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Abstract

Mycotoxins continue to pose a serious threat to the global agrifood supply chain, yet conven-
tional detection methods || chemical techniques, like liquid chromatography tandem mass spec-
troscopy | are inherently destructive and poorly suited for real-time, batch-wide, or in- eld mon-
itoring. In response to the widespread challenges of mycotoxin contamination and the limitations
of existing analytical tools, this thesis proposes the development and rigorous validation of an
optical spectroscopic detection platform, integrated with machine learning models, for the reli-
able identi cation of the most common mycotoxins on staple crops such as maize and wheat.

Hitherto, existing approaches have largely been limited to single-mycotoxin, single-matrix detec-
tion, relying on full-spectral data to achieve model performance. Advancing beyond the current
state-of-the-art, this work aims to enable the simultaneous, multiplexed detection of mycotoxins
across diverse food matrices by integrating complementary spectroscopic modalities || including
uorescence spectroscopy at multiple excitation wavelengths and ultraviolet, visible, and near-
infrared (UV-VIS-NIR) re ectance spectroscopy.
To reduce system complexity and data dimensionality without sacri cing performance, strate-
gic wavelength selection is applied to transition from full-spectrum models to models operating
on only a discrete subset of the most informative features, thus paving the way for integration
into real-time, in-line, and in- eld monitoring systems, allowing for batch-wide contamination
assessment at scale. Both classi cation models (for qualitative and semi-quantitative analysis)
and regression models (for quantitative estimation) are developed within this framework.

In a rst step, multi-mycotoxin-contaminated samples were prepared using ground wheat and
corn standards with certi ed toxin concentrations. The targeted mycotoxins include a atoxins
(AFLA), deoxynivalenol (DON), zearalenone (ZEA), fumonisins (FUM), ochratoxin A (OTA),
and T-2/HT-2 toxins. Spectral data was acquired via uorescence spectroscopy at excitation
wavelengths of 395, 385, 375, 365, and 256nm, along with upconversion uorescence measure-
ments at 750nm, and complementary UV-VIS-NIR re ectance spectra.

Next, using this spectral data, classi cation models were trained to categorize samples as safe,
risky, or unsafe with respect to various mycotoxins. Models were developed for individual ma-
trices (corn and wheat) and for joint classi cation across both. An extensive model architec-
ture search revealed that Linear Discriminant Analysis (LDA), Linear Support Vector Machines
(LSVM), and Random Forests (RF) were consistently the best-performing classi ers. A Leave-
One-Sample-Out Cross-Validation (LOSO-CV) scheme was employed to ensure models were
trained on all available data while being validated on unseen samples.

Further hyperparameter tuning showed that LDA, paired with area-normalized spectral data
at 8nm resolution, delivered the most robust and generalizable performance for both wheat
and corn. For corn, the highest classi cation accuracy for AFLA, ZEA, DON, and FUM was
achieved using uorescence data at 395nm. For wheat, NIR re ectance measurements yielded
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the best performance for detecting DON, HT-2/T-2, and OTA simultaneously. When detecting
DON across both matrices, K-Nearest Neighbor (KNN) classi ers using Euclidean distance with
3{10 neighbors outperformed other methods, achieving 82% accuracy in binary classi cation at
a 500 g/kg threshold using the uorescence data.

To reduce model complexity and enhance interpretability, a subsequent phase focused on spectral
feature selection, for which Minimum Redundancy Maximum Relevance (MRMR) and Sequen-
tial Feature Selection (SFS) were applied and compared. While MRMR provided rapid dimen-
sionality reduction, SFS consistently achieved superior model performance, albeit at increased
computational cost. Through SFS, the spectral inputs could be reduced to just the 8{10 most
informative wavelengths, while retaining 95% of the performance achieved using the full spectral
dataset.

Further performance improvements were realized by aggregating features across all spectroscopic
modalities and selecting the top 10 most informative features overall. For corn, this approach
led to nal binary classi cation accuracies of 88:8% for AFLA (using a threshold of 2:88 g/kg),
94:7% for DON (1250 g/kg), 88:7% for ZEA (50 g/kg), and 91:3% for FUM (900 g/kg) | results
comparable to existing literature benchmarks, but now in a multiplexed setting{for the rst time
to our knowledge.

In addition to classi cation, regression models were developed to estimate toxin concentrations di-
rectly, o ering quantitative insight beyond class-based decisions. A comprehensive model search
and preprocessing optimization identi ed Partial Least Squares Regression (PLSR) with 9 PLS-
components, applied to area-normalized data at 10nm resolution, as the most e ective regression
approach.

The best performance was achieved using NIR-re ectance data for quantifying the combined
presence of DON, HT-2/T-2, and OTA in wheat samples. This model reached an R2-value of
0:94 with a Root Mean Squared Error (RMSE) of 72 g/kg. For DON quanti cation on corn,
the model achieved an R2-value of 0:83 and RMSE of 296 g/kg. Joint regression across both
corn and wheat matrices for DON yielded an R?-value of 0:82 with an RMSE of 270:5 g/kg,
indicating accurate detection, even below legal limits.

In conclusion, extending beyond the state-of-the-art, this thesis has demonstrated that a multi-
modal spectroscopic platform, augmented by machine learning, can e ectively enable both qual-
itative and quantitative detection of multiplexed mycotoxins on staple grains. Through tailored
feature selection and model optimization, the proposed approach reduces system complexity
while maintaining high performance ] presenting a scalable solution for real-time, in-line, and
in- eld mycotoxin monitoring. These ndings position the proposed method as a competitive
and industrially viable alternative to conventional chemical analyses || capable of meeting strin-
gent regulatory requirements while signi cantly reducing time, cost, and operational complexity.
Moreover, by enabling individualized sample-based screening, the system has the potential to
improve food safety and reduce waste across the supply chain.

Keywords: optical spectroscopy, machine learning, multi-mycotoxin detection, a atoxin, deoxynivalenol, zear-
alenone, fumonisins, ochratoxin, T-2/HT-2, in-line and in- eld monitoring, agrifood, corn and wheat, non-
invasive, Linear Discriminant Analyses (LDA), Partial Least Squares Regression (PLSR), Sequential Feature
Selection (SFS).
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Chapter 1

Introducing Mycotoxins In
Agrifood

1.1 A Brief Background

Ensuring food safety in the agrifood industry is an enduring, complex and ever evolving challenge,
particularly in the context of mycotoxin detection. These toxic secondary metabolites, produced
by certain lamentous fungi, pose a signi cant health risks to both humans and animals even at
ultra-trace concentrations [1, 2].

The term "mycotoxin” derives from the Greek wordsmykes (fungus) and toxicum (poison), signi-
fying its literal meaning: "fungal poison” [1]. These compounds, although not essential for fungal
growth or primary metabolic function [3, 4], are often synthesized as by-products under specic
environmental stressors, such as nutrient depletion or oxidative stress [5]. Their production may
confer ecological advantages, including protection against microorganisms, nematodes, insects,
animals, and humans, enhancing the fungi's ability to compete in their environment [3, 6, 7].

Functionally, mycotoxins constitute a diverse class of non-enzymatic, abiotic fungal metabolites
that present substantial risks to both human and animal health [4, 8, 9]. These toxic compounds
can in ltrate the food supply chain at multiple stages, ranging form crop growth to harvesting,
transport, storage, and post-processing [9]. Contamination occurs either directly, through fungal
proliferation on crops, or indirectly, via the incorporation of contaminated raw materials into
processed foods. Additionally, mycotoxins can bio-accumulate in animal products such as milk,
meat, and eggs when livestock consume contaminated feed, e ectively making animal-products
secondary exposure vectors [1, 10, 11].

The primary biological e ects of mycotoxins in higher vertebrates arise through ingestion, in-
halation, or dermal exposure, eliciting toxicological responses collectively termed mycotoxicoses
[4, 12]. These conditions are notably non-transmissible, unresponsive to conventional drug or an-
tibiotic therapies, and often exhibit a seasonal incidence pattern linked to environmental factors
[4]. Mycotoxicoses can result in a broad spectrum of acute and chronic health e ects, contingent
upon the nature and extent of exposure|including carcinogenic, mutagenic, and immunosup-
pressive outcomes [9]. A more detailed analysis of the speci ¢ health threats posed by the most
hazardous mycotoxins commonly found in maize and wheat is provided in Section 2.1.
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Beyond the severe health risks associated with mycotoxin poisoning, the economic impact of
contamination is equally profound. It is estimated that 20{25% of harvested fruits and veg-
etables are lost annually due to post-harvest fungal contamination, even in highly developed
agricultural economies [3]. In the United States alone, mycotoxin-related losses surpassed 1 bil-
lion USD per year, as early as the beginning of the 2000s [3]. Staple crops such as maize, wheat,
barley, and groundnuts are particularly susceptible, with up to 25% of global cereal produc-
tion a ected by mycotoxin contamination [4]. According to Mestertazy et al. [13], mycotoxin
contamination contributes to the loss of approximately 1:3 billion metric tons of food annually.
Beyond direct crop losses, contamination in animal feed presents additional challenges. When
livestock consume contaminated feed, mycotoxins can accumulate in animal-derived products,
creating secondary exposure risks for humans and moreover, compromising animal health, im-
pairing growth, and reduce overall productivity, leading to substantial nancial losses for the
livestock industry [9].

1.1.1 Some History On Mycotoxins

Throughout recorded history, several major outbreaks of human and animal diseases now rec-
ognized as mycotoxicoses have been documented. One of the earliest and most infamous was
ergotism or "St. Anthony's Fire" , reported in France as early as 943 AD. Caused by alkaloid
compounds produced byClaviceps purpurea(ergot) infecting rye and other cereals, ergotism led

to the deaths of thousands during the Middle Ages. Its cause, however, was not conclusively
identi ed until the 19 " century [1].

During World War II, Russia's Orenburg Province witnessed an outbreak of Alimentary Toxic
Aleukia (ATA) linked to the consumption of overwintered, moldy grain. The disease, charac-
terized by dermal necrosis, hemorrhaging, leucopenia, and bone marrow degeneration, reached
mortality rates of up to 60%. Later studies identi ed Fusarium poae Fusarium sporotrichioides,
and Cladosporium species as the primary causative molds [1].

Around the same time, Japan reported yellowed-rice syndrome involving severe liver damage
in animals fed mold-infected rice. Toxic compounds, later known as'yellow rice toxins", were
isolated and linked to Penicillium species, though broader scienti ¢ interest in mycotoxins re-
mained limited [1].

Although Aspergillus avus was known to cause ear mold in corn by 1920, its ability to pro-
duce highly toxic metabolites was not recognized until the 1960s [9]. The turning point came
with England's infamous "Turkey-X Disease", in which tens of thousands of turkey poults, duck-

lings, and other young farm animals died after consuming peanut meal contaminated by A.
avus [1, 9, 10]. Investigations uncovered a series of uorescent compounds|later identi ed as

a atoxins (AFLA)|responsible for the fatalities. This period marked a pivotal shift, establish-

ing mycotoxin research as a scienti ¢ priority and prompting the development of strategies to
regulate and mitigate fungal contamination in the global food supply.

1.1.2 Risks Posed By Mycotoxins

Following the discovery of a atoxins in poultry feed and the growing recognition of their severe
toxicological impact, research into mycotoxins|their biosynthesis, toxicology, and the environ-
mental conditions that promote their occurrence|emerged as a critical scienti c priority. To
date, over 400 distinct mycotoxins have been identi ed, although only approximately 30 are
considered to pose signi cant risks to human and animal health [14]. Notably, the mere pres-
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ence of mycotoxin-producing fungi in food does not necessarily indicate contamination, as toxin
biosynthesis is highly contingent upon speci ¢ environmental and physiological triggers [1]. Once
produced, however, mycotoxins are remarkably persistent, often remaining within the food ma-
trix even after the fungal colonies have been eliminated [1].

The fungal genera most commonly associated with mycotoxin contamination in the human
food chain include Aspergillus, Fusarium, Penicillium, Alternaria , Trichothecium, Cladosporium,
Byssochlamys and Sclerotinia [1, 12]. These fungi thrive on a wide variety of substrates and
under diverse environmental conditions, moisture levels, pH-levels, and temperatures [1]. Among
these, Aspergillus, Fusarium, and Penicillium species are the principal contributors to mycotoxin
contamination in the food supply chain [12], particularly a ecting staple commodities such as
cereal grains, fruits, nuts, and dairy products [1, 2].

Each of these fungal species can create a multitude of di erent mycotoxins. Among the most haz-
ardous toxins areA atoxin (AFLA), Patulin, Citrinin , Ochratoxin, Zearalenone (ZEA), Fumon-
isins (FUM), and the Trichothecene group|including Deoxynivalenol (DON), T-2, and HT-2
toxins [1]. These toxic compounds exhibit a remarkable diversity of molecular architectures, rang-
ing from simple heterocyclic structures with molecular weights as low as 50Da (g/mol) to highly
complex, multi-ring macromolecules exceeding 500Da. Their small size and structural variability
not only enable them to evade immune detection|contributing to their persistence in food and
feed|but also hinder e ective recognition and removal, thereby complicating mitigation e orts

[3]. Consequently, mycotoxin contamination often remains undetected until clinical symptoms
of mycotoxicoses emerge in a ected populations, underscoring the stealthy and persistent threat
posed by these fungal metabolites [3].

1.1.3 Mitigation Of Mycotoxins

E ective mycotoxin mitigation necessitates a comprehensive, multi-stage strategy that not only
targets contamination but also ensures continuous monitoring across the entire food production
process. This encompasses both pre- and post-harvest interventions, alongside integrated detec-
tion and monitoring systems capable of identifying mycotoxin presence at critical control points
within the supply chain.

In addition to preventive measures, emerging decontamination strategies|spanning chemical,
physical, and biological approaches|aim to neutralize or remove mycotoxins from contaminated
commodities. However, these latter methods remain largely experimental and currently fall short
of delivering scalable, safe, and cost-e ective solutions suitable for industrial deployment.

The following sections provide a concise overview of key mitigation techniques, outlining their
practical applications, technological maturity, and inherent limitations.

1.1.3.1 Pre-harvest

Pre-harvest interventions are critical in minimizing fungal colonization and subsequent myco-
toxin production. These include timely harvesting to reduce prolonged exposure to environ-
mental stressors, careful handling to prevent mechanical damage, and thorough drying to lower
moisture contentjan essential factor in suppressing fungal proliferation during storage [7, 14].
Additionally, sorting techniques, whether manual or automated via optical systems, facilitate
the removal of damaged or defective produce, which is inherently more vulnerable to fungal con-
tamination [3].

Complementing these immediate actions, agronomic best practices|such as optimized soil man-
agement, strategic crop rotation, and rigorous hygiene protocols to prevent cross-contamination
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via equipment|serve as proactive defenses against fungal infestation and mycotoxin synthe-
sis [14]. Nonetheless, exclusive reliance on such measures is often inadequate, particularly in
resource-constrained environments or under increasingly variable climatic conditions, highlight-
ing the need for adaptive mitigation frameworks and robust monitoring strategies.

1.1.3.2 Post-harvest

Post-harvest strategies constitute a vital second line of defense in mitigating mycotoxin contam-
ination. However, conventional processing methods|such as roasting|are largely ine ective, as
many mycotoxins possess exceptional thermal stability, allowing them to endure standard food
processing conditions without signi cant degradation [4, 14]. In response to these limitations, a
range of advanced physical decontamination techniques have been explored, including ozoniza-
tion, irradiation, and lItration. While these methods have demonstrated potential in reducing
mycotoxin levels, they frequently compromise the sensory qualities and nutritional value of food
products, thereby constraining their broader industrial applicability [14].

Chemical detoxi cation o ers a more direct approach to mycotoxin degradation. Agents such as
calcium hydroxide, ammonium hydroxide, and hydrogen peroxide have proven e ective in break-
ing down even the most stable compounds, such as a atoxins, by converting them into less toxic
or inert derivatives. Despite their demonstrated e cacy, the large-scale implementation of chem-
ical treatments remains limited by practical concerns|including high operational costs, the risk
of residual toxicity, and compliance with regulatory standards [15]. Thus, while chemical detoxi-
cation holds promise, its industrial scalability and safety pro le remain key barriers to adoption.

An alternative, and increasingly promising, route is biological detoxi cation|particularly mi-
crobial degradation. Certain microorganisms, such ad.actobacillus and Bi dobacterium , have
shown the ability to bind a atoxins, thereby reducing their bioavailability and toxicity [14].
Moreover, speci ¢ yeast strains exhibit antifungal activity capable of directly inhibiting fungal
growth and suppressing a atoxin biosynthesis at its source [14]. Although biological strategies
present an attractive, eco-friendly alternative, they remain largely experimental. Further re-
search is needed to optimize these methods for stability, e cacy, and cost-e ciency before they
can be viably scaled for widespread application across the food and feed supply chains.

While post-harvest interventions|including physical, chemical, and biological detoxi cation
strategies|can signi cantly reduce mycotoxin concentrations, none o er a fully e ective or scal-
able solution for complete decontamination at the industrial level. Owing to the chemical re-
silience of many mycotoxins and the complex, variable conditions under which they are produced
and persist, mitigation e orts must be reinforced by reliable monitoring. Continuous surveillance
is crucial for preventing contaminated products from entering the food and feed supply chains,
and ensuring regulatory compliance.

The following section introduces mycotoxin monitoring as the nalland arguably most crit-
icallcomponent of a holistic mitigation strategy, examining current detection methodologies,
their inherent limitations, and emerging innovations that aim to deliver accurate, real-time con-
tamination assessment at scale.

1.1.3.3 Mycotoxin Monitoring

Ensuring compliance with regulatory thresholds requires comprehensive, continuous monitoring
throughout all stages of food production and processing [16]. As of 2025, Liquid Chromatography-
tandem Mass Spectrometry (LC-MS/MS) and immunoassays such as Enzyme-Linked Immuno-
Sorbent Assays (ELISA) remain the gold standards for mycotoxin detection and surveillance
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[2, 17, 18]. Besides these, a wide range of chemical methods, immunological assays, and biosen-
sor technologies has been developed to identify and quantify mycotoxins in various food matrices.
Among these, chemical techniques o er the highest sensitivity for detecting multiple mycotox-

ins at ultra-trace levels [17]. However, these methods are inherently labor-intensive, costly,
and demand complex sample preparation, solvent-based extractions, and extensive laboratory
infrastructure [2, 19]. In contrast, immunological approaches provide faster, more accessible al-
ternatives but are limited by multiplexing challenges and cross-reactivity issues in complex food
matrices [20, 21, 22, 23, 24, 25]. Although biosensors represent a promising emerging technology,
they still face signi cant hurdles in reproducibility and cost-e ectiveness that hinder large-scale
implementation [2].

Moreover, these conventional detection methods are inherently destructive, rendering tested sam-
ples unusable after analysis [26]. Coupled with low throughput and high operational costs, such
limitations con ne their use to small, representative subsamples rather than enabling compre-
hensive, batch-wide screening [27]. As a result, chemical analyses typically yield an average
contamination estimate for the sampled subset|mitigating the in uence of outliers but often
failing to capture localized contamination spikes [26]. Given the heterogeneous distribution of
mycotoxins within food products [28], this sampling strategy can lead to a misrepresentation

of actual contamination levels across the broader supply chain. This not only contributes to
unnecessary food waste and economic losses but also fails to ensure the complete exclusion of
contaminated products, thereby perpetuating ongoing food safety risks [16].

The limitations of current mycotoxin monitoring methods|namely their destructive nature,

low throughput, and dependence on costly, labor-intensive procedures|underscore the urgent
need for alternative technologies that enable accurate, real-time contamination assessment. To
meet this need, non-destructive, high-throughput approaches have gained increasing attention,
with optical spectroscopy emerging as a particularly promising candidate.

1.2 Optical Spectroscopy For Agrifood

Optical spectroscopy|encompassing ultraviolet (UV), visible (VIS), and near-infrared (NIR)

re ectance and transmittance spectroscopy, as well as uorescence spectroscopy, among oth-
ers|o ers a powerful, non-invasive platform for material identi cation and characterization.
These techniques exploit the interaction between light and matter to capture distinct spectral
signatures that re ect a sample's chemical composition and physical properties [29]. The core
principle involves wavelength-selective absorption, scattering, and emission of light, correspond-
ing to electronic, vibronic, or Ro-vibronic transitions within the molecular structure of the ma-
terial.

Identi cation can be achieved either through the analysis of light emitted intrinsically by the
sample|as in uorescence spectroscopy|or through the interrogation of externally sourced light
that is re ected, refracted, scattered, or absorbed by the sample matrix. Each modality yields
a unique spectroscopic ngerprint, enabling accurate detection and classi cation of target com-
pounds. A more detailed discussion of these techniques and their speci ¢ applications in myco-
toxin detection is presented in Section 2.5.2.

Optical spectroscopy is particularly well-suited for seamless integration into both food sorting
systems and handheld devices, enabling real-time, non-destructive monitoring in in-line indus-
trial and in- eld agricultural settings [16]. In food sorting systems, items are transported over

a conveyor belt where they are illuminated by lasers or LEDs at discrete wavelengths. The re-
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sulting re ected, scattered, or uorescent light is collected via lenses and mirrors and directed
toward photodetectors or imaging sensors. To ensure industrial feasibility while enabling in-line
processing, only a limited set of wavelengthsjtypically 8 to 10Jis monitored [30]. A central
processing unit analyzes the spectral data in real time to determine whether each item meets
prede ned quality criteria. Contaminated items are promptly removed using targeted air jets,
allowing for item-level precision without reliance on bulk-sample testing.

Handheld devices, typically miniaturized grating-based or lter-based spectrometer modules, en-
able portable and on-site analysis [16]. Although compact hyperspectral analyzers exist, their
high cost often makes it more economical to restrict analysis to a limited set of wavelengths.

Spectroscopic food sorting systems are already widely deployed in industrial production lines
for quality control and foreign object detection [31]. They are particularly prevalent in the pro-
cessing of staple crops such as maize, rice, soybeans, and potatoes, where they are used to detect
fungal infections, adulterants, ripeness, and internal defects [31, 32]. Beyond structural assess-
ment, spectroscopic platforms have demonstrated high sensitivity for detecting speci ¢ chemical
compounds at trace levels [33].

1.2.1 Challenges In Mycotoxin Detection

Returning to the primary focus of this thesis|the in-situ monitoring of mycotoxins on corn and
wheatl|it is pertinent to ask whether spectroscopic techniques can provide a viable solution. A
substantial body of research has explored this very question, demonstrating the feasibility of de-
tecting mycotoxins directly or indirectly on food matrices without the need for analyte extraction

or chemical preprocessing. Various spectroscopic modalities have shown promise for non-invasive
detection, and a detailed overview of the current state-of-the-art is presented in Section 2.5.

Despite considerable progress, several critical challenges persist. These can be broadly grouped
into three categories: (1.2.1.1) challenges related to sample complexities, (1.2.1.2) challenges in
model development, and (1.2.1.3) challenges concerning industrial viability.

1.2.1.1 Sample Complexities

One of the primary obstacles arises from the complex nature of the sample matrix and the desire
to implement in-situ measurements. Mycotoxins typically occur in ultra-trace concentrations and
generate weak spectroscopic signals that are often masked by the dominant background response
of the food-matrix itself. In corn and wheat, this background is shaped by major biochemical
constituents such as starch, chlorophyll, and naturally uorescent compoundsjincluding tryp-
tophan, ribo avin, tyrosine, and phenylalanine [34]. Consequently, the subtle spectral signatures
of mycotoxins are frequently obscured, making direct detection highly challenging.

Moreover, not all mycotoxins exhibit strong intrinsic optical responses. For example, uorescence
spectroscopy is well-suited for detecting a atoxins due to their inherent uorescence. In contrast,
compounds such as deoxynivalenol lack signi cant native uorescence, making this modality un-
suitable for their direct detection.

In such cases, identi cation instead relies on indirect spectral markers|matrix-level changes as-
sociated with the biosynthetic activity of fungi during toxin production [31]. These secondary
alterations, including protein degradation and shifts in lipid and carbohydrate content, can serve
as useful proxies for contamination. However, they introduce additional analytical complexity
and necessitate the use of naturally contaminated samples. Arti cially spiked samples do not
reproduce these biochemical alterations, and are therefore insu cient for building models for the
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in-situ monitoring of mycotoxins. This signi cantly restricts the range of usable samples, as only
naturally occurring concentrations and toxin compositions can be utilized; it is not possible to
generate controlled samples at arbitrary concentrations or compositions.

1.2.1.2 Model Development Di culties

Given these obstacles, one might reasonably conclude that in-situ spectroscopic detection of
mycotoxins isn't feasible. However, the application of chemometrics|a suite of multivariate
data analysis techniques|has proven instrumental in extracting meaningful insights from high-
dimensional and noisy spectral data. Through mathematical and statistical modeling, chemo-
metric methods uncover hidden patterns and relationships, transforming raw spectra into inter-
pretable and actionable information [35].

Building upon this foundation, advanced machine learning techniques o er an even more powerful
and exible framework for decoding subtle spectral variations linked to mycotoxin contamination
[30]. By training classi cation and regression models on labeled datasets, ML algorithms can
e ectively di erentiate between contaminated and uncontaminated samples|even when spectral
di erences are indirect, subtle, and context-dependent. In doing so, ML signi cantly extends the
capabilities of traditional chemometric approaches.

Despite their potential, ML-based spectroscopic systems for mycotoxin detection face signi cant
hurdles|chief among them, the limited availability of labeled training data. Building robust

and generalizable models requires large and representative datasets paired with accurate chemi-
cal reference measurements to establish ground-truth contamination levels. However, collecting
such datasets is both resource-intensive and time-consuming, often limiting the number of viable
training samples to only a few dozen.

Compounding the challenge is the inherently heterogeneous distribution of mycotoxins. While
chemical analysis techniques require tens of grams of material and thus provide only an averaged
contamination level, spectroscopic measurements probe localized regions of the sample. This
mismatch introduces ambiguity, as the locally measured concentrations may di er signi cantly
from the batch-level reference values used as ground truth during model training.

As a result, most successful applications to date have focused on classi cation models, par-
ticularly those designed for binary sorting based on prede ned thresholds of total mycotoxin
content. However, a more selective subdivision of individual mycotoxins is required for food
safety monitoring compliant with regulatory frameworks.

Furthermore, in contrast to classi cation, regression models|which aim to provide quantitative
estimates of contamination|are considerably more challenging to develop due to their higher
data requirements and the need for ne-grained ground truth labels [31]. Consequently, research
in this area remains comparatively limited.

Another challenge lies in the selection of an appropriate learning algorithm, which involves bal-
ancing competing demands such as model complexity, processing speed, accuracy, and selectivity.
Highly complex models may o er improved performance but often at the cost of computational

e ciencylfactors that are crucial for real-time applications. Conversely, simpler models may
generalize better on small datasets and enable faster deployment, but they risk reduced sensitivity
to subtle spectral variations. As such, algorithm selection remains a critical design decision that
must be tailored to both the application context and the practical constraints of the detection
system.
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1.2.1.3 Industrial Viability

Another critical factor is the feasibility of deploying these techniques in industrial settings. While
laboratory-grade spectrometers can record full-spectral data across hundreds of wavelengths,
practical implementation in food sorting systems or handheld devices is constrained by hardware
limitations. As noted earlier, commercial systems often operate using only a limited number of
discrete wavelengths|typically between 8 and 10.

This constraint highlights the importance of feature selection: the process of identifying the
most informative wavelengths for model training. By selecting only the key spectral features, it
becomes possible to maintain detection performance comparable to full-spectrum models while
signi cantly reducing system complexity, data acquisition time, and computational overhead.
This is crucial for industrial integration and improves both scalability and interpretability [16].

A nal challenge is ensuring that the model's detection accuracy meets regulatory thresholds for
mycotoxin contamination|without such compliance, adoption by the food industry is unlikely.

1.3 Objectives

Mycotoxin contamination poses a persistent threat to public health and results in substantial
economic losses within the agrifood sector. While conventional chemical and immunological
methods o er high analytical accuracy, they are typically slow, destructive, and unsuitable for
large-scale, real-time monitoring. This has created a pressing need for innovative detection ap-
proaches that are non-invasive, rapid, and compatible with high-throughput work ows. Although
spectroscopic techniques face challenges such as weak analyte signals, matrix interference, lim-
ited availability of annotated data, and hardware constraints, recent advances in instrumentation
and data-driven modeling have begun to overcome these obstacles, o ering a viable path toward
practical implementation.

Chemometric methods enable the extraction of relevant information from complex spectral pro-
les, while machine learning enhances detection capabilities by identifying subtle, indirect spec-
tral signatures. Additionally, feature selection helps reconcile the trade-o between detection
accuracy and hardware feasibility, supporting the development of scalable, high-throughput, and
industry-ready solutions. Together, these innovations are poised to transform spectroscopic my-
cotoxin detection from a laboratory-bound technique into a practical tool for real-world food
safety monitoring.

This thesis aims to address these challenges by exploring the potential of optical spectroscopy
platforms enhanced with machine learning techniques to detect multiple mycotoxins simultane-
ously on both corn and wheat. The primary objectives of this research are to:

1. Assess The State-of-the-Art  : Perform a comprehensive evaluation of current detection
methodslincluding chemical, immunological, biosensor, and spectroscopic approaches|by
examining their e ectiveness, benets, and drawbacks. Particular focus will be given to
techniques enabling multiplexed detection, which allow for the simultaneous identi cation
of multiple mycotoxins.

2. Optical Spectroscopic Measurements : Compose samples from corn and wheat refer-
ence standards, contaminated with multiple mycotoxins and develop an extensive spectro-
scopic dataset, encompassing a variety of measurement techniques, including uorescence
and upconversion uorescence acquired under multiple excitation wavelengths and powers,
as well as re ection spectroscopy spanning the UV-VIS and NIR spectral regions. This
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comprehensive dataset will serve as the foundational basis for the subsequent development,
optimization and evaluation of advanced detection models.

3. Evaluate Classi cation And Regression (Models) : Develop robust classi cation and
regression models by integrating chemometric analysis with advanced machine learning
algorithms. These models will be designed to simultaneously detect multiple mycotoxins in
corn, wheat, or combined corn and wheat samples. The performance of the various spectral
datasets will be compared to identify the most informative spectroscopic platforms, and
complementary data will be merged to determine the optimal detection framework. The
nal models will be rigorously evaluated by benchmarking against current state-of-the-art
detection methods.

4. Implement Wavelength Selection . Investigate and apply advanced feature selection
techniques to reduce spectral complexity and data dimensionality. This approach seeks to
balance detection sensitivity with system simplicity, ultimately tailoring the platform for
industrial integration.

In summary, this thesis aims to bridge the gap between analytical precision and

industrial feasibility by developing an advanced spectroscopic detection framework

for multi-mycotoxin identi cation on both corn and wheat. By leveraging mul-

tiple spectroscopic modalities| uorescence, upconversion uorescence, UV-VIS,

and NIR re ectance spectroscopy|this work seeks to establish a robust, high-

throughput detection platform. Central to this e ort is the collection of a comprehensive
spectroscopic dataset, enabling the rigorous evaluation of various machine learning models to
identify the most e ective approach for both single and multiplexed mycotoxin detection. A
key challenge addressed in this work is the reduction of spectral complexity, with a focus on
optimizing feature selection to limit the number of analyzed wavelengths to align with indus-
trial standards for real-time food sorting applications, while merging information from various
complementary modalities. Finally, the performance of the developed detection framework will
be critically benchmarked against existing state-of-the-art methods, ensuring compliance with
regulatory standards and assessing its practical implementation potential for large-scale food
safety monitoring.
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1.4 Overview Of The Thesis

This thesis is organized into several interlinked chapters, each contributing a key component
to the overall research framework. Figure 1.1 presents a high-level schematic of the work ow,
illustrating the progression from sample synthesis through spectral data acquisition and prepro-
cessing, to the development of classi cation and regression models, each integrated with feature
selection. A detailed discussion on each of these aspects will be given in the following chapters.

Figure 1.1: Schematic overview of the thesis work ow. From sample synthesis through re ectance
and uorescence spectral acquisition, the work ow branches into classi cation and regression
pathways, each incorporating preprocessing and feature selection steps.

A breakdown of the content of each chapter is given below:

" Chapter 1: Introduction; The introductory chapter contextualizes the mycotoxin con-
tamination issue within the agrifood industry, emphasizing the health risks, economic im-
plications, and the need for improved detection methods. It provides an overview of tra-
ditional and emerging mycotoxin detection approaches and introduces the motivation for
exploring optical spectroscopy as a viable alternative. The objectives of the research are
outlined, along with the key challenges that must be addressed.

Chapter 2: Literature Review; This chapter provides an in-depth analysis of the
current body of knowledge surrounding mycotoxin contamination in corn and wheat. It
begins by examining the diverse range of mycotoxins, their growth conditions, and the
resultant health implications, while also addressing the complex interactions arising from
co-contamination. Next, it reviews the regulatory settings for mycotoxins in both the EU
and US, providing the baseline performance benchmarks.

Thereafter the chapter critically evaluates the state-of-the-art in mycotoxin detection by
discussing both established methodologies (such as liquid chromatography and immunoas-
says) and emerging technologies, including bio-chip solutions and optical spectroscopy.
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Finally, it explores the theoretical foundations of various spectroscopic platforms, machine
learning classi cation and regression models, and advanced feature selection techniques
aimed at reducing spectral complexity.

Chapter 3: Materials and Methods; This chapter begins by outlining the overall
work ow of the thesis, presenting the experimental roadmap. In the second part, a de-
tailed discussion of sample preparation|using certi ed reference standards|is provided.
This is followed by a description of the experimental setups, including both small and
large integration spheres for broadband di use re ection spectroscopy and a tunable laser
con guration for uorescence measurements, along with the corresponding measurement
methodologies used across both modalities. The chapter then presents a comprehensive
visualization and analysis of the acquired spectral data, highlighting the impact of various
measurement parameters and establishing a solid foundation for the subsequent develop-
ment and evaluation of predictive models.

Chapter 4: Classi cation Models; This chapter focuses on the development and op-
timization of machine learning{based classi ers for multi-mycotoxin detection using spec-
troscopic data. It begins by outlining the initial state of the project prior to the thesis
work and explains how this context informed the decision to adopt a Leave-One-Sample-
Out Cross-Validation strategy. The chapter then presents the model architecture search
and identi es the most e ective classi ers, followed by a critical benchmarking of their
performance relative to the current state-of-the-art. Special emphasis is placed on feature
selection techniques, which are used to reduce model complexity by isolating the most in-
formative wavelengths. The resulting trade-o between model performance and complexity
is analyzed in detalil.

Chapter 5: Regression Models; This chapter follows a parallel approach to the prior
chapter, now looking into regression model development. It begins by presenting the prepro-
cessing and model-search process, followed by a detailed discussion of the best-performing
regressors, with performance critically compared to the current state-of-the-art. In the
nal stage, feature selection is revisited as a strategy to reduce input dimensionality while
preserving predictive accuracy.

Chapter 6: Validating Model Performance; In this penultimate chapter, the gener-
alizability of the developed classi cation models is evaluated using a newly composed set
of validation samples. These samples were prepared from independently sourced reference
materials, entirely distinct from those used during model training. The chapter begins by
detailing the composition and spectral properties of these novel samples, followed by an as-
sessment of model performance on this external dataset. This nal validation experiment
provides critical insight into the model's ability to generalize beyond the narrowly de-
ned training domain, and assesses whether toxin-speci ¢ spectral features were e ectively
learned in the presence of broader biological variability.

Chapter 7: Concluding Remarks & Future Perspectives; This nal chapter re-
ects on the key outcomes of the thesis, examining both classi cation and regression mod-
els alongside the trade-o s introduced by spectral feature selection. It underscores the
strengths and limitations of the developed models and proposes avenues for future research
to further enhance performance, scalability, and real-world applicability.
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Chapter 2

Mycotoxin Monitoring: A
Literature Review

Building on the introduction's emphasis on the critical need for improved mycotoxin detection
platforms, this chapter delivers a comprehensive review of the principal mycotoxins of concern,
the regulatory thresholds that de ne minimal performance requirements, and the current state-of-
the-art in available detection technologies. We critically assess both conventional methods|such
as chemical chromatography and immunoassays|and emerging approaches like biosensors and
optical sensors, systematically highlighting their respective strengths and intrinsic limitations.
Through this analysis, we establish the motivation for using optical spectroscopy as a promising
non-invasive alternative, and a detailed state-of-the-art is presented. The fundamental operating
principles of key spectroscopic modalities are thereafter outlined, alongside an in-depth discussion
of the advanced chemometric and machine learning models used for mycotoxin detection from
the spectral data. This integrated review forms the conceptual and technical foundation for the
experimental and methodological advancements presented in the subsequent chapters.

2.1 Mycotoxins On Maize & Wheat

Cereal crops such aZea mays(maize, also referred to as corn) andriticum aestivum (wheat) are
highly susceptible to mycotoxin contamination, posing a signi cant challenge to food safety. The
most common mycotoxins a ecting these crops includea atoxins (AFLA), fumonisins (FUM),
deoxynivalenol(DON), and zearalenone(ZEA), as well as ochratoxin A (OTA) and T-2 and HT-2
toxins [1]. Contamination can arise at multiple critical stages of production: pre-harvest, during
harvest and drying, and throughout post-harvest storage [1, 9]. Environmental factors such as
high humidity, drought stress, and physical damage to kernels|resulting from insect infestation
or mechanical handling|signi cantly amplify the risk of fungal colonization and subsequent
mycotoxin production [9]. Moreover, ongoing climatic shifts are expected to further exacerbate
these stress conditions, potentially increasing the global occurrence and severity of mycotoxin
contamination [10].

The global prevalence of mycotoxin contamination in maize is well-documented. A survey of
11,237 samples collected from 75 countries between 2014 and 2017 revealed that 9266 the

1This includes not only samples with contamination levels exceeding legal limits, but also those containing
trace amounts.
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samples contained at least one mycotoxin, with many exhibiting co-contamination by multiple
toxins [9]. Among these FUM was the most frequently detected, present in 82% of samples at a
median level of 14mg/kg, with some samples reaching as high as 17@mg/kg. A atoxins were
detected in 24% of the samples, with concentrations as high as4g/kg in some cases. Addition-
ally, ZEA and DON were found in 49% and 72% of samples, respectively, with median levels of
76 g/kg and 581 g/kg respectively. Such widespread contamination underscores the challenge
of ensuring food safety in both domestic and international markets.

The following subsections introduce the key mycotoxins relevant to this thesis|AFLA, DON,
ZEA, FUM, OTA, and T-2/HT-2|detailing the producing fungal species, the toxin structures,
toxicological e ects, and spectroscopic properties. Additionally, critical environmental and bi-
ological factors in uencing mycotoxin biosynthesis will be discussed. Finally, the phenomenon
of co-contamination|where multiple mycotoxins coexist within the same food matrix|will be
examined, with particular emphasis on potential synergistic e ects on health.

2.1.1 A atoxin (AFLA)

Genus Aspergillus comprises over 300 identi ed species [4], although only a limited subset pro-
duces mycotoxins. Among these, a atoxins (AFLA) are the most signi cant, primarily produced
by Aspergillus avus and Aspergillus parasiticus with Aspergillus nomius contributing to a lesser
extent [1]. A atoxins are among the most potent natural hepatocarcinogens, exhibiting both
acute toxicity and signi cant carcinogenic potential [9]. Epidemiological evidence also indicates
a synergistic e ect between a atoxin exposure and hepatitis-B virus infection, signi cantly el-
evating the risk of hepatocellular carcinoma [3, 36]. Beyond carcinogenicity, a atoxins exert
immunosuppressive, mutagenic, and teratogenic e ects, further underscoring their severe impact
on health [9].

Over 20 distinct types of a atoxins have been identi ed, among these, four primary forms|B 1,
B,, G, and G;|are the most frequently detected in contaminated foods and animal feed [1, 12].
The labels "B" and "G" correspond to the characteristic blue and green uorescence emitted
under ultraviolet (UV) light, while the subscript numbers distinguish major and minor variants
[1, 12, 22]. A atoxin B ; (AFB ;) is notably the most toxic and carcinogenic of the group, classi-
ed as a group one carcinogen by the International Agency for Research on Cancer (IARC) [9].

The chemical structure of AFB; is 2,3,6a,9a-tetrahydro-4-methoxyc-yclopenta[c]furo[2,3:4,5]furo
[2,3-h]chromene-1,11-dione, with formulaC;7H 1,06 [37]. The molecular structures of AFB;,
AFB,, AFG; and AFG, are shown in Figure 2.1.

Figure 2.1: The molecular structure of the 4 main
a atoxin forms: AFB 1, AFB,, AFG 1, and AFG; [4].
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Spectroscopically a atoxins strongly absorb light in the 200-250nm range and between 300 and
400nm, with a prominent absorption peak around 365nm. Their uorescence emission typically
spans the 400-500nm range, peaking near 440nm, although the exact emission characteristics
depend on the excitation wavelength used and environment of the toxins [30, 38, 39].

2.1.2 Ochratoxin A (OTA)

Penicillium species are commonly observed as blue-green, powdery molds on corn kernels, with
Penicillium Oxalicum particularly associated with ear rot in the eld [9]. Unlike Aspergillus,
Penicillium species are more prevalent in cooler climates and can proliferate at grain mois-
ture levels as low as 16% to 17%, making them prominent contaminants in stored grain [9]. The
genusPenicillium produces a wide range of mycotoxins, notably patulin and ochratoxins [12, 40].
Ochratoxins (OTs) are synthesized primarily by Penicillium verrucosum, as well as by several
Aspergillus species, includingAspergillus ochraceusand Aspergillus carbonarius [41].

Among the various forms synthesized, ochratoxin A (OTA) is the most prevalent and toxicolog-
ically signi cant. OTA is frequently detected in cereals, co ee, dried fruits, and red wine, and

it is of particular concern due to its potent nephrotoxic e ects [42]. It has been implicated as
a possible human carcinogen and is associated with kidney damage; notably, exposure to OTA
has been linked to Balkan endemic nephropathy|a fatal chronic renal disease observed in parts
of Eastern Europe.

OTA has a molecular formula C,oH15CINO¢ and its chemical structure is depicted in Figure 2.2.
Its IUPAC name is N-[(3R)-5-chloro-8-hydroxy-3-methyl-1-ox0-3,4-dihydro-1H-isochromen-7-yl]
carbonyl-L-phenylalanine [43]. This complex structure features an isochromenone core linked via
a carbonyl group to L-phenylalanine, combining both lipophilic and polar elements. The pres-
ence of a chlorine atom, a hydroxyl group, and other functional moieties contributes to OTA's
stability and biological reactivity [43]. Spectroscopically OTA shows intrinsic uorescence with
absorption in the 301-395nm range, and broad emission in the range 400-475nm [44, 45].

Figure 2.2: The molecular structure of ochratoxin A (OTA) [43].

2.1.3 Fusarium Toxins

The genusFusarium comprises a diverse array of toxigenic fungi that signi cantly impact cereal
crops such as maize and wheat [46]. Globally, at least 22 toxigenieusarium species have been
identi ed on these crops, with their distribution varying by geographic latitude [9]. One partic-
ularly prominent species, Fusarium graminearum, is the primary causative agent of Gibberella
ear rotjor "red ear rot" |in corn, a disease that typically initiates at the ear tip and spreads to
produce extensive red or pink mold throughout the kernel, thereby threatening crop quality and
yield [9, 47].

In addition to eld infections, post-harvest conditions play a critical role in the proliferation of
Fusarium species. Suboptimal storage conditions, especially when grain moisture exceeds 19%,
facilitate fungal growth and mycotoxin production, thereby amplifying food safety risks [9, 46].
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Furthermore, Fusarium species synthesize a wide array of mycotoxins, over 200 distinct com-
pounds, including trichothecenes|such as deoxynivalenol (DON), T-2, and HT-2 toxins|as well
as zearalenone (ZEA) and fumonisins (FUM) [4, 9].

2.1.3.1 Deoxynivalenol (DON)

Among the various trichothecenes, deoxynivalenol (DON), commonly known ag/omitoxin, is one
of the most frequently detected mycotoxins in maize and wheat. Despite being one of the less
toxic trichothecenes, it still poses signi cant health risks, particularly to livestock. It disrupts
protein and DNA synthesis, leading to reduced feed intake and impaired growth rates in animals
[46]. Swine are especially sensitive to DON exposure, with feed refusal commonly occurring at
dietary concentrations of approximately 8mg/kg [3]. In humans, DON has been associated with
alimentary toxic aleukia (ATA), a severe illness historically documented in the former USSR
(Union of Soviet Socialist Republics) [9].

Chemically DON is classied as 12,13-epoxy-3,4,15-trihydroxytrichothec-9-en-9-one [48], with
its molecular structure depicted in Figure 2.3. Spectroscopically, it exhibits no intrinsic uores-
cence; consequently, detection via uorescence modalities relies exclusively on indirect signatures
arising from matrix alterations associated with mycotoxin metabolism [49].

Figure 2.3: The molecular structure of Deoxynivalenol (DON) [4].

2.1.3.2 T-2 And HT-2 Toxins

T-2 and HT-2 toxins are also trichothecenes produced primarily by variousFusarium species, in-
cluding Fusarium sporotrichioides, Fusarium langsethiae Fusarium acuminatum, and Fusarium
poae[42]. These toxins are commonly detected in cereals such as oats, barley, and wheat. Both
pose signi cant health risks due to their high cytotoxic and their disrupting nature to DNA and
RNA synthesis, a ecting rapidly dividing cells in the gastrointestinal tract, skin, and lymphoid
tissues [4]. Moreover, T-2 toxin is capable of being absorbed through the skin as well as by
ingestion of contaminated grains, thereby increasing exposure risks via both dietary and dermal
routes. In addition to DON, T-2 toxin was one of the primary agents linked to the 1940 outbreak
of ATA in Russia [1].

Chemically T-2isknown as (2; 3; 4; 8 )-4,15-bis(acetyloxy)-3-hydroxy-12,13-epoxytrichothec-
9-en-8-yl 3-methylbutanoate, the chemical structure of the toxin is shown in Figure 2.4. HT-2 is
structurally de ned as 2-(acetyloxymethyl)-10,11-dihydroxy-1,5-dimethylspiro[8-oxatricyclododec-
5-ene-12,2'-oxirane]-4-yl 3-methylbutanoate. The trichothecene core shared by both toxins is
primarily responsible for the potent biological activity of the mycotoxins [4]. Just like was the
case for DON, T-2 and HT-2 toxins exhibit little to no intrinsic uorescence, requiring indirect
detection through matrix alterations [49].
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Figure 2.4: The molecular structure of T-2 [4].

2.1.3.3 Zearalenone (ZEA)

Zearalenone (ZEA) is another mycotoxin produced byFusarium species, with contamination
typically occurring under cool, moist conditions either pre-harvest or during inadequate storage
[4]. The primary toxicity of ZEA stems from its strong estrogenic activity, due to its structural
similarity to endogenous estrogens [9].

Chemically, ZEA is known as 6-(10-hydroxy-6-oxo-trans-1-undecenyl)--resorcylic acid lactone,
with the molecular formula C;gH 2,05 [9]. The molecular structure of ZEA is shown in Figure 2.5.
ZEA exhibits signi cant heat stability, withstanding temperatures exceeding 150 C. Degrada-
tion is only observed under extreme conditions, such as very high temperatures or exposure to
alkaline environments [4].

Spectroscopically it exhibits blue-green uorescence when excited by long wavelength UV light
(8360nm) and a more intense green uorescence when excited with short wavelength UV light
(260nm) [22]. In methanol, ZEA exhibits absorption maxima at 236, 274, and 316nm, with
maximum uorescence emission at 450nm when excited at 314nm [50].

Figure 2.5: The molecular structure of Zearaleone (ZEA) [4].

2.1.3.4 Fumonisins (FUM)

Lastly, we present Fumonisins (FUM). These toxins are produced by at least 16 fungal species,
most of which belong to the Fusarium genus [51]. FUM is commonly found in maize [4, 9], where
contamination typically occurs before harvest or shortly afterwards, especially during the early
stages of storage [4]. In addition to maize, FUM has also been detected in lesser amounts in
other crops such as wheat, barley, rice, and co ee beans [10, 52].

Fumonisins are primarily recognized for their toxicity in animals [9, 53]. Regarding human health,
early research established a strong correlation between fumonisin contamination and esophageal
cancer [9]. Today, fumonisin B (FB1) is classi ed as a Group 1 carcinogen by the International
Agency for Research on Cancer [53].
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From a chemical perspective, fumonisins are a family comprising at least 28 polyketide-derived,
non uorescent mycotoxins, with a structure similar to sphinganine [4, 10]. Among these, Fu-
monisin B; (FB1), B, (FB>), and B3 (FB 3) are the most prevalent and thoroughly studied [9, 10].
FB, is chemically de ned as 1,2,3-propane-tricarboxylic-acid,1,1-[1-(12-amino-4,9,11-trihydroxy-
2-methyl-tridecyl)-2-(1-methylpentyl)-1,2-ethane-diyl]ester [4, 9]. Its complex chemical structure
is shown in Figure 2.6. These toxins are also heat stable, and only signi cantly reduce in abun-
dance at temperatures exceeding 22 [51], and there is little degradation during fermentation
processes [4]. Just like was the case for the other trichothecenes, FUM does not exhibit signi cant
intrinsic uorescence.

Figure 2.6: The molecular structure of Fumonisin B, (FB1) [4].

2.1.4 Multi-mycotoxin: Co-contamination

Until now, our discussion has focused on the individual e ects of mycotoxins|namely AFLA,
DON, ZEA, FUM, OTA, and T-2/HT-2. However, when multiple mycotoxins co-occur, they can
interact in additive, synergistic, or antagonistic ways, often amplifying their toxic e ects beyond
the impact of individual toxins [7, 53]. This phenomenon is particularly common in maize and
wheat, where Aspergillus, Penicillium, and Fusarium species ourish, frequently resulting in the
simultaneous detection of for example AFB and FB; [53].

Such co-contamination not only complicates the detection process but also raises serious con-
cerns about the heightened health risks associated with combined mycotoxin exposure [7]. These
interactions further intensify the challenges of ensuring the safety of food and feed products, and
highlights the need for methods capable of multiplexed mycotoxin detection and monitoring.

For example, studies have demonstrated that while DON and FB individually caused only
marginal reductions in weight gain in pigs, their combined presence resulted in a marked syner-
gistic e ect, signi cantly impairing growth [7, 54]. In contrast, the co-occurrence of DON and
FB; in chickens showed an additive e ect on growth reduction, highlighting species-speci c dif-
ferences in toxin interactions [7, 55]. The interaction between DON and ZEA has been observed
to vary depending on concentration and biological systems, ranging from additive to synergistic
toxicity [7, 56, 57]. Additionally, AFB ; and FB; have shown antagonistic cytotoxic e ects in
certain cellular systems [7], conversely, AFB in combination with ZEA or DON has been re-
ported to enhance cytotoxicity [53], further illustrating the complexity and unpredictability of
these interactions.

Our understanding of the combined e ects of co-occurring mycotoxins remains limited, under-
scoring the need for further research. Advancing analytical methods capable of simultaneously
detecting multiple mycotoxins is crucial for improving risk assessment and ensuring food safety.
However, existing regulations primarily focus on individual mycotoxins, overlooking their po-
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tential interactions. As research progresses, it is likely that regulatory frameworks will evolve
to impose stricter limits not only on individual mycotoxins but also on multi-mycotoxin con-
tamination. Therefore, any platform developed for industrial applications should be designed
with future compliance in mind, o ering robust multi-mycotoxin monitoring capabilities at ever
decreasing concentration tersholds.

The following section outlines the current regulatory limits for mycotoxin contamination rel-
evant to this thesis, focusing on speci ¢ toxin/matrix combinations. For maize, thresholds for
AFLA, DON, ZEA, and FUM are reviewed, while for wheat, the established limits for DON,
T-2, HT-2, and OTA are examined across both European and American markets.

2.2 Regulation Of Mycotoxins On Maize And Wheat

Regulatory limits for mycotoxins in corn and wheat vary considerably across regions, re ect-
ing di erences in food safety priorities, legislative frameworks, and monitoring capabilities [7].
Both the regulatory commission of the European Union (EU [58]) and the United States Food
and Drug Administration (US-FDA [59]) have set action levels to account for the unavoidable
presence of these toxins in the food supply chain. Table 2.1 summarizes the limits for human
consumption established by the EU for a atoxins (AFLA), deoxynivalenol (DON), fumonisins
(FUM), and zearalenone (ZEA) in unprocessed and ground corn, as well as the limits for DON,
ochratoxin A (OTA), T-2, and HT-2 in unprocessed and ground wheat. Table 2.2 presents the
corresponding thresholds set by the US-FDA, which indicate levels above which legal action may
be taken to prevent contaminated products from reaching the market. Although the FDA has
updated guidelines to warn for toxins such as T-2, HT-2, OTA, and ZEA, no o cial action levels
have as of yet been established for these toxins.

Current regulations in both the EU and US focus on individual mycotoxins, overlooking the
increased risks associated with co-occurring toxins. Research has demonstrated that synergistic
or additive e ects from multiple mycotoxins can pose a greater threat to human and animal
health than individual contaminants alone [7, 53]. Although the FDA has recently incorporated
multi-mycotoxin monitoring into its compliance program, it has not yet established speci ¢ mea-
sures to prevent co-contamination from exceeding safety limits.

Since our research is conducted within the European Union, the EU Commission's maximum
permissible levels serve as our critical benchmark. Any mycotoxin detection technique must
achieve, at a minimum, the sensitivity required to comply with these regulatory thresholds. For
maize intended for human consumption, the EU allows a maximum of 4g/kg (ppb) for total

a atoxins, with a stricter limit of 2 g/kg speci cally for AFB ;. The allowable level for deoxyni-
valenol (DON) in unprocessed maize is 1250g/kg, while fumonisins (FUM) and zearalenone
(ZEA) are limited to 4000 g/kg and 350 g/kg, respectively. For ground wheat the limit for
DON is set at 1000 g/kg, ochratoxin A (OTA) is restricted to 5 g/kg, and the combined limit
for T-2 and HT-2 toxins is limited to 20 g/kg.
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Regulatory limits for A atoxins (AFLA) in maize under EU legislation
Mycotoxin Commodity B1 Limit Sum of B 1, By, References
[ g/kg] Gi1, G2 [ gkg]

A atoxins (AFLA) Unprocessed cereal grains 2 4 2023/915

Maize our, bran, or germ 2 4 2023/915
Regulatory limits for other mycotoxins in maize under EU legislation
Mycotoxin Commodity { Regulatory Reference
Limit [ g/kg]

Deoxynivalenol (DON) Unprocessed maize grains { 1250 2023/915
Processed maize products { 750 2023/915
Maize for popping and popcorn { 750 2024/1022

Fumonisins (FUM) Unprocessed maize grains { 4000 2023/915
Processed maize-based foods { 1000 2023/915

Zearalenone (ZEA) Unprocessed maize grains { 350 2023/915
Maize snacks and cereals { 100 2023/915

Regulatory limits for mycotoxins in wheat under EU legislation

Deoxynivalenol (DON) Unprocessed cereal grains { 1000 2024/1022

Ochratoxin A (OTA) Unprocessed cereals { 5 2022/1370

Sum of T-2 and HT-2 Unprocessed cereal grains { 50 2024/1038
Milling products of cereals { 20 2024/1038

Table 2.1: Regulatory limits for mycotoxins in corn and wheat for human consumption as estab-
lished by the European Union's regulatory commission [58]. The table is organized into three
sections: one for a atoxins in corn, one for other mycotoxins in corn (DON, ZEA, FUM), and
one for toxins in wheat (DON, OTA, T-2, and HT-2).

Regulatory limits for mycotoxins in corn for the US-FDA
Mycotoxin Commodity Regulatory
Limit [ g/kg]
A atoxins (AFLA) Foods 20
Milk (a atoxin M 1) 0.5
Deoxynivalenol (DON) Finished corn products (e.g., our) 1000
Fumonisins (FUM) Degermed dry milled corn products 2000
(FB 1+FB 2+FB 3) Whole/partially degermed dry milled corn products 4000
Corn bran 4000
Corn for mass production 4000
Corn for popcorn 3000
Regulatory limits for mycotoxins in wheat for the US-FDA
Deoxynivalenol (DON) [ Finished wheat products (e.g., our, bran) [ 1000

Table 2.2: Regulatory limits for human consumption, set by the US-FDA [59], for mycotoxins
(AFLA, DON, FUM) in corn and wheat.

2.3 Chemical Platforms For Mycotoxin Detection

The enforcement of the maximum permissible levels|ranging from parts-per-billion to parts-
per-million range|requires the deployment of highly reliable and sensitive detection platforms
for monitoring mycotoxins in food and feed supply chains [2]. Moreover, as we learned contami-
nation is frequently multiplexed, with multiple mycotoxins present simultaneously on the same
produce, which necessitates detection methods capable of accurately identifying a spectrum of
toxins at once [19].

Traditionally, two primary approaches have been employed for mycotoxin detection. The rst
relies on chemical chromatographic techniques, renowned for their high precision and ability to
quantitatively analyze a wide range of toxins. In contrast, rapid screening methods|such as
immunoassays and biosensors|provide faster, qualitative or semi-quantitative results. Despite
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their respective advantages, both approaches depend on chemical extractions, making them in-
herently destructive and unsuitable for fast, in-line, batch-wide, or in- eld scanning applications.

In the following sections (Sections 2.3.1 to 2.3.3), we present an in-depth review of the state-
of-the-art chemical methodologies for mycotoxin detection. These sections provide background
context that will later serve as a reference point for comparing the performance achieved using
spectroscopic methods, whose state-of-the-art is discussed in Section 2.5. While informative,
these background sections are not essential to the core contributions of this work and may be
skimmed, unless a deeper understanding of conventional detection methods is of interest to the
reader.

2.3.1 Chromatographic Techniques

The advent of thin-layer chromatography (TLC) revolutionized mycotoxin detection. First in-
troduced in the 1960s in response to theTurkey X disease outbreak for identifying a atoxins,
TLC quickly became the leading chromatographic method for the study and analysis of myco-
toxins [60]. Today TLC remains a valuable tool in certain applications, o ering detection and
quanti cation limits on the order of a few g/kg (ppb) [61, 62, 63].

Chromatographic techniques have however vastly improved, and new techniques like Liquid
Chromatography with tandem Mass Spectrometry (LC{MS/MS) or high-performance Liquid
Chromatography with tandem Mass Spectrometry (HPLC{MS/MS), enable the simultaneous
detection of a vast number of mycotoxins, and detection limits as low as @1 g/kg [17, 18].
These newer chromatographic methods o er highly sensitive and speci ¢ detection platforms
and are the industry standard for reference and regulatory measurements [64].

The rst step in implementing chromatographic methods is the extraction of the analyte from
the matrix. This step must be meticulously designed to e ciently separate the target analytes
from the complex sample matrix without co-extracting excessive amounts of interfering matrix
elements. This step is sample and matrix speci ¢, adding complexity and demanding expertise
to ensure complete analyte extractiort [2].

Traditional extraction techniques typically rely on solvent extraction, using organic solvents like
methanol or acetonitrile mixed with water in various ratios to maximize extraction e ciency
while mitigating matrix interference [2]. To enhance e ciency and reduce solvent consumption,
more advanced methods such as Supercritical Fluid Extraction (SFE), Accelerated Solvent Ex-
traction (ASE), and Microwave-Assisted Extraction (MAE) have been developed [64]. These
advanced techniques not only o er improved reproducibility but are also considered more envi-
ronmentally friendly compared to conventional approaches.

Another widely used method is the Quick, Easy, Cheap, E ective, Rugged, and Safe (QUECh-
ERS) technique, which simpli es sample preparation and signi cantly reduces costs, making it
a popular choice for many mycotoxin analyses [64]. However, while QUEChERS is e ective for
single mycotoxin detection, it is less suitable for multi-mycotoxin analysis because it does not ex-
tract all mycotoxins equally well, posing challenges for comprehensive multiplexed detection [64].

A second preparatory step required for the chromatographic methods is sample clean up. Tech-
niques like TLC and LC-MS/MS or HPLC-MS/MS are super sensitive to matrix interference
[64], so the clean up steps are required to e ciently separate the mycotoxins of interest from any

2Also, note that multi-toxin detection is especially complex, since di erent mycotoxins may require di erent
optimized conditions to achieve complete extraction due to their varying physicochemical properties like their
varying polarities [19].
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interfering compounds. Common cleanup methods include Immuno-A nity Columns (IAC),
Solid-Phase Extraction (SPE), liquid-liquid partitioning, ion-exchange columns, and column
chromatography [19, 64]. These sample clean up steps can take several hours to complete,
and once again require trained professionals.

2.3.1.1 State-of-the-art

The state-of-the-art performance of TLC, HPLC{MS/MS, and LC{MS/MS for multi-mycotoxin
detection in corn, wheat and related matrices is summarized in Table 2.4. This table presents key
details, including the sample type (matrix), target mycotoxin(s), analytical method employed,
and various performance metrics, including: the recovery [%], which indicates the proportion of
a spiked mycotoxin successfully extracted and detected; the Limit Of Detection (LOD), repre-
senting the lowest detectable toxin concentration; the Limit Of Quanti cation (LOQ), specifying
the lowest concentration that can be reliably quanti ed; and the Linear Range (LR), de ning the
concentration range over which the method is e ective. Additionally, the table includes the year
of publication and corresponding reference for each study, providing insights into the evolution
of chromatographic techniques and their improving performance over time.

Many of the works cited in this table, as well as in Tables 2.6 and 2.7, were identi ed through
two pivotal review studies: "Mycotoxins in Food: Recent Developments in Food Analysis and
Future Challenges; A Review" by Shahzad Z. Igbal [64] and"Rapid and Sensitive Detection
of Mycotoxins by Advanced and Emerging Analytical Methods: A Review'by Jyoti Singh and
Alka Mehta [22]. Additional relevant studies were also sourced through an independent Google
Scholar search using key terms such as multi-mycotoxin detection, corn/maize/wheat, and the
relevant detection technologies.

The collected studies demonstrate the evolution of chromatographic techniques for mycotoxin
detection, highlighting their increasing sensitivity and improving ability to detect multiple toxins
simultaneously. TLC, once the standard method, has been largely surpassed by LC-MS/MS and
HPLC-MS/MS due to their vastly superior performance. Both techniques provide highly sensi-
tive, speci ¢, and multi-toxin detection platforms, with LOD as low as 0 :01 g/kg in multi-toxin
settings [17, 18], and only 0004 g/kg for single toxin detection [2]. These methods consistently
exhibit high recovery rates® (typically 70{130%), ensuring accurate quanti cation across diverse
food matrices. The ability to simultaneously detect multiple mycotoxins, including a atoxins,
deoxynivalenol, fumonisins, zearalenone, and ochratoxin, makes these techniques the gold stan-
dard for regulatory and reference measurements [64].

Despite technological advancements, chromatographic techniques remain labor-intensive, requir-
ing extensive sample preparation|such as extraction and cleanup|to eliminate matrix inter-
ferences. They also necessitate highly skilled personnel and advanced laboratory infrastructure,
making them less practical for routine monitoring. Furthermore, although methods like LC-
MS/MS and HPLC-MS/MS deliver exceptional sensitivity, their long turnaround times (often
ranging from several hours to days) and high operational costs hinder their accessibility, par-
ticularly in resource-constrained settings. This reliance on costly instrumentation and complex
work ows underscores the challenges of deploying chromatographic techniques beyond specialized
laboratories.

3Recovery rates above 100% may result from matrix e ects that enhance the analytical signal, leading to
a measured concentration greater than the spiked amount. This phenomenon, while seemingly anomalous, is
acceptable if it is reproducible and properly corrected during method validation.
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Matrix Target(s) Method Recovery [%] LOD [ g=kg] LOQ [ g=kg] LR [ g=kg] Year | Ref.
Almonds, cashew nuts, AFB 1, AFB », TLC - - 5 - 1993 | [62, 2]
chestnuts, hazelnuts, AFG 1, AFG 2
pistachios
Barley, maize and ZEA TLC 91 {111 100 - - 2005 | [65]
wheat our
Corn AFB 1 TLC 82 {84 2.00 { 5.00 - - 2007 | [66]
Corn-based food prod- AFB 1, AFB », TLC - - 2 - 2007 | [61, 2]
ucts AFG 1, AFG >
Brazil nuts AFB 1, AFB 2, TLC - - 2 - 2013 | [63]
AFG 1, AFG 2
Wheat, maize NIV, DON, LC MS-MS - 0.2{3.3 - HT-2: 10 { 250; 2009 | [67]
FUS-X, DAS, DAS: 10 - 500
HT-2, T-2,
NEO, ZON
Cereal-based samples AFB 1, OTA, LC/MS-MS AFB 1: 61 { 88, AFB 1: 0.06, AFB 1: 0.13, AFB 1: 0.06 { 1.6, 2017 | [68]
FB1, DON, OTA: 64 { 85, OTA: 0.4, OTA: 0.8, OTA: 0.4 { 10.0,
T2, HT-2, FB1: 76 { 122, FB1: 8, FB1: 16, FB1: 8 { 200,
ZEA DON: 62 { 70, DON: 20, DON: 20, DON: 20 { 500,
T-2: 61 {75, T-2: 4, T-2: 8, T-2: 4 { 100,
HT-2: 62 { 79, HT-2: 20, HT-2: 20, HT-2: 20 { 500,
ZEA: 64 { 78 ZEA: 1.6 ZEA: 3.2 ZEA: 1.6 { 40
Cereal grain AFB 1, AFB 2, LC/MS-MS 73.9 - 133.0 0.1-18.1 0.4 -548 1.3-53 2017 | [69]
AFG 1, AFG »,
NIV, DON,
FB1, FB2, T-
2, HT-2, ZEA,
OTA
Corn AFB 1, OTA, LC-MS/MS 79.2 {113.4 [g=L ] - [g=L ] 2018 | [70]
ZEA, FB 1 AFB 1: 0.21, AFB 1: 0.5 {55.7,
ZEA: 0.19, ZEA: 0.5 {127.1,
FB1: 0.09, FB1: 0.22 { 31.36,
OTA: 0.24 OTA: 0.56 { 92.57




Matrix Target(s) Method Recovery [%)] LOD [ g=kg] LOQ [ g=kg] LR [ g=kg] Year Ref.
Grain AFB 1, AFB 2, LC-MS/MS AFB 1: 85.3, AFB 1: 0.1, AFB 1: 0.3, AFB 1: 0.5 {13.1, 2020 | [71]
AFG 1, AFG 2, AFB »: 82.8, AFB »: 0.1, AFB »: 0.4, AFB ,: 0.5 {127,
OTA, DON, AFG 1: 80.9, AFG 1: 0.1, AFG 1: 0.4, AFG 1: 0.5 {13.1,
ZEA, T-2 AFG ,: 102, AFG »: 0.3, AFG 2: 0.9, AFG ,: 0.5 {15.0,
OTA: 75.7, OTA: 0.5, OTA: 1.6, OTA: 0.8 { 21.9,
DON: 80.3, DON: 6.4, DON: 21.3, DON: 105 { 2889,
ZEA: 73.7, ZEA: 1.5, ZEA: 4.8, ZEA: 10.7 { 294,
T-2: 56.5 T-2: 0.6 T-2: 1.8 T-2: 5.6 { 154
Walnut kernel AFs LC/MS-MS - 0.004 { 0.013 0.012 { 0.042 - 2020 | [2]
Maize AFB 1, Beau- LC{MS/MS 52.1 - 100 240 - - 2021 | [72]
vericin, Cit-
rinin, Monili-
formin, Sterig-
matocystin,
ZON
Peanut, maize, wheat AFB 1, AFB 2, HPLC-MS/MS 84.5 { 112.7 0.01 { 0.05 0.04 { 0.16 0.05{ 80 2022 | [17]
AFG 1, AFG »,
FB1, T-2
Maize, wheat, water- AFB 1, AFB 2, HPLC-MS/MS 83.5{108.5 0.02 { 0.06 0.08 { 0.20 0.2 { 100 2023 | [18]
melon AFG 1, AFG 2,
OTA, OTB,
T-2

Table 2.4: The performance of chromatographic techniques for mycotoxin detection on corn and wheat over time, including Thin-
Layer Chromatography (TLC), Liquid Chromatography with tandem Mass Spectrometry (LC{MS/MS), and high-performance Liquid
Chromatography with tandem Mass Spectrometry (HPLC{MS/MS). The table lists the tested mycotoxins (Target(s)) and the substrate
(matrix), along with performance metrics such as the recovery, Limit Of Detection (LOD), Limit Of Quanti cation (LOQ), and Linear

Region (LR).
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2.3.2 Immunological Techniques

In addition to chromatographic methods, rapid screening techniques|primarily based on im-
munological approaches|are widely employed for mycotoxin detection and monitoring. These
platforms utilize highly speci ¢ recognition elements, such as antibodies, to selectively bind tar-
get mycotoxins, enabling accurate detection. This speci city allows immunological methods to
bypass extensive sample cleanup procedures, thereby streamlining the detection process and re-
ducing analysis costs [20, 21]. However, this same speci city also limits these techniques to
single-mycotoxin detection unless multiple recognition elements are incorporated to enable mul-
tiplexing.

2.3.2.1 State-of-the-art

Adhuc 2025, a diverse array of immunological screening techniques has been developed for myco-
toxin detection, including Lateral Flow Devices (LFD), Enzyme-Linked Immuno-Sorbent Assays
(ELISA), and Lateral Flow Immuno-Assays (LFIA). In addition, advanced optical detection
methods|such as Surface-Enhanced Raman Spectroscopy (SERS) and Fluorescence Resonance
Energy Transfer (FRET)|have been integrated with highly speci ¢ recognition elements to tar-

get mycotoxins. This combined approach enables sensitive and selective detection across various
sample matrices while eliminating the need for extensive cleanup procedures, allowing for direct
analysis of extracted solutions and facilitating rapid detection.

However, as mentioned before, the high speci city of the recognition elements often hinders the
simultaneous detection of multiple mycotoxins and residual matrix e ects further limit perfor-
mance at ultra-low concentrations [22]. Moreover, these methods typically yield only qualitative
or semi-quantitative results|indicating whether a speci ¢ mycotoxin is present above a certain
threshold rather than providing its precise concentration [73]. This restricts their utility as ref-
erence or regulatory tools, relegating them primarily to initial, cost-e ective screening. When
positive results are obtained, more accurate chromatographic techniques are required to generate
conclusive data necessary for legal or regulatory actions [73].

To evaluate the current day performance and limitations of these immunoassay-based technolo-
gies, a state-of-the-art review was conducted, with a particular focus on studies examining corn
and wheat matrices. The results, summarized in Table 2.6, highlight key performance metrics for
multi-mycotoxin detection, including recovery rates, Limits Of Detection (LOD) and Quanti ca-
tion (LOQ), and Linear detection Ranges (LR). The table also includes the sample type, target
mycotoxins, detection method, and publication year to illustrate technological advancements and
trends over time.

Among the various immunoassay-based techniques, ELISA, established in the late 1970s, re-
mains one of the most widely used screening methods due to its ease of use, cost-e ectiveness,
and rapid turnaround time [2]. ELISA operates based on antigen{antibody interactions, pro-
ducing a colorimetric response measurable by spectrophotometry. Studies show that ELISA can
achieve high recovery rates (typically 80{125%), indicating its reliability for mycotoxin detection.
However, despite its broad applicability, ELISA methods are often limited in their ability to de-
tect multiple mycotoxins simultaneously, as a consequence of the highly speci ¢ antigen{antibody
interactions [20, 21].

The sensitivity of ELISA varies signi cantly depending on the target mycotoxin. Single-mycotoxin
detection using ELISA has been reported with LODs as low as @2 g/kg, making it suitable for
regulatory applications in some cases [21]. However, for multi-mycotoxin detection, LODs are



26 CHAPTER 2. MYCOTOXIN MONITORING: A LITERATURE REVIEW

generally higher, often in the range of 01{5 g/kg, limiting its use for trace-level detection [20].
Additionally, ELISA is prone to matrix interference, which can a ect accuracy unless additional
cleanup steps are performed.

LFIA has emerged as a fast alternative to ELISA, enabling on-site, real-time mycotoxin de-
tection without the need for specialized laboratory equipment. LFIA o ers LOD values as low
as 004 g/kg for AFB ; in some studies, making it highly competitive for rapid screening [74].
However, similar to ELISA, LFIA struggles with multi-toxin detection due to cross-reactivity
limitations and often requires separate assays for di erent mycotoxins [75, 76]. While LFIA is
particularly useful for eld applications and preliminary screening, its semi-quantitative nature
prevents it from being used as a regulatory tool.

More advanced integrated approaches combine optical detection techniques with mycotoxin-
speci ¢ binding agents to enhance both sensitivity and speci city. For example, recent work
has demonstrated that SERS-based detection can achieve limits of detection below@1 g/kg
[24], far below legal limits. Moreover, these techniques can be scaled by incorporating various
binding agents, enabling multiplexed detection of multiple mycotoxins [77], which makes this
approach highly competitive with chromatographic techniques in terms of sensitivity, speed, and
multiplexing capability. Similarly, FRET-based assays have achieved LODs as low as:014 g/kg
for a atoxins and 0:027 g/kg for OTA, demonstrating their potential for ultra-trace detection
[25]. Despite these impressive detection capabilities, both SERS and FRET rely on expensive
instrumentation and require highly trained personnel for mycotoxin extraction, limiting their
practicality for in-line and in- eld screening applications, but o ering a pathway forward for
replacing cumbersome chromatographic methods for in-lab settings.

Overall, immunological techniques o er a valuable alternative to chromatographic methods for
mycotoxin screening, especially in low-resource settings and for rapid monitoring. Methods
such as ELISA and LFIA are simple, a ordable, and user-friendly; however, they often lack the
sensitivity and speci city required for conclusive regulatory analysis. In contrast, advanced op-
tical methods like SERS and FRET signi cantly lower detection limits and enable multiplexing.
Nonetheless, their high cost, low throughput, and reliance on mycotoxin extraction prevent their
application for industry-scale, batch-wide monitoring.
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Matrix Target(s) Method Recovery [%)] LOD [ g/kg] LOQ [ g/kd] LR [ g/kg] Year Ref.
Corn FB1, FB, ELISA 101.7 { 112.06 [ g/L] - [ g/L] 2010 | [78]
5 10 { 1000
Maize ZEA ELISA 83 {93 0.02 - 0- 2014 | [21]
Corn AFB 1, OTA, ELISA 83.36 { 125.28 [ g/L] - - 2020 | [20]
ZEA AFB 1: 0.112,
OTA: 0.319,
ZEA: 0.377.
Wheat, maize AFB 1, ZEA, LFIA 80 - 122 AFB 1: 0.05, - - 2014 [76]
DON ZEA: 1,
DON: 3
Maize FB1, DON LFIA FB1: 89 { 110, [ g/L] FB1: 20, [ g/L] 2015 | [75]
DON: 83 { 105 FB1: 2.0, DON: 400 FB1: 0 {10,
DON: 40 DON: 0 { 160
Cereal FB1, ZEA, LFIA 84.0 { 110.0 AFB 1: 2.5, AFB 1: 0.27, 0.5{10 2020 | [79]
T-2, DON, ZEA: 0.5, ZEA: 0.24, to
AFB 1 DON: 0.5, DON: 0.9, 2.0 { 50
T-2: 2.5, T-2: 0.32,
FB1: 0.5 FB1: 0.59
Corn FB1, ZEA, LFIA 82.36 - 116.23 [ glL] - [ g/L] 2020 | [80]
OTA, AFB ; FBi: 3.27, FB1: 4 - 80,
ZEA: 0.70, ZEA: 0.8 { 40,
OTA: 0.10, OTA: 0.2{ 2,
AFB 1: 0.06 AFB ;: 0.1
1.25
Cereal AFB 1, T-2, LFIA 82.1 { 107.5 AFB 1: 0.04, AFB 1: 0.09, AFB 1: 0-1, 2022 [74]
ZEA T-2: 0.40, T-2: 0.99, T-2: 0 - 15,
ZEA: 1.21 ZEA: 1.56 ZEA: 0 - 40
Corn/wheat ZEA, OTA LFIA/SERS ZEA: 96.9 { [ glL] - [ g/L] 2021 | [81]
107.4, ZEA: 0.054, ZEA: 0.05 {
OTA: 96.0 { OTA: 0.018 500,
110.7 OTA: 0.01 {

100




Matrix Target(s) Method Recovery [%] LOD [ g/kd] LOQ [ g/kg] LR [ g/kg] Year | Ref.
Corn AFB 1, ZEA, LFIA/SERS 78.9 - 106.2 [ng/L] - [ glL] 2020 | [77]
DON, FB 1, AFB 1: 0.96, AFB 1: 0.0014
OTA, T-2 ZEA: 6.2, {0.33,
FB1: 0.26, ZEA: 0.015 {
DON: 0.11, 3.7,
OTA: 15.7, FB1: 0.41 {
T-2: 8.6 100,
DON: 0.14 {
33.3,
OTA: 0.027 {
6.7,
T-2: 0.014 {
3.3
Corn/rice/wheat AFB 1, ZEA, SERS 83.8 - 108.1 AFB 1: - [ gL 2022 | [23]
OTA 0.061/0.064/ AFB 1 0.001 {
0.066, 1,
ZEA: ZEA: 0.01 {
0.53/0.55/0.57, 10,
OTA: OTA: 0.005 {
0.27/0.26/0.29 5
Maize ZEA, OTA, SERS ZEA: 93.12 { [pg/L] [pgl/L] 1.5 pM - 10 2022 | [24]
AFB 1 102.3, ZEA: 0.159, AFB 1: 5.20, nM
AFB 1: 70.7 { AFB 1: 1.56, ZEA: 0.53,
112.1, OTA: 2.015 OTA: 6.72
OTA: 85.4 {
92.6
Corn, red wine, wheat, AFB 1, OTA FRET AFB 1: 94.1 { [ g/L] - [ g/L] 2023 | [25]
peanut 111.7, AFB 1: 0.014, AFB 1: 0.1 {
OTA: 98.7 { OTA: 0.027 100,
112.2 OTA: 0.1 {
100
Table 2.6: Performance summary of immunological techniques for mycotoxin detection on corn over time|including LFD, ELISA,

LFIA, SERS, and FRET. The table lists the tested mycotoxins (Target(s)) and substrate (matrix), along with key metrics like the
recovery, Limit Of Detection (LOD), Limit Of Quanti cation (LOQ), and Linear Region (LR), as well as publication year and reference.
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2.3.3 Biosensors

In addition to traditional chromatographic and immunological methods, biosensors have emerged
as a promising alternative for mycotoxin detection. Similar to ELISA and lateral ow devices,
biosensors o er rapid, user-friendly, and cost-e ective analysis. Moreover, they deliver superior
reproducibility, enhanced sensitivity, and improved accuracy, making them highly competitive
for on-site testing and real-time monitoring [64].

Biosensors typically comprise three key components: a biological recognition element, a trans-
ducer, and a signal processing system [64]. The recognition element interacts selectively with
the target mycotoxins and may include antibodies, enzymes, or nucleic acids, while advanced
materials such as aptamers, molecularly imprinted polymers, and recombinant antibodies may
further enhance speci city [64]. Upon binding to the target, this interaction generates a signal
that is converted into a measurable output by the transducer. Di erent biosensor types utilize
distinct transduction mechanisms: optical biosensors detect changes in light properties, such as
surface plasmon resonance and uorescence; piezoelectric sensors monitor mechanical variations,
such as mass shifts in quartz crystal microbalance systems; and electrochemical sensors measure
electrical changes, including impedance, potential, or current variations [64]. The signal process-
ing system then ampli es and translates these responses into an interpretable format, enabling
rapid and accurate detection of mycotoxins for real-time decision-making.

2.3.3.1 State-of-the-art

Biosensors represent a rapidly developing approach to mycotoxin detection, o ering signi cant
potential due to their high sensitivity, rapid response time, and suitability for on-site applications.
Despite their relatively recent emergence in food safety analysis, some biosensor platforms have
already demonstrated remarkable detection limits, reaching as low as:@ng/L for ZEA [82, 83].
This level of sensitivity highlights their ability to detect mycotoxins even at ultra-trace concen-
trations, making them a powerful alternative to traditional chromatographic and immunological
methods. The state-of-the-art performance of biosensors for mycotoxin detection in maize and
related matrices is summarized in Table 2.7, which outlines key performance metrics, including
recovery rates, LOD and LOQ, while also tracking the evolution of biosensor technologies over
time.

A notable limitation of current biosensors is their restricted ability to detect multiple myco-
toxins simultaneously [2]. Most biosensor platforms are developed for single-analyte detection or
for detecting only a limited number of mycotoxins, which limits their application in multi-toxin
screening scenarios. This contrasts with liquid chromatography-mass spectrometry, which can
analyze a broad spectrum of mycotoxins within a single run. As a result, biosensors remain
primarily focused on targeted detection rather than comprehensive screening.

Furthermore, while biosensors o er a simpli ed analytical work ow compared to chromatographic
techniques, they still require sample preparation steps, such as extraction and sometimes cleanup,
to minimize matrix interferences and enhance detection accuracy [2]. These additional processing
steps increase complexity and demand skilled personnel, particularly in the case of electrochemi-
cal and optical biosensors, which rely on precise calibration and interpretation of signal outputs.
Such constraints limit their widespread deployment in non-specialized settings.

Despite these challenges, biosensors continue to evolve, with ongoing advancements aimed at
improving their multiplexing capabilities, automation, and ease of use.



Bio sensors

Matrix Target(s) Method Recovery [%] LOQ LR Year Ref.
Corn powder AFB 1 Electrochemical im- 94.5 - 103.7 [ng/L] [ng/L] 2016 | [84]
munosensor based on 35 10 - 100
single-walled carbon
nanotubes/chitosan
(SWNTSs/CS)
Corn OTA, AFB 1, Multiplexed capil- - [g=L] [g=L] 2018 | [85]
DON lary micro uidic im- OTA: 40, OTA: 10 { 100,
munoassay AFB 1: 0.1-0.2, AFB 1: 0.1{1,
DON: 10 DON: 10 { 100
Corn AFB 1 Electrochemical 94.5 { 103.7 [g=L] [g=L] 2018 | [82]
impedance spec- 0.05 0.1 {100
troscopy
Maize ZEA Aptamer, trans- - [ng=L] [ng=L] 2019 | [86, 2]
ducer: amperometric 0.17 0.5 - 500
(CVIDPV)
Maize ZEA Aptamer, trans- 91.6 - 104.4 [ng=L] [ng=L] 2019 | [87]
ducer: potentiometric 0.105 0.5 to 5000
(CVIDPV)
Corn FB1, DON Electrochemical im- FB1: 88.6 { [ng=L] [ a/kg] 2019 | [88]
munosensor with gold 95.8, FB1: 97, AFB ;1: 0.3{
nanoparticles (AuNPs) DON: 82.4 { DON: 35 140,
and polydimethylsilox- 95.8 OTA: 0.2 { 60
ane (PDMS) micro u-
idics
Corn powder AFB 1, ZEA Two-plex non-faradaic > 80% [ng=mL] [ng=mL] 2025 | [89]
electrochemical AFB 1: 0.005, AFB 1:
impedance biosen- ZEA: 0.05 0.01{9.151,
sor with ZnO ZEA: 0.1{25.6

Table 2.7: The performance of biosensors for mycotoxin detection over time. This table lists the tested mycotoxins (Target(s)) and the
substrate (matrix), along with performance metrics such as the recovery, Limit Of Quanti cation (LOQ), and Linear Region and (LR).
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2.4 Need For Non-Invasive Alternatives

Thus far, we have reviewed a diverse array of detection techniques for mycotoxin analysis, each of-
fering unique advantages and limitations. As of 2025, chromatographic methods remain the gold-
standard, providing unmatched sensitivity and speci city for detecting multiple mycotoxins, even

at ultra-trace levels. While essential for regulatory compliance, these techniques are hindered
by their high costs, labor-intensive protocols, and complex sample preparation requirements. In
contrast, immunological screening platforms|such as Enzyme-Linked Immuno-Sorbent Assays
(ELISA)|o er rapid, cost-e ective in- eld monitoring. However, these methods are generally
limited to qualitative results and are less e ective at simultaneous multi-mycotoxin detection.
Advanced immunological approaches, like biosensors, o er promising solutions for multiplexing,
and strong improvements to sensitivity, though they still rely on mycotoxin extraction.

Furthermore, a fundamental limitation shared by all these methods is their inherently destruc-
tive nature. Every approach necessitates the physical removal of sample material, which is then
chemically processed to extract mycotoxins prior to analysis, this prevents their use for in-line
applications (e.g., conveyor belt integration), and con nes testing to only a small, representative
subset of a larger batch, making it impossible to assess contamination on an individual sam-
ple basis [27]. As a result, these methods only measure the average contamination within the
sampled subgroup, assuming it representative of the entire batch. This averaging can mask the
in uence of localized hotspots or outliers [26]. Given that mycotoxins are often heterogeneously
distributed|tending to cluster in localized portions of a batch rather than being uniformly dis-
persed|bulk sampling frequently fails to accurately represent true contamination levels across
the food supply chain [28]. Such discrepancies pose signi cant risks: they can result in the un-
necessary disposal of largely uncontaminated food, while simultaneously allowing contaminated
products to enter the supply chain due to insu cient sampling coverage [16].

The critical importance of e ective mycotoxin monitoring at all stages of production is further
underscored by data from the Rapid Alert System for Food and Feed (RASFF)|a regulatory
body of the European Union tasked with ensuring the safety of all food and feed products sold
within the union. In 2022 alone, the most recent year for which data is available, a total of 4361
recalls and border rejections related to food safety were reported [90]. Mycotoxins|particularly

a atoxins (AFLA)|were the third most common cause, underscoring the substantial economic
burden mycotoxins impose on the agrifood sector.

To reduce such occurrences, there is a clear need for improved mycotoxin screening and monitor-
ing technologies|solutions that are non-destructive , reagent-free , in-situ , and capable of
real-time , high-throughput  screening. Such a method would allow for the direct assessment
of every individual food item rather than relying on small, representative subsamples. In an ideal
scenario, every maize/wheat kernel in a batch could be individually inspected, thereby improving
food safety and reducing unnecessary waste by selectively removing contaminated samples from
the supply chain without discarding entire shipments.

The only class of material identi cation techniques with the potential to achieve these objec-
tives is optical spectroscopy. As discussed in the introduction, Section 1.2.1, spectroscopic meth-
ods unlike chemical or immunological approaches do not require analyte extraction or extensive
sample preparation, making them inherently well-suited for in-line and in- eld applications.
By leveraging the interaction of light with matter, these techniques can provide rapid, in-situ,
non-invasive compositional characterization of food products, enabling real-time decision-making
without disrupting processing work ows.
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2.5 Optical Spectroscopy For Mycotoxin Detection; State-
of-the-art

Spectroscopy has played a pivotal role in microorganism detection for decades. Its origins date
back to the 1950s, when near-infrared spectroscopy (NIRS) was rst explored for this applica-
tion [73]. In the 1980s, the technology was directly employed to detect fungal contamination in
agricultural produce [91]. More recently, advanced techniques such as Raman spectroscopy have
enabled the label-free, in-situ identi cation of fungal species, includingFusarium [92].

Beyond fungal detection, a variety of spectroscopic methods have proven e ective in identifying
mycotoxin contamination on agricultural products. It is important to note that these tech-
nigues do not always directly detect mycotoxins; rather, they often measure the impact of fungal
metabolism on the food matrix during mycotoxin production, serving as an indirect proxy for
contamination levels [31].

Re ection-based methods|including ultraviolet-visible-near infrared (UV-VIS-NIR) [26, 28, 93,

94, 95, 96, 97, 98], short-wave infrared (SWIR) [28, 93], mid-infrared (MIR) [27, 99], and Fourier
Transform re ectance spectroscopy [51, 60, 100, 101]jalong with Ramarf [27, 92, 93, 100],
uorescence spectroscopy [16, 28, 30, 93, 102], two-photon uorescence spectroscopy [34], and
Hyper-Spectral Imaging (HSI) [27, 28, 103, 104, 105, 106, 107], have all been explored for this
purpose [108].

These approaches have been applied to a range of commodities, such as pistachio nuts [30], wheat
[27], corn [26, 28, 93], rice [109], and peanuts [110]. Additionally, spectroscopic techniques have
been investigated for detecting mycotoxins in processed foods, including apple juice [111], milk
[27, 112], and cheese [83], albeit with varying degrees of success.

While optical spectroscopy presents a promising avenue for mycotoxin detection, it is not without
challenges. As discussed in Section 1.2.1, the spectral signatures of mycotoxins are often weak and
masked by the dominant spectral response of the surrounding food matrix. Additionally, inher-
ent variability in agricultural products|arising from genetic di erences, environmental growth
conditions, and storage practices|further complicates the reliable identi cation of mycotoxin-
speci c features. Despite these obstacles, recent advancements in chemometric data analysis and
machine learning have enabled the development of robust classi cation and regression models
capable of extracting relevant information from complex spectral datasets. These innovations
have signi cantly advanced the feasibility of real-time, non-invasive mycotoxin detection and
monitoring.

To assess the current state-of-the-art in optical spectroscopy-based mycotoxin detection on both
corn and wheat, a comprehensive literature review was conducted. The results are presented
in Tables 3.09 and 3.10, which compile studies utilizing classi cation and regression models, re-
spectively. Both tables provide a structured overview of the spectroscopic platforms employed,
the wavelength ranges investigated, the types of models applied, and the performance metrics
reported. Furthermore, they distinguish between studies conducted on whole versus ground sam-
ples, identify the speci ¢ target mycotoxins, and include the year of publication along with the
corresponding references.

“Note that in this context, Raman spectroscopy is used without recognition elements for direct mycotoxin
detection within the sample matrix, unlike the integrated SERS platform described in Section 2.3.3, which employs
such elements.



Spectroscopic techniques for in-situ mycotoxin detection

Technique Wavelength [nm] Sample matrix Target Classi cation model Performance metrics Year Ref.
Fluorescence Excitation: 375 Rice kernels and AFLA, PCA Accuracy: 97%, FPR: 2% 2022 [102]
Detection: 200-1000 ground rice fungi
Fluorescence Excitation: 365 Ground maize AFLA QSVM Threshold: 10ppb 2022 [93]
Detection: 440-720 Accuracy: 95.7%
Fluorescence Excitation: 365 Maize kernels (natu- AFLA - Threshold: 0.6 g/kg 2023 [16]
Detection: 400-650 rally contaminated)
Fluorescence Excitation: 385 Pistachio nuts AFLA Feature selection: SFS, Accuracy: 99.2%, FPR: 0.8% 2023 [30]
Detection: 400-850 defects Classi er: QDA
Fluorescence Excitation: 385 Maize kernel AFLA, SVM Accuracy: 89.1% 2023 [28]
Detection: 440-720 FUM
Fluorescence HSI Detection: 400-600 Maize kernels (natu- AFLA SAM (spectral angle Threshold: 20ppb, 2010 [113]
rally contaminated) mapper) Accuracy: 86%, FPR: 15%,
Threshold: 100ppb,
Accuracy: 88%, FPR: 16%
Fluorescence HSI Detection: 400-600 Maize kernels (arti - AFLA ANN Threshold: 20ppb, 2010 [106]
cially infected in the Accuracy: 84%,
eld) Threshold: 100ppb,
Accuracy: 0.92%
Fluorescence HSI Detection: 400-600 Maize kernels AFLA Feature selection: GA, Threshold: 20ppb, 2012 [105]
Classi er: SVM Accuracy 87.7%,
Threshold: 100ppb,
Accuracy: 90.5%
Fluorescence HSI Detection: 400-600 Maize kernels AFLA ANN Threshold: 20ppb, 2013 [114]
Accuracy: 87%,
Threshold: 100ppb,
Accuracy: 88%
Fluorescence HSI Detection: 400-700 Maize kernels AFLA LDA Threshold: 20ppb, 2013 [103]
Accuracy: 78.9% - 77.2%,
Threshold: 100ppb,
Accuracy: 94.4% - 91.7%
Fluorescence HSI Detection: 398.77 - Maize kernels AFLA LS-SVM, LS-SVM, accuracy: 86.67%, 2016 [104]
700.82 KNN KNN, accuracy: 93.33%
Fluorescence HSI 405, 435, 450, 470, Maize kernels ZEA Feature selection: GA, Accuracy: 93.33% 2022 [107]
505, 525, 570, 590, Classi er: NN
630, 645, 660, 700,
780, 850, 870, 890,
910, 940, 970




Technique Wavelength [nm] Sample matrix Target Classi cation model Performance metrics Year Ref.
Raman Excitation: 785 Maize kernels (natu- AFLA LDA, KNN, accuracy: 91.4%, 2015 [100]
Detection: 400- rally contaminated) KNN, LDA, accuracy: 91.4%,
1200cm 1 PLS-DA PLS-DA, accuracy: 53.4%
Raman Excitation: 785 Ground maize AFLA LSVM Threshold: 10ppb, 2022 [93]
Detection: 375- Accuracy: 87%
2814cm 1!
Re ectance & Transmittance: 500 - Maize kernels AFLA PLS-DA High: 100ppb, 2001 [96]
Transmittance 950, Low: 10ppb,
Re ectance: 550 - Accuracy: 95%
1700
Re ectance 500{1700 Maize kernels AFLA ANN Threshold: 100ppb, 2004 [97]
Accuracy: 99%
Re ectance (VIS-NIR) Maize kernels DON - High: 18184ppb, 2016 [26]
Low: 654ppb
Re ectance 4000{575cm 1 Ground maize DON DT Threshold: 1750ppb, 2016 [99]
Accruacy: 79%,
Threshold: 500ppb,
Accuracy: 85%
Re ectance 470, 527, 624, 850, Maize kernels AFLA, LDA threshold(s): 2017 [98]
880, 910, 940, 970, FUM AFLA: 10ppb,
1040, 1070, 1200, FUM: 1000ppb,
1300, 1450, 1550 Sensitivity: 77%,
Speci cty: 83%
Re ectance 304 - 1086 Maize kernels AFLA RF Sensitivity: 85.7%, 2019 [95]
Speci city: 97.3%
Re ectance 304 - 1085 Maize kernels AFLA PLS-DA threshold: 20ppb, 2022 [94]
Accuracy: 71%,
Threshold: 100ppb,
Accuracy: 82%,
Threshold: 1000ppb,
Accuracy: 92%
Re ectance 420-1020 Ground maize AFLA QSVM Threshold: 10ppb, 2022 [93]
Accuracy: 82.6%
Re ectance 900-2500 Ground maize AFLA LSVM Threshold: 10ppb, 2022 [93]
Accuracy: 82.6 { 95.7%
Re ectance 420-1020 Maize kernel AFLA, SVM Accuracy: 71.7% 2023 [28]

FUM




Technique Wavelength [nm] Sample matrix Target Classi cation model Performance metrics Year Ref.
Re ectance 900-2500 Maize kernel AFLA, SVM Accuracy: 95.7% 2023 [28]
FUM
FT-Re ectance 900-2500 Maize kernels (natu- AFLA LDA, KNN, accuracy: 92.0%, 2015 [100]
rally contaminated) KNN, LDA, accuracy: 62.0%,
PLS-DA PSL-DA, accuracy: 100.0%
FT-Re ectance 1000-2500 Maize kernels (natu- AFLA LDA, KNN, accuracy: 96.0%, 2015 [100]
rally contaminated) KNN, LDA, accuracy: 79.2%,
PLS-DA PSL-DA, accuracy: 60.0%

Table 2.9: Overview of studies employing spectroscopic techniques and classi cation algorithms for mycotoxin detection in corn and

related samples. This table summarizes investigations using uorescence spectroscopy, re ectance/transmittance spectroscopy, Fourier

Transform re ection spectroscopy (FT), uorescence Hyper-Spectral Imaging (HSI), and Raman spectroscopy. Key parameters listed
include the optical platform used (technique), wavelength range, sample matrix, target mycotoxin(s), and performance metrics (thresh-
olds, classi cation accuracy, and False Positive Rate (FPR)). The table also details the classi cation models applied, such as Quadratic
and Linear Support Vector Machines (QSVM, LSVM), Quadratic and Linear Discriminant Analysis (QDA, LDA), Principal Component
Analysis (PCA), Multivariate Linear Regression-Discriminant Analysis (MLR-DA), Partial Least Squares-Discriminant Analysis (PLS-

DA), K-Nearest Neighbors (KNN), Neural Networks (NN), Decision Trees (DT), and Random Forests (RF).




Regression

Models for Mycotoxin Quanti cation Using Spectroscopic Techniques

Technique

Wavelength [nm]

Sample matrix

Target

Regression model

Performance metrics

Year

Ref.

Transmittance

670-1100

Wheat kernels

DON

PLSR (12 PCs)

Range: 400 { 13000ppb,
R: 0.984,
SECV: 381 g/kg

2003

[115]

Re ectance

350-2500

Wheat kernels

DON

PLSR

Range: 0.1-100.75mg/kg,
R?: 0.84,
Intercept: -0.89 3.61mg/kg

2010

[116]

Re ectance

650-2500,
2nm steps

Ground maize (natu-
rally contaminated)

FUM

PLSR (17 and 21 PCs)

Range: 0.357-11845mg/kg,
mean: 3.353mg/kg
Calibration R: 0.995/0.998,
Validation R: 0.908/0.909,
SECV: 0.232/0.144

2013

(51]

Re ectance

(NIR)

Wheat kernels

DON

PLSR

Range: 1-11mg/kg,
R2: 0.46

2014

[31, 117]

Re ectance

400{2500

Wheat (kernels &
milled)

DON

PLSR

Range: 1-11 mg/kg,
Median: 2.66mg/kg,
Kernels:

R2: 0.89,

SECV: 612 g/kg,
Milled:

R?: 0.91,

SECV: 578 g/kg

2018

[31, 118]

Re ectance

400{2500

Maize kernels

FUM

PLSR

Range: 125-24200 g/kg,
R2: 0.991,
SEP: 0.984 g/kg

2021

[119]

Re ection

450{1050

Maize kernels

AFLA

PLSR

Levels:
0,3,5,10,20,30,50 g/kg,
R2: 0.99,

SECV: 1.70 g/kg,
RPD: 9.90,

LOD: 0.60 g/kg,
LOQ: 1.81 g/kg

2025

[120]

FT-Re ectance

650{2500

Maize kernels

AFLA

PLSR

SECV: 0.8,
R2: 0.2

2009

(60]

FT-Re ectance

650{2500

Ground maize

FUM

PLSR

SECV: 0.433,
R2: 0.964,
SEP: 0.839mg/kg

2012

[101]




Technique Wavelength [nm] Sample matrix Target Regression model Performance metrics Year Ref.

FT-Re ectance 650-2500 Ground maize FUM PLSR SECV: 0.232, 2013 [51]
R2: 0.995,
SEP: 0.933mg/kg

FT-Re ectance 10000-4000cm 1 Ground wheat DON PLSR Range: 0-16000 g/kg, 2014 [31, 121]
SEP: 1977 g/kg

FT-Re ectance 12000-4000cm 1 Ground barley DON PLSR Range: 0.016-13.0mg/kg, 2018 [31, 122]
R: 0.875,

SECV: 268 g/kg,
SEP: 399 g/kg

Table 3.10: Overview of studies employing spectroscopic techniques and regression algorithms for mycotoxin detection in wheat and
related samples. This table summarizes investigations utilizing re ectance/transmittance spectroscopy and Fourier Transform re ection
spectroscopy (FT). Key parameters include the optical platform used (technique), wavelength range, sample matrix, target mycotoxin(s),
and performance metrics such as contamination range, mean contamination, correlation coe cientR-value), coe cient of determination
(R?), Standard Error of Cross-Validation (SECV), Standard Error of Prediction (SEP), Ratio of Performance to Deviation (RPD), Limit

Of Detection (LOD), and Limit Of Quanti cation (LOQ). The table also details the regression models applied, speci cally Partial Least
Squares Regression (PLSR), along with the number of Principal Components (PCs) used.
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This state-of-the-art analysis, Tables 3.09 and 3.10, allows us to examine both the spectro-
scopic modalities employed as well as the ML{based chemometric models used for data process-
inglcomponents that together constitute the complete mycotoxin detection platform.

In the following sections, we will rst explore the spectroscopic techniques, with a focus on iden-
tifying those best suited for the intended application of realizing an in-line or in- eld detection
systems for industrial use. Subsequently, attention will shift to the computational domain, where
we assess the performance of various classi cation and regression models to determine the most
e ective modeling approaches.

2.5.1 Comparing Spectroscopic Platforms

To enable a direct comparison of the spectroscopic techniques reviewed in the state-of-the-art, a
consolidated summary is presented in Table 2.13. This comparative table evaluates the relative
advantages and limitations of uorescence, HSI, FT-re ectance, UV-VIS-NIR re ectance, and
Raman spectroscopy based on key practical and analytical criteria relevant to the development
of in-line and in- eld mycotoxin detection systems.

The criteria considered include cost-e ectiveness, measurement speed, sensitivity, speci city,
portability, equipment requirements, data dimensionality, and computational demand. Each of
these aspects is critical to the real-world deployment of mycotoxin detection systems.

Cost-e ectiveness plays a pivotal role in scalability|particularly for industrial sorting systems
that scan individual food items or for portable, farm-level devices. Measurement speed is essential
for real-time assessment in high-throughput environments, such as processing lines. Sensitivity
re ects the platform's ability to detect low-level contamination, while speci city indicates its
ability to di erentiate target toxins from background noise within the food matrix. Portability

is a key enabler for eld-based screening, eliminating the need for centralized laboratory infras-
tructure. Equipment requirements refer to the volume and complexity of hardware needed to
operate the system, favoring technologies that are simpler and more compact. Data dimensional-
ity and computational demand capture the complexity of the generated data and the processing
resources needed|both of which directly impact latency and power consumption.

Aspect Fluo | UV-VIS-NIR HSI FT Raman
Cost-e ectiveness + + { { {
Measurement Speed + + + { {
Sensitivity + ++
Speci city + ++
Portability + + {

Equipment Requirement + + - - -
Data Dimensionality Low Low High | Moderate Low
Computational Demand Low Low High | Moderate | Moderate

Table 2.13: Comparison of spectroscopic techniques (uorescence, re ectance, Hyper-Spectral
Imaging (HSI), Fourier Transform (FT), and Raman spectroscopy) for mycotoxin detection based
on practical and analytical aspects as derived from the literature study presented in Tables 3.09
and 3.10. "+" indicates a relative advantage, "-" indicates a limitation, and " " indicates a
context-dependent or moderate performance.
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Based on the comparative analysis, uorescence and re ectanéespectroscopy stand out as the
most promising technologies for industrial in- eld and in-line mycotoxin detection. These meth-
ods strike an e ective balance between analytical performance, measurement speed, and oper-
ational simplicity, while maintaining minimal instrumentation requirements. Their capacity for
rapid, high-throughput analysis makes them particularly suitable for integration into automated
in-line sorting systems for real-time quality control [102]. Simultaneously, their compact design
and low equipment demands position them as strong candidates for the development of cost-
e ective, handheld devices for on-site monitoring [16].

By contrast, techniques such as FT-spectroscopy and Raman spectroscopy, while o ering su-
perior sensitivity and speci city, face signi cant challenges to industrial implementation. Raman
spectroscopy, for example, is known for its exceptional chemical speci city, enabled by the de-
tection of molecular vibrational modes through narrow, well-de ned spectral peaks. This allows
for precise di erentiation between chemically similar analytes|an area where NIR spectroscopy,
with its broader and overlapping absorption bands, often falls short. However, this level of
spectral resolution demands sophisticated instrumentation, including high-stability excitation
lasers and highly sensitive optical detectors. These requirements substantially increase system
complexity and cost, hindering the scalability of Raman spectroscopy for widespread industrial
deployment. Similarly, FT-spectroscopy o ers high spectral resolution and broad wavelength
coverage but typically relies on a scanning interferometric mechanism. The presence of this
mechanical component not only extends acquisition times but also complicates integration into
high-speed, in-line production environments. As a result, both FT and Raman spectroscopy are
limited by slower acquisition speeds and elevated instrumentation costs, relegating their use to
laboratory-based con rmatory testing rather than large-scale, real-time screening or cost-e ective
in- eld monitoring.

Although HSI shows potential for in-line integration, its industrial applicability is hindered by
high implementation costs and the generation of large, high-dimensional datasets. Successful de-
ployment demands substantial computational infrastructure and access to extensive annotated
datasets for model development and training [123]. These requirements collectively undermine
the cost-e ectiveness of HSI for real-time, in-line monitoring.

Given these considerations, this master's thesis focuses exclusively on UV-VIS-NIR re ectance
and uorescence spectroscopy|two techniques that o er an optimal balance between analytical
performance and practical feasibility, for both in-line and in- eld applications.

2.5.2 FRFundamentals And State-of-the-art Of Fluorescence And Re-
ectance Spectroscopy

Before examining the state-of-the-art performance of uorescence- and re ectance-based plat-
forms in more detail, it is crucial to rst establish a foundational understanding of the spec-
troscopic principles underpinning these techniques. The following sections begin with a concise
overview of both methods, outlining the operating principles and spectral characteristics. This
is followed by a focused discussion on their application to mycotoxin detection, highlighting both
conventional and advanced implementations.

51t is also worth noting that di erent regions of the re ectance spectrum|UV, VIS, and NIR|entail distinct
trade-o0s. Sensor cost typically increases with wavelength, making NIR instrumentation more expensive than
systems operating in the UV or visible range. However, the NIR region often contains rich and diagnostically
relevant spectral information, particularly for organic compounds, which enhances its value for accurate and
reliable mycotoxin detection.
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2.5.2.1 Re ectance Spectroscopy

When light encounters a material interface, its behavior is determined by three main processes:
transmission, re ection, and absorption. Both transmission and re ection are elastic processes,
preserving the wavelength of the incident light. In contrast, absorption converts photon energy
into other forms, such as heat or chemical energy, or it may lead to re-emission at di erent
wavelengths, as seen in uorescence.

Re ection can be categorized into two distinct types: specular and di use . Specular re ection
directs light in a single, well-de ned direction, with the angle of re ection matching the angle
of incidence. In contrast, di use re ection results from scattering due to microstructural irregu-
larities|such as grain boundaries, impurities, or surface inhomogeneities|which cause light to
be redirected in multiple directions. Moreover, materials selectively absorb speci ¢ wavelengths
due to their unique electronic, vibrational, and rotational electron transitions. This selective
absorption imprints a distinct spectral ngerprint on the re ected or transmitted light, enabling
precise material identi cation.

Re ectance spectroscopy capitalizes on these principles by analyzing the wavelength-dependent
fraction of light re ected from a material's surface, making it especially e ective for highly scat-
tering or opaque materials. In comparison, transmittance spectroscopy measures the light that
passes through a sample, which is more suitable for transparent or semi-transparent media. Both
techniques are powerful tools for material identi cation, with their e ectiveness largely deter-
mined by the optical properties of the sample. Given that this study focuses on opaque corn and
wheat samples, re ectance spectroscopy is the preferred approach.

Selecting the wavelength range for detection depends on the analytes under investigation and
their speci c electronic or vibrational transitions. The relevant regions of the electromagnetic
spectrum are conventionally divided as follows: UV: 100{380nm, VIS: 380{780nm, and IR: 780-
25000nm. The IR domain itself is further subdivided into SWIR: 780{1100nm, NIR: 780{2500nm,
and MIR: 2500{25000nm.

Among these, the UV-VIS range is particularly e ective for probing electronic transitions, making

it ideal for detecting compounds with strong chromophoric features. In contrast, the NIR region
is primarily sensitive to vibrational transitions, capturing overtones and combination bands of
hydrogen-containing functional groups such as {CH, {NH, {OH, and {SH. These interactions
provide deeper insight into molecular structure and composition [35]. The deeper IR region ex-
tends into rotational transitions, but this part of the spectrum is rarely used in industrial settings
due to the high complexity and cost of the required instrumentation, rendering it impractical for
routine applications.

By spanning a broad spectral range|from electronic transitions in the UV-VIS region to vibra-
tional modes in the NIR|re ectance spectroscopy captures a comprehensive molecular nger-
print of a material. This versatility makes it an invaluable, non-destructive tool for material
characterization, quality control, and real-time monitoring in agro-industrial applications [35].

2.5.2.1.1 State-of-the-art

Re ectance spectroscopy's proven e ectiveness in material characterization has spurred its broad
adoption across industrial and scienti ¢ elds. Its origins date back to the 19th century, when
William Herschel rst identi ed the NIR region of the spectrum [35]. Building on this discov-
ery, Karl Norris later pioneered the application of NIR spectroscopy in agricultural analysis,
demonstrating its capacity to non-destructively assess the protein content of wheat [35]. Thanks
to its rapid and non-invasive nature, re ectance spectroscopy quickly became a critical tool in
food production|initially serving early-stage quality controljand has since evolved to include



2.5. OPTICAL SPECTROSCOPY FOR MYCOTOXIN DETECTION; STATE-OF-THE-ART 41

contaminant detection, ripeness monitoring, and, more recently, mycotoxin detection [34, 35].

In the context of mycotoxin detection, re ectance spectroscopy has been extensively applied
to agricultural products such as maize and wheat. Measurements in the UV-VIS-NIR range
have demonstrated high sensitivity and speci city; for example, Random Forest (RF) classi ca-
tion models achieved 857/% sensitivity and 97:3% speci city for AFLA detection [95]. Similarly,

re ectance data in the VIS-NIR region has been used to classify AFLA contaminated maize
kernels into high (> 100ppb) and low (< 10ppb) categories using Partial Least Squares (PLS)
analysis, with accuracies reaching up to 95% [96]. The short-wave infrared (SWIR) region has
also proven e ective, where Linear Support Vector Machines (LSVM) achieved over 95% classi-
cation accuracy for detecting AFLAJand AFLA combined with FUM|at a detection limit of

10ppb [28].

Furthermore, regression models have been successfully implemented for detecting AFLA and
other toxins on corn kernels using the VIS-NIR region, with Partial Least Squares Regression
(PLSR) models achieving anR? value of 099 and a Limit Of Detection (LOD) of 0:60 g/kg
[120].

2.5.2.2 Fluorescence Spectroscopy

Fluorescence is a form of luminescence|a phenomenon in which certain molecules absorb pho-
tons at speci ¢ wavelengths, causing a transition to an electronically excited state [29]. Once
excited, these molecules rapidly relax to a lower vibrational level through nonradiative processes
(e.g., heat dissipation) before returning to the ground state via the emission of light at a longer
wavelength (i.e., lower energy) [124].

Fluorescence speci cally occurs when the excited state is a singlet state, in which the electron in
the excited orbital remains spin-paired with the ground-state electron, exhibiting opposite spin
orientations. According to quantum mechanics, the transition from a singlet excited state back
to the ground state is spin-allowed, which enables rapid decay with a typical excited-state life-
time of approximately 10ns [29, 124]. The excess energy is released as a photon of lower energy
(longer wavelength), conserving the total energy of the system.

The spectral components observed in a uorescence spectrum are determined by the available
vibronic transitions of the analyte. The specic transitions that can occur are governed by
quantum mechanical selection rules, which are derived from transition moment integrals [125].
However, a detailed discussion of these principles extends beyond the scope of this work. The
important point is that the speci ¢ compaosition of the analyte dictates a unique set of spectral
lines that are characteristic of its chemical structure. This spectral signature serves as a nger-
print, enabling precise identi cation and di erentiation of the analyte based on its uorescence
properties.

2.5.2.2.1 Notes On The Use Of Fluorescence

E ective uorescence detection depends critically on selecting the optimal excitation wave-
length(s) to maximize analyte (mycotoxins) excitation|and consequently emission|while min-
imizing background uorescence from matrix constituents unrelated to mycotoxin presence.
Achieving this balance is essential for enhancing sensitivity, speci city, and overall measure-
ment reliability.

In literature, for example, excitation at 365nm has been successfully employed for AFLA detec-
tion on maize [34]. However, identifying the ideal excitation wavelength can vary signi cantly
depending on both the specic mycotoxin and the sample matrix. As such, a portion of this
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thesis is dedicated to experimentally determining the optimal excitation wavelengths for each
relevant toxin{matrix combination.

To support the search for optimal excitation wavelengths, it is useful to consider the uorescence
characteristics of the di erent mycotoxins, previously outlined in Section 2.1 and summarized
again below.

AFLA strongly absorbs light in the 200{250nm range and between 300 and 400nm, with a promi-
nent absorption peak around 365nm, emission typically spans 400{500nm, peaking near 440nm,
although the exact emission pro le depends on the excitation wavelength employed [30, 38, 39].
In contrast, ZEA displays blue-green uorescence under long-wavelength UV light and intense
green uorescence under short-wavelength UV light. In methanol, ZEA shows absorption max-
ima at 236, 274, and 316nm, with maximum uorescence emission at 450nm when excited at
314nm [50]. OTA exhibits intrinsic uorescence with broad emission peaks centered around
460nm and a shoulder at shorter wavelengths when excited at 330nm in aqueous solutions [44].
By contrast, mycotoxins such as FUM, DON, and T-2/HT-2 exhibit little to no intrinsic uores-
cence, necessitating indirect detection through changes induced in the surrounding matrix [49].
Importantly, the sample matrix itself contributes to background uorescence, primarily due to
naturally occurring proteins such as tryptophan, tyrosine, and phenylalanine in corn and wheat,
which exhibit strong absorption in the 200{300nm range [34]. Additionally, chlorophyll present
in food products|particularly in wheat|can produce signi cant uorescence signals. While
these endogenous emissions typically add to the background and should ideally be minimized to
enhance analyte speci city, they may also contain diagnostically relevant information. In partic-
ular, matrix-related uorescence alterations caused by the mycotoxin metabolisr§ may serve as
indirect indicators of mycotoxin contamination.

From these observations, it becomes evident that excitation in the 200{300nm range primar-
ily stimulates matrix components, which may be advantageous for detecting matrix alterations
associated with fungal metabolic activity. In contrast, operating in the 300{400nm range is more
likely to selectively excite the mycotoxins themselves while suppressing background uorescence
from the matrix, thereby enhancing detection speci city for toxins speci ¢ markers.

Beyond conventional single-photon excitation, multi-photon excitation techniques|such as two-
photon uorescence|may also o er promising avenues for improving sensitivity and selectivity.
These approaches are discussed in greater detail in Section 2.5.2.3.

2.5.2.2.2 State-of-the-art

Over the past century, uorescence spectroscopy has evolved into an indispensable analytical tool
across a wide range of scienti ¢ disciplines, including biology, chemistry, and materials science
[124, 126]. In the last two decades, its relevance in food analysis has grown substantially, demon-
strating high e cacy in characterizing chemical constituents, detecting contaminants, and verify-
ing product authenticity [127]. Among its most recent applications, uorescence spectroscopy has
shown considerable promise for mycotoxin detection, enabling reliable in-situ mycotoxin analysis
even in exceedingly complex food matrices [16, 28, 30, 93, 102, 105, 106, 113].

Fluorescence-based mycotoxin detection was rst demonstrated in the 1960s when a atoxins
in peanut-based feed|implicated in the Turkey X Disease outbreak in England|were identi ed
[1]. This breakthrough led to the discovery of other naturally uorescent mycotoxins, such as

6 Mycotoxin metabolism refers to the speci ¢ metabolic state of fungi during the production of distinct myco-
toxins, and its e ect on the matrix composition.
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OTA, and established uorescence as a widely adopted method for mycotoxin analysis.

Today, uorescence spectroscopy is valued for its non-destructive, non-invasive, in-situ, rapid,
and highly sensitive approach to food safety monitoring. However, detecting mycotoxins at ultra-

low concentrations, as required by strict food safety regulations (Tables 2.1, and 2.2) remains a
signi cant challenge, especially in a multi-toxin environment.

2.5.2.3 Upconversion Fluorescence For Mycotoxin Detection

While conventional uorescence involves the absorption of a single quanta of light to excite an
electron from the ground state to a higher energy level, upconversion uorescence relies on the
absorption of multiple lower-energy photons to achieve the same excitation [128]. This process,
known as multi-photon excitation, is most commonly observed in Two-Photon Fluorescence
(TPF) and Three-Photon Fluorescence (3PF).

In TPF, an electron in the ground state simultaneously absorbs two lower-energy photons, typi-
cally in the near-infrared region, to reach an excited state that would normally require a single,
higher-energy photon in the visible or ultraviolet range. This process arises from nonlinear opti-
cal interactions, where the probability of excitation is proportional to the square of the excitation
intensity [128]. As a result, high-intensity (pulsed) lasers are typically required to achieve e -
cient excitation. Once the molecule reaches the excited state, it undergoes the same uorescence
emission process as in conventional uorescence, now emitting a shorter-wavelength photon than
the excitation pump.

3PF extends this concept by requiring three simultaneous lower-energy photons to reach the ex-
cited state. The excitation probability in 3PF is even more dependent on laser irradiance, scaling
proportionally to the cube of the excitation power [128]. As a result, 3PF requires even higher
laser irradiance but provides even larger depth penetration and selectivity, making it valuable
for advanced spectroscopic and imaging applications.

Despite requiring high excitation power densities and yielding lower overall uorescence inten-
sity, TPF and 3PF o er notable advantages. These techniques reduce background uorescence
[34, 129] and enable deeper sample penetration, making them highly suitable for biological imag-
ing and deep-tissue analysis. In mycotoxin detection, the requirement for multiple photons
for excitation enhances speci city and sensitivity by mitigating interference from background
uorescence [34]. Consequently, multi-photon excitation emerges as a promising approach for
uorescence-based mycotoxin detection in challenging agricultural and food safety applications,
but does require the use of high power excitation lasers in combination with a high-e cient
uorescence collection and a high detecting sensitivity [30].

One aspect of this thesis will be to evaluate upconversion uorescence for multi-mycotoxin de-
tection, assessing its e ectiveness compared to conventional uorescence spectroscopy. Given the
limited scope of existing literature on this topic, this study aims to provide a more comprehensive
understanding of its usability for detecting ultra-trace mycotoxins directly on corn and wheat
matrices.

2.5.3 Chemometrics And ML For Mycotoxin Detection

As established in the preceding sections, chemometric- and ML-techniques are essential for imple-
menting optical spectroscopy-based mycotoxin detection platforms. While the models employed
have already been catalogued in previous chapters|particularly in the literature study presented
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in Tables 2.09 and 2.10|the emphasis so far has been on the spectroscopic modalities.

In this section, the focus shifts to fully integrated spectroscopic/ML detection platforms. We be-
gin detailing the model development process, covering both classi cation and regression models,
training procedures, validation strategies, and key performance metrics.

This background provides the necessary context for revisiting the state-of-the-artjnow with an
emphasis on complete detection systems that integrate both sensing and data processing com-
ponents. The objective being to identify the most promising integrated platforms for e ective
mycotoxin detection as reported in literature.

2.5.3.1 Model Development Process

Developing a robust mycotoxin detection model involves a structured ve-step process. (1.)
One starts by collecting a representative set of spectral data from samples with known myco-
toxin compositions to establish a labeled training dataset. (2.) Then one applies mathematical
preprocessing|such as denoising and normalization|to enhance data quality and ensure con-
sistency (Section A.1). (3.) Next one then trains a predictive model to correlate the spectral
data with contamination of the sample (Section A.2). This may take the form of a classi ca-
tion model, which distinguishes between contamination classes based on threshold levels, or a
regression model, which estimates continuous toxin concentrations from spectral features. (4.)
This is followed by rigorous model validation to evaluate accuracy and generalizability. This is
typically achieved using methods such as external hold-out validation, k-fold Cross-Validation
(CV), or Leave-One-Sample-Out Cross-Validation (LOSO-CV), depending on data availability
and structure. A more detailed discussion on these validation strategies, their strengths and
limitations, is given in Section A.4 of the Appendix. (5.) Finally, feature selection algorithms
may be applied to identify the most informative wavelengths, reducing data dimensionality, im-
proving computational e ciency, and simplifying the required setup, ensuring ease of integration
in industrial settings (Section A.3).

An in-depth theoretical description of these ve steps for model development is given in Ap-
pendix A. Readers with limited prior knowledge of machine learning for classi cation and re-
gression, validation structures, performance metrics, or feature selection methods are strongly
encouraged to refer to the relevant parts of the appendix. Going forward, this work assumes the
reader to be familiar with the theoretical foundations of machine learning model development.
We now turn our attention to the state-of-the-art in mycotoxin detection on wheat and corn,
with a speci ¢ focus on the classi cation and regression models employed, as well as the use of
feature selection techniques.

2.5.3.2 Review Of ML-Models For Spectroscopic Mycotoxin Detection

Revisiting the state-of-the-art documented in Tables 2.09 and 2.10, we now narrow our focus to
the most promising spectroscopic modalities|re ectance and uorescence. Within this frame-
work, we examine the machine learning models utilized in the corresponding classi cation and
regression studies.

However, directly comparing model performance across these studies proves challenging due to
signi cant variability in model development work ows, training procedures, and validation strate-
gies. Di erences in mycotoxin types, food matrices, sample preparation methods (e.qg., arti cially
spiked versus naturally contaminated), validation schemes, contamination ranges, classi cation
thresholds, and even the physical state of samples (e.g., ground versus whole kernels) all con-
tribute to this complexity.
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Additionally, the performance metrics reported di er between studies. For example, some stud-
ies on classi cation report only accuracy, while others provide sensitivity, speci city, and the
F1-score, with few presenting complete confusion matrices. Similarly, regression performance is
typically characterized by either the R? or R-value along with various error metrics. However,
critical values such as the Limit Of Detection (LOD) and Limit Of Quanti cation (LOQ) are

often omitted, making it challenging to determine whether the models meet regulatory guide-
lines. Despite these challenges, general conclusions about model performance can be drawn by
reviewing comparative analyses and identifying the most consistently successful methods.

Most studies focus on detecting a single mycotoxinjcommonly AFLA [16, 30, 93, 102, 106,
113, 120], DON [26, 31, 99, 116, 117, 118], or FUM [28, 51, 119]|with only a few studies re-
porting simultaneous monitoring of multiple toxins [28, 98]. The work on classi cation models
is extensive (see Table 2.09), covering a broad range of spectroscopic platforms and employing
methods from Linear Discriminant Analyses (LDA) [30, 98, 103, 125] and Quadratic Discriminant
Analyses (QDA) [30] to K-Nearest Neighbors (KNN) [100, 104], Linear Support Vector Machines
(LSVM) [28, 93, 105], Quadratic Support Vector Machines (QSVM) [93], Decision Threes (DT)
[99], Random Forests (RF) [95], and Arti cial Neural Networks (ANN) [94, 96].

In contrast, regression models (see Table 2.10) have predominantly employed transmittance [115]
and re ectance spectroscopy [31, 51, 116, 117, 118, 119, 120], with all identi ed studies nding
Partial Least Squares Regression (PLSR) as the optimal model.

We now turn to a detailed examination of selected studies that have identi ed high-performing
classi cation and regression models for mycotoxin detection, o ering insights into the strengths
and limitations of each approach.

2.5.3.2.1 State-of-the-art; Classi cation Models

Among the most insightful contributions to classi cation model development is the work of Indy
Magnus et al. [30], who investigated multi-defect detection of a atoxins and external contami-
nants in pistachios. This study showed that both KNN and LDA models achieved approximately
96% classi cation accuracy in distinguishing safe from unsafe samples, signi cantly outperform-
ing QDA, which attained only 90:2% accuracy. Similarly, Kyung-Min Lee et al. [100] reported
that KNN and LDA reached 91:4% accuracy for a atoxin detection in maize.

SVM classi ers have also demonstrated promising results. For instance, Kim et al. [28] achieved
89:1% accuracy for the co-detection of a atoxins and fumonisins on whole maize kernels using
uorescence spectroscopy, with performance varying signi cantly by spectral modality|95 :7%
accuracy using SWIR re ectance and 717% in the VIS-NIR region. Wei Liu et al. considered an
ANN combined with feature reduction reached 933% accuracy for ZEA detection using uores-
cence hyperspectral imaging [107]. Furthermore, decision tree-based methods have shown high
speci city when applied on re ectance spectra; for example a sensitivity of 85/% and speci city

of 97:3% were obtained using Random Forests [95], while bagged decision trees attained 85%
accuracy for DON detection [99].

It is important to note that these studies did not report their respective classi cation thresholds,
complicating the assessment of how close to the legal limits these methods operated. Due to the
wide range of outcomes reported in the literature, no single model or method can be considered
universally optimal. As a result, this work adopts a systematic approach, evaluating a broad set
of models to determine which performs best for our speci c application.
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2.5.3.2.2 State-of-the-art; Regression Models

Regression models have also been extensively studied for the detection of single mycotoxins on
corn and wheat. For regression, PLSR consistently emerged as the optimal model. However,
only limited studies, as detailed below, have reported results that are close to or complying to
the legal limits. Most studies still su er from insu cient LOD and LOQ values, indicating the
need for further optimization.

Appaw et al. [120] demonstrated exceptional performance for a atoxin detection in maize kernels
using VIS-NIR re ectance spectroscopy. Their PLSR model showed arR? of 0:99, a Standard
Error of Cross-Validation (SECV) of 1:70 g/kg, and reported a LOD and LOQ of 0:60 g/kg and
1:81 g/kg, respectively|values that are highly promising for regulatory compliance considering
the legal limit for AFLA detection is 4 g/kg.

Similarly, Levasseur et al. [31, 118] applied PLSR for DON quanti cation in wheat kernels,
achieving R? values between @89 and Q91 and SECV values ranging from 578 to 612g/kg,
both well below the legal limit of 1250 g/kg. Pettersson et al. achieved anR-value of 0984
for samples extending from 400 to 13000g/kg and a SECV of 381 g/kg, indicating a resolution
su cient for regulatory monitoring.

For FUM on maize kernels, Tyska et al. [119] reported outstanding performance with a PLSR
model yielding an R? of 0:991, though with a Standard Error of Prediction (SEP) of 984 g/kg,
which exceeds the legal limit of 350g/kg. Della et al. [51] considered FT-NIR re ectance on
ground maize achieving calibrationR-values between M95 and 0998, with SECV values as low
as 232{144 g/kg, well below the legal threshold.

Collectively, these studies|targeting DON, FUM, and AFLA|demonstrate that PLSR-based
regression models are capable of achieving prediction errors below the respective legal thresholds.
However, while error metrics are commonly reported, essential analytical parameters such as the
LOD and LOQ are most often overlooked. Nonetheless, the consistent performance of PLSR
across di erent mycotoxins and matrices underscores its strong potential as a core regression
method for the development of robust, industry-ready multi-mycotoxin detection platforms.

2.5.3.3 A Review Of Feature Selection In Literature

It is worth noting that all the models discussed above rely on full spectral data, using the entire
range of available wavelengths to maximize predictive performance. However, for developing
more streamlined and cost-e ective platforms suitable for industrial use, it is often preferable to
limit models to a smaller, carefully selected set of wavelengths. To address this, we introduced
feature selection as a systematic approach to identify the most informative spectral features,
allowing models to perform e ectively with reduced input complexity.

Despite its promise, feature selection remains relatively underexplored in the context of my-
cotoxin detection. However, a handful of recent studies have begun to address this gap. For
example, Magnus et al. [30] and Smeesters et al. [16] successfully applied techniques such as
Sequential Feature Selection (SFS) to isolate key wavelengths, enhancing both model e ciency
and suitability for industrial deployment.

Another notable precedent comes from the work of Stasiewicz et al. [98], who used a xed
set of just nine wavelengths, in the range of 470{1550nm, to develop a multispectral sorter for
AFLA and FUM detection in Kenyan maize. Rather than using algorithmic feature selection,
wavelengths were selected based on hardware constraints and industrial president, incorporating
visible and near-infrared bands. Their classi cation models (LDA) achieved 77% sensitivity and
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83% speci city in distinguishing contaminated kernels above and below regulatory thresholds.
Importantly, their study demonstrated that even with a discrete and relatively small subset of
features, meaningful toxin reduction|over 80% on average|could be achieved in sorted maize
samples.

Here we can note that algorithmic feature selection methods will have the potential to im-
prove upon these results by systematically identifying the most informative and least redundant
wavelengths from a larger candidate pool. This data-driven approach could uncover non-obvious
spectral combinations that maximize classi cation and regression performance, potentially en-
hancing sensitivity, speci city, and overall sorting e ciency beyond what is achievable through
heuristic or hardware-constrained feature choices.

Taken together, the integration of algorithmic feature selection not only holds promise for re n-
ing the spectral components of detection systems but also exempli es a paradigm shift toward
precision-engineered models, wherein the con uence of statistical rigor, computational optimiza-
tion, and domain-speci ¢ constraints coalesces to yield solutions that are not merely performant
in silico, but robust, scalable, and translational across the diverse operational landscapes of real-
world mycotoxin mitigation.

Building on this, our work aims to systematically compare a broad range of feature selection
strategies, seeking to benchmark full-spectral-models against those based on selected wave-
lengths, with a focus on optimizing the balance between industrial feasibility and predictive
performance.

2.6 Summary And Research Gaps

Optical spectroscopy, when integrated with machine learning, presents a powerful, non-invasive,
and rapid alternative to conventional chemical analysis for mycotoxin detection. These optical
approaches provide the capability for in-situ, real-time assessment of food and feed safety, align-
ing well with the demands of modern industrial settings. Despite this promise, their widespread
adoption has been constrained by several critical limitations.

Most notably, current implementations predominantly target the detection of a single myco-
toxin within a speci ¢ matrix under tightly controlled laboratory conditions. This narrow scope
restricts scalability and limits practical applicability. Consequently, a clear gap remains: the
development of a cost-e ective, scalable, and industrially viable optical platform capable of si-
multaneous multi-mycotoxin detection across diverse agricultural matrices.

To address this challenge, the present study centers on re ectance and uorescence spectroscopy,
two modalities that strike an optimal balance between analytical performance and operational
feasibility. On the computational front, this work employs machine learning for both classi -
cation and regression tasks. A wide spectrum of classi cation models|including LDA, SVM,
KNN, DT, RF, and ANN|have shown promise in prior studies. To identify the most e ective
approach for our speci ¢ application, a systematic comparative analysis of these models will be
undertaken. For regression PLSR has consistently demonstrated superior performance in the
literature. Nonetheless, a dedicated benchmarking e ort will be carried out to validate these
ndings within the context of our data.

Finally, to enhance system scalability and cost-e ectiveness, this study explores algorithmic fea-
ture selection strategies aimed at reducing spectral complexity without compromising predictive
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performance. Techniques such as Sequential Feature Selection (SFS) and Minimum Redundancy
Maximum Relevance (MRMR) have emerged as viable tools for identifying compact, highly-
informative wavelength subsets. By combining these strategies with multi-mycotoxin detection
across multiple matrices (i.e., corn and wheat), this work seeks to overcome current limitations
and facilitate the transition from laboratory research to industrial deployment.



Chapter 3

Materials And Methods

Building on the foundation laid in the previous chapter|which detailed the biochemical back-
ground of mycotoxins, the capabilities and limitations of spectroscopic methods, and the current
state of machine learning for spectroscopic mycotoxin detection|we now transition from theo-
retical insight to experimental implementation. Guided by the overarching work ow introduced

in Figure 1.1, this chapter starts with the preparation of a well-characterized series of corn- and
wheat-based samples, synthesized by mixing certi ed, naturally contaminated reference mate-
rials in controlled ratios to yield known multi-mycotoxin compositions. Section 3.1 provides a
comprehensive account of this preparation process.

The chapter then presents the measurement setups and the calibration and acquisition pro-
tocol (Section 3.2). Spectral data is acquired using both re ectance (UV-VIS and NIR) and
uorescence spectroscopy, with the latter employing multiple excitation wavelengths. A visual
exploration of the collected spectral data is thereafter conducted to identify the most informative
spectral regions (Section 3.3).

All this forms the experimental backbone for the model development and validation presented
in Chapters 4 and 5, which address classi cation and regression modeling, respectively.

3.1 Multi-mycotoxin Samples

To develop accurate and robust predictive models, it is essential to construct a labeled dataset
comprising spectral measurements from a diverse range of samples with known mycotoxin com-
positions. Ideally, this dataset should cover contamination levels ranging from non-detectable to
concentrations well above established regulatory thresholds, thereby allowing both classi cation
and regression models to learn across a wide dynamic range.

Notably, spectroscopic detection of mycotoxins typically relies on indirect indicators|namely,
secondary e ects such as compositional changes in the matrix induced by fungal metabolism
during toxin production. This makes the use of naturally contaminated material critical. In con-
trast, spiked samples introduce only pure mycotoxins, without the associated matrix alterations,
and therefore fail to capture the key spectral features that serve as reliable predictors. As a re-
sult, they o er limited utility for training models intended to operate under real-world conditions.

In light of these considerations, the ideal approach should involve sourcing naturally contam-
inated, whole corn and wheat kernels with various compositions of mycotoxins, collected from
geographically and environmentally diverse regions. This would ensure that the dataset fully
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re ects the natural variation in both matrix composition and toxin distribution|an essential
requirement for developing models with real-world applicability.

However, several practical limitations make this strategy di cult to implement. First, reliably
obtaining eld-contaminated kernels with known contamination levels is both challenging and
costly, as precise gquanti cation requires labor-intensive and resource-demanding chemical anal-
ysis. Second, the heterogeneous and highly localized distribution of mycotoxins within grain
batches poses a signi cant obstacle, since standard analytical methods typically require bulk
guantities|often tens of grams|making it impossible to determine toxin concentrations at the
single-kernel level, as only the averaged contamination of a larger batch can be determined.
These constraints render the creation of a large, well-characterized set of individual, naturally
contaminated kernels with known mycotoxin pro les exceedingly di cult.

Given these constraints|and recognizing that the present work is intended as an initial fea-
sibility study into multi-toxin detection|we adopt a more controlled and reproducible approach

to sample preparation. Rather than using whole kernels, we work with nely ground reference
materials derived from naturally contaminated corn and wheat, sourced from certi ed providers
such as Romer Labs [130]. These biopure standards are homogeneous in compaosition and come
with known concentrations of speci ¢ mycotoxins, allowing for the precise formulation of new
samples by mixing di erent ratios of these standards. This approach greatly simpli es sample
preparation and reduces natural variability, creating a simpli ed scenario for initial model devel-
opment. The speci ¢ mixing strategies used to generate the experimental datasets are detailed
in the sections that follow, beginning with a brief overview of the reference standards used.

3.1.1 The Standards

The reference samples, provided by Romer Labs [130], were prepared through a meticulous pro-
cess to ensure accuracy, homogeneity, and reliability. The process, as applied by Romer Labs,
began by sourcing corn and wheat naturally infected with mycotoxins. The contaminated grains
were then nely ground and sieved through a 30-mesh ((695mm) to achieve a uniform particle
size. This ground material was thoroughly homogenized to ensure an even distribution of myco-
toxins, minimizing variability and enhancing reproducibility in analytical measurements.

To determine the mycotoxin concentrations, the samples underwent rigorous quality control.
First, mycotoxins were extracted using a carefully formulated solvent, and then the extracts were
analyzed using Liquid Chromatography-Tandem Mass Spectrometry (LC-MS/MS). To ensure re-
liability, 30 di erent extracts were prepared and analyzed over at least ve independent testing
days. The results from these tests were averaged to obtain the most accurate and reproducible
concentration estimate. Finally, the samples are stored in a fridge to minimize contamination
changes over time.

For this study, six certi ed reference standards were used: four for corn and two for wheat.
The corn standards included individual contaminations with a atoxins (AFLA), deoxynivalenol
(DON), and zearalenone (ZEA), along with a mixed standard containing AFLA®, DON, ZEA,
and fumonisins (FUM). For wheat, one mixed standard with multiple mycotoxins and one blank
(mycotoxin-free) standard were used. A complete overview of the mycotoxins present in each
standard and their certi ed concentrations is provided in Table 3.1.

IHere AFLA represents the combined levels of AFB 1, AFB 2, AFG 1, and AFG ».
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Matrix Contaminants Certi ed Concentrations [ a/kg]
Corn AFLA (AFB 1) AFB 1: (4:8 1:9);
AFB 7, AFG 1, AFG ,: < 1 [131]
Corn DON (2200  600) [132]
Corn ZEA (62 17) [133]
Corn AFLA 1, DON, AFLA: (6 :0 2:5);
ZEA, FUM DON: (900  200);

ZEA: (103:4 37:5);

FUM: (2600  600) [134]
Wheat DON, T-2, DON: (1000  200);

HT-2, OTA T-2: (49:1 21:4);

HT-2: (9:7 4:2);

OTA: (8 :3 3:9) [135]

Wheat Blank No detectable mycotoxins [136]

Table 3.1: Details on the certi ed reference standards used for corn and wheat sample prepara-
tion.

3.1.2 Sample Synthesis

With the reference standards detailed, we turn to sample preparation. Two independent sample
sets were constructed|one for corn and one for wheat|to enable the development of crop-
speci ¢ detection models.

For corn, the four reference standards|AFLA, DON, ZEA, and the mixed standard (MIX),
which contains AFLA, DON, ZEA, and FUM|were used. Due to concentration constraints

in the available materials, it was only possible to generate samples exceeding the legal limits
for AFLA and DON. In contrast, the concentrations of ZEA and FUM in both the pure and
mixed standards remained below their respective regulatory thresholds, limiting the achievable
contamination range for these toxins. Nevertheless, methodologies that perform at sub-threshold
concentrations are expected to scale well for higher contamination levels, as the spectral features
associated with mycotoxins typically become more pronounced with increasing concentration.
An additional constraint for corn is the absence of an uncontaminated reference standard (blank).
Consequently, all combined samples will inevitably contain some degree of mixed contamination.
For example, a sample with a reduced DON concentration can only be obtained by diluting the
pure DON standard (or the MIX) using either the AFLA or ZEA standards|thereby introduc-

ing additional mycotoxins by necessity. To tackle this sample complexity, high care needs to
be taken during the sample preparation, since the considered models will merely learn to di er-
entiate between di erent toxin levels with respect to the other toxins, and not with respect to
uncontaminated samples.

Here, more speci cally, care needs to be taken that the model learns from the individual toxins,
which might not be the case if always the same type of dilution would be applied. If, for example,
the DON standard is always diluted using AFLA, the resulting data may confound the e ects of
DON with those of AFLA, making it unclear whether the model is learning to detect DON or

a correlated change in AFLA concentration. To avoid this, the sample series must be designed
carefully to decouple the spectral e ects of individual mycotoxins from one another.

A further complexity arises from the fact that each of the four reference standards originates
from a di erent batch of corn. Although Romer Labs [130] ensures that all standards are derived
from the same corn type and produced under comparable conditions, batch-to-batch variation
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in matrix compaosition is inevitable.

While some matrix di erences may result from metabolic changes induced by fungal activity
during mycotoxin production, others may be unrelated to the mycotoxins. Consequently, when
samples are composed by mixing standards, they may di er not only in mycotoxin-speci c fea-
tures but also in standard-speci ¢ characteristics. Given that spectroscopic mycotoxin detection
often relies on the detection of these indirect markers, it is critical to ensure that the models
learn to identify toxin-speci c features, rather than confounding patterns tied to the standards
themselves.

To address both challenges, the corn samples were deliberately composed to isolate toxin-speci ¢
features. The core strategy involved creating a series of samples in which the concentration
of a target mycotoxin remained constant, while varying the combination of reference standards
used to achieve the concentration. This approach helps decouple mycotoxin signals from matrix-
speci ¢ e ects, enabling more reliable identi cation of toxin-related spectral patterns.

For example, samples with a xed concentration of a atoxin (AFLA) were prepared by blending
the pure AFLA standard with either the DON or ZEA standard, or by combining the mixed
standard (which includes AFLA) with one of the single-toxin standards. This generated multiple
samples with identical AFLA levels but di ering concentrations of the other toxins, and variable
matrix compositions. By systematically repeating this process across a range of concentrations
for each target toxin, we created a diverse and balanced dataset. This approach ensures that
any consistent spectral patterns learned by the models can be attributed to the target mycotoxin
or its associated matrix e ects, rather than to co-contaminants or confounding standard-speci ¢
signatures.

For wheat, only two reference standards were available: an uncontaminated blank and a sam-
ple contaminated with DON, OTA, and T-2/HT-2 toxins. Of these, only OTA exceeded the
legal limit of 5 g/kg, while DON, T-2, and HT-2 remained within regulatory thresholds. Due
to the limited number of standards, it is not possible to isolate the individual spectral e ects
of each mycotoxin. Consequently, all models trained on the wheat dataset are constrained to
learn the combined spectral signature of this speci ¢ toxin mixture. Furthermore, because only
two unique reference materials were available for sample mixing, it is impossible to disentangle
matrix-speci ¢ features from mycotoxin-related signals.

Despite these limitations, the inclusion of a blank standard made it possible to construct an
equidistant concentration series|from zero (pure blank) up to the maximum contamination
level of the standard. This approach is particularly advantageous for regression tasks, as it en-
sures uniform coverage across the full concentration range, thereby reducing bias that could arise
from an unbalanced dataset.

3.1.2.1 The Corn Samples

Following the sample synthesis strategy, we prepared a series of 40 samples, each weighing 10
grams, by precisely combining di erent corn-reference standards using a high-accuracy scale
( 0:01g). After mixing, each sample was thoroughly homogenized to ensure an even distribu-
tion of mycotoxins. The resulting mixtures were stored in glass vials, providing a stable, inert
environment and allowing for convenient handling throughout the study. To maintain sample
integrity, all vials were refrigerated when not in use.

Each vial was labeled as $x, where \xx" denotes the sample number. Figure 3.1 presents the
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prepared corn samples. A detailed overview of the sampléss provided in Table 3.1. The er-
ror on the concentration is calculated by propagating the standard deviation of the standard's
concentration and the measurement uncertainty of the sample composition.

Figure 3.1: A.) A contaminated corn sample sealed in a glass vial, with measurement sites
indicated; spectra were collected from multiple positions on both the bottom and side of the
vial. B.) Most of the prepared corn samples. Visual distinction between samples is not possible,

as all appear identical.

Mycotoxin On Corn Samples

Mycotoxin Concentration Sample Composition [ 0.01q]

Sample | AFLA DON ZEA FUM AFLA DON ZEA Mix
[ g/kdl [ g/kd] [ g/kdl [ g/kdl 9] 9] ld] ld]

So1 480 190 |0 0.0 0 10.00 | 0.00 0.00 0.00
S02 0.00 2200 600 0.0 0 0.00 10.00 | 0.00 0.00
S03 0.00 0 62.0 17.0 0 0.00 0.00 10.00 | 0.00
S04 3.84 152 | 440 180 0.0 0 8.00 2.00 0.00 0.00
S05 192 0.76 1320 540 0.0 0 4.00 6.00 0.00 0.00
S06 384 152 | 0 124 35 0 8.00 0.00 2.00 0.00
So7 192 076 | O 37.2 102 0 4.00 0.00 6.00 0.00
S08 0.00 440 180 496 13.6 0 0.00 2.00 8.00 0.00
S09 0.00 880 360 37.2 102 0 0.00 4.00 6.00 0.00
S10 0.00 1320 540 248 6.8 0 0.00 6.00 4.00 0.00
S11 3.84 152 | 220 90 6.2 1.8 0 8.00 1.00 1.00 0.00
S12 192 0.76 | 440 180 248 6.8 0 4.00 2.00 4.00 0.00
S13 6.00 250 | 900 200 103.4 375 2600 600 0.00 0.00 0.00 10.00
S14 540 157 | 450 100 51.7 1838 1300 300 5.00 0.00 0.00 5.00
S15 3.00 1.25 1550 461 51.7 1838 1300 300 0.00 5.00 0.00 5.00
S16 3.00 125 | 450 100 82.7 20.6 1300 300 0.00 0.00 5.00 5.00
S17 5.04 1.60 180 40 207 75 520 120 8.00 0.00 0.00 2.00
S18 1.20 0.50 1940 721 207 75 520 120 0.00 8.00 0.00 2.00
S19 1.20 0.50 180 40 70.3 155 520 120 0.00 0.00 8.00 2.00
S20 576 2.04 | 720 160 82.7 30.0 2080 480 2.00 0.00 0.00 8.00
S21 480 2.00 1160 249 82.7 30.0 2080 480 0.00 2.00 0.00 8.00
S22 480 200 | 720 160 95.1 302 2080 480 0.00 0.00 2.00 8.00
S23 480 19 |0 0.0 0 10.00 | 0.00 0.00 0.00
S24 0.00 2200 900 0.0 0 0.00 10.00 | 0.00 0.00
S25 0.00 0 62.0 17.0 0 0.00 0.00 10.00 | 0.00

2All samples were used for model development, with the exception of sample S08, which was lost prior to the

start of this thesis and is therefore excluded from the remainder of the study.
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