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Abstract

Horse milk (HM) can be described as a distinctive dairy product with increased nutritional
content. Soybean milk (SM) is widely mixed with animal milk due to its lower price than
other milk. The adulteration of HM with SM could pose economic fraud. This study aims
to develop a rapid and reliable approach for detecting HM adulteration with SM using
Near Infrared (NIR) spectroscopy combined with chemometrics. The binary mixtures of
HM and SM were prepared to develop calibration and wvalidation models. The
classification (with PCA and PLS-DA) and quantification analysis (using PLS regression)
were applied to interpret NIR spectral data. The PCA model assessed seven principal
components and no outlier data based on Summary Fit and Hotelling’s T2 Range column
plot. PCA and PLS-DA were utilized to distinguish between pure HM and adulterated SM
in score plot and biplot. The VIP scores were generated at wavelengths 1908-1952, 2554,
and 2557-2592 nm using the PLS-DA model. A combination of OH-bound, CH-bound,
and NH functional groups was categorized as the wavenumber selected in VIP scores. The
regression result was obtained with y = x-0.00000001026 with R2 = 0.9985. The NIR-
PLSR model could successfully distinguish HM from SM adulteration with an accuracy of
R2 > 0.999 and Q2 > 0.80 and precision of RMSEE = 0.0164 and RMSECV = 0.2556
with good prediction. A dairy product authenticity study could be performed using NIR
spectra combined with chemometric techniques.

1. Introduction

Soybean amino acids are a source of protein for humans

Horse milk (HM) is a valuable and unique dairy
product compared to other types of milk. HM casein is
primarily composed of B-casein (78.5%), with other
caseins and whey proteins present in horse milk such as
B-lactoglobulin,  a-lactalbumin, serum  albumin,
lactoferrin, and others (Czyzak-Runowska et al., 2021;
Kondybayev et al., 2021). In Indonesia, fermented horse
milk has been found to exhibit antibacterial activity
(Hermawati et al., 2004). Sumbawa’s horse milk made in
Indonesia has also been recognized as a high-priced
dairy product, which may be a source of economic fraud.

Soybean (Glycine max) is a widely imported
commodity in total global production. The main soybean
consumer in the world is China, the USA, the EU, Brazil,
India, and Indonesia in 2020 (Voora ef al., 2023). The
composition of soybean contains 40% protein, 35%
carbohydrate, 20% oil, ash, and other substances.
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and are employed in a variety of fermented products
(Medic et al., 2014). The vegetable protein of soybean is
commonly a mixture of milk based on their similar
functional properties and lower cost than other milk
(Berhow et al., 2020).

Milk fraud occurs when inferior and potentially
hazardous ingredients are combined or substituted
(Yulyana et al., 2024). The most prevalent type of milk
fraud tries to boost profits by adding other dairy (Dos
Santos Pereira et al., 2020; Ji et al, 2022), water
(Kasemsumran et al., 2007), formalin (Balan et al.,
2020), cheese way (Vinciguerra et al., 2019), and non-
dairy protein such as soybean, pea and whey protein (Du
et al., 2018). A distinctive dairy product with increased
nutritional content and potential health advantages is
horse milk (HM). Soybean milk (SM) is a type of
vegetable milk that is frequently blended with milk since
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it has similar beneficial properties to milk and is less
expensive than other milk. Therefore, the development
of a reliable and rapid method for the authentication of
horse milk with adulteration to ensure the quality of this
unique dairy product is crucial (Arifah et al., 2022).

Near Infrared (NIR) spectroscopy is a non-
destructive and dependable method for determining
chemical composition based on the interaction of
electromagnetic radiation pull-through substances. NIR
spectrum data is frequently used for chemical,
pharmaceutical, foods, and agricultural product analysis
and validation. The wavelength range of near-infrared
(NIR) spectroscopy is mainly between 2500-800 nm,
while the wavelength range of mid-range infrared is
utilized at longer wavelength between 4000-400 nm. The
NIR instrument provided similar prediction accuracy
compared with the MIR instrument (Shi et al., 2010).
The IR spectral model determined the fatty acid (FA)
composition of milk products through the cis-
unsaturation absorption band and the fatty acid carbon
chain around the 1600-1800 nm region. Due to detection
limitations, the IR original spectrum couldn’t detect FA
composition in diverse samples (Lintvedt et al., 2023;
Sato and Kawano, 1991).

NIR spectroscopy combined with chemometrics is a
rapid detection method to evaluate milk quality from
ingredients of raw samples, intermediate until the final
product in the food industry (Mabood et al., 2017). The
rapid NIR approach reflected vegetable protein content
from soybean in milk powder mixtures at wavelength
range of 1850-2000 nm (Maraboli et al., 2002). The
previous study discovered that IR spectroscopy
integrated with chemometrics could distinguish horse
milk from any other milks (Arifah et al., 2022). Protein
and amino acids were measured using IR spectra and
chemometric analysis of SM (Balastreri et al., 2016).
However, the use of NIR spectroscopy for the
authentication of HM from SM is quite limited.
Therefore, the current study aims to wuse NIR
spectroscopy in conjunction with chemometrics to
authenticate HM adulteration with SM.

2. Materials and methods
2.1 Materials

Horse milk (HM) samples were collected from a
horse farm in Sumbawa, West Nusa Tenggara,
Indonesia. Horse milk samples were collected using
sterile and insulted containers with ice boxes throughout
the shipping process. Soybean milk (SM) was made by
macerating dry soybeans with water and grinding them
until they were smooth. Afterward, SM was collected by
evaporating and filtering them using filter paper. HM
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was applied to SM samples randomly in 19 various
concentrations (ranging from 0% to 100% v/v in Table 1.
NIR spectra were obtained for every sample using Near
Infrared (NIR) Analyzer.

Table 1. Concentration of Horse Milk (HM), Soybean Milk
(SM) and Mixture Milk (MM) for chemometrics modelling.

No. Samples Horse milk (HM)  Soybean milk (SM)

(v/v) (v/v)

H100% 100% 0%

H95% 95% 5%
H90% 90% 10%
H85% 85% 15%
H75% 75% 25%
H70% 70% 30%
H65% 65% 35%
H60% 60% 40%
H55% 55% 45%
H50% 50% 50%
H45% 45% 55%
H40% 40% 60%
H35% 35% 65%
H30% 30% 70%
H25% 25% 75%
H20% 20% 80%
H15% 15% 85%
H10% 10% 90%
H0% 0% 100%

2.2 NIR instrumentation

Spectral data were acquired in reflectance mode and
recorded as absorbance using Spectra StarTM XT Near
Infrared (NIR) Analyzer (Westborough, United States) at
1 nm intervals from 680 to 2600 nm. As a cleaning
solvent for NIR instruments, n-Hexane solvent was used.
Before each analysis, the analytical surface of the sample
cell was brushed, washed with n-Hexane solvent
(Merck), rinsed with distilled water, and dried with soft
paper tissue. To evaluate the optimal sample preparation
process, spectra were taken from milk samples. Soft
Independent Modeling of Class Analogy (SIMCA)
software version 18 was used to perform classification
and quantification analysis for NIR spectra models such
as Principal Component Analysis (PCA), Partial Least
Squares-Discriminant Analysis (PLS-DA), and Partial
Least Squares Regression (PLSR) (Balastreri et al.,
2016; Galvan et al., 2022).

2.3 Chemometrics modelling

SIMCA is a statistical tool to compress spectral data
sets and select the optimal predictive information.
Principal Component Analysis (PCA) is a statistical
technique used to investigate and reduce variations in
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data between pure and adulterated HM fingerprints. PCA
analysis interprets several key components including
Score plots, a Summary of fit, Hotelling’s T2 Range
Column Plot, and Biplot (Cui et al., 2021). Score plots
identified a pattern difference of HM and adulterated
milk. The summary fit determined the selected principal
components to explain the majority of the variance in the
data. Hotelling’s T? Range Column Plot is a multivariate
outlier approach, and Biplot visualizes the loading plot
and score plot. Furthermore, the potential of PLS-DA
and PLS technique to automatically distinguish between
pure milk and contaminated milk was assessed. To create
prediction models from spectral data, multivariate
calibration techniques such as partial least squares (PLS)
are used (Rohman et al, 2020). These techniques
function determined the variable importance of the
projections (VIP) score connected with the target
variable. Score plots, summary fit, Hotelling's T2
column plot, Biplot, R2 values, Q2 values, R2X, R2Y,
and VIP scores were the evaluation parameters obtained
for chemometrics analysis (Worley and Powers, 2016).

3. Results and discussion

3.1 Near infrared fingerprinting of milk samples

Pure HM, pure SM, and representative mixture milk
(HM 95%, HM 75%, and HM 50%) appeared in NIR
spectra fingerprinting with a variation of absorbance
from O to 0.3 at the wavelength region of 400-1800 nm
in Figure 1. Absorbance spectra of milk were presented
to be the highest at the region of 1200-1400 and 1600-
1900 nm, whereas the lower absorbance was found at the
region range of 600-900 nm. The soybean spectrum
targeted the -OH functional group at 1016, 1645, and
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Figure 1. Pure HM, pure SM, and representative mixture milk
(HM 95%, HM 75%, and HM 50%) correspond to the high
variation of absorbance at the wavelength of 400-1800 nm.
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1940 nm (Balastreri et al., 2016). NIR represents the
second overtone region at 1160 and 1445 nm, which
interacts with CH;, CH,, CH, CONH,, ROH, and H,O
bonds related essentially to the milk's lipid, amino acid,
and water, which vary depending on milk type and
adulteration levels (Galvan et al.,, 2022). It was
challenging to distinguish between the three groups since
the NIR spectra of HM, SM, and MM were identical.
Therefore, NIR spectroscopic data gathering using
chemometrics is a required method that is appropriate for
food screening.

3.2 Classification analysis

The mixture of HM adulterated with SM was
prepared with various concentrations. The supervised
pattern of chemometrics analysis was applied to measure
various concentrations of HM and SM in a range of 0-
100% v/v (Table 1). The goal of this study was to
implement NIR spectroscopy coupled with PCA and
PLS-DA for the authentication of various milk. The PLS
analysis assessed data variations based on Summary Fit,
Hotelling’s T2 Range column plot, Biplot, R2X values
and Q2 values. Summary fit selected the seven principal
components (PCs) to explain the majority of the variance
in the data (Figure 2a). Hotelling's T2 Range column plot
was susceptible to the overall distance from the model
center with low T2 values. The low T2 values of this
data were well-represented by the PCA model. At 95%
and 99% confidence levels, Hotelling's T2 column plot
identified all samples without any outliers observed in
Figure 2b. Biplot also visualized the combination of the
loading plot and score plot (Figure 2c).

Principal Component Analysis (PCA) is a statistical
modeling tool for reducing data dimension. PCA is a
practical approach to Partial Least Squares-Discriminant
Analysis (PLS-DA) for reliability model. Two statistical
methods quietly induce separation between experimental
groups. When PCA regularly fails to cluster their groups,
an alternative method to use PLS-DA model (Worley
and Powers, 2016; Galvan et al., 2022). Seven PCs could
be extracted from PC1 (52.5%) and PC2 (36.7%) of the
total variance. The PCA and PLS-DA offered accurate
techniques to visualize and quantify HM-SM in score
plots. Score plots also identified a 95% confidence level
for all experimental groups. Score plots for PCA and
PLS-DA derived from NIR spectra fingerprinting
presented into four classes, such as class 1 (pure HM),
class 2 (HM 0-35% v/v), class 3 (40-50% v/v), and class

Table 2. The prediction of PCA and multivariate analysis data using NIR spectra.

No. Model A R’X R’Y Q’ RMSEE  RMSECV
. PCA 7 0.998 - 0.995 - -
2. PLS-DA 8 0.998 0.981 0.856 0.0132 0.1139
PLS 9 0.999 0.999 0.860 0.0164 0.2556
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Figure 2. PCA analysis was obtained with summary of fit [a]
and Hotelling’s T2 Range Column Plot [b], and Biplot [c].

4 (60-95% v/v) in Figure 3. However, HM10% was less
distinct from pure HM in one quadrant of the PLS-DA
Figure 1. Pure HM, pure SM, and representative mixture milk
(HM 95%, HM 75%, and HM 50%) correspond to the high
variation of absorbance at the wavelength of 400-1800 nm.
model. NIR spectra of pure HM and adulterated milk
was successfully built as a model of PCA with R2X =
0.998 and Q2 = 0.995 using three replicates of every
sample. Table 2 summarizes the PLS-DA model with
high accuracy and precision: R2X = 0.998, R2Y = 0.981,
and Q2 = 0.856. The result of the classification analysis
provided a good prediction for distinguishing pure HM
from adulterated milk.

The evaluation of the permutation test with 100
permutations confirmed the PLS-DA model. Permutation
test validated the PLS-DA model using intercepts of R2
= 0.0, 0.565 and Q2 = 0.0, -0.559. PLS-DA was
evaluated regression result of original R2X = 0.998, R2Y
= 0.981, and Q2 = 0.856. The Q2 value of the original
model is higher than permutated models (Q2 = 0.0, -
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0,559). The original R2 values (R2X = 0.998, R2Y =
0.981) were compared to the values in the permuted
models (R2 = 0.0, 0.565) to evaluate the permutation
result in Figure 4. Hence, it can be found that the
outcome of this study predicted the PLS-DA model with
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Figure 3. PCA [a] and PLS-DA [b] score plot authenticated
pure HM, pure SM, and mixture HM-SM based on NIR
spectra fingerprinting.

Intercepts: R2 = (0.0;0,565), Q2 = (0.0; -0,559)
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Figure 4. Permutation test determined R2 and Q2 using PLS
model.

good reliability.

The variable importance in the projection (VIP)
score quantifies the result of individual X variables on
the PLS model, indicating which X variables contribute
most significantly to the y variation (Farrés et al., 2015).
The VIP method selected 80 variables with VIP scores
greater than 1.5 to discriminate milk classification, as
shown in Figure 5. The selected VIP scores could
indicate critical variables for milk classification (Galvan
et al., 2022). VIP scores were correlated with the target
variables at 80 wavelength regions of 2554, 2557-2592,
1908, 1909, 1910, 1911, 1912, 1913, 1914, 1915, 1916,
1917, 1918, 1919, 1920, 1921, 1922, 1923, 1924 until
1952 nm (in Table 3). In another study, NIR spectra of
SM were applied in the wavelength range of 1850-2000
nm (Maraboli et al., 2002). Wavelengths of 2554 and
2557-2592 nm could also be categorized as CH
functional group (Nandiyanto et al., 2019). Wavelengths

© 2025 The Authors. Published by Rynnye Lyan Resources
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1

Wavelength

Figure 5. The variable importance in projection (VIP) revealed the presence of selected wavelengths (at 1908-1952, 2554, and

2557-2592 nm).

Table 3. Variable importance of projections (VIP) score was selected more than 1.5 score.

Region Wavelength (nm) VIP Score Functional group Ref.
Water (Soybean 1908-1952 ~15 OH stretching and combination (Maraboli et al., 2002)
spectrum) 1940 ’ (OH bound to protein) (Balastreri et al., 2016)
Water O-H stretching bound to . .
>
(Carbohydrate) 2554 = carbohydrate content (Masilamani ef al., 2020)
Amino acid (Protein 1910-1952 ~15 NH functional groups of the (Masilamani et al., 2020)
bound water) protein
Alkana 2554,2557-2580, >1.5 CH functional groups (Nandiyanto et al., 2019)

2582,2584-2592

of 1910 to 1980 nm indicated a combination of OH
bound to protein or NH functional groups of the protein.
An OH stretching of carbohydrate content was revealed
at the region of 2254 nm (Masilamani et al., 2020).

3.3 Quantification analysis

The use of NIR spectroscopy in conjunction with the
Partial Least Square Regression (PLSR) model to asses
and quantify HM adulteration with SM was examined.
The selection of the PLS regression model of pure HM,
pure SM, and MM performed accuracy and precision
analyses to be validated. Seventeen concentrations of
distinct samples, pure HM, and pure SM were used in the
accuracy and precision studies. The PLS of accuracy and

precision criteria are listed in Table 2. The parameter
validation of PLS evaluated R2X = 0.999, R2Y = 0.999,
and Q2 = 0.86 with a good prediction model. The
regression results explained a reliable correlation
between the observed and predicted values in Figure 6.
The prediction model was obtained with y = x-
0.00000001026 with R2 = 0.9985. The lower error of
root means square error of estimate (RMSEE) = 0.0164
and root mean square error of cross-validation
(RMSECV) = 0.2556 to avoid overprediction. Both
models achieved low values for RMSEE and RMSECV,
indicating good precision (Windarsih et al., 2023). The
goal of this research is to provide a reliable and fast
analysis technique for dairy products. The presented
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Figure 6. Regression linear of PLS modelling showed good linearity in HM and adulteration concentrations (0-100% v/v)
without any outlier.
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approach of PLS successfully separated and
distinguished HM from contaminated SM. This PLS
method was successfully implemented to detect
adulteration in milk, which could be applied to
consumers in future. PLS approach could be developed
for quality control or milk authenticated using accessible
portable devices or testing kits. Therefore, The PLS
model could ensure milk authenticity, safety, and
prevention of milk fraud (Grassi et al., 2022).

4. Conclusion

The combination of NIR spectroscopy with
chemometrics provides a reliable and accurate method
for the authentication of horse milk (HM) adulteration
with soybean milk (SM). Chemometric and validation of
PLS were both capable of detecting SM as adulterant at
all concentration levels (5-100%). The developed NIR
spectra with the PLSR model could distinguish HM from
SM adulteration with a high degree of accuracy and
precision. The outcomes of this study demonstrated that
combining NIR spectra with chemometric analysis is an
effective method for screening specific wavelengths (at
regions of 2554, 2557-2592, and 1908-1952 nm) to
evaluate the authenticity of HM and adulteration.
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