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Abstract

Fusarium Head Blight (FHB) poses a severe threat to wheat production and food safety in Kenya, leading to significant
yield losses and contamination with the mycotoxin deoxynivalenol (DON). Current detection methods are either

impractical for field use or lack the sensitivity to detect subsurface toxins. This study developed a rapid detection method

by integrating conventional Raman spectroscopy with machine learning algorithms to identify DON-contaminated
wheat kernels accurately. FHB symptomatic and healthy wheat heads were collected from farmers' fields, prepared via

longitudinal sectioning to expose the endosperm, and analyzed using a portable 785 nm Raman spectrometer. Key

spectral bands at 866, 1148, and 1456 cm⁻¹ were identified as DON biomarkers through two-dimensional correlation
spectroscopy and statistical analysis. Principal Component Analysis (PCA) was employed for dimensionality reduction,

with the first 16 principal components accounting for over 95% of the spectral variance. Supervised machine learning

models, Support Vector Machine (SVM) and Random Forest (RF), were trained on PCA-transformed data to classify kernels
as healthy or infected. The SVM model achieved 97% accuracy, while the RF model attained 100% accuracy on the test

set. The entire workflow, from sample preparation to classification, required less than 8 minutes per kernel,

demonstrating high throughput potential. The results indicate that conventional Raman spectroscopy, when combined
with machine learning, shows potential as a rapid complementary screening approach for detecting DON contamination.

With further validation, this method could support improved decision-making in wheat supply chains, particularly in

resource-limited settings.

Categories: Food quality, Food security and sustainability, Disease & pests of crops

Keywords: fusarium head blight, deoxynivalenol, raman spectroscopy, machine learning, wheat kernel classification

Introduction

Deoxynivalenol (DON), a type B trichothecene mycotoxin, is primarily produced by Fusarium graminearum and Fusarium
culmorum. It is one of the most prevalent contaminants of wheat worldwide. It poses a significant threat to food safety

and agricultural sustainability [1,2]. Exposure to DON has been linked to acute gastrointestinal illness, impaired immune

response, and reduced livestock productivity, among others. [2]. To mitigate these risks, regulatory agencies have
established maximum permissible limits for DON in wheat-based products, with the U.S. Food and Drug Administration

(FDA) setting an advisory level of 1 mg/kg (1 ppm) for DON in finished wheat products intended for human consumption

[3]. However, surveillance studies in Kenya have reported contamination levels exceeding recommended safety
thresholds in major wheat-growing regions [4,5]. These findings highlight the urgent need for rapid, reliable, and locally

adaptable monitoring strategies. A central challenge in DON detection lies in its internal accumulation within the
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wheat kernel. Following fungal infection, the toxin may localize at depths of approximately 1-3 mm beneath the surface

[6], rendering DON itself inaccessible to visual inspection-although visual inspection can identify Fusarium infection as an
indicator of potential contamination. Conventional detection approaches have significant limitations. Visual grading is

rapid and inexpensive but correlates poorly with actual toxin concentration [7]. Immunoassays such as enzyme-linked

immunosorbent assays (ELISA) provide faster screening but require destructive extraction procedures and may suffer
from antibody cross-reactivity. Confirmatory techniques, including gas chromatography-mass spectrometry (GC-MS),

provide excellent sensitivity and specificity. These methods, however, involve labor-intensive sample preparation,

expensive equipment, and reliance on centralized laboratories  [8]. While near-infrared (NIR) spectroscopy and
hyperspectral imaging allow non-destructive screening, their spectral signatures lack the molecular specificity required

to uniquely identify DON within the complex biochemical composition of wheat kernels [9,10]. Raman spectroscopy

provides molecularly specific information through the vibrational fingerprints of chemical bonds, making it a promising
tool for nondestructive chemical analysis [11,12]. Unlike near-infrared methods, Raman scattering reflects molecular

structure directly and can differentiate chemically similar compounds [12]. However, Raman signals are inherently weak,

and spectra from heterogeneous biological matrices, such as wheat kernels, are challenging to interpret due to
overlapping vibrational bands from proteins, starches, lipids, and other endogenous biomolecules [13,14]. This spectral

congestion makes it difficult to detect contributions from low-level contaminants such as DON, especially when present

at trace concentrations relative to the dominant matrix components [15,16]. These interpretative challenges have been
widely reported in food and biological systems, highlighting the need for chemometric tools [12-14]. Spectral

preprocessing, targeted feature extraction, and multivariate statistical analyses are essential to enhance signal

discrimination and detect trace-level toxins with confidence [15,16].

Early applications of Raman spectroscopy in wheat primarily aimed to detect  Fusarium fungal infection rather than

directly measure DON concentrations [17,18]. To improve sensitivity for trace-level toxin detection, enhanced techniques

such as surface-enhanced Raman spectroscopy (SERS) have been introduced, achieving lower detection limits through
nanoparticle-assisted signal amplification [19, 20]. However, SERS protocols typically require multi-step substrate

preparation, controlled nanoparticle synthesis, and careful optimization, which complicate standardization and hinder

practical field deployment [19,20]. Many validation studies employ artificially spiked samples instead of naturally infected
wheat, limiting the assessment of method performance under realistic contamination conditions [21,22]. Spatially Offset

Raman Spectroscopy has also been explored to probe subsurface layers of wheat kernels, but its application depends on

specialized optical configurations and expensive instrumentation, making routine screening in resource-limited settings
impractical [23]. Finally, predictive models reported in the literature are often trained on artificially inoculated wheat or

cultivars from temperate regions, which may not adequately capture the infection dynamics and environmental

variability of tropical agro-ecosystems [18,24]. Collectively, these limitations underscore the absence of a rapid, portable,

and molecular-specific method validated on naturally infected wheat from tropical production regions. In this study, we
integrated portable 785 nm Raman spectroscopy with two-dimensional correlation spectroscopy (2D-COS) to enhance

spectral resolution and identify co-varying vibrational features associated with DON [25]. Characteristic bands at 866,

1148, and 1456 cm⁻¹ were used to construct targeted feature sets for classification via Support Vector Machine (SVM) and
Random Forest (RF) algorithms. Models were validated against quantitative immunoassay measurements. The approach

was evaluated on naturally infected wheat samples from Kenya, with an analysis time of less than 8 minutes per kernel,

demonstrating its potential as a rapid complementary screening approach for local grain supply chains, subject to further
validation.

Materials And Methods

Sample collection and preparation

Wheat (Triticum aestivum L.) kernels naturally infected with FHB were collected from the Kenya Agricultural and Livestock

Research Organization research farm in Njoro, Nakuru County, Kenya, rather than from commercial manufacturers,

ensuring traceable provenance from documented occurrence of Fusarium species [26]. Harvesting of the symptomatic
and healthy wheat heads was conducted during the 2025 growing season, planted in March and harvested in September,
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and grains were immediately transported to the laboratory in sealed, sterile containers to prevent post-collection

contamination and moisture loss. Once in the lab, samples were air‑dried at ambient temperature (22-25°C) to stabilize
metabolic activity and minimize further fungal growth. Visual inspection was performed under controlled white LED

illumination (10,000 lux) following established FHB grading protocols [6].

Each kernel was individually examined using sterile forceps and categorized based on morphological and pigmentation
characteristics. The total dataset comprised 70 kernels, which were prepared for spectroscopic analysis. From these, 195

spectra were acquired (approximately 3 spectra per kernel) and selected for machine learning model development,

ensuring balanced representation of visually healthy and infected categories. To overcome limitations associated with
whole-kernel Raman acquisition, including surface curvature effects, pericarp-induced fluorescence, and poor spectral

reproducibility, a longitudinal sectioning protocol was implemented. Each kernel was positioned on a sterile glass slide

and carefully split along its length using a surgical scalpel, exposing the homogeneous endosperm surface. This
preparation method minimized fluorescence background, enhanced spectral consistency, and provided direct access to

the tissue where  DON  accumulation predominantly occurs [7].  While Raman measurements themselves are non-

destructive, the longitudinal sectioning step used in this study is destructive.

Raman spectra acquisition

Raman spectra were acquired using a portable EZRaman NP 785 spectrometer (Enwave Optronics, USA) equipped with a

785 nm excitation laser, which was selected to minimize autofluorescence interference, a known challenge in plant tissue
analysis [27]. The instrument was calibrated before each measurement session using a polystyrene reference standard.

Spectra were recorded over the 200-2000 cm⁻¹ range with a spectral resolution of 1.290 cm⁻¹. Optimized acquisition

settings consisted of a laser power of 300 mW, an integration time of 5 seconds per scan, and 5 averaged scans per
spectrum. To account for sample heterogeneity and ensure reproducible spectral collection, three spectra were collected

from random positions on each longitudinally sectioned kernel. All measurements were performed in a darkened

environment at ambient temperature to eliminate ambient light interference, and spectral intensities were normalized to
a 0-1 scale to enable consistent comparative analysis. Raw Raman spectra were preprocessed using Python to correct for

fluorescence background, noise, and spikes. 2D-COS was applied to identify coherent spectral variations associated with

DON contamination. Synchronous 2D-COS maps were generated following the methodology of Ndung’u et al. [25], using
the mean spectrum of healthy kernels as the reference. Correlation intensities were normalized to a 0-1 scale and

visualized as contour plots with 40 evenly spaced levels. Regions exhibiting strong autopeaks, indicating synchronous

intensity changes across samples, were extracted as candidate biomarkers for DON.
To validate the non-destructive Raman classifications, a subset of kernels was subjected to quantitative DON analysis

using the AgraVision  Reader system. Following Raman acquisition, each kernel was individually processed for

quantitative DON analysis using the AgraVision Reader. The kernels were ground  to a fine powder using a mortar and
pestle and homogenized. A 10 g aliquot of each powdered sample was mixed with 50 mL of distilled water (1:5 w/v),

shaken vigorously for 2 minutes, and filtered through Whatman No. 1 filter paper. The filtrate was applied to AgraVision

test strips following the manufacturer’s protocol. DON concentrations were recorded in parts per billion (ppb) within 5-10
minutes of application. These values provided an independent, quantitative reference against which Raman spectral

features were calibrated.

Machine learning model development and evaluation

To reduce dimensionality and extract informative features from the preprocessed spectral dataset, PCA was performed.

The first 16 principal components (PCs), which collectively represented over 95% of the total variance, were selected as

input features for the subsequent classification tasks. To avoid data leakage, the PCA transformation was derived solely
from the training data. This fitted transformation was subsequently used to process both the training and test sets,

ensuring that the test set did not influence the dimensionality reduction process. These PCs effectively captured the main

spectral variations linked to biochemical changes in infected kernels. For the classification step, two supervised learning
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algorithms, RF and SVM were chosen. These models are well-regarded for their strong performance in analyzing high-

dimensional spectroscopic data and their ability to capture complex, nonlinear relationships between spectral inputs and
target classes [28,29]. All models were developed using the Python scikit-learn library (version 1.3.0).

The RF classifier was built as an ensemble of decision trees. Each tree was trained on a bootstrap sample drawn from the

original training data, a technique that promotes diversity among the individual models [30]. At each node split, a
random subset of predictor variables specifically, the square root of the total feature count was evaluated. This random

feature sampling helps decorrelate the trees and improves the model's capacity to generalize to new, unseen data. The

final classification output was determined by a majority vote, aggregating the predictions from all T = 200 trees. Node
splits were guided by the Gini impurity metric, which quantifies the purity of class labels within each node.

The SVM was also implemented using an RBF kernel with C = 1.0 and γ = ‘scale’, using the default scikit-learn scaling rule

for γ. This method is designed to find the optimal separating hyperplane between classes [31]. For datasets that are not
linearly separable in their original feature space, the RBF kernel maps the samples into a higher-dimensional space where

a linear separation can be achieved. The kernel is expressed as:

where γ controls the influence of individual training samples on the decision boundary.

The classification of a new sample is then given by:

with αi representing the Lagrange multipliers obtained from the optimization process, yi ∈ {−1, +1} the class labels, and
b the bias term. The SVM optimization problem balances two competing objectives: maximizing the margin (minimizing

∥w∥2) and minimizing classification errors on the training data. This trade-off is controlled by a regularization parameter

C, which penalizes misclassified samples [32]. The final dataset comprised 195 spectra, which were divided into training
and test subsets using a 80/20 split. Stratification was employed to maintain the original class proportions in both

subsets. In addition to this single split, model robustness was evaluated through 5‑fold stratified cross‑validation. Here,

the data were randomly divided into five equal parts; each part served as a validation set once, while the remaining four
were used for training. This process was repeated five times, and the average performance metrics along with their

standard deviations were calculated to obtain a more reliable estimate of how well the models would generalize to new

data. After model training, performance was measured on the withheld test set. The evaluation relied on metrics derived
from the confusion matrix, which records true positives (TP), true negatives (TN), false positives (FP), and false negatives

(FN). The following metrics were used:

Accuracy gives an overall sense of the proportion of correctly classified samples. Precision reflects the reliability of

positive predictions: how many of the samples labeled as positive actually belong to the positive class. Recall, also known

as sensitivity, indicates the model’s ability to correctly identify all actual positive cases. The F1‑score, being the harmonic

mean of precision and recall, provides a balanced performance measure that is especially useful when the class
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distribution is imbalanced [33-35]. Additionally, receiver operating characteristic (ROC) curves were constructed, and the

area under the ROC curve was computed to assess the discriminative power of each classifier across various threshold
settings. All computational steps were executed in Python (version 3.9). Statistical analyses, including on e‑way analysis of

variance (ANOVA) and post‑hoc Tukey HSD tests, were conducted using the SciPy (version 1.11.0) and statsmodels

(version 0.14.0) libraries.

Results And Discussion

Raman spectral analysis of healthy and Fusarium-infected wheat samples for deoxynivalenol detection

The averaged Raman spectra of healthy wheat kernels, Fusarium-infected kernels, and pure DON standard are presented

in Figure 1 across the 400-1800 cm−1 fingerprint region. Healthy kernels exhibited broad, low-intensity bands primarily

reflecting native starch and protein vibrations typical of uninfected endosperm tissue. However, infected kernels

displayed sharp increases at specific wavenumbers: 860-870 cm−1, 1140-1155 cm−1, and 1450-1465 cm−1. These same

bands appeared with even greater intensity in the pure DON reference spectrum, providing strong qualitative evidence

that Fusarium infection results in direct deposition and accumulation of DON within the grain matrix.

FIGURE 1: Representative average Raman spectra of healthy wheat, infected wheat, and the deoxynivalenol standard

The band near 860-870 cm−1 corresponds to trichothecene ring-breathing and C-O-C deformation modes, which are

central to DON’s molecular structure [19,21]. The most widely reported DON marker in Raman and SERS studies the band

near 1450-1465 cm−1 was observed and assigned to CH and CH2 deformations of the trichothecene backbone [20,22].

Higher-frequency features near 1530-1610 cm−1 were also present in both infected and DON spectra, though weaker.

These bands have been associated with C=C stretching in DON’s alternating double-bond system [21,36]. Their consistent

co-occurrence alongside the core DON bands reinforces the interpretation that the observed changes originate from
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trichothecene contamination rather than nonspecific matrix variation. Similar patterns have been documented in prior

Raman and SERS studies of contaminated cereals [19,20], further supporting the conclusion that the observed Raman
bands are characteristic of DON specifically, rather than arising from non‑specific biochemical changes in infected wheat.

Two-dimensional correlation spectroscopy (2D-COS) analysis

2D-COS  was applied to identify Raman  bands exhibiting the most significant changes between healthy and DON-
contaminated wheat kernels, and to assess whether spectral variations at DON-associated frequencies were coherent

across samples. This approach is critical because positive synchronous correlations reveal in-phase spectral changes,

indicating that a chemical perturbation affects several vibrational modes simultaneously [37]. The synchronous 2D-
COS map in Figure 2 was generated by comparing spectra from samples above and below the DON contamination

threshold. Following Noda’s rules, diagonal auto-peaks represent spectral regions where intensities change systematically

with increasing DON concentration. The map shows three dominant diagonal auto-peaks at 866, 1148, and 1456 cm−1.

These bands exhibited the strongest systematic intensity variations across the dataset, confirming that they respond
consistently to DON presence in wheat kernels. The warm colors (red-to-yellow) along the diagonal indicate strong

positive self-correlations, meaning these features are consistently present in contaminated samples.

According to Noda’s theory, diagonal features represent self-correlations, and strong positive values signify that these
intensities increase together as the perturbation in this case, fungal infection and DON accumulation intensifies [38]. This

behavior is chemically meaningful: DON’s trichothecene framework contains coupled ring, C-O, and CH-deformation

vibrational units, explaining why the spectral enhancements in the 866, 1148, and 1456 cm−1 regions occur

simultaneously [22,39]. Off-diagonal cross-peaks, while less prominent in this region, would indicate interactions

between different vibrational modes, further demonstrating DON’s influence on the biochemical profile of wheat kernels.
2D-COS  confirmed that these bands responded coherently to infection, with synchronous correlations demonstrating

that all three intensities increase simultaneously as DON accumulation progresses [37,38]. The close agreement between

the infected wheat spectra and the pure DON standard provides compelling evidence that the observed spectral
changes are directly attributable to DON accumulation rather than secondary infection effects.
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FIGURE 2: Synchronous 2D-COS Raman map of wheat kernels (800–1650 cm−1). Prominent auto-peaks appear at 866,

1148, and 1456 cm−1, with warmer colors indicating stronger positive correlations. The top and right margins display the

corresponding mean spectra for the infected and control samples, respectively

2D-COS, Two-Dimensional Correlation Spectroscopy

Chemometric classification via PCA

To verify whether these spectral variations drive sample clustering, PCA was performed on the 860-1650 cm−1 region,

which contains all three 2D-COS peaks. The PCA scores plot (Figure 3) shows a clear progression from healthy wheat to
infected kernels and finally to pure DON along PC1. The first two PCs explained a substantial portion of the variance: PC1

= 59.4%, PC2 = 10.0%. This pattern indicates that the same DON-related bands dominating the 2D-COS map also explain

the largest source of variance in the dataset. The close agreement between the two methods confirms that these
frequencies carry the dominant chemical information associated with DON contamination. Restricting PCA to the 2D-

COS-identified window (860-1650 cm−1) enabled clear separation of healthy, infected, and pure DON samples. This aligns

with observations by [40] who noted that limiting analysis to chemically meaningful vibrational regions improves

discrimination compared to using the entire Raman spectrum. PCA further validated these findings by clearly separating

healthy, DON standard and infected samples along the first PC, which alone explained nearly 60% of the total variance.
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FIGURE 3: PCA score plot for the regions identified by 2D-COS

PCA, Principal Component Analysis; 2D-COS, Two-Dimensional Correlation Spectroscopy

Combined-mean analysis of DON-related Raman peaks using laboratory reference concentrations

The combined-mean analysis Figure 4 presents the average intensity of the three DON-related Raman peaks 866, 1148,

and 1456 cm−1 across the Healthy, DON standard, and Infected wheat samples. By averaging these peaks, the plot

captures the overall spectral response associated with DON contamination, providing a single representative value for

each sample. The resulting distribution shows a clear, progressive increase in mean intensity from Healthy to DON
standard and Infected samples, reflecting the laboratory reference concentrations of 0.0, 1.78, and 2.3 ppm, respectively.

Healthy kernels clustered at the lowest combined mean intensities, consistent with the absence of detectable DON; the

DON standard formed an intermediate group; and Infected samples displayed the highest values, mirroring the expected
contamination gradient. This combined approach confirms that the collective behavior of the three selected Raman

peaks reliably tracks increasing DON levels. The averaging reduces variability from individual peaks, providing a visual

summary of spectral separation among the sample groups and supporting the use of these characteristic peaks for
subsequent quantitative and classification analyses. One-way ANOVA confirmed significant differences in mean peak

intensities (866, 1148, and 1456 cm−1) among healthy, DON standard, and infected groups (p < 0.001). Post-hoc Tukey

HSD tests revealed that all pairwise comparisons were statistically significant (p < 0.05), confirming that the spectral

markers reliably discriminate between contamination levels. The combined-mean intensity analysis showed a progressive
increase from healthy (0.0 ppm) to DON standard (1.78 ppm) to infected samples (2.3 ppm), strengthening the causal link

between spectral features and DON concentration.
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FIGURE 4: Combined mean Raman intensities of the three characteristic DON-related peaks (866, 1148, and 1456 cm−1)

across Healthy, DON standard, and Infected wheat samples

DON, Deoxynivalenol

Classification performance using identified DON spectral markers

The SVM classifier with an RBF kernel was trained using 16 PCs derived from the DON-sensitive spectral region. Sixteen

PCs were selected because this number captured over 95% of the total cumulative variance, as shown in Figure 5. The

selection of 16 PCs was based on the cumulative explained variance, which exceeded 95%. Retaining components that
explain 90-95% of the total variance is a standard practice in chemometric analysis of spectroscopic data, as it balances

the retention of chemically relevant information with the reduction of noise [41]. This approach has been widely applied

in Raman and near-infrared studies of agricultural products to ensure robust dimensionality reduction. The resulting
classification was robust: out of 39 total tests samples, 21 healthy kernels and 17 infected kernels were correctly classified,

with only one sample misclassified. This yielded an overall accuracy of 97%, with correspondingly high sensitivity and

specificity (Figure 6). The precision and recall for each class ranged between 0.95 and 1.00, indicating that both false
negatives and false positives were essentially negligible. The single misclassification suggests that the model is not

overfitting and has genuine predictive power, although larger sample sets would be needed to confirm stability.

To complement the SVM model and strengthen classifier reliability, a RF classifier was also trained using the same 16 PCA-
derived components. In the test set of 60 samples that was not used for training, the RF model was found to be 100%

accurate for the independent test set, correctly identifying all 21 healthy and 18 infected kernels (Figure 7). To assess

model stability more rigorously, 5-fold stratified cross-validation was performed on the entire dataset. The RF model
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achieved a mean cross-validation accuracy of 98.2% (±1.1%), with corresponding precision and recall values of 0.98

(±0.02) for both classes. The low standard deviation at the different folds suggests consistency across folds and minimal
data partition dependency. Furthermore, the models were trained using only the first 16 PCs and the 2D-COS-selected

spectral region, instead of the high-dimensional spectrum. The targeted feature selection means that the possibility of

fitting noise is decreased. While the high test-set accuracy is encouraging, the relatively small dataset size means that
further external validation on independent samples from different locations and wheat varieties is necessary to confirm

the generalizability of the models.

Figure 7 shows a perfect diagonal with zero misclassifications. Results obtained from these classifications are in line with
the balanced sampling strategy described in the Sample Collection and Preparation subsection, where strict care was

taken to sample kernels and to collect spectra to reduce pseudo‑replication and to ensure coverage of both the healthy

and infected classes. The accuracy observed is very good and is a true reflection of the controlled provenance of the data,
being kernels from a single research farm. This provides some validation of the robustness of the DON-specific spectral

separation but additional validation with a wider range of sources and contamination levels will be needed before it can

be generalized.

FIGURE 5: Cumulative variance of principal components the red line indicates the 95% threshold. The first 16 PCs account

for over 95% of total variance

PC, Principal Component
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FIGURE 6: Confusion matrices for SVM model. Panels (a) and (b) show training set and test set results, respectively

SVM, Support Vector Machine

This complete separation demonstrates that RF, which leverages ensemble decision trees and bootstrap aggregation,

effectively captures discriminatory features within the DON-sensitive spectral region. The perfect precision, recall, and F1-
scores for both classes (1.00 each) reinforce the conclusion that the selected PCA components carry a strong chemical

signal that is readily learned by an ensemble classifier. The excellent RF performance is consistent with current literature,

where RF models have demonstrated high robustness and stability in spectroscopic and food-contaminant detection
tasks due to their ability to handle correlated variables and non-linear patterns [40].
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FIGURE 7: Confusion matrices for Random Forest model. Panels (a) and (b) show training set and test set results,

respectively

Model Class Precision Recall F1-Score Test Set

Accuracy

CV Accuracy

(Mean ± Std)

SVM Healthy

Infected

0.95 1.00 1.00 0.94 0.98 0.97 0.97 0.96 ± 0.02

RF Healthy

Infected

1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.98 ± 0.01

TABLE 1: Performance metrics for SVM and Random Forest classifiers

SVM, Support Vector Machine

The performance metrics for both models are summarized in Table 1. Supervised machine learning classification

achieved high diagnostic accuracy, with the SVM model reaching 97% accuracy and the RF model achieving perfect

100% classification on the test set. The good performance of RF may be attributed to its ensemble nature, which
effectively captures non-linear relationships in spectral data while remaining robust to overfitting. The 2D-COS analysis

proved especially valuable for feature selection, providing a chemically meaningful basis for focusing subsequent

multivariate analysis [40].

Despite the promising classification performance, some of the drawbacks should be mentioned. This study uses a

relatively small data set of 195 spectra collected from 70 kernels from a single research site. Stratified cross-validation and

an independent test set have been used, but the small number of samples and geographical origin limit the
generalizability of the results. The fungal species composition, distribution of DON, and matrix effects of natural Fusarium
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infections may differ significantly as a result of wheat variety, environmental conditions, and agronomic practice. Hence,

the current models should be considered proof of concept. Larger, multi-location, and multi-variety datasets are needed
in the future to test the approach under conditions of reality.

Assessment of method rapidity and turnaround time

The present study aimed to develop a rapid, non-destructive diagnostic tool for DON contamination. Consequently, the
overall speed of the method was evaluated to determine the total time required to assess the infection status of a wheat

kernel. Table 2 summarizes the estimated turnaround time for the complete Raman spectroscopy and machine learning

pipeline.

Phase Activity Time(minutes)

Sample preparation   Cleaning, sorting and longitudinal

sectioning  

<3  

Data acquisition   Raman spectra collection per kernel   <2  

Data analysis Preprocessing, PCA, and classification <3

Overall time per kernel   <8

TABLE 2: Turnaround time for the machine learning-aided Raman spectroscopy method

PCA, Principal Component Analysis

Compared to traditional confirmatory methods, such as ELISA (several hours) or GC-MS (over 60 minutes including

extensive extraction and cleanup), the developed method allows a single kernel to be processed and classified within 8
minutes. This  rapid turnaround validates the method’s suitability for high-throughput screening and near-real-time

decision support in grain inspection.

Comparison with prior work

While our identification of these markers provides a foundation for DON detection, comparison with previous studies

highlights the advantages of our methodological approach. Prior research has often relied on Surface-Enhanced Raman

Spectroscopy (SERS) with complex substrate preparation, which introduces variability and limits practical deployment.
For example, [19] applied SERS with silver nanoparticles to detect DON in agricultural products, achieving a low limit of

detection for pure solutions but requiring multi-step synthesis and validation primarily on spiked rather than naturally

infected grain. Similarly, the researchers [20] developed a SERS-based method using gold nanorods for DON detection in
wheat, achieving 0.11 mg/L sensitivity, but their protocol involved complex nanoparticle synthesis, functionalization, and

multi-step extraction procedures that are difficult to standardize for routine screening. The researchers [22] employed

surface-enhanced Raman detection but noted challenges with spectral reproducibility and matrix interference, while [39]
explored SERS using two-photon polymerized nanostructures, demonstrating signal enhancement at the cost of

fabrication complexity. This study used naturally infected wheat kernels with minimal sample preparation, simple

longitudinal sectioning, and conventional Raman spectroscopy, demonstrating that adequate sensitivity for DON
classification (97-100% accuracy) can be achieved with conventional Raman when coupled with chemometric analysis.
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Conclusions

The results of this study successfully demonstrated that conventional Raman spectroscopy, 2D-COS, and machine

learning are practical methods for rapid detection of DON  contamination in wheat kernels. The method was used to
identify and detect coordinated spectral changes related to DON and to use supervised classification models for high

discrimination between healthy and infected samples. The overarching message of this work is that wheat kernel

screening can be performed faster than traditional laboratory methods, such as ELISA or GC-MS, and thus can aid in
making more prompt decisions on wheat quality assessment, especially in resource-constrained environments. The

results obtained at this time, however, should be considered a proof of concept. More extensive field testing of more

diverse samples is needed to validate the method prior to its routine use. The potential for whole kernel analysis without
sectioning, the development of quantitative prediction models of DON concentration, and improvement of the

generalizability of the model across wheat varieties and growing conditions should be explored as future efforts.
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