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Abstract
Anti-nutritional factors can impact soybean nutrient bioavailability when consumed by monogastric animals. However, 
conventional methods available for quantifying anti-nutritional factors such as phytate and trypsin inhibitors in feeds 
are laboratory-intensive, time-consuming, expensive, and error-prone. This study developed near-infrared spectropho-
tometry (NIRS)-based models to quantify phytate and trypsin inhibitors in soybean. Thus, a set of 190 soybean genotypes 
assayed through conventional wet chemistry was used as a reference for model development and cross-validation. Using 
a benchtop NIR instrument (DS2500), spectra readings between 400 and 2500 nm were taken from each soybean sample. 
Mean values for phytate and total trypsin inhibitors (TTI) were 1.77 mg g−1 (SD = 1.23) and 0.89 mg g−1 (SD = 0.24), respec-
tively. Predictive models were developed through partial least squares (PLS) and random forest (RF) regressions. The 
random forest models outperformed partial least squares regression with the best predictive performance of R2

test = 0.97; 
RPD = 5.95 and R2

test = 0.96; RPD = 3.62 for phytate and TTI, respectively. The high R2 and RPD values demonstrate the 
model’s strong predictive capability and accuracy, suggesting that the NIRS-based models can effectively quantify phytate 
and TTI in soybean. Thus, breeders can efficiently select for low-anti-nutritional genotypes and accelerate the develop-
ment of nutritionally beneficial legumes while reducing soybean processing costs. NIRS offers a promising alternative 
to traditional phenotyping methods due to its speed, simplicity, environmental friendliness, and cost-effectiveness. Its 
integration into breeding programs can streamline the screening process, especially in early selection stages.
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1  Introduction

Soybean [(Glycine max), 2n = 40)] has high protein content (40–50%), lipids (20–30%), carbohydrates (26–30%) [15, 
24, 28, 38] and micronutrients (3.93–6.15%) [7]. However, the presence of anti-nutritional factors (ANFs) potentially 
reduces soybean nutritional value when consumed by monogastric mammals, including humans [27]. The most 
common ANFs in soybean include trypsin inhibitors, indigestible polysaccharides and phytate [37, 41]. To tackle 
the deleterious effects of ANFs, several processing methods have been developed including physical, chemical, and 
biochemical which can be applied singly or in combination [41, 45, 53]. The drawbacks of these methods include 
high costs, the risk of denaturing soybean proteins, and, sometimes, the need for special expertise. To overcome 
these limitations, breeding for low ANFs content remains the most cost-effective approach for developing nutritious 
soybean varieties. However, the success of this approach in part relies on the breeder’s ability to screen germplasms 
for ANFs at varying selection stages. Conventionally, in the breeding pipelines, breeders primarily focus on agronomic 
traits, mainly selecting yield-related traits [30, 31], disease resistance [29], and at times protein content [31], often 
neglecting other biochemical qualities of importance in animal nutrition. Whereas the biochemical traits are desirable 
for inclusion in breeders’ selection indexes, they are frequently overlooked due to cost constraints associated with 
available phenotyping methods. Blind selection of genotypes due to low phenotyping capability for ANFs restricts 
breeders to screening ANFs at later stages of the breeding pipeline, when few lines are left, resulting in genetic ero-
sion [49]. Thus, rapid and cost-effective phenotyping methods are needed to prevent elimination of lines with low 
ANF content during selection process. Usually, profiling of ANFs such as phytate and trypsin inhibitors is based on 
conventional wet chemistry methods, categorized as follows:

(i) Chromatography-based methods, including high-performance liquid chromatography (HPLC) and gas chro-
matography-mass spectrometry (GC–MS), are primarily used for complex compound separation and quantification, 
although less commonly applied to phytate and trypsin inhibitors (TI) due to their polar nature and the need for 
derivatization [35, 37], (ii) Spectrophotometric methods, such as colorimetric assays using UV–Vis spectrophotometry, 
are widely used for both phytate and TI due to their simplicity, affordability, and moderate sensitivity [2], (iii) Atomic 
absorption spectroscopy (AAS) is used to estimate phytate indirectly through the measurement of mineral chelation 
(e.g., Zn2⁺ or Fe3⁺ binding), providing supporting data on phytate’s bioavailability impact [44], (iv) Immunoassay-
based methods, like enzyme-linked immunosorbent assay (ELISA), offer high specificity and sensitivity but are more 
frequently used for proteinaceous ANFs like trypsin inhibitors rather than for small molecules like phytate [47], (v) 
Gravimetric analysis, while labor-intensive, can be used to measure crude fiber-bound components including total 
phytate in some traditional protocols [10]. While effective for routine laboratory analysis, the methods are often 
resource-intensive, labor-intensive, and may require specialized equipment and trained personnel. Additionally, 
they are environmentally unfriendly due to the copious amounts of chemical waste generated in the laboratories. 
Therefore, rapid, cost-effective phenotyping methods for assessing the biochemical traits along with the agronomic 
attributes at all selection stages in breeding are of utmost importance. Dry chemistry-based methods are a reliable 
and efficient option, while near-infrared spectroscopy (NIRS) is emerging as a promising alternative. NIRS is capable 
of capturing directly, in a lapse of time, a variety of compounds based on the vibrational behavior of their chemical 
bonds [6]. NIRS has successfully quantified hydrogen cyanide (HCN) potential in cassava [19], nitrogen, minerals, 
sugars, and starch in tropical root and tuber crops [22], moisture, crude fat, and protein content of soybeans [54], 
protein, oil and fatty acids in soybean [51], seed germination and vigor [1] as well as nutritional and anti-nutritional 
factors in soybean [5].

Spectral variation of interest can generally be masked by multiplicative light scattering, background noise artifacts, 
and baseline shifts due to differences in atom sizes and chemical properties [33]. Therefore, appropriate data pretreat-
ment techniques are applied to diminish the physic-chemical effects of NIRS calibration [21, 32]. The most popular 
spectral treatments applied prior to NIRS model development are standard normal variate (SNV) and de-trending 
[4], Savitzky-Golay smoothing and derivatives [8]. For NIRS prediction model development, methods such as partial 
least squares (PLS) regression and random forest (RF) are widely employed for complex data analysis. Among this, 
PLS is generally preferred to handle linear relationship between the spectral data and the traits or when interpret-
ability of the model is crucial [50, 52]. On the other hand, the RF, a machine learning algorithm, has been regarded 
suitable for datasets where there are non-linear relationships or when there is a need to handle large amounts of 
predictors and samples with complex interactions [12]. Although NIRS has been implemented and proven accurate 
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for various traits, this tool has not yet been explored for phytate and trypsin inhibitors phenotyping in the Ugandan 
soybean breeding programs. Therefore, this study developed near-infrared spectrophotometry (NIRS)-based mod-
els to quantify phytate and trypsin inhibitors in soybean in a rapid, environmentally friendly, cost-effective, simple, 
accurate and reliable way using minimal sample preparation.

2 � Material and methods

2.1 � Sample collection

Seeds from 190 soybean genotypes were collected from the Makerere University Center for Soybean Improvement and 
Development (MAKCSID). They included lines collected in Uganda (80), Zimbabwe (6), Taiwan (23), the USA (70), and 
Japan (11). In 2023, the genotypes were planted at the Makerere University Agricultural Research Institute Kabanyolo 
(MUARIK) to ensure consistent seed multiplication and standardized seed conditions.

2.2 � Study site

MUARIK is in Uganda’s Central region at 0°28′ N, 32°36′ E, and 1,180 m above sea level. The average annual temperature 
is 21.4 °C and an average annual rainfall of 1234 mm [31]. The experiment was set up using 19 blocks in an augmented 
design with ten plots and two replications. Each plot consisted of three rows, each spaced 60 cm apart (inter-row spac-
ing) and with plants spaced 5 cm apart within the row (intra-row spacing).

2.3 � Sample preparation

Dried soybean seeds (oven-dried at 60 °C for 48 h) were milled using a food processor grinder (FOSS, Brook Crompton 
Laboratory mill, type 2-TDAB03J, England, 2014) at the Nutritional and Bioanalytical Laboratory of the National Crops 
Resources Research Institute (NaCRRI) in Uganda and used for quantification of phytate and trypsin inhibitors and scan-
ning by near-infrared spectrophotometry (NIRS) to generate spectra data.

2.4 � Wet chemistry

Phytate extraction was done according to Israel (2013) using an acidic method, with slight modifications on the sample 
initial volume and refrigeration during centrifugation. Briefly, 20 ml of 0.5 M HCl was added to 0.5 g of finely powdered 
soybean sample, which was then vortexed and shaken on an orbital shaker for 1 h. The homogenized mixture was cen-
trifuged at 4,000 rpm for 30 min at 4 °C using a HERMLE 300 K centrifuge (HERMLE Labortechnik GmbH; Siemenstr. 25, 
78564 Wehingen, Germany). For each sample, 5 ml of the supernatant containing the soluble fraction of the compound 
was transferred into three new Falcon tubes, and the pH was adjusted by adding an equal volume of 0.5 M NaOH. The 
reaction was terminated by adding 5 ml of NaCl. The sample was then filtered, and 2 ml of a chromogenic solution (ferric 
chloride III, FeCl3) was added for spectrophotometric (Anthos Mikrosysteme GmbH; Burkamp 22, 26169 Friesoythe, Ger-
many) reading at 492 nm. The optical densities (OD) were used to calculate the concentration of phytate in the samples 
as equivalents of an external sodium phytate calibration standard, using a linear regression calibration curve prepared 
from five serial dilutions of the standard solution. Optical control samples, prepared similarly, but with no analyte added, 
were subtracted from the final concentration.

Total trypsin inhibitors (TTI) were initially extracted and quantified using the method described by Anozie et al. [2], 
with minor modifications including adjustments to sample size, refrigeration during centrifugation, and substitution 
of perchloric acid with trichloroacetic acid (TCA) for protein precipitation. Briefly, 0.05 g of powdered soybean sample 
was homogenized with 5 ml of phosphate-buffered saline (PBS), vortexed, and shaken on an orbital shaker for 1 h. The 
homogenate was centrifuged at 10,000 rpm for 10 min at 4 °C (HERMLE 300 K centrifuge, Germany), and 0.1 ml of the 
supernatant was mixed with 0.1 ml of 1 mg/ml trypsin solution. After a 10-min incubation at 0 °C, 0.3 ml of a 2% casein 
substrate was added [2, 34], followed by a 20-min incubation at 37 °C in a water bath. The reaction was stopped with 
0.2 ml of 10% TCA, and the mixture was centrifuged at 10,000 rpm for 5 min to remove undigested casein and protein 
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precipitates. The absorbance of the supernatant was read at 410 nm. All steps were performed in triplicate with appro-
priate blanks (inhibitor-free and casein-only). It is important to note that the Anozie et al. [2] method measures trypsin 
inhibitor activity (TIA) rather than absolute trypsin inhibitor content, which can limit interpretability when comparing 
across genotypes or integrating results into breeding pipelines. Specifically, this method presents two main limitations:

•	 Lack of extract dilution optimization: Trypsin inhibition may fall outside the linear range, which can lead to underes-
timation or overestimation of TIA.

•	 No clear conversion protocol: The method does not provide a validated or standardized approach for converting % 
inhibition into trypsin inhibitor content (mg/g), which can introduce variability depending on assumptions made 
during conversion.

Despite these limitations, this method was chosen for its simplicity, cost-effectiveness, and previous successful use in 
low-resource settings for comparative screening purposes. However, we acknowledge its shortcomings, particularly for 
use as a reference method in building NIR calibration models. To improve the reliability and accuracy of our findings, we 
are currently validating a subset of samples using the ISO 14902:2001/AOCS Ba 12–75 standard method for determining 
trypsin inhibitor units (TIU) via standardized enzymatic assay. Preliminary results indicate a strong positive correlation 
between TIA values from the Anozie et al. method and the ISO/AOCS-based method, suggesting that while the former 
is less precise, it may still serve as a viable screening tool when appropriately calibrated. This validation is ongoing, and 
we anticipate that integrating the standardized method into our NIRS training set will further enhance model accuracy 
and reproducibility.

2.5 � Spectral data collection

A benchtop FOSS NIRS™ DS2500 (FOSS Analytical, DK-3400 Hilleroed, Denmark) equipment was used to collect spectral 
data from the soybean powder samples. To minimize the effects of scattering and noise artifacts in the NIRS data, a com-
bination of methods was employed. These included fine grinding and maintaining uniform sample thickness to reduce 
variability, controlling temperature and humidity, and fully covering the sample cup base with powder for consistent 
sample distribution.

For spectral data collection, each genotype was scanned three times, and 4200 data points (0.5 nm interval each) were 
generated in approximately 60 s in the 400 to 2500 nm range.

2.6 � Data analysis

The triplicate spectral data per genotype were averaged using the aggregate function of the stats R package. Outliers 
from the response variables and predictors were detected and removed using the interquartile range (IQR) method in R, 
a widely used statistical approach for robust outlier detection in high-throughput phenotyping datasets [42]. The distri-
bution of training, test, and total datasets was assessed using the ggplot2 and gridExtra packages for visualization, while 
the dplyr package was used to efficiently group, summarize, and manipulate data structures prior to plotting. Skewness 
in phytate and TTI variables was corrected using log and Box-Cox transformations, respectively. Descriptive statistics for 
phytate and TTI in the training and test sets were computed using dplyr package in R. Various pretreatment techniques, 
including standard normal variate (SNV), de-trending [4], and Savitzky–Golay (SG) filtering with a 2nd-order polynomial, 
window size of 11 and 1st derivative parameters (p = 2, w = 11, m = 1) [8], were applied independently or in combination to 
the spectral data. These techniques were implemented using the prospectr, viridis, and reshape2 packages in R to address 
baseline shifts, scattering, and other non-sample related signals. Among these methods, SNV alone demonstrated satis-
factory performance, as it consistently enhanced the signal-to-noise ratio and improved model calibration by effectively 
correcting multiplicative scatter effects without introducing artifacts or overfitting. SNV’s simplicity and robustness also 
contributed to better cross-validation accuracy and generalizability compared to more complex or combined preproc-
essing strategies. The spectral pattern and principal component were plotted using untreated full spectral data using 
ggplot2 in R. Models were developed through partial least squares (PLS) and random forest (RF) regressions using full 
range untreated and treated spectra, respectively, using pls and random forest packages in R.
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2.7 � NIRS prediction model development and cross‑validation statistics

Partial least squares (PLS) and random forest (RF) models were used to regress spectral data with the concentration of 
ANFs in the sample, using the pls and caret packages in R. For model development data were split into training (80%) and 
test (20%) sets using the createDataPartition function of caret package in R. For PLS model, the number of components 
was 10, and in the random forest model the number of trees was 500 (ntree = 500). A ten-fold repeated cross-validation 
(repeated 3 times) was performed to assess the predictive performance of the generated models using the predict 
function of the caret package in R. This resampling strategy helps reduce variance in model performance estimates by 
averaging results across multiple partitions of the data, thereby enhancing robustness and reliability of the evaluation. 
The performance metrics for the trained model including standard error of calibration (SEC) and “out-of-bag error” (OOB 
Error) were estimated using randomForest package in R. For the cross validation statistics, the Coefficient of Determination 
(R2), Mean Squares Error (RMSE), Mean Absolute Error (MAE), Standard Deviation (SD), Ratio of Performance to Deviation 
(RPD), Concordance Correlation Coefficient (CCC) were computed using metrics package in R. Importance of variables in 
the spectral data was assessed by random forest model and visualized by the varImpPlot function in R. Regression curves 
for observed and predicted values for phytate and TTI were plotted using Microsoft excel 2016.

Fig. 1   Distribution for training, test and total sets for phytate and trypsin inhibitors

Table 1   Descriptive statistics 
for the reference data (phytate 
and TTI), training and testing 
sets at the 80:20 proportion

DSTrS (TrS) —Descriptive statistics for training set; DSTS (TS) —Descriptive statistics for testing set; SD—
standard deviation; Min—minimum; max—maximum; TTI—total trypsin inhibitors

Parameters Mean Median Min Max SD Variance Skewness Kurtosis

Phytate 1.77 1.60 0.02 6.14 1.23 1.52 1.14 1.20
TTI 0.89 0.93 0.07 1.34 0.24 0.06 − 1.18 1.74
DSTrS (TrS)_Phytate 1.79 1.62 0.01 6.14 1.27 1.61 1.16 1.14
DSTS (TS)_Phytate 1.68 1.59 0.19 4.10 1.07 1.15 0.68 − 0.44
DSIS (TrS)_TTI 0.90 0.93 0.07 1.34 0.24 0.06 − 1.26 1.96
DSIS (TS)_TTI 0.88 0.93 0.25 1.28 0.26 0.07 − 0.79 − 0.20
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3 � Results

3.1 � Reference data, training, and test sets statistics

Phytate mean value was 1.77 mg g−1, ranging from 0.02 to 6.14 mg g−1 and total trypsin inhibitors, mean was 0.89 mg g−1, 
ranging from 0.07 to 1.34 mg g−1). Following outlier removal and transformation, the data for both traits exhibited a 
normal distribution (Fig. 1). The mean of training set for phytate (TrS)_Phytate is 1.79 and test set (TS)_Phytate, 1.59. For 
trypsin inhibitors, the mean for training set (TrS)_TTI is 0.90 and test set (TS)_TTI, 0.88 (Table 1).

3.2 � Spectral pattern and principal components

The spectra showed peaks at approximately 490, 1200, 1500, 1750, 2100, and 2450 nm. The first two principal components 
(PC) explained most of the variation in the spectra data where PC1 (68.77%) and PC2 (18.68%) cumulatively explained 
87.44% variation (Fig. 2). The first six PCs explain up to 98.44% of total variation in the spectra (PC1 = 0.69; PC2 = 0.19; 
PC3 = 0.064; PC4 = 0.03; PC5 = 0.001 and PC6 = 0.001).

3.3 � Model development and cross‑validation

Models generated by the partial least squares method had generally low prediction accuracy irrespective of spectra 
pretreatment. The highest prediction accuracy for phytate was R2

test = 0.46 (RPD = 1.33) using combined SNV + SG_d1 
treatments and for total trypsin inhibitors, R2

test = 0.08 (RPD = 1.02) with SNV treatment (Supplementary Table A.1 and A.2). 
Using random forest, the training set treated with SNV showed the highest coefficient of determination for the calibration 

Fig. 2   Full spectra range of 
near-infrared spectropho-
tometry of soybean powder 
(A) and principal component 
analysis (PCA) of the first two 
principal components (B)

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Vol.:(0123456789)

Discover Applied Sciences           (2025) 7:647  | https://doi.org/10.1007/s42452-025-07235-3 
	 Research

set (R2
cal = 0.99) compared to other pretreatments for both traits. The cross-validation accuracy in the untreated spectra 

showed a coefficient of determination for the test set (R2
test = 0.75) and 0.54 for phytate and total trypsin inhibitors, 

respectively. After spectra treatment with the SNV method, the R2
test for phytate was 0.97 with a ratio of performance 

to deviation (RPD) = 5.95, whereas that for TTI was R2
test = 0.96 with an RPD = 3.62. High prediction accuracies were also 

found when spectra were treated with SNV + SG_d1, de-trending and SG_d1 with R2
test = 0.82, 0.80, and 0.77, respectively, 

for phytate. Lower prediction accuracies of R2
test = 0.46, 0.43, and 0.53 for TTI were achieved using the same treatments 

(Table 2 and 3). The linear regression analysis between observed and predicted values for phytate and total trypsin 
inhibitors produced a high coefficient of determination value, indicating a strong positive correlation and confirming 
the model’s ability to accurately predict the targeted anti-nutritional factors (Fig. 3A and B).

Table 2   Training set statistics 
used for calibrating the 
random forest model

TTI—total trypsin inhibitors; ntree = number of trees; R2_train—coefficient of determination for the train-
ing set; SEC—standard error of calibration; OOB Error—out-of-bag error; TTI—total trypsin inhibitors; 
SNV—standard normal variate; SG—Savitzky-Golay; SG_d0—Savtztky-Golay with no derivative; SG_d1—
Savitzky-Golay with first derivative; SG_d2—Savitzky-Golay with second derivative

Trait Spectra Pretreatment ntree R2
train SEC OOB Error

Model_Phytate 400–2500 No 500 0.95 0.34 0.83
Model _TTI 400–2500 No 500 0.93 0.09 0.24
Model _Phytate 400–2500 SNV 500 0.99 0.32 0.81
Model _TTI 400–2500 SNV 500 0.99 0.04 0.23
Model_Phytate 400–2500 SG_d0 500 0.94 0.35 0.85
Model_TTI 400–2500 SG_d0 500 0.93 0.09 0.24
Model_Phytate 400–2500 SG_d1 500 0.96 0.28 0.74
Model _TTI 400–2500 SG_d1 500 0.93 0.09 0.22
Model_Phytate 400–2500 SG_d2 500 0.97 0.27 0.71
Model _TTI 400–2500 SG_d2 500 0.95 0.09 0.22
Model_Phytate 400–2500 De-trending 500 0.96 0.28 0.73
Model _TTI 400–2500 De-trending 500 0.94 0.09 0.22
Model_Phytate 400–2500 SNV, SG_d1 500 0.96 0.28 0.71
Model _TTI 400–2500 SNV, SG_d1 500 0.93 0.09 0.24

Table 3   Test set statistics 
used for cross-validating the 
random forest model

ntree—number of trees; R2—coefficient of determination for the test set; RMSE—Root mean squared 
error; MAE—mean absolute error; SD—standard deviation; RPD—ratio of performance to deviation; 
CCC—concordance correlation coefficient; TTI—total trypsin inhibitors; SNV—standard normal variate; 
SG—Savitzky-Golay; SG_d0—Savtztky-Golay with no derivative; SG_d1—Savitzky-Golay with first deriva-
tive; SG_d2—Savitzky-Golay with second derivative

Trait Spectra Treatment ntree R2
test RMSE MAE SD RPD CCC​

Model_Phytate 400–2500 No 500 0.75 0.56 0.43 1.07 1.92 0.82
Model_TTI 400–2500 No 500 0.54 0.56 0.13 0.26 1.39 0.58
Model _Phytate 400–2500 SNV 500 0.97 0.54 0.44 1.07 5.95 0.98
Model _TTI 400–2500 SNV 500 0.96 0.07 0.05 0.26 3.62 0.95
Model_Phytate 400–2500 SG_d0 500 0.74 0.57 0.44 1.07 1.88 0.81
Model_TTI 400–2500 SG_d0 500 0.52 0.19 0.13 0.26 1.36 0.56
Model_Phytate 400–2500 SG_d1 500 0.77 0.57 0.47 1.07 1.89 0.83
Model _TTI 400–2500 SG_d1 500 0.56 0.18 0.13 0.26 1.44 0.61
Model_Phytate 400–2500 SG_d2 500 0.73 0.61 0.5 1.07 1.76 0.79
Model _TTI 400–2500 SG_d2 500 0.64 0.18 0.13 0.26 1.46 0.606
Model_Phytate 400–2500 De-trending 500 0.8 0.49 0.41 1.07 2.2 0.88
Model _TTI 400–2500 De-trending 500 0.43 0.2 0.14 0.26 1.3 0.53
Model_Phytate 400–2500 SNV, SG_d1 500 0.82 0.52 0.43 1.07 2.1 0.86
Model _TTI 400–2500 SNV, SG_d1 500 0.46 0.2 0.15 0.26 1.33 0.54
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3.4 � Variable importance in the spectra data

Spectral variable importance for the model’s accuracy and decision-making process was assessed through the per-
centage increase in mean squared error (%IncMSE) and the extent of contribution of each spectral variable to the 
purity of the nodes in the decision trees by the increase node purity (IncNodePurity). The parameters helped to 
identify most influential spectral variable for the random forest model performance. For phytate building model, 
the spectral variables including X419, X419.5, X418.5 and X418 both in the (%IncMSE and IncNodePurity) showed to 
be more critical for the model’s accuracy and decision-making process, as they appear at the top of the graphs and 
have the highest importance values (Fig. 4A). For total trypsin inhibitors, X1887, X451.5, X1886, X681 and X1888 
(%IncMSE) and X683.5, X659, X458, X457, X461.5 and X459 (IncNodePurity) were the most influential, as confirmed 
by the higher importance values (Fig. 4B).

4 � Discussion

NIRS has been reported to be capable of capturing directly, in a lapse of time, a variety of compounds based on the 
vibrational behavior of their chemical bonds [6] in a variety of crops including tuber crops [19, 22], soybean [5, 9, 54]. 
Thus, this study aimed to develop NIRS-based prediction models to aid rapid, simple but reliable, environmentally friendly 
and cost-effective quantification of phytate and total trypsin inhibitors (TTI) in soybean.

Soybean reference samples used to develop the model had higher concentrations of phytate than total trypsin inhibi-
tors, similar to what has been reported in a study aimed at optimizing the reduction of phytate and trypsin inhibitors in 
soybean meal [39]. However, other studies have reported lower concentrations of phytate than trypsin inhibitors [14, 43].

The principle behind NIRS is the interaction of light photons with the chemical bonds present in organic compounds, 
such as the O–H, C–H, N–H, and C=O groups [19], and S=O [11]. Thus, the nature of the chemical bond defines the pat-
tern of light absorption. Peaks around 1100 nm have previously been associated with aromatic compounds [11]. In this 
study, a peak was found around 1200 nm which could be related to phytate (1L-myo-inositol-1,2,3,4,5,6-hexakis) [26]. 
Whereas the peak at 1400 nm may be indicative of presence of water in the samples [11, 19].

In this study, the first and second principal components (PC1 and PC2) cumulatively accounted for 87.44% of the vari-
ation in the population. In contrast, lower principal components of 71.8% explained total variation on water-soluble pro-
tein content analysis in soybean [50]. Higher PCs reported in this study indicate that the principal component is a strong 
representation of the underlying patterns and trends in the data, and thus could be a valuable tool for the modeling.

Fig. 3   Observed versus predicted values for phytate and trypsin inhibitors. A Depicts the observed versus predicted values for phytate and 
B for TTI
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The training sets for both phytate and trypsin inhibitors had higher means and wider ranges compared to the testing 
sets, indicating a more diverse distribution of values in the training data. This diversity contributes to a more robust model 
that can better handle varying input conditions. Similarly, better model performance was observed when evaluating 
water-soluble proteins in soybean, as the training set also had a higher mean and range than the test set [50]. Thus, the 
wider ranges suggest that the trained model is better equipped for generalization to the test set.

Random forest statistically outperformed partial least squares for both targeted traits using full spectral data, indicat-
ing that the response variables have a non-linear relationship with spectra data. Whereas partial least squares deals with 
linear patterns and collinear predictors [22], random forest is a more flexible, non-linear model based on regression of 
multiple decision trees and averages their predictions [11].

Partial least squares model has been reported to have poor prediction accuracy for R2 = 0.030 for total phosphorus 
and 0.012 for phytate phosphorus [46]. Although PLS model has shown high predictive capability for water soluble 
protein (R2

cv = 0.83) [50], in this study the model was outperformed by random forest predictive model. Random forest 
has also been reported to have better predictive performance than partial least squares regression models for soil 
quality parameters [11]. However, partial least squares classification model, which is an extension of PLS regression, 
performed better in classified spectral data for hydrogen cyanide in cassava [19]. Random forest, a machine learning 
algorithm, often outperforms linear models like partial least squares (PLS) and linear discriminant analysis (LDA) in 
terms of predictive performance and interpretability, mainly for large, non-linear datasets [25]. Random forest’s abil-
ity to handle high-dimensional data and capture complex patterns makes it well-suited for a variety of data analysis 
and revealing conditional relationships between variables [48].

Fig. 4   Spectral variable importance for phytate (A) and trypsin inhibitors (B). Both graphs help to identify which spectral variables are most 
influential for the random forest model accuracy. Spectral variables with longer lines are more critical for refining the model, indicating that 
they have the most significant impact on the model’s predictions

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Vol:.(1234567890)

Research	  
Discover Applied Sciences           (2025) 7:647  | https://doi.org/10.1007/s42452-025-07235-3

Spectra pretreatment has previously been reported to have a substantial impact on model prediction performance 
[17, 40, 50]. For instance, spectra pretreatments were associated with significant differences in prediction accuracy 
for hydrogen cyanide in fresh cassava [19]. These pretreatment steps are generally crucial for ensuring that the 
predictive models associate the true chemical information from the sample, rather than being misled by unneces-
sary confounding variations which could lower prediction accuracy [36]. In this study, the standard normal variate 
(SNV) method, singly or in combination with SG_d1, was the most effective pretreatment method, indicating that it 
was able to effectively reduce noise, correct for scattering and baseline variations related to non-chemical related 
signals [33, 50]. SNV normalizes the spectral data, leading to more accurate and robust models [4]. Interestingly, it 
was found that the same pretreatment could have different effects on prediction accuracy depending on the nature 
of the response variable. Similarly, same NIRS spectra pretreatment (SNV-DT) had different effects on prediction 
accuracy for nutritional parameters such as amylose and sugar content in cowpea [32].

Using random forest model, the prediction accuracy in the data pretreated with SNV was as high as R2
test = 0.97 

(RPD = 5.95) and R2
test = 0.96 (RPD = 4.32) for phytate and total trypsin inhibitors, respectively. This indicates that the 

models are capable of efficiently quantifying anti-nutritional factors in soybean powder. The superior performance of RF 
with SNV pretreatment can be attributed to its ability to model complex, non-linear relationships between the predictors 
and the response variables. By preprocessing the data with SNV, the underlying relationships may become more linear, 
making it easier for the RF model to capture these patterns effectively and predict more accurately [4, 33].

Differently from what has been reported on intact yellow cotyledon seeds [50], studies have shown that soybean 
powder is more suitable for modeling than whole grains [20, 54]. A study aiming to predict pasture nutritive values 
has reported R2

cal of 0.89–0.99, with a RPD of 2.6 for dry matter content, but higher (RPD = 10.3) for crude protein [23]. 
Although studies have demonstrated that PLS shows promise in predicting various chemical properties across different 
fields, its overall performance is still comparatively lower than random forest [12, 16, 18, 52]. Similarly, lower prediction 
accuracy, R2

cv = 0.74 has been reported previously for trypsin inhibitors activity using partial least squares method [16] 
and R2

cv = 0.84 when analyzed for phosphorus concentration in intact seeds [13]. Quantification of phosphorus is often 
used as an indirect method of assessing phytate levels in crops, as phytate is the primary organic phosphorus storage 
form [3, 13].

The contribution of each spectral variable to the model performance was also assessed. Variables captured by both 
methods (%IncMSE and IncNodePurity) are critical for the model’s accuracy, indicating that their absence can significantly 
reduce the prediction performance by increasing the mean square error. Increasing node purity (IncNodePurity) help 
to make splits in the data, leading to more homogeneous groups within the nodes generated by random forest model. 
Thus, the most influential variables can be benchmarked to reduce collinearity, thereby improving the accuracy of linear 
predictions. Alternatively, these variables can be used to eliminate uninformative ones, which would otherwise increase 
the computation time in RF models.

The NIRS models developed in this study will enable soybean breeders to perform rapid phenotyping and make 
objective, accurate genotype selections based on phytate and TTI levels. This approach allows for the evaluation of a 
larger number of genotypes in a shorter timeframe. It also offers a cost-effective alternative to traditional laboratory 
methods, saving both time and resources. Breeding soybeans with reduced levels of phytate and TTI will improve soy-
bean nutritional value for animal and human consumption, decreasing the need for costly processing steps to reduce 
these anti-nutritional factors.

5 � Conclusion

This research addressed the challenges breeders face in selecting genotypes based on biochemical traits. For the first time 
in Uganda and beyond, the developed NIRS model will enable rapid, high-throughput phenotyping of anti-nutritional 
factors in soybeans, significantly streamlining the selection process. It represents a major step forward in soybean breed-
ing, offering breeders an efficient tool for evaluating nutritional quality at scale. Furthermore, the study highlights the 
power of NIRS for rapid, environmentally friendly and cost-effective phenotyping of crops.

Future steps will include external validation using samples from diverse locations, as well as exploring the broader 
applications of this NIRS model beyond soybeans, potentially benefiting other crops with similar breeding objectives. 
It may also be interesting to determine if there are specific wavelengths for better model performance for each trait.
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