.28), but higher for FY (0.35 vs. 0.24) and PY (0.24 vs. 0.20). The study by Liu et al. reported reliabilities, whereas accuracy is the square root of reliability.
A limitation of this study is the small data set. Female animals with production and genotype data will be added yearly to increase the reference population. Potential semen donor bulls will be genotyped to determine their BVs using the population of cows as the reference population.
Implications
At present, the generation interval of AI buffalo sires is ∼8 years. With GS, young genotyped candidate bulls can be given BVs using females in the institutional herds as the reference population (Figure 2). ssGBLUP method can be used to generate BVs as some females with performance data cannot be genotyped anymore (ie, dead). Moreover, limited funds allocated per year may not allow genotyping of all cows with at least one lactation record. Selected candidate bulls coming from the institutional herds (and cooperatives) that will be genotyped are closely related to the reference population as their female relatives (dams, granddams, siblings) are in that population. Young bulls can now be selected at a younger age; generation interval can be lowered to ∼3.5 years old. A future study will be done to compare the present progeny testing breeding scheme and a genomic breeding scheme, that is, GBLUP in terms of genetic gain and cost savings from the point of view of PCC as the breeding entity.
[image: Figure 2]FIGURE 2 | Genomic selection in Philippine dairy buffaloes.
CONCLUSIONS
This study determined the accuracy of genomic prediction and bias for MY, FY, and PY in Philippine dairy buffaloes wherein the reference population is composed solely of cows. GBLUP and ssGBLUP accuracies were, on average, 0.03 and 0.07 higher, respectively, compared to pBLUP accuracies. Moreover, prediction bias of the two genomic methods is lesser (closer to 1) compared to pBLUP. With the higher accuracy of prediction and lesser bias, it is suggested that PCC adopts the genomic method, that is, GLUP or ssGBLUP, in its genetic evaluation.
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Linkage disequilibrium (LD) across the genome provides information to identify the genes and variations related to quantitative traits in genome-wide association studies (GWAS) and for the implementation of genomic selection (GS). LD can also be used to evaluate genetic diversity and population structure and reveal genomic regions affected by selection. LD structure and Ne were assessed in a set of 83 water buffaloes, comprising Azeri (AZI), Khuzestani (KHU), and Mazandarani (MAZ) breeds from Iran, Kundi (KUN) and Nili-Ravi (NIL) from Pakistan, Anatolian (ANA) buffalo from Turkey, and buffalo from Egypt (EGY). The values of corrected r2 (defined as the correlation between two loci) of adjacent SNPs for three pooled Iranian breeds (IRI), ANA, EGY, and two pooled Pakistani breeds (PAK) populations were 0.24, 0.28, 0.27, and 0.22, respectively. The corrected r2 between SNPs decreased with increasing physical distance from 100 Kb to 1 Mb. The LD values for IRI, ANA, EGY, and PAK populations were 0.16, 0.23, 0.24, and 0.21 for less than 100Kb, respectively, which reduced rapidly to 0.018, 0.042, 0.059, and 0.024, for a distance of 1 Mb. In all the populations, the decay rate was low for distances greater than 2Mb, up to the longest studied distance (15 Mb). The r2 values for adjacent SNPs in unrelated samples indicated that the Affymetrix Axiom 90 K SNP genomic array was suitable for GWAS and GS in these populations. The persistency of LD phase (PLDP) between populations was assessed, and results showed that PLPD values between the populations were more than 0.9 for distances of less than 100 Kb. The Ne in the recent generations has declined to the extent that breeding plans are urgently required to ensure that these buffalo populations are not at risk of being lost. We found that results are affected by sample size, which could be partially corrected for; however, additional data should be obtained to be confident of the results.
Keywords: water buffalo, linkage disequilibrium, LD phase persistency, NE, linkage disequilibrium, LD phase persistency
INTRODUCTION
Recognizing and protecting the genetic diversity of domestic species is important in the development of breeding strategies (Al-Mamun et al., 2015; Wultsch et al., 2016). Recent progress in the field of genome sequencing has increased the availability of genomic data, which has facilitated the assessment of the genetic diversity and population structure (Vonholdt et al., 2010; Decker et al., 2014) using parameters such as population admixture, linkage disequilibrium (LD), and effective population size (Ne) (Al-Mamun et al., 2015).
The non-random association between alleles at different loci is referred to as LD or gametic phase disequilibrium. Knowledge of the pattern of LD in a population is an important prerequisite for GWAS, exploring population structures, and implementing genomic selection (GS) (Niu et al., 2016). The pattern of LD can be used to estimate the rate of genetic drift, level of inbreeding, and the effects of evolutionary forces such as mutation, selection, and migration (Shin et al., 2013). There have been studies of LD in several livestock species, including cattle (McKay et al., 2007; Karimi et al., 2015; Biegelmeyer et al., 2016; Jemaa et al., 2019), buffalo (Mokhber et al., 2019a; Deng et al., 2019; Lu et al., 2020), pig (Badke et al., 2012; Wang et al., 2013), sheep (Meadows et al., 2008), goat (Brito et al., 2015), chicken (Qanbari et al., 2010; Fu et al., 2015), horse (Corbin et al., 2010), dog (Pfahler & Distl., 2015), and cat (Alhaddad et al., 2013).
Several statistics have been suggested to measure LD (Hill and Weir, 1994; Terwilliger, 1995; Zhao et al., 2005; Gianola et al., 2013). Evaluation of these methods has shown that r2 is less affected by allelic frequency and sample size than D' (Pritchard & Przeworski, 2001; Sved, 2009; Bohmanova et al., 2010). Even when the level of LD of populations is similar, this may still be the result of different evolutionary histories. In this regard, determining patterns of the persistency of LD phase (PLDP) is useful for genetic studies (Pritchard et al., 2000). A SNP in LD with quantitative trait loci may have one marker allele in phase with the beneficial allele for the trait in one breed, while in another breed, the phase may be different. Therefore, GS based on marker information in one population may not lead to genetic progress in another (De Roos et al., 2008). PLDP represents the amount of LD that is maintained between populations and is dependent on the divergence time of the breeds (Badke et al., 2012; Wang et al., 2013). Higher values of PLDP between populations indicate more ancestral LD in common, such that the genomic information can be more reliably inferred between them (Mokry et al., 2014). PLDP can also be used to evaluate the relationships among populations, with those having a common history showing higher PLDP (Wang et al., 2013).
LD provides information to identify the genes and variations affecting quantitative traits in genome-wide association studies (GWAS) by inferring the distribution of recombination events. LD can also be used to evaluate diversity and population structure and to identify genomic regions affected by selection (Mokry et al., 2014). The pattern of LD can reveal the genetic history and the previous demography of a population and can be used to infer the effective population size (Ne) (Qanbari, 2020). Effective population size, Ne, is considered to be one of the most important parameters in population genetics and reflects the amount of genetic diversity, inbreeding, and genetic drift in the population (Frankham, 2005; Tenesa et al., 2007). A low value of Ne indicates limited genetic diversity in a population and affects the amount of genetic progress that can be made in breeding programs (Hayes et al., 2003). Ne can be determined by assessing the amount of LD at various distances along the genome (Sved, 1971; Hayes et al., 2003). High LD at long recombination distances reflects low Ne in recent generations (Hayes et al., 2003).
Buffaloes were introduced into Egypt from India, Iran, and Iraq during the seventh B.C. (Minervino et al., 2020). The three breeds from Iran are reared in three different geographical areas with completely different climatic conditions. The Azeri breed is mainly reared in the north-west and north of Iran (West Azerbaijan, East Azerbaijan province, Ardebil, and eastern parts of Gilan provinces), which have cold, sub-zero winters with heavy snowfall and hot, dry summers with temperatures reaching 35 C, the Khuzestani breed is found in the southwest (mainly in Khuzestan province), which has very hot and occasionally humid summers, with temperatures routinely exceeding 45°C degrees, while in the winter, it can drop below freezing, and the Mazandarani breed is reared along the coast of the Caspian Sea in the Mazandaran and Golestan provinces, which have a moderate climate with occasional humidity all around the year (Mokhber et al., 2019a). The Anatolian water buffalo is widespread in Northwestern Turkey, especially along the coast of the Black Sea, the middle of Anatolia, and also in Eastern Anatolia (Soysal et al., 2007). The Egyptian buffaloes are spread along the River Nile, in the Delta Region, and at the Fayum Oasis. With more than three million head, buffalo is the most important livestock species for milk production in Egypt. The Nili-Ravi breed is the most important livestock breed in Pakistan with more than 10 million head in Punjab, while the Kundi, with more than five million head, is the second most important breed in Pakistan (Minervino et al., 2020).
The present study describes genetic diversity, LD between adjacent SNPs, the trend of LD with increasing distance, and the patterns of PLDP and Ne using genomic data from buffalo breeds of Turkey, Egypt, Pakistan, and Iran, which are genetically closer together than other water buffaloes across the world (Colli et al., 2018).
MATERIALS AND METHOD
Genotype Determination and Data Edition
The present study used data for 83 water buffaloes, including 14 Azeri (AZI), 11 Khuzestani (KHU), and eight Mazandarani (MAZ) from Iran, 12 Anatolian buffalo (ANA) from Turkey, nine Kundi (KUN), and 14 Nili-Ravi (NIL) from Pakistan, and 15 Egyptian buffalo (EGY) to assess LD structure and calculate Ne (Table 1).
TABLE 1 | Descriptive statistics for the studied buffalo populations.
[image: Table 1]The samples were genotyped using the Axiom® Buffalo Genotyping 90 K array (Affymetrix, Santa Clara, CA, United States) that were mapped to the bovine sequence (UMD3.1 Bos Taurus) (Iamartino et al., 2017). Details on the animals and the genomic data are presented in Table 1. The genotype data were edited with Plink software (Purcell et al., 2007), and animals and loci with more than 5% missing genotypes (CRIND and CRSNP), monomorphic genotypes, and genotypes with minor allele frequency (MAF) less than 5% were eliminated. MAF and missing genotypes of individuals and SNPs were filtered separately for each genotypic group. Then, the genomic data of all genetic groups were integrated, and the common genetic markers were identified. Finally, the SNPs that were not in the Hardy-Weinberg equilibrium were excluded, and the missing genotypes were imputed using BEAGLE software (Browning & Browning, 2007).
Assessment of Population Structure
Discriminant analysis principal component (DAPC), principal component analysis (PCA), Weir and Cockerham unbiased fixation index (FST), and population admixture were used to obtain a general overview of the structure of each population and identify animals falling outside their breed group. DAPC, PCA, and FST were performed using the adegenet package (Jombart and Ahmed, 2011), GeneABEL software (Price et al., 2006), and R scripts using R software (http://www.rproject.org/), respectively. Additionally, the genetic structure of the populations was evaluated using ADMIXTURE software (Alexander et al., 2009).
LD Analysis
After determining the population structure of each genetic group, the patterns of LD were estimated. The values of LD between adjacent SNP as well as paired bases at distances of 0–15 Mb were obtained in each population and evaluated using the statistics r2 (Hill and Robertson, 1968) and D′, which were calculated as follows:
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where
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and
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where SNP pairs had alleles A and a at the first locus and B and b at the second locus, freq A, freq a, freq B, and freq b denote frequencies of alleles A, a, B, and b, respectively, and freq AB denotes frequency of the haplotype AB in the population.
The r2 statistic represents the correlation between alleles at two loci and is less dependent on allele frequencies in finite population sizes compared with other LD measures (Lewontin, 1988; Abecasis et al., 2001; Mueller, 2004) and is the preferred measure for biallelic markers (Zhao et al., 2007). Therefore, r2 was used in the Ne, LD decay, and PLDP analyses. The r2 statistic is biased by sample size, and this bias is higher for a smaller sample size. Correction methods discussed by Hui and Burt (2020), Waples et al. (2016), Villa-Angulo et al. (2009), Weir and Hill (1980), and Sved (1971) were applied to the estimate of r2 in this study. Due to the small sample size for each population, the information was corrected for the sample number and uncertainty of the gametic phase using the following equation (Weir and Hill, 1980; Corbin et al., 2012), which was implemented in SNeP software (Barbato et al., 2015).
[image: image]
where n is the number of individuals sampled, β = 2 when the gametic phase is known, and β = 1 if instead the phase is not known (Weir and Hill, 1980).
To determine LD decay, paired markers that were common to all populations were grouped at distances between 0 and 15 Mb at 100 Kb intervals, and the mean r2 was calculated for each group. The PLDP between populations was expressed as the correlation between the roots of the r2 calculated for adjacent markers using the formula provided by Badke et al. (2012).
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where rij is the correlation of phase between rij(A) in population A and rij(B) in population B, SA and SB are the standard deviation of rij(A) and rij(B), respectively, and rA and rB are the average rij across all SNP i and j within the common set of markers.
Effective Population Size (Ne)
The corrected LD for each population was used to calculate Ne by applying the formula of [image: image] (Sved, 1971), where Ne represents the effective population size of generation T, r2 indicates the mean of LD for a given distance, and c is the distance between markers in Morgan (1 centimorgan was considered to be approximately equal to one megabase pair, Tenesa et al., 2007; Villa-Angulo et al., 2009). Generation was calculated to determine Ne (T) based genomic distance using the formula of T = 1/2c (Hayes et al., 2003).
RESULTS AND DISCUSSION
Quality of Data
Before frequency and genotyping pruning, there were 89,988 SNPs and 89 individuals. In the first step, six individuals were removed for low genotyping success (MIND >0.05), 637 markers were excluded based on HWE (p≤5.7e-007), and 7,618 SNPs for missing information (GENO >0.05). A total of 83 individuals with 82,043 SNPs passed the first step of QC; the total genotyping rate of these remaining individuals was 0.985. In the second step, MAF was assessed in each population separately, and SNPs with MAF>0.05 were removed (Table 1). Then, the populations were merged to create a common dataset of 57,426 SNP markers with MAF higher than 0.05 for each population that passed all the filters. These were used in subsequent analyses in snppLD software (Sargolzaei M, University of Guelph, Canada). These markers covered 2,646.07 Mb of the bovine genome. The mean distance between these markers was 46.07 Kb, and minimum and maximum distances were 42.4 Kb on chromosome BTA 24 and 68.2 Kb on the BTA X, respectively.
Assessment of Population Structure
Understanding of population genetic structure is important to assess population stratification for GWAS, breeding program design, and developing strategies for genetic resources preservation. DAPC, PCA, and admixture analysis results were used to assess population structure. Both PCA and DAPC methods gave similar results. In both methods, genotype data formed three distinct clusters in the first two PCs. The ANA population from Turkey was partially separated from the Iranian cluster, which includes AZI, KHU, and MAZ (Figure 1 and Supplementary Figure S1). The first two PCs in the DAPC accounted for 7.16% of the total variance, 4.12% in the first, and 3.04% in the second dimension (Figure 1). The first 10 PCs of DAPC only accounted for about 24% of the total variance (Supplementary Figure S2). In the PCA analysis, the first and second PCs explained 4% and 2% of the variance, respectively (Supplementary Figure S1). The ANA along with AZI, KHU, and MAZ formed overlapping groups with the AZI buffalo being interspersed among the KHU, MAZ, and ANA populations (Figure 1A,B). The EGY and populations from Pakistan (KUN and NIL) formed two additional distinct clusters (Figure 1). The geographic proximity of Iranian populations with the ANA in Turkey makes gene flow between these two populations likely, which would reduce the differentiation between them. In the analysis of Colli et al. (2018), the populations assessed in the present study belonged to one cluster, which is because these populations are genetically similar when compared with other more genetically distinct breeds worldwide. The results presented here are consistent with other studies focused on Iranian buffaloes where no differences (Strillacci et al., 2021) or very small genetic differentiation was observed (Rahmaninia et al., 2015; Azizi et al., 2016; Mokhber et al., 2018; Ghoreishifar et al., 2020).
[image: Figure 1]FIGURE 1 | A two first PCs and B first PC only of the DAPC analysis of the water buffalo populations studied. Clusters are indicated by different colors (blue, gray, and green), and populations are identified by their abbreviations AZI, KHU, MAZ, ANA, EGY, KUN, and NIL.
There were small differences in FST among the studied populations (Supplementary Table 1); in most cases, the difference between pairs of populations was less than 0.05, indicating low genetic differentiation according to Wright’s classification. The reason for this is because there was high within, compared with between-population variance. However, the FST results confirmed the DPCA and PCA analyses by separating the populations into three genetic groups. The mean FST value across populations was 0.045 and varied from 0.011 for AZI from Iran and ANA from Turkey to 0.077 for MAZ from Iran and KUN from Pakistani. The smallest genetic distance was between the Iranian buffaloes and ANA from Turkey, while the largest distance was between the Iranian buffalo and KUN and NIL from Pakistani.
Population structures were investigated using ADMIXTURE software, assuming K as ancestral populations ranging from one to seven. Based on cross-validation error criteria, K = 2 and three had suitable resolution (Figure 2). The first subdivision at K = 2 distinguished between Pakistani (KUN and NIL) and the others populations (AZI, KHU, MAZ, ANA, and EGY) (Figure 2). At K = 3, the EGY population becomes genetically distinct, giving three groups that coincide with DAPC and PCA clusters. The ADMIXTURE analysis shows that there are genetic components shared among all the populations explaining the overlap between clusters.
[image: Figure 2]FIGURE 2 | Genetic composition of buffalo breeds revealed with ADMIXTURE software at K = 2 (top) and K = 3 (bottom). Individuals are represented with vertical colored bars. Genomic components are assigned different colors.
LD Analysis
We calculated both r2 and D′ for adjacent SNPs in the populations for each chromosome (see S1 Supplementary Table S1). Because of the small sample size, uncorrected LD values were similar among breeds within clusters, in particular the Iranian breeds, AZI, KHU, and MAZ and Pakistani breeds, KUN and NIL. Results were also corrected for sample size. The values of corrected r2 for the pooled Iranian breeds (IRI), ANA, EGY, and PAK populations were 0.24, 0.28, 0.27, and 0.22, respectively (Table 2). At the chromosome level, chromosomes 25 of the PAK population and chromosomes X of the ANA had the maximum corrected r2 values, respectively (Table 2 and Supplementary Table S2). Previous studies reported that a small sample size (less than 25) leads to an overestimate of r2 (Khatkar et al., 2008; Deng et al., 2019), while Bohmanova et al. (2010) reported that at least 55 and 444 individuals were required for accurate estimation of r2 and D′, respectively. Other studies have found that D′ statistics are more affected by population size than r2 (Ardlie et al., 2002; Jemaa et al., 2019). Therefore, estimated r2 values in the present study are more reliable than the D’ statistics. Comparing uncorrected and corrected r2 for sample size revealed that the differences in smaller populations are greater. The corrected vs. uncorrected r2 values changed from 0.27 to 0.24 (around 0.02 units) in the pooled IRI, which has 33 individuals, but from 0.35 to 0.28 (around 0.07 units) in ANA with 12 individuals, 0.34 to 0.27 (around 0.07 units) in EGY with 15 individuals, and 0.27 to 0.22 (around 0.05 units) in PAK with 23 individuals (Supplementary Table S2). If Iranian and Pakistani populations were considered individually, the bias in r2 estimates increased because of the smaller sample size in the individual populations. These results show that correction of r2 for sample size is necessary.
TABLE 2 | Distance and linkage disequilibrium (corrected r2) between adjacent polymorphic SNPs for IRI, ANA, EGY, and PAK water buffalo populations.
[image: Table 2]The corrected average r2 values for individual populations from Iran, including AZI, KHU, and MAZ, were consistent and slightly lower than the values reported by Mokhber et al. (2019a) for AZI and KHU but not for MAZ. They found an r2 of 0.27, 0.29, and 0.32 for AZI, KHU, and MAZ, respectively, using a larger dataset for AZI and KHU, but not MAZ. The difference in r2 for MAZ was due to the correction method for average r2 values.
Much lower values that obtaining in the present study were obtained r2 values were obtained using the 90 K Buffalo SNP genotyping array in a study of 430 pure Mediterranean buffaloes and 65 Chinese crossbred buffalo, which gave an r2 of 0.13 and 0.09, respectively (Deng et al., 2019). The mean value r2 for adjacent SNPs in a study of 384 Brazilian Murrah buffaloes using the Bovine HD array in buffalo (Borquis et al., 2014), which provided 16,580 polymorphic loci from the 688,593 markers on the array, obtained and r2 of 0.29. When the 90 K Buffalo Axiom array was used with a sample of 452 Brazilian Murrah buffaloes, 58,585 SNPs were polymorphic, and the same genome-wide r2 of 0.29 was obtained, while the r2 and |D|' for each chromosome were between 0.17 and 0.33 and 0.41 and 0.80, respectively (Cardoso et al., 2015). Using genomic information for 70 Iranian native cattle belonging to seven breeds (10 samples for each breed), Karimi et al. (2015) obtained average r2 for the adjacent SNP markers of between 0.321 and 0.393.
The percentages of adjacent markers in IRI, ANA, EGY, and PAK populations with corrected r2 greater than 0.2 (0.12) were 46, 52, 51, and 47% (Supplementary Table S3). The mean r2 for adjacent markers can be used to assess their suitability for GWAS and the estimation of breeding values. An r2 higher than 0.3 is recommended for GWAS (Ardlie et al., 2002), while an LD of more than 0.2 is considered essential for estimating genomic breeding values (Meuwissen et al., 2001).
The mean and standard deviation of D′, which represents the frequency of recombination events between adjacent SNPs, was 0.74, 0.67, 0.64, and 0.72 for IRI, ANA, EGY, and PAK, respectively (see Supplementary Table S2). A D′ value close to one implies that ancestral haplotypes have not been separated by recombination over time. In general, D′ is more affected by sample size than r2 but less influenced by allele frequency. The pooled Iranian (IRI) population had the highest D' (0.74), while the EGY had the lowest (0.64).
Population history, including mutation, selection, recombination, and migration, affects the genome structure and will be reflected in the value of r2. Factors such as sample size, the threshold for the frequency of rare alleles, the density of SNP, and the distances between markers will also affect the results. Further, the way that samples are selected may distort the diversity estimated for a population. A study on pig breeds using a 50 K SNP array and a large number of samples in each genetic group identified high selection pressure and low diversity in populations as the reasons for the high LD found (Badke et al., 2012). In the present study, we pooled some populations because of the small sample size; in addition, we corrected LD estimates for sample size, and only SNPs with reasonable MAF (>0.05) were included. Because D’ is more sensitive to sample size, we used the corrected r2 values for subsequent analysis of LD decay, PLDP, and Ne.
LD Decay
As expected, the average r2 values decreased with increasing distance between pairwise SNPs for all the studied populations (Figure 3 and Supplementary Table S4). The values for IRI, ANA, EGY, and PAK were 0.367, 0.441, 0.411, and 0.432, respectively, for distances less than 10 Kb and 0.16, 0.24, 0.24, and 0.21, respectively, for distances less than 100Kb, which reduced rapidly to 0.018, 0.042, 0.059 and 0.024 (respectively) for a distance between markers of 1 Mb (Figure 3 and Supplementary Table S4). In all the populations, the LD then remained constant for distances greater than 2 Mb to the longest distance considered (15 Mb) (Supplementary Table S4). The LD decayed slowly in EGY and ANA and in individual Iranian and Pakistani breeds. The highest LD, especially at longer distances, was seen MAZ and KUN. This may be due to the rapid decline of these populations in more recent generations. The effect of correcting r2 was smaller (6–20 percent) for distances <10 kb and increased to more than 50 percent for distances >1 Mb and to 70–80 percent for distances >10 Mb. This suggests that r2 values are more affected at longer distances by population size (Supplementary Table S4). Comparing the LD for individual Iran populations (AZI, KHU, and MAZ) obtained here with Mokhber et al. (2019a), which used a larger sample size (more than 200), LD estimates at >100 Kb were similar, whereas at greater distances, the results were significantly different.
[image: Figure 3]FIGURE 3 | LD decay for increasing distance (Mb) for IRI, ANA, EGY, and PAK water buffalo populations.
Lu et al. (2020) calculated the rate of LD decay in Chinese river and swamp buffaloes and found that the LD of river buffaloes was higher than that of a swamp and that the rate of LD decay in swamp buffaloes was higher than for river buffaloes for all marker distances. These data reflect the stronger genetic selection in the river buffalo breeds compared with the swamp breeds. The rate of LD decay in Chinese crossbred buffaloes has been reported to be higher than in pure Mediterranean buffalo at a distance of 600 Kb (Deng et al., 2019), possibly as a result of recent cross-breeding.
A similar situation is seen for cattle where the LD is higher in dairy cattle, which are under stronger selection than beef breeds (Qanbari et al., 2010). The pattern of LD in German Holstein cattle gave an r2 of about 0.3 for a distance less than 25Kb, which decreased to 0.24 for distances of 50–75 Kb (Qanbari et al., 2010), whereas in Australian Holstein bulls, r2 varied from 0.402 to 0.073 as the distance increased from 20 to 500 Kb (Khatkar et al., 2008). For beef cattle, where selection is less intense, the r2 for Angus, Charolais, and crossbred beef breeds (Angus × Charolais) decreased from 0.23 to 0.19, 0.16 to 0.12, and 0.15 to 0.11, respectively, for distances 30 to 100Kb, respectively (Lu et al., 2012).
Persistency of LD Phase
PLDP was calculated from the correlation between paired SNPs at distances of 0–15 Mb. An increase in the distance led to a decrease in PLDP between breeds (see Table 3 and Supplementary Table S4). At distances less than 100Kb, PLPD in all the populations was higher than 0.95 for buffalo populations from Iran, Turkey, Egypt, and Pakistan, which decreased to between 0.7 and 0.97 at 200Kb and then reduced rapidly. However, from 500 Kb to 1 Mb, the reduction in PLPD was less than seen between 200 and 500 Kb (Table 3 and Supplementary Table S5). The PLDP within breeds from the same geographical area that formed pools was higher than the other comparisons (Supplementary Table S5).
TABLE 3 | Consistency of gametic phase at given distances between IRI, ANA, EGY, and PAK water buffalo populations.
[image: Table 3]PLPD among individual populations from Iran was above 0.95 for a distance less than 100Kb, which is similar results of Mokhber et al. (2019a) who reported values of 0.99, 0.96, and 0.95 at distances less than 100Kb, which reduced to 0.74, 0.25, and 0.12 at distances below than 1 Mb for AZI-KHU, AZI-MAZ, and KHU-MAZ populations, respectively.
These high PLPD values suggest that there may have been genetic exchange among these populations. The highest correlations previously reported among other pure and crossbred buffalo populations were 0.47 at the distance of 100 Kb (Deng et al., 2019), showing that the LD phase between independent populations tends not to be maintained. The value of PLDP among European, African, and African-European cattle breeds has been reported as 0.77, 0.71, and 0.65, respectively, at distances less than 10Kb and below 0.5 at distances greater than 50 Kb (Gautier et al., 2007). In Australian Holstein and New Zealand Jersey breeds, the PLDP correlation was 0.97 (De Roos et al., 2008), which is surprisingly high for breeds with different genetic histories. For beef breeds, PLDP between Charolais and Angus, Charolais and crossbred cattle, and Angus and Crosses was 0.84, 0.81, and 0.77, respectively, at distances less than 70 Kb (Lu et al., 2012), so that exchange of information among these populations should be treated with caution.
Ne
Ne was estimated from the last 500 to recent generations in the present study. A trend of decreasing Ne was observed from more distant to recent generations: from 1,570 to 212, 1,049 to 59, 1,025 to 43, and 1,165 to 131 for IRI, ANA, EGY, and PAK breeds, respectively, from 500 generations ago to three last generations (Figure 4 and Supplementary Table S6). Similar trends for a decline in Ne from past to recent generations have been reported for buffalo (Mokhber et al., 2019b) other species (Sargolzaei et al., 2008; Moradi et al., 2012). The Ne of Canadian and American Holstein cattle decreased from 1,400 to less than 100 from 500 generations ago to recent generations (Sargolzaei et al., 2008). For sheep, the Ne of Zel and Lori-Bakhtiari breeds reduced from 4,900 to 840 and 4,900 to 532 animals from 2000 generations ago to the 20 last generations, respectively (Moradi et al., 2012). Ne for Sunite, German Mutton Merino, and Dorper sheep breeds has decreased from 1,506 to 207, 1,678 to 74, and 1,506 to 67, respectively, from 2000 generations ago to the seven last generations (Zhao et al., 2014).
[image: Figure 4]FIGURE 4 | Estimated Ne for IRI (pooled Iranian breeds including AZI, KHU, and MAZ), ANA, EGY, and PAK (pooled Pakistani breeds including KHU and NIL) water buffalo populations for past generations.
The conservation of genetic and biological diversity is dependent on Ne (Wang, 2005). According to the FAO (1992), when Ne is equal to 25, 50, 125, 250, and 500, genetic diversity will shrink 18, 10, 4, 1.6, and 0.8 percent over 10 next generations, respectively. Evidence accumulated since 1980 shows that a Ne of more than 100 is necessary to maintain fitness over the subsequent 10 generations. Meuwissen (2009) showed that, with Ne greater than 100 individuals, the population would be sufficiently genetic diverse to survive in the long term, while to conserve the evolutionary potential of the population, it is better than Ne is more than 1,000 individuals (Frankham et al., 2014).
The present study showed that Ne of Iranian and Pakistani populations are greater than the population size threshold necessary to be genetically viable (Meuwissen, 2009). The main concern for all the studied populations is the rapid reduction in Ne in recent generations. Therefore, controlling the decline in Ne and increase in efficiency of economic production, e.g., by well-designed breeding programs, is necessary to prevent increasing inbreeding and eventually genetic extinction.
CONCLUSION
In the present study, the LD structure, PLDP, and Ne were determined for seven buffalo populations and two populations pooled based on country or origin. The level of LD found indicated that it is appropriate to use the Affymetrix Axiom 90 K SNP genomic array for GWAS and GS in these populations. The correlation between the LD information and PLDP between geographically close populations was high, meaning that genomic information from one population can be used efficiently to predict genetic effects in another. We found that results are affected by sample size, which could be partially corrected for; however, additional data should be obtained to be confident of the results. The Ne in recent generations has declined to the extent that breeding plans are urgently required to ensure that these buffalo populations are not at risk of being lost.
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3695 SMF (979 Brahman, 1802 Santa Gertrudis and
914 Droughtmaster)

Angus cattle (1702 records)
(1691 records)
(1671 records)

Brazilian Nellore (27567 records)

Nelore (135862 records)

Guzera beef cattle (1773)
Guzera beef cattle (2091)

Nelore cattle (66986 records)

Charolais, Charbray, and Charolais-Zebu crosses
(18,972)

Crossbred Bos taurus (64380 records)

Asturiana de los Valles (1226 records)
Brazilian Nelore cattle (762)

Asturiana de los Valles (2533 records)
Jersey x Red Sindhi (313)

Japanese Black Cows (24595 records)
Nelore cattle (1853)

Simmental (3,063)

Brahman-Angus (909)

Japanese Black cows (2,078)

beef cattle

Crossbred heifers (538 records)
Brazilan Nellore (18526 records)
Hanwoo cows (15,355)

Nelore beef cattle (25,594)

Brazilian Brahman cattle
(53703 records)

Nelore cattle (374665 records)

Limousine (18,500)
Charolais (4,330)

Nelore cattle (18615)
50% Red Angus, 26%Charolais and
25%Tarentaise (1117)

Japanese Black cows (2,078)

0.013 = 0.017 (repeatability model)

Pregnancy rate 0.21 40,009 Angus (1,299)

0.14 0099 Grossbred heifers (734 records)

0.12  0.05 (yearings) Angus cattle (1190 records)

0.08  0.064 (2-year-olds) (711 records)

0,027 + 0.38 (1st parity) Japanese Black cows (2,078)

0,023 + 0.034 (2nd parity)

0.021 + 0.036 (3rd parity)

0.022 = 0.007 (repeatability model)

0.025/0.014/0.023/0.014 Sistani beef cattle (1489 records)

(model 1/2/3/4)
Calving interval 0.222 +0.101 Jersey x Red Sindhi (522)

0.125 +0.020 Asturiana de los Valles (2007 records)

0124003 Asturiana de los Valles (1851 records)

0.105 + 0.008 Nelore (33735 records)

0,09 0.02 (Cly) Brahman-Angus (447)

0.02 % 0.02 (Cly) Nelore (2642)

0.02  0.04 (Clp) (1437)

0.06  0.03 (mean Ci) (2888)

0.049 + 0,048 (Cly) Japanese Black cows (2,078)

0.043 £ 0.045 (Clp)

0.048 + 0.042 (Cl3)

0.047 + 0.009 (repeatabilty model)

0.047 +0.009 Japanese Black Cows (72740 records)

0,032 0.004 beef cattle

0.056/0.040/0.033/0.032 Sistani beef cattle (1489 records)

(model 1/2/3/4)

0.01 0,05 (Cly) Hanwoo cows (1936)

0.04 0,02 (Clp) (11144

0.07  0.03 (Cly) (8201)

0.03  0.01 (multi-trait model) (32599)

0.02 + 0,004 Crossbred Bos taurus (101864 records)
Days opervcalving  0.192 (model 1) Asturiana de los Valles (21349 records)
to conception 0.091 (model 2) (3250/3416/13783/900 records)
interval 0.168/0.197/0.170/0.091 (6666/14683 records)

(modetd) (21349 records)

0.154/0.132 (model4)

0.135/0.090/0.086 (model5)

0.110 £0.04
0.110 £ 0.04

0.09/0.045/0.096/0.049
(mode! 1/2/3/4)
0.047 +0.009

0.042  0.044 (1t parity)
0034 0.052 (2nd parity)
0.034 0033 (3rd parity)
0.036 £ 0.021 (repeatability model)

0.02  0.05 (1st parity)
0.09  0.02 (2nd parity)
0.08 = 0.03 (3rd parity)
0.03 2 0.01(mult-trait model)

Calving difficulty 0.42
0.325 + 0.022
0.32:+0.174
0.29+0.10
0.250 +0.018

Length of
productive life

0.096 =+ 0.001

beef cattle
Angus (1680 records)
Sistani beef cattle (1489 records)

Japanese Black cows (72740 records)
Japanese Black cows (2,078)

Hanwoo cows (1726)
(7308)

(6888)

(32465)

Asturiana de los Valles (7298 records)
Asturiana de los Valles (35,395 records)
Crossbred heifers (543 records)

mult breeds (5,795)

Crossbred Bos taurus (100445 records)
Multple breeds (21,895)
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Trait

Age at first
calving

calving
interval

Days open

Calving
difficulty

Heritability

0.28 +£0.03

0.226 £ 0.154
0.16

0.16 +£ 0.04

0.16 £ 0.12

0.17 £0.02

0.135 £ 0.035

0.11 £ 0.06

0.07 £ 0.05

0.556 £ 0.131

0.234 £ 0.175

0.14 £ 0.07 (Ch)

0.09 +£0.13

0.085 +0.134

0.07 £0.05

0.06 £+ 0.01

0.06 £ 0.01

0.05 £ 0.08

0.05 £+ 0.01

0.03(Cly)

0.14 +£0.03

0.16/0.19/0.06/0.08/

0.09/0.04/0.11
(parity1-7)

Breeds
(Numbers/records)

Murrah buffalo (827)

Surti buffalo (48)
Murrah water buffalo
(2290 records)

Murrah buffalo (2389
records)

Murrah buffalo (167)

Murrah buffaloes
(3,431 records)

Indian Murrah buffalo
(1,456 records)

Egyptian buffalo
(1911 records)
Murrah buffalo
(1,578)
Surti buffalo (158)

Indian Murrah buffalo
(1,456 records)
Murrah buffalo

(1,578)

Murrah buffalo (506)

Iranian Khuzestan
buffalo (146 records)

Egyptian buffalo
(1911 records)

Egyptian buffalo
(2,066)
Murrah buffaloes
(4729 records)

Mehsana buffalo
(812 records)

Murrah buffalo (5672
records)

Murrah water buffalo
(765 records)

Murrah buffaloes
(6894 records)

Iraqi Buffalo (360)
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Traits studied

Age at first
calving

Scrotal
circumference

Puberty (age
at first corpus
luteurn)

Non-return
rate

Heifer
pregnancy rate

Days open

Calving ease
direct/maternal
(CED/CEM)

Breed (country)

Nelore (Brazi)

Nelore (Brazi)

Nelore (Brazil)

crossbred animals
(Thai)

Gyr dairy cattle
(Brazi)

cGe:
50%Red Angus
25%Charolais
25%Tarentaise
Braford and Hereford
(Brazi)

Brangus

Nelore cattle (Brazi)

Nelore bulls (Brazi)

Angus’ sires
(America)

Beef CRC: (882
Brahman and 990
Tropical Composite)
Smart Futures: (974
Brahman, 1798
Santa Gertrudis, and
910 Droughtmaster)
50%Red Angus
25%Charolais
25%Tarentaise

CRC(2174) and
Validation cows
(4286)

Holstein (Canada)

Angus sires (America)

Nelore (Brazi)

Holstein (North
America)

Brangus (CED/CEM)

Holstein (Canada)
(calving ease)
Angus bulls
(America)
(CED/CEM)

Norwegian Red bulls
(calving ease)

Chip size

llumina
BovineHD

llumina Bovine
70K

llumina
BovineHD
GeneSeek 80k
chip

GeneSeek
SGGP-20Ki
llumina
BovineSNP50
GeneSeek
GGP-75Ki
llumina
BovineHD
BovineSNP50
chip

llumina
BovineSNPSOK
llumina
BovineHD
GGP-LDV3
chip (1074)
GGP-LDV4
chip (1535)
llumina
BovineSNP50
(61)
GGP-HDT
(295)
GGP-UHD
(628)

llumina Bovine
HD (4)

lumina
BovineHD (763)
llumina
BovineSNP50
(1478)

lumina
BovineHD

llumina
BovineSNP50
llumina
BovineSNP50
chip
GeneSeck
GGP-LD array

BovineSNP50
chip

lllumina
BovineHD
llumina 7K
lllumina
BovineSNP50K
llumina Bovine
SNP50

llumina
BovineSNPS0

llumina
BovineHD (763)
lllumina
BovineSNP50
(1478)

llumina Bovine
SNP 50 TM
Chip
GGP-LDV3
chip (1074)
GGP-LOV4
chip (1535)
llumina
BovineSNPS0
(261)
GGP-HDT
(295)
GGP-UHD
(628)

llumina Bovine
HD (4)

llumina Bovine
SNP50
lllumina
BovineSNP50
BeadChip

Affymetrix 25K
MIP-SNP chip

Validation
population
size

1,853

714

2241

8,361

422 bulls and
1682 cows

1117 records

3680 (2997
Braford and
683 Hereford)

3,797

2241

691

439

1,872
3682

890

6,460

317 (first) and
489 (later)
133

2241

6,515

3,797

438 (first) and
363 (later)
3180

Models

GBLUP
BAYESCx
IBLASSO
BayesA
BayesB
BayesCr
BLASSO
BRR

BayesC

ss GBLUP
ssGBLUPS1T
ssGBLUPS2
GBLUP

BayesA
BayesB
BayesCr

tsGBLUP/
ssGBLUP

tsGBLUP
ssGBLUP

BayesC

GBLUP
Bayes C

BLASSO
BayesC

GBLUP

BayesA
BayesB
BayesC

GBLUP

ssGBLUP
msGBLUP

BayesC

BayesC

GBLUP

tsGBLUP
ssGBLUP

ssGBLUP
msGBLUP

BayesC

GBLUP

BayesB
MIXTURE

Response
variable

dEBV

dEBV

EBVs

EBV

dEBVs

EBVs

EBVs/
dEBVs

EBVs/
dEBVs

EBVs

dEBV

dEBVs

EBVs

EBVs

EBVs

GEBV
pbav

dEBVs

EBVs

dEBV

EBVs
dEBVs

GEBV
bav
dEBVs

GW-EBV

Accuracy of
prediction

0.38(GBLUP),
0.39(IBLASSO)
0.42(BAYESCn)
0.24(BayesA)
0.23(BayesB)
0.33(BayesCn)
0.24(BLASSO)
0.38

0.64

0.207
0.298
0.264
0.380

0.148
0.143/0.154/0.146
(= = 0.99/0.95/0.90)
0.150

0.28-0.33
0.15-0.17

0.717
0.634

0.59/0.59
(AGE365/450)
057/0.56
(AGE365/450)

0.68(GBLUPO)
0.74(GBLUP20)
0.72(Bayes C)
0.72(BLASSO)

0.487 (K-means)/0.600
(Random)

0.49 + 0.06

(Tropical Composite)
052 +0.07
(Brahman)

(80% CRC + SF)

0237
0.188/0.235/0.242
(x = 0.99/0.95/0.90)
0226

0.33 (Brahman)

0.15 (Tropical
Composite)

039/0.33
(frstater)
0,269 (K-means)0.378
(Random)

0.64
0.64

0.50

0451/0.512
0.337/0.266
(CED/CEM)

0.76/0.69
(frst/iater)
CED:0.488/0.617
CEM:0.416/0.571
(K-means/Random)

0.406/0.382
0.411/0.302
0.429/0.401
(Cohort//Random
masking)

Regression
coefficients

0.88(GBLUP),
1.14(BLASSO)
0.81(BAYESC)
0.62

0.63

0.65

0.83

0.65

0.9

0.968/0.960
0.966/0.958
0.967/0.959
0.968/0.970
(bulls/bulls and
cows)

0.50-1.10
0.55-1.13

0.95/0.93
(AGE365/450)
0.89/0.86
(AGES65/450)

1.27 (GBLUPO)
1.44(GBLUP2)
1.68(BAYESC)
1.65(BLASSO)
0916 (K-means)/
0.983 (Random)

0.63-0.97 (frst)
0.81-1.35 (later)
1.337
(K-means)/1.580
(Randorm)

089

087

0.9

0.71-1.09 (frst)
0.56-0.82 (later)
CED:0.942/1.007
CEM:1.181/1.277
(K-means/
Random)
1.192/1.104
0.932/0.953
0.998/0.862
(Cohort/Random
masking)
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Buffalo breed Gene
Italian CSN1S1
Italian CSN182
Italian CSN2
Italian CSN3

Chromosome

~N NN N

Exon count

19
18
9
5

MW (Da)

23451.87
25081.53
29110.29
21409.62

AA

206
213
259
190

pl

4.89
7.66
6.31
6.83

Al

90.87
73.66
100.04
86.21

59.32
45.54
92.21
49.60

GRAVY

—0.332
—0.699
—0.124
—0.232

MW, Molecular Weight in Daltons; A.A, number of amino acids; pl, Isoelectric point; Al, Aliphatic Index; Il, Instability Index; and GRAVY, Grand Average of hydropathicity

Index.
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Trait category

Ovulation

Mating

Calving

Parameter

Ovulation rate
Superovulation response

Twinning rate
Age of puberty (AOP)

Age at first calving (AFC)
Non-return rate (NRR)
pregnancy rate (PR)
Calving interval (Cl)

Days open (DO)
Calving difficulty (CD)

Length of production life
(LPD)

Description

Corpus luteum (CL) number during mid-luteal phase of the estrous cycle

The biological potentiality of the cow in terms of total number of ova (TNO), transferable embryos (NTE),
unfertilized ova (NUO) and degenerated embryos (NDE); total number of embryos (NE) and number of viable
embryos (VE)

The proportion of cows giving birth to two or more calves in one pregnancy

Male: the age when a bull scrotal circumference reaches 26-29 cm (AGESC)*, or the age at which a bull first
produces an ejaculate containing at least 50 million sperm with a minimum of 10% motility

Female: the appearance of the first corpus luteum (AGECL), age at first behavioral estrus (AFO) or standardized
age at first behavioral estrus (SFO) and plasma progesterone concentration

The interval between the date of first calving and the date of birth of the cow

The proportion of cows that are not subsequently rebred

The percentage of cows to become pregnant

The period of time (days or months) between the birth of a calf and the birth of a subsequent calf, both from the
same cow

The period between calving and conception
Dystocia, which is categorized into three degrees, including easy calving, slight problems, and difficult calving

Mainly focused on dairy cattle, length of service, tenure, etc. Such as fertility-/mastitis-/production-/determined
PL (FPL/MPL/PPL)

*Most of the heritability studies for bulls’ puberty employed the AGESC 26-29 cm.
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Category Trait

Owulation

Mating

Calving

Superovulation
responses

Twinning rate

Age of puberty

Age at first calving

Non-return rate

Pregnancy rate

Calving interval

Days open/calving to
conception interval

Calving difficulty

Length of productive fife

Heritability
0.231 £ 0.091

0.27 £008

0.234  0.046(CL)

0.159 & 0.087(EM)

0.15+0.01

0.15 & 0.01/0.17  0.01(NE)
0.14 £ 0.01/0.14  0.01(VE)
(Log/Ans)

0.145 + 0.007/0.188 + 0.033(NE)
0.136 = 0.007/0.187  0.034(VE)
(in vivolvitro)

0.11 & 0.01(parityt)

0.16  0.01(parity2)

0.14 % 0.01(parityd)

0.0192  0.0009/0.142 + 0.007
(LW/TLM)

04

0.013(parity1)

0.022(parity2)

0.024(parity3)

0.026(parity4)

0.031(paritys)

038

0.4

0.26 £ 0.02

0.20  0.03/0.21 = 0.08(uni-trait/bi-trait analysis)

02194 0.162

047 £0.01

0,093 +0.037

0.15  0.04 (PMY0.16  0.04 (GPM)
0411

0.103+0.025

0.01 £0.07

0.1292 (NRR45)

0.1460 (NRR9O)

0.02 (Paternal NRR9O)
0.02 (Maternal NRROO)
0.012 (heifer NRRS6)
0.015 (cow NRRS6)
0.011  0.001(NRRS6)
0.027  0.0004

0,020 +0.001
0.04/0.02/0.01
(DPR/CCR/HCR)

0.04

0.17

0.16 £0.12
0.00 £ 0.09

0.14 £0.211

0.106 = 0,015 (inear sire model)
0.108 :+ 0.013 (inear animal model)

0.059 0006 (repeatabilty animal model)

0.07 £0.013
0.044 £ 0.01
0.04 + 0.003
0.04

0.034 + 0.001
0.029 + 0.004

0.002 # 0.02

001 £ 0.02 (Cly)
0.00 % 0.04 (Cly)
0.08 4 0.07 (Cla)
0084 0.01(Cly)
0.04 4 0.01(Cly)
0.04 4 0.01(Cla)
0.03  0.01(Cly)

0.088 (Cly)
0.142(Cl)

0.102

0.09 +0.121
0.06 +0.03

0.06 £ 0.008

0.04

0.04 £ 0,003
0.033/0.024 (Modiel1/2)
0.026

0.038 + 0.002
0.030 + 0.001

0.132 £ 0.003
0.121 4 0,024 (LM)
0.074 % 0.012 (TM)
0.05 (paternal CE)
0.05 (maternal CE)
0.048 (paternal CE)
0.039 (maternal CE)

0.043  0.0031/0.010  0.0016 (LM1)
0.041  0.0080/0.010  0.0015 (LM2)
0.046 -+ 0.0032/0.011 + 0.0016 (LM3)
0.086 + 0.0091/0.023 + 0.0037 (TM)
(drecmaternal CE)

002 40,002

0.015/0.030 (Model1/2)

0.16

0.12

0.102

0.1040.03

0.06/0.10/0.18/0.25
(LPUFPLMPL/PPL)

004

Breeds (Numbers/records)

Holstein (2,489)

Holstein (926)
Holstein-Friesian (56)

Holstein (150,971)
Holstein (137,446)

Holstein (145661/5310 records)
(in vivolvitro)

Japanese Holsteins (1,323,946)
(1053469)

(750600)

Holsteins (658436 cows/1440540
records)

12 multiple breeds (9272 females)

Israeli Holstein (671,361)
(460940)

(304213)

(188077)

(104434)

Friesian x Ethiopian Boran (399)
Jersey x Ethiopian Boran (151)
Friesian x Ethiopian Boran (399)
Jersey x Ethiopian Boran (151)
South African Holstein (20419)
Braziian Girolando (10,900)
multiple dairy cows (224)
Holstein-Friesian

Other dairy breeds

7 breeds (9,106)

Holstein (276,573)

German Holstein heifers (721919)
Dairy Overo Colorado breed (2,043)
Holstein (21,405)

German Holstein (1193)
(1283)
Holstein (2,527)

Holstein (386869)
Holstein-Friesian
Other dairy breeds

Holstein (2,107)

Spanish Holstein (113375 records)
Friesian x Ethiopian Boran (847)
Jersey x Ethiopian Boran (559)
Holstein (624)

Swedish Red (460)

multiple dairy cow (224)
Iranian Holstein (22,269)

Holstein (11674 records)

Holstein (20544)

Iranian Holstein (129199)
Spanish Holstein (36346 records)
Holstein-Friesian

Other dairy breeds

Dairy Overo Colorado breed (3,488)
Brazilian Girolando (5327)

(3444)

(2229)

South African Holstein (20419)
(18589)

(10681)

(15529)

Holstein (167996 records)
(128080 records)

Canadian Holstein (3,729)

multiple dairy cows (224)
Holstein (3,682)

Holstein (15895)

Spanish Holstein (113375 records)
Iranian Holstein (129199)
Korean Holstein (14,188)
Holstein (2,527)
Holstein-Friesian

Other dairy breeds
Holstein (734)

Walloon Holstein

German Holstein (1267)
(1287)

Holstein (2,527)

Portuguese dairy cattle (320,953
records)

Iranian Holstein (132831)
Korean Holstein (14,188)
German Holstein (1,286)
Pinzgau Cattle

Holstein (276,573)
Holstein (4,739)

Swedish Red and White dairy cattle
(538789)
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Differential type Upregulated Downregulated Total

Genes 2979 1,841 4,820
mRNAs 7,505 4,722 12,227
IncRNAs 831 521 1,352
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Y30

85.11 (4.39)
79.40 (2.77)
58.02 (3.89)
85.90 (2.94)
75.29 (3.37)
61.40 (4.61)
77.56 (7.12)
65.24 (10.81)
45.27 (12.22)
83.86 (4.50)
75.59 (2.78)
55.33 (3.93)
81.20 (6.07)
67.99 (6.35)
47.39 (7.15)
88.20 (3.48)
78.07 (2.95)
57.01 (3.31)
79.56 (4.03)
66.58 (4.16)
47.75 (3.74)
87.32 (5.02)
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51.46 (4.69)
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69.73 (6.10)
49.77 (8.29)
78.26 (7.49)
74.16 (7.34)
50.57 (9.91)
74.12 (4.78)
62.03 (7.14)
41.64 (4.63)
74.87 (4.63)
59.99 (4.50)
40.42 (3.30)
76.27 (4.41)
66.10 (3.88)
45.97 (4.30)
58.02 (6.73)
59.16 (5.72)
40.14 (7.26)

Y60

76.59 (5.96)
67.42 (4.21)
49.24 (5.10)
71.76 (5.51)
60.79 (6.84)
47.40 (4.23)
52.94 (7.27)
39.40 (8.31)
23.61 (6.33)
75.82 (7.74)
59.06 (8.66)
42.65 (8.12)
65.42 (9.91)
48.52 (8.86)
32.15 (5.96)
78.17 (4.52)
65.43 (6.32)
45.98 (6.61)
65.32 (11.87)
45.51 (12.36)
30.42 (8.87)
75.34 (6.01)
63.58 (5.40)
40.51 (5.15)
57.76 (10.66)
28.49 (12.88)
17.09 (11.12)
63.29 (9.79)
51.93 (7.88)
35.40 (6.14)
66.44 (7.90)
59.74 (4.37)
38.05 (6.88)
61.15 (4.64)
4555 (5.72)
25.30 (6.08)
63.73 (9.03)
43.66 (11.04)
30.73 (9.10)
57.14 (7.85)
46.45 (7.27)
29.81 (8.24)
47.45 (8.57)
37.89 (8.57)
23.36 (8.73)

GC30

85.94 (3.64)
78.47 (2.59)
58.36 (5.12)
85.56 (2.31)
76.88 (4.62)
61.42 (5.33)
81.86 (4.94)
69.17 (5.18)
51.17 (3.24)
82.08 (7.25)
72.53 (5.06)
50.11 (6.21)
81.62 (4.73)
61.37 (6.64)
43,55 (4.82)
88.80 (2.79)
77.66 (5.48)
53.91 (4.30)
80.48 (4.37)
64.56 (6.59)
42.74 (6.22)
87.00 (3.77)
75.95 (4.08)
52.71 (5.65)
77.91 (6.54)
58.62 (7.53)
42.98 (7.74)
75.38 (2.78)
67.30 (5.10)
51.03 (2.96)
83.74 (3.74)
74.46 (4.55)
58.88 (4.28)
78.28 (5.91)
66.55 (5.47)
47.77 (6.73)
79.06 (3.56)
69.87 (4.91)
51.78 (4.33)
75.23 (4.48)
66.49 (4.77)
48.94 (4.28)
76.07 (8.29)
67.05 (4.03)
51.47 (5.14)

GC60

78.64 (5.26)
65.03 (6.70)
47.36 (4.51)
74.16 (6.45)
59.54 (4.54)
4517 (4.57)
59.99 (9.58)
39.45 (11.85)
22.12 (8.49)
66.32 (9.99)
53.05 (10.68)
36.07 (5.85)
73.81 (5.19)
54.01 (8.20)
36.29 (7.72)
75.53 (8.75)
64.95 (5.46)
43.90 (6.23)
63.23 (9.87)
45.16 (6.68)
26.65 (5.52)
78.22 (5.52)
65.03 (9.02)
43.08 (7.51)
58.96 (13.58)
38.32 (12.55)
22.99 (7.66)
66.12 (7.49)
52.37 (8.48)
37.75 (7.66)
68.61 (5.45)
58.60 (4.38)
40.27 (4.11)
60.84 (7.90)
45.43 (8.68)
31.05 (5.62)
71.11 (9.27)
58.61 (7.78)
41.76 (3.32)
57.49 (7.14)
44.98 (7.09)
30.68 (5.25)
58.15 (7.70)
51.64 (7.30)
36.17 (6.06)

aSee Table 1 for trait acronym.
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Scenario

GOLD

Y30

Y60

GC30

GC60

Parameter
o?a

e

o?p
h? ts.e.

o?a

e

o p
h? ts.e.

o?a

e

)
h? ts.e.

o?a

e

o?p
h? ts.e.

o?a

e

o p
h? ts.e.

FS

0.55
2.02
257
0.22 + 0.03
0.54
2.03
257
0.21 &+ 0.03
0.55
2.02
2.56
0.21 + 0.04
0.51
2.06
2.56
0.20 + 0.04
0.48
2.08
2.56
0.19 + 0.05

ST

0.98
2.90
3.88
0.25 + 0.03
0.89
2.98
3.87
0.23 + 0.03
0.87
3.00
3.86
0.22 + 0.04
0.93
2.94
3.86
0.24 + 0.04
0.83
3.02
3.85
0.22 + 0.05

FL

0.74
4.67
5.41
0.14 + 0.03
0.73
4.67
5.40
0.14 + 0.03
0.74
4.65
5.39
0.14 + 0.03
0.78
4.62
5.40
0.14 + 0.03
0.84
4.55
5.40
0.16 &+ 0.05

uTt

1.02
5.96
6.98
0.15 + 0.03
0.98
6.01
6.98
0.14 + 0.03
0.99
5.99
6.98
0.14 + 0.03
1.47
5.83
6.99
0.17 £ 0.03
1.62
5.48
7.00
0.22 + 0.05

YP

0.58
2.39
2.98
0.20 + 0.04
0.55
2.43
297
0.18 &+ 0.04
0.50
2.48
297
0.17 + 0.05
0.52
2.45
297
0.18 &+ 0.04
0.51
2.46
297
0.17 &+ 0.06

o?a = additive genetic variance; oe = residual variance; o?p = phenotypic variance; h2 = hereditability; s.e. = standard error.
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Scenario  Parameter STAT BD BL FA FUA RUW ub TP TL BCs
GOLD o?a 9.33 4.44 4.90 2.89 6.64 6.21 7.69 2.53 10.46 0.030
e 17.01 19.19 16.20 28.37 31.34 23.47 22.64 6.62 29.35 0.159
o p 26.34 23.63 21.10 31.26 37.98 29.68 30.33 9.16 39.81 0.189
h? *s.e. 0.35+0.03 0.19+003 0.23+0.03 0.09+0.02 0.17+0.03 0.21+003 0.25+003 0.13+0.03 0.26+0.03 0.16+0.03
Y30 o?a 8.82 4.21 4.92 3.14 6.18 6.11 6.76 2.25 10.32 0.025
e 17.54 19.32 16.23 28.08 31.67 23.51 23.34 6.88 29.31 0.163
?p 26.36 23.53 21.15 31.22 37.85 29.62 30.10 9.12 39.63 0.188
h? ts.e. 0.33+0.03 0.18+0.03 0.23+0.03 0.10+0.03 0.16+0.03 0.21+003 0.22+0.03 0.12+0.03 0.26+0.03 0.13+0.03
Y60 o?a 8.50 4.20 4.92 3.14 5.98 5.65 6.63 2.39 10.25 0.026
e 17.96 19.26 16.24 28.07 31.75 23.89 23.29 6.71 29.20 0.162
oZp 26.45 23.46 21.15 31.21 37.73 29.55 29.92 9.11 39.45 0.188
h? ts.e. 0.32+0.04 0.18+0.04 0.23+0.04 0.10+0.038 0.16+0.04 0.19+004 0.22+0.04 0.13+0.03 0.26+0.04 0.14+0.04
GC30 o?a 9.10 410 4.89 2.99 6.03 5.41 6.97 2.45 9.80 0.028
e 17.27 19.40 16.22 28.24 31.77 23.85 23.08 6.66 29.77 0.158
o p 26.37 23.50 2112 31.23 37.80 29.26 30.05 9.12 39.57 0.188
h? *s.e. 0.35+0.04 0.17+003 0.23+0.04 0.10+0.038 0.16+0.03 0.18+0.04 0.23+0.04 0.13+0.03 0.25+0.04 0.15+0.04
GC60 o?a 9.93 3.48 5.4 3.09 5.33 5.39 6.61 2.60 9.72 0.026
e 16.55 19.95 16.75 28.10 32.38 2410 23.30 6.51 29.70 0.161
?p 26.48 23.42 21.16 31.19 37.71 29.49 29.91 9.12 39.43 0.187
h? ts.e. 0.38+0.05 0.15+005 0.26+0.05 0.10+0.04 0.14+005 0.18+005 0.22+005 0.14+0.04 0.25+0.05 0.14+0.05

o2a = additive genetic variance; o2e = residual variance; ¢2p = phenotypic variance; h2 = hereditability; s.e. = standard error.
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Trait? Female with records Bulls

Y30 Y60 GC30 GC60 Y30 Y60 GC30 GC60

FS 092 0.85 0.89 0.80 094 086 0.93 0.85
ST 093 0.87 0.90 0.81 089 0.77 0.94 0.84
FL 088 0.80 0.88 0.77 090 0.70 0.93 0.77
ut 089 0.80 0.85 0.73 092 079 092 0.80
YP 088 0.78 0.84 0.71 091 075 092 0.85
STAT 095 0.89 0.93 0.87 095 0.87 0.95 0.89
BD 092 0.85 0.89 0.79 091 077 092 0.79
BL 092 0.84 090 0.81 094 0.85 0.95 0.87
FA 085 0.75 0.83 0.68 076 0.63 0.90 0.77
FUA 092 085 0.88 0.78 090 0.74 0.89 0.76
RUW 092 0.86 0.90 0.80 092 082 093 0.81
ub 095 090 092 0.86 087 0.74 0.90 0.74
TP 088 0.80 0.86 0.75 085 0.72 0.91 0.81
TL 095 090 092 0.86 088 0.77 0.92 0.77
BCS 089 0.82 0.87 0.77 076 059 0.90 0.78

Average 0.91 0.84 0.88 0.79 089 0.76 0.92 0.81

aSee Table 1 for trait acronym.
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Trait? GOLD Y30 Y60 GC30 GC60
Bulls Female Bulls Female Bulls Female Bulls Female Bulls Female

FS 0.55 022 0.47 0.24 0.37 0.21 0.46 0.21 0.33 0.17
ST 0.58 0.32 0.47 0.24 0.38 0.22 0.50 0.26 0.39 0.20
FL 0.47 0.22 0.39 0.20 0.28 0.13 0.40 0.16 0.30 0.13
ut 0.48 0.23 0.33 0.14 0.28 0.13 0.37 0.17 0.35 0.19
YP 0.46 0.21 0.34 0.15 0.22 0.10 0.36 0.13 0.28 0.11
STAT 0.64 0.39 0.56 0.34 0.45 0.29 0.58 0.35 0.49 0.33
BD 0.52 0.26 0.42 0.20 0.34 0.17 0.42 0.18 0.31 0.13
BL 0.56 0.30 0.47 0.24 0.38 0.21 0.48 0.23 0.42 0.24
FA 0.39 0.17 0.30 0.11 0.21 0.08 0.3 0.10 0.26 0.09
FUA 0.51 0.25 0.41 0.19 0.30 0.14 0.41 0.17 0.30 0.12
RUW 0.54 0.28 0.44 0.22 0.35 0.18 0.45 0.21 0.33 0.16
ub 0.58 0.32 0.46 0.24 0.37 0.21 0.50 0.25 0.39 0.21
TP 0.46 0.21 0.34 0.14 0.23 0.10 0.37 0.14 0.31 0.13
TL 0.59 0.33 0.49 0.26 0.42 0.25 0.51 0.26 0.41 0.23
BCS 0.49 0.24 0.33 0.13 0.28 0.13 0.38 0.14 0.28 0.11
Average 0.52 0.27 0.42 0.20 0.32 0.17 0.43 0.20 0.34 0.17

aSee Table 1 for trait acronym.
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Trait

Final score (FS)

Structure (ST)
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Yield potential (YP)
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Mean

81.34
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80.19
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30.57
29.48
31.50
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22.39
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27.69
21.30
23.85
7.34

SD

1.82
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2.14
6.56
6.00
6.56
6.14
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6.33
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0.47
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89 0.08
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GG Level Proportion of missing genealogies

30% 60%

ya 1 43 (0) 43 (0)
2 456 (1) 456 (1)
3 1,798 (87) 1,800 (89)
4 2,524 (432) 2694 (607)
5 2,394 (412) 2,876 (906)
6 1,001 (271) 1,435 (715)
7 148 (35) 218 (106)

GeP 1 5,973 (656) 6,279 (656)
2 695 (52) 985 (54)
3 369 (22) 559 (23)
4 279 (53) 450 (55)
5 291 (81) 468 (81)
6 345 (96) 556 (96)
7 134 (35) 218 (35)
8 356 (90) 579 (90)
9 206 (58) 330 (57)
10 101 (31) 162 (30)
11 219 (61) 353 (61)
12 238 (56) 393 (56)
13 249 (65) 397 (66)
14 69 (21) 109 (22)

aGrouping strategy based on the year of birth and on an average generation
interval set to 6 years.

PGrouping strategy based on the genetic distances estimated from the
original pedigree.
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Numbering refers to CSN1S2 allele D (GenBank MW159135) both for nucleotides (nt) and the corresponding predicted protein (aa).
References—1: NM_001290865.1; 2: present work; 3: XM_006071123.2, KY399458.2, FM865618.1, JQ292811.1, AJ005431.2, present work (MW159135); 4: DQ173244.1; 5:
DQ133467.1; 6: FM865619.1; present work (MW159136); 7: KX896650.1; 8: NC_037551.1.
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