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Article 
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Profile Based on Milk Mid-Infrared Spectra Data 

Wenqi Lou 1, Luiz F. Brito 2, Xiuxin Zhao 3, Jianbin Li 3,* and Yachun Wang 1,* 

1 Laboratory of Animal Genetics, Breeding and Reproduction, Ministry of Agriculture of China, State Key 

Laboratory of Animal Biotech Breeding, National Engineering Laboratory of Animal Breeding, College of 

Animal Science and Technology, China Agricultural University, Beijing, 100193, China 
2 Department of Animal Sciences, Purdue University, West Lafayette, IN, 47907, USA 
3 Institute of Animal Science and Veterinary Medicine, Shandong Academy of Agricultural Sciences, Jinan, 

250100, China 

* J. Li: msdljb@163.com, +(86) 186 7865 9769; Y. Wang: wangyachun@cau.edu.cn, (+86) 158 0159 5851. 

Simple Summary: Noisy and redundant wavenumbers in mid-infrared (MIR) spectra usually lead to low 

robustness and interpretability of the prediction models. Utilizing MIR spectra with feature selection (i.e., 

Uninformative Variable Elimination and Competitive Adaptive Reweighted Sampling) is more appropriate 

than simple screening, e.g., removing water-related regions. Feature selection improved prediction accuracy of 

milk FA concentration and identified the relevant wavenumbers of FAs. It can improve prediction models’ 
accuracy in FAs based on small datasets and thereby providing more available FAs phenotype in dairy cows’ 
breeding. 

Abstract: Milk MIR spectra have been shown to provide valuable information on a wide range of traits to be 

used in dairy cattle breeding programs. Selecting the most informative variables from complex data can 

improve prediction accuracy and model robustness and, consequently, the interpretability of MIR spectra. 

Thus, we aimed to investigate the prediction performance of feature selection methods based on MIR spectra 

data, using the milk fatty acid (FA) profile as an example to illustrate the evaluated procedure. Data of MIR 

spectra, milk test-day records, and reference FA concentrations of 155 first-parity Holstein cows were used in 

the analyses. Four models comprising different explanatory variables and five feature selection methods were 

evaluated. The results indicated that the Competitive Adaptive Reweighted Sampling (CARS) method can 

effectively select the most informative variables from the MIR spectra, resulting in higher prediction accuracies 

than other variable selection approaches. The model including selected MIR spectra and cow information 

variables [days in milk at the test day, age at the test day, pregnancy stage (in days), number of days open, 

number of inseminations, and somatic cell count] yielded the best FA profile predictions based on Partial Least 

Square regression. In particular, ten FAs (C8:0, C10:0, C14:1, C17:0 isomers, C18:1, C18:1 isomer, medium-chain 

FA, unsaturation FA, monounsaturated FA, and polyunsaturated FA) presented accuracies based on the 

determination coefficient (R2cv) ranging from 0.66 to 0.85 in internal validation and from 0.65 to 0.84 in external 

validation. By running CARS 1,000 times in internal validations, we obtained the frequency of selected milk 

MIR wavenumber for 35 FAs. The most related wavenumbers to FAs were found within 1,003 to 1,145 cm-1, 

while other discrete areas were between 1,651 to 1,797 and 2,834 to 2,954 cm-1. These biomarkers may give 

insights into the relationship between MIR spectra and FA phenotypes. In conclusion, using CARS and cow 

information improved predictions of FAs based on MIR spectra in Chinese Holstein dairy cows. Additional 

validation studies should be conducted as larger datasets become available. 

Keywords: feature selection; milk mid-infrared spectra; fatty acids concentration; regression 

 

1. Introduction 

Mid-infrared (MIR) spectroscopy is a rapid, cost-effective, and classical tool widely used in 

official milk recording schemes and dairy cattle breeding programs for phenotyping milk 
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composition traits (e.g., fat and protein) [1,2,3,4]. Many milk MIR-based prediction models have been 

reported in dairy cattle for deriving indicator traits of mineral content [5], methane emission [6], 

energy metabolites [7], fat globule size [8], fatty acids [9,10], ketosis [11], feed intake [12], lameness 

[13], nitrogen use efficiency [14,15], pregnancy status [16], cow diet [17], body condition score [18], 

and others. Hence, milk MIR spectra provide insight into milk composition and the physiological 

status of cows, which are helpful for farm management and breeding purposes. However, accurate 

estimation of detailed milk composition is challenging as it requires enough representative milk 

samples and collection of accurate information to get more robust predictions. This is even more 

important for detecting reference concentration of the target trait with low content in milk through 

some traditional and expensive methods (e.g., high-performance liquid chromatography). In the case 

of low research budgets and small-scale applications, many studies have used rather small datasets 

for research purposes. Alternatively, combining small datasets across laboratories and time is a 

feasible strategy for obtaining higher model accuracies, but standardization is still required to 

combine the datasets [19].  

High-dimensionality of MIR spectra (e.g., 899 wavenumbers in Bentley instrument) tends to 

result in model overfit due to the impacts of collinearity, band overlaps, and redundant noise, 

especially for small datasets. The Partial Least Squares (PLS) approach can reduce these impacts, as 

one of powerful methods for quantitative analysis of milk MIR spectra [20]. Another practical 

approach to improve model robustness is to select optimal variables before modeling MIR spectra 

data, such as removing the regions associated with water or less informative MIR spectra regions 

(i.e., 1,600 to 1,700 and 3,000 to 3,500 cm-1) to reduce the data noise [21]. Some feature selection 

algorithms have been shown to accurately screen for informative variables and generate significant 

improvements in the prediction accuracy for milk titratable acidity and calcium content [22] protein 

fractions [23], A1 and A2 milk [24], and cow’s live weight [25] by combining the PLS method with 

the Uninformative Variable Elimination (UVE) or Competitive Adaptive Reweighted Sampling 

(CARS) methods based on MIR spectra [26,27]. Therefore, a feature selection algorithm is 

recommended to build simpler but more robust models to avoid overfitting or deleting valid 

variables, improve the prediction ability of MIR spectra, and identify the wavenumbers or their 

combinations that are more related to the target traits. 

Milk fatty acid (FA) profile is crucial because it influences the characteristics of milk products 

[28] and is associated with human health [29-31]. However, the number of milk samples used to build 

prediction models for single and groups of FA in most published papers are small (less than 1,000) 

[9,32-35], and water-related wavenumbers were usually excluded from the analyses. Previous studies 

have genetically assessed these related water regions and concluded that useful physical-chemical 

information in prediction may exist [20,36-37]. In this context, the impact of directly removing water-

related regions is unknown. Therefore, the primary objectives of this study were to 1) investigate the 

effects of UVE and CARS procedures on the accuracy of milk FA prediction based on PLS and MIR 

spectra data; 2) assess the prediction accuracy of milk FA profile from the models comprising 

different explanatory variables; and, 3) identify the most relevant wavenumbers from MIR spectra 

that contribute to better prediction accuracies of milk FA in Holstein cattle. 

2. Materials and Methods 

2.1. Sampling 

The milk samples used to develop prediction models were collected from 155 first-parity 

Holstein cows in a commercial dairy farm in Eastern China. Each cow was sampled once, and all 

samples were collected throughout lactation (6 to 305 days after calving) to obtain a good 

representation of the milk FA profile in the studied population. All the cows were housed in tie-stall 

barns and fed a total mixed ration four times daily formulated based on the National Research 

Council nutritional requirements [38], with ad libitum access to water. 

Milking was done four times a day (6:00, 12:00, 18:00, and 24:00), and samples were collected in 

the morning milking sessions. The Afimilk’s milking equipment was used to collect 160 mL milk 
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(four repeated samples, 40 mL per sample) per cow, and then the samples were numbered 

sequentially and placed into clean and specific sampling bottles obtained from a Dairy Herd 

Improvement (DHI) test laboratory. To prevent the milk from spoilage, we added two tablets of 

preservative (bronopol, 2-bromo-2-nitropropan-1, 3-diol) in each sample container, which was gently 

shaken for uniform mixing. Three out of four samples per cow were transported and stored at 4 ℃ 

at the Dairy Cattle Center of Shandong Academy of Agricultural Science (Shandong, China) [23]. The 

fourth sample was sent to a commercial laboratory (www.iphenome.com.cn/index.jsp) for detection 

of milk FA based on ultra-high performance liquid chromatography – high resolution mass 

spectrometry (UPLC-HRMS). 

2.2. Collection of MIR Spectra, Fatty Acids Profile, and Other Information 

Three repeated samples were promptly analyzed using one FTS machine on the same day 

(Bentley Instruments, Chaska, Minnesota, USA) to verify the reproducibility of MIR spectra produced 

by the FTS machine. One of the MIR spectra was used in later analyses. For each milk sample, the 

spectra contained 899 wavenumbers represented with absorbance value, indicating the absorption of 

infrared light through the milk sample at a particular wavelength in the range from 649.03 to 3,999.59 

cm-1. As shown in Supplementary Table 1, the cow information variables included days in milk (DIM, 

in days) at the herd test day, pregnancy length (PL, in days), days open (DO, in days), age (in days) 

at the herd test day, and number of inseminations (NI). Milk information for individual cows 

included fat percentage (FP, %), protein percentage (PP, %), lactose percentage (LP, %), somatic cell 

count (SCC, *1,000/mL), total milk solids (%), milk solids of non-fat (SNF, %), milk urea nitrogen 

(MUN, mg/dL), freezing point depression (FPD, m℃), casein (%), and β-hydroxybutyrate (BHB, 

mmol/L). All values of these milk components were predicted from milk MIR spectra via internal 

inbuilt modules in FTS machines.  

With the benchmarked standard reference method of UPLC-HRMS [26,39], the concentrations 

(unit, μg/mL) of 25 individual milk FAs were measured from the fourth milk sample, including the 

caprylic acid (C8:0), capric acid (C10:0), undecanoic acid (C11:0), dodecanoic acid (C12:0), tridecanoic 

acid (C13:0), myristic acid (C14:0), myristoleic acid (C14:1), pentadecanoic acid (C15:0), palmitic acid 

(C16:0), heptadecanoic acid (C17:0), heptadecanoic acid isomer (C17:0 isomers), stearic acid (C18:0), 

oleic acid (C18:1), oleic acid isomer (C18:1 isomers), linoleic acid (C18:2), linoleic acid isomer (C18:2 

isomers), linolenic acid (α-C18:3), γ-linolenic acid (γ-C18:3), arachidic acid (C20:0), cis-8,11,14-

eicosatrienoic acid (C20:3), arachidonic acid (C20:4), cis-5,8,11,14,17-eicosapentaenoic acid (C20:5), 

behenic acid (C22:0), tricosanoic acid (C23:0), and lignoceric acid (C24:0). Furthermore, other groups 

of milk FA were considered, including groups of middle-chain fatty acids (MCFA) containing C8:0 

to C15:0; long-chain fatty acids (LCFA) containing C16:0 to C24:0; SFA grouping all the saturated 

FAs; UFA grouping all the unsaturated FAs; monounsaturated FA (MUFA) grouping C14:1, C18:1, 

and C18:1 isomers; polyunsaturated FA (PUFA) containing C18:2, C18:2 isomer, α-C18:3, γ-C18:3, 

C20:3, C20:4, and C20:5; the ratio (U/S) of UFA to SFA; the unsaturated percentage (C14 index, %) for 

the sum of C14:1 and C14:0; the unsaturated percentage (C18 index, %) for the sum of C18:0, C18:1, 

C18:1 isomers, C18:2, C18:2, α-C18:3, and γ-C18:3; and the unsaturated percentage (C20 index, %) for 

the sum of C20:0, C20:3, C20:4, and C20:5. Altogether, 35 FAs were evaluated (25 individual FAs, six 

milk FA groups, and four FA indicators). 

2.3. Data Merging, Preprocessing, and Feature Variable Extraction 

All cows with 35 measured FAs were merged with MIR spectra, cow information (DIM, PL, DO, 

Age, and NI), and milk variables (FP, PP, LP, SCC, Solids, SNF, MUN, FPD, Casein, BHB, milk 

Density). The centeralization approach avoided magnitude effects from different explanatory 

variables in non-MIR data [40]. Based on the different preprocessing methods’ coefficient of 
determination (R2cv) from the model that only used MIR spectra and PLS to predict FAs 

(Supplementary Figure S1), MIR spectra’s absorbance values were smoothed by the moving-average 

method (the size of the window was set as 11) with the ‘prospectr’ R package (https://github.com/l-
ramirez-lopez/prospectr). This method defines an average of a fixed number of variables in the time 
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series which move through the series by dropping and adding the next in each successive average 

[41]. This preprocessing method is a general method to decrease the perturbations from water and 

other molecules in milk and amplify the most informative signals. 

Three feature selection methods were investigated and compared based on R2cv of the model 

that only used MIR spectra and PLS to predict FAs, and the non-selection of MIR spectra variables 

was used as a control group. The first method was developed by deleting water-related regions from 

all MIR spectra variables (designated as non-water regions), as water-related regions in MIR spectra 

tend to be uninformative [21]. A total of 538 spectral wavenumbers (928 to 1,596 cm-1, 1,693 to 3,025 

cm-1) out of the 899 were kept based on a previous study [3]. The second method was UVE, and the 

third was CARS, which were applied to all MIR spectra variables and selected variables based on 

PLS regression coefficients. The difference between UVE and CARS is that the ratio of the mean and 

standard deviation of the regression coefficient vectors are used to measure the significance of the 

variables in UVE, whereas CARS is used to retain variables with large absolute values of the 

regression coefficients and exclude those with small absolute values. To optimize the R2cv, the 

threshold parameter of UVE was set to 0.9, while the length of Monte Carlo sampling was set to 50 

and the resampling rate was set to 0.9 in CARS. Finally, the best feature selection method was used 

in the followed modeling with MIR spectra. 

2.3. Construction of Models and Performance Evaluation 

Four models including different explanatory variables were tested for prediction ability of 35 FA 

traits (Table 1). The optimal principal components in PLS identified by R2cv of each model. To 

simulate a scenario without MIR spectra, model 1 included cow information (DIM, Age, PL, DO, and 

NI) and model 2 incorporated all milk component profiles into the model 1. Then creating model 3 

with the selected wavenumbers based on the best feature selection method. To evaluate the 

contribution of adding cow information to model performance, model 4 additionally used DIM, Age, 

PL, DO, NI, and SCC in model 3. As mentioned above, the concentrations of milk components in test-

day records were tested by MIR spectroscopy, and only SCC was considered in model 4 to avoid 

double counting from milk information.  

Table 1. Variables used in four models to predict milk fatty acid profile in Holstein dairy cows. 

Model 1 2 3 4 

MIR spectra 1   √ √ 

Cow information 2     

DIM √ √  √ 

PL √ √  √ 

DO √ √  √ 

Age √ √  √ 

NI √ √  √ 

Milk information 3     

FP  √   

PP  √   

LP  √   

SCC1  √  √ 

Solids  √   

SNF  √   

MUN  √   

FPD  √   

Casein  √   

BHB  √   

Density  √   
1 MIR spectra: mid-infrared spectra; 2 DIM: days in milk; PL: pregnancy length; DO: days open; Age: age at test 

day; NI: number of inseminations; 3 FP: fat percentage; PP: protein percentage; LP: lactose percentage; SCC: 
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somatic cell count; SNF: milk solids of non-fat; MUN: milk urea nitrogen; FPD: freezing point depression; BHB: 

blood β-hydroxybutyrate. 

Internal and external ten-fold cross-validations evaluated model performance. The data in 

internal validation was randomly divided into ten groups of equal size, and one group at a time was 

reserved as holdout data for testing, and all other samples were used to train the model. This process 

was repeated ten times until each group had been predicted, and the predicted value was saved to 

create the prediction accuracy of cross-validation. R2cv was calculated based on all the ten groups’ 
predictions and true values. Due to the random assignment of samples in the cross-validation 

procedure, the internal validation was repeated 1,000 times. The results were averaged to account for 

instability in the prediction model performance. To simulate the external validation of the prediction 

model on the relatively unfamiliar dataset, the internal validation process was repeated, but the 

difference in group division was divided data into ten specific groups (6 to 35 d, 36 to 65 d, …, 276 to 
305 d) according to the DIM, i.e., the model developed with early and mid-lactation data were used 

to predict FA in late lactation. All calculations were carried out using scripts developed using 

MATLAB (2016a) and R software (v 4.10). 

3. Results 

3.1. Descriptive Statistics 

Paired t-tests of MIR spectra from three duplicated milk samples were performed and there were 

no significant differences. The mean, standard deviation (SD), and coefficient of variation (CV) of the 

UPLC-HRMS measurements of individual and grouped FA expressed on a milk basis (μg/mL) are 
summarized in Table 2. The individual FA with the highest concentrations were C16:0, C18:0, C18:1, 

and C18:1 isomers with mean values ranging from 963.96 to 7,950.18 μg/mL, while those with the 

lowest concentrations were C13:0, α-C18:3, and C20:5 with mean values ranging from 4.47 to 8.20 

μg/mL. SFA was the most frequent FA, followed by MUFA and PUFA, which ratio was around 75%, 

23%, and 2%. There was considerable variation in milk FA among cows, and the CV for milk samples 

in the entire dataset ranged from 4.89 to 73.81%.  

Table 2. Description of 35 milk fatty acids (unit, μg/mL) in Chinese Holstein cows. 

Fatty acids No. records Minimum Maximum Mean SD CV 

Individual fatty 1 acids       

C8:0 155 11.67 76.35 33.28 11.88 35.69 

C10:0 155 9.82 199.35 55.66 32.49 58.36 

C11:0 155 13.50 37.78 23.26 4.60 19.79 

C12:0 155 97.41 571.31 236.41 86.64 36.65 

C13:0 155 2.46 22.27 8.20 3.60 43.84 

C14:0 155 95.00 1,538.24 481.71 266.91 55.41 

C14:1 154 1.37 350.07 84.18 62.14 73.81 

C15:0 151 1.49 187.70 54.87 34.66 63.17 

C16:0 155 4,805.08 11,397.96 7,950.18 1,448.56 18.22 

C17:0 155 19.56 79.44 38.61 10.79 27.96 

C17:0 isomers 148 0.72 89.39 25.58 18.17 71.02 

C18:0 155 2,742.35 10,155.76 5,351.18 1,102.20 20.60 

C18:1 isomers 155 285.01 2,261.21 963.96 411.81 42.72 

C18:1 154 5.10 11,681.66 3,445.55 1,986.80 57.66 

C18:2 isomers 152 0.50 159.84 45.70 30.02 65.70 

C18:2 155 3.79 370.68 114.82 76.45 66.58 

α-C18:3 155 9.59 526.38 163.57 100.02 61.14 

γ-C18:3 153 0.19 12.26 4.47 19.20 61.86 

C20:0 155 23.58 238.78 45.28 19.20 42.41 
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C20:3 155 0.22 79.92 22.02 15.41 69.97 

C20:4 154 0.15 66.84 21.73 13.32 61.28 

C20:5 151 0.02 18.15 5.08 2.93 57.68 

C22:0 155 140.30 184.42 166.97 8.16 4.89 

C23:0 155 110.74 185.62 146.29 11.99 8.19 

C24:0 155 151.50 270.49 213.76 21.98 10.28 

Fatty acids group 2       

MCFA 150 254.96 2,966.70 998.20 482.41 48.33 

LCFA 145 12,150.86 32,291.46 19,000.58 4,092.60 21.54 

SFA 146 9,793.13 23,204.17 14,891.33 2,553.94 17.15 

UFA 148 974.11 15,506.05 5,048.91 2,575.58 51.01 

MUFA 154 863.24 14,292.94 4,516.03 2,414.44 53.46 

PUFA 148 21.98 1,213.11 392.08 229.52 58.54 

U/S 145 0.09 0.78 0.34 0.14 42.55 

C14 index 154 1.24 26.77 13.05 4.72 36.17 

C18 index 150 14.73 73.38 45.15 14.56 32.24 

C20 index 150 4.85 78.81 48.88 17.53 35.86 
1 C8:0: caprylic acid; C10:0: capric acid; C11:0: undecanoic acid; C12:0: dodecanoic acid; C13:0: tridecanoic acid; 

C14:0: myristic acid; C14:1: myristoleic acid; C15:0: pentadecanoic acid; C16:0: palmitic acid; C17:0: 

heptadecanoic acid; C17:0 isomers: heptadecanoic acid isomer; C18:0: stearic acid; C18:1: oleic acid; C18:1 

isomers: oleic acid isomer; C18:2: linoleic acid; C18:2 isomers: linoleic acid isomer; α-C18:3: linolenic acid; γ-

C18:3: γ-linolenic acid; C20:0: arachidic acid; C20:3: cis-8,11,14-eicosatrienoic acid; C20:4: arachidonic acid; C20:5: 

cis-5,8,11,14,17-eicosapentaenoic acid; C22:0: behenic acid; C23:0: tricosanoic acid; C24:0: lignoceric acid; 2 MCFA: 

middle-chain fatty acids that contained C8:0 to C15:0; LCFA: long-chain fatty acids that contained C16:0 to C24:0; 

SFA: all the saturated FAs; UFA: all the unsaturated FAs; MUFA: the sum of C14:1, C18:1, and C18:1 isomers; 

PUFA: the sum of C18:2, C18:2 isomer, α-C18:3, γ-C18:3, C20:3, C20:4, and C20:5; U/S: the ratio of UFA to SFA; 

C14 index: the unsaturated percentage for the sum of C14:1 and C14:0; C18 index: the unsaturated percentage 

for the sum of C18:0, C18:1, C18:1 isomers, C18:2, C18:2, α-C18:3, and γ-C18:3; C20 index: the unsaturated 

percentage for the sum of C20:0, C20:3, C20:4, and C20:5; SD: standard deviation; C.V: coefficient of variation 

(unit, %). 

3.2. Variable Optimization by UVE and CARS 

Figure 1 illustrates the process of UVE extracting variables. The curve on the left is the matrix of 

real variables (preprocessed MIR spectra), and the right is the matrix of artificially added random 

noise variables, whose dimension was equal to the spectral dimensions. The two horizontal dotted 

lines represent the noise thresholds, and most of the added noise variables’ reliability values lie 

within the two thresholds. MIR spectral variables with reliability values between these two lines were 

recognized as noise variables and removed as non-informative variables, while out of the threshold 

lines’ wavenumbers were identified as feature variables. In CARS, the number of feature variables 

decreased exponentially, then slowly decreased, and finally tended to stabilize as the number of 

iterations increased (Figure 2a). Figure 2b shows the variation in the root mean square error of cross-

validation as a function of the number of iterations, and Figure 2c depicts the corresponding trend of 

R2cv, the optimal combination of variables was obtained at the 21st iteration (the blue vertical line) 

and the minimum root mean square error of cross-validation value was 5.48. 
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Figure 1. Features selected based on the Uninformative Variable Elimination method in milk mid-

infrared spectra. 

 

Figure 2. The changing trend of the number of sampled variables (plot a), 10-fold root mean square 

error of cross-validation (RMSECV) values (plot b), and regression coefficients of each variable (plot 

c) with the increasing of sampling runs based on Competitive Adaptive Reweighted Sampling 

method in milk mid-infrared spectra. The line (marked by asterisk) denotes the optimal point where 

root mean square error of cross-validation of 10-fold values achieve the lowest. 

3.3. Comparisons of Feature Selections 

The mean values of 1,000 times internal validation results for the control group and three feature 

selection methods based on model 3 (only used MIR spectra) are shown in Table 3. The average 

prediction accuracies with the three methods evaluated (non-water regions, UVE, and CARS) were 

higher than the control group’s results (no-selection of MIR spectra variables). The PLS regression 

had the best performance when the feature variables were extracted by CARS with the R2cv for the 

35 FA ranging from 0.01±0.01 to 0.76±0.03 and the mean was 0.46±0.20, which is higher than UVE 
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(range = 0.02±0.01 to 0.67±0.03; mean = 0.42±0.17), non-water regions (range = 0.11±0.02 to 0.62±0.01; 

mean = 0.41±0.14), and non-selection (range = 0.03±0.01 to 0.51±0.02; mean = 0.32±0.14). The average 

R2cv improved by 41% (CARS), 31% (UVE), and 28% (non-water regions) in comparison to the control 

group.  

Table 3. The determination coefficient (mean ± standard deviation) of three feature selection methods 

and control group (none-selection in mid-infrared spectra) of 35 fatty acids using model 3 (only 

included mid-infrared spectra) and 1,000 times of internal validation. 

Fatty acids None-selection 3 Non-water regions 4 UVE 5 CARS 6 

Individual fatty acids 1     

C8:0 0.51± 0.02 0.62± 0.01 0.67± 0.03 0.76± 0.03 

C10:0 0.45± 0.02 0.53± 0.01 0.54± 0.01 0.60± 0.02 

C11:0 0.11± 0.02 0.27± 0.02 0.21± 0.03 0.19± 0.06 

C12:0 0.38± 0.02 0.53± 0.01 0.48± 0.02 0.56± 0.01 

C13:0 0.39± 0.02 0.52± 0.01 0.49± 0.04 0.55± 0.03 

C14:0 0.45± 0.02 0.52± 0.01 0.55± 0.03 0.61± 0.02 

C14:1 0.47± 0.02 0.58± 0.01 0.55± 0.02 0.62± 0.02 

C15:0 0.39± 0.02 0.49± 0.01 0.51± 0.02 0.57± 0.02 

C16:0 0.16± 0.02 0.22± 0.02 0.22± 0.02 0.25± 0.04 

C17:0 0.30± 0.02 0.33± 0.02 0.40± 0.02 0.44± 0.02 

C17:0 isomers 0.43± 0.02 0.47± 0.01 0.54± 0.03 0.61± 0.03 

C18:0 0.06± 0.02 0.11± 0.02 0.06± 0.02 0.05± 0.03 

C18:1 isomers 0.40± 0.03 0.52± 0.01 0.55± 0.04 0.60± 0.04 

C18:1 0.42± 0.02 0.44± 0.01 0.53± 0.03 0.62± 0.02 

C18:2 isomers 0.41± 0.02 0.48± 0.01 0.52± 0.02 0.58± 0.03 

C18:2 0.39± 0.02 0.47± 0.01 0.50± 0.02 0.59± 0.2 

α-C18:3 0.36± 0.02 0.45± 0.01 0.49± 0.03 0.56± 0.02 

γ-C18:3 0.31± 0.02 0.43± 0.02 0.39± 0.05 0.47± 0.07 

C20:0 0.03± 0.01 0.13± 0.04 0.02± 0.01 0.01± 0.01 

C20:3 0.42± 0.02 0.46± 0.01 0.52± 0.04 0.58± 0.04 

C20:4 0.41± 0.02 0.50± 0.01 0.51± 0.02 0.59± 0.01 

C20:5 0.23± 0.02 0.37± 0.02 0.33± 0.02 0.32± 0.08 

C22:0 0.13± 0.02 0.21± 0.02 0.15± 0.04 0.13± 0.07 

C23:0 0.09± 0.02 0.15± 0.01 0.11± 0.02 0.06± 0.04 

C24:0 0.09± 0.02 0.27± 0.01 0.16± 0.03 0.18± 0.08 

Fatty acids group 2     

MCFA 0.46± 0.02 0.58± 0.01 0.56± 0.03 0.64± 0.02 

LCFA 0.31± 0.02 0.35± 0.02 0.42± 0.03 0.45± 0.05 

SFA 0.13± 0.02 0.18± 0.02 0.20± 0.03 0.20± 0.03 

UFA 0.42± 0.02 0.48± 0.01 0.56± 0.03 0.62± 0.03 

MUFA 0.38± 0.02 0.50± 0.01 0.53± 0.03 0.59± 0.04 

PUFA 0.47± 0.02 0.51± 0.01 0.60± 0.03 0.66± 0.02 

U/S 0.28± 0.03 0.38± 0.01 0.37± 0.04 0.35± 0.12 

C14 index 0.34± 0.02 0.55± 0.01 0.49± 0.03 0.55± 0.03 

C18 index 0.35± 0.03 0.47± 0.01 0.52± 0.03 0.57± 0.03 

C20 index 0.34± 0.02 0.45± 0.01 0.47± 0.02 0.53± 0.02 
1 C8:0: caprylic acid; C10:0: capric acid; C11:0: undecanoic acid; C12:0: dodecanoic acid; C13:0: tridecanoic acid; 

C14:0: myristic acid; C14:1: myristoleic acid; C15:0: pentadecanoic acid; C16:0: palmitic acid; C17:0: 

heptadecanoic acid; C17:0 isomers: heptadecanoic acid isomer; C18:0: stearic acid; C18:1: oleic acid; C18:1 

isomers: oleic acid isomer; C18:2: linoleic acid; C18:2 isomers: linoleic acid isomer; α-C18:3: linolenic acid; γ-

C18:3: γ-linolenic acid; C20:0: arachidic acid; C20:3: cis-8,11,14-eicosatrienoic acid; C20:4: arachidonic acid; C20:5: 

cis-5,8,11,14,17-eicosapentaenoic acid; C22:0: behenic acid; C23:0: tricosanoic acid; C24:0: lignoceric acid; MCFA: 
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middle-chain fatty acids that contained C8:0 to C15:0; LCFA: long-chain fatty acids that contained C16:0 to C24:0; 

SFA: all the saturated FAs; UFA: all the unsaturated FAs; 2 MUFA: the sum of C14:1, C18:1, and C18:1 isomers; 

PUFA: the sum of C18:2, C18:2 isomer, α-C18:3, γ-C18:3, C20:3, C20:4, and C20:5; U/S: the ratio of UFA to SFA; 

C14 index: the unsaturated percentage for the sum of C14:1 and C14:0; C18 index: the unsaturated percentage 

for the sum of C18:0, C18:1, C18:1 isomers, C18:2, C18:2, α-C18:3, and γ-C18:3; C20 index: the unsaturated 

percentage for the sum of C20:0, C20:3, C20:4, and C20:5; SD: standard deviation; C.V: coefficient of variation 

(unit, %); 3 None-selection: non-selection to MIR spectra variables; 4 Non-water regions: removing the water-

related regions from MIR spectra variables; 5 UVE: Uninformative Variable Elimination method; 6 CARS: 

Competitive Adaptive Reweighted Sampling method. 

3.4. Prediction Accuracy of the Models 

The R2cv of the 35 FAs for models 1 to 4 was obtained through internal validations (10-folds, 

random cross-validation) based on PLS regression (Figure 3). Only using cow demographic 

information (model 1, DIM, PL, DO, age, and IS) resulted in a range of the 35 FA from 0.04±0.02 to 

0.83±0.01, with a mean of 0.40. The accuracy slightly improved by incorporating all milk information 

in model 2, in which the R2cv ranged from 0.04±0.02 to 0.84±0.01 (mean R2cv = 0.45). Based on the 

CARS filtered variables from MIR spectra, adding MIR spectra in models 3 and 4 further improved 

the model performance in comparison to model 2, and the average R2cv across 35 FAs was the highest 

in model 4. For example, the improvement in R2cv was 0.09 for C18:1 from model 2 (R2cv = 0.53±0.01) 

to 3 (R2cv = 0.62±0.02) based on the internal validation. In model 4, adding cow information and SCC 

increased the R2cv of C18:1 to 0.68±0.02 in the internal validation. In addition, the prediction accuracy 

of internal validation with random grouping was consistently higher than that of external validation 

with DIM grouping. The R2cv in the best model (model 4) of ten FAs (C8:0, C10:0, C14:1, C17:0 

isomers, C18:1, C18:1 isomer, MCFA, UFA, MUFA, and PUFA) remained consistently high even in 

the external validation with R2cv of 0.65±0.01 to 0.84±0.01 (Supplementary Figure 2). 

 

Figure 3. Coefficient of determination of 35 milk fatty acids based on the four models, competitive 

adaptive reweighted sampling, and partial least square regression in internal validation of Chinese 

Holstein dairy cows. 

3.5. Identifying the Relevant Regions of FA in MIR Spectra 

The results are summarized as a heat map (Figure 4) to illustrate the distribution of related 

regions in MIR spectra for 35 FA. Individual and grouped milk FA have similar trends in related 

wavenumbers from 640 to 4,000 cm-1. As shown in Figure 4, the most related to FAs and common 

spectral region was found in 1,003 to 1,145 cm-1 because its color was darker than the other regions. 

For the C18:0, C22:0, C23:0, and C24:0, the most related region was located in 2,834 to 2,954 cm-1. Also, 

there were some small and separated related areas from 649 to 970, 1,651 to 1,797, 2,984 to 3,051, and 

3,077 to 3,767 cm-1. 
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Figure 4. The selected frequency of each milk mid-infrared wavenumber (cm-1) by running 

competitive adaptive reweighted sampling method with 1,000 times in internal validation of 35 milk 

fatty acids. 

4. Discussion 

We investigated the improvement of UVE and CARS procedures on the accuracy of milk FA 

prediction based on PLS and MIR spectra data in Holstein cattle, and found that CARS had the best 

performance in FA prediction. The model, included DIM, PL, DO, age at test day, NI, SCC, and 

selected MIR spectra, have the highest prediction accuracy than others. The most relevant 

wavenumber of the FA profile was from 1,003 to 1,145 cm-1 in MIR spectra. This lays a foundation for 

the further research. 

4.1. Descriptive Statistics 

There were no significant differences in MIR spectra of duplicated milk samples, which indicates 

high consistency among them and that the outputs of the FTS machine are reliable. Also, an accurate 

benchmark standard reference method is critical for the analyses. Compared with the method 

commonly used for FA detection (Gas Chromatography), UHPLC coupled with HRMS brings further 

advantages in terms of selectivity, sensitivity, and high throughput for the resolution analysis of 

complex samples and smaller particles [42], thereby allowing for the acquisition of more accurate 

reference FAs values. However, the high cost of testing resulted in a small dataset (n = 155) used in 

this study, which is lower than published studies such as Ferrand-Calmels et al. (2014) (n = 349) [33], 

Fleming et al. (2017b) (n = 2,023) [10], and Rovere et al. (2021) (n = 777) [35].  

Milk FA profile has a dynamic pattern and the concentration of milk fat relies on factors such as 

measuring unit, breed, nutrition, individual FA, and period of lactation [43-45]. Not all 25 individual 

FA were detected in each milk sample, possibly due to low to zero concentrations in the samples. The 

relative magnitude among the 25 FA are consistent with previous findings, where C16:0, C18:0, and 

C18:1 were reported to be the main FA in Brown Swiss, Jersey, and Holstein cattle milk [32,46,47]. 

Regarding the saturation of milk fat, literature reports indicate SFA, MUFA, and PUFA concentration 

in dairy cows’ milk, respectively, of 70%, 25%, and 5% [48]; 66%, 29%, and 5% [49], which close to the 

ratio in this study. There was considerable variation in milk FA among cows. C14:1, C17:0 isomer, 

C18:1, C18:2, C18:3, C20:3, and C20:4 resulted in the greatest values of CV (around and higher than 

60%), which is similar to the results reported by Mele et al. (2009) [50]. Traits with larger phenotypic 

variation are preferred when genetically selecting for FAs that are beneficial to human health such as 

C18:1 (oleic acid), C18:2 (linoleic acid), C18:3 (α-linolenic acid and β-linolenic acid), and C20:4 

(arachidonic acid). 
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4.2. Comparisons of Feature Selections 

In this study, detecting noisy regions in MIR spectra can effectively improve the FA predictions. 

In particular, the improvements from CARS and UVE in MIR spectra were higher than that of non-

water regions, indicating that the use of methods such as CARS and UVE could accurately select 

variables and obtain higher prediction accuracies instead of simple removing like removing water-

regions from all MIR variables. In addition, CARS and UVE would be particularly useful when data 

at the population level are available because they can exponentially reduce computation time by 

using fewer but effective wavenumbers in FAs’ modeling. 
To our knowledge, previous studies have tested genetic algorithms for predicting FAs with MIR 

spectra in dairy cows. Ferrand et al. (2011) used genetic algorithm combined with PLS regression and 

reported improvements in accuracy of milk FA prediction by 15% on average based on milk MIR 

spectra (n = 153; 446 wavenumbers without water regions; Foss instrument) from Holstein X 

Normande dairy cows [51]. Caredda et al. (2016) obtained lower biases by testing genetic algorithm 

for FA prediction in sheep milk MIR spectra (n = 250; 550 wavenumbers without water regions; Foss 

instrument) [52]. Related studies based on CARS and UVE have focused on other traits in dairy cows. 

For instance, Gottardo et al. (2015) was the first to use UVE to enhance the prediction of milk titratable 

acidity (increase 10%) and Ca (increase 20%) content based on MIR spectra (n = 208; 520 wavenumbers 

without water regions; Foss instrument) from Holsten-Friesian cows [22]. Niero et al. (2016) reported 

that UVE improved the accuracy of prediction by 6.0 to 66.7% for milk protein fractions based on 

MIR spectra (n = 114; 520 wavenumbers without water regions; Foss instrument) in Holstein-Friesian, 

Brown Swiss, and Jersey cows [23]. CARS and UVE had similar performance in the classification of 

A1 and A2 milk based on MIR spectra (n = 838; 1,060 wavenumbers; Foss instrument) in Chinese 

Holstein cows [24]. Additionally, Zhang et al. (2021) compared three selection algorithms (sum of 

ranking difference algorithm, UVE, and Elastic Net regression) and found that they could improve 

the model’s robustness in the prediction of dairy cow liveweight from MIR spectra and transferability 
to other brand of spectrometers [25]. Regardless of the selection algorithm and trait, removal of noisy 

variables often leads to better accuracy and performance of the models. 

4.2. Prediction Accuracy of the Models 

The increase R2cv of the 35 FAs for models 1 to 4 indicates that incorporating more information 

into the model could improve the predictive accuracy of milk FAs. Milk MIR spectra could provide 

and capture more information about changes in milk composition and other biological differences in 

metabolic status in cows, because the syntheses of different milk FA profile are derived from adipose 

tissues mobilization and the volatile fatty acids produced by microbial fermentation [53]. 

The best prediction (model 4) of individual FA in this study was slightly lower than reports from 

Soyeurt et al. (2006b, 2011) (R2cv = 0.01 to 0.98; unit = g/dL of milk) [9,49] and Rutten et al. (2009) (R2cv 

= 0.14 to 0.96; unit = g/dL of milk) in accuracy [54], but higher than some results from De Marchi et 

al. (2011) (R2cv = 0.51 to 0.77; unit = g/dL of milk) [32]. Notably, the prediction accuracies of UFA, 

such as C14:1, C18:1, C18:2, C18:3, C20:3, and C20:4, were similar or better than those of the same FA 

in the published results cited above. However, worse results were found for C11:0, C18:0, C20:0, 

C22:0, and C23:0 in this study, which also happened in other studies [32], and may be related to the 

pre-treatment as part of the reference method – UHPLC-HRMS. The above-mentioned saturated FAs 

also leads to lower accuracies of prediction models for SFA and U/S. The accuracies of PUFA, MUFA, 

and UFA in this study are within the ranges of the published reports cited above. This study 

attempted to predict MCFA, LCFA, U/S, C14, C18, and C20 index, which facilitate the direct 

determination of the chain length and degree of unsaturation of milk fats. The differences in the 

accuracy of FA predictions from published results are related to the variability of reference data, data 

size, reference method to determine FA composition, spectra pre-processing, and modeling method.  

In addition, several authors who reported a reduction in prediction accuracy in external 

validation compared with internal validation based on herd by herd or herd-year by herd-year of 

data division [55, 56]. This implies that DIM-based division may be used as a supplemental way for 

external validation (see Supplementary Figure S2). Although the prediction accuracy of some FAs in 
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this study did not reach the accuracy (R2cv ~ 0.89 to 1.00) of any application or quality control, it could 

be used for a rough screening of high or low FA values [20], or even for breeding as Tiplady et al. 

2022 indicated that predicted FAs from MIR spectra with moderate accuracy (R2cv = 0.18 to 0.65) have 

solid genetic correlations (0.72 to 1.00) with directly measured FA [57]. 

4.3. Identifying the Relevant Regions of FA in MIR Spectra 

The wavenumber-reduced model provided more interpretable insights into the relationship 

between MIR and FAs. The CARS method is as stable as other methods in terms of feature selection 

[26]. Therefore, we statistically computed the selected frequency of each wavenumber (899 

wavenumbers in MIR spectra) by running CARS 1,000 times in internal validation based on the best 

model (model 4). The most related to FAs and common spectral region was in 1,003 to 1,145 cm-1. 

This is not surprising as the region located from 926 to 1,616 cm-1 is called fingerprint region [58], 

containing much information on chemical bonds like –CH3, =CH2, -OH, C-O, and C-C in alcohols, 

ester, and carboxylic acids. Furthermore, this region had the highest heritability with estimates 

around 0.4 in Belgium and Canadian Holstein cows [59,60]. These estimates are similar to the MIR-

predicted FAs in Brown Swiss, dual-purpose Belgian Blue, Holstein-Friesian, Jersey, Canadian 

Holstein cows, and other populations [61,62]. 

Other regions were located in 649 to 970, 1,651 to 1,797, 2,984 to 3,051, 2,834 to 2,954, and 3,077 

to 3,767 cm-1, which potentially reflect the homology and uniqueness in chemical structure among 

the 35 FAs evaluated in this study. The fact that selected regions were distributed in a wide range of 

the spectra is in agreement with the complex structure characteristics of FA, such as different 

vibration modes (stretching or bending), the complicated microenvironment in milk, and the 

interaction of C–H, C=O, and O–H bonds. For example, the regions of 1,651 to 1,797, 2,834 to 2,954 

cm-1 included fat A (~1,747 cm-1; carbonyl stretch in fat) and fat B (~2,873 cm-1; carbon-hydrogen 

stretch in fat) regions that were known to be associated with C=O (carbonyl) and C–H stretching, 

respectively [63]. However, the region of 1,800 to 2,900 cm-1 did not contribute to most of the FA 

predictions, as these are typically considered to be meaningless regions in MIR spectra [64]. The 

frequency signals tended to be weaker and sparser within some discrete areas (i.e., 649 to 970, 2,984 

to 3,051, and 3,077 to 3,767 cm-1), as also reported by Rovere et al. (2021) [35]. Generally, the above 

regions provide a reference for building prediction models for FA. 

5. Conclusions 

This study combined feature selection methods to predict milk FA concentrations (unit, μg/mL) 
based on milk MIR spectra in Chinese Holstein cattle. The results revealed that CARS and UVE had 

the best performance compared to the traditional approaches, such as filtering the related water 

regions from MIR spectra, whereas selecting important wavenumbers from high dimensional data 

significantly improved the model fitting. The best model included DIM, PL, DO, age at test day, NI, 

SCC, and selected MIR spectra. Ten FAs (C8:0, C10:0, C14:1, C17:0 isomers, C18:1, C18:1 isomer, 

MCFA, UFA, MUFA, and PUFA) presented R2cv ranging from 0.65 to 0.84 in external validation. The 

regions of 1,003 to 1,145, 1,651 to 1,797, 2,834 to 2,954 cm-1, and others were strongly associated with 

milk FAs. Further studies using larger datasets should be done in the future to validate these results. 
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