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ABSTRACT

Organic and non-organic soybean flours, although visually indifferent, have a significant 
difference in price and nutrition content. Therefore, the accurate authentication detection of 
organic soybean flour is necessary. Visible-near-infrared (Vis-NIR) spectroscopy coupled 
with chemometric methods is a non-destructive technique applied to detect authentic or 
adulterated organic soybean flour. The spectra of organic, adulterated organic, and non-
organic soybean flours were captured using a Vis-NIR spectrometer at 350–1000 nm. The 
spectra were analyzed using partial least squares (PLS), principal component analysis 
(PCA), and the combination of these two with discriminant analysis (DA). The results 
showed that PCA using PC1 and PC2 could differentiate organic and non-organic soybean 
flours, whereas PC1 and PC4 can detect pure and adulterated organic soybean flours. 
The PCA–linear DA models showed 98.5% accuracy (Acc) for predicting pure organic 
and adulterated soybean flours and 100% Acc for predicting organic and non-organic 

flours. Moreover, PLS regression models 
resulted in a high R² of >95% for predicting 
organic and non-organic flours and pure 
and adulterated soybean flours. In addition, 
the PLS-DA models can differentiate 
organic from non-organic soybean flour and 
distinguish pure and adulterated soybean 
flours with 100% Acc and reliability.

Keywords: Authentication, PCA, PCA-LDA, PLS-

DA, PLSR, soybean flour, Vis-NIR 



Pertanika J. Sci. & Technol. 31 (2): 671 - 688 (2023)672

Rudiati Evi Masithoh, Muhammad Fahri Reza Pahlawan,
Devi Alicia Surya Saputri and Farid Rakhmat Abadi

INTRODUCTION

Soybean (Glycine max (L.) Merr.) is a protein-rich commodity popularly used as a staple 
food in some Asian countries (Hartman et al., 2016). Soybean is usually processed into 
various foods, such as tofu, tempeh, soy sauce, soy milk, miso, and beverages, or consumed 
as soy grain or flour. Soybean is labeled “organic” if produced from organic farming, where 
cultivation is performed without synthetic fertilizers and pesticides (Gomiero, 2018). The 
organic soybean market has grown rapidly along with increased public awareness of the 
environment, human health, and food safety. 

The high demand for organic soybean-based products can lead to potential fraudulent 
practices such as adulteration. Food adulteration is the intentional addition or substitution 
of inferior substances into the main food ingredients. Food adulteration can be dangerous 
to consumers’ health; it affects food safety and quality and reduces consumer trust (Meerza 
& Gustafson, 2019). 

Although organic and non-organic soy flours have similar nutritional contents, they 
differ in nutritional composition. Organic soybeans contain more sugars, total proteins, 
and zinc but less fiber, saturated fat, and omega-6 fatty acids than non-organic soybeans 
(Bøhn et al., 2014). However, organic and non-organic soybean flours have no visible 
difference, thus causing difficulty in distinguishing them visually if both products are 
mixed. Given the higher cost of organic soybeans, the addition of non-organic soybeans 
into organic ones is inevitable. Several methods, ranging from analytical (Martins et al., 
2019), chromatographic (Esteki, Simal-gandara, et al., 2018) to spectroscopic ones (Esteki, 
Shahsavari, et al., 2018), have been used to detect food additives or adulteration.

The infrared (IR) spectroscopy method has been used to detect adulteration (Sørensen 
et al., 2016) or food fraud (Nobari-Moghaddam et al., 2021). IR spectroscopy studies 
have been carried out to detect adulteration in commodities that have similar visual 
appearances, such as adulteration in brown sugar (using Fourier transform (FT)-NIR and 
FT-IR spectroscopy) (Masithoh, Roosmayanti, et al., 2021; Rismiwandira et al., 2020; 
Roosmayanti et al., 2021), dairy milk (Jawaid et al., 2013), or sugar (Masithoh, Rondonuwu, 
et al., 2020). On the other hand, limited studies have been conducted to detect adulteration 
using visible–near-IR (Vis-NIR) spectroscopy. Some focused on adulterating desiccated 
coconut powder with coconut milk residue (Pandiselvam et al., 2022) or green banana 
flour with wheat (Ndlovu et al., 2021). Nonetheless, studies for detecting adulteration of 
non-organic to organic soybean flours using Vis-NIR spectra have not been studied. 

Therefore, this study aimed to investigate the feasibility of Vis-NIR spectroscopy to 
detect the authentication of organic soybean flour using supervised and unsupervised pattern 
recognition methods. In this study, the discrimination methods applied were principal 
component analysis (PCA), which is an unsupervised and often used for dimension 
reduction and data visualization (Masithoh, Lohumi, et al., 2020) and PCA combined 
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with linear DA (PCA-LDA), which is a supervised method used to classify data with a 
predetermined class (Khuwijitjaru et al., 2020). Partial least square regression (PLSR) is the 
most used quantitative multivariate analysis method for predicting numerical parameters 
in spectroscopy. For classification with qualitative parameters, PLSR is combined with 
discriminant analysis (PLS-DA). Therefore, four multivariate analyses were used in the 
present work: PCA, PCA-LDA, PLSR, and PLS-DA. This research is the first study of the 
quantitative assessment of authentication and adulteration in organic soybean flour based 
on Vis-NIR spectroscopy using various pattern recognition methods.

MATERIALS AND METHODS

Sample Preparation

Organic and non-organic soybean flours were obtained from local markets in Indonesia 
from respected online shops after studying the sellers from the reviews provided by the 
previous buyers. The sample price for organic soybean was significantly higher compared 
to non-organic ones. PCA analysis was performed to confirm organic and non-organic 
samples, which resulted in the clear separation of both samples. Four brands of organic flour 
and two brands of non-organic flour were used in this study. Soybean flours from different 
brands were mixed to prepare pure and pure non-organic flours. Pure flours were sieved 
manually using a 50-mesh sieve (0.29 mm, American Society for Testing and Materials 
standard) to obtain uniform-size samples. Samples that did not pass the 50-mesh sieve 
were re-grinded and re-sieved. 

Five concentrations (5, 10, 15, 20 and 25%) of non-organic soybean flour as adulterant 
materials were added to organic soybean flour. Ten samples were prepared for each 
adulterant concentration. Each sample consisted of 80 g flour mixed manually in a closed 
bottle for 5 min. Another 20 samples of pure organic and pure non-organic soybean flours 
were prepared. In total, 70 samples were dried using a food dehydrator at 60°C for 12 h 
to remove excess water before spectrum acquisition.

Spectrum Acquisition

A soybean flour sample was placed in an aluminum cup with 1 cm height and 4 cm diameter 
for spectrum acquisition. All samples were scanned using a Vis-NIR miniature spectrometer 
(Flame-T-VIS-NIR Ocean Optics, 350–1000 nm) with tungsten halogen light (360–2400 
nm, HL-2000-HP-FHSA Ocean Optics) and a reflection probe (QR400-7-VIS-NIR Ocean 
Optics). A probe holder was purposedly built to hold the probe and minimize the external 
light. The distance between the probe and the sample was 5 mm. Figure 1 shows the 
spectrum measurement setup. 
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Reflectance spectra were collected using OceanView 1.6.7 software with an integration 
time of 150 ms, scanning average of 50, and boxcar width of 1. The white and black 
reference spectra were measured to calibrate the spectrometer instrument. Instrument 
calibration was repeated every 10 scannings. Ten spectra were obtained for each sample 
of pure and adulterated soybean flour at room temperature (28ºC), resulting in a total of 
600 spectra.

Figure 1. Schematic of the spectrum measurement 
set-up

Multivariate Analysis

A total of 600 spectra were obtained from 
pure non-organic, purely organic, and 
adulterated organic soybean flours (5, 10, 
15, 20 and 25% of adulterant). The obtained 
spectra were compiled in MS Excel® and 
imported to Unscrambler®X software 
(CAMO, Oslo, Norway) for multivariate 
analysis. This research used PCA, PCA-
LDA, PLSR, and PLS-DA to differentiate 
organic and non-organic soybean flours and 
determine the adulteration concentration of 
non-organic in organic soybean.

Unsupervised techniques, such as PCA, were used for dimension reduction, pattern 
recognition, and outlier identification (Berrueta et al., 2007). PCA was applied to 
discriminate pure organic and non-organic soybean flours using 200 spectra. Moreover, 
PCA was used to discriminate pure and adulterated organic soybean flours using 600 
spectra by omitting the spectra of pure non-organic soybean flour. Outlier identifications 
were performed by analyzing residuals and T2. The supervised analysis used in this study 
was PCA-LDA, PLSR, and PLS-DA. For supervised analysis, the samples were randomly 
divided into calibration and prediction data sets. The calibration sets for organic and non-
organic analysis consisted of 133 data, whereas pure and adulterated organic analysis 
consisted of 400 data. The prediction set for organic and non-organic analysis and pure 
and adulterated organic analysis consisted of 67 and 200 data, respectively. 

PCA-LDA was conducted using a linear method with seven components. PCA-LDA 
uses PCA to reduce the spectral dimension and LDA to maximize the separation of a given 
class (Berrueta et al., 2007). PCA-LDA was performed using spectra as the predictor and 
sample types, such as organic, non-organic, and adulterated flours, as classification category 
variables. The classification category variables used were labeled “Pure” for pure organic 
soybean flour and “5, 10, 15, 20 and 25%” for adulteration concentrations of non-organic 
soybean flour. The classification category variables used in the organic and non-organic 
analysis were the “Organic and “Non-organic” label.
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PLSR is a supervised quantitative analysis used to analyze the correlation between 
spectra and quantitative variables. PLSR analysis was performed using spectrum data 
as predictors and quantitative variables as responses. The PLSR method was applied to 
distinguish organic, and non-organic soybean flours using quantitative Y-variables, namely, 
purely organic and various adulteration concentrations (5, 10, 15, 20 and 25%). Moreover, 
PLSR analysis was used to predict the adulteration of non-organic to organic soybean 
flour, using Y-variables based on the binary label “0” for organic soybean flour and “1” 
for non-organic soybean flour. 

PLS-DA is a classification analysis technique that can analyze the correlation between 
spectra and non-numerical variables in binary label form. Similar to PLSR, PLS-DA is 
performed using spectrum data as predictors and quantitative variables as responses (Vieira 
et al., 2021). For the determination of organic and non-organic soybean flour, the binary 
label was determined as “0” for organic soybean flour and “1” for non-organic soybean 
flour. For the determination of pure and adulterated organic soybean flour, the binary label 
“0” was used for the pure organic sample, and the value of “1” was used for adulterated 
samples in all concentrations. To obtain a clear class prediction, we classified the predicted 
values <0.5 as “0” and >0.5 as “1.” The predicted binary values were then classified into 
DA parameters (Table 1). The DA classes from each class were used to calculate the model 
accuracy (Acc) and reliability (Rel) using Equations 1 and 2, respectively.

				    (1)

			   (2)

Table 1
PLS-DA binary predicted value classification

Case True Class Predicted Value Predicted Class DA Parameter
1 1 0.55 1 True Positive (TP)
2 0 0.37 0 True Negative (TN)
3 0 0.67 1 False Positive (FP)
4 1 0.49 0 False Negative (FN)

RESULTS AND DISCUSSION

Vis-NIR Spectra of Soybean Flour

Figure 2a shows the Vis-NIR spectra of pure organic and non-organic soybean flour. The 
Vis-NIR spectra showed information regarding pigments and molecular vibration (Guo et 
al., 2016). In reflectance spectra, a low reflectance indicates the absorption of photon energy 
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by a certain component. In general, as illustrated in Figure 2a, the absorption of organic flour 
to visible and NIR light is higher than that of non-organic flour but determining at which 
wavelength the absorption occurs is difficult. Figure 2b shows the organic and non-organic 
soybean flours after pre-processing via the Savitzky–Golay 1st derivative method. Unlike 
the original spectra shown in Figure 2a, in Figure 2b, the absorption peaks or valleys were 
more distinct at 430–443, 460, 480, 500, 534, 550, and 950–1000 nm. 

Figure 3a shows the original Vis-NIR spectra of pure and adulterated organic soybean 
flours. In general, the higher the concentration of adulterant concentration, the higher the 
reflectance value. However, similar to Figure 2a, given the original spectra, no distinct 
peaks revealed the absorption of molecules. After processing the original spectra using 
the Savitzky–Golay 1st-derivative method, the peaks and valleys became visible (Figure 
3b). The peaks and valleys appeared at the wavelengths of 420–443, 460, 480, 500, 533, 
550, and 970–1000 nm.

The wavelengths between 400 and 500 nm contained information related to the 
absorption of carotenoid pigments (Monma et al., 1994). High absorptions at 500–600 nm 
due to anthocyanin (Merzlyak et al., 2003) were also found in green and yellow soybean 
flours (Pahlawan et al., 2022). Low values at 600–700 nm denote the weak absorptions of 
chlorophylls (Lichtenthaler & Buschmann, 2001). The weak water absorption at 700–1000 
nm was due to the low detection of water molecules using the Vis/NIR spectrometer (Zhang 
et al., 2012). However, several troughs around 950–1000 nm reflected the absorption 
information of O-H, C-H, and N-H bonds, which build the functional components of 
soybean (Dixit et al., 2011). 

(a)
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(b)
Figure 2. (a) Original and (b) Savitzky–Golay 1st-derivative spectra of organic and non-organic soybean flour 
observed with Vis-NIR spectroscopy

(a)
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PCA-LDA

Figure 4a shows the PCA score plot of pure organic and pure non-organic soybean 
flours. The principal component (PC1) and PC2 explained 98% and 1% of the variance, 
respectively. These PCs classified organic and non-organic flours, in which non-organic 
flour had a negative PC1, whereas organic flour was PC1 positive. As illustrated in Figure 
4b, purely organic and adulterated organic soybean flours were distinctively separated. 
The clear separation of pure and adulterated organic soybean flours was expressed by PC1 
and PC4, which explained 99% of their variance. Pure organic flour was located at the 
PC1 negative axis, whereas adulterated organic samples were spread from the negative to 
positive axes of PC1. Samples with 5–20% adulteration concentrations can be differentiated; 
the higher the adulteration concentration, the higher the PC1 positive score values. 

Given that PCA models explained 99% of the total variance, they were considered 
good. The explained variance showed the percentages of variances represented by the new 
variable (PC). Therefore, maximizing the explained variance will result in an ideal model 
to avoid overfitting.

(b)
Figure 3. (a) Original and (b) Savitzky–Golay 1st derivative of the Vis-NIR spectra of pure and adulterated 
organic soybean flours in various concentrations
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Figure 4. PCA score plot of (a) organic and non-organic soybean flours; and (b) pure and adulterated organic 
soybean flours in various concentrations 

Figure 5a displays the loading plot showing the wavelengths that contributed to 
separating organic and non-organic flours. Loadings of PC1 and PC2 at wavelengths of 
400–500 nm, which correspond to carotenoid molecules, were responsible for classifying 
organic and non-organic flours. The result corresponded to the finding by Lakshmisha 
et al. (2012), who showed the different carotenoid contents of organic and non-organic 
soybean leaves and oils. 

Based on the loading plot in Figure 5b, the classification of pure and organic adulterated 
organic soybeans was determined mostly from PC1, whereas the loadings of PC4 were 

(a)

(b)
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relatively flat. Using only two axes (PC1 and PC4), the higher the concentration of 
adulteration of non-organic flour, the higher the values of PC1. However, this trend only 
applied to 5–15% adulteration. For 20–25% adulteration concentrations, the samples 
overlapped with other data with different concentrations, implying that another axis or PC 
is required to describe data for 20–25% adulteration concentrations. 

(b)(a)
Figure 5. PCA loading plot of (a) organic and non-organic soybean flours; and (b) pure and adulterated organic 
soybean flours in various concentrations

Figure 6 shows the LDA classification of two organic and non-organic sample 
categories using a linear model and seven PCs. With the calibration data set, the LDA model 
can classify with 100% Acc with more distinct separation compared with the classification 
using PCA (Figure 4a). Table 2 shows that the classification also perfectly works using 
the prediction data set. 

Figure 7 shows the LDA classification of pure and adulterated samples. Although not 
as good as the organic and non-organic (O versus N) LDA model shown in Figure 6a, the 
pure organic and adulterated (P versus A) LDA model exhibited a very good Acc (98.5%). 
The classification capability of the P versus A model was considered good, with only 4 out 
of 200 samples being misclassified using the prediction data set (Table 3).

The results of PCA-LDA in this research are comparable to those of studies on the 
classification of soybean oils based on NIR spectra (de Almeida et al., 2021) and LDA 
for authentication of babassu oil using Mid-IR spectra (Pereira et al., 2022). The results 
were also better than those of LDA in the authentication of dark-brown sugar using UV-
Vis, fluorescence spectroscopy, and mass spectrometry (Chen et al., 2021). Therefore, the 
PCA-LDA model can classify organic and non-organic soybean flour or detect pure and 
adulterated organic soybean flour.
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Figure 6. Classification of organic and non-organic soybean flours using PCA-LDA

Table 2
PCA-LDA model of organic and non-organic flours using the prediction data set

True class N
Predicted Class Classification 

Accuracy (%)Organic Non-Organic

Organic 35 35 0  100

Non-Organic 32 0  32 100

Table 3
PCA-LDA model of pure organic and adulterated flours using the prediction data set

True 
class N

Predicted class Classification 
Accuracy (%)Pure 5% 10% 15% 20% 25%

Pure 32 32 0 0 0 0 0 100
5% 40 0 37 3 0 0 0 93

10% 38 0 0 38 0 0 0 100
15% 32 0 0 1 31 0 0 97
20% 33 0 0 0 0 33 0 100
25% 25 0 0 0 0 0 25 100

N = number of samples
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PLSR and PLS-DA

The PLSR model was used to distinguish organic and non-organic soybean flours. In the 
PLSR analysis, quantitative variables were based on binary labels “0” for organic and “1” 
for non-organic flour. Table 4 shows the PLRS results for determining organic and non-
organic flour samples. Given the original and several pre-processed spectra (Table 4), the 
PLSR models had a high determination coefficient (R2) > 0.97 and low root mean square 
error (RMSE) < 0.06 for calibration. The results indicated that applying the pre-processing 
method to the original Vis-NIR spectra did not significantly affect the PLSR results. All 
the findings showed that the R2 and RMSE values of all calibration and validation data sets 
were very close, implying that the calibration PLSR models were robust. When applied 
to prediction data sets, the obtained PLSR models also yielded a high performance, as 
indicated by the high value of R2 (>0.97) and low RMSE (<0.07) of the prediction. 

Figure 8a shows the PLSR plot of organic and non-organic soybean flours. The model 
plot was developed using reflectance spectra as X-variables and binary numbers “0” for 
pure organic flour and “1” for non-organic flour as Y-variables. By using Savitzky–Golay 
1st derivative pre-processed spectra, the PLSR model can predict the class of organic and 
non-organic soybean flours with R2 of 0.98 and RMSE of 0.07. 

Figure 7. Classification of pure and adulterated soybean flours using PCA-LDA
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Table 4
PLSR results for distinguishing organic and non-organic soybean flour

Pre-processing
Calibration Cross Validation Prediction

R2 RMSE R2 RMSE R2 RMSE
Raw 0.97 0.07 0.97 0.08 0.98 0.07

SGD1 0.99 0.06 0.97 0.09 0.98 0.07
SGD2 0.98 0.07 0.97 0.08 0.97 0.08
SNV 0.99 0.06 0.98 0.07 0.98 0.08
MSC 0.99 0.06 0.98 0.07 0.98 0.07
Norm 0.99 0.05 0.98 0.06 0.98 0.06

SGD1 = Savitzky–Golay’s 1st derivative, SGD2 = Savitzky–Golay’s 2nd derivative, SNV = standard normal 
variate, MSC = multiple scatter correction, Norm = normalization, R2 = determination coefficient, and 
RMSE = root mean square error.

(a) (b)

Figure 8. PLSR plots of (a) organic and non-organic soybean flour; and (b) pure and adulterated organic 
soybean flour

For the differentiation of pure and adulterated organic soybean flours using PLSR, 
quantitative variables were used as Y-variables and Vis-NIR reflectance spectra as 
X-variables. Non-organic soybean flour in various concentrations of 0, 5, 10, 15, 20 
and 25% was added to the organic soybean flour. Table 5 shows the PLSR results of the 
prediction for non-organic adulteration in organic soybean flour using various original 
and pre-processed spectra. For calibration and validation models, all obtained R2 were 
significantly high (>0.95), and the RMSEs were very low (<2%). Similar to the findings 
shown in Table 4, the effect of pre-processed spectra on PLSR was not significantly 
different from that without pre-processing and the original spectra. These phenomena 



Pertanika J. Sci. & Technol. 31 (2): 671 - 688 (2023)684

Rudiati Evi Masithoh, Muhammad Fahri Reza Pahlawan,
Devi Alicia Surya Saputri and Farid Rakhmat Abadi

were characteristics of the Vis-NIR spectra; that is, the pre-processing method did not 
significantly improve the PLSR results, as also reported by (Masithoh, Pahlawan, et al., 
2021; Pahlawan et al., 2021) when predicting solid soluble content and the pH of banana.

Figure 8b shows the PLSR plot of pure and adulterated organic soybean flours. Using 
Savitzky–Golay 1st derivative pre-processing of spectra, the PLSR model can predict 
the class of organic and non-organic soybean flours with R2 of 0.96 and RMSE of 1.76. 
The PLSR result confirmed the capability of Vis-NIR spectroscopy in detecting low 
concentrations of non-organic soybean flour adulteration in organic samples. 

Table 5
PLSR results for the prediction of adulteration in non-organic to organic soybean flour 

Pre-
processing

Calibration Cross Validation Prediction
R2 RMSE R2 RMSE R2 RMSE

Original 0.96 1.74 0.95 1.97 0.95 1.99
SGD1 0.97 1.49 0.95 1.89 0.96 1.76
SGD2 0.96 1.75 0.95 1.99 0.95 1.98
SNV 0.95 1.84 0.94 2.06 0.95 0.19
MSC 0.95 1.84 0.94 2.07 0.95 1.96
Norm 0.96 1.77 0.95 1.98 0.95 1.99

SGD1 = Savitzky–Golay’s 1st derivative, SGD2 = Savitzky–Golay’s 2nd derivative, SNV = standard normal 
variate, MSC = multiple scatter correction, Norm = normalization, R2 = determination coefficient, and 
RMSE = root mean square error

In this research, the determination of organic, non-organic, pure, and adulterated 
soybean flours was performed using PLS-DA. PLSR and PLS-DA have the same 
mathematical operations. However, the difference is in the response variables, in which 
PLS-DA uses categorical responses, whereas PLSR uses continuous sample responses. 
In PLS-DA, reflectance spectra were used as X-variables, and binary numbers 0 or 1 as 
Y-variables. The values of 0 and 1 were assigned to organic and non-organic soybean flours, 
respectively. The values of 0 and 1 were assigned to pure and adulterated organic soybean 
flours. Table 6 shows the PLS-DA performances of organic and non-organic models and 
pure and adulterated organic models. 

The PLS-DA performances were determined based on the Acc, which showed the 
percentage of correct classification compared with the number of samples, and Rel, which 
revealed the model’s capability to predict each class correctly (Vieira et al., 2021). Table 
6 shows the Acc and Rel of the PLS-DA model. The Acc and Rel showed that the model 
could classify samples perfectly. For organic and non-organic models, Acc and Rel of 100% 
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mean that the model can differentiate organic from non-organic soybean flour. For pure 
and adulterated organic models, Acc and Rel of 100% mean that PLS-DA can differentiate 
pure samples (0% of adulterant) from those containing adulterant in various concentrations. 
In this research, PLS-DA performance was better compared with the authentication of 
turmeric (Khodabakhshian et al., 2021) or Ginkgo biloba extract (Walkowiak et al., 2019).

Table 6

PLS-DA performances using Vis-NIR original spectra

Model
Calibration Prediction

Acc Rel Acc Rel
Organic and non-organic 100% 100% 100% 100%

Pure and adulterated organic 100% 100% 100% 100%

Acc = accuracy; Rel = reliability

CONCLUSION

The authentication of organic soybean flour is important to guarantee product quality. 
Using Vis-NIR spectroscopy combined with supervised and unsupervised multivariate 
analysis, namely, PCA, LDA, PLSR, and PLS-DA, organic and non-organic soybean flours 
can be distinguished perfectly. Moreover, these multivariate analyses determine pure and 
adulterated organic soybean flours. With the relatively low price of Vis-NIR fiber optic 
spectra, the resulting models can be used for small-scale soybean industries to assure the 
quality of their products, especially in food authentication.
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