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ABSTRACT

The color of milk affects the subsequent color fea-
tures of the resulting dairy products; milk color is also
related to milk fat concentration. The objective of
the present study was to quantify the ability of mid-
infrared spectroscopy (MIRS) to predict color-related
traits in milk samples and to estimate the correlations
between these color-related characteristics and tradi-
tional milk quality traits. Mid-infrared spectral data
were available on 601 milk samples from 529 cows, all
of which had corresponding gold standard milk color
measures determined using a Chroma Meter; milk color
was expressed using the CIELAB uniform color space.
Separate prediction equations were developed for each
of the 3 color parameters (L* = lightness, a* = green-
ness, b* = yellowness) using partial least squares re-
gression. Accuracy of prediction was determined using
both cross validation on a calibration data set (n = 422
to 457 samples) and external validation on a data set
of 144 to 152 samples. Moderate accuracy of prediction
was achieved for the b* index (coefficient of correlation
for external validation = 0.72), although poor predic-
tive ability was obtained for both a* and L* indices
(coefficient of correlation for external validation of 0.30
and 0.55, respectively). The linear regression coefficient
of the gold standard values on the respective MIRS-
predicted values of a*, L*, and b* was 0.81, 0.88, and
0.96, respectively; only the regression coefficient on L*
was different from 1. The mean bias of prediction (i.e.,
the average difference between the MIRS-predicted
values and gold standard values in external validation)
was not different from zero for any of 3 parameters
evaluated. A moderate correlation (0.56) existed be-
tween the MIRS-predicted L* and b* indices, both of
which were weakly correlated with the a* index. Milk
fat, protein, and casein were moderately correlated with
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both the gold standard and MIRS-predicted values for
b*. Results from the present study indicate that MIRS
data provides an efficient, low-cost screening method
to determine the b* color of milk at a population level.
Key words: cow milk, yellowness, Fourier transform
infrared, grazing system

INTRODUCTION

Product color is one of the primary factors considered
by consumers when making purchasing decisions, as it
is often an indicator of ripeness, freshness, food safety,
and attractiveness in the food industry (Hutchings,
1994). It is well known that milk color influences the
color features of the subsequent dairy products, while
also being related to the fat content of the milk (Win-
kelman et al., 1999). Differences in milk color can also
be related to the presence of abnormalities in milk; for
example, mastitis attributable to Streptococcus esculin
infection causes milk to have a more reddish/yellowish
color, whereas mastitis due to Streptococcus dysgalac-
tiae also leads to a change in milk color (Espada and
Vijverberg, 2002).

The white color of milk is a function of the milk’s
physical structure; the dispersion of both casein mi-
celles and fat globules in the milk is responsible for the
diffusion of incident light and is related to lightness
(L*; Raty and Peiponen, 1999). The natural pigmenta-
tions from carotenoids, protein, and riboflavin are also
associated with the white color of milk. Milk with a
low carotenoid content, high protein, and high ribofla-
vin tends to be whiter (Solah et al., 2007), or in other
words have a greater L* index value.

The yellow color (yellowness index; b*) of bovine
milk is closely related to the level of 3-carotene and
fat content; a greater milk fat and 3-carotene content
results in an incremental increase to the b* index of
milk, hence the milk will have a more yellow color.
Feeding and selective breeding of cows may be used
to alter the carotenoid level and thus color of dairy
products (Norieze et al., 2006b). Cows fed grass silage
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tend to produce milk with yellower fat and greater
B-carotene content than milk produced by cows on a
hay diet (Noziere et al., 2006a; Calderon et al., 2007).
Breeds of cows, such as Jerseys, that produce milk with
a greater carotenoid and fat content, produce more yel-
low color milk than breeds such as Holstein-Friesians
(Winkelman et al., 1999). Loss of carotenoids from milk
is minimal when transferred into butter and cheese,
therefore also contributing to the yellow coloration of
these dairy products.

Yellower dairy products may be considered favorable
or unfavorable depending on the target market. For ex-
ample, yellower products are considered an unfavorable
attribute in Middle Eastern dairy markets (Keen and
Wilson, 1992). However, in Europe, a yellower color is
favorable in high-fat dairy products such as butter and
full-fat cheeses (Casalis et al., 1972; Hutchings, 1994).

Because the gold standard methods for the deter-
mination of milk color [i.e., Chroma Meter (Minolta,
Osaka, Japan) or a NH310 Color Meter Milk (Shenzhen
3NH Technology Co. Ltd., Shenzhen, China)] or for
the determination of milk carotenoid content, can be
relatively costly and also require sub-sampling of milk
for analysis, the use of an analytical system already
in place (e.g., mid-infrared spectroscopy; MIRS) to
determine milk color may be more logical. Mid-infrared
spectroscopy is currently used by milk recording orga-
nizations worldwide to predict milk fat, protein, casein,
and lactose concentration and has recently been used
to predict more detailed milk composition traits (De
Marchi et al., 2014) or animal traits (McParland et al.,
2014). The use of MIRS to predict novel milk quality
traits is therefore appealing because the mid-infrared
spectrum is available at a negligible additional cost and
may be undertaken as part of the routine quantifica-
tion of other components in milk. Nevertheless, to our
knowledge, no study has attempted to evaluate the
potential of MIRS to predict milk color traits.

The aim of the present study was to evaluate the
ability of MIRS to predict milk color-related traits and
to estimate the correlations between these milk color
traits and a selection of traditional milk quality traits.

MATERIALS AND METHODS
Milk Sample Collection

Between August 2013 and August 2014, inclusive,
730 milk samples from 621 cows were obtained from
7 research farms operated by the Teagasc Animal and
Grassland Research and Innovation Centre (Moore-
park, Fermoy, Co. Cork, Ireland). Milk composition
was recorded weekly using a MilkoScan FT6000 (Foss
Electronic A/S, Hillergd, Denmark), and the resulting
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spectrum, containing 1,060 transmittance data in the
mid-infrared region between 900 and 5,000 cm ™', was
stored. Following MIRS analysis, the milk samples were
stored at 4°C for further analysis. Samples were selected
to maximize diversity of breed [Holstein-Friesian (n =
454), Jersey (n = 117), Norwegian Red (n = 15), and
crossbreds (n = 144)], stage of lactation (5 to 375 d
in milk), milking time (i.e., AM or PM milking), and
parity (1 to 11). Samples with preservative added (n =
129) were not considered in the present study for the
determination of milk color. The final data set used in
the present study comprised 601 milk samples, 461 of
which were from spring-calving cows fed a predomi-
nantly grazed grass-based diet and the remaining 140
samples were from autumn-calving cows fed a TMR
diet in the early stages of lactation.

Gold Standard Milk Color Determination

Milk color was measured using a Chroma Meter
CR400 (Konica Minolta Sensing Europe, Nieuwegein,
the Netherlands) with a closed cone, set on the L* a*
b* system, and the Chroma meter was calibrated on a
white tile. A 10-mL sub-sample of each milk sample was
measured in a cuvette and expressed using the CIE-L*
a* b* uniform color space (CIELAB, 1976). The CIE-
L* a* b* plots the color coordinates in a uniform color
space, which has an L*, a* and b* axis, with L* (light-
ness; on a scale from 0 to 100, where 0 = black and 100
= white), a* (where —a* has a green color and +a*
has a red color), and b* (where —b* has a blue color
and +b* has a yellow color). The more different from
zero or the greater the absolute value is, the stronger
the color (i.e., a sample with an absolute value close to
zero has a lighter color than a sample with an absolute
value close to 100).

Data Analysis

Outlier samples were considered to be samples with a
gold standard value >3 from the mean. No L* or b* indi-
ces outliers were removed, but 28 outliers were removed
based on the a* index. All 3 milk color traits were nor-
mally distributed. Descriptive statistics were calculated
within the Holstein-Friesian and Jersey breeds sepa-
rately, as well as across all breeds combined and within
season. The differences between the means of Holstein
Friesian and Jersey cows and between the means of
autumn and spring cows were derived using ANOVA
in Microsoft Excel (Microsoft Corp., Redmond, WA).
Spectral data were transformed from transmittance to
linear absorbance using a logarithmic transformation
of the reciprocal of the wavelength values (Soyeurt et
al., 2011). Prediction models were developed using un-
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treated spectra. Mid-infrared spectroscopy models were
developed to predict each color trait separately using
partial least squares regression (Proc PLS, SAS Insti-
tute Inc., Cary, NC). Spectral regions considered were
from 926 to 1,580 cm ', 1,717 to 2,986 cm ', and 3,696
to 3,808 cm !, determined based on the observed load-
ings for each wavelength from preliminary analyses.
Accuracy of the prediction equations was determined
using external validation, whereby 25% of data was ex-
cluded from equation calibration; these data were used
in the independent validation data set. This procedure
was repeated 3 times, using a different 25% of the data
in the validation data set each time. Samples were se-
lected for the validation data set to represent variation
similar to that present in the gold standard data in
the calibration data set used to develop the prediction
equations. For each prediction model, the data set was
sorted by the trait of interest. The first sample and
every fourth sample thereafter were included in the
validation data set for the first iteration; for the second
iteration the second sample and every fourth sample
thereafter was chosen for the validation data set, with
a similar procedure used for the third and fourth itera-
tion. No cow was represented in both the calibration
data set and validation data set in a given iteration.
The criteria used to determine the accuracy of the
MIRS predictive models were the coefficient of corre-
lation of cross validation (r.) and external validation
(ry), the root mean square error of cross validation
(RMSEc) and external validation (RMSEv), the
linear regression coefficient (b) of the MIRS-predicted
values on the gold standard values of each trait, and
the mean bias of prediction; the mean bias of predic-
tion was calculated as the mean difference between the
MIRS-predicted values and gold standard values in
external validation. The ratio performance deviation,
which is the ratio of the standard deviation of each
trait to standard error of prediction, was also used as
a measure of model predictive ability. Four validation
data sets were created and then appended onto each
other, and the r,, r,, root mean square error, b (SE),
and bias (SE) were calculated based on all 4 iterations
combined. The average number of factors (#L) used to
build the prediction equations was the average num-

ber from all 4 iterations rounded to the nearest whole
number. Validation was performed within the Holstein-
Friesian and Jersey breeds separately, as well as across
all breeds combined. The Fisher’s r to z transformation
was performed to determine if the accuracy of predic-
tion differed between breed populations.

Furthermore, the L*, a* and b* indices were also
predicted in external validation using the regression
coefficients on milk fat, protein, and casein content
estimated from the calibration data set.

Pearson correlations among the gold standard milk
color traits, MIRS-predicted milk color traits, and
MIRS-predicted fat, protein, and casein predicted using
the Foss equations (MilkoScan FT+ Basic Calibrations
Application Note 5373/Rev. 2 Part No. 6007 0238)
were also estimated.

RESULTS
Descriptive Statistics

Descriptive statistics of the milk color traits are in
Table 1; average values of a*, b*, and L* color indices
were —3.88, 8.09, and 81.57, respectively. Jersey cows
had a greater (P < 0.01) mean value for the yellow
color of milk (b* = 10.03) than the Holstein-Friesian
cows (b* = 7.48) and their milk also had a greater
fat content. Spring-calving cows had a greater (P <
0.01) b* index than autumn calving cows (results not
shown). The coefficient of variation was 2.24, 13.65,
and 36.34% for L*, a*, and b*, respectively (Table 1).

Color Prediction Accuracy

Moderate accuracy of prediction was obtained for the
b* index (r, = 0.72; Table 2), whereas poor prediction
accuracy of prediction was obtained for both the a* and
L* indices (r, = 0.30 and r, = 0.55, respectively). The
accuracy of predicting the a* index was greater (P <
0.05) for the Jersey population (r, = 0.59) compared
with external validation in just the Holstein-Friesian
population (r, = 0.09; Table 3). The accuracy of pre-
dicting the L* index was greater (P < 0.05) for the
Holstein-Friesian population (r, = 0.60) and the Jersey

Table 1. Mean, standard deviation, coefficient of variation, minimum (Min), and maximum (Max) for the gold
standard color indices (L* = lightness; a* = greenness; b* = yellowness) in the entire data set

Trait n Mean SD Ccv Min Max

L* 601 81.57 1.83 2.24 74.05 87.78
a* 573 —3.88 0.53 13.65 —5.78 —2.10
b* 601 8.09 2.94 36.34 —0.09 20.08

'The greater the absolute value is, the stronger the color.
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Table 2. Fit statistics' for the cross and external validation of prediction equations for color indices (L* = lightness; a* = greenness; b* =

yellowness)

Cross validation External validation
Trait #L RMSE T, Bias (SE) b (SE) RMSE Ty RPD
L* 15 1.46 0.63 0.02 (1.57) 0.88 (0.05) 1.57 0.55 1.20
a* 9 0.51 0.37 —0.002 (0.52) 0.81 (0.11) 0.52 0.30 1.05
b* 19 1.97 0.74 —0.005 (2.03) 0.96 (0.04) 2.03 0.72 1.45

'#I, = average number of factors rounded to the nearest whole number; RMSE = root mean square error; r, = correlation between true and
predicted values in cross validation; r, = correlation between true and predicted values in external validation; b = linear regression coefficient
of predicted values on the gold standard values of each trait. RPD = ratio performance deviation.

population only (r, = 0.73) compared with when all the
breeds combined (r, = 0.55) were included in external
validation. The accuracy of predicting the b* index was
greater (P < 0.05) when all breeds combined were used
in external validation (r, = 0.72) compared with when
just the Holstein-Friesian (r, = 0.64) or Jersey (r,
0.66) was used. The ratio performance deviation values
for the 3 milk color traits were less than 2. The linear
regression coefficients of the MIRS-predicted values on
the gold standard values for a*, L*, and b* prediction
models were 0.81, 0.88, and 0.96, respectively; only the
linear regression coefficient of L* was different from 1
(P < 0.05). The bias of the prediction models, which is
the average difference between MIRS-predicted values
and gold standard values in external validation, was
not different from zero (P > 0.05) for any of the 3 milk
color parameters.

When milk fat, protein, and casein concentration
combined were used as a predictor of the a*, L* and
b* indices, r, values (0.18, 0.48, and 0.60 for a*, L*,
and b*, respectively) were numerically lower (P > 0.05)
than when predictions were based on the MIRS (0.30,
0.55, and 0.72 for a*, L* and b*, respectively).

Phenotypic Correlations

A moderate correlation of 0.56 existed between the
MIRS-predicted color traits L* and b*, whereas the
color parameter a* was only weakly correlated with
the other 2 color traits (Table 4). A moderate corre-
lation (0.65) existed between the gold standard color
traits L* and b*, whereas both the gold standard and
MIRS-predicted color parameter a* were only weakly
correlated with the other 2 color traits (Table 4). A
negative correlation existed between the gold stan-
dard b* and a* indices (—0.17), as well as between
the MIRS-predicted b* and a* indices (—0.04). The
color traits b* and L* were moderately correlated with
MIRS-predicted milk fat, protein, and casein content
(Table 4). The correlation between the gold standard
b* and MIRS-predicted fat (0.65) and between the
MIRS-predicted b* and MIRS-predicted fat (0.59) were
similar. No strong correlations existed between the gold
standard and MIRS-predicted color traits L*, a*, and
b* with MIRS-predicted lactose. The MIRS-predicted
protein and casein were strongly correlated, with casein
constituting 77% of the variability in protein content.

Table 3. Number of records (n), root mean square error (RMSE), correlation coefficient between gold standard
and mid-infrared spectroscopy (MIRS)-predicted values in external validation (r,) for all breeds, Holstein-
Friesians only, and Jerseys only, tested using the split sample external validation

Trait n Mean SD RMSE T,
All breeds
L* 120 81.57 1.83 1.57 0.55"
a* 143 —3.88 0.53 0.52 0.30"
b* 120 8.09 2.94 2.03 0.72°
Holstein-Friesians only
L* 98 81.57 1.91 1.55 0.60"
a* 98 —3.79 0.61 0.45 0.09"
b* 96 7.48 2.78 2.21 0.64"
Jerseys only
L* 94 81.40 1.74 1.20 0.73"
a* 74 —4.25 1.34 0.48 0.59"
b* 94 10.03 3.04 2.30 0.66"

*PCoefficient of correlations within trait with different superscripts differ (P < 0.05) from each other.
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DISCUSSION

Feeding management could be an effective short-term
method of increasing the yellow color in milk (Noziere
et al., 2006a; Calderon et al., 2007), but selective breed-
ing could be used as a long-term strategy. Moreover,
management strategies to alter milk color may not
always be feasible (e.g., feeding high-producing cows
forage diets). Genetic selection, however, is cumulative
and permanent but more importantly is amenable for
implementation globally. Successful breeding programs
are nonetheless predicated on access to large quantities
of individual animal level information from which to
generate estimated breeding values; this information
should ideally be available at low cost. This was the
motivation of the present study to evaluate the poten-
tial of the routinely used MIRS to predict milk color.

The mean absolute color values in the present study
were greater than a study by Ordolff (2006) who com-
pared milk color across a range of different somatic cell
counts from 15 dairy cows in Germany. The b* values
documented by Ordolff (2006) had negative values in-
dicating the milk had a blue color; this was expected as
the milk had a very low fat content compared with the
milk samples analyzed in the present study. The greater
fat content of milk used in the present study may be
because the majority of the milk samples were from
cows fed a grass-based diet. The yellow color of milk is
positively associated with greater Lucerne (Larsen et
al., 2013). Cows fed grass silage tend to produce milk
with a greater fat and (3-carotene content, and therefore
a more yellow color, than milk produced by cows on a
hay diet (Noziere et al., 2006a; Calderon et al., 2007).

A study by Phillips et al. (1995) that characterized
low fat milk, calculated L*, a*, and b* values based on
Illuminant A from a Macbeth Color-Eye Spectropho-
tometer (Kollmorgen Instruments Corp., Newburgh,
NY). The mean values for a*, b* and L* observed by
Phillips et al. (1995) at 2% fat content were —3.74,
2.99, and 81.11, respectively. The b* value documented

by Phillips et al. (1995) was also lower than the b*
value in the present study, where milk had a greater
fat content.

Jersey cows had a greater (P < 0.01) mean value for
the yellow color of milk (b* = 10.03) than the Holstein-
Friesian cows (b* = 7.48), and their milk also had a
greater fat content.

Spring-calving cows had a greater (P < 0.01) b*
index than autumn-calving cows. This is expected as
spring-calving cows were fed a grass-based diet, and
therefore would have greater carotenoid and fat level in
their milk, in comparison to autumn-calving cows that
were kept indoors and fed hay or silage (Noziere et al.,
2006a; Calderon et al., 2007). Although bovine milk
color traits are related to the carotenoid level in milk
and the transfer of these carotenoids from the blood to
the milk (Noziere et al., 2006b; Gross et al., 2014), no
information was available in the present study on the
carotenoid content of the milk.

Milk Mid-Infrared Spectroscopy Prediction of Color

Because the ratio performance deviation values for
the 3 milk color traits were less than 2 in the pres-
ent study, the MIRS models should not be used for
analytical purposes. According to Williams (2007), the
prediction model for a* is unstable as the slope deviates
greatly from 1 (e.g., less than 0.85 or greater than 1.15),
whereas the prediction equation for b* is expected to
be stable because the linear regression coefficient of the
true on predicted b* was between 0.95 and 1.05. The
prediction of milk color indices by MIRS is not a conse-
quence of direct prediction because the visible region of
the electromagnetic spectrum (i.e., 350-800 nm) is not
part of the MIRS spectrum (De Marchi et al., 2014).
As in the case of several innovative milk traits (e.g.,
milk coagulation traits, residual feed intake, methane
emission), the prediction of color traits in the present
study is most likely from indirect prediction of other
components, for example fat content; the correlation

Table 4. Pearson correlations' among the gold standard (below diagonal) and mid-infrared spectroscopy
(MIRS)-predicted (above diagonal) color indices (L* = lightness; a* = greenness; b* = yellowness) and MIRS-

predicted traditional milk quality traits

Fat, Protein, Casein, Lactose,
Ttem L* a* b* % % % %
L* — 0.35 0.56 0.38 0.36 0.39 0.01
a* 0.01 — —0.04 —0.03 —0.17 —0.21 —0.07
b* 0.65 —0.17 — 0.59 0.48 0.45 —0.21
Fat, % 0.49 —0.11 0.65 — 0.41 0.42 —0.05
Protein, % 0.42 —0.33 0.50 0.41 — 0.88 —0.06
Casein, % 0.47 —0.32 0.47 0.42 0.88 — 0.13
Lactose, % —0.01 —0.07 —0.29 —0.05 —0.06 0.13 —

!Correlations <|0.07| were not different from zero.
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between the gold standard b* and fat content was 0.65
(Table 4). Mid-infrared spectroscopy is known to be
able to accurately predict milk fat, protein, casein, and
free fatty acids and is currently used by milk recording
organizations worldwide. The greater accuracy of MIRS
prediction model for b* was also confirmed by the fewer
number of model factors (9, 15, and 19 for a*, L* and
b*, respectively). With partial least square regression,
the pattern among wavelengths is reduced into fewer
variables called loadings; each loading explains a part
of the total variance and therefore the fewer the loading
factors used the more robust the prediction equation is
likely to be (De Marchi et al., 2013). The loadings also
depict the molecular basis of the MIRS prediction, as
peaks close to certain wavelengths are related to certain
chemical bonds. Several spectral regions contributed to
the prediction of the 3 color traits in the present study,
and these were primarily the regions associated with
lipids (2,935, 2,839, 1,763 cm '), followed by the peaks
at 968, 1,146, 1,180, 1,331, and 1,466 cm ', which were
attributed to C-O, C-C, O-C-H, C-C-H, and C-O-H
bonding (De Marchi et al., 2013). This helps verify that
the ability of MIRS to predict the b* color of milk may
be (in part) an artifact of the MIRS detecting the milk
fat concentration in the milk. Nonetheless, when the
milk fat concentration alone was used as a predictor of
the b* index, an r, of only 0.33 was obtained, demon-
strating that fat concentration alone is not predicting
b* but other components represented in the MIRS are
also contributing to the prediction of b*. Nonetheless,
further studies should consider measuring the yellow
milk color independent of the fat content. This could
be achieved by gravity separation of a portion of the
milk samples that have a high and low yellow color.
The gravity cream could be added back in different
combinations with gravity skim with low or high yellow
color and gravity cream with low or high yellow color.
This would enable the statistical model to better focus
on information in the spectra that is related to color
and reduce the confounding effect of fat concentration.

Although no study has evaluated the potential of
MIRS in predicting milk color traits, several studies
have investigated the use of near-infrared spectroscopy
to predict color in other dairy products, especially
cheese. Lucas et al. (2008) reported robust near-infrared
spectroscopy prediction models for the color of fresh
cheeses (n = 445), with r, values as high 0.96 for the
color traits a* and b*. Other studies measured color
traits in foods such as meat (De Marchi et al., 2011)
and wine (Urbano-Cuadrado et al., 2004). De Marchi et
al. (2011) obtained r, values of 0.60, 0.82, and 0.88 for
L*, a*, and b*, respectively, in meat. Moreover, infra-
red spectroscopy has been proposed by Ordolff (2006)
for the detection of abnormal milk color in the blue
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region; for example, milk with a reddish color indicates
contamination with blood that might be related to ud-
der infection or teat injuries (Hettinga et al., 2008).

Phenotypic Correlations

Protein and casein were strongly correlated with each
other (0.88), and therefore similar correlations between
the color traits (L*, a*, b*) with both protein and
casein were expected. Correlations between milk fat
and b* and between milk protein and a* in the present
study were in agreement with those reported by Solah
et al. (2007), who also reported significant correlations
between these traits. Moreover, the correlation between
MIRS-predicted lactose content and MIRS-predicted
b* reported in the present study (—0.21) was weaker
than that reported by Gross et al. (2014) in colostrum
(—0.44).

CONCLUSIONS

This study demonstrates that MIRS data could be
used as a screening tool to efficiently determine the b*
color of milk at a population level, providing a useful
tool for the dairy industry and aiding in feeding man-
agement and selective breeding. One potential use of
the equations developed in the present study is in milk
cooperatives selecting specific farms that produce milk
with certain milk color characteristics, which could
demand a premium milk price. The MIRS prediction
equations could be used to routinely monitor herd av-
erage milk color for recruiting or expelling producers
from this scheme. Further investigation is, however,
required to estimate the genetic variance of milk color,
which will indicate the usefulness of the developed
MIRS models for practical animal breeding purposes.
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