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ABSTRACT

Background: Phytate content determination in chickpea flour is crucial for nutritional assessment and quality control, but traditional wet
chemistry methods are time-consuming and expensive. Near-infrared (NIR) spectroscopy combined with machine learning offers a rapid, non-
destructive alternative for phytate quantification. Methods: NIR spectra were collected from 237 chickpea flour samples, with 134 showing
detectable phytate reflectance. The interval Partial Least Squares (iPLS) algorithm identified optimal wavelength ranges. Five machine learning
models - Linear Regression (LR), Support Vector Regression (SVR), Random Forest (RF), Decision Tree Regression (DTR), and Neural Network
(NN) - were developed using 80% calibration and 20% validation datasets with comprehensive hyperparameter optimization. Results: The
optimal wavelength range for phytate prediction was identified as 1520-1658 nm. Support Vector Regression demonstrated superior performance
with R?0f0.974, RMSE 0f0.024, and RSE 0f 0.025 on testing data after hyperparameter optimization (C=1.5,y=0.08, £=0.08). Feature importance
analysis revealed that wavelengths around 1580-1600 nm contributed most significantly to prediction accuracy. Conclusion: NIR spectroscopy
combined with optimized machine learning models provides an accurate, rapid, and cost-effective method for phytate content prediction in

chickpea flour.
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INTRODUCTION

Chickpea (Cicer arietinum L.) represents one of the most important
leguminous crops globally, serving as a critical source of protein and
essential nutrients'. India, as the world's leading chickpea producer,
accounted for 13.98 million tonnes of production in 2021-22, covering
35% of pulse acreage and contributing to 50% of pulse production
nationally?. The crop's export value reached USD 205.36 million,
highlighting its economic significance.

Phytate, scientifically known as inositol hexaphosphate (IP6), serves
as the primary storage form of phosphorus in plant seeds®. As a
complex chelating agent, phytate binds essential mineral nutrients
including calcium, magnesium, zinc, and iron, comprising up to 1-5%
of total seed dry weight in legumes*’. This dual nature of phytate -
serving as both a nutrient reservoir and a potential anti-nutritional
factor - necessitates accurate quantification methods for nutritional
assessment and quality control’.

Traditional wet chemistry methods for phytate analysis are time-
consuming, expensive, and require skilled personnel and specialized
laboratory facilities’. These methods typically involve colorimetric or
chromatographic techniques that can take 4-6 hours per sample and
require hazardous chemicals’. Near-infrared (NIR) spectroscopy has
emerged as a promising alternative, offering rapid, non-destructive
analysis capabilities with minimal sample preparation requirements™"”.

Recent advances in machine learning algorithms have enhanced the
predictive accuracy of NIR-based analytical methods''. Hacisalihoglu
et al.'? successfully predicted protein content in common bean seeds
with R? = 0.85, while Mahajan et al."* achieved R? = 0.92 for protein
content in chickpea flour. However, specific application to phytate
content prediction in chickpea flour with optimized machine learning
models remains relatively unexplored.

The present study aims to develop and evaluate a comprehensive
machine learning approach for rapid phytate content prediction in
chickpea flour using NIR spectroscopy, with emphasis on
hyperparameter optimization and feature importance analysis.

MATERIAL & METHODS

Sample Collection: A total of 237 chickpea germplasm accessions
were selected from the National Gene Bank of ICAR-National Bureau
of Plant Genetic Resources, representing both Desi and Kabuli
varieties from different geographical origins across India.

NIR Spectral Data Acquisition: Chickpea samples were processed
using a Foss Cyclotec grinder (mesh size Imm) to ensure uniform
particle size. Spectral data were collected using a Foss NIRS 6500
scanning monochromator in reflectance mode, calibrated against
white mica reference. Spectra were acquired at 2nm intervals across

400-2498 nm wavelength range, with 32 scans per sample.
Wavelength Selection: The interval Partial Least Squares (iPLS)
algorithm" was employed to identify optimal wavelength ranges. The
spectrum was divided into 20 intervals, and local PLS models were
developed for each interval using 10-fold cross-validation.

Data Preprocessing: Multiple preprocessing techniques were
evaluated: Multiplicative Scatter Correction (MSC), Standard Normal
Variate (SNV), SNV-Detrend, and Savitzky-Golay derivatives. The
optimal combination was selected based on cross-validation
performance".

Outlier Detection: Box plot visualization and Hotelling's T2 test were
employed for outlier identification. Samples exceeding 95%
confidence limit were removed from analysis.

Dimensionality Reduction: Principal Component Analysis (PCA)
was applied to address multicollinearity and reduce dataset
dimensionality while preserving essential spectral information.

Machine Learning Models and Hyperparameter Optimization:

1. Support Vector Regression (SVR)": Grid search parameters
included C (regularization): [0.1, 0.5, 1.0, 1.5, 2.0, 5.0, 10.0], y
(RBF kernel): [0.01, 0.05, 0.08, 0.1, 0.2, 0.5, 1.0], € (epsilon):
[0.01, 0.05, 0.08, 0.1, 0.2]. Optimal parameters: C=1.5, y=0.08,
£=0.08.

2. Random Forest (RF)": Parameters included n_estimators: [100,
200, 300, 500, 800, 1000], max_depth: [3, 5, 10, 15, 20, None].
Optimal: n_estimators=500, max_depth=15.

3. Neural Network (NN)": Parameters included hidden layers: [1,
2, 3], neurons: [5, 10, 15, 20, 25], learning rate: [0.001, 0.01, 0.02,
0.05, 0.1]. Optimal: 2 hidden layers (15, 10 neurons),
learning_rate=0.02.

4. Decision Tree Regression (DTR)”: Parameters included
max_depth: [3, 5, 10, 15, 20], min_samples_split: [2, 5, 10, 20].
Optimal: max_depth=10, min_samples_split=>5.

5. Linear Regression (LR)*': Standard implementation using
ordinary least squares with PCA-transformed features.

Feature Importance Analysis: Importance was calculated using
permutation importance for SVR, Gini importance for RF, connection
weights for NN, impurity reduction for DTR, and component loadings
for PCA-LR.

Model Validation: Dataset was divided into calibration (80%, n=107)
and validation (20%, n=27) sets. Hyperparameter optimization used 5-
fold cross-validation on calibration set.

Performance Metrics: Models were evaluated using RMSE, RSE,
R?, Adjusted R?, RPD, and bias. Statistical analysis was performed
using R software (version 4.3.0) with Shapiro-Wilk test for residual
normality.
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RESULTS Calibration (Testing) Data Validation Data
Sample Characteristics: Of 237 chickpea samples, 134 exhibited Support Vactor Ragression (SVR) Support Vector Regression (SVR)
detectable phytate reflectance. After removing three outliers, 131
samples remained. The study used a boxplot analysis (Figure 1) to
identify probable outliers. Mean phytate content was 0.40+0.17%,
ranging from 0.06% to 0.92%. Shapiro-Wilk test indicated significant
departure from normality (W=0.96,p<0.001) (Table 1).

Predecied data of 26 samgles

(a1) (a2)

Artificial Neural Network (ANN)
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Figure 1. Boxplots for Wavelength Range 1520-1658 nm for
Phytate Component

Table 1. Descriptive Statistics of Phytate Content (n=134)

Statistic Value
Mean 0.40%
Standard Deviation 0.17%
Minimum 0.06%
Maximum 0.92%
Coefficient of Variation 42.01%
Shapiro-Wilk p-value <0.001

Optimal Wavelength Selection: iPLS algorithm identified 1520-
1658 nm as most effective for phytate prediction, achieving RMSECV
of 0.458 and R? of 0.089. This spectral region corresponds to P-O-C
stretching vibrations characteristic of phytate molecular structure.

Preprocessing Optimization: SNV-Detrend with Savitzky-Golay Pracicid e o 2 samien Predicted dus 0136 samples
first derivative yielded best results, improving model performance by (1) (c2)
27% compared to raw spectral data. Decision Tree Regression (OTR) Decision Tree Regression (DTR)

Principal Component Analysis: First 10 principal components
explained 98.2% of total variance. First three components contributed
67.4%, 18.9%, and 7.2% respectively.

Hyperparameter Optimization Results: Cross-validation
performance showed SVR achieved highest CV R? of 0.912 with
RMSE of 0.051, followed by LR (R?=0.889, RMSE = 0.058) and RF
(R2=0.891,RMSE=0.057).

Model Performance - Calibration Data: Support Vector Regression
demonstrated superior performance, achieving RMSE of 0.024, R? of
0.974, adjusted R? 0f 0.973, RSE 0f 0.025, and minimal bias of 0.001.
Linear Regression achieved competitive results with RMSE of 0.027,
R? of 0.965, adjusted R? of 0.964, and RSE of 0.029. The LR model
equation was: y =0.151 - 0.029x: + 0.875x> + 0.234xs. Random Forest
showed RMSE 0f0.029, R?0f0.961, and out-of-bag error of 0.033.

Model Validation Results: Decision Tree Regression performed best
on validation dataset with RMSE of 0.044, R? of 0.928, and bias of
0.007. SVR validation showed RMSE 0f0.052, R 0f0.903, and bias of
0.001. Low bias values across models suggest high accuracy for
practical applications (Table 2). Figure 3 showcases comparative

Producied dat of 26 samples Prodicied data of 26 samphes

scatterplots for each model, utilizing meticulously calibrated and
validated data. (1) (e2)
Figure 2. Scatter plots of the measured versus the predicted values of
Table 2. Model Performance Comparison the five machine learning algorithms (al, a2: Support Vector
Model Calibrati Validati Regression; b1, b2: Artificial Neural Network; c1,c2: Random Forest;
ode alibration alidation - . ; .

Data Data dl, d2: Decision Trep Regresspn; el, _e2: Lmear‘Re‘gressmn) for

RMSE R® |AdjR?RMSE |R? |Bias Phytate component using calibration (testing) and validation data
SYR 0.024 0.97410.973 10.052 0903 10.001 Feature Importance Analysis: Top wavelengths for prediction were:
Linear 0.027 0.965/0.964 0.055  10.88910.001 1582 nm (importance: 0.187), 1596 nm (0.164), 1574 nm (0.143),
Regression 1608 nm (0.128), and 1588 nm (0.115). These wavelengths correspond
Random Forest |0.029 0.961]0.959 10.047 0.919]0.010 to P-O-C stretching and phosphate vibrations. Principal components
Decision Tree  |0.045 0.907/0.904 10.044 0.928 10.007 showed PC1 dominated by 1580-1600 nm wavelengths, PC2 by 1540-
Neural Network 0.024 0.974/0.959 10.054 0.89310.001 1570 nm, and PC3 by 1620-1650 nm ranges (Table 3).
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Table 3. Top 5 Important Wavelengths for Phytate Prediction

Rank | Wavelength (nm) | Importance Score | Chemical Assignment
1 1582 0.187 P-O-C stretching

2 1596 0.164 P-O-C stretching

3 1574 0.143 Phosphate overtones
4 1608 0.128 P-O vibrations

5 1588 0.115 P-O-C stretching

Statistical Significance: All models showed statistically significant
predictive power (p < 0.001). Paired t-tests revealed significant
differences between SVR and other models (p < 0.05). Bootstrap
validation confirmed model stability with SVR achieving R? =
0.971+0.018.

DISCUSSION

This study achieved remarkably high prediction accuracy with R? of
0.974 for phytate content using optimized SVR, substantially
surpassing previous research. The comprehensive hyperparameter
optimization resulted in 5.7% improvement over baseline SVR model,
demonstrating critical importance of systematic parameter tuning.

The identification of 1520-1658 nm wavelength range and detailed
feature importance analysis provides insights into spectral-chemical
relationships underlying phytate prediction. The dominance of
wavelengths around 1582 nm and 1596 nm aligns with P-O-C
stretching vibrations of phytate molecules.

Hyperparameter Optimization Impact: Systematic grid search
yielded significant improvements across all models. SVR benefited
most from optimization, with optimal combination of C=1.5, y=0.08,
and &=0.08 providing best balance between model complexity and
generalization capability.

Feature Importance Insights: Wavelengths in 1580-1600 nm range
contributed disproportionately to prediction accuracy, accounting for
over 60% of total model importance. This finding has practical
implications for developing simplified NIR devices focusing on
critical wavelengths, potentially reducing instrument costs.

Practical Applications: The developed methodology offers
advantages over traditional methods: analysis time <2 minutes vs. 4-6
hours, minimal sample preparation vs. extensive chemical extraction,
cost<$0.50 vs. $15-25 per analysis, and no chemical waste generation.

Study Limitations: Analysis was limited to 134 samples with
detectable phytate reflectance. Geographic scope was restricted to
Indian chickpea varieties, which may limit global applicability. Future
research should expand sample diversity across different cultivars and
geographical regions.

CONCLUSION

This study demonstrates that NIR spectroscopy combined with
optimized machine learning models, particularly SVR with
hyperparameters C=1.5, y=0.08, and £¢=0.08, provides accurate, rapid,
and cost-effective method for phytate content prediction in chickpea
flour. Comprehensive hyperparameter optimization resulted in
superior performance (R* = 0.974, RMSE = 0.024) compared to
previous studies.

Key Findings Include: systematic hyperparameter optimization
improved model performance by 5.7%; wavelengths around 1582 nm
and 1596 nm contributed most significantly to prediction accuracy;
SNV-Detrend preprocessing enhanced performance by 27%; and
optimal wavelength range (1520-1658 nm) corresponds to P-O-C
stretching vibrations characteristic of phytate molecules.

The methodology has significant potential to enhance chickpea
breeding programs, streamline quality control processes, and support
precision agriculture practices. Future research should focus on
expanding validation across diverse cultivars, developing portable
NIR devices targeting critical wavelengths, and extending
methodology to other legume crops.
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