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Why select the milk mid-infrared spectra?

Milk samples test process
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Why select the milk mid-infrared spectra?

—

Milk or Blood composition

Milk fatty acids (soyeurt et al., 2006);
Milk/blood B-hydroxybutyrate(BHB), citrate (Grelet et al., 2021);
Milk Vitamin B12 (Duplessis et al., 2021)
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M|Ik m|d Infrared (MIR) Spectra CH4 (Dehareng et al.,2012; Vanlierde et al., 2020);
Pregnancy (Brand et al., 2021; Tiplady et al., 2022);

Tuberculosis (Denholm et al., 2020)
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Traditional way using milk mid-infrared spectra v
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Novel way using milk mid-infrared spectra v
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Features of milk infrared spectra
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Genetic analysis of milk infrared spectra
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Genetic analysis of milk infrared spectra

[Principal component analysis (PCA) J
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Phenotypic variance

First 46 RCs (99.03%, Soyeurt et al., 2010)
First 8 PCs (99%, Bonfatti et al., 2017)

Multiple single-trait models

[ Genetic analysis }
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{Principal component analysis (PCA) J
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Workflow-1 &

Principal component analysis (PCA)
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Predicting milk mid-infrared spectra from first-parity Holstein cows using
a test-day mixed model with the perspective of herd management
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{Principal component analysis (PCA) J
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Results - (1)
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Results - (2) .z

Group * Cumulative_proportion * Proportion_of genetic_variance

311 single-trait models
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Results - (2) g

{311 PCs explained total phenotypic varianceJ { 311 PCs explained total genetic variance J
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Results - (3)

0.3-»

Heritability

1 16 31

46 61

* . '“h\?"' - .

76 91 106 121 136 151 166 181 196 211 226 241 256 271 286 301
Principal component (PC)
2023 EAAP

16



Results - (3)

' Heritability of 311 PCs: 0.00 — 0.47 |
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{Genetic correlations between 311 PCs and fat%, -1 — 1 J
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[Genetic correlations between 311 PCs and fat%, -1 — 1 J
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Conclusion

[Principal component analysis (PCA) J

[ Explain phenotypic variance J
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Future 3
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