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A B S T R A C T

The detection of Alternaria mycotoxins in food is a growing concern due to their potential health effects. 
Although HPLC-MS-based techniques are the most widely used for the accurate determination of mycotoxins, 
they are not suitable for rapid on-site screening, which emphasises the need for portable, cost-effective and 
environmentally friendly analytical instruments. In this study, we developed a first-line electroanalytical plat
form for the rapid detection of alternariol (AOH) and alternariol-9-methyl ether (AME) using screen-printed gold 
electrodes modified with dodecanethiol self-assembled monolayers (SAMs). Dodecanethiol SAM deposition was 
optimized using a 22 full factorial design to enhance and differentiate the electrochemical responses of each of 
the two toxins with even minimal structural differences, as confirmed by cyclic voltammetry and impedance 
spectroscopy. Good results with LOD and LOQ at the low µg/kg level were achieved, approaching the indicative 
levels recommended for the target compounds in processed tomato products. Very good inter-electrode 
repeatability with RSD <10% was also achieved. The integration of Machine Learning (ML) techniques into 
the analytical workflow was successfully evaluated to enable predictive modelling of contamination events using 
the dual-channel electroanalytical platform. The method requires minimal sample treatment, produces negligible 
waste, and is compatible with low-power portable devices. Finally, AGREE, ComplexMoGAPI and SPMS metrics 
were used to assess the greenness, proving excellent compliance with the principles of green analytical chem
istry. For the first time we demonstrated the potential of the integration of ML into an environmentally friendly 
electrochemical platform to enable a cost-effective primary screening for these representative Alternaria toxins.

1. Introduction

Alternaria s.p. is a genus of Ascomycete fungi that includes several 
plant pathogens, responsible for a wide range of diseases in both agri
culture and horticulture. Alternaria species produce secondary metab
olites, or mycotoxins, that have emerged as a health concern because of 
their potential toxicity, being commonly found on grains, fruits, to
matoes and tomato-based products [1]. Alternaria toxins (ATs) can be 
classified into three distinct groups based on their chemical structure: 
dibenzopyrone derivatives (e.g., alternariol (AOH), alternariol mono
methylether (AME), altenuene), perylene derivatives (e.g., altertoxin I, 
altertoxin II), and tetramic acid derivatives (e.g. tenuazonic acid (TeA)). 
These compounds are considered to be some of the important toxic 

metabolites of various Alternaria species occurring in food commodities 
[2].

Contamination by ATs, including AOH and AME, has been reported 
in a wide range of crops, notably tomatoes. The presence of AOH and 
AME in tomatoes can occur due to fungal contamination during growth, 
storage and transportation, and is often influenced by environmental 
and agronomic factors [3].

As consequence of these findings, the European Food Safety Au
thority (EFSA) issued opinions on ATs in 2011 and 2016, concluding 
that chronic dietary exposure to AOH, AME, and TeA exceeds levels of 
toxicological concern [4,5]. This is due to potential mutagenic, carci
nogenic, and neurotoxic effects, which prompted requests for further 
toxicity data and a link to various health disorders, as demonstrated by 
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epidemiological studies [6]. As a result, the presence of AOH and AME in 
tomatoes has prompted increased regulatory controls and the estab
lishment of maximum residue limits (MRLs) for mycotoxins like AOH 
and AME, in food products, especially for tomatoes, but standardized 
monitoring guidelines are still lacking, highlighting the need for 
continued research and improved detection methods.

In such a context, the European Union has recently issued Recom
mendation (EU) 2022/553, inviting Member States to collect data on 
ATs in food using analytical methods suitable for monitoring at the 
indicative levels established for certain Alternaria toxins [7].

The detection and quantification of AOH and AME in fruits and to
matoes pose significant analytical challenges because they are present at 
low concentrations in complex matrices that include sugars, pigments, 
polyphenols and other organic compounds [8]. Overcoming this re
quires sensitive and selective analytical methods, often involving a 
multi-step process of extraction, purification using techniques like 
QuEChERS and molecularly imprinted polymer beads [9–11], and 
advanced analytical techniques, like liquid chromatography-tandem 
mass spectrometry (HPLC-MS/MS) or LC with high-resolution mass 
spectrometry [9,11–13] or gas chromatography-tandem mass spec
trometry (GC-MS/MS) [14]. However, detection of Alternaria myco
toxins by GC implies a time-consuming and complicated derivatization 
to convert polar, non-volatile toxins into volatile forms, resulting in 
delays in analysis especially when large number of samples are to be 
analysed. Although the above-mentioned instrumental approaches boast 
numerous advantages, including high accuracy and sensitivity, they are 
expensive, require complex pretreatment and high level of expertise. 
However, these approaches fail to meet the needs for rapid and timely 
on-site screening; therefore, there is an urgent need to develop rapid, 
affordable, accurate, and sensitive screening methods for detecting 
Alternaria toxins to ensure the quality and safety of food products.

Among the available methodologies, enzyme-linked immunosorbent 
assays (ELISA) [15] and immunochromatographic strip tests as lateral 
flow immunoassays (LFIA) [16] offer promising approaches due to their 
simplicity, rapid detection, high specificity and good stability. ELISA 
allows for quantitative analysis but is generally not suitable for field 
analysis as it requires multiple steps and trained technicians, while 
LFIAs offer a naked-eye readout without the need for instrumentation 
providing qualitative or semi-quantitative information. Only very 
recently rapid immunoassays for on-site sensitive analysis of alternariol 
have been devised, but it should be noted that this work has focused on 
only one of the Alternaria mycotoxins [17]. In this scenario, the ideal 
solution as a compromise between sensitivity, rapid analysis, 
cost-effectiveness and smart portable instrumentation is represented by 
electrochemical sensors and biosensors. Among them, although apta
sensors have recently been proposed as promising candidates for the 
effective detection of AOH [18–20], showing high sensitivity and wide 
detection range, the severe limitations of aptamers as receptors for 
sensing devices must be considered. These drawbacks have recently 
been demonstrated in terms of low robustness and strong dependence of 
their binding interactions on experimental factors such as ionic strength 
and electrolyte composition of the measuring medium [21,22].

Tyrosinase-based enzymatic biosensors have also been reported for 
the detection of Alternaria toxins. However, they have several disad
vantages, including the high cost of the enzyme receptor, the need for 
rigorous pH and temperature control, and poor performance in the 
determination of AOH and AME toxins. These limitations also extend to 
their application in food analysis, where their effectiveness has not yet 
been fully explored [23].

In this scenario, the development of electroanalytical methods that 
avoids the use of biological receptors offers clear advantages in terms of 
low fabrication costs, analytical robustness, durability and lifetime. 
Among these, Chemically Modified Electrodes (CMEs) via Self- 
Assembled Monolayers (SAM) of heterobifunctional molecules repre
sent analytical solutions with an excellent cost-performance balance 
[24–26].

SAMs have established themselves as powerful tools in the devel
opment of electroanalytical devices, offering unique advantages in terms 
of surface functionalization, stability, and sensitivity [24]. These 
monolayers consist of molecules that spontaneously organize into a 
well-ordered layer on a substrate, typically gold or other metals, thanks 
to interactions between a bifunctional molecule and the sensing surface. 
In the context of electroanalytical devices, SAMs play a fundamental role 
in regulating electrode surface properties, including charge transfer, 
electrochemical stability, and the ability to mediate redox processes 
towards target analytes. Furthermore, SAMs offer the advantage of being 
cost-effective, easy to prepare and versatile, enabling the design of 
highly functional systems adaptable to different signal transduction 
principles.

In this context, in the present study a simple, rapid, eco-friendly and 
cost-effective electroanalytical platform based on two CMEs featuring 
screen-printed gold electrodes derivatized with dodecanethiol SAMs was 
developed and optimized for the detection of AOH and AME in fresh 
tomato samples using differential pulse voltammetry (DPV). These 
Alternaria toxins are chosen as representatives for this relevant com
pound class. The use of experimental design techniques for the optimi
zation of the CMEs enabled the development of a dual-channel system 
allowing for sensitive and rapid detection of the two major Alternaria 
mycotoxins. Furthermore, as successfully demonstrated in our previous 
studies [27,28], the integration of Machine Learning (ML) techniques 
into the analytical workflow was evaluated to enable predictive 
modelling of contamination events. As recently reviewed, ML algo
rithms are increasingly combined with electroanalytical techniques to 
analyze complex signals and harness their potential for high specificity 
and sensitivity [29,30]. The implementation of ML classifiers to process 
electrochemical voltammetric signals enabled the rapid detection of 
non-compliant tomato samples at low levels of AOH and AME contam
ination by distinguishing them from compliant ones. This approach can 
be used to develop rapid and reliable food safety tools, potentially 
embedding them in portable devices for real-time analysis. Furthermore, 
thanks to the time- and cost-effectiveness of the entire analytical process 
and the ability to integrate with portable and low-power consuming 
readout instrumentation, the developed methodology fulfils most of the 
twelve principles of green analytical chemistry, obtaining excellent 
greenness ratings by applying AGREE [31], ComplexMoGAPI [32] and 
SPMS [33] as three different analytical greenness metric tools.

To our knowledge this is the first proof-of-concept study demon
strating the potential of the integration of ML into an environmentally 
friendly DPV electrochemical method for application in the food pro
duction sites to enable a cost-effective primary screening for these 
Alternaria toxins.

2. Materials and methods

2.1. Chemicals and materials

1-Dodecanethiol (DDT), acetone, ethanol 96%, acetonitrile, alter
nariol from Alternaria sp (AOH), alternariol-9-methyl ether from Alter
naria alternata (tenuis) (AME), disodium hydrogen phosphate 
(Na2HPO4), sodium dihydrogen phosphate (NaH2PO4), potassium 
dihydrogen phosphate (KH2PO4), potassium ferrocyanide (K4[Fe 
(CN)6]) were purchased from Sigma-Aldrich (Milan, Italy).

Fresh tomatoes of the Fokker variety, a cultivar typically used in 
industrial production, were purchased from a local store.

Screen-Printed Gold Electrode DRP-220 BT (SPGE) with 0.2 cm 
radius gold working electrode cured at low-temperature (around 150◦ C) 
and silver pseudoreference electrode were purchased from Metrohm 
Italiana SRL (Origgio, Varese, Italy).

Ultrapure water (18.2 MΩ⋅cm) was obtained from a Direct Q® 3 UV 
ultrapure water system.

Phosphate Buffered Saline (PBS) was prepared with the following 
composition: 137 mM NaCl, 2.7 mM KCl, 1.2 mM KH2PO4, and 8 mM 

S. Fortunati et al.                                                                                                                                                                                                                               Green Analytical Chemistry 17 (2026) 100332 

2 



Na2HPO4 (pH= 7.4).
Composition of the reading buffer for AME and AOH measurements 

was: 40% 0.5 M NaH2PO4, 40% 0.4 M Na2HPO4 with an addition of 20% 
acetonitrile (pH=7.0).

2.2. Sample preparation

Fresh tomatoes were washed, cut and frozen in liquid nitrogen before 
being ground in a mill. The resulting homogenized material was then 
transferred to 50 mL Falcon tubes, thawed to +4◦C and centrifuged for 
10 minutes at 4000 rpm, maintaining the temperature at +4◦C 
throughout. The supernatant was then collected and stored until 
analysis.

AOH and AME were dissolved in acetone and acetonitrile, respec
tively, to obtain 500 mg/L standard solutions. These solutions were then 
diluted to the appropriate concentrations in a 1:1 mixture of centrifuged 
tomato sample and reading buffer.

Starting from one sample of the Fokker cultivar, a total of 45 
centrifuged tomato samples were prepared and analyzed, including 
control samples (n=15), samples spiked with 0.5 mg/L AOH (n=15) and 
with 0.5 mg/L AME (n=15). Before spiking, the absence of AOH and 
AME contamination in centrifuged tomato samples was assessed by 
QuEChERS method coupled with UHPLC-MS/MS [34].

2.3. Equipment

Electrochemical measurements were performed using a Multi Auto
lab M204 10-channel potentiostat/galvanostat (Metrohm Italiana Srl, 
Origgio, Varese, Italy), equipped with the FRA32M electrochemical 
impedance spectroscopy (EIS) module. The instrument was controlled 
via NOVA 2.1.6 Advanced Electrochemical Software. The SPEs were 
connected to a boxed connector from DropSens (Origgio, Varese, Italy; 
DRP-DSC), which allowed them to be interfaced with the potentiostat.

A pHmeter Violab pH 60/XS (XS Instruments, Carpi, Modena, Italy) 
was used for pH measurements. SPGEs were modified using a heating 
magnetic stirrer AREX from VELP Scientifica (Biosigma, Cona, Venice, 
Italy).

IKA a11 basic analytical mill (IKA-Werke GmbH & Co.KG, Staufen, 
Germany) and Eppendorf Centrifuge 5810R (Eppendorf, Hamburg, 
Germany) were used for sample treatment.

2.4. Electrode modification and electrochemical measurements

Two sets of electrodes were modified with a self-assembled mono
layer by depositing DDT on the SPGE surface under optimized condi
tions. Specifically, the CMEs were prepared by dipping the electrodes in 
5 mL of stirred ethanol solutions of DDT, using concentrations and 
deposition times that had been optimised for AME and AOH detection, 
respectively.

Electrochemical measurements were performed using DPV by scan
ning the potential from 0 V to +1 V with a step potential of 0.01 V, a 
modulation amplitude of 0.05 V, a modulation time of 0.1 s and an in
terval time of 0.5 s.

2.5. Experimental Design and Statistical Analysis

A two-level two-factor (22) full factorial design (FFD) was used to 
analyse factors involved in the fabrication of CMEs and find the optimal 
conditions for chemically modifying SPEs using DDT to individually 
detect AME and AOH. DDT concentration and deposition time were 
investigated as experimental factors. Two coded levels (- 1, +1) were 
used as follows: DDT concentration = 5 (-1), 20 (+1) mM; deposition time 
= 5 (-1), 15 (+1) min. The optimized response variable was the signal- 
to-noise (S/N) ratio obtained by analysing tomato samples spiked with 
0.1 mg/mL AOH or AME and control tomato samples. Each experiment 
was performed in duplicate and in randomized order to minimize 

systematic bias.
A two-way Analysis of Variance (ANOVA) with Bonferroni post-hoc 

test was carried out to assess the significance of the two factors and their 
interactions. The resulting dataset was analysed through multiple linear 
regression (MLR) to obtain the response function and assess the optimal 
experimental conditions for the detection of AOH and AME, 
respectively.

Statistical analysis was carried out using the Statistics for Data 
Analysis V.28 software package (SPS Srl, Bologna, Italy).

2.6. Electrochemical characterization of CMEs

The characterization of CMEs obtained by functionalization of SPGEs 
with SAMs of DDT was carried out using Cyclic Voltammetry (CV) and 
Electrochemical Impedance Spectroscopy (EIS). In both cases, a potas
sium ferrocyanide solution with a concentration of 1 mM in PBS was 
used as the redox probe. CV was performed by scanning potential be
tween -0.25 and +0.75 V for 3 scans with a scan rate of 0.1 V/s. As for 
EIS experiments, a 5-mV amplitude sine wave perturbation was applied 
to the electrode, and the voltage was set at 0.19 V vs Ag pseudoreference 
according to the half-wave potential exhibited by the redox couple. The 
frequency range explored extended from 0.25 Hz to 10 kHz. The 
impedance spectra were reported as Nyquist diagrams where − Z″ = f(Z′), 
the imaginary part of the impedance, usually as − Z″, is plotted versus the 
real part of impedance, Z′, at each excitation frequency [35].

2.7. Analytical validation

The analytical validation of the CME-based method was performed 
according to EURACHEM Guidelines [36] using matrices containing no 
detectable AOH and AME as blank samples. Measurements were carried 
out using tomato samples diluted 1:1 in read buffer and spiked with AME 
and/or AOH at various concentrations. Each CME was used for a single 
DPV scan and disposed after use.

The limit of detection (LOD) and limit of quantification (LOQ) were 
calculated as 3⋅s0/√n and 10⋅s0/√n, respectively, where s0 is the stan
dard deviation measured on 10 replicated blanks and n is the number of 
replicate measurements.

Working linear range was assessed by testing analyte concentrations 
in the 0.1 - 1 mg/L range for both AOH and AME by applying Mandel’s 
fitting test. The significance of the intercept (significance level 5%) was 
established by running a Student’s t -test. Regression residuals were 
calculated, and the mean was not significantly different from zero (p >
0.05) over the working linear range for each mycotoxin. Precision in 
terms of inter-CME repeatability was calculated by performing 3 repli
cated measurements for each concentration level. Recovery rates were 
assessed by performing 3 replicated measurements of tomato samples 
spiked with two concentration levels of each toxin.

2.8. ML algorithms for data processing

The experimental datasets used to train and validate the ML models 
were obtained from the DPV analysis of tomato samples. The dataset was 
structured as follows: 

• 3 sample classes were considered, namely control tomato samples 
and tomato samples spiked with 0.5 mg/L of either AOH or AME.

• 15 samples for each class were tested with both CMEs, obtaining 90 
voltammograms.

• 100 current and potential values were acquired during each DPV 
scan.

• 1 current value and its corresponding potential were extracted from 
each DPV scan.

To train and validate the models, data obtained from the analysis of 
each individual sample performed with both CMEs were used. For this 
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purpose, datasets were constructed using either full DPV scans or spe
cific sets of peak current and potential values (see Section 3.5).

Both datasets were randomly partitioned into cross-validation and 
testing subsets, with 80% of the data assigned to training and validation 
and the remaining 20% for testing. To ensure class balance, this parti
tioning was performed separately for each class. Furthermore, to 
enhance the reliability of the performance estimates, a 5-fold cross- 
validation procedure was applied to the training/validation subset.

The selection of data preprocessing criteria was driven by two pri
mary rationales based on the dataset in use. Pareto scaling [37], a data 
handling technique that has been shown to reduce the influence of 
higher values while preserving part of the original structure of the 
dataset, was applied to the entire DPV dataset, while autoscaling was 
used for the dataset based on the extraction of peak current and potential 
values.

Unsupervised Principal Component Analysis (PCA) was carried out 
to exploratory evaluate each dataset and recognise features that enable 
differentiation between the three sample classes.

Data processing was performed using the Python programming lan
guage (version 3.11.13) with the aid of the PyCaret package (version 
3.3.2) to automate the search for the best classification models [38]. The 
models demonstrating optimal performance were then optimised and 
validated individually using scikit-learn package (version 1.4.2) [39].

A total of ten ML algorithms were applied and compared in terms of 
their classification performance for different sample classes. Linear 
Discriminant Analysis (LDA), Partial Least Squares Discriminant Anal
ysis (PLS-DA), Decision Tree (DT) and non-parametric K-Nearest 
Neighbors (KNN), both Euclidean and cubic,were evaluated as super
vised approaches. Linear Support Vector Machine (SVM) was also tested 
as supervised classifiers to identify the most effective decision boundary 
for separating classes. This is achieved by identifying the hyperplane 
that maximises the distance between samples and the decision boundary 
[40]. Random Forest (RF) and Extra Trees (ET) were investigated as 
ensemble ML algorithms based on sets of decision trees: unlike RF [41], 
ET introduces more randomness, thus reducing variance and the risk of 
overfitting. Its effectiveness has been particularly demonstrated when 
applied to noisy datasets characterized by high variance [42]. In addi
tion, we assessed the performance of the Naive Bayes (NB) classifier as a 
probabilistic model characterised by extreme speed and low computa
tional requirements [43]. Finally, the sequential ensemble Gradient 
Boosting Classifier (GBC) method was also implemented: unlike RF, 
which is based on independent trees, GBC generates trees sequentially, 
with each tree correcting the errors of the previous one. This approach 
has been demonstrated to improve accuracy, promote flexibility, and 
mitigate bias [44].

We applied each model to both cross-validation and test set, using 
metrics of accuracy, precision, recall and F1-score, which is the har
monic mean of precision and recall.

3. Results and discussion

3.1. Working principle of CMEs

The electrochemical behaviour of polyphenolic derivatives, the class 
to which AOH and AME belong, is a complex phenomenon involving EC- 
type mechanisms. In these processes, proton abstraction corresponds to 
the chemical reaction (C), followed by multiple one-electron charge- 
transfer electrode steps (E). The phenoxonium ions involved can un
dergo further chemical reactions, namely the generation of dimers or 
polymers, thus inducing fouling phenomena on the surface of the bare 
gold electrode due to the accumulation of oxidation products. A further 
significant drawback is the oxidation potentials close to the onset of gold 
oxide formation [45]. These limitations can be overcome by using 
DDT-coated gold electrodes, since SAM plays an antifouling role, thus 
hindering the formation of gold oxides and surface passivation by 
electrochemical oxidation products without affecting the oxidation 

kinetics of AME [46]. This study demonstrates for the first time that the 
CME response to AOH or AME can be preferentially modulated through 
experimental optimisation of the DDT SAM deposition conditions. 
Although the small structural difference between AOH and AME does 
not allow voltammetric discrimination in terms of oxidation potential, 
the presence of the methoxide group in AME results in a slight difference 
in the relationship between structure and electrochemical properties, 
which translates into appreciable differences in the previously discussed 
EC mechanisms mediated by the DDT-based SAM.

3.2. Optimization of AOH/AME measurement

A 22 FFD was performed to optimise the chemical modification of 
SPGE with SAMs of DDT by studying the effects of two main factors on 
the electrochemical responses of AOH and AME. Two-way ANOVA with 
Bonferroni post-hoc test confirmed the significance of the effects of DDT 
concentration and deposition time, as well as their interaction (p < 
0.01), for both mycotoxins investigated, as illustrated in the interaction 
plots shown in Fig. 1. In particular, Fig. 1a illustrates the signal-to-noise 
(S/N) ratio, obtained by analysing tomato samples spiked with 0.1 mg/ 
mL AOH compared to blank tomato samples. Confidence intervals 
calculated using Fisher's Least Significant Difference (LSD) method are 
plotted as a function of DDT concentration for the two different depo
sition times. Similarly, Fig. 1b shows the electrochemical responses of 
AME under the same experimental conditions.

ANOVA interaction plots show that main effects and interactions 
exist. This means each factor independently accounts for variability in 
the dependent variable, but also, they appear to interact synergistically 
to explain the variance in the dependent variable. They combine 
uniquely to influence the AOH or AME response, where the best outcome 
for AOH in terms of high response occurs at specific combined levels 
(high DDT concentration, short deposition time) and different combi
nations (low DDT concentration, long deposition time) favor the AME 
response.

Based on these findings, the dataset was processed using multiple 
linear regression (MLR) to assess the optimal DDT deposition conditions 
for the detection of AOH and AME, respectively. The response functions 
calculated by MLR are reported in equations (1) and (2), where CMEAOH 
and CMEAME are intended as chemically modified electrodes optimized 
for the detection of AOH and AME, respectively, t is the deposition time 
(min) and [DDT] is the dodecanethiol concentration (nM) used for the 
deposition of the SAMs; the standard deviations for each coefficient are 
reported in parentheses. 

CMEAOH : S/N

= − 1, 133(0,136) + 0,041(0,004)⋅t + 0, 399(0,052)⋅[DDT]

− 0,018(0,002)⋅t⋅[DDT]
(1) 

CMEAME : S/N

= − 1,762(0,194) + 0, 473(0,062)⋅t + 0,067(0,006)⋅[DDT]

− 0, 016(0,001)⋅t⋅[DDT]
(2) 

The optimized t and [DDT] values were as follows: 5 min and 20 mM 
for CMEAOH, 15 min and 5mM for CMEAME.

The optimized CMEAOH and CMEAME were tested for DPV responses 
of tomato centrifuged samples spiked with 0.5 mg/mL of AOH or AME, 
or with a mixture of AOH and AME each at a concentration of 0.25 mg/ 
mL, as well as blank tomato centrifuged samples. As shown in Fig. 2, the 
results of these experiments indicate that, although the two CMEs are 
not intrinsically selective, they allow for enhanced detection of one toxin 
or the other when optimised for AOH or AME response. Good inter-CME 
repeatability with RSD below 10% (n=3) was obtained with both CMEs, 
as shown in Fig. S1.
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These findings are an interesting result from the perspective of a 
combined approach involving the integration of the two CMEs into a 
multichannel electroanalytical platform aimed at a rapid, simple and 
cost-effective first screening for Alternaria-related mycotoxins in fresh 
tomato samples.

3.3. Characterization of CMEs by CV and EIS

Based on the different AOH and AME responses on the optimized 
CMEs in terms of DDT SAM deposition conditions, each modified elec
trode was characterized both by CV and EIS with the aim of investigating 
the influence of deposition conditions on SAM properties and then 
electrode/solution interfacial properties of the two SAMs. For both 

Fig. 1. ANOVA interaction plot and 95 percent LSD intervals as a function of DDT concentration considering two deposition times with reference to AOH (a) and 
AME (b).

Fig. 2. DPV of tomato samples spiked with 0.5 mg/L of AOH (red line), 0.5 mg/L of AME (green line), a mixture of AOH and AME each at a concentration of 0.25 
mg/mL (blue line), and control tomato samples (orange line) on CME1 (a) and CME2 (b).

Fig. 3. Cyclic voltammograms (a) and Nyquist plots observed for electrochemical impedance spectra (b) on bare SPGE, CME1 and CME2 using 1 mM potassium 
ferrocyanide in PBS as redox probe.
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characterization techniques, 1 mM potassium ferrocyanide in PBS was 
used as a redox probe. The results of the voltammetric characterization 
are illustrated in Fig. 3a, which shows how, in the case of CMEAOH, SAM 
deposition in the optimized conditions resulted in a drastic decrease in 
the diffusion current of the redox probe compared to the standard 
response in the cyclic voltammogram of SPGE with unmodified gold 
electrode surface. A similar, though less pronounced, effect was 
observed in the case of CMEAME using a lower DDT concentration and 
longer deposition times.

Consistently, the impedimetric characterization of the two coatings 
via EIS confirmed the trend observed by CV (Fig. 3b). In fact, Nyquist 
plots showed a low charge transfer resistance (Rct) for bare SPGE, with 
values lower than 50 kΩ, while the Rct value increased to over 100 kΩ 
for CMEAME and further increased to over 400 kΩ for CMEAOH.

The overall evaluation of voltammetric and impedimetric data pro
vides an explanation for the different AOH and AME responses on CMEs 
optimized for the two toxins. Although SAM deposition results in vol
tammetric responses with low current values due to the high charge 
transfer resistance of these sensing coatings, they play a fundamental 
role in terms of antifouling properties. This allows for the mediation of 
electron transfer processes, which is crucial for the detection of com
pounds with complex electroactivity, such as polyphenols. Therefore, by 
optimising SAM deposition conditions, it is possible to modulate these 
electron transfer mediation processes, thus inducing improved responses 
for each of the two toxins belonging to the same class but with even 
minimal structural differences.

3.4. Analytical performance of CMEs for the measurement of AOH and 
AME in tomato samples

The electrochemical method based on the use of CMEs was validated 
using 1:1 diluted tomato centrifuged samples spiked with AOH or AME 
at concentrations ranging from 0.1 to 1 mg/L.

Good results with LOD and LOQ values at the low µg/kg level were 
achieved for the target compounds, only slightly above the indicative 
level established for alternariol and alternariol monomethyl ether in 
processed tomato products, thus demonstrating the capabilities of DPV 
on the optimized CMEs for the detection and measurement of the most 
representative ATs in tomatoes at trace levels, taking into account that 
the indicative levels are not food safety levels [7]. The validation pa
rameters of both CMEs are shown in Table 1.

Good linearity was also demonstrated by applying Mandel’s fitting 
test across the explored working range for AOH using CMEAOH and AME 
using CMEAME: the mean of the calculated regression residuals was 
found to be not significantly different from zero (p>0.05).

Very good inter-electrode repeatability was observed for both CMEs, 
with RSD levels below 10% (n=3) for all levels of the calibration curves 
established for AOH and AME, ensuring the reliability and validity of 
electrochemical measurements considering the application of the 
developed platform to food safety assessment. To ensure that the signal 
was not lost during sample preparation and to evaluate any measure
ment bias, the recovery rate for both toxins was evaluated. Good re
covery values were calculated: 99 ± 3% at 0.3 mg/L and 108 ± 6% at 
0.9 mg/L for the detection of AOH, and 103 ± 7% at 0.3 mg/L and 97 ±
6% at 0.9 mg/L for the detection of AME.

Although the developed electroanalytical platform does not rely on 
specific bioreceptors and thus cannot guarantee voltammetric discrim
ination between AOH and AME, it was found to be effective in deter
mining the prevalence of each of the two toxins. It is important to 
emphasise that the use of bioreceptors, such as enzymes, makes the 
sensors expensive and does not intrinsically improve analytical perfor
mance compared to voltammetric determinations not mediated by bio
receptors. For instance, as reported by other authors, the modification of 
glassy carbon electrodes with the enzyme tyrosinase for the determi
nation of AOH and AME produced significantly worse results than the 
electroanalytical platform proposed here, with detection limits in the 
order of 5 mg/L [23]. Furthermore, this approach has not been tested in 
any real matrix nor on food samples.

Regarding methods based on antibody receptors, even the most 
sensitive immunochemical methods with spectrophotometric reading 
(e.g. ELISA) do not provide any discrimination between AOH and AME. 
Even though these methods reach detection limits in the ng/mL range, 
they only allow a total assessment of the concentration of both toxins 
combined [15–17].

Although the working principle of dodecanethiol-based SAM for 
voltammetric detection of AME, based on its antifouling properties, has 
been previously investigated, validation of the electrochemical method 
for the quantitative determination of AME has been performed in terms 
of detection limit and response linearity only in buffer solutions [25]. 
Conversely, in this work voltammetric determination of Alternaria 
toxins mediated by a DDT SAM in a food matrix was successfully applied 
for the first time to tomato matrices, despite their high polyphenol 
content.

This finding is highlighted by the DPV curves that show no peak- 
shaped signals indicating the absence of redox-active species in the 
control samples. Furthermore, this behaviour was confirmed by 
comparing the voltametric responses obtained for the tomato control 
samples with the DPV pattern obtained for the reading buffer used for 
sample dilution (see Fig. S2). The comparable voltametric profiles pro
vide evidence for selectivity, showing that the electroactive compounds 
present at high concentration in the tomato matrix do not interfere with 
the voltametric detection of AOH and AME mediated by DDT SAMs, thus 
excluding the occurrence of false positives.

Given the speed of the measurement technique and the use of 
portable, low-cost instrumentation, together with the potential for 
further improvements in SAM fabrication using other electrodes and 
other materials to chemically modify the electrodes, this is the first 
proof-of-concept study demonstrating the capabilities of DPV on opti
mized CMEs as a cost-effective test system for application at production 
sites, enabling first-line screening of these emerging representative ATs 
in tomatoes at trace levels.

3.5. Sample classification models by machine learning algorithms

Taking into account that information-rich electrochemical data hold 
great potential for ML, detecting specific analytes in complex matrices is 
challenging due to signal interference from other target or non-target 
compounds. Key strategies to overcome these challenges involve 
advanced ML models for pattern recognition and developing methods to 
assure that electrochemical systems can produce representative datasets 
with reasonable variability across different targets, such as using 
different electrodes with different surface chemistries to generate 
distinct responses for each analyte.

The development of pattern recognition models is valuable for 
implementing a rapid, simple and high-throughput electroanalytical 
method in point-of-need (PON) settings. In this work, processing the 
DPV dataset using the ML algorithms described in Section 2.8 allowed us 
to train and validate sample classification models with the aim of 
discriminating between uncontaminated (control) tomato samples and 
those spiked with AOH or AME at 0.5 mg/L each. ML models were 
applied to both the entire voltammetric dataset and the extracted peak 

Table 1 
Validation parameters of the electrochemical method based on CMEAOH and 
CMEAME.

Toxin b1 (± sb1)a,b LOD LOQ
(mg/L)

AOH 0.213 (± 0.006) 0.018 0.05
AME 0.067 (± 0.004) 0.027 0.09

a Regression equation: y = b0 + b1 ⋅ x; n=15
b b0 not significant (p>0.05)
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current and potential data, achieving better results in the latter case. We 
performed an automated peak search using the embedded feature in the 
NOVA 2.1.6 software to extract peak current and potential values from 
each DPV scan. Although this operation only takes few seconds, it is 
worth noting that it can become considerably labour-intensive for large 
datasets. In terms of energy consumption in data management, the peak 
search operation does not significantly impact the overall dataset 
acquisition and processing.

First, PCA was applied as an unsupervised technique with the pur
pose of data exploration and mining, showing that the intrinsic variance 
of the peak potential and current values of the three sample classes al
lows for good discrimination. The first two Components account for 79% 
of the variation in the data, with PC1 covering more than 59% of the 
total variance (see Figure S3a). These findings provided the basis for the 
successful implementation of ML classification models for more 
advanced predictive tasks, as we were also interested in analyzing 
whether voltammetric data could be used to predict AOH or AME 
contamination in tomato samples. The next step in the data processing 
methodology involves the use of supervised ML-based classification al
gorithms. As shown in Table 2, the best results were obtained using the 
NB, DT, RF and GBC classifiers, which provided remarkably high clas
sification metrics, indicating high reliability with 1.00 accuracy in cross- 
validation and strong predictive power on unseen data (1.00 accuracy 
on the test set). As for the KNN algorithm, the classification model's 
performance is quite good, with 0.92 and 1.00 accuracy for cross- 
validation and test data, respectively. By contrast, the supervised algo
rithms PLS-DA, LDA and SVM performed less accurately or effectively 
compared to the other classifiers. In particular, PLS-DA performed the 
worst, likely because it struggled with complex patterns, or faced issues 
like overfitting or sensitivity to noise. Table 2 reports the accuracy, 
precision, recall and F1-score obtained with the different ML classifiers 
for both the cross-validation and test sets. An analysis of these metrics 
highlights the excellent performance of the classification models. In 
addition to accuracy, excellent values for precision, recall, and F1-score 
typically mean values close to 1.0, showing that the model's predictions 
align very closely with the actual outcomes Indeed, precision provides 
information on the extent to which each individual class is correctly 
classified, the recall score focuses on false negatives occurrence, while 
F1 score the harmonic mean balancing both accounting for both false 
positives and false negatives. The confusion matrices illustrated in Fig. 4
offer an insightful technique for visualizing the classifier performance of 
the four best-performing algorithms.

In a next step, with the aim of reducing the environmental impact, 
time and costs associated with the entire analytical process, we applied 
different ML algorithms to the entire DPV pattern without extracting 
peak current values. Indeed, avoiding peak search saves time during 
dataset preprocessing for the train and validation of prediction models 
and, more importantly, for the classification of unknown samples based 
on these ML models.

To handle noisy data such as entire DPV curves, Pareto scaling was 
used as a pre-processing strategy focusing on crucial features (peak 

height/position) while preserving their relative importance for the 
analysis [37]. Furthermore, as expected, given the intrinsic noise in the 
DPV dataset, exploratory PCA processing did not provide satisfactory 
results (Fig. S3b). Nevertheless, applying two ML algorithms allowed us 
to achieve excellent classification performance even with this data. In 
particular, the Naive Bayes approach, previously successfully applied to 
the reduced dataset, provided excellent classification metrics. This 
probabilistic model is indeed known for its ability to handle 
high-dimensional data [43]. The Extra-trees algorithm also provided 
excellent performance for the test set and even better results for 
cross-validation. The classification metrics for all ML models applied to 
the entire DPV dataset are shown in Table S1, while the corresponding 
confusion matrices for the best-performing models are shown in 
Figure S4. It is worth noting that the NB model performs successfully on 
both types of datasets, allowing for excellent sample classification 
without the need for peak current and potential extraction from the DPV 
dataset.

3.6. Greenness assessment of the electroanalytical screening platform

A further objective of this study is to develop an environmentally 
friendly DPV method for screening target ATs. The environmental 
impact of the proposed electroanalytical platform was assessed using 
three analytical greenness metric tools. Specifically, AGREE [31] and 
Complex Modified Green Analytical Procedure Index (ComplexMoGAPI) 
[32] were used to assess the overall environmental footprint of the 
proposed method, taking into account the entire analytical procedure 
from sampling to sample treatment and final measurement. These metric 
tools consider all 12 principles of Green Analytical Chemistry to assess 
sustainability and emphasizes environmental impact [47,48]. In addi
tion, SPMS [33] was applied as metric tool aimed specifically at evalu
ating the impact of the sample treatment process, even if the analytical 
method here proposed does not involve laborious extraction and 
cleanup steps, but only grinding, centrifugation and dilution of the 
sample.

The overall results obtained for each metric tool are shown in Fig. 5, 
while the scores achieved for each specific criterion of the AGREE and 
ComplexMoGAPI metrics are summarized in Table 3. As for AGREE, 
considering that the metric operates according to the principle of 
assigning a total score of 100 points for an ideal green analysis, the 
proposed method showed a score of 0.77, with a predominantly green 
hue (Fig. 4a). It is noteworthy that we applied equal weight to each of 
the 12 indicators in calculating the score which, when it reaches a value 
greater than 0.75, indicates an excellent level of eco-sustainability and a 
highly environmentally friendly procedure.

The ComplexMoGAPI tool consistently returned an overall score of 
78, classifying the proposed electroanalytical screening platform as an 
excellent green analytical approach (≥75), according to a scoring scale 
that classifies methods as inadequately green if the score is less than 50 
and as acceptable green if the score is in the range 50-74. The overall 
score assessment is shown in Fig. 4b, and the colour of the scale around 

Table 2 
Classification metrics for ML algorithms applied to the dataset derived from DPV (specifically peak currents and potentials). The results of the best classifiers are 
highlighted in bold.

Model Cross-validation Test set

Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score

PLS-DA 0.28 0.10 0.30 0.16 0.44 0.15 0.33 0.21
SVM 0.78 0.87 0.77 0.78 0.89 0.89 0.89 0.87
LDA 0.83 0.89 0.83 0.84 0.89 0.89 0.89 0.87
KNN-cubic 0.86 0.91 0.86 0.87 1.00 1.00 1.00 1.00
KNN-Euclidean 0.92 0.93 0.91 0.92 1.00 1.00 1.00 1.00
NB 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
DT 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
RF 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
GBC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
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the pentagrams reflects the method's overall performance.
An overall assessment of the greenness of the entire analytical pro

cess, including the use of the additional SPMS metric tool, highlights 
several strengths: highly simplified, rapid and cost-effective sampling 
and processing of samples; extremely low energy consumption of the 
reading instrumentation; implementability of Wi-Fi connectivity 
[49–51] into portable devices for on-line/at-line use in PON settings 
[52]. The critical aspects related to waste generation since CMEs are 
single-use and the use of dodecanethiol, a moderately toxic reagent, are 
offset by the very small quantities required, the extremely low sample 
volume, and the remarkably short analysis times.

Moreover, the possibility of implementing the ML algorithm needed 
for data processing on the edge further improves the power consumption 
of the device and hence the greenness of the approach [53]. Indeed, 
implementing ML algorithms on the edge offers a greener and more 
energy-efficient solution, reducing the need for continuous data trans
mission to centralized cloud servers, which in turn reduces network load 
and the carbon footprint associated with large-scale data centers. Local 
data processing also allows for faster response times and greater privacy. 
However, this approach comes with drawbacks, most notably the 
limited computational power and storage space available on edge de
vices, which can limit its applicability to complex models for deploy
ment and update. To balance sustainability and capacity, a hybrid 

architecture can be adopted, in which lightweight inference runs on the 
edge, while more computationally demanding tasks—such as model 
training, optimization, or periodic deep analysis—are offloaded to the 
cloud. This combination preserves the environmental benefits of edge 
computing while leveraging the flexibility and scalability of cloud re
sources when needed. In particular, by balancing transmissions to the 
centralized server and adopting appropriate power-saving modes 
available on low-end low-power devices, it is possible to achieve good 
results consistent with those required by the ComplexMoGAPI tool and 
presented in Table 3. An example of this approach can be found in [54], 
where a power consumption of 14e-6 kWh per sample demonstrates very 
low energy levels compared to the threshold required by the Complex
MoGAPI tool.

4. Conclusions

This study demonstrates the feasibility of integrating CMEs based on 
screen-printed gold substrates modified with dodecanethiol SAMs as 
electroanalytical platforms for the rapid, first-line screening of Alter
naria toxins in tomato food products. Optimization of each CME to 
enhance the electrochemical response to AOH or AME allowed the dual- 
electrode system, assisted by data-driven algorithms, to effectively 
discriminate between control tomato samples and those spiked with 

Fig. 4. Confusion matrices for cross-validation (CV) and the test set, obtained by applying the four best-performing algorithms (NB, DT, RF, GBC) to the dataset from 
DPV (specifically peak currents and potentials).

Fig. 5. Analytical greenness scores assessed using the AGREE (a), ComplexMoGAPI (b) and SPMS (c) metric tools for the developed electroanalytical 
screening platform.
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individual toxins. By combining these analytical capabilities with ML 
algorithms to process the voltammetric dataset for predictive modelling 
of contamination events and using portable, battery-powered instru
mentation, the system becomes an even more powerful first-line 
screening tool, which can be used for on-site analysis in point-of-need 
settings, supporting decentralized quality control strategies in the agri- 
food sector. Indeed, combining the strategy of optimizing the response 
of two CMEs for each toxin with the implementation of ML-based pre
dictive models significantly improves the ability to detect contamination 
by at least one of the two toxins, thus limiting the risk of false negatives.

The proposed workflow ensures minimal sample handling, requiring 
only centrifugation and dilution after the preliminary steps common to 
all food sample analyses, such as washing, cutting, and homogenization 
after freezing. It provides analytical results in just minutes.

The assessment of the method’s greenness index confirmed its 
favourable environmental profile. Despite the use of dodecanethiol, a 
potentially hazardous reagent, the overall impact remains low thanks to 
the extremely small quantities involved in the electrode modification 
step. Avoiding organic solvent extraction, using negligible amounts of 
reagents and minimising waste contribute to a sustainable analytical 
process that complies with the principles of green analytical chemistry.

Overall, this study establishes a proof of concept for combining 

surface-engineered electrochemical devices with computational intelli
gence within a green analytical framework. The results highlight how 
intelligent, low-cost, and environmentally friendly devices can 
contribute to safer food chains and advance the transition toward next- 
generation sustainable analytical technologies feasible for application to 
real food samples natively contaminated by AOH and/or AME.
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