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Abstract  26 

Background: Heat tolerance is a trait of economic importance in the context of warm climates 27 

and the effects of global warming on livestock, production, reproduction, health, and well-28 

being. It is desirable to improve the prediction accuracy for heat tolerance to help accelerate 29 

the genetic gain for this trait. This study investigated the improvement in prediction accuracy 30 

for heat tolerance when selected sets of sequence variants from a large genome-wide 31 

association study (GWAS) were incorporated into a standard 50k SNP panel used by the 32 

industry. 33 

Methods: Over 40,000 dairy cattle (Holsteins, Jersey, and crossbreds) with genotype and 34 

phenotype data were analysed. The phenotypes used to measure an individual’s heat tolerance 35 

were defined as the rate of milk production decline (slope traits for the yield of milk, fat, and 36 

protein) with a rising temperature-humidity index. We used Holstein and Jersey cows to select 37 

sequence variants linked to heat tolerance based on GWAS. We then investigated the accuracy 38 

of prediction when sets of these pre-selected sequence variants were added to the 50k industry 39 

SNP array used routinely for genomic evaluations in Australia. We used a bull reference set to 40 

develop the genomic prediction equations and then validated them in an independent set of 41 

Holsteins, Jersey, and crossbred cows. The genomic prediction analyses were performed using 42 

BayesR and BayesRC methods.  43 

Results: The accuracy of genomic prediction for heat tolerance improved by up to 7%, 5%, 44 

and 10% in Holsteins, Jersey, and crossbred cows, respectively, when sets of selected sequence 45 

markers from Holsteins (i.e., single-breed QTL discovery set) were added to the 50k industry 46 

SNP panel. Using pre-selected sequence variants identified based on a combined set of Holstein 47 

and Jersey cows in a multi-breed QTL discovery, a set of 6,132 to 6,422 SNPs generally 48 

improved accuracy, especially in the Jersey validation set. Combining Holstein and Jersey bulls 49 

(multi-breed) in the reference set improved prediction accuracy compared to using only 50 

Holstein bulls in the reference set. 51 

Conclusion: Informative sequence markers can be prioritised to improve the genetic prediction 52 

of heat tolerance in different breeds, and these variants, in addition to providing biological 53 

insight, have direct application in the development of customized SNP arrays or can be utilised 54 

via imputation into current SNP sets. 55 

 56 

 57 
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Introduction 58 

Heat tolerance is the ability of an animal to maintain production and reproduction levels under 59 

hot and humid conditions. With increasing global warming effects on animal production, the 60 

desire to breed for resilience to heat is growing worldwide, in part, to meet the demand of the 61 

increasing human population while coping with the challenges of hot and ever-changing 62 

production environments [1]. Dairy cows are often prone to heat stress due to the elevated 63 

metabolic heat of lactation. Temperature and humidity exceeding the threshold considered as 64 

comfortable for the dairy cows and other farm animals can compromise production (reduced 65 

milk, growth, etc.), reproduction (e.g., reduced conception rates), and welfare (elevated thirst 66 

and hunger), leading to substantial economic losses [2]. 67 

Considerable research has been conducted in many countries to assess heat tolerance and 68 

performance in farm livestock, including measuring changes in core body temperatures (e.g., 69 

rectal, vaginal, rumen, etc.) and thermal indices (e.g., temperature-humidity index (THI)) [3]. 70 

To study the effect of THI on milk production of dairy cows, [4] introduced a method whereby 71 

daily milk records are merged with temperature-humidity data to measure the rate of milk 72 

decline associated with changes in heat stress. This method has been widely adopted in many 73 

countries [5-7] due to the availability of extensive test-day milk records from dairy farms and 74 

climate data from weather stations.  75 

In Australia, [7] used test-day milk records (milk, fat, and protein yield) and climate data 76 

collected from across Australia’s dairying regions to evaluate heat tolerance in dairy cattle, 77 

which culminated in the release to the dairy industry (through DataGene Ltd; 78 

(https://datagene.com.au/) of the first genomic breeding values for this trait in 2017, with a 79 

reliability of 38%. While current prediction estimates are promising, even a smaller lift in 80 

reliability is economically important to the wider industry since the genetic improvement is 81 

linearly related to the selection intensity, accuracy of estimated breeding values (EBVs), 82 

genetic variation and is inversely proportional to the generation interval [8, 9]. The accuracy is 83 

the only component that is influenced by research in different ways to drive genetic 84 

improvement for a given trait whereas the other components (selection intensity, genetic 85 

variation, generation cycle) are largely controlled by breeding companies and farmers. 86 

Besides increasing the size of the reference population, one way to boost the accuracy is to 87 

increase the density of markers used in genomic predictions. However, replacing the marker 88 

SNP panels with the full set of whole-genome sequence variants has, in most cases, yielded 89 
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limited, or no appreciable increase in the prediction accuracy for various traits in cattle [10], 90 

sheep [11], and avian species [12]. A promising alternative, in which a substantial increase in 91 

prediction accuracy that has been realized in previous reports, has been to augment standard 92 

industry SNP panels (e.g., 50k SNP array) with a small set of informative or causal mutations 93 

selected for a trait [11, 13-15]. To fully maximize predictions, this approach requires a careful 94 

selection of informative markers. Thanks to the 1000 Bull Genomes project (Hayes and 95 

Daetwyler, 2019), it is now possible to use this sequence database to impute genotypes to the 96 

whole-genome sequence. This may facilitate a more accurate selection of highly informative 97 

variants for genomic predictions, especially for complex traits such as heat tolerance. 98 

Specifically, having a large sample size and high-resolution genotypes can help identify many 99 

causal variants with medium- and small-sized effects.  100 

In addition to the sample size, the composition of the population used for discovering 101 

informative variants can impact genomic predictions for a trait. Several studies [e.g., 16, 17, 102 

18] have found improved precision of locating candidate causal variants when using multi-103 

breed than the single-breed population in GWAS, especially for QTLs that segregate across 104 

breeds. This is partly due to shorter LD in multi-breed than within-breed analyses [18]. In a 105 

simulated study, [14] demonstrated that using variants close to the causal mutations can 106 

improve genomic predictions. With real data, [19] found increased accuracy of prediction for 107 

stature when using candidate variants discovered from meta-GWAS of 17 cattle populations. 108 

In sheep, [11] reported enhanced accuracy for various production traits when using pre-selected 109 

variants from the QTL discovery set that comprised multiple breed compositions. Besides these 110 

studies and several others that used single-breed sets to discover variants for traits, e.g., [15, 111 

20], there is still a dearth of information on the value of variants from multi-breed populations 112 

in genomic predictions. Notably, it is critical to ensure that the population(s) used to discover 113 

informative sequence variants for a trait is independent of that used to train subsequent genomic 114 

predictions to avoid bias, as demonstrated by [21]. 115 

The main objective of this study was to investigate the prediction accuracy of heat tolerance in 116 

Holsteins when sets of selected sequence markers from a GWAS of a large sample size of 117 

Holstein cows were added to the 50k industry SNP panel used routinely for genomic 118 

evaluations in Australia. The selected variants are likely linked to causal mutations 119 

underpinning the genetic basis for heat tolerance [22] and, therefore, could enable more 120 

accurate and sustained genomic selection for heat tolerance. In addition, we investigated the 121 

accuracy of prediction when informative sequence markers discovered in Holstein cows are 122 
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used in the genomic predictions of numerically smaller breeds, including Jersey and crossbred 123 

cattle. Moreover, we investigated the gain in accuracy of prediction when using informative 124 

markers discovered in a combined set of Holstein and Jersey cows (i.e., multi-breed QTL 125 

discovery set). Finally, we compared the gain in accuracy when single-breed (Holstein bulls) 126 

versus multi-breed (Holstein + Jersey bulls) reference sets are used in the genomic predictions. 127 

Materials and methods 128 

Phenotypes 129 

The phenotypes used were obtained from DataGene (DataGene Ltd., Melbourne, Australia; 130 

https://datagene.com.au/) and included test-day milk, fat, and protein yield for Holstein, Jersey, 131 

and Holstein-Jersey crossbred cows collected from dairy herds between 2003 and 2017 that 132 

were matched with climate data (daily temperature and humidity) obtained from weather 133 

stations across Australia’s dairying regions. The distribution of dairy herds and weather 134 

stations, data filtering, and the calculation of environmental covariate (i.e., temperature-135 

humidity index (THI)) used in this work was described in our earlier studies (Nguyen et al., 136 

2016, Cheruiyot et al., 2020). 137 

The rate of decline (slope) in milk, fat, and protein yield due to heat stress events was estimated 138 

using reaction norm models described by [23]. Briefly, data on milk, fat, or protein yield were 139 

adjusted for the fixed effects, including herd-test-day, year-season of calving, parity, Legendre 140 

polynomials (order 3) on the cow age on the day of the test, and the Legendre polynomials 141 

(order 8) on the interaction between parity and DIM. Random effects fitted in the model 142 

included a random regression on a linear orthogonal polynomial of THI, where the intercept 143 

represents the level of mean milk yield, and the linear component represents the change in milk 144 

yield (slope) due to heat stress for each cow and a residual term. The analyses to derive trait 145 

deviations (TD, which represents a phenotype adjusted for all fixed effects (i.e., the slope for 146 

each cow) were conducted using ASReml v4.2 (Gilmour et al., 2015). Slope solutions (i.e., 147 

TDs) for each bull’s daughters were averaged to obtain heat tolerance slope traits for bulls and 148 

were equivalent to daughter trait deviations (DTD). From here on, the slope traits derived from 149 

milk, fat, and protein yield records are referred to as heat tolerance milk (HTMYslope), fat 150 

(HTFYslope), and protein (HTPYslope). 151 

Genotypes 152 

Two genotype datasets were prepared for the above cows and bulls with heat tolerance 153 

phenotypes: 50k SNP chip and 15,098,486 imputed whole-genome sequence variants (WGS). 154 

https://datagene.com.au/
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The WGS was imputed using the genomic sequence data from the Run7 of the 1000 Bull 155 

Genome Project based on the ARS-UCD1.2 reference genome (http://1000bullgenomes.com/), 156 

and variants were filtered on the estimated imputation accuracy (R2 > 0.4) and minor allele 157 

frequency (MAF > 0.005). Detailed imputation procedure is described by [22]. 158 

Study design: Discovery, Reference, and Validation datasets 159 

The animals with genotypes and heat tolerance phenotypes comprised Holsteins (29,107 160 

♀/3,323 ♂), Jersey (6,338 ♀/1,364 ♂), and Holstein-Jersey crossbreds (790 ♀/0 ♂). These 161 

animals were split into 3 independent groups to achieve the specific objectives: 1) QTL 162 

discovery set – used to discover informative sequence markers for heat tolerance 2) Reference 163 

set – used to develop genomic prediction equations 3) independent validation sets – used to 164 

assess genomic prediction accuracy. The validation sets included three independent breed 165 

subsets: Holstein, Jersey, and crossbred cows. Across all the prediction scenarios, we ensured 166 

that the QTL discovery set used in GWAS was independent of the reference set used in genomic 167 

predictions to minimise bias in the predictions [21]. The different sets of animals used for each 168 

group (QTL discovery, reference, and validation) are described schematically in Figure 1, with 169 

a more detailed description as follows: 170 

Scenario 1: this was aimed at testing the value of pre-selected sequence variants from Holsteins 171 

in the genomic prediction of the same breed as well as in the prediction of other numerically 172 

smaller breeds, including Jersey and crossbred cows. 1) QTL discovery set – comprised 20,623 173 

Holstein cows born in 2012 or earlier 2) Reference set – comprised 3,323 Holstein bulls. None 174 

of these bulls sired cows in the discovery set to ensure the independence of the phenotypes 175 

between the two datasets 3) Validation sets – a) comprised of 1,223 younger Holstein cows 176 

(born in 2013 or later) that were not daughters of the Holstein bulls used in the reference set b) 177 

Jersey (N = 6,338 ♀) c) crossbreds (N = 790 ♀). Each of the three validation sets was randomly 178 

split into two subsets of approximately equal size (Supplementary Table S2) to facilitate the 179 

calculation of standard errors of prediction. 180 

Scenario 2: we tested the hypothesis that using pre-selected informative markers from a multi-181 

breed population improves the accuracy of predictions compared to pre-selected markers from 182 

the single-breed QTL discovery set. 1) QTL discovery set – we combined subsets of older cows 183 

that were: Holstein (N = 20,623 ♀; born in 2012 or earlier) and Jersey (N = 5,143 ♀; calved 184 

for the first time in 2014 or earlier); 2) Reference set – Holstein bulls (N = 3,323); 3) Validation 185 

sets – a) Holsteins (N = 1,223 ♀; as described above for ‘scenario 1’ above) b) Jersey (N = 186 

http://1000bullgenomes.com/
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1,195; younger cows that calved for the first time in 2014 or later) 3) crossbred cows (N = 790; 187 

as described for ‘scenario 1’ above). As in ‘scenario 1’ above, each validation set was randomly 188 

split into two subsets of approximately equal (Supplementary Table S2). The subsets for 189 

Holsteins and crossbred validation sets were the same as in ‘scenario 1’. 190 

Scenario 3: we tested the accuracy of prediction when using a multi-breed reference set as 191 

follows: 1) QTL discovery set – Holstein cows (N = 20,623; born in 2012 or earlier as described 192 

for ‘scenario 1’ above, i.e., single-breed discovery set); 2) Reference set – combined (multi-193 

breed) set of bulls for Holsteins (N = 3,323 ♂; as described for ‘scenario 1’ above) and Jersey 194 

(N = 852 ♂); 3) Validation sets – a) Holstein cows (N = 1,223; as described for ‘scenario 1 and 195 

2’ above) b) Jersey cows (N = 431) that were not daughters of the bulls used in the multi-breed 196 

reference set c) crossbred cows (N = 790; as described for ‘scenarios 1 and 2’ above). 197 

Validation sets were split as described for ‘scenario 1 and 2’ above. The subsets for Holsteins 198 

and crossbred validation sets were the same as in ‘scenarios 1 and 2’. 199 

QTL discovery and selection of informative markers (‘top SNPs’) 200 

To identify informative sequence variants for heat tolerance traits (using the “Discovery” sets 201 

described above), we performed a genome-wide association study (GWAS) using mixed linear 202 

models to test associations between individual SNP and cow’s slope traits using GCTA 203 

software [24]. The details of the GWAS for the Holstein discovery set are described by [22]. 204 

Briefly, a linear model was fitted to each cow’s (N = 20,623 Holsteins) slopes for production 205 

trait [HTMYslope, HTFYslope, and HTPYslope] (pre-adjusted for the nongenetic effects 206 

described by [23]), for each autosomal SNP (~ 15 million SNPs). The model included a 207 

genomic relationship matrix (GRM) constructed from 50k SNP genotype data of the cows. The 208 

same model was used when performing GWAS for the multi-breed (Holstein and Jersey cows; 209 

N = 25,766) QTL discovery set except that an additional binary covariate was fitted to account 210 

for the breed effect. 211 

To increase the power of GWAS to identify pleiotropic variants for heat tolerance from the 212 

three slope traits, we combined the above single-trait GWAS results in a multi-trait meta-213 

GWAS (following methods described by [25]) and described for the Holstein data set in [22]. 214 

Using either the single-trait or multi-trait GWAS results, we selected informative variants 215 

defined as ‘top SNPs’ for each slope trait as follows: 216 

1. We chose the most significant SNP from within each 100 kb window and then in each 217 

sliding 50 kb window along each chromosome. To be selected, the SNP had to pass 218 
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either a more stringent GWAS threshold of −𝑙𝑙𝑙𝑙𝑙𝑙10(𝑝𝑝 𝑣𝑣𝑣𝑣𝑙𝑙𝑣𝑣𝑣𝑣) ≥ 3 or a relaxed GWAS 219 

cut-off of −𝑙𝑙𝑙𝑙𝑙𝑙10(𝑝𝑝 𝑣𝑣𝑣𝑣𝑙𝑙𝑣𝑣𝑣𝑣) ≥ 2. This relaxed GWAS cut-off is suited for capturing 220 

variants with small to large effect sizes for heat tolerance [22]. 221 

2. Among each set of selected ‘top SNPs’, we removed one SNP of any pair in strong LD 222 

(r2 > 0.95) using PLINK software [26], with the [−indep-pairwise 50 5 0.95] option, 223 

where LD is calculated within 50 SNPs sliding window, each time sliding five SNPs 224 

along the chromosome. 225 

Genomic prediction 226 

We used BayesR [16, 27] to estimate prediction accuracies using the 50k SNP panel and 227 

compared this to accuracies estimated by adding pre-selected ‘top SNPs’ to the 50k SNP set 228 

(i.e., 50k + ‘top SNPs’) obtained from the BayesRC method (MacLeod et al., 2016). The 229 

Australian dairy industry currently uses the 50k SNP panel for routine genomic evaluations; 230 

thus, it served as the standard to test the added value of selected sequence variants (‘top SNPs’). 231 

Furthermore, the industry 50k SNP panel includes a set of variants that were not selected 232 

intentionally for heat tolerance; thus, this was ideal for our study. 233 

The BayesR model fitted to the reference bulls (N = 3,323) for 42,572 variants (with MAF > 234 

0.005) from 50k SNP panel was, y = Xβ + Wv + e , where 𝐲𝐲 = vector of heat tolerance slope 235 

phenotypes (HTMYslope, HTFYslope, and HTPYslope); 𝐗𝐗 = design matrix allocating 236 

phenotypes to the fixed effects, where fixed effects included the overall mean and a dummy 237 

random categorical variable with values 0 and 1 (this dummy variable was required as a 238 

placeholder for our inhouse BayesR program to run); 𝛃𝛃 = vector of fixed effect solutions; 𝐖𝐖 = 239 

centred design matrix of SNP genotypes; 𝐯𝐯 = vector of SNP effects, modelled to have four 240 

possible normal distributions corresponding to zero-, small-, medium- and large-sized effect, 241 

respectively; 𝐞𝐞 = vector of residual errors 𝑁𝑁(0,𝐄𝐄𝜎𝜎𝑒𝑒2), where E is a diagonal matrix calculated 242 

as diag(1 𝑤𝑤𝑖𝑖⁄ ), with 𝑤𝑤𝑖𝑖 being a weighting factor for ith animal calculated differently for cows 243 

and bulls based on the available number records following Garrick et al. (2009) assuming that 244 

0.2 of the genetic variance is not accounted by the SNPs. The same model was used when 245 

analysing the multi-breed reference population (Holstein and Jersey; N = 4,175), except that a 246 

binary covariate was fitted to account for the breed effect. To account for polygenic effects, we 247 

tested models with or without pedigree relationships, which yielded correlation estimates of 248 

SNP effects of around 1.0. Therefore, based on these preliminary analyses, we decided not to 249 

include pedigree data in subsequent models. 250 
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We used the BayesRC method [28] to analyse the 50k + ‘top SNPs’ dataset. The BayesRC 251 

allows pre-allocation of variants to 2 or more classes assuming a different posterior mixture 252 

distribution within each class if the class is enriched for informative SNPs. In our case, the 253 

SNPs from the 50k array (42,572) were allocated to class I and the selected ‘top SNPs’ to a 254 

separate class II, because the latter may be enriched with causal and/or highly predictive 255 

mutations for heat tolerance. For both BayesR and BayesRC models, we performed five 256 

MCMC replicate chains, each with 40,000 iterations of which 20,000 were discarded as burn-257 

in for all the traits. These iterations gave stable convergence across the 5 replicates. To facilitate 258 

the calculation of standard errors, and based on the number of animals available, we performed 259 

all analyses for two subsets of approximately equal size for each validation set (Supplementary 260 

Table S2).  261 

For each analysis (described above), the accuracy of prediction was calculated as described in 262 

[11]: 𝐴𝐴𝐴𝐴𝐴𝐴𝑣𝑣𝐴𝐴𝑣𝑣𝐴𝐴𝐴𝐴 =  
𝑟𝑟𝐺𝐺𝐺𝐺𝐺𝐺,𝑝𝑝ℎ𝑒𝑒𝑒𝑒√ℎ2 , where 𝐴𝐴𝐺𝐺𝐺𝐺𝐺𝐺,𝑝𝑝ℎ𝑣𝑣𝑒𝑒 = correlation of GBV and TD phenotypes 263 

(slope traits); (ℎ2 = genomic heritability of the trait computed from 50k SNP data based on 264 

29,107 Holstein cows), as described earlier (Supplementary Table S1). The corresponding 265 

standard errors of the accuracies were estimated as: 𝑆𝑆𝑆𝑆 =  𝑆𝑆𝑆𝑆 √𝑁𝑁⁄ , where N = number of 266 

random validation subsets (N = 2); SD = standard deviation of the accuracies of prediction 267 

calculated from the validation sets. The bias of prediction accuracies for different traits were 268 

assessed as the regression coefficient of the TD phenotypes on the GBV in the validation set 269 

and their corresponding standard errors calculated as described for the SE of the accuracies of 270 

prediction above. 271 

Results 272 

Genomic heritability 273 

Genomic heritability estimates based on 29,107 Holstein cows using 50k SNP array were 274 

similar for all the slope (heat tolerance) traits (Supplementary Table S1). The genomic 275 

heritability estimates based on Jersey cows (N = 6,338) were comparable to those for Holstein 276 

cows with values of 0.26 ± 0.02, 0.23 ± 0.02, and 0.25 ± 0.02 for HTMYslope, HTFYslope 277 

and HTPYslope traits, respectively (Supplementary Table S1). However, the values for 278 

crossbred cows (N = 790) were estimated with large standard errors [0.58 ± 0.10 279 

(HTMYslope); 0.34 ± 0.11 (HTFYslope); 0.51 ± 0.10 (HTPYslope)], most likely due to the 280 

small sample size used. In this study, we computed the accuracy of genomic predictions across 281 
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all validation sets using the heritability estimates from Holstein cows (N = 29,107) that were 282 

estimated with the smallest standard errors. 283 

Genomic prediction using single-breed QTL discovery set (‘scenario 1’) 284 

Table 1 includes the number of selected informative sequence variants for heat tolerance 285 

defined as ‘top SNPs’ from single-trait GWAS and multi-trait meta-analyses of Holstein cow 286 

discovery set (i.e., single-breed discovery set; see methods section – ‘scenario 1’). Using a 287 

more stringent GWAS cut-off threshold of -log10(p-value) ≥ 3 resulted in about 5-fold lower 288 

number of selected ‘top SNPs’ than a comparatively relaxed GWAS cut-off of -log10(p-value) 289 

≥ 2. The number of selected ‘top SNPs’ at -log10(p-value) ≥ 2 from single-trait GWAS (after 290 

pruning pairs of markers in strong LD, r2 > 0.95) were 9,481 ± 244 and those selected at -291 

log10(p-value) ≥ 3 were 1,758 ± 117 (Table 1). The largest number of ‘top SNPs’ were selected 292 

for HTPYslope, followed by HTFYslope and HTMYslope (Table 1). Although the number of 293 

variants that passed the GWAS cut-off was greatest for HTPYslope, the strength of the GWAS 294 

signal (peak) across the genome was relatively weak for this trait compared to the other traits 295 

(i.e., HTMYslope and HTFYslope). A large proportion (> 50%) of the selected ‘top SNPs’ 296 

have lower MAF compared to the SNPs in the 50k panel (Supplementary Figure S1). Compared 297 

to single-trait GWAS, and as expected, the number of selected ‘top SNPs’ were generally 298 

higher for multi-trait meta-analysis of slope traits at a more stringent [-log10(p-value) ≥ 3; N 299 

= 2,365 SNPs] and at a relaxed [-log10(p-value) ≥ 2; N = 9,090 SNPs] GWAS cut-off 300 

thresholds (Table 1). 301 

 302 

 303 

 304 

 305 

 306 

 307 

 308 

 309 

 310 
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Table 1 Number of informative markers for heat tolerance defined as ‘top SNPs’ selected from single-trait GWAS 311 

and multi-trait meta analyses of heat tolerance slope traits of Holstein discovery cow set (N = 20,623). 312 

 Single-trait GWAS  Multi-trait meta-analysis 

Trait Top SNPs (logP = 2) Top SNPs (logP = 3)  Top SNPs (logP = 2) Top SNPs (logP = 3)  

HTMYslope 9,207 (51,750) 1,654 (44,219)  9,090 (51,636) 2,365 (44,929) 

HTFYslope 9,352 (51,894) 1,708 (44,277)  9,090 (51,636) 2,365 (44,929) 

HTPYslope 9,633 (52,168) 1,624 (44,190)  9,090 (51,636) 2,365 (44,929) 

Markers were selected based on the GWAS cut-off thresholds of -log10(p-value) ≥ 2 and -log10(p-value) ≥ 3; The values in brackets are the 313 

final number of SNPs after adding selected ‘top SNPs’ to the 50k SNP data used in the BayesRC analyses (i.e., 42,572 SNPs + top SNPs); 314 

Traits are defined as heat tolerance milk (HTMYslope), fat (HTFYslope) and protein (HTPYslope) yield slope traits. 315 

 316 

 317 

 318 

 319 

 320 

 321 

 322 

 323 

 324 

 325 

 326 

 327 

 328 

 329 

 330 

 331 
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Figure 2 shows the accuracy of predictions when the selected ‘top SNPs’ from a single-breed 332 

(Holstein cows; N = 20,623) QTL discovery set were added to the standard 50k SNP array and 333 

analysed using the BayesRC models. For this comparison, the reference set was only Holstein 334 

bulls (N = 3,323) and the validation set was Holsteins (N = 1,223), Jersey (N = 6,338) and 335 

crossbred (N = 790) cows. The gain in accuracy for different traits and models varied across 336 

the three validation sets. The increase in the prediction accuracy was somewhat consistent for 337 

the HTMYslope trait across most of the different cases (50k + ‘top SNPs’) tested, but not for 338 

HTFYslope and HTPYslope trait, particularly in the Jersey validation set. In general, the 339 

increase in accuracy ranged from 0.001 to 0.09, with the largest estimate (0.09) observed for 340 

HTMYslope in the crossbred validation set. 341 

In most cases, except in Jerseys, the bias of prediction (assessed as the regression coefficient 342 

of the slope phenotypes on the GBV in the validation sets) was > 1.0 (Supplementary Figure 343 

S4), indicating ‘deflation’ or under prediction, meaning less variance among predicted than the 344 

observed values. We observed the most extreme bias (>1.7) for HTMYslope in the crossbreds 345 

(N = 790) and Jersey (N = 431) validation sets (bias < 0.5), likely due to the small sample size 346 

and population used. The prediction bias was even more pronounced when the selected ‘top 347 

SNPs’ were added to the 50k SNP data in all BayesRC models compared to the estimates from 348 

the BayesR using only 50k SNP data. Notably, the bias of prediction was generally lower 349 

(values closer to 1.0) for the intercept traits (represent the level of milk production) when 350 

compared to heat tolerance traits (Supplementary Figure S3 and S4). 351 

The ‘top SNPs’ selected from the relaxed GWAS cut-off value of -log10(p-value) ≥ 2 (~9,000 352 

SNPs) yielded, in general, a greater lift in accuracy compared to prediction estimates based on 353 

the ‘top SNPs’ from a more stringent GWAS threshold (-log10(p-value) ≥ 3; ~2,000 SNPs) 354 

across most traits and validation sets (Figure 2). On average, using ‘top SNPs’ from the relaxed 355 

GWAS cut-off (-log10(p-value) ≥ 2) resulted in a 2% gain in accuracy when compared to 356 

selected ‘top SNPs’ based on a more stringent GWAS threshold (-log10(p-value) ≥ 3). In 357 

general, using ‘top SNPs’ from the more stringent GWAS cut-off yielded more bias of 358 

prediction than the ‘top SNPs’ from a relaxed GWAS cut-off threshold. 359 

The ‘top SNPs’ from single-trait GWAS yielded (on average) about 1% greater gain in 360 

accuracy compared to the ‘top SNPs’ from multi-trait meta-GWAS of slope traits. The increase 361 

in accuracy based on ‘top SNPs’ from single-trait GWAS ranged from 0.001 (HTFYslope) to 362 

0.09 (HTMYslope) both in the crossbreds. In contrast, the average lift in accuracy based on the 363 
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selected ‘top SNPs’ from the meta-analysis of slope traits was 0.03 with values ranging from 364 

0.009 (HTPYslope) to 0.07 (HTMYslope), both in the crossbred cows. Overall, the above 365 

results show that the ‘top SNPs’ from single-trait GWAS at the relaxed cut-off threshold (-366 

log10(p-value) ≥ 2) resulted in a more lift in accuracy than the ‘top SNPs’ from stringent or 367 

those from multi-trait meta-GWAS. Therefore, and hereafter, we only report the results based 368 

on the selected ‘top SNPs’ from the single-trait GWAS at the relaxed cut-off threshold. 369 

Notably, the prediction accuracy decreased considerably for HTFYslope and HTPYslope traits 370 

when the selected ‘top SNPs’ from Holsteins cows were used in Jersey with a more decrease 371 

in accuracy when using ‘top SNPs’ from single-trait GWAS than those from the multi-trait 372 

meta-analysis (Figure 2). We observed the largest drop in accuracy for HTFYslope (10%) and 373 

HTPYslope (9%) traits for Jerseys when using selected ‘top SNPs’ from single-trait GWAS at 374 

the stringent GWAS cut-off (-log10(p-value) ≥ 3). We also observed a slight drop in accuracy 375 

when the selected ‘top SNPs’ from the Holstein cow discovery set were used in the crossbreds 376 

in some prediction scenarios (Figure 2). 377 

To test whether allocating selected informative markers to a separate class (see methods) in the 378 

BayesRC can show added benefit in our study, we combined 50k + selected ‘top SNPs’ from 379 

single-breed (Holsteins) QTL discovery set and modelled using the BayesR – a method which 380 

does not allow defining priors [22]. This test was performed only for two traits in the Holstein 381 

validation set. The BayesRC gave 2% (HTMYslope) and 1% (HTFYslope) more lift in the 382 

accuracy, indicating its superiority compared to the BayesR method. 383 

Genomic prediction using multi-breed QTL discovery set (‘scenario 2’) 384 

When Holstein cows (N = 20,623) were combined with Jersey cows (N = 5,143) in the QTL 385 

discovery set (i.e., multi-breed QTL discovery set; see methods section – ‘scenario 2’), we 386 

found a lower number of selected ‘top SNPs’ (after pruning pairs of markers in strong LD, r2 387 

> 0.95) from single-trait GWAS at -log10(p-value) ≥ 2 [HTMYslope = 6,132; HTFYslope = 388 

6,286; HTPYslope = 6,422] compared to those from single-breed QTL discovery set at the 389 

same significance cut-off as described above. 390 

Figure 3 shows the gain in accuracy of prediction when the selected ‘top SNPs’ (GWAS cut-391 

off of -log10(p-value) ≥ 2) from multi-breed (Holstein + Jersey cows) QTL discovery set were 392 

added to the 50k SNP data in which the reference set was only Holstein bulls. The change in 393 

accuracy across all traits and validation sets ranged from -0.05 (HTPYslope) in Jersey to 0.11 394 

(HTMYslope) in crossbred cows. In the Holstein validation set (N = 1,223), the accuracy of 395 
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prediction increased across all traits with the greatest gain for HTPYslope (0.03) followed by 396 

HTFYslope (0.02) and HTMYslope (0.01), respectively. In this validation set, the bias was > 397 

1.0 across all the traits, indicating under prediction. The bias decreased slightly for HTMYslope 398 

but increased for HTPYslope and HTFYslope traits when the ‘top SNPs’ were fitted in the 399 

BayesRC method (Figure 3). 400 

In the Jersey validation set (N = 1,195), the change in accuracy was inconsistent across traits 401 

(Figure 3). When using the selected ‘top SNPs’ from the multi-breed QTL discovery set, the 402 

accuracy increased for HTMYslope (0.03) and HTFYslope (0.02) but decreased for 403 

HTPYslope (-0.05). These values contrast with those obtained from using selected ‘top SNPs’ 404 

from the single-breed QTL discovery set (only Holsteins; see methods ‘scenario 1’), where we 405 

found a change in accuracy of 0.09, 0.04, and 0.01 for HTMYslope, HTFYslope, and 406 

HTPYslope, respectively, when using a smaller subset of Jersey cows (i.e., N = 1,195) instead 407 

of 6,338 cows (as in the ‘scenario 1’). In the ‘scenario 2’ analyses, the prediction estimates for 408 

the HTFYslope trait based on the 50k SNP panel were ‘inflated’ or over predicted (bias < 1.0), 409 

whereas the HTMYslope and HTPYslope were over predicted (Figure 3). In the BayesRC, the 410 

bias for HTPYslope changed from 1.11 (50k) to 0.78 (BayesRC), indicating more biased 411 

(under-prediction) prediction estimates when fitting the ‘top SNPs’ for this trait. 412 

In the crossbreds (N = 790), using ‘top SNPs’ discovered in the multi-breed (Holsteins + Jersey 413 

cows) set led to a change in accuracy of 0.11, -0.005, and -0.03 for HTMYslope, HTFYslope, 414 

and HTPYslope, respectively. In contrast, using ‘top SNPs’ from single-breed (only Holsteins) 415 

QTL discovery set yielded a change in accuracy of 0.09, 0.02, and -0.006 for HTMYslope, 416 

HTFYslope, and HTPYslope, respectively. The bias for HTMYslope was extreme (> 1.7) 417 

compared to the other traits. In the crossbred validation set (‘scenario 2’), the bias increased 418 

more for HTMYslope but decreased for HTFYslope and HTPYslope when fitting the selected 419 

‘top SNPs’ in the BayesRC (Figure 3). 420 

Genomic prediction using multi-breed reference set (‘scenario 3’) 421 

When we used a multi-breed (Holstein + Jersey bulls) reference set in which the ‘top SNPs’ 422 

were from only Holstein cow QTL discovery set (single-breed; see methods section – ‘scenario 423 

3’), we found a consistent lift in the accuracy of prediction in most cases (Figure 4). The 424 

accuracy of prediction decreased only for HTFYslope (-0.06) and HTPYslope (-0.002) in the 425 

Jersey validation set for this scenario. The change in accuracy ranged from [0.04 to 0.05], [-426 

0.06 to 0.04], and [0.04 to 0.10] in the Holsteins (N = 1,223), Jersey (N = 431) and crossbred 427 
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(N = 790) cow validation set, respectively (Figure 4). These changes in accuracy are higher 428 

compared to those found when using single-breed reference set (Figure 2; ‘scenario 1’) with 429 

values ranging from [-0.01 to 0.06], [-0.10 to 0.05], [-0.06 to 0.09] for Holsteins (N = 1,223), 430 

Jersey (N = 6,338), and crossbred (N = 790) validation set. To be more comparable, when 431 

considering only a subset of Jersey cows (N = 431) in the validation set where the reference set 432 

is single-breed (only Holstein bulls; ‘scenario 1’), we found a change in accuracy of -0.02, 433 

0.03, and -0.06 for HTMYslope, HTFYslope, and HTPYslope traits, respectively. Compared 434 

to estimates from the ‘scenario 1’ and ‘scenario 2’ analyses above, we observed the lowest bias 435 

(i.e., values around 1.0) when using the multi-breed reference set in the Holstein validation set. 436 

However, in the Jersey validation set, we found extreme bias (> 2.0) for HTPYslope, whereas 437 

the bias was small for HTFYslope. In the crossbreds, the bias was high for HTMYslope (> 1.5) 438 

and HTFYslope (> 1.3), whereas we observed a small bias (values closer to 1.0) for the 439 

HTPYslope trait. 440 

Discussion 441 

In this study, we present a genomic prediction analysis of heat tolerance traits using a large 442 

sample size of over 40,000 cattle, comprising Holsteins, Jersey, and crossbreds. The primary 443 

objective was to investigate if selected sequence variants from a GWAS of Holsteins benefits 444 

genomic prediction of heat tolerance phenotypes in the same breed (i.e., within-breed 445 

prediction). The hypothesis is that the selected variants are linked to causal mutations 446 

underpinning the genetic basis for heat tolerance; therefore, could enable more accurate and 447 

sustained genomic selection for this trait. In addition, we also tested the value of pre-selected 448 

variants from Holsteins for the genomic prediction of breeds with numerically smaller sample 449 

sizes, such as Jersey and crossbreds. Furthermore, we investigated the benefits of using 450 

informative markers from multi-breed (Holstein + Jersey cows) QTL discovery set in the 451 

genomic predictions of heat tolerance. Overall, our results show that we can increase the 452 

prediction accuracy of heat tolerance by up to 10% in some scenarios when pre-selected 453 

sequence variants are added to the 50k SNP panel. 454 

We used BayesR and BayesRC methods to test different prediction scenarios. For BayesR, 455 

using only 50k SNP data, we found high accuracies of prediction in Holsteins and crossbreds 456 

compared to Jersey cows. We expected a lower accuracy in Jerseys because we used Holstein 457 

bulls as a reference set for genomic predictions. These breeds are genetically divergent and 458 

may have different linkage disequilibrium of variants with causal mutations, may not share all 459 

the same causal variants, or some variant effects may differ between these breeds [29]. As such, 460 
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when we combined Holstein and Jersey bulls in the reference set (multi-breed reference set) 461 

and performed analysis using BayesR (without pre-selected ‘top SNPs’), we found a substantial 462 

improvement in the accuracy of prediction across all traits for Jerseys which is consistent with 463 

the multi-breed genomic predictions reported in previous studies [e.g., 16, 29]. 464 

For the BayesRC models, where 50k + selected ‘top SNPs’ was fitted in the analysis, we 465 

demonstrated a consistent increase in the accuracy across traits when the ‘top SNPs’ that were 466 

selected from Holsteins and used in the genomic prediction of the same breed (i.e., within breed 467 

QTL discovery and validation set). Similarly, using ‘top SNPs’ from Holstein discovery set in 468 

crossbred cattle based on the BayesRC performed reasonably well, which we expected since 469 

our crossbred cows have substantial Holstein genes (i.e., there were mostly HHHJ or HHJJ 470 

crosses). The gain in accuracy of prediction for Holsteins and crossbreds likely benefited, in 471 

part, from a powerful GWAS QTL discovery (we used a sample size of 20,623 Holstein cows, 472 

each having around 15 million imputed sequence variants) and the methodology used for 473 

genomic prediction. To date, comparable GWAS have used a sample size of at most around 474 

5,000 [e.g., 5] to search for variants associated with heat tolerance in dairy. We expect an even 475 

more increase in accuracy of prediction in the future with larger sample sizes for GWAS to 476 

increase the power of QTL discovery. 477 

On the other hand, the genomic predictions performed somewhat poorly in Jerseys, particularly 478 

for HTFYslope and HTPYslope traits, where the accuracies decreased when the selected ‘top 479 

SNPs’ from the Holstein discovery set were added to 50k SNP set and used in the BayesRC. 480 

Given that Holsteins and Jersey are genetically divergent breeds, using informative QTLs from 481 

Holstein in Jersey validation may have introduced noise into genomic predictions since the 482 

common QTLs may not be tracked across these breeds, leading to the observed drop in the 483 

accuracy. However, it is unclear why the accuracy increased for HTMYslope in Jerseys but not 484 

for HTFYslope and HTPYslope. One possible reason could be due to the different genetic 485 

architecture of these traits. This is evidenced by the smaller number of ‘top SNPs’ for 486 

HTMYslope detected from GWAS of Holsteins at the relaxed cut off (p < 0.01) (Table 1) 487 

compared to HTPYslope and HTFYslope traits, suggesting that HTMYslope is controlled by 488 

relatively few QTLs with large effects compared to HTPYslope and HTFYslope. By comparing 489 

the GWAS of Holsteins (N = 20,623) and Jerseys (N = 6,338) cows, we found the greatest 490 

overlap of top significant SNPs that were at least within 1 Mb regions for HTMYslope mapping 491 

to the genomic regions showing strong GWAS signal in chromosome 5, 14, 20, and 25. This 492 

overlap, in part, explains the greater consistency of increase in accuracy for HTMYslope 493 
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compared to HTFYslope and HTPYslope traits. In this context, our findings are in line with 494 

[27], who reported that only a fraction of QTLs for milk yield segregate across Holsteins and 495 

Jersey cattle. Overall, the results suggest that the informative markers from the Holsteins are 496 

of little or no value to the prediction of Jersey breeds. In addition, it appears that HTMYslope 497 

could be a more reliable indicator trait of heat tolerance and could be given greater weight in 498 

the selection index. Australian dairy industry currently gives more economic weight to 499 

HTPYslope (6.92) than HTMYslope (-0.10) or HTFYslope (1.79) slope traits in the calculation 500 

of heat tolerance genomic breeding values based on weights for milk production traits [30, 31]. 501 

Previous research studies in cattle [e.g., 17, 18] have reported a more precise mapping of 502 

putative causative mutations when using multi-breed populations in GWAS and have 503 

implicated pathways underpinning heat tolerance [22]. In this study, we found some 504 

improvement in the predictions, especially in Jersey, when using ‘top SNPs’ from a discovery 505 

set of combined Holstein and Jersey cows (i.e., multi-breed QTL discovery set). For example, 506 

the accuracy increased by 3% for HTFYslope when using ‘top SNPs’ selected from multi-507 

breed discovery set in Jersey compared to a drop of 6% when the ‘top SNPs’ from Holstein 508 

QTL discovery set (single-breed) was used in the BayesRC (Figure 3). In principle, combining 509 

divergent breeds in the QTL discovery set may help to break long-range LD, such that the 510 

selected ‘top SNPs’ are closer to the causal mutations [16] compared to using a single-breed 511 

QTL discovery set. For example, the top significant SNP on chromosome 14 mapped to the 512 

upstream region of SLC52A2 and intronic to HSF1 gene in single-breed and multi-breed QTL 513 

discovery set, respectively (Supplementary Figure S5). The latter gene has been linked to 514 

thermotolerance in dairy cattle [5, 6, 22]. The smaller number of ‘top SNPs’ detected from 515 

multi-breed than within-breed QTL discovery set in our study is consistent with the work of 516 

[18] attributed, in part, because not all causal variants segregate across Holstein and Jersey 517 

breeds. 518 

However, we could still see a decrease in accuracy (-5%) for HTPYslope when using ‘top 519 

SNPs’ from a multi-breed discovery set in Jersey, although not as high as (-8%) found when 520 

using ‘top SNPs’ from single-breed (Holsteins) discovery set. Notably, our multi-breed QTL 521 

discovery set was highly dominated by Holsteins which, in part, explains the limited gain in 522 

accuracy when the selected ‘top SNPs’ from the multi-breed discovery set were used in the 523 

Jerseys. Besides, we used Holstein bulls as a reference set in genomic predictions in Jerseys. 524 

Since these breeds are divergent, a better approach to improve genomic predictions in Jerseys 525 

would have been to use ‘top SNPs’ from multi-breed or within-breed (Jersey) and a reference 526 
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set of the same breed (Jersey) or multi-breed set. However, compared to Holsteins, the 527 

numerically smaller number of Jersey animals meant that it was not possible to split Jersey 528 

dataset in our study to obtain independent subsets with sufficient power for use in the QTL 529 

discovery and reference set for genomic predictions. This implies that there may be more room 530 

for improvement in accuracy for Jerseys when more animals are genotyped in the future. 531 

We compared the added value of informative markers (i.e., ‘top SNPs’) from single-trait 532 

GWAS versus multi-trait meta-GWAS in the genomic predictions. The meta-analysis of slopes 533 

aimed to increase the power of GWAS and obtain a set of ‘top SNPs’ with putative pleiotropic 534 

effects for heat tolerance phenotypes. There is a recent trend towards developing custom SNP 535 

arrays that include variants with pleiotropic effects across multiple traits [32, 33]. In this study, 536 

we found comparable gain in accuracy when using ‘top SNPs’ from single-trait GWAS or 537 

meta-analysis. However, the gain in accuracy was, on average, ~1% lower when using ‘top 538 

SNPs’ from meta-GWAS than those from single-trait GWAS, although the accuracies varied 539 

considerably across traits and validation set used (Figure 3). Our recent work [22] suggests that 540 

heat tolerance traits (milk, fat, and protein slopes) are regulated somewhat differently in heat-541 

stressed dairy cows. As such, we think that the relatively lower accuracy realized from using 542 

selected ‘top SNPs’ from the meta-GWAS of slope traits could be due to the possible inclusion 543 

of non-causal ‘top SNPs’ in genomic prediction, which arose from combining SNP effects for 544 

different heat tolerance phenotypes. 545 

In general, we have demonstrated a lift in the accuracy of heat tolerance when informative 546 

sequence markers are added to 50k SNP panel by up to 7%, 5%, and 10% in Holsteins, Jersey, 547 

and crossbred cows, respectively. Our findings are within the range of those reported for 548 

complex traits in cattle [e.g., 34] and sheep [e.g., 11, 13]. For example, [13] reported an increase 549 

in accuracy by 9% for parasitic resistance in Australian sheep, while [34] found an increase of 550 

up to 6% for carcass traits in cattle. These results indicate that informative markers can be 551 

prioritised, especially in the development of customized SNP arrays [33]. Adding informative 552 

variants for heat tolerance to the custom SNP panels as in [33] ensures that higher accuracies 553 

are achieved, which will help to drive genetic gain for this trait. Moreover, we expect that the 554 

genetic prediction of this trait would be sustained over generations when informative variants 555 

that are closer to the causal mutations are included in the custom SNP panels, as demonstrated 556 

by [35]. These authors found that using the custom XT_50k SNP panel, which contains 557 

prioritised sequence markers, gave a consistent and superior accuracy of predictions (compared 558 
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to standard SNP panels) in crossbred cows (crossbreds represents “more distant relationships 559 

or many generations”). 560 

Most of our accuracy estimates were under-predicted or ‘deflated’ (i.e., bias > 1.0, meaning 561 

less variance among predicted than observed values). In all our analyses, we have used only 562 

bulls in the reference population and only cows in the validation of genomic predictions. As 563 

such, the lower variance of bull phenotypes resulting from averaging daughter slope solutions 564 

(see methods), in part, explains the observed bias, especially in the Holstein cow validation set. 565 

To test this, we split Holstein cows into reference (older cows) and independent validation 566 

(young cows) sets. Consequently, we found a bias < 1.0, which supports our hypothesis. The 567 

fact that the bias of prediction, in most cases, were more pronounced when the selected ‘top 568 

SNPs’ were added to the 50k SNP array and analysed in the BayesRC is consistent with some 569 

previous studies [e.g., 19, 20], likely due to a phenomenon often called the “Beavis effect” 570 

[36], which comes from the overestimation of the effect size of the pre-selected variants. The 571 

lower bias found when fitting the selected ‘top SNPs’ from the stringent GWAS cut-off than 572 

the relaxed GWAS cut-off is somewhat inconsistent with [20], who reported more bias when 573 

markers were strongly pre-selected. Here, we used the Bayesian approach (BayesRC), while 574 

[20] applied GBLUP in their work. Notably, the magnitude of bias observed in this study may 575 

not be a big issue in the routine genetic evaluations of heat tolerance, where genomic breeding 576 

values are often calculated jointly for bull and cow phenotypes based on different weightings 577 

according to the amount of information [7, 30]. 578 

In this study, we have investigated the utility of pre-selected sequence variants in the genomic 579 

prediction of heat tolerance for milk production traits (milk, fat, and protein yield). It is also 580 

worthwhile to investigate the added value of prioritised sequence variants for heat tolerance on 581 

other traits that are affected by heat stress (e.g., fertility) because there are likely to be benefits 582 

from achieving higher systemic heat tolerance across multiple traits. This added value could 583 

be significant considering economic selection indices, e.g. for the Australian dairy industry, 584 

are formulated to capture different aspects of farm profitability, including production, fertility, 585 

health, functional, and type as well as feed efficiency traits [31]. Selecting for thermotolerance 586 

would be advantageous if the desire is to simultaneously achieve an optimal level of heat 587 

tolerance for multiple traits [23]. Therefore, further studies are needed to investigate the 588 

benefits of sequence variants in improving heat tolerance with respect to other traits likely to 589 

be affected by heat and humidity, such as fertility and health traits.  590 
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Conclusions 591 

The results show that the accuracy of genomic prediction for heat-tolerance milk yield traits 592 

(milk, fat, and protein) can be improved by up to 10% when the selected sequence variants 593 

linked to heat tolerance are added to the 50k SNP panel. However, when predicting across 594 

breeds using informative sequence markers from the Holstein cow discovery set in the 595 

prediction for Jersey animals, the pre-selected variants did not improve the accuracy, especially 596 

for heat tolerance fat and protein yield traits. We observed improved predictions, particularly 597 

in the Jersey validation set when using pre-selected markers from the multi-breed (Holstein + 598 

Jersey cows) discovery and the multi-breed reference population. Prioritised sequence markers 599 

from single-trait GWAS yielded greater accuracy than those from the multi-trait meta-analysis 600 

of slope traits. Overall, the results show that sequence variants can be prioritised to improve 601 

the accuracy of heat tolerance and has direct application in the development of customized SNP 602 

arrays, and functionally implicate the genomic regions of the variants in heat tolerance 603 

mechanisms. 604 
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Figures 747 

Figure 1 Overview of the analyses describing three study scenarios.  748 

Legend: ‘Scenario 1’: QTL discovery set – comprised a subset of 20,623 older Holstein cows 749 

(born 2012 or earlier); Reference set – comprised only Holstein bulls (N = 3,323) that were not 750 

sires of cows in the discovery set; Validation sets – comprised Holsteins, Jersey and crossbred 751 

cows. ‘Scenario 2’: QTL discovery set – comprised a combined set of Holstein (N = 20,623) + 752 

Jersey cows (N = 5,143); Reference set - comprised only Holstein bulls (N = 3,323; as 753 

described for ‘scenario 1’) that were not sires of the Holstein cows in the discovery set; 754 

Validation sets – comprised Holstein (N = 1,223), Jersey (N = 6,338) and crossbred (N = 790) 755 

cows. ‘Scenario 3’: QTL discovery set – comprised only Holstein cows (N = 20,623; as 756 

described for ‘scenario 1’); Reference set – comprised a combined set of Holstein (N = 3,323) 757 

+ Jersey (N = 852) bulls); Validation sets – comprised Holstein (N = 1,223), Jersey (N = 431) 758 

and crossbred (N = 790) cows. 759 

Figure 2 Accuracy of genomic predictions (Holstein only reference) using either 50k SNP 760 

data (colored grey) or 50k + a range of ‘top SNPs’ sets (selected from Holstein QTL 761 

discovery set). 762 

Legend: The ‘top SNPs’ were selected from single-trait GWAS (colored blue) and multi-trait 763 

meta-analysis (colored orange) at less stringent cut-off threshold of -log10(p-value) ≥ 2 [~9,000 764 

SNPs] and at more stringent p-value of -log10(p-value) ≥ 3 [~2,000 SNPs]. Accuracy of 765 

predictions are provided for 3 cow validation sets: Holsteins (A; N=1,223), Jersey (B; 766 

N=6,338), and Holstein-Jersey crossbreds (C; N=790). Traits analysed are heat tolerance milk 767 

(HTMYslope), fat (HTFYslope), and protein (HTPYslope) yield slopes. The genomic 768 

predictions were generated using either BayesR (50K SNP set) or BayesRC (50K + top SNPs). 769 

Vertical lines represent standard errors calculated from two random validation subsets. 770 
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Figure 3 Accuracy and bias of predictions in Holsteins (N = 1,223), Jersey (N = 1,195) and 771 

crossbred (N = 790) cows when using 50k + ‘top SNPs’ selected from multi-breed 772 

(Holstein + Jersey) QTL discovery set. 773 

Legend: Holstein bulls (N = 3,323) were used as the reference set for genomic predictions. 774 

The ‘top SNPs’ were selected based on single-trait GWAS cut-off of [-log10(p-value) ≥ 2]. 775 

Traits analysed are heat tolerance milk (HTMYslope), fat (HTFYslope), and protein 776 

(HTPYslope) yield slopes. Vertical lines represent standard errors calculated from two 777 

random validation subsets. 778 

Figure 4 Accuracy and bias of genomic predictions in Holsteins (N = 1,223), Jersey (N = 779 

431) and crossbred (N = 790) cows when using multi-breed reference set (Holstein and 780 

Jersey bulls; N = 4,175).  781 

Legend: The selected ‘top SNPs’ used in the BayesRC were from Holstein cow discovery set 782 

(N = 20,623) based on single-trait GWAS cut-off of [-log10(p-value) ≥ 2]. Traits analysed are 783 

heat tolerance milk (HTMYslope), fat (HTFYslope), and protein (HTPYslope) yield slopes. 784 

Vertical lines represent standard errors calculated from two random validation subsets. 785 
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Figures

Figure 1

Overview of the analyses describing three study scenarios. ‘Scenario 1’: QTL discovery set – comprised a
subset of 20,623 older Holstein cows (born 2012 or earlier); Reference set – comprised only Holstein bulls
(N = 3,323) that were not sires of cows in the discovery set; Validation sets – comprised Holsteins, Jersey
and crossbred cows. ‘Scenario 2’: QTL discovery set – comprised a combined set of Holstein (N = 20,623)
+ Jersey cows (N = 5,143); Reference set - comprised only Holstein bulls (N = 3,323; as described for
‘scenario 1’) that were not sires of the Holstein cows in the discovery set; Validation sets – comprised
Holstein (N = 1,223), Jersey (N = 6,338) and crossbred (N = 790) cows. ‘Scenario 3’: QTL discovery set –
comprised only Holstein cows (N = 20,623; as described for ‘scenario 1’); Reference set – comprised a
combined set of Holstein (N = 3,323) + Jersey (N = 852) bulls); Validation sets – comprised Holstein (N =
1,223), Jersey (N = 431) and crossbred (N = 790) cows.



Figure 2

Accuracy of genomic predictions (Holstein only reference) using either 50k SNP data (colored grey) or
50k + a range of ‘top SNPs’ sets (selected from Holstein QTL discovery set). The ‘top SNPs’ were selected
from single-trait GWAS (colored blue) and multi-trait meta-analysis (colored orange) at less stringent cut-
off threshold of -log10(p-value) ≥ 2 [~9,000 SNPs] and at more stringent p-value of -log10(p-value) ≥ 3
[~2,000 SNPs]. Accuracy of predictions are provided for 3 cow validation sets: Holsteins (A; N=1,223),



Jersey (B; N=6,338), and Holstein-Jersey crossbreds (C; N=790). Traits analysed are heat tolerance milk
(HTMYslope), fat (HTFYslope), and protein (HTPYslope) yield slopes. The genomic predictions were
generated using either BayesR (50K SNP set) or BayesRC (50K + top SNPs). Vertical lines represent
standard errors calculated from two random validation subsets.

Figure 3



Accuracy and bias of predictions in Holsteins (N = 1,223), Jersey (N = 1,195) and crossbred (N = 790)
cows when using 50k + ‘top SNPs’ selected from multi-breed (Holstein + Jersey) QTL discovery set.
Holstein bulls (N = 3,323) were used as the reference set for genomic predictions. The ‘top SNPs’ were
selected based on single-trait GWAS cut-off of [-log10(p-value) ≥ 2]. Traits analysed are heat tolerance
milk (HTMYslope), fat (HTFYslope), and protein (HTPYslope) yield slopes. Vertical lines represent
standard errors calculated from two random validation subsets.

Figure 4



Accuracy and bias of genomic predictions in Holsteins (N = 1,223), Jersey (N = 431) and crossbred (N =
790) cows when using multi-breed reference set (Holstein and Jersey bulls; N = 4,175). The selected ‘top
SNPs’ used in the BayesRC were from Holstein cow discovery set (N = 20,623) based on single-trait
GWAS cut-off of [-log10(p-value) ≥ 2]. Traits analysed are heat tolerance milk (HTMYslope), fat
(HTFYslope), and protein (HTPYslope) yield slopes. Vertical lines represent standard errors calculated
from two random validation subsets.
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