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Introduction 

The pressing requirement for agricultural systems to adopt climate change adaptation strategies 

specifically designed for tropical environments underscores the significance of implementing 

sustainable bull breeding practices in beef cattle operations. 

Bull fertility is an important economic driver of profitability in tropical regions of northern 

Australia. However, compared to beef cow fertility, which has received much consideration 

and has been managed through the development of reproductive technologies (Porto-Neto et 

al., 2015; Baruselli et al., 2018) and early-stage genomic selection (Reverter et al., 2016; Hayes 

et al., 2019), many Australian tropical bull producers operate without formal genetic 

improvement programs, creating opportunities for the adoption of multi-breed genomic 

prediction (GBLUP) models (Porto-Neto et al., 2023). Working with a population of heifers in 

northern Australia, Hayes et al. (2019) determined that genomic evaluations for fertility should 

be based on high-density markers and should be multi-breed. More recently, Menchon et al. 

(2024) concluded that while beef cattle producers in northern Australia preferred records of 

fertility, recording fertility data emerges as a barrier to the adoption of genetic tools. 

Bull fertility characteristics are easier to assess than female fertility traits and can be measured 

at a comparatively younger age. But exactly how to use these bull fertility traits remains 

unanswered. At present, scrotal circumference (SCC) is the sole male trait assessed across most 

breeds for genetic evaluation, while the percentage of normal sperm (PNS) is utilized in some 

tropical cattle breeds to enhance herd reproduction (Graser et al., 2005; Corbet et al., 2013). 

Greater diversity in measures of reproductive indicators will help farmers achieve maximum 

efficiency, using a variety of technologies (Cole and VanRaden, 2018). 

In the present study, we consider a population of 6,063 bulls from six tropically adapted breeds 

with single-nucleotide polymorphisms (SNP) genotypes at high-density, and phenotypes for 

10 fertility traits, including four observations on the bull and six observations on the semen. 

We use principal component analysis (PCA) to guide the merging of the 10 phenotypes into a 

single index, namely TBFi for Tropical Bull Fertility index, and to generate genomic 

predictions of breeding value (GEBV) for TBFi to enable early in-life selection of bulls. 

 

Materials & Methods 

Population details. Animals, phenotypes and genotypes used in this study were reported by 

Porto-Neto et al. (2023). In brief, there were 6,063 bulls from six breeds with measures for 10 

phenotypes. Bulls per breed included: 1,051 Brahman (BRM), 1,819 Tropical Composite 

(TRC), 929 Santa Gertrudis (SGT), 760 Droughtmaster (DMT), 844 Ultra Black (UBK) and 

660 Belmont Tropical Composite (BTC). The 10 phenotypes involved four measured on the 

bull (body weight (BWT), body condition score (BCS), SCC, and sheath score (SHS)), and six 

measured on the bull’s semen (density (DEN), activity (ACT), motility (MOT), PNS, proximal 

droplets (PDR) and midpiece abnormalities (MPA)). 

Most bulls were genotyped using a commercial SNP chip with ~50,000 markers and imputed 

to high density and mapped onto the ARS_UCD 1.2 cattle genome assembly (Rosen et al., 
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2020). SNP with imputation r2 > 0.8 were kept for further analyses. In total, 680,758 SNP were 

retained, including 24,058 mapped on the X chromosome. 

 

Phenotype adjustments and PCA. Prior to genomic analyses, phenotypes were adjusted and 

PCA was performed using the PROC GLM and PROC PRINCOMP of SAS 9.4 (SAS Institute 

Inc., Cary, NC, USA). The model for adjustment included the fixed effects of breed, year of 

birth and cohort, and the linear covariate of age at measurement. The resulting principal 

components were examined in terms of the variance explained and the sign of the coefficients, 

or loadings to each of the traits with an a priori ‘breeding preference’ for positive loadings for 

all traits except for SHS, PDR and MPA for which low values are desirable. 

 

The Tropical Bull Fertility index (TBFi) and genomic analyses. After confirming that the 

sign of the loadings of the first principal component (PC1) agreed with the breeding preference, 

PC1 became the linear combination to compute the TBFi for each bull. 

We used the Qxpak5 software (Pérez-Enciso and Misztal, 2011) to estimate genetic parameter 

and obtain GEBV with a fully random GBLUP model with additive polygenic and residual 

effects with assumed distributions N(0,𝜎𝑔
2G) and N(0,𝜎𝑒

2I), respectively; where G represents 

the genomic relationship matrix obtained following Method 1 of VanRaden (2008), 𝜎𝑔
2 is the 

additive genetic component of variance, 𝜎𝑒
2 is the residual component of variance, and I is an 

identity matrix of dimension 6,063 for as many animals. 

We used correlation analyses to compare the resulting GEBV for TBFi with the GEBV for 

each of the 10 phenotypes originally reported by Porto-Neto et al. (2023).     

 

Results & Discussion 

Table 1 shows the mean and standard deviation (SD) of the raw phenotypes for the 10 traits 

under study, as well as the Pearson correlation coefficients (r) among them once the phenotypes 

have been adjusted for fixed effects and age covariate. The body measurements of BWT, BCS 

and SCC are positively correlated with each other, and so are the semen measurements of DEN, 

ACT, MOT and PNS. There is a negative correlation between PNS and the sperm anomalies 

of PDR (r = –0.71) and MPA (r = –0.46) even when these two are uncorrelated (r = 0.01). 

 

Table 1. Mean, standard deviation (SD) and correlation coefficients (Corr.) for the 10 traits1. 

 

 BWT BCS SCC SHS DEN ACT MOT PNS PDR MPA 

Mean 387.83 2.97 30.64 3.43 2.64 2.26 65.02 60.91 14.23 11.82 

SD 93.82 0.38 3.97 1.84 0.93 1.02 22.42 27.75 20.61 11.29 

Corr.           

BWT 1.00 0.33 0.41 0.06 0.07 0.08 0.04 0.06 -0.06 0.00 

BCS 0.33 1.00 0.13 -0.05 0.01 0.02 -0.02 0.07 -0.08 0.01 

SCC 0.41 0.13 1.00 0.14 0.17 0.15 0.09 0.15 -0.14 -0.03 

SHS 0.06 -0.05 0.14 1.00 -0.02 -0.03 -0.02 -0.07 0.07 0.03 

DEN 0.07 0.01 0.17 -0.02 1.00 0.68 0.33 0.26 -0.20 -0.09 

ACT 0.08 0.02 0.15 -0.03 0.68 1.00 0.64 0.38 -0.24 -0.18 

MOT 0.04 -0.02 0.09 -0.02 0.33 0.64 1.00 0.38 -0.16 -0.25 

PNS 0.06 0.07 0.15 -0.07 0.26 0.38 0.38 1.00 -0.71 -0.46 

PDR -0.06 -0.08 -0.14 0.07 -0.20 -0.24 -0.16 -0.71 1.00 0.01 

MPA 0.00 0.01 -0.03 0.03 -0.09 -0.18 -0.25 -0.46 0.01 1.00 
1 BWT: body weight; BCS: body condition score, SCC: scrotal circumference, SHS: sheath score, DEN: semen 

density, ACT: semen activity, MOT: semen motility, PNS: percent normal sperm, PDR: percent proximal droplets, 

MPA: percent midpiece abnormalities. 
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Table 2 presents the results of the PCA for the first 7 PC (PC1 to PC7), including the variance 

explained by each PC and cumulatively. Each of the first 7 PC explained > 5% and 94.4% 

cumulatively. Also given in Table 2 are the coefficients or loadings of each PC onto the 10 

traits. Explaining 31.9% of the total variation, the loadings of PC1 are positive for all traits 

except for SHS (–0.127), PDR (–0.365) and MPA (–0.282). Because large values for these 3 

traits are undesirable from a bull breeding evaluation viewpoint, the sign of the loadings of 

PC1 makes it an optimal option for TBFi. 

 

Table 2. Percent (%) variance explained by the first 7 principal components (PC1 to PC7), 

cumulatively percentage (Cumm%) and loadings of each PC against the 10 traits1. 

 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 

% 31.9 17.9 12.1 9.7 9.0 7.7 6.1 

Cumm% 31.9 49.8 61.9 71.6 80.6 88.3 94.4 

Loadings        

BWT 0.297 0.491 0.269 0.137 -0.165 -0.219 0.088 

BCS 0.097 0.397 0.334 -0.150 0.222 0.783 -0.155 

SCC 0.340 0.424 0.136 0.234 -0.260 -0.262 0.114 

SHS -0.127 -0.051 0.584 -0.300 0.557 -0.376 0.294 

DEN 0.298 -0.370 0.354 0.271 0.067 -0.104 -0.554 

ACT 0.386 -0.406 0.257 0.120 -0.097 0.138 -0.026 

MOT 0.335 -0.331 0.073 -0.164 -0.270 0.251 0.660 

PNS 0.456 0.013 -0.311 -0.203 0.341 -0.051 0.000 

PDR -0.365 -0.061 0.391 -0.255 -0.546 0.003 -0.101 

MPA -0.282 -0.052 0.102 0.770 0.212 0.181 0.340 
1 See Table 1 footnote for trait definitions. 
 

Therefore, the TBFi for the j-th bull, denoted as TBFij was computed as follows: 

 

 TBFij
  = 0.297×BWTj +0.097×BCSj +0.340×SCCj –0.127×SHSj +0.298×DENj + 

     0.386×ACTj +0.335×MOTj +0.456×PNSj –0.365×PDRj –0.282×MPAj 

 

Across all 6,063 bulls, the mean TBFi (±SD) was 0.000 ± 24.40 and ranged from -105.42 to 

92.51, and with 95.5% of values within 2 SD from the mean. After genomic analyses, estimates 

(±SE) were h2 = 0.213 ± 0.021, 𝜎𝑔
2 = 131.28 ± 12.99 and 𝜎𝑒

2 = 486.19 ± 12.94.  

Figure 1 shows the correlation between the GEBV for TBFi and the GEBV for each of the 10 

traits. Traits have been sorted by their PC1 loadings so that the strength of the relationship 

between the loadings and the GEBV correlations becomes immediately apparent. The highest 

GEBV correlation of r = 0.805 was for PNS which had a loading of 0.456; while the lowest 

GEBV correlation of r = –0.663 was for PDR which had a loading of –0.365. 

Selection indices are robust to incorrect assumptions about model parameters (Cole and 

VanRaden, 2018). Traditional selection indices require economic weights and genetic 

correlations. However, deriving the relative economic weights of traits in an index remains a 

challenge. By employing PCA-based approaches, we guarantee capturing an optimal amount 

of variation while relaxing the need to derive economic weights. 

 

Conclusions 

Climate change adaptation in tropical beef requires selection tools that enhance reproductive 

efficiency across diverse, multi-breed scenarios. The present study highlights the potential of 
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PCA-based approaches to develop a metric that combines ten male fertility traits into a single 

tropical bull fertility index, referred to as TBFi. The moderate h2 estimate, coupled with the 

favourable GEBV correlations with the individual traits, makes TBFi a compelling option for 

enhancing fertility through genetic improvement, thereby eliminating the need to undertake 

genomic analyses for the individual phenotypes.    

  

 
 

Figure 1. Correlation between GEBV for TBFi and the GEBV for each of the 10 traits in the 

index sorted by their PC1 loadings (in brackets). 
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