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Abstract: To know and to control the fine milk composition is an important
concern in the dairy industry. The mid-infrared (MIR) spectrometry method
appears to be a good, fast and cheap method for assessing milk fatty acid profile
with accuracy. Although partial least squares (PLS) regression is a very useful
and powerful method to determine fine milk composition from spectra, the
estimations are often less accurate on new samples coming from different
spectrometers. Therefore a genetic algorithm (GA) combined with a PLS was
used to produce models with a reduced number of wavelengths and a better
accuracy. Number of wavelengths to consider is reduced substantially by 5 or 10
according the number of steps in the genetic algorithm. The accuracy is
increased on average by 9% for fatty acids of interest.
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1. Introduction

Milk is a complex product with a large number of components such as proteins, fatty acids,
lactose, minerals in variable concentrations. For many years, milk has been considered as a raw
material. At the farm level, the target was to produce milk with high overall protein content and a
given fat content. Measurement and selection procedures have been developed and implemented
in this way. More recently, emphasis has been put on milk elementary components since many of
them have confirmed effects on human health. Levers to adapt products to the changing demands
of the market are mainly genetics, feeding and food technology. One of the present limitations
for answering to these demands is the lack of fast, low cost and sensitive phenotyping
techniques. In this context, scientific (INRA, Institut de I’Elevage, Actilait) and economic
stakeholders, from milk production (milk recording and DHI organizations, milk testing
laboratories, breeding organizations, artificial insemination organizations, extension services) to
milk processing (federation of dairy factories) gathered in the PhenoFinLait project. The aim of
this vast program is to develop a cheap and large scale phenotyping procedure for individual
milk components (fatty acids and proteins) and to apply this procedure on a specific design in
farms allowing an analysis of the genetic and the environmental factors involved in the milk’s
composition. The expected result is a new and highly innovative way to drive milk composition,
both by animal selection and herd management to fulfill the requirements of human nutritional
needs.

In goat, the milk fatty acid composition differs from cow, and is characterized by a higher
concentration of short and medium chain fatty acids and a lower level of palmitic acid (C16:0)
[1]. Asin other dairy species, fatty acid composition of goat milk is highly dependent on the diet
and more particularly forages and lipid supplementation [2, 3]. However, food seems to have
specific effects on milk’s fatty acid composition of goat compared with that of dairy cattle or
ewe [4]. Goat is also particular because of its polymorphism at the asl casein gene which is
responsible for quantitative variations of milk protein content and also milk fat content and its
fatty acid composition [5]. In this context, the PhenoFinLait project represents an opportunity to
study, at a large scale, the fatty acid composition of goat milk and to better describe the factors
affecting it. At the same time, it will allow to detect, for the first time in goat, QTL or gene
responsible for the variation in milk fatty acid composition.

The study presented in this article deals with the development of a reliable, cheap and easy-to-
use method for individual milk fatty acid content measurement.

Soyeurt et al. [6,7] has shown the possibility to estimate cow milk fatty acid content from Mid
Infra-Red (MIR) spectra currently measured for milk fat and protein contents determination by
milk testing laboratories in milk recording schemes. The method used to develop the equations is
the Partial Least Squares (PLS) regression. Spiegelman et al. [11] showed the theoretical interest
of eliminating noisy wavelengths before applying a PLS regression and several authors [8, 9, 10]
suggested the use of genetic algorithms (GA) to select the useful wavelengths. In this optic, in a
previous study we used a genetic algorithm to improve the accuracy of the estimation in cow
milk (Ferrand et al., in press). The number of wavelengths to consider was reduced substantially
by 4 and accuracy was increased on average by 15%. The aim of this new study is to check
whether or not it is also possible to improve the estimation of fatty acid profile in goat milk.
With PLS regression, the estimation quality in goat milk is not as good as the estimations in cow
milk. It may be linked to the number of cells in milk or to the lower content of fatty acids in goat
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milk. By using a genetic algorithm, it could be possible to select the informative wavelengths
only and to improve the estimations of fatty acid profile in goat milk [11].

2. Wavelengths selection by genetic algorithm

Genetic algorithms (GA) are often used to solve optimization problems where we search a pool
of solutions among the best. This method is based on evolutionary biology [12, 13]. A population
of candidate solutions evolves using genetic operators like reproduction, mutation and selection.
A solution, so-called chromosome, is a vector where each variable, so-called gene, is coded with
0 (not-selected) or 1 (selected). Initial population has a predefined number of candidate
solutions. The evolution is controlled by a fitness function. To breed a new generation (two new
solutions), two candidate solutions are selected. During this step of reproduction, crossing-over
(2 candidates solutions are mixed to create 2 new ones) or mutation (a gene coded 1 mutates and
is coded O; and inversely) could occur. The obtained solutions integrate the population if they
appear better than the previous solutions. The population is constant, so the worst solutions are
discarded when new solutions integrate the population. This process is repeated until the fixed
number of generations is reached. To ensure an optimal convergence GA is run several times.
For more details, it is possible to consult the book from Haupt [14] and the article from Leardi

8.

3. Material and methods

3.1  Milk samples

705 milk samples from 235 Alpine dairy goats were collected in 2008 at the INRA experimental
farm of Bourges at three stage of lactation (about 40, 150 and 240 days). The goat’s diet was
almost similar throughout lactation and was based on grass hay offered ad libitum and a
commercial concentrate mixture. These samples were collected in tubes containing a
preservative (Bronopol).

For each goat, one sample was analyzed by MIR spectrometry, and one other was frozen at -
20°C. Among them, 149 samples (about 50 per stage of lactation) with a large variability of
spectra were selected to be analyzed for milk fatty acid composition by the referenced method.

In complementary, 50 milk samples were collected in 2010 in private farm and were used as
independent dataset.

3.2 MIR spectra

After a transport at 4°C to the laboratory (LILCO of Surgeéres), fresh milk samples were analyzed
for milk spectra extraction using MIR spectrometry with defined routine FT-MIR analyzers
(Milkoscan FT6000). Spectra have been recorded from 5012 to 926 cm-1. According to Foss
[15], only informative wavelength bands, i.e. bands not spoiled by water molecule, were kept
(representing a total of 446 wavelengths). No pre-treatments were applied as suggested by
Soyeurt and al. [6].
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3.3  Fatty acid composition

Frozen milk samples were analyzed for milk fatty acid composition using gas chromatography
according to ISO standards (ISO 14156 | IDF 172 for the fat content extraction, 1SO 15884 | FIL
182 for the preparation of fatty acid methyl esters from milk fat and 1SO 15885 | FIL 184 for
the gas-liquid chromatography). Analyses were realized by the laboratory LARF (Mamirolle).
The analysis protocol is the same as described by Kramer [16] with the following material :
Chromatograph VARIAN 3800 ; column CP-SIL 88 de 100 m ; hydrogen carrier gaz (29 PSI );
splitless injector 1:50 at 250°C ; oven temperature program : 4 mn at 70°C, 13°C/mn between
70-175°C, 27 mn at 175°C, 4°C/min between 175-215°C, 31 mn at 215°C ; flam ionization
detector at 250°C : integrator STAR from VARIAN.

Around 75 individual or groups of fatty acids were detected by CPG. The quantities expressed in
fat percentage were converted in g/100mL by using the fat content given by the spectrometer
MilkoScan FT6000.

3.4  Calculation of calibration equations
MIR spectra and milk fatty acid composition of samples presenting a large variability in their
composition were retained to calculate the equations.

3.4.1 Reference method

These equations were developed by univariate and multivariate PLS regression [17], data being
centered but not reduced according to Bertrand et al. [18]. For each equation, optimal number of
latent variables was chosen according to root mean square error of cross-validation (RMSEPcv).
In first approach a leave-one-out cross-validation was used to validate the equations. In a
confirmation step, an independent dataset was used.

PLS regressions were performed with the package PLS [19] on R 2.8.1. [20]

3.4.2 Genetic algorithm combined with reference method

The algorithm used in this paper is the algorithm developed by Leardi [8] which is specific to
wavelengths selection. The same levels of parameters were kept. In our previous work, we have
checked three parameters (mutation rate, initial population size and number of variables selected
in the solution of initial population), for 6 fatty acids [21] and finally we retained the same
parameters that Leardi [8]. Mutation rate, initial population, and number of variables selected in
the solution of initial population were fixed to 1%, 30 and 5 respectively.

To reduce the risk of overfitting we have performed the algorithm in two steps as described by
Leardi and 5 independent runs were carried out:

- First step: on the average of 3 contiguous wavelengths

- Second step: on wavelengths selected in first step

We performed the algorithm on standardized data. The cross-validation used for this step was a
stratified 5-fold cross-validation.

Following the variables selections, PLS regressions were applied as described before. For each
fatty acid, univariate and multivariate PLS were tested. We kept the best method according to the
leave-one-out cross-validation results.

GA were performed with MATLAB 7.8 [22]
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3.4.3 Comparison of analysis methods

To compare and to assess the equations for each method, several summary statistics were
computed: mean, standard deviation (Sd), standard error of cross-validation (SEcv), and cross-
validation coefficient of determination (R%cy). We considered that an estimation was precise
enough and robust to be applied in routine, when R2cy was upper than 0.80. For RZcy in the
range of 0.70 to 0.80, we advise to use these equations with caution. The accuracy was checked
according to SEcy criteria. To evaluate the performance of genetic algorithm, we compared the
SEcy of the model issued of PLS regression on variables selected by GA with the SEcy of the
multivariate PLS regression without variable selection.

The equations retained were tested on a new dataset to confirm their relevance. The validation
was done according to the 1ISO norm 8196 (ISO 8196|IDF 128:2009 Milk - Definition and
evaluation of the overall accuracy of alternative methods of milk analysis.)

4. Results and discussion

For the fatty acids of interest, GA selected on average 51 variables out of 446 in the form of
wavelength bands. The number of selected wavelengths varied from 10 to 140 according to the
fatty acids, because the optimal selection (the lowest SEcy) is, for some fatty acids, after the first
step (GA carried out on the average of 3 contiguous wavelengths) and not after the second step
(on wavelengths selected in the first step). The 2272-1792 cm™ band was rarely selected, while
the 2970-2434 cm™ and the 1344-926 cm™ bands were selected for most fatty acids (Figure 1).
These spectra areas are associated to chemical bonds of methyl and methylene groups of fat
content.

Fatty acids
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Figure 1. Selected wavelengths by genetic algorithm (second step).
Use PLS2 regressions provided good estimations for 9 fatty acids (R2¢,>80%) and correct
estimations for 8 FA (70<R2cy<80%). Using genetic algorithms before PLS regression, we got
good estimations for 9 fatty acids (R2cy) >80%) and correct estimations for 12 FA
(70<R2¢y<80%). These results are not as good as those in cow and sheep milk, but the fatty acid
composition of goat milk is different from that of cow milk. For our samples, the average fat
content was 3,98 g/100 ml in cow milk whereas it was 3.31 g/100 ml with a lower variability for
some fatty acids in goat milk. The smallest variability of fat content in goat milk is one
explanation of the lower estimation quality (lower R?cy). Other parameters could explain this
too. For instance, the proteolysis activity or the cell number could impact the spectrum and make
their estimations more difficult.
Nevertheless the results show that the equation accuracy is improved by the genetic algorithm
use. By comparing the SEcy of the model using GA+PLS with the model using PLS only, the
accuracy is increased on average by 9%. As a remark, the best method to apply after genetic
algorithm for the majority of fatty acids is the multivariate PLS.
More specifically, the accuracy increased by 9% for linoleic acid (C18:2 9¢12C), by 13
% for palmitic acid (C16:0) and by 14% for myristic acid (C14:0) (Table 1). These fatty acids are
of a wide interest regarding nutrition so that such an accuracy gain is really significant regarding
dairy industry. The accuracy improvement concerned all classes: fatty acids with a R2cy below
or upper 70%. Improvement level was not linked with estimation quality or fatty acid families.
However for some fatty acids there was not a real improvement. For omega 3 fatty acids the
estimations remain more accurate with PLS regression on 446 wavelengths.
Comparing to PLS regression, GA+PLS regression have null coefficients for unselected
wavelengths. Thus, we can expect that estimations will be less influenced by a change on the
spectra resulting from variation of outside factors (temperature, chemical preservative (bronopol)
in milk). However this hypothesis must be verified. For instance, it is important to be able to
perform accurate estimation of alpha-linolenic acid C18:3 n-3 in the future since there are
important challenges on this fatty acid in the forthcoming years. Up to now, the relative error of
this fatty acid is rather high, about 22%. The use of genetic algorithms does not decrease the
relative error. However, it leads to use only 27 out of 446 wavelengths and we can suppose that
the estimations will be more stable over time if fewer wavelengths are used.
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Table 1. Statistical parameters for each calibration equation in goat milk (PLS regression
algorithm (GA) + PLS regression).

only or genetic

PLS2 GA + PLS
Fatty acids Mean | Sd |SECV E;Rr.or R2cy KI'DnIEjSOf n&?gﬁr SECV Efl"or R2cy | Improvement
Fat content 3,31 |0,666|0,024| 1% | 1,00 | PLS1 138 0,016/ 0,5% | 1,00 33%
C4:0 0,092 |0,025(0,011| 12% | 0,79 | PLS2 35 |0,009| 10% | 0,88 22%
C6:0 0,078 | 0,02 [0,007| 9% | 0,87 | PLS2 25 |0,007| 10% | 0,88 2%
C8:0 0,08 |0,022|0,010| 13% | 0,78 | PLS2 28 |0,010| 12% | 0,79 1%
C10:0 0,264 |0,071(0,037| 14% | 0,73 | PLS1 21 |0,034| 13% | 0,79 9%
C12:0 0,134 |0,041(0,023| 17% | 0,69 | PLS2 36 |0,018| 14% | 0,82 21%
C14:0 0,307 |0,077|0,034| 11% | 0,82 | PLS2 22 10,029 9% | 0,88 14%
C16:0 0,996 |0,197(0,059| 6% | 0,92 | PLS2 31 |0,051| 5% | 0,94 13%
C18:0 0,282 |0,099(0,052| 18% | 0,75 | PLS2 21 |0,050| 18% | 0,78 4%
Total 18:1 trans 0,074 |0,026(0,018| 24% | 0,53 | PLS2 15 |0,016| 22% | 0,62 9%
Total 18:1cis 0,681 |0,164|0,070| 10% | 0,83 | PLS2 51 |0,067| 10% | 0,84 4%
Total 18:1 0,756 |0,176|0,072| 9% | 0,84 | PLS2 26 |0,065| 9% | 0,87 9%
C18:29t12¢ 0,006 |0,002|0,001| 22% | 0,42 | PLS2 56 |0,001| 19% | 0,59 26%
C18:29c12¢c 0,086 | 0,02 |{0,012| 14% | 0,67 | PLS2 26 |0,011| 13% | 0,72 9%
Total 18:2n-6 0,092 |0,021|0,013| 14% | 0,66 | PLS2 31 (0,011 13% | 0,73 15%
C18:29c11t 0,017 |0,005(0,004| 22% | 0,45 | PLS2 9 0,003| 20% | 0,55 20%
Total C18:2 0,109 |0,024|0,015| 14% | 0,62 | PLS2 18 |0,013| 12% | 0,72 15%
Total C18:3 n-3 0,013 |0,004(0,003| 24% | 0,41 | PLS2 27 0,003 22% | 0,49 3%
Total C18:3 0,014 |0,004|0,003| 23% | 0,45 | PLS2 23 |0,003| 21% | 0,48 5%
Saturated 2,351 |0,485(0,087| 4% | 0,97 | PLS2 31 |0,082| 3% | 0,97 6%
Monounsaturated | 0,798 |0,184|0,074| 9% | 0,85 | PLS2 20 |0,071| 9% | 0,86 4%
Polyunsaturated | 0,128 |0,028|0,018| 14% | 0,63 | PLS2 45 |0,016| 12% | 0,70 9%
Trans 0,1 |0,031|0,021| 21% | 0,53 | PLS2 22 |0,020| 20% | 0,60 5%
Omega 3 0,018 |0,005(0,004| 20% | 0,46 | PLS1 115 |0,004| 20% | 0,45 -11%
Omega 6 0,109 |0,027(0,016| 14% | 0,67 | PLS2 25 |0,014| 13% | 0,75 10%

The retained equations were validated on a new dataset. The results are presented in table 2. For
the majority of fatty acids we confirmed the interest of genetic algorithms (increase of 12% for
linoleic acid (C18:2 9¢12C), of 15% for palmitic acid (C16:0) and of 22% for myristic acid
(C14:0)). However for some fatty acids, in particular for the C18 family, the two methods give
equivalent results.
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Table 2. Statistical parameters for each equation in goat milk on an independent dataset (PLS regression only
or genetic algorithm (GA) + PLS regression). Validation according to 1ISO norm 8196.

PLS2 GA +PLS
Fatty acids Mean Sd Syx | R. Error R? Syx |R.Error| R? Improvement
Fat content 3,040 | 0,474 |0,028] 1% 1,00 | 0,021 1% 1,00 23%
C4:0 0,084 | 0,012 |0,008] 9% 0,56 | 0,005 6% 0,80 34%
C6:0 0,078 | 0,013 [0,005| 7% 0,83 | 0,004 5% 0,91 26%
C8:0 0,083 | 0,016 0,006 8% 0,84 | 0,005 6% 0,90 22%
C10:0 0,298 | 0,058 [0,026] 9% 0,80 | 0,019 6% 0,90 29%
C12:0 0,127 | 0,027 |0,016] 13% 0,64 | 0,013 10% 0,79 24%
C14:0 0,341 | 0,046 |0,026] 8% 0,67 | 0,021 6% 0,80 22%
C16:0 0,883 | 0,146 [0,066] 7% 0,80 | 0,056 6% 0,86 15%
C18:0 0,258 | 0,052 [0,047| 18% 0,21 | 0,035 14% 0,56 25%
Total 18:1 trans 0,064 | 0,019 |0,018] 28% 0,09 | 0,019 | 29% 0,00 -5%
Total 18:1cis 0,491 | 0,099 |0,057] 12% 0,68 | 0,061 12% 0,64 -1%
Total 18:1 0,559 | 0,101 |0,052] 9% 0,74 | 0,049 9% 0,77 5%
C18:29t12c 0,008 | 0,002 |0,002] 24% 0,28 | 0,002 | 27% 0,07 -13%
C18:29c12c 0,061 | 0,009 |0,007] 12% 0,31 | 0,006 11% 0,46 12%
Total 18:2n-6 0,069 | 0,010 |0,008] 12% 0,34 | 0,007 10% 0,53 16%
C18:29c11t 0,015 | 0,006 |0,006] 42% 0,05 | 0,006 | 43% 0,00 -2%
Total C18:2 0,084 | 0,014 |0,011] 13% 0,40 | 0,011 13% 0,35 -4%
Total C18:3 n-3 0,025 | 0,006 |0,006] 23% 0,03 | 0,006 | 23% 0,06 1%
Total C18:3 0,026 | 0,006 |0,006] 23% 0,00 | 0,006 | 23% 0,02 1%
Saturated 2,279 | 0,357 |0,075] 3% 0,96 | 0,054 2% 0,98 29%
Monounsaturated 0,592 | 0,108 [0,054| 9% 0,76 0,056 9% 0,74 -4%
Polyunsaturated 0,118 | 0,019 |0,015] 13% 0,36 0,015 12% 0,42 5%
Trans 0,089 | 0,026 [0,025] 28% 0,07 0,026 | 29% 0,00 -4%
Omega 3 0,034 | 0,007 [0,007] 21% 0,12 | 0,007 | 20% 0,16 2%
Omega 6 0,087 | 0,013 [0,010] 11% 0,42 | 0,009 10% 0,51 8%

5. Conclusion

The mid-Infrared Spectrometry is of a strong interest for the estimation of fatty acid content in
cow and small ruminant milk. It is possible to obtain estimation equations rather quickly (with
traditional PLS method), although in goat milk estimations are not as accurate as in cow and
sheep milk. Before using the mid-infrared spectrometry in routine to estimate the fatty acid
profile, it is necessary to have established equations providing sufficient accurate estimations. As
the authors cited in the introduction, the use of a genetic algorithm to select informative
wavelengths allows us to improve the quality of estimations and to stabilize the equations over
the time. Since null coefficients are applied on discarded wavelengths, we avoid spoiling
predictions with extra background noise not related to milk composition. On a new dataset, the
improvement is confirmed for the saturated fatty acids but no completely for the unsaturated
fatty acids.

Future researches will focus on other pre-treatment procedures, while increasing simultaneously
the initial sample size to get more accurate estimation equations of milk fatty acid profile.
Another important point to study will be the standardization of the results between different
spectrometers.

The advancements of the PhénoFinLait program are available on http://www.phenofinlait.fr/
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