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ABSTRACT

The aim of this work was to test the applicability of
Fourier-transform mid-infrared spectroscopy (FT-MIR)
for the prediction of the contents of casein (CN) and
whey protein fractions in buffalo milk. Buffalo milk
samples spectra were collected using a MilkoScan FT2
(Foss, Hillergd, Denmark) over the spectral range from
5,000 to 900 wavenumber x cm '. Contents of protein
fractions, as well as CSN1S1 and CSNS& genotypes,
were assessed by reversed phase HPLC. The highest
coefficients of determination in cross-validation (1 —
VR) were obtained for the contents (g/L of milk) of
total protein and CN (1 — VR = 0.92), followed by the
content of 3-CN, total whey protein, and ag,-CN (1 —
VR of 0.87, 0.77, and 0.63, respectively). Conversely,
contents of ag-CN, ~-CN, glycosylated-k-CN, total
k-CN, and whey protein fractions were predicted with
poor accuracy (1 — VR <0.51). When protein fractions
were expressed as percentages to total protein, 1 — VR
values were never greater than 0.61 (3-CN). Only 56
and 70% of the observations were correctly classified
by discriminant analysis in each of 2 groups of CSN151
and CSN3 genotypes, respectively. Results showed that
FT-MIR spectroscopy is not applicable when prediction
of detailed milk protein composition with high accuracy
is required. Predictions may play a role as indicator
traits in selective breeding, if the genetic correlation
between FT-MIR predictions and measures of milk
protein composition are high enough and predictions
of protein fraction contents are sufficiently independent
from the predicted total protein content.
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Short Communication

Detailed protein composition of buffalo (Bubalus
bubalis) milk is influenced by nongenetic effects due to
parity, DIM, and milk yield (Bonfatti et al., 2012a) and
by genetic effects due to CN genotypes (Bonfatti et al.,
2012c¢). In addition, protein composition is related to
buffalo milk technological properties (Bonfatti et al.,
2013a). Hence, assessment of the detailed milk protein
composition might be relevant to evaluate the techno-
logical quality of buffalo milk.

Fourier-transform mid-infrared (FT-MIR) spectros-
copy has been used in many studies to predict composi-
tional traits of cow milk including protein composition
(Bonfatti et al., 2011; Rutten et al., 2011). Conversely,
composition of buffalo milk has scarcely been inves-
tigated, even though buffalo milk accounts for nearly
13% of worldwide milk yield (FAOSTAT, 2012). The
aim of our study was to investigate the ability of FT-
MIR spectroscopy to predict the detailed milk protein
composition of individual buffalo milk.

A total of 174 buffaloes were sampled once in 5
herds located in northern Italy from January to May
2013. Individual milk samples were collected during
the morning milking. Samples were stored at 4°C until
acquisition of FT-MIR spectra. Individual milk sample
spectra were collected within maximum 2 h of sampling
using a MilkoScan FT2 (Foss, Hillerod, Denmark) over
the spectral range from 5,000 to 900 wavenumber X
em™'. Transmittances (T) were converted to absor-
bances (A) as A = log;o(1/T). Two spectral acquisi-
tions were carried out for each sample and results were
averaged before data analysis. An aliquot of milk was
frozen and stored at —40°C until reversed phase (RP)-
HPLC analysis was performed.

Contents of ag-CN, ag-CN, 3-CN, ~-CN, glycosyl-
ated k-CN, unglycosylated k-CN, a-LA, and 3-LG were
assessed by RP-HPLC using the method developed by
Bonfatti et al. (2013b). Total CN content (TCN; g/L)
was computed as the sum of ag-CN, ag-CN, 3-CN,
~-CN, and total k-CN (the sum of glycosylated and
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Table 1. Descriptive statistics for traits and model fitting parameters for predictions of milk protein composition

Parameter”
Ttem' Mean SD Obs Terms Math SEcv 1 - VR
Protein, g/L 51.94 6.76 167 9 A 1,155,1 1.84 0.92
Casein, g/L 46.13 6.26 168 9 A 1,155,1 1.70 0.92
Whey protein, g/L 5.81 1.24 166 10 B 1,5,5,1 0.56 0.77
Casein number, % 88.77 2.17 165 10 B 1,5,5,1 1.16 0.51
Protein fractions, g/L
ag-CN 14.13 1.16 173 6 B 0,0,1,1 2.91 0.51
ag-CN 7.03 1.29 167 9 B 1,5,5,1 0.72 0.63
B8-CN 15.49 2.69 165 11 B 1,5,5,1 0.94 0.87
~v-CN 0.58 0.28 166 2 A 1,155,1 0.22 0.14
k-CN 8.44 3.25 173 8 B 1,5,5,1 2.77 0.27
Glyco-k-CN 4.38 2.90 172 8 B 1,5,5,1 2.50 0.26
a-LA 3.31 0.89 165 6 B 1,5,5,1 0.56 0.46
8-LG 2.50 1.10 166 8 B 1,5,5,1 0.67 0.51
Protein composition, %
ag-CN 27.90 6.29 173 5 B 0,0,1,1 5.67 0.30
agy-CN 13.59 2.15 172 7 B 1,5,5,1 1.58 0.56
B-CN 29.82 3.38 166 10 B 1,5,5,1 1.79 0.68
~-CN 1.12 0.55 164 3 B 1,551 0.47 0.12
k-CN 16.33 6.25 173 5 B 0,0,1,1 5.82 0.25
Glyco-k-CN 8.50 5.75 172 8 B 0,0,1,1 5.24 0.28
a-LA 6.42 1.68 168 6 B 1,5,5,1 1.35 0.43
8-LG 4.81 1.94 165 10 B 1,5,5,1 1.16 0.51

"Protein: ag-CN + ag-CN + B3-CN 4 ~4-CN + k-CN + 3-LG + a-LA; casein = ag-CN + ag-CN + 3~4-CN + k-CN; whey protein = 8-LG +
oa-LA; casein number = (casein/protein) x 100. Glyco = glycosylated. Protein composition is expressed as contents of protein fractions to total

protein content.

?Obs = number of observation in the calibration set after outlier elimination; terms = number of modified partial least square regression latent
variables; math = mathematical treatments of the spectral data (A: only spectral regions from 5,011 to 3,673 em ! and from 3,048 to 930 cm ™!
were used; B: only the spectral region from 3,048 to 930 cm ™' was used) where the first number is the order of the derivative, the second number
is the segment length in data points over which the derivative was taken, the third and fourth numbers are the segment length for first and
second smoothing, respectively; SEqy = standard error of cross-validation; 1 — VR = coefficient of determination of cross-validation.

unglycosylated k-CN). Total whey protein content was
calculated as the sum of a-LA and 3-LG content. Total
protein content (PRT) was the sum of TCN and total
whey protein content. Genotypes at CSN1S1 and CSNS3
were derived by the same RP-HPLC method. Geno-
types at CSN151 corresponded to the C > T transition
at nucleotide 578 of Bubalus bubalis CSN1S1 (complete
coding sequence EMBL no. AJ005430.1), resulting in
the AA substitution Leu'"™(A) — Ser'™(B) of the ma-
ture ag;-CN polypeptide chain (from exon 3 to 17 of
the reference sequence 062823). Genotypes at CSN3
corresponded to the T > C transition at nucleotide 467
of the complete coding sequence HQ677596 results in
the amino acid substitution Ile'*(X1) — Thr'*(X2) of
the mature k-CN polypeptide chain (Bonfatti et al.,
2012b).

The FT-MIR calibration models were developed using
modified partial least square regression (MPLS; Shenk
and Westerhaus, 1991) procedures as implemented in
the software WinISI II (InfraSoft International, State
College, PA). Several mathematical treatments of
raw spectra were compared before regression analysis.
Samples exhibiting large spectral distance (i.e., global
Mahalanobis distance >3) from the population centroid
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as well as samples for which the difference between the
reference and the predicted value was much larger than
the standard error of cross-validation were considered
outliers and discarded from the calibration analysis.
The number of samples used for calibration after out-
lier elimination is reported in Table 1.

Prediction models were validated using a 4-fold
random cross-validation. The standard error of cross
validation and the coefficient of determination of
cross-validation (1 — VR) were calculated and used
to evaluate the predictive ability of calibration models.

To investigate the ability of FT-MIR spectroscopy
to predict CSN1S1 and CSNS3 individual genotypes,
discriminant analysis was also performed. The predic-
tion model was developed by MPLS as implemented in
the software WinISI II (InfraSoft International). Due to
their low number, CSN1S1 AA animals (n = 12) were
grouped with AB animals and CSN3 X2X2 animals (n
= 15) were grouped with X1X2 animals. Then, in the
MPLS discriminant analysis, spectra from 2 different
groups of genotypes (BB vs. AA and AB, for CSN1S1;
X1X1 vs. X1X2 and X2X2, for CSN3) were used. The
software set up a calibration matrix with binary vari-
ables (0 and 1) against the different genotype groups.
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The calibration was then conducted by regressing the
wavelength data on the groups defined as 0 or 1. A
4-fold cross validation was used to test the accuracy of
the models.

Descriptive and model-fitting statistics for predic-
tions of contents of major milk protein fractions are
reported in Table 1. High PRT can be ascribed to skim-
ming of milk before chromatographic analysis. Average
protein composition of buffalo milk was consistent with
findings of Addeo (1979), D’Ambrosio et al. (2008), and
Bonfatti et al. (2012a).

The most accurate prediction models for protein
contents (g/L of milk) were those for PRT and TCN (1
— VR = 0.92), followed by those for 3-CN, total whey
protein, and ag-CN (1 — VR of 0.87, 0.77, and 0.63,
respectively). Total k-CN, glycosylated-k-CN, ag-CN,
~-CN, and whey protein fractions were predicted with
poor accuracy (1 — VR <0.51). The relatively low val-
ues of 1 — VR might be due to the fact that RP-HPLC
analysis of protein fraction contents was measured on
skim milk samples whereas spectra acquisition was per-
formed on raw milk.

In general, prediction accuracy observed in our
study was in agreement with results obtained by Bon-
fatti et al. (2011) for cow milk, except for k-CN and
glycosylated-k-CN predictions, which exhibited poor
accuracy; our results were also similar to those of other
studies performed using cow and ewe milk (Ferrand
et al., 2012). Variation in content of these fractions is
markedly affected by CSN3 genotypes (Bonfatti et al.,
2012c¢), and frequency distributions of such traits are bi-
modal (Figure 1). This can partly explain why contents
of k-CN and glycosylated-k-CN were poorly modeled
by linear regressions. Likewise, Bonfatti et al. (2011)
reported that the multimodal frequency distribution of
3-CN and k-CN content in cow milk caused by CSN2
and CSNS genotype effects was responsible for the low
prediction accuracy of these protein fractions.

When calibrations focused on protein composition
(i.e., relative contents of protein fractions measured as
the percentages of total protein), all 1 — VR estimates
were lower than 0.7. Percentages of protein fractions in
total protein were also calculated indirectly from pre-
dictions of PRT and contents of all protein fractions.
Performances of calibration models for such predic-
tions were consistent with those obtained when protein
fraction percentages were predicted directly (data not
reported in tables).

Prediction of CSN1S1 and CSNS& genotypes, based
on infrared information, might be of interest because a
relationship between milk protein genotypes and varia-
tion in coagulation properties has been previously de-
scribed (Bonfatti et al., 2012b). Results of discriminant
analysis for CSN1S51 are reported in Table 2. A second
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derivative applied to raw spectra with segment length
of 5 data points, a 5 data point- and a 2 data point-
segment as first and second smoothing, respectively, in
the spectral regions from 5,011 to 3,673 cm ™' and from
3,048 to 930 cm ', and using 7 MPLS terms yielded
the best results. For CSN1S51, 87 samples had AA or
AB genotype and 87 samples had BB genotype. The
fraction of samples correctly classified for genotype at
CSN1S1 was only 56%.

Result of the discriminant analysis for genotype
classification at CSNS& is reported in Table 3. Data
consisted of 82 and 92 samples having CSNS& genotype
X1X1 or X1X2 and X2X2, respectively. The best re-
sults were obtained when the first derivative, with a
segment length of 5 data points, a 5 data point- and
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Figure 1. Frequency distribution across CSN3 genotypes (X1X1,
X1X2, and X2X2) for the content of k-CN (a) and glycosylated k-CN
(b) in milk.
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Table 2. Number of observations classified by discriminant analysis in
each of two groups of CSN1S1 genotypes of buffalo milk
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Table 3. Number of observations classified by discriminant analysis in
each of 2 groups of CSN3 genotypes of buffalo milk

Classified genotype

Classified genotype

True genotype AA or AB BB True genotype X1X1 X1X2 or X2X2
AA or AB 50 37 X1X1 56 26

BB 39 48 X1X2 or X2X2 26 66
Missclassification, % 44.83 37.93 Missclassified, % 31.71 28.26

a 1 data point-segment as first and second smoothing,
respectively, was applied to the spectra region from
3,048 to 930 cm ' using 6 MPLS terms. The percentage
of samples correctly classified for genotype at CSNS
was 70%. The ability of the models to classify the geno-
types had worsened when the less-frequent genotypes
CSN1S51 AA and CSN3 X2X2 were excluded from the
analysis.

In our study, FT-MIR spectroscopy was not able to
discriminate between CSN genotypes with sufficient ac-
curacy. The low predictive ability of the models might
be due the low number of observations. However, Ber-
get et al. (2010), although analyzing only 45 samples,
were able to classify CSN1S1 goats genotypes through
FT-MIR procedures with good accuracy (nearly 87% of
samples were correctly classified). Variation in ag-CN
content of goat milk and, as a consequence, variation in
total protein content, is markedly affected by genotypes
at CSN151 because null alleles, responsible for reduced
null ag;-CN content, are present in goat populations.
In buffalo, animals carrying different genotypes at milk
protein genes show small differences in protein compo-
sition and total protein content when compared with
variation observed in goats. Likely, this is a major cause
for low discriminating capacity in genotype classifica-
tion exhibited by FT-MIR relative to that detected by
Berget et al. (2010).

Results of our study indicate that FT-MIR is not
able to provide accurate predictions of detailed milk
protein composition. Such predictions may, however,
be of practical interest as indicator traits for selective
breeding applications. The practical utility of FT-MIR
predictions of protein composition for selective breed-
ing depends upon the heritability of the predicted
traits and upon the magnitude of the genetic correla-
tion between the predicted and the measured values
(Cecchinato et al., 2009; Rutten et al., 2011). When
such correlation and the genetic variance of predictions
are large enough, even predictions exhibiting moderate
accuracy may be of practical value. In addition, sire
proofs would be obtained from predictions based on
progeny spectra and on multiple spectral records per
offspring over lactation, which would beneficially affect
the accuracy of sire evaluations for protein composition.
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For milk FA, many authors (Soyeurt et al., 2006,
2011; Eskildsen et al., 2014) reported high prediction
accuracies for contents relative to percentage con-
centrations in fat. Eskildsen et al. (2014) stated that
such accuracies arise from the correlation between FA
contents and total fat, which is accurately FT-MIR
predicted, rather than on specific absorption bands
associated with individual FA. Predictions of protein
fractions likely also rely on the correlation between con-
tents of single fractions and total protein. Prediction of
the contents of protein fractions may not be useful in
milk recording systems or breeding programs if they are
exclusively related to the prediction of total protein and
do not provide any additional information. Moreover,
if indirect correlations are used to build a calibration
equation, the model will not be valid for future samples
unless the indirect correlations are conserved for these
samples (Eskildsen et al., 2014). Thus, the prediction of
protein fraction contents may not be valid for popula-
tions having a covariance structure different from that
of the calibration set. Further research is needed to
elucidate these aspects.
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