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ABSTRACT

Due to a genetic variation in B-casein, A2 milk is
more easily digestible than regular milk (A1l); pres-
ence of the amino acid proline instead of histidine in
position 67 of the peptide chain prevents the release of
B-casomorphin-7 during digestion. This study evaluated
the application of mid-infrared (MIR) spectroscopy as a
rapid, noninvasive, and routinely large-scale method to
authenticate the A2 variant in Holstein cow milk. Spec-
tral, genetic, and milk quality (fat, protein, lactose, and
SCC) data from 2,270 milk samples from 2 consecutive
routine milk controls were retrieved from 1,356 animals
from 6 farms located in the same area that raised both
Al and A2 cows. Genetic information included B-casein,
k-casein, and B-lactoglobulin variants. Milk composi-
tional differences were statistically assessed before the
spectral modeling. Then, a preliminary principal com-
ponent analysis (PCA) on spectra information was con-
ducted, followed by a partial least squares discriminant
analysis (PLS-DA) with 30% of the samples as the test
set. Results indicated that milk quality was similar across
all protein fractions but differed slightly among farms
(P < 0.05). The preliminary spectral evaluation revealed
that the first 2 components of the PCA explained 73.2%
of the variance. Still, it could not segregate Al and A2
milk samples based on B-casein genetic information. The
PLS-DA model revealed the lowest balanced accuracy in
the training and testing set for the genotype A1A1 (50%).
For genotypes A1A2 and A2A2, a better balanced accu-
racy was recorded in the training than in the testing set
and slightly greater for A2A2 than for A1A2. For A1A2,
balanced accuracy was 80% for the training set and 81%
for the testing set. For A2A2, the balanced accuracy
was 81% for the training set and 82% for the testing set.
Moreover, balanced accuracy improved when only con-
sidering 2 levels, Al milk (comprising genotypes A1A1
and A1A2) and A2 milk (genotype A2A2), reaching 94%
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for the training set and 88% for the testing set. In conclu-
sion, MIR spectral information is a promising method to
authenticate A2 milk based on a PLS-DA model.

Key words: mid-infrared spectroscopy, B-casein, PCA,
PLS-DA

INTRODUCTION

Milk with the amino acid proline instead of histidine
at position 67 in the B-CN amino acid chain is called
A2 milk and generates notably lower quantities of the
bioactive opioid peptide B-casomorphin-7 (BCM-7) than
regular (A1) milk during its digestion (Kaminski et al.,
2007). The BCM-7 peptide has been associated with sev-
eral adverse effects on human health at gastrointestinal,
cardiovascular, and neurological levels (Kaminski et al.,
2007; Summer et al., 2020; Fernandez-Rico et al., 2022).
Those at the gastrointestinal level have the greatest con-
sensus in the scientific community. Therefore, farmers
in Western countries are transitioning to A2 milk—pro-
ducing cows (Alfonso et al., 2019) to offer a functional
product for consumers who experience gastrointestinal
discomfort after consuming milk despite not being aller-
gic to milk protein or lactose intolerant.

The standard methods for genotypes identification of
milk CN are polymerase chain reaction, PCR-restriction
fragment length polymorphism (Vafin et al., 2022), and
high-performance liquid chromatography (Bonfatti et al.,
2008; 2014). Although these tests are highly accurate,
they are expensive and time-consuming, and cannot be
used for large-scale applications. Thus, a need exists for
a more efficient method that meets the dairy industry’s
demands for speed and scalability. Mid-infrared (MIR)
spectroscopy offers advantages compared with stan-
dard methods, including nondestructive green chemical
analysis and faster delivery of results. Consequently, it
is considered a promising alternative to traditional meth-
ods for measuring food quality (Su and Sun, 2019). This
technique is used daily in the dairy industry to evaluate
milk gross composition for milk testing and payment sys-
tems (Okpara, 2019; Castro et al., 2022; Du et al., 2023).
However, very few studies have evaluated the potential
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of infrared spectroscopy to predict milk protein fraction
genotypes.

Bonfatti et al. (2011) employed MIR spectroscopy
to predict og;-, 0gy-, B-, and k-CN, and o-LA and B-LG
content in milk samples from Simmental cows applying
a partial least square model, obtaining the best predic-
tion models for B-LG A and B contents, with coefficients
of determination in cross-validation of 0.60 and 0.44,
respectively. Rutten et al. (2011) achieved 76% correct
classification for the AA B-LG genotype, 80% for the AB
B-LG genotype, and 66% for the BB B-LG genotype us-
ing MIR spectroscopy in Dutch Holstein-Friesian milk
samples. For B-CN, Xiao et al. (2022) obtained a 96%
correct classification of A1 and A2 Holstein milk when
applying a partial least squares discriminant analysis
(PLS-DA) on MIR spectra. Nevertheless, Daniloski et
al. (2022) indicated that principal component analysis
(PCA) on the MIR spectra of Holstein milk could not
identify B-CN genotypes. Moreover, Navarro et al.
(2024) reported 64% accuracy in discriminating A2 from
A1 Holstein milk with PLS-DA on near-infrared spectra.

Therefore, this study evaluated the suitability of MIR
spectroscopy as a rapid, economical, and green chemis-
try method to authenticate A2 milk in Holstein cow milk
for implementation in large-scale milk testing routines.

MATERIALS AND METHODS

Milk Sample Spectral, Genetic,
and Quality Information

A total of 3,427 spectra of milk samples from 2,536
cows, collected with bronopol (Broad Spectrum Micro-
tabs II, D&F Control Systems, San Ramon, CA) from 2
consecutive official controls between May and July 2023
from 6 farms (F1-F6) located in Catalonia, Spain, were
provided by the Interprofessional Dairy Association of
Catalonia. Cows’ genetic variant information on f-CN
(i.e., genotypes A1Al, A1A2, A2A2), «-CN (i.e., AA,
AB, AE, BB, BE, EE), and B-LG (i.e., AA, AB, BB) was
accessible through the Frisian Federation of Catalonia
(Vic, Spain).

Spectral data were acquired using a MilkoScan 7RM
(Foss, Hilleroad, Denmark), which operates over the
wavelength range from 5,011.54 to 925.92 cm™' and is
routinely standardized following the manufacturer’s rec-
ommendations. The measurements were taken at intervals
of 3.85 cm ™', resulting in 1,060 data points per spectrum.
Moreover, the MilkoScan 7RM also determined milk
composition (fat, protein, and lactose as a percentage),
and a Fossomatic (Foss, Hillered, Denmark) analyzed
SCC. The SCC (cells/mL) was transformed into SCS by
applying the Wiggans and Shook (1987) equation: SCS =
log, (SCC/100) + 3.
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Data Set Cleaning

A quality control process was conducted on the raw
spectral data before the chemometric analyses. During
this process, samples with duplicate entries were removed
from the database (2.97% of the samples). Additionally,
samples from cows without complete genetic variant
information (i.e., all 3 fractions) or milk composition
and quality parameters were excluded from the analysis
(30.7% of the samples). The final data set included 2,270
spectral data from 1,356 cows.

Chemometrics

Chemometric analysis was performed with R version
4.3.3 (R Core Team, 2024). First, spectral data were
preprocessed by removing regions 3,690 to 2,990 cm'
and 1,680 to 1,580 cm™', which correspond to noise in-
duced by water absorption (Grelet et al., 2015). Then,
PCA of the centered and scaled variables was performed
and visualized with the “FactoMineR” and “factoextra”
packages of R, and 2 spectral outliers identified as Ma-
halanobis distance >3 from the mean were eliminated.

Before PLS-DA modeling, 12 pretreatments were ap-
plied to the raw spectrum using the “pretreat spectra”
function from the “waves” package of R before creating
the models to investigate which one yielded the best re-
sults. The pretreatments were as follows:

e SNV = standard normal variate

e SNVDI = standard normal variate and first deriva-
tive

e SNVD2 = standard normal variate and second de-

rivative

D1 = first derivative

D2 = second derivative

SG = Savitzky—Golay filter

SNVSG = standard normal variate and Savitzky—

Golay

SGD1 = gap-segment derivative

e SGDIWS = Savitzky—Golay and first derivative
(window size = 5)

e SGDIWI1 = Savitzky—Golay and first derivative
(window size = 11)

e SGD2WS5 = Savitzky—Golay and second derivative
(window size = 5)

e SGD2WI11 = Savitzky—Golay and second deriva-
tive (window size = 11)

Then, using the “caret” package of R, the data set was
randomly split into a training set (70% of the observa-
tions) and a testing set (30% of the observations) with
the function “set.seed(108)”. Finally, the PLS-DA model
of the centered and scaled variables was built using the
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“train” function from the “caret” package of R following
a 4-fold cross-validation with 3 iterations. The model’s
performance was assessed with the balanced accuracy,
sensitivity, and specificity calculated from the confusion
matrix. The balanced accuracy considers the balance be-
tween sensitivity (true positive rate) and specificity (true
negative rate). Balanced accuracy is particularly useful
when dealing with imbalanced data sets, as it gives a
more comprehensive view of the model’s performance.
The adequate number of components to be retained, up to
10, to avoid overfitting of the model, in the final model
was automatically selected based on the greatest value for
accuracy or the receiver operating characteristic curve.
The best model was chosen based on the balanced ac-
curacy in the testing set.

Statistical Analysis

To determine the minimum number of spectra needed
for reliable results, a sample size calculation was per-
formed based on the F-test of ANCOVA for B-CN using
G*Power software version 3.1.9.6 (Faul et al., 2007,
2009; Heinrich Heine Universitdt Diisseldorf, Germany)
and considering 2 numerator degrees of freedom, 3
groups, 0.25 Cohen’s medium effect size, 0.95 power
analysis, and 0.05 a-error probability. The number of
samples for which we had complete information was
above the sample size estimated.

Statistical analysis was performed with R version 4.3.3
(R Core Team, 2024). Data quality control was conducted
to identify and exclude outliers by removing records with
values outside the range of mean + 3 SD. Descriptive
statistics were obtained with the “dplyr” package of R
(Wickham et al., 2023). A multigene approach was fol-
lowed, as suggested by previous studies (Bovenhuis et
al., 1992; Navarro et al., 2024), to explore the factors of
variation through a linear mixed model using the “Ime4”
package of R (Bates et al., 2015). The statistical model
included fixed effects farm, B-CN, k-CN, and B-LG. In
a preliminary model, the first-level interaction with the
farm was included but removed from the final model
because it was not significant. The sample was treated as
arandom factor. Least squares means were calculated us-
ing the “emmeans” package of R, multiple comparisons
were performed applying Tukey’s honestly significant
differences test, and significance was declared at P <
0.05.

RESULTS AND DISCUSSION
Milk Quality

Average milk quality traits are shown in Table 1. The
CV was calculated for each trait based on SD/mean to
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Table 1. Milk quality descriptive statistics after removing records with
values outside mean + 3 SD

Trait n Mean SD Minimum Maximum
Fat, % 2,201 341 0.75 0.95 5.87
Protein, % 2,201 3.34 0.35 2.43 4.68
Lactose, % 2,201 4.94 0.16 432 5.48
scs! 2,201 2.61 1.91 -0.32 8.62

'SCS = log, (SCC/100) + 3.

evaluate data variability. The greatest CV was reached by
SCS (73%), followed by fat (22%) and protein contents
(10%). The lowest CV was observed for lactose content
(3%). These results are consistent with the ranges identi-
fied in previous studies (Franzoi et al., 2020; Bisutti et
al., 2022; Navarro et al., 2024).

For B-CN genotypes, A2A2 was more frequent than
A1A2 (61.5%) compared with A1A2 (35.9%), whereas
A1A1 represented only 2.6% of the samples (Table 2).
The lower proportion of A1A1 than A1A2 and A2A2
agreed with the findings of Bisutti et al. (2022). Howev-
er, they reported a higher proportion of A1A2 than A2A2.
This discrepancy could be attributed to farm-specific se-
lection practices, as our chosen farms are transitioning to
A2 milk production, aligning with observations reported
by Kaminski et al. (2023). Those authors observed an
increase of the A2 allele from 61% in 2003 to 69% in
2019. For k-CN, genotypes AB, AA, and BB were the
most frequent (41.4%, 23.4%, and 20.5%, respectively),
and EE, AE, and BE were the least frequent (0.2%, 6.7%,
and 7.8%, respectively; Table 2). For -LG, AB was the
most frequent (45.8%), and BB was the least frequent
(20.6%; Table 2). The representativeness of the different
alleles for k-CN and B-LG aligns with results reported by
Bisutti et al. (2022) and Kaminski et al. (2023).

Milk quality was similar among the different genotypes
of B-CN, «-CN, and B-LG (Table 2). These results align
with those reported by Nguyen et al. (2018), who ob-
served similar fat, protein, and lactose contents between
Al and A2 bulk milk from Kiwi Cross breeds. Moreover,
Bisutti et al. (2022) reported similar fat, protein, and lac-
tose contents among B-CN, k-CN, and B-LG genotypes in
individual cow milk from Italian Holsteins. Navarro et al.
(2024) also reported similar fat, protein, and lactose con-
tents among B-CN and B-LG genotypes in individual cow
milk from Spanish Holsteins. However, they observed
a greater protein concentration for k-CN genotypes AB
than BE. The significant difference reported by Navarro
et al. (2024) could be related to their study’s small sample
size, as they included only 168 samples.

The only significant effect in the models was the farm
where the cows were raised (Table 2). Differences in
milk composition observed among farms could be attrib-
uted to factors such as parity, lactation stage, and diet.
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Table 2. Milk quality traits (LSM + SE) for the fixed effects included in the model

Fixed effect n Fat, % Protein, % Lactose, % scs!
B-Casein genotype
AlAl 59 3.44£0.47 3.41+0.28 4.96 +0.13 3.06+1.19
Al1A2 815 3.47+0.29 3.32+0.18 4.91+0.07 2.94+0.74
A2A2 1,396 3.48 £0.29 3.28+0.18 4.93 +0.08 2.94+0.76
k-Casein genotype
AA 532 3.46+£0.22 3.34+0.14 4.95+0.06 2.79 £ 0.59
AB 939 3.45+0.19 3.41+0.13 4.94 +0.05 2.68+0.53
AE 151 3.63 +0.31 3.37+0.14 4.94 % 0.09 3.10 £ 0.85
BB 466 3.39+0.23 3.39+0.19 4.97+0.06 2.57+0.63
BE 177 3.42+0.29 3.28+0.19 4.93 +0.08 2.89+0.8
EE 5 3.42 +1.49 323+09 489+0.4 3.86 +3.85
B-Lactoglobulin genotype
AA 766 3.42+0.28 331+0.17 4.92 +0.08 3.04+0.72
AB 1,037 3.51+£0.28 3.34+0.16 4.93 +0.07 2.93+0.72
BB 467 3.46+03 3.37+0.19 4.95+0.08 2.98 +0.79
Farm
Fl 347 3.18 £0.31% 3.17+0.2° 4.97 +0.09° 3.01+0.83
F2 301 3.81+0.31° 3.35+02% 4.94 % 0.09% 3.08 £ 0.83
F3 332 3.74 £0.32° 3.40+0.2° 4.92 +0.09° 2.70 +0.84
F4 671 3.37+0.29° 3.51+0.17¢ 4.91 +0.08" 3.12+£0.76
F5 341 3.34+031% 3.34+0.18 4.92 +0.09° 2.77+0.8
F6 278 3.33+0.33% 3.25+0.21% 4.95 4 0.09% 3.22 +0.88

*dWithin each trait and fixed effect, different letters indicate significant difference at P < 0.05.

'SCS = log, (SCC/100) + 3.

Mikoéné Jonds et al. (2016) observed that higher parity
and advanced stage of lactation led to lower fat, protein,
and lactose contents and higher SCC. In addition, Veena
et al. (2021) have associated the greater activity of acetyl
CoA carboxylase enzyme at the end than in earlier stages
of lactation with greater fat content.

Spectral Information

Figure 1 shows the raw spectra after removing 2 out-
liers. According to Grelet et al. (2015), protein peaks
observed around 1,550 cm' are associated with the
stretching vibrations of carbon-nitrogen (C—N) and nitro-
gen-nitrogen (N-N) bonds. Fatty acids exhibit peaks at
approximately 1,390 cm ' and 1,454 cm™', which are re-
lated to carbon-hydrogen (C—H) bonds in methyl (—CH3)
and methylene (—CH,) groups. Additionally, fatty acids
show peaks around 2,862 cm 'and 2,927 cm ™!, attributed
to C—H bonds. Noisy areas induced by water absorption
are between 1,600 cm ' and 1,689 cm™' and between
3,008 cm ' and 5,010 cm™'. Additionally, the region be-
tween 3,008 cm ' and 5,010 cm ™! is considered noninfor-
mative, often referred to as the short-wavelength infrared
region, with minimal spectral information (Karoui et al.,
2010; El Jabri et al., 2019). Karoui et al. (2003) have also
described that water presents strong bands centered at
1,640 cm ! related to H-O-H bending vibration, at 2,310
cm’! (water association band), and 3,360 cm ! linked to
H-O stretching band.
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PCA to Discriminate B-CN Variants Based
on Spectral Information

The first 2 principal components (PC1 and PC2) of the
PCA explained 73.2% of'the total variance. However, they
did not cluster A1 and A2 milk (Figure 2). Other compo-
nents (up to the 10 first principal components) were also
tested for clustering without success in discriminating A1
and A2 milk. Similar results were reported by Daniloski
et al. (2022), where no apparent clustering was observed
among B-CN variants in 114 Australian Holstein cow
milk samples unless performing the PCA on a smaller
tailored subset of samples instead of using the complete
data set. Moreover, Navarro et al. (2024) could not clus-
ter B-CN, k-CN, and B-LG genotypes when applying the
PCA in near-infrared spectra of milk samples from 168
Spanish Holstein cows. This lack of clustering may be
influenced by genetic variability across different farms,
as suggested by Daniloski et al. (2022).

PLS-DA Discriminate -CN Variants Based
on Spectral Information

From all 12 pretreatments applied to the raw spec-
trum, the best balanced accuracy in the testing set of
the model was achieved for 3 components with the raw
spectra, which indicated that the raw spectrum can be
used directly without the need to apply pretreatments.
This approach saves time and reduces complexity in data
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Figure 1. Raw spectra of milk samples after removing 2 samples with Mahalanobis distance >3. T = transmittance.

preprocessing. However, when applying the pretreatment
SNVD?2, the model improved when only 2 levels of type
of milk were considered: A1 milk (comprising genotypes
A1A1 and A1A2) and A2 milk (genotype A2A2). The
SNV is a scattering correction preprocessing that nor-
malizes individual spectra to remove additive and mul-
tiplicative scattering effects (Rinnan et al., 2009). The
second derivative corrects for the effect of overlapping
peaks and removes the spectral baseline shift and base-
line slope (Agelet and Hurburgh, 2010).

The model for the 3 levels of type of milk (A1Al,
A1A2, and A2A2 milk) failed to correctly classify the
A1A1 genotype (low sensitivity; Table 3), possibly due
to the limited number of A1A1 samples. However, it
achieved 71% and 92% sensitivity in the training set for
A1A2 and A2A2, respectively, meaning it correctly clas-

sifies ATA2 and A2A2 samples as A1A2 and A2A2, re-
spectively, minimizing false negatives. Additionally, the
model achieved 100%, 89%, and 71% specificity (true
negatives) for A1A1, A1A2, and A2A2 in the training
set, respectively, meaning it correctly classified samples
not belonging to a given class, minimizing false posi-
tives. Similar sensitivity and specificity values for each
group were obtained in the testing set, with sensitivity
for A1A2 and A2A2 of 75% and 90%, respectively, and
specificity of 87% and 75%, respectively. Thus, most cor-
rect assignments were concentrated in A1A2 and A2A2,
with balanced accuracy of 80% and 81%, respectively,
for the training test, and 81% and 82%, respectively, for
the testing set, which means that, on average, the model
correctly identified at least 80% of both positive and
negative cases. The model for 2 levels, Al milk (A1A1

Table 3. Confusion matrix and performance of the model for B-casein genotypes discrimination for 3 components
based on the best balanced accuracy in the testing set obtained using the SNVD2 correction

Reference class

Training set (n = 1,589)

Testing set (n = 679)

Predicted class AlAl Al1A2 A2A2 AlAl A1A2 A2A2
AlAl 0 0 0 0 0 0
Al1A2 31 403 81 14 182 43
A2A2 11 167 896 3 62 375
Sensitivity, % 0 71 92 0 75 90
Specificity, % 100 89 71 100 87 75
Balanced accuracy, % 50 80 81 50 81 82

Journal of Dairy Science Vol. 108 No. 9, 2025
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Figure 2. p-Casein principal component (PC) analysis plot for PC1
and PC2.

and A1A2) and A2 milk (A2A2), improved the balanced
accuracy for the training set (94%) and in the testing set
(88%; Table 4). In that case, the balanced accuracy is
considered excellent in the training set and good in the
testing set, suggesting their applicability in regular milk
controls. Results of both models were better than those
reported by Navarro et al. (2024), who obtained 64% bal-
anced accuracy to discriminate A2A2 from A1A2 milk
samples using near-infrared spectra. In contrast, Dani-
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loski et al. (2022) reported a complete discrimination of
B-CN genotypes when applying PLS-DA on MIR spectra,
which they attributed to a tailored selection of samples.
Moreover, Xiao et al. (2022) also obtained better clas-
sificatory results (96%) in identifying Al and A2 milk
using MIR spectra.

CONCLUSIONS

The study revealed that PCA could not segregate milk
samples based on B-CN genetic information, despite ex-
plaining 73% of the variance with the first 2 components
when milk quality was similar across all protein fractions.
The balanced accuracy for both A1A2 and A2A2 in the
PLS-DA model could be considered good for the training
set (80% and 81%, respectively) and for the testing set
(81% and 82%, respectively). The model improved to
detect A2 milk when confronted with A1 milk (A1A1 and
AT1A2), reaching an excellent classification for the train-
ing set (94%) and a good classification for the testing set
(88%). Thus, MIR spectroscopy is a promising technique
for authenticating A2 milk based on a PLS-DA model
during routine milk control testing. However, the poten-
tial to discriminate A1A1 milk still requires confirmation
with a more balanced sample representation.
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Table 4. Confusion matrix and performance of the model for A2 and A1 milk discrimination for 3 components
based on the best balanced accuracy in the testing set obtained using raw spectra

Reference class

Training set (n = 1,589)

Testing set (n = 679)

Predicted class Al milk A2 milk Al milk A2 milk
Al milk 556 36 215 23
A2 milk 56 941 46 395
Sensitivity, % 91 82

Specificity, % 96 95

Balanced accuracy, % 94 88
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Nonstandard abbreviations used: Al = regular milk;
A2 = milk with the amino acid proline instead of histi-
dine at position 67 in the f-CN amino acid chain; BCM-7
= B-casomorphin-7; D1 = first derivate; D2 = second de-
rivate; MIR = mid-infrared; PCA = principal component
analysis; PLS-DA = partial least squares discriminant
analysis; SG = Savitzky—Golay filter; SNV = standard
normal variate; W5 = window size 5; W11 = window size
11.
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