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ABSTRACT

INTRODUCTION

Fourier transform infrared milk spectral data are
routinely used for milk quality control and have been
revealed to be driven by genetics. This study aimed to
(1) estimate heritability for 1,060 wavenumbers in the
infrared region from 5,008 to 925 cm−1, (2) estimate genomic correlations between wavenumbers with increased
heritability, and (3) compare results between Danish
Holstein and Danish Jersey cows. For Danish Holstein,
3,275 cows and 19,656 milk records were available. For
Danish Jersey, 3,408 cows and 20,228 milk records were
available. We used a hierarchical mixed model, with a
Bayesian approach. Heritability of individual wavenumbers ranged from 0.00 to 0.31 in Danish Holstein, and
from 0.00 to 0.30 in Danish Jersey. Genomic correlation was calculated between 15 selected wavenumbers,
and varied from weak to very strong, in both Danish
Holstein and Danish Jersey (0.03 to 0.97, and −0.11 to
−0.97). Within the 15 selected wavenumbers, a subdivision into 2 groups of wavenumbers was observed, where
genomic correlations were negative between groups,
and positive within groups. Heritability and genomic
correlations were higher in Danish Holstein compared
with Danish Jersey, but followed a similar pattern in
both breeds. Breed differences were most pronounced
in the mid-infrared region that interacts with lactose
and the spectral region that interacts with protein.
In conclusion, heritability for individual wavenumbers
of Fourier transform milk spectra was moderate, and
strong genomic correlations were observed between
wavenumbers across the spectrum. Heritability and
genomic correlations were higher in Danish Holstein,
with the strongest breed differences showing in spectral
regions interacting with protein or lactose.
Key words: breed difference, genomic correlation,
heritability, mid infrared

Quality control of commercial milk is routinely
performed with Fourier transform (mid) infrared [FT(M)IR] milk spectral data. Milk spectra consist of
wavenumbers, which provide insight in the chemical
composition of milk (Karoui et al., 2010). Neighboring wavenumbers and wavenumbers across the MIR
region are often phenotypically correlated (Soyeurt et
al., 2010; Dagnachew et al., 2013). These correlations
are used to apply FT-IR milk spectra in prediction of
milk components, such as milk protein (Rutten et al.,
2011), milk fat (Maurice-Van Eijndhoven et al., 2013;
Ferragina et al., 2015), and specific fatty acids (FA;
Rutten et al., 2009; Ferrand et al., 2010). The FT-IR
milk spectra, additionally, have the potential to predict
traits that are difficult or expensive to record, such as
prevalence of metabolic diseases through milk β-BHB
(Heuer et al., 2001; de Roos et al., 2007; Grelet et al.,
2016). Attempts have been made to predict methane
emissions (Dehareng et al., 2012; Vanlierde et al.,
2015), energy balance (McParland et al., 2011, 2015),
and residual feed intake (Shetty et al., 2017) from FTIR milk spectra.
Genetic components have been revealed in FT-IR
milk spectra, represented by moderate to high heritabilities (Soyeurt et al., 2010; Bittante and Cecchinato,
2013; Dagnachew et al., 2013; Wang et al., 2016). Genes
such as diacylglycerol O-acyltransferase 1 (DGAT1),
κ-casein (CSN3), and β-lactoglobulin (LGB) have
been associated with individual wavenumbers (Wang
et al., 2016).
Breed differences in milk traits have been observed,
both phenotypically and genetically (Poulsen et al.,
2015). Breed differences in genetics have been observed
for DGAT1 (Poulsen et al., 2015) and casein genes
(Gustavsson et al., 2014). However, a knowledge gap
still exists regarding the genetic basis of FT-IR milk
spectra. Milk spectra could be applied more effectively
in breeding programs if we have a better understanding
of their genetic background. Breeders could, for example, predict new phenotypes, directly use wavenum-
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bers in breeding programs, or use genetic correlations
between wavenumbers and a trait of interest.
The aims of this study were to (1) calculate heritability (h2) for 1,060 wavenumbers in the MIR region from
5,008 to 925 cm−1, (2) calculate genomic correlations
between transmittance values of wavenumbers with
high h2, and (3) compare results between Danish Holstein (DH) and Danish Jersey (DJ) cows.
MATERIALS AND METHODS
Study Population

Phenotypes. Milk records were provided by the
Danish milk recording organization (RYK, Aarhus,
Denmark). The study population consisted of 3,275
DH cows from 354 farms, and 3,408 DJ cows from 175
farms. On 4 farms, both DH and DJ cows were present.
From farms with only DH, 1 to 112 cows were sampled,
and from farms with only DJ, 1 to 217 cows were sampled. Milk records were sent to Eurofins-Steins laboratory (Vejen, Denmark) for FT-IR spectral analyses
using MilkoScan FT+ (Foss, Hillerød, Denmark) and
for analysis of the infrared region 5,008 to 925 cm−1,
including 1,060 individual wavenumbers.
Visual inspection of spectra was performed using
PLSR Hotelling T2 versus Q-residual plots and leverage versus studentized residual plots, and outliers were
removed. Milk records with outlying fat percentage
(fat%), and protein percentage (protein%) were excluded from the analyses. For DH, records were excluded
when fat%DH > 8.0 or when 2.5 > protein%DH > 5.0.
For DJ, records were excluded when fat%DJ > 8.0, or
2.5 > protein%DJ > 5.5.
For DH cows, 19,656 milk records were available,
and for DJ 20,228 milk records were available. Cows
were either first parity (nDH = 3,001; nDJ = 3,125) or
second parity (nDH = 273; nDJ = 283). Each cow had
1 to 20 milk records. Average time between records
was 32 d for both DH and DJ cows. Milk records were
collected from October 2015 through September 2016.
Milk records that had 2 records on the same day were
excluded from the data set. Milk records were considered from the grazing season when obtained from
April 2016 through September 2016. Milk records were
considered from the nongrazing season when obtained
from October 2015 through March 2016. Milk records
were collected from 1 through 400 DIM. Milk records
with DIM ≤5 accounted for 299 records in DH and 270
records in DJ.
Genotypes. Studied cows were genotyped with
EuroG10K custom SNP chip (LD-chip). This LD-chip
consists of SNP selected from whole genome sequence
of bulls as part of the 1,000-bull genome project.
Journal of Dairy Science Vol. 102 No. 1, 2019

Genotypes of studied cows were imputed from LD-chip
to 50K using BEAGLE 4 (Browning and Browning,
2016). The reference population used for imputation
consisted of 4,000 cows for DH and 4,576 cows for DJ.
Each reference cow was genotyped for the Illumina 50K
BovineSNP50 v.2 BeadChip (Illumina Inc., San Diego,
CA). Before quality control of SNP, SNP with duplicate
locations but different names were merged; SNP that
were present in both the DH reference population and
the DJ reference population were selected. After the
first SNP selection step, for each breed separately, an
identical quality control was performed on genotypes of
studied cows combined with the reference population.
During quality control, all autosomes were selected,
SNP with >40% missing genotypes were excluded, and
SNP with a minor allele frequency of <0.01 were excluded. After quality control, DH study cows had genotypes for 10,353 SNP and DJ study cows for 9,749 SNP.
After quality control, DH genotypes were imputed from
10,353 to 43,807 SNP, and DJ genotypes from 9,749 to
39,235 SNP. Median distance between SNP was 41 kb
for DH and 43 kb for DJ. Each SNP used for analysis
is present on the Illumina BovineSNP50 v.2 BeadChip
(Illumina Inc.).
Estimation of Heritability

Estimation of h2 followed a Bayesian approach and
was performed with the Bayz software package (http:
//www.bayz.biz/; Krag et al., 2013). A MetropolisHastings sampler was used, with 50,000 iterations and
a burn-in of 10,000 iterations. For each of the 1,060
wavenumbers, h2 was determined with a hierarchical
model:
yijklmp = µi + Seasonij + Parityik + β1,i DIM + β2,ie −0.05DIM
+ Herdil + Cowim,A + Cowim ,PE + Eijklmp ,
		

[Model 1]

where yijklmp is the transmittance value for wavenumber
i (i = 1, …, 1,060) for one milk record (p = 1,…, 20);
µi is mean transmittance value for wavenumber i;
Seasonij is a fixed seasonal effect for wavenumber i (j =
grazing, from April through September; or not grazing,
from October through March); Parityik is a fixed effect
for parity for wavenumber i (k = 1 or 2); DIM and
e−0.05DIM, with regressors β1,i and β2,i, correct wavenumber i for lactation stage with the Wilmink function
(Wilmink, 1987). All fixed effects had a uniform prior
distribution fixed effect ~U (0, ∞) ; Herdil is a random
herd effect for wavenumber i (lDH = 1, …, 354, and lDJ
= 1, …, 175) with a normal prior distribution
2
Herdil ~N (0, σherd
); Cowim,PE is the permanent environ-
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mental effect for cow m for wavenumber i, with a nor2
mal prior distribution Cowim,PE ~N (0, σPE
); and Eijklmp is
the residual variance of the model, with a normal prior
distribution Eijklmp ~N (0, σE2 ) . All variance parameters
had a uniform prior ~ U (0, +∞) . Cowm,A was modeled
using SNP data with a hierarchical model:
Cowim,A = ∑a p gmp ,

[Model 2]

p

where Cowim,A is the additive genetic value for cow m
(mDH = 1,…, 3,276, and mDJ = 1,…, 3,408) for wavenumber i. Cowim,A is the sum of p additive SNP effects
ap, times allele dosage gmp, for animal m at SNP p.
Allele dosages were cantered, missing genotypes were
replaced by the mean dosage, and SNP additive effects
had a power LASSO (Gao et al., 2013) prior distribution with power parameter 0.5.
Heritability was calculated with
h2 =

2
σHerd

σA2

+ σE2

2
+ σA2 + σPE

,

[Model 3]

where σA2 is the additive genetic variance, which was
evaluated as E[var(Cowm,A)] over (50,000–10,000 burn2
is
in) Markov chain Monte Carlo (MCMC) cycles; σHerd
2
2
the herd variance; σE is the residual variance; and σPE
is the permanent environmental variance. Standard error of h2 was calculated as the standard deviation of the
mean h2 of all iterations used for analysis.
Estimation of Genomic Correlations

Phenotypes. Wavenumbers were selected based on
results of the estimation of h2. For MIR regions that
showed a peak in h2, and where this peak h2 ≥ 0.10, the
wavenumber with the highest h2 was selected.
Phenotypes used for the estimation of the genomic
correlation underwent an extra filtering step where
records were selected when −4 < transmittance value
<4. This better approached normal distribution of response variables, which consequently resulted in faster
computation of genomic correlation. For DH, 3,266 animals and 19,435 records remained for analysis, whereas
for DJ, 3,402 animals and 20,067 records remained for
analysis.
Analysis. Genomic correlations were calculated with
a Bayesian 2-trait SNP-BLUP model, where SNP effects
were correlated between traits. Model 1 and Model 2
were used for the analyses, where all parameters were
the same as described before, except for Cowm,A. For
estimation of h2, Cowm,A used a normal prior distribu-
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tion for SNP additive effects. Bayz software (http://
www.bayz.biz/) was used with a Metropolis-Hastings
sampler, 100,000 iterations, and a burn-in of 50,000
iterations.
RESULTS
Heritability

Figure 1 presents h2 for individual wavenumbers from
the FT-IR region of 5,008 to 925 cm−1. Maximum h2
was 0.31 in DH and 0.30 in DJ. The range of h2 and
2
2
and hDJ
are shown in Table 1
mean ratio between hDH
for 5 MIR regions: (1) total MIR region (5,008–925
cm−1), (2) first MIR region associated with fat (3,015–
2,800 cm−1; fat-region-I), (3) second MIR region associated with fat (1,770–1,680 cm−1; fat-region-II), (4) MIR
region associated with protein (1,600–1,240 cm−1; protein-region), and (5) MIR region associated with lactose
(1,200–925 cm−1; lactose-region). We calculated genomic correlations between 15 selected wavenumbers
with h2 > 0.10 (Figure 1).
Genomic Correlation Analysis

Table 2 presents genomic correlations (rg) between
the 15 selected wavenumbers for DH and DJ. Table 3
presents the range of rg between wavenumbers of 3 MIR
regions (lactose-, protein-, and fat-regions). Within the
lactose-region (1,200–925 cm−1), in both DH and DJ,
wavenumber 964 cm−1 was negatively correlated with
1,106 cm−1 (rg,DH = −0.68; rg,DJ = −0.33) and 1,145
cm−1 (rg,DH = −0.93; rg,DJ = −0.87), whereas 1,106 and
1,145 cm−1 were strongly positively correlated with each
other (rg,DH = 0.95; rg,DJ = 0.91). Wavenumber 1,106
cm−1, furthermore, showed weaker rg with wavenumbers from the fat-region, and protein-region compared
with other wavenumbers from the lactose-region (Table
2). Within the protein-region, wavenumbers 1,392
and 1,542 cm−1 showed weaker rg with wavenumbers
from the lactose-, and fat-region compared with other
wavenumbers from the protein-region (Table 2). Within
the fat-region (3,015–1,680 cm−1, fat-region-I and fatregion-II), a subdivision into 2 groups of wavenumbers
was observed: fat-i (1,708, 2,097, and 3,015 cm−1), and
fat-ii (1,746, 2,884, and 2,964 cm−1). Wavenumbers
from fat-i showed strong positive rg with wavenumbers
from fat-i (rg,DH > 0.94; rg,DJ > 0.95), wavenumbers
from fat-ii showed strong positive rg with wavenumbers
from fat-ii (rg,DH > 0.95; rg,DJ > 0.93), but wavenumbers
from fat-i showed strong negative rg with wavenumbers
from fat-ii (rg,DH < −0.88; rg,DJ < −0.88).
Combining all 15 wavenumbers, a subdivision into 2
groups was visible (Table 2). Wavenumbers from group
Journal of Dairy Science Vol. 102 No. 1, 2019
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Figure 1. Heritability (h2) with SE (gray) for 1,060 individual wavenumbers from the Fourier transform infrared region of 5,008 to 925 cm−1
in Danish Holstein (DH, blue line) and Danish Jersey (DJ, orange line). *Wavenumbers selected for calculation of genomic correlations are
indicated with an asterisk (n = 15).

A showed strong positive rg with wavenumbers from
group A (meanrg ,DH = 0.94; meanrg ,DJ = 0.92), wavenum-

bers from group B showed strong positive rg with wavenumbers from group B (meanrg ,DH = 0.92; meanrg ,DJ =
0.88), but wavenumbers from group A showed strong
negative rg with wavenumbers from group B (meanrg ,DH
= −0.82; meanrg ,DJ = −0.77). Heritability of wavenumbers from group A was lower (meanh2

DH

2

= 0.20, meanh2

Genomic correlations between selected wavenumbers
were on average 13% higher in DH than in DJ (Table
3). These breed differences were most pronounced for
wavenumber 1,106 cm−1 from the lactose-region, and
wavenumbers 1,542 and 1,392 cm−1 from the proteinregion (Table 2). Direction of rg between wavenumbers
(positive or negative) was identical for DH and DJ,
with the exception of rg between 1,542 and 3,015 cm−1
(Table 2).

DJ

= 0.18) than h of wavenumbers from group B (meanh2

DISCUSSION

DH

= 0.28, meanh2 = 0.24).
DJ

Breed Differences

Heritability of individual wavenumbers was on average 15% higher in DH than in DJ (Table 1). These
breed differences were most pronounced in the proteinregion, where individual wavenumbers had on average
39% higher h2 in DH than in DJ (Table 1).

This study aimed at (1) calculating h2 for 1,060 wavenumbers in the MIR region from 5,008 to 925 cm−1, (2)
calculating genomic correlations between transmittance
values of wavenumbers with high h2, and (3) comparing
results between DH and DJ cows.
Breed differences in genetics of wavenumbers from
the MIR region had not yet been studied directly.
Differences between DH and DJ in h2 were most pro-

Table 1. Range of heritability and ratio between h2 for Danish Holstein (DH) and Danish Jersey (DJ) for
regions within the spectral region of 5,008 to 925 cm−1, in Danish Holstein and Danish Jersey
MIR1 region
Name
Total
Fat-I
Fat-II
Protein
Lactose
1

Range heritability

Range (cm−1)

Danish Holstein

Danish Jersey

5,008–925
3,015–2,800
1,770–1,680
1,600–1,240
1,200–925

0.00–0.31
0.10–0.29
0.02–0.24
0.11–0.28
0.15–0.31

0.00–0.30
0.07–0.28
0.02–0.22
0.06–0.30
0.19–0.23

MIR = mid infrared.
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Mean

2
2
hDH
/ hDJ

1.15
1.14
1.21
1.39
1.10

0.20

0.20

F-I
F-I
F-I
–
F-II
F-II
P
P
P
P
P
P
L
L
L

F-I
F-I
F-I
–
F-II
F-II
P
P
P
P
P
P
L
L
L

F-I

3,015

−0.92B
0.97
0.27B

−0.92 B
0.96
0.25 B

−0.88B
0.28B

F-I

2,884

−0.88B
0.29B

F-I

2,964

0.95
−0.95B
−0.96B
0.20

0.95
−0.96B
−0.96B
0.21

–

2,097

−0.96B
0.93
0.94
−0.96B
0.22B

−0.96B
0.95
0.95
−0.96B
0.24B

F-II

1,746

0.96
−0.96B
−0.96B
0.97
−0.95B
0.19

0.94
−0.95B
−0.96B
0.97
−0.96B
0.22

F-II

1,708

0.90
−0.74B
−0.83B
0.85
−0.89B
0.88
0.14

0.94
−0.78B
−0.87B
0.91
−0.94B
0.93
0.23

P

1,592

−0.23B
0.84
0.71
−0.67B
0.37
−0.54B
0.39
0.16B

0.01B
0.74
0.57
−0.50B
0.15
−0.30B
0.37
0.19B

P

1,542

0.94
−0.75B
−0.86B
0.91
−0.93B
0.92
0.94
0.49
0.10

0.95
−0.73B
−0.83B
0.92
−0.94B
0.93
0.95
0.61
0.15

P

1,492

−0.84B
0.96
0.96
−0.95B
0.89
−0.94B
−0.47B
0.94
−0.48B
0.30B

−0.78B
0.96
0.94
−0.94B
0.86
−0.92B
−0.55B
0.89
−0.43B
0.28B

P

1,457

0.38
0.31
0.20
0.03
−0.28
0.14
0.84
0.85
0.76
0.63
0.16

0.55
0.18
0.08
0.17
−0.43
0.29
0.79
0.79
0.78
0.53
0.23

P

1,392

−0.84B
0.96
0.96
−0.96B
0.91
−0.95B
−0.64B
0.91
−0.60B
0.97
0.50
0.25B

−0.83B
0.97
0.96
−0.95B
0.92
−0.95B
−0.72B
0.83
−0.60B
0.97
0.35
0.28B

P

1,241

−0.84B
0.94
0.95
−0.91B
0.91
−0.94B
−0.84B
0.58
−0.81B
0.92
0.23
0.94
0.22B

−0.88B
0.95
0.97
−0.95B
0.94
−0.96B
−0.87B
0.40
−0.84B
0.92
0.09
0.95
0.31B

L

1,145

−0.20B
0.73
0.76
−0.53B
0.41
−0.57B
−0.37B
0.56
−0.11B
0.71
0.58
0.77
0.91
0.20B

−0.56B
0.87
0.91
−0.81B
0.72
−0.82B
−0.61B
0.53
−0.48B
0.86
0.47
0.88
0.95
0.30B

L

1,106

0.96
−0.93B
−0.94B
0.96
−0.97B
0.96
0.84
−0.53B
0.92
−0.92B
0.12
−0.92B
−0.87B
−0.33B
0.22

0.96
−0.94B
−0.94B
0.96
−0.96B
0.96
0.92
−0.31B
0.92
−0.90B
0.31
−0.93B
−0.93B
−0.68B
0.21

L

964

1
F-I = fat-region-I (3,015–2,800 cm−1); F-II = fat-region-II (1,770–1,618 cm−1); P = protein-region (1,600–1,240 cm−1); L = lactose-region (1,200–925 cm−1). Bold: diagonal with h2
of individual wavenumbers. Wavenumbers in group B are labeled with a superscript B. All other wavenumbers with no superscript are in group A. Underlined: genomic correlation
(rg) between wavenumbers where breed differences are most pronounced. Italic: rg between wavenumber 1,392 and 1,542 cm−1, and wavenumbers from the fat and lactose region,
where rg is reduced compared with other wavenumbers of the protein region. Standard errors for genomic correlations ranged from 0.00 to 0.07.

Danish Holstein
3,015
2,964
2,884
2,097
1,746
1,708
1,592
1,542
1,492
1,457
1,392
1,241
1,145
1,106
964
Danish Jersey
3,015
2,964
2,884
2,097
1,746
1,708
1,592
1,542
1,492
1,457
1,392
1,241
1,145
1,106
964

Wavenumber
(cm−1)

Wavenumber (cm−1)

Table 2. Genomic correlations for 15 wavenumbers selected from 15 spectral regions with a high h2 in Danish Holstein (top) and Danish Jersey (bottom)1
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Table 3. Overview of minimum (Min) and maximum (Max) genomic correlations individual wavenumbers for 3 spectral regions in Danish
Holstein and Danish Jersey1
Danish Holstein
−

Danish Jersey
+

−

+

Region2

Min

Max

Min

Max

Min

Max

Min

Max

Mean
(rg,DH/rg,DJ)3

Total
F×F
P×F
P×P
L×F
L×P
L×L

−0.16
−0.88
−0.30
−0.16
−0.56
−0.31
−0.68

−0.97
−0.96
−0.97
−0.72
−0.96
−0.93
−0.93

0.01
0.94
0.01
0.15
0.72
0.09
—

0.97
0.97
0.97
0.97
0.97
0.95
0.95

−0.11
−0.88
−0.23
−0.47
−0.20
−0.11
−0.33

−0.97
−0.96
−0.96
−0.64
−0.97
−0.92
−0.87

0.03
0.93
0.03
0.39
0.41
0.12
—

0.97
0.97
0.96
0.97
0.96
0.94
0.91

1.13
1.00
1.10
0.98
1.22
1.27
1.40

1

The far right column presents mean ratio of genomic correlations for Danish Holstein and Danish Jersey.
F = fat-region-I and fat-region-II (3,015–2,800 cm−1 and 1,618–1,770 cm−1); P = protein-region (1,600–1,240 cm−1); L = lactose-region (1,200–
925 cm−1).
3
rg = genomic correlation; DH = Danish Holstein; DJ = Danish Jersey.
2

nounced in the lactose-region, and in the protein-region
(Figure 1). Increased h2 of FT-IR milk spectra predicted milk components (protein, fat, and FA content)
was observed in Holstein Friesians compared with other
breeds (Maurice-Van Eijndhoven et al., 2015). Differences in FT-IR milk-spectra between DH, and DJ have
been observed, but were, in contrast with our findings,
mainly caused by differences in MIR regions associated
with fat (Shetty et al., 2017). Breed differences in h2
for milk fat predicted from FT-IR milk-spectra, and
milk protein predicted from FT-IR milk spectra were
explained by differences in allele frequencies in major
milk genes, such as DGAT1 (Maurice-Van Eijndhoven
et al., 2015), and casein genes (study on DH and DJ,
Gustavsson et al., 2014). For the study population of
the current study, the SNP explaining most additive
genetic variation for all wavenumbers was ARS-BFGLNGS-4939. This SNP has been strongly associated with
DGAT1 on chromosome 14 and multiple production
traits (Wang et al., 2012; Li et al., 2014; Bovenhuis et
al., 2015). In both DH and DJ of the current study, alleles A and G were observed, yet allele frequencies (af)
deviated [af (ADH) = 0.76, and af (ADJ) = 0.25]. This
difference in allele frequency could be the underlying
cause of differences in h2 and rg. Genomic correlations
were 13% higher in DH compared with DJ (Table 3).
The direction and pattern of rg, however, was the same
for both DH and DJ. Differences in allele frequency
for DGAT1 between DH and DJ, as explained before,
could be the underlying cause of differences in genomic
correlations.
Within the lactose-region, the MIR region surrounding 1,106 cm−1 (1,020–1,110 cm−1) has been strongly associated with lactose (Hashimoto and Kameoka, 2008;
Bajdik et al., 2009). This association could explain why
rg to wavenumbers from the protein- and fat-region was
Journal of Dairy Science Vol. 102 No. 1, 2019

weaker for wavenumber 1,106 cm−1 than rg observed for
964 or 1,145 cm−1 (Table 2). Within the protein-region,
wavenumber 1,392 cm−1 has been strongly associated
with LGB, weakly with DGAT1, but not with CSN
(Wang et al., 2016). These associations could explain
weaker rg to wavenumbers from the protein-, fat-, and
lactose-region (Table 2). Consistent weaker genetic correlations have also been observed for LGB content in
milk, when studying genetic correlations between milk
contents of LGB, α-lactose, αS1-CN, αS2-CN, β-CN, and
κ-CN (Sanchez et al., 2017). Within the fat-regions,
wavenumbers in fat-i were associated with fat A (Kaylegian et al., 2009), transfat (Hewavitharana and van
Brakel, 1997), and DGAT1 (Wang et al., 2016). Wavenumbers in fat-ii were associated with both Fat-A and
Fat-B (Kaylegian et al., 2009), C–H stretching (Safar
et al., 1994), and DGAT1 (Wang et al., 2016). Negative
rg between wavenumbers from fat-i and fat-ii could be
explained by differences in FA synthesis during early
lactation (body fat mobilization), and mid to late lactation (de novo synthesis; Palmquist and Beaulieu, 1993).
An interaction between lactation stage and DGAT1
has been observed, where DGAT1 had positive effects
on milk lactose%, protein%, and fat% at the start of
lactation, and negative effects at the end of lactation
(Bovenhuis et al., 2015). Negative correlations between
FA, furthermore, have been observed for FA traits expressed in FA% of milk fat (Soyeurt et al., 2007; Mele
et al., 2009). The subdivision of the fat region seems
to radiate through into the full MIR region (5,008–925
cm−1; Table 2), which could be explained by a strong
association between DGAT1 to the full MIR region
(Wang et al., 2016).
Heritability for wavenumbers of FT-IR milk spectra
varied from 0.00 to 0.27 in Brown Swiss (Bittante, and
Cecchinato, 2013), from 0.00 to 0.42 in first-parity Hol-
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stein (Soyeurt et al., 2010), and from 0.00 to 0.60 in
first-parity Holstein Friesians (Wang et al., 2016). In
the current study, h2 of individual wavenumbers was
on the lower side, ranging up to 0.31 in DH, and 0.30
in DJ. A reason for the low h2 observed in the current
study could be the use of different breeds. A more likely
reason for low h2 would be the different methods used
to calculate h2 in the different studies. We used a power
LASSO distribution for the additive SNP effects. The
LASSO distribution fits SNP effects into a distribution
where the majority of SNP have no effect, and a small
number of SNP a large effect (Tibshirani, 1996). This
can lead to underestimation of additive genetic variation. The observed moderate h2 in combination with
strong rg, however, can be useful in breeding programs.
CONCLUSIONS

This study showed that transmittance of individual
FT-IR wavenumbers in bovine milk was heritable. A
large difference was observed in h2 between the DH and
DJ breeds, especially for wavenumbers interacting with
protein and lactose. This study, furthermore, showed
strong genomic correlations between the individual IR
wavenumbers across the spectrum, which were higher
in DH compared with DJ. The results of this study
open up the possibility of exploring the underlying
genetic architecture of different individual FT-IR wavenumbers. This would improve understanding of genetics of milk composition. Milk FT-IR spectra, so far, are
used mainly indirectly to predict phenotypes. Showing
that there is a genetic component underlying individual
IR wavenumbers would suggest a possibility to use IR
wavenumbers directly. Genomic correlations to (new)
phenotypes, which are expensive to measure, could help
to generate a source of information to improve breeding
value estimation.
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