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Introduction 

Global warming will impact cattle production systems, reducing their overall performance 

and welfare. For French dairy cattle populations, heat waves will primarily impact high-

yielding animals (Vinet et al., 2023). Identifying genetic variants responsible for heat 

sensitivity may help selecting for heat tolerance to contribute maintaining both production 

and functional abilities. Therefore, we conducted genome-wide association studies (GWAS) 

with the objective to identify genomic regions associated with heat tolerance, estimated by 

the slope of productive and functional performance decline at high temperature-humidity 

index (THI) in the Holstein (HOL) and Montbeliarde (MON) breeds. 

 

Materials & Methods 

Data. Performance and pedigree data were obtained from the French national bovine 

database. Test-day and insemination data were recorded during the first lactation period from 

January 2010 to December 2020. The analyzed phenotypes were milk yield (MY), somatic 

cell score (SCS), and conception rate at first insemination (CR). Meteorological data were 

provided by Météo-France and linked to performance records through the farms’ zip code. 

This database contains daily fitted temperature and humidity values for a grid of 9892 8x8km 

squares. Daily THI was calculated as (1.8*T+32)-(0.55-0.0055*RH)*(1.8*T-26) (NRC, 

1971), where T is the 24-hour average temperature (°C), and RH is the 24-hour average 

relative humidity (%). Two different THI averages were considered depending on the trait: 

(1) over the three days leading up to the test-day (THIp) for MY and SCS, and (2) over the 

eight days following insemination (THIf) for CR. A data summary is presented in Table 1. 

 

Table 1. Number of cows, performances, THI ranges for available performance records, and 

percentage of performances recorded at a THI above 70 for each trait and breed. 

 Holstein  Montbeliarde 

 MY and SCS1 CR1  MY and SCS1 CR1 

Nr of cows 4,846,320 5,425,878  1,040,936 981,581 

Nr of performances 38,304,814 5,425,878  8,332,729 981,581 

THI ranges: min-max 13-81 14-77  10-80 12-78 

% collected at THI≥70 1.8% 0.9%  2.3% 1.3% 
1  MY: milk yield; SCS: somatic cell score; CR: conception rate at first insemination. 

 

Each trait was evaluated separately using an animal model with random regressions on THI. 

As MY and SCS data were collected throughout lactation, random regressions on DIM were 

added for these traits, as proposed in Vinet et al. (2023). Model (1) was used for MY and 

SCS, and model (2) for CR, as described in Vinet et al. (2023, 2024): 

yp = Xpβp + Zpap + Wppp + ep,          (1) 
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yf = Xfβf + Zfaf + ef,            (2) 

where yp and yf are the vectors of phenotypes; βp and βf the vectors of fixed effects, Xp and 

Xf their corresponding design matrices. For MY and SCS, the additive genetic effects were 

randomly regressed on 6 functions: an intercept independent of THI and DIM, three THIp-

dependent Legendre polynomials (linear, quadratic and cubic), and two DIM-dependent 

Legendre polynomials (linear and quadratic). For CR, the additive genetic effects were 

randomly regressed on a constant and two THIf-dependent Legendre polynomials (linear and 

quadratic). Zp and Zf are the covariate matrices of these polynomials for the random 

regressions, and ap and af are the vectors of their corresponding random genetic coefficients, 

with variances proportional to the pedigree relationship A. For MY and SCS, Wppp is the 

permanent environment effect, modelled with the same random regressions as the genetic 

effect. Finally, ep and ef are the vectors of independent residuals with means zero and 

heterogeneous variances. Models (1) and (2) provided estimated breeding values (EBV) for 

MY, SCS, and CR across the levels at the average (50) and high (70) THI, abbreviated as 

L50MY, L70MY, L50SCS, L70SCS, L50CR, L70CR, respectively for MY, SCS, and CR at 

THI 50 and 70. We also analysed slopes along the THI gradient, estimated using two 

approaches: (1) the first derivative of the EBV curve at THI=70 (abbreviated as S70MY, 

S70SCS, S70CR), and (2) the difference between EBV at THI 50 and at THI 70 (abbreviated 

D50-70MY, D50-70SCS, and D50-70CR).  

For GWAS, sires’ de-regressed proofs (DRP) were used as pseudo-phenotypes. They were 

obtained according to Garrick et al. (2009) – as well as their corresponding weight. Within 

breed, only bulls with progeny-based reliability>0.5 for MY and at least one daughter with 

MY and CR recorded at THI>65 were retained. In addition, selected sires were required to 

have DRPs for the three traits. 

 

Sequences imputations and GWAS. All sires were genotyped using various MD Illumina 

arrays over time (Bovine SNP50 and EuroGMD, Illumina Inc., San Diego). Genotypes of 

4,654 HOL sires and 1,737 MON sires, aligned on the ARS-UCD1.2 reference genome 

(Rosen et al., 2020), were imputed using a 2-step approach, from MD to HD (with 804 HOL 

and 530 MON ancestors genotyped with the HD Illumina array) with FImpute3 (Sargolzaei 

et al, 2014), and from HD to whole-genome sequence with Minimac4 (Das et al., 2016) and a 

multibreed reference population of 3414 sequenced bulls, as described in Tribout et al. 

(2020). After filtering, allele dosages of 13.6 and 14.1 million autosomal variants were kept 

for HOL and MON, respectively, and tested for association with traits in each population 

separately using GCTA software (Yang et al., 2011), with the following model: 

y = 1μ + xb + u + e,             (3) 

where y is the vector of DRP; μ is the overall mean; b is the fixed additive effect of the tested 

variant; x is the vector of imputed allele dosages for the tested variants; u~N(0,Gσu²) is the 

vector of random polygenic effects, with G, the genomic relationship matrix build from 50k 

markers, and σu² the polygenic variance estimated under the null hypothesis of no QTL; e is 

the vector of random residual effects, weighted by the inverse of the number of equivalent 

own performances for each sire.  

Regions containing autosomal SNPs with a minor allele frequency >0.02, a Minimac 

imputation R2 > 0.2, and a -log10(p-value) > 6.08 were retained as QTLs. 

 

Results & Discussion 
The QTLs detected for heat tolerance traits are presented in Table 2. Our study revealed a 

limited number of QTLs associated with heat tolerance traits. In addition, the associated test 

statistics were moderate, with a maximum value of -log10(p-value) equal to 8.14. These 

results can largely be explained by the small proportion of data recorded at high THI to 
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estimate DRPs (Table 1). With the exception of the QTL detected in an intergenic region on 

BTA7 for MON (Table 2), no common heat tolerance QTLs were identified, either between 

heat tolerance traits or between breeds. 

 

Table 2. Location of heat tolerance QTLs detected for Holstein and Montbeliarde. 

 
BTA1 Position (pb) Traits 

Target genes (intronic polymorphism or 

regulatory region) 

Holstein 

 2 92,935,031 – 93,080,130 S70MY  

 5 88,379,767 – 88,406,861 S70MY ABCC9 

 14 5,662,117 – 6,751,852 S70MY KHDRBS3 

 
14 64,069,432 – 65,403,635 S70MY 

RNF19A; SPAG1; POLR2K; FBXO43; 

MGC148714; VPS13B 

 19 15,929,667 – 15,940,382 D50-70SCS  

 19 16,265,029 – 16,271,326 D50-70SCS ASIC2 

 25 32,813,240 – 32,815,809 S70SCS GTF2I 

 25 34,830,815 – 35,078,993 S70SCS CUX1 

 25 37,331,903 – 37,647,550 S70SCS TRRAP 

 25 40,871,773 – 42,197,857 S70SCS MAD1L1 

 29 28,292,644 – 29,803,754 S70MY TMEM218; EI24; ST3GAL4; KIRREL3 

Montbeliarde 

 6 102,903,506 – 102,922,159 D50-70CR WFS1 

 
7 104,633,003 – 104,834,331 

S70CR; 

D50-70CR 

 

 16 73,693,598 – 73,697,700 S70SCS LAMB3 

 18 22,255,585 – 22,325,795 D50-70CR FTO 

 

25 26,629,669 – 29,795,267 S70CR 

ITGAM; VKORC1L1; GUSB; ASL; 

CRCP; GALNT17; TPST1; KCTD7; 

RABGEF1; TYW1; CALN1; AUTS2 
1 BTA: bos taurus autosome 

 

The association studies performed on the levels aimed to identify antagonistic QTLs between 

traits currently under selection at different THI (levels) and heat tolerance traits (slopes). 

Only one QTL has been associated with both heat tolerance and level-type traits. It was 

located around 64 Mb on BTA14 and associated with L50MY, L70MY, and S70MY 

(Table 2). This region has already been described associated with milk production in several 

Holstein populations (Jian et al., 2019; Tribout et al., 2020), and with heat tolerance 

estimated by the slope of production loss using a broken-line model in an Australian Holstein 

population that pointed VPS13B as a candidate gene (Cheruiyot et al., 2021). In our study, 

the most significant variant for S70MY in VPS13B has an allele frequency of 5.8% and an 

effect of -0.0055 kg milk/day/additional point of THIp on S70MY and +1.5 kg milk/day and 

+1.3 kg milk/day on L50MY and L70MY, respectively. Among the other genes targeted in 

our analyses, ABCC9, ASL, KIRREL3, and RABGEF1 have previously been associated with 

heat tolerance. ABCC9 on BTA5, associated with S70MY in Holstein, was described to be 

associated with Holstein’s sensitivity to in utero heat stress (Halli et al., 2016). ASL, targeted 

by the most significant QTL for declines in fertility performance (i.e. for MON S70CR), was 

previously highlighted as a QTL for rectal temperature of Holstein exposed to heat stress 

(Dikmen et al., 2015). According to Saelao et al. (2019), KIRREL3 is associated with the 

immune response to Newcastle disease virus in chickens under heat stress. The RABGEF1 

gene, targeted for S70CR, was found to be differentially expressed in heat-tolerant pigs 
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compared to heat-sensitive pigs (He et al., 2020). Several heat tolerance QTLs targeted genes 

previously associated with production, udder health or fertility traits, as CUX1 (Sansregret 

and Nepveu, 2008), KHDRBS3 (Jiang et al., 2019), or FTO (Galliou et al., 2020). 

 

Conclusions 

The performance decay slopes analysed in the present study allow identifying animals that 

are more able to maintain their performance levels during heat waves.  

Our GWAS study revealed that, while these slopes are indicators of heat tolerance, they may 

also represent other complex traits. This could be explained firstly by the fact that slopes 

depend on the performance measures used, and secondly by the sensitivity of the detected 

QTLs to the method used to estimate the slopes, differentials or differences. Our study is a 

first step towards the genetic characterization of heat tolerance in dairy cattle. Nonetheless, 

further research is needed to better understand the biological processes of heat tolerance, and 

enable adequate selection based on slope indices. 

 

Acknowledgements 

This study received funding from the EU H2020 R&I program Rumigen (grant number 

101000226), within EuroFAANG (https://eurofaang.eu). The CAICalor project was funded 

by APIS-GENE. Climate data provided by Météo-France were downloaded via the SICLIMA 

platform developed by AgroClim-INRAE. 

 

References  
Cheruiyot E.K., Haile-Mariam M., Cocks B.G., et al. (2021) Sci Rep 11:16619. doi.org/10.1038/s41598-021-

95816-8 

Das S., Forer L., Schönherr S., et al (2016) Nat Genet. 48:1284-1287. doi.org/10.1038/ng.3656 

Dikmen S., Wang X.Z., Ortega M.S., et al. (2015) J Anim Breed Genet 132:409-419. 

doi.org/10.1111/jbg.12176 

Galliou J.M., Kiser J.N., Oliver K.F., et al. (2020) Genes 11(7):767. doi.org/10.3390/genes11070767 

Garrick D.J., Taylor J.F., and Fernando R.L. (2009) Genet Sel Evol 41:55. doi.org/10.1186/1297-9686-41-55 

Halli K., Vanvanhossou S.F., Bohlouli M., et al. (2021) Plos One 16:10, e0258216. 

doi.org/10.1371/journal.pone.0258216 

He Y.Q., Maltecca C., Tiezzi F., et al. (2020) BMC Genet 21:44. doi.org/10.1186/s12863-020-00852-4 

Jiang J., Ma L., Prakapenka D., et al. (2019) Front Genet 10:412. doi.org/10.3389/fgene.2019.00412 

National Research Council. A guide to environmental research on animals. Washington: NationalAcademy of 

Sciences; 1971. 

Rosen B.D., Bickhart D.M., Schnabel R.D., et al. (2020) Gigascience 9(3):giaa021. 

doi.org/10.1093/gigascience/giaa021. 

Saelao P., Wang Y., Chanthavixay G., et al. (2019) Genes 10(1):61. doi.org/10.3390/genes10010061 

Sansregret L. and Nepveu A. (2008) Gene 412:84-94. doi: 10.1016/j.gene.2008.01.017 

Sargolzaei M., Chesnais J. P., and Schenkel, F. S. (2014) BMC Genomics 15:478. doi.org/10.1186/1471-2164-

15-478 

Tribout T., Croiseau P., Lefebvre R., et al. (2020) Genet Sel Evol 52:55. doi.org/10.1186/s12711-020-00575-1 

Vinet A., Mattalia S., Vallée R., et al. (2023) Genet Sel Evol 55:4. doi.org/10.1186/s12711-023-00779-1 

Vinet A., Mattalia S., Vallée R., et al. (2024) Genet Sel Evol 56:23. doi.org/10.1186/s12711-024-00889-4 

Yang J.A., Lee S.H., Goddard M.E., et al. (2011) Am J Hum Genet 88, 76-82. 

doi.org/10.1016/j.ajhg.2010.11.011 

https://eurofaang.eu/
https://doi.org/10.1038/s41598-021-95816-8
https://doi.org/10.1038/s41598-021-95816-8
https://doi.org/10.1038/ng.3656
https://doi.org/10.1111/jbg.12176
https://doi.org/10.3390/genes11070767
https://doi.org/10.1186/1297-9686-41-55
https://doi.org/10.1186/1297-9686-41-55
https://doi.org/10.1371/journal.pone.0258216
https://doi.org/10.1186/s12863-020-00852-4
https://doi.org/10.3389/fgene.2019.00412
https://doi.org/10.1093/gigascience/giaa021
https://doi.org/10.3390/genes10010061
https://doi.org/10.1016/j.gene.2008.01.017
https://doi.org/10.1186/1471-2164-15-478
https://doi.org/10.1186/1471-2164-15-478
https://doi.org/10.1186/s12711-020-00575-1
https://doi.org/10.1186/s12711-023-00779-1
https://doi.org/10.1186/s12711-024-00889-4
https://doi.org/10.1016/j.ajhg.2010.11.011

