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Abstract

:

A molecularly imprinted silica (MIS) coupled to a microwave sensor was used to detect three fungicides (iprodione, procymidone and pyrimethanil) present in most French wines. Chemometric methods were applied to interpret the microwave spectra and to correlate microwave signals and fungicide concentrations in a model wine medium, and in white and red Burgundy wines. The developed microwave sensor coupled to an MIS and to its control, a nonimprinted silica (NIS), was successfully applied to detect the three fungicides present in trace levels (ng L−1) in a model wine. The MIS sensor discriminated the fungicide concentrations better than the NIS sensor. Partial Least Squares models were suitable for determining iprodione in white and red wines. A preliminary method validation was applied to iprodione in the white and red wines. It showed a limit of detection (LOD) lower than 30 ng L−1 and a recovery percentage between 90 and 110% when the iprodione concentration was higher than the LOD. The determined concentrations were below the authorized level by far.
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1. Introduction


Grapevines are vulnerable to a wide range of fungal pathogens, including Botrytis bunch rot (Botrytis cinerea), powdery mildew (Uncinula necator), downy mildew (Plasmopara viticola), black rot (Gugnardia bidwelli) and several others [1]. To fight them, fungicides are widely used in agriculture. Vineyards represent 3.7% of the French agricultural surface but are responsible for about 20% of pesticide consumption, 80% of which are fungicides [2]. In France, grapes are one of the most treated fruits and therefore the most contaminated ones [3]. At the European level, a 2008 wide survey (PAN-EUROPE) of 34 conventional wines from eight countries showed that 100% of conventional analyzed wines contained between four and 10 different fungicide residues [4].



To protect the consumer, the European Union has set Maximum Residue Limits (MRLs) for pesticides in grapes at 0.02 mg/kg [5]. The grape MRL is used as a reference for wine since there is no MRL for the latter.



The control of pesticide residues in wine, and more generally in beverages (including water), requires sensitive, selective and inexpensive analytical methods. Currently, the detection methods used are mainly based on mass spectrometry detection and are relatively expensive [6,7,8]. In addition, these methods require a sample preparation step, which makes them time consuming. In parallel, ELISA methods using an immunosorbent are used [9,10]. Other than their high cost, ELISA methods cannot be used in extreme pH or temperature environments.



A cheap, fast and real-time analysis method that will improve food safety and quality is of great necessity. It will also have great economic benefits in comparison with the currently used methods, resulting in time saving and small equipment investment. In comparison with the chromatographic methods, the in-situ method will allow for solvents to be saved and wastes to be reduced. For this reason, in this study we used a microwave sensor coupled to molecularly imprinted polymers. The goal was to monitor, at room temperature and in real-time, some fungicides in model, white and red Burgundy wines.



Molecularly imprinted polymers (MIPs) are one of the most specific and selective materials. For the analysis of small metabolites, MIPs mimic the high specificity of an antibody toward its antigen, of an enzyme toward its substrate or of a receptor toward its hormone. MIPs are known to provide a high selectivity of interaction, similar to biological materials [11]. They were used in this study to interact with high specificity with the target fungicides. In addition, they showed an increased stability under extreme conditions of pH and temperature [12]. Finally, the big advantage of MIPs is their low cost of production [13].



Several transducing systems were already used in combination with molecularly imprinted polymers, such as: electro-chemiluminescence-[14], fluorescence-[15], surface plasmon resonance-[16], surface acoustic wave (SAW)-[17], electrochemical-[18], piezoelectric-[19], capacitance-[20] and thermometric-based [21] sensors. For small molecules such as antibiotics, both SAW and electrochemical sensors based on MIPs were successfully developed [22,23]. The use of a microwave signal in a broad range of frequencies (10 MHz and 20 GHz) provides fruitful information and data on the interaction between the target and the sensitive material in comparison with other transduction methods. This allows for a better recognition and quantification of the target.



Microwave spectra are complex due to dielectric relaxation in liquids and solids. Chemometric tools such as multivariate analysis can therefore be required for an improved interpretation of the spectra. In general, a microwave spectrum is not perfect, and as such it must be preprocessed prior to modelling. The main objective of data processing is to transform the spectrum into the best fit condition and to ensure that an optimal performance can be achieved in later stages [24,25,26].



In a previous study [27], the feasibility of a microwave sensor based on a molecular sol-gel polymer was demonstrated for the detection of iprodione fungicide in a hydroalcoholic medium. In this study, for an optimal interpretation of the results, multivariate data analyses were used to reduce the dimensionality of the experimental datasets. A microwave sensor coupled to molecularly imprinted silica (MIS) was used for the simultaneous detection of iprodione, procymidone and pyrimethanil fungicides in a model wine. Moreover, the detection of iprodione was demonstrated in white and red wines.




2. Materials and Methods


2.1. Chemicals and Samples


Iprodione (97%, CAS number 36734-19-7), (3-Aminopropyl)trimethoxysilane (APTMS 97%, CAS number 13822-56-5), tetraethoxysilane (TEOS ≥ 99%, CAS number 78-10-4), ammonium hydroxide (NH4OH 28–30%, CAS Number 1336-21-6), poly vinyl chloride (PVC, CAS Number 9002-86-2), tetrahydrofuran (THF 99.9%, CAS Number 109-99-9), absolute ethanol (≥99.8%, CAS Number 64-17-5) and acetonitrile for High Performance Liquid Chromatography (HPLC) (≥99.9%, CAS Number 75-05-8) were purchased from Sigma Aldrich, France. Procymidone (≥98%, CAS number 32809-16-8) and pyrimethanil (≥98%, CAS number 53112-28-0) were bought from Chemos GmbH, Regenstauf, Germany. S1813 photosensitive resin and MF319 developer were purchased from Chimie Tech Service. The water used in all experiments was deionized and obtained from an Elga Ionic system PURELAB Option. The model wine consisted of water/ethanol (90/10, v/v) solutions. A Chardonnay white wine from Burgundy (Mâcon–Village 2011) and red wine from Burgundy (Domaine Sorin de France 2014) were bought from a grocery store.




2.2. Preparation of the Molecularly Imprinted Sol-Gel Polymer


The molecularly imprinted polymer was synthesized using sol-gel polymerization respecting a molar ratio of (iprodione, APTMS, TEOS, NH4OH, ethanol, water) of (1, 4, 50, 100, 1.15, 0.44). This ratio was chosen based on the bibliography [28,29] and on some preliminary tests performed in the laboratory. After the solubilization of iprodione in an ethanol/water mixture at 40 °C under magnetic stirring, APTMS and then TEOS were respectively added. After addition of NH4OH, the solution became cloudy. The mixture was left under stirring for 20 h at 40 °C. The polymer was recovered as a powder after centrifugation. In order to eliminate iprodione, the polymer was washed several times with ethanol until no trace of iprodione was detected by reverse phase high performance liquid chromatography in the washing solution. After washing, the polymer was dried at 60 °C overnight and stored in a desiccator at ambient temperature until use.



A nonimprinted silica (NIS) serving as the control polymer was prepared under the same conditions as the molecularly imprinted silica (MIS) but without adding the template (iprodione) in the ethanol/water mixture.




2.3. Microwave Sensor and Measurement Conditions


The microwave sensor coupled to MIS and NIS was described in a previous work [27] and is presented in Figure 1. The MIS/NIS deposition on the antenna surface was done by spin coating using a suspension of MIS or NIS in THF, after which the polymer layer was air-dried for 24 h. The spin coating parameters were as follows: speed = 1000 rpm, acceleration = 4000 rpm and time = 40 s. The polymer suspension was prepared as follows: 25 mg of MIS or NIS were transferred in 4 mL of THF containing 8 mg of PVC and were stirred until obtaining a homogenous solution.



The microwave antenna was connected to the vector network analyzer. The antenna was immersed in a beaker containing 100 mL (water/ethanol, 90/10, v/v) solution, 100 mL of white wine, or 100 mL of red wine, which was considered a blank. After successive addition of increasing volumes of a stock solution of fungicides at 100 mg L−1, five measurements were taken for each fungicide concentration. After each addition of the stock solution, the sample was stirred for two minutes with a glass rod and was allowed to stand one minute before taking the measurement.



Before each experiment, the Vector Network Analyzer (VNA) was calibrated. The frequency range varied between 50 MHz and 8 GHz with a span of 0.9 MHz. The microwave input power of the measurement was defined by 0 dBm. The response of the microwave sensor is generated by the VNA and is characterized by the reflection coefficient Γ(f). It is a complex number representing the ratio between the incident wave and the reflected wave and is described by the following equation:


  Γ  ( f )  = Re  ( f )  + jIm  ( f )   



(1)







Re represents the real part of the coefficient and Im the imaginary part. The exploited signals were obtained from the relative variation of the reflection coefficient during the immersion in a sample, in comparison with the immersion in a reference blank solution. It was calculated from the following equation:


    Δ Γ  Γ  =    (  Γ  (  sample  )  − Γ  (  blank  )   )    Γ  (  blank  )     



(2)








2.4. Chemometric Treatments


Transformation and logarithmic scaling was implemented on the Γ(f) coefficient, giving:


  A = 20 log  (     Re 2  +  Im 2     )   



(3)




where A represents the amplitude.



It was possible to do the study using the real and imaginary part of the reflection coefficient (Equation (1)). In order to allow the same study to be carried out using VNA or a less expensive device such as an SNA (scalar network analyzer), we chose to use the amplitude in dB.



Raw data (two txt files per sample analysis) were first imported into Excel (Microsoft Office 2016) and merged using Equation (3). Data files were displayed in a matrix format, where rows were observations or samples and columns were variables. All data files were then imported into The Unscrambler® software (v10.5, Camo, Trondheim, Norway) and treated with the same software.



Exploring data, and examining observations and variables one by one, is usually time consuming and often precludes meaningful conclusions. This problem is addressed by using multivariate (multidimensional) analyses, which additionally provide summarizing charts. In general, unsupervised learning such as principal component analysis (PCA) is used to find hidden structures in unlabeled data and seeks to discover natural groupings in the data. PCA was performed on the normalized spectral data (normalization on unit vectors) [30] in order to investigate if the whole signal was useful for discriminating different samples (differences coming from various parameters such as concentration, type of polymer and measurement medium).



PCA allows a reduction of variables and mostly provides projections of data in a new space related to explained variances among the dataset. The new obtained axes are called principal components (PCs) and are constructed with linear combinations of the original variables, in order to keep most of the variance in the first PCs. Here, the data came from spectroscopic analyses. Variables are continuous in nature, so the loadings are not represented in the same way as for discontinuous variables such as physicochemical data. In spectroscopic cases, the values of the loadings of each PC are represented in a plot, where the values of the loadings of component PCs are on the Y-axis and the scale corresponding to the experimental unit is on the X-axis. Thus, they can be interpreted as a spectrum [31].



Partial least squares regression (PLSR) was also performed to find relations between the microwave signals and concentrations of the compound of interest. PLS is of particular interest because it is able to analyze data with strongly collinear (correlated), noisy and numerous X-variables, and simultaneously to model several response variables Y. PLS generalizes and combines features from principal component analysis and multiple regression.



It is also essential to determine the correct complexity of the model. With numerous and correlated X-variables, there is a substantial risk for over-fitting, i.e., getting a well-fitting model with little or no predictive power. Hence, a strict test of the predictive significance of each PLS component is necessary, followed by stopping when components start to be nonsignificant. Cross-validation is a practical and reliable way to test this predictive significance. It is performed by dividing the data in a number of sets and then by developing a number of parallel models from the reduced data with one of the deleted sets [32].



PLS performances were evaluated based on the random full cross-validation coefficient of determination (R2) and root mean square error (RMSE) for calibration and validation groups (RMSEC and RMSEP).





3. Results and Discussion


The aim of this study was the use of a microwave sensor covered with a molecularly imprinted polymer layer to monitor three fungicides (iprodione, procymidone and pyrimethanil) in model wine and in white wine. Those three molecules were chosen for their structural homology (chlorobenzyl structure or amino group, see supplementary data Scheme S1) and because of their intensive use in agriculture, especially in the wine industry. Iprodione was chosen as a target fungicide because it is present in most European and world wines. An evaluation carried out by the French Agency for Food Environmental and Occupational Health and Safety [33] has shown that iprodione is an endocrine disruptor. Given its dangerous nature, the use of iprodione was banned in June 2018 according to the European Commission (EU) 2017/2091 regulation concerning the nonrenewal of the approval of this active substance [5]. A study carried out in 2005 by the French Ministry of Agriculture in wine-growing regions in France over 14 years (1990–2003) showed that the active substance with the highest transfer rate from grapes to wine was iprodione [34]. The latter was detected in 100% of the wine samples. Procymidone (93%) and pyrimethanil (85%) also showed a strong presence among wine samples made from contaminated grapes.



The molecularly imprinted silica (MIS) and its control (NIS) were contacted with increasing iprodione concentrations ranging from 10−5 to 7·10−4 mol/L in a hydro alcoholic solution. Binding isotherms and Scatchard plots are given in the supplementary data (Figure S1). The binding affinity constant of MIS (K = 13.4 mL/µmol) was lower than the corresponding NIS value (19.6 mL/µmol). However, the number of interaction sites was higher for the MIS (94.2 µmol/g) in comparison with the NIS (9.6 µmol/g). The binding kinetic experiment showed that equilibrium was rapidly reached after 20 min.



The microwave sensor coupled to MIS was used to detect iprodione in the model wine medium (water/ethanol, 90/10, v/v). Iprodione concentrations varied from 5 to 100 ng L−1. The corresponding microwave spectra are presented in Figure 2A. The slight differences between curves required the use of chemometric tools to analyze the obtained results.



The PCA scores and loadings resulting from the analysis of the iprodione replicates at different concentrations are shown in Figure 2B,C. Each iprodione sample was analyzed five times for each concentration, i.e., 5, 10, 25, 50, 75 and 100 ng L−1 (named C5, C10, C25, C50, C75 and C100). At C75, there was one outlier (due to a measurement error), and it was not considered for the multivariate analysis (only four replicates instead of five). Each spectrum was normalized by unit vector normalization. The first two principal components (PC1 and PC2, respectively) accounted for 98% of the total variance in the data.



From the score plot (Figure 2B), it can be seen that all concentrations are well separated and distinguished. The plot also shows that the measurements are repeatable. Differences between C5 and higher concentrations come mainly from the 1.2–1.8 GHz area (Figure 2C). This frequency band corresponds to the strongest contributions of PC-1.



The microwave sensor is able to differentiate solutions at 5 ng L−1 from others at higher concentrations. The detection of fungicides in the ng L−1 range is very important because it occurs at lower concentrations than the authorized limits in wine (2000 µg L−1) and in water (100 ng L−1).



In the same way, the detection of the two other fungicides (procymidone and pyrimethanil) was carried out in a model wine medium using the microwave sensor coupled to the MIS. Results similar to those obtained with iprodione were found (supplementary data: Figure S2a,b for procymidone and Figure S3a,b for pyrimethanil). For pyrimethanil, differences between the lower concentration (C5) and higher concentrations (200 and 250 ng L−1) come mainly from 1.0–1.3 GHz. For procymidone, the separation between concentrations comes from a larger range of frequencies, between 0.9 and 1.5 GHz (several bands could be distinguished), and the higher contribution is from 0.6 to 0.8 GHz. The part of the target molecule that forms the recognition unit with the monomer corresponds mainly to the carbonyl groups. They interact with the amine group of the monomer through hydrogen bonds. Similarities of interactions are expected for iprodione and procymidone because they have close chemical structures.



In order to study the effect of molecular imprinting, the sensor coupled to the Molecularly Imprinted Silica (MIS) was compared to the sensor coupled to the Nonimprinted Silica (NIS). The PCA of Figure 3a shows a separation along PC1, between MIS and its control NIS sensors, at each concentration of procymidone in the model wine medium. The effect of molecular imprinting is obvious, and the PC2 separates the procymidone concentrations better in the case of the MIS sensor.



The separation between MIS and NIS is mainly due to the 0.4 GHz and 0.7 GHz bands (Figure 3b).



Separations between MIS and NIS are also observed for the two other fungicides, iprodione and pyrimethanil, in the model medium (supplementary data: Figure S4a,b for pyrimethanil and Figure S5a,b for iprodione).



One important application of the microwave sensor is the simultaneous detection of several fungicides in the same sample. The PCA combining the datasets from the three fungicides (iprodione, procymidone and pyrimethanil) at 5 ng L−1 in the model wine medium is presented in Figure 4a. These data were obtained by the microwave sensor coupled to MIS. The first principal component (PC1) was clearly able to separate iprodione from the two other fungicides.



The loadings (Figure 4b) show how the variables (frequencies) are taken into account by the model components. Three bands are observed at definite frequencies. The discrimination between iprodione and the two other fungicides can be attributed to these bands. The discrimination between the three fungicides was also obtained for both concentrations of 50 and 100 ng L−1 (see supplementary data: Figure S6a,b for 50 ng L−1 and Figure S7a,b for 100 ng L−1).



Once the detection of fungicides in a model wine medium was demonstrated, the microwave sensor was used for the detection of iprodione in a real white wine medium. Figure 5 shows representative microwave spectra of a Chardonnay white wine sample for different added concentrations of iprodione, detected by the microwave sensor coupled to the MIS. For each added concentration, five replicates were measured, and the average spectrum is shown.



The PCA scores and loadings resulting from the analysis of the white wine replicates for different added concentrations detected by the Molecularly Imprinted Silica (MIS) microwave sensor are shown in Figure 6(A,B1,B2). Each white wine sample was analyzed five times for each added concentration, i.e., 5, 50, 100, 150, 200 and 250 (named C5, C50, C100, C150, C200 and C250). The first two principal components (PC1 and PC2, respectively ng L−1) account for 95% of the total variance in the dataset.



From the score plot (Figure 6A), it can be seen that all concentrations were well separated. Differences between samples come mainly from the 0.65–0.85 GHz and 1.3–1.9 GHz areas (Figure 6(B1,B2)) corresponding to the two major bands in the spectrum, symbolized by * and ** in Figure 5. The application of chemometric tools to the microwave spectra of the white wine samples enables the detection of iprodione at very low concentrations, lower than the maximum limit authorized in wine.



A comparison between white wine and model wine media was evaluated for different concentrations of iprodione. PCA scores and loadings for real and model wine samples spiked with iprodione and detected by the microwave sensor coupled to the MIS sensor are shown in the supplementary data (Figure S8a,b). Fungicide concentrations are well separated on the first principal component. Besides the previously identified bands, another band near 6 GHz is responsible for the distinction between the model and real wines.



In sensor applications, it is of primary importance to correlate the sensor signal to the fungicide concentrations. For this reason, PLSR models with one y-variable (fungicide concentration: PLS1) were developed on the spectral data. Signal data was mean-centered and standardized to the unit variance prior to PLS modelling. The vector of the y responses was mean-centered.



Figure 7A shows the results for iprodione in white wine with the MIS sensor. Concentrations varied between 0 and 250 ng L−1.



PLS scores are interpreted the same way as PCA scores. They are the sample coordinates along the model components. The only new feature in PLS is that two different sets of components can be considered, depending on whether one is interested in summarizing the variation in the X- or Y-space.



In Figure 7A, the first two PLS components accounted for 94% (50% (PC1) and 44% (PC2)) of the variability in the microwave spectra (x-variable) and 90% (61% (PC1) and 29% (PC2)) of useful information in the y-variable (concentration of iprodione) in the white wine (MIS sensor) samples contributing to the PLS regression model.



The coefficient of determination (R2) and the root mean square error of calibration (RMSEC) are used to evaluate the performance of the model. To assess the feasibility of the calibration model, cross-validation by segmentation (to avoid the influence of replicates) was applied because of the limited number of samples. Moreover, the number of PLSR factors was chosen based on the minimum root mean square error of cross-validation (RMSECV to avoid an over-fitting of the model) [35]. A model was considered satisfactory when it had the higher coefficient of determination (R2), the lowest root mean square error of calibration (RMSEC) and validation (RMSEV), and the closer RMSEC and RMSEV with the minimal number of factors [36,37].



The optimum number of latent variables (factors) was found to be 6. Errors are calculated on test/train splits using a cross-validation scheme for the splitting. If the splitting of the data is done correctly, it gives a good estimate on how the model built on the dataset at hand performs for unknown cases. It is characterized by the number called RMSECV (see Table 1). The use of an informative region in a spectrum yields a PLS model with a relatively small value of RMSECV and small PLS dimensionality.



Figure 7B shows the regression coefficients versus the frequency for the factor 6. It can be seen that the signal is noisier. If more than six factors are considered, more noise is introduced and the model will give a poorer prediction.



As in PCA, several peaks and valleys at certain frequencies are more important for the determination of the iprodione concentration in white wine.



In Figure 7C, significant correlation coefficients (RC2 and RV2 > 0.99) were found. The results revealed that the MIS sensor was able to discriminate samples at various fungicide concentrations and that PLS models should be appropriate for determining low contents of iprodione in white wine.



A preliminary validation of the developed method was conducted in real samples in order to estimate the limit of detection and the recovery percentages. The order of magnitude of the limit of detection (LOD) of iprodione in red and white wines was estimated using a visual representation of the mean relative error (MRE) increment evolution dependent on an analyte concentration from Oleneva’s study [38].



MRE is calculated by the formula given by Equation (4):


  MRE =    |  M − P  |   M   



(4)







With M being the measured value (taken as actual) and P the predicted value. A plot of the averaged MRE against averaged concentrations is used for the visualization of the measurement system performance for various concentration intervals (shown in Figure S9 in the supplementary material). The LOD of iprodione in white wine can be estimated to be between 20 and 30 ng L−1. This value is in agreement with the estimated LODmin (21 ng L−1) and LODmax (21.5 ng L−1) from equations given by Allegrini et al. [39].



The same procedure was applied to iprodione in red wine. Concentrations varied between 0 and 250 ng L−1. The PLS model was less accurate than in white wine (RMSECV was higher and the slope and R2 were lower, see Table 1). The LOD value can be graphically estimated to be between 10 and 30 ng L−1. This value is on the scale with LODmin (9.6 ng L−1) and LODmax (19.9 ng L−1) obtained by calculation.



The results obtained from the PLS models for iprodione detected by the MIS sensor in white and red wine are summarized in Table 1 and Table 2a,b:



In red wine, the PLS model is less efficient than in white wine, especially at low concentrations, and this is likely due to matrix effects related to the high polyphenol content (see the supplementary data: Figure S10a–c). The LOD was estimated using the graphical method only. It has to be mentioned that the concentration ranges near the LOD are limited. A perspective to enhance the estimation is to increase the concentration levels from 5 to 30 ng L−1.



For concentrations higher than the LOD, recovery percentages ranged between 90 and 110% for white wine and between 99 and 100% for red wine. These values are acceptable for trace analyses.




4. Conclusions


Microwave sensors coupled to a molecularly imprinted silica (MIS) and its control (Nonimprinted Silica, NIS) were used to monitor three of the most common fungicides in French wines (iprodione, procymidone and pyrimethanil). Iprodione was detected by the MIS sensor in a model wine medium and in a Chardonnay white wine from Burgundy. The developed sensors were able to differentiate hydroalcoholic solutions for different added concentrations of the three fungicides at low levels of concentrations (ng L−1). The imprinting effect was demonstrated since the MIS sensor reacted differently from the NIS sensor and separated the fungicides samples having different concentrations better than the NIS sensor did. The developed MIS sensor was able to simultaneously detect all three fungicides at concentrations down to 5 ng L−1 in a hydroalcoholic medium and to detect iprodione at concentrations as low as 20 ng L−1 in white wine and 10 ng L−1 in red wine.



The chemometric PCA and PLS methods were successfully used as exploratory methods for the statistical analysis of microwave spectra. They demonstrated that the whole microwave spectrum was useful for discriminating samples containing different fungicides at varying concentrations when both MIS and NIS microwave sensors generated the data. PLS models applied to the microwave spectra were able to monitor low concentration of iprodione in white and red wines.








Supplementary Materials


The following figures and tables are available online at https://www.mdpi.com/1424-8220/20/21/6224/s1.





Author Contributions


Conceptualization: J.R., L.D. and E.B.-M.; Methodology, J.R.; L.D. and E.B.-M.; Validation, J.R.; L.D. and E.B.-M.; Formal Analysis, L.D.; Investigation, J.R. and E.B.-M.; Writing—Original Draft Preparation, L.D. and E.B.-M.; Writing—Review & Editing, J.R., D.S., P.C. and R.D.G.; Visualization, J.R., L.D. and E.B.-M.; Supervision, J.R., D.S., P.C., R.D.G. and E.B.-M.; Project Administration, J.R. and E.B.-M.; Funding Acquisition, J.R., R.D.G. and E.B.-M. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the Regional Council of Burgundy and the European Union via FEDER (Fonds Européen de Développement Régional) funding, and AgroSup Dijon.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




References


	



Mairs, R. Effects of Bacillus Mycoides Supplement in a Reduced Frequency Fungicide Program on Chambourcin Grapevines (Vitis Vinifera L.). Master’s Thesis, Western Kentucky University, Bowling Green, Kentucky, 2018. [Google Scholar]

	



Mailly, F.; Hossard, L.; Barbier, J.-M.; Thiollet-Scholtus, M.; Gary, C. Quantifying the impact of crop protection practices on pesticide use in wine-growing systems. Eur. J. Agron. 2017, 84, 23–34. [Google Scholar] [CrossRef]

	



Générations Futures. Etat des Lieux des Résidus de Pesticides dans les Fruits et Légumes en France—Edition 2019; Génarations Futures: Paris, France, 2019.

	



PAN Europe. European Wines Systematically Contaminated with Pesticide Residues; Pesticide Action Network: London, UK, 2008. [Google Scholar]

	



Commission Implementing Regulation (EU) 2017/2091 of 14 November 2017 Concerning the Non-Renewal of Approval of the Active Substance Iprodione, in Accordance with Regulation (EC) No 1107/2009 of the European Parliament and of the Council Concerning the Placing of Plant Protection Products on the Market, and Amending Commission Implementing Regulation (EU) No 540/2011 (Text with EEA Relevance); European Union: Brussels, Belgium, 2017; Volume 297.

	



Gilbert-López, B.; García-Reyes, J.F.; Mezcua, M.; Molina-Díaz, A.; Fernández-Alba, A.R. Determination of Postharvest Fungicides in Fruit Juices by Solid-Phase Extraction Followed by Liquid Chromatography Electrospray Time-of-Flight Mass Spectrometry. J. Agric. Food Chem. 2007, 55, 10548–10556. [Google Scholar] [CrossRef] [PubMed]

	



Hayward, D.G.; Wong, J.W. Organohalogen and Organophosphorous Pesticide Method for Ginseng Root—A Comparison of Gas Chromatography-Single Quadrupole Mass Spectrometry with High Resolution Time-of-Flight Mass Spectrometry. Anal. Chem. 2009, 81, 5716–5723. [Google Scholar] [CrossRef] [PubMed]

	



Wong, J.W.; Zhang, K.; Tech, K.; Hayward, D.G.; Krynitsky, A.J.; Cassias, I.; Schenck, F.J.; Banerjee, K.; Dasgupta, S.; Brown, D. Multiresidue Pesticide Analysis of Ginseng Powders Using Acetonitrile- or Acetone-Based Extraction, Solid-Phase Extraction Cleanup, and Gas Chromatography-Mass Spectrometry/Selective Ion Monitoring (GC-MS/SIM) or -Tandem Mass Spectrometry (GC-MS/MS). J. Agric. Food Chem. 2010, 58, 5884–5896. [Google Scholar] [CrossRef] [PubMed]

	



Koch, P.L.; Stier, J.C.; Senseman, S.A.; Sobek, S.; Kerns, J.P. Modification of a commercially-available ELISA kit to determine chlorothalonil and iprodione concentration on golf course turfgrass. Crop Prot. 2013, 54, 35–42. [Google Scholar] [CrossRef]

	



Watanabe, E.; Miyake, S. Immunoassay for iprodione: Key estimation for residue analysis and method validation with chromatographic technique. Anal. Chim. Acta 2007, 583, 370–376. [Google Scholar] [CrossRef]

	



Bui, B.T.S.; Haupt, K. Preparation and evaluation of a molecularly imprinted polymer for the selective recognition of testosterone—Application to molecularly imprinted sorbent assays. J. Mol. Recognit. 2011, 24, 1123–1129. [Google Scholar] [CrossRef]

	



Svenson, J.; Nicholls, I.A. On the thermal and chemical stability of molecularly imprinted polymers. Anal. Chim. Acta 2001, 435, 19–24. [Google Scholar] [CrossRef]

	



Haupt, K. Molecularly imprinted polymers in analytical chemistry. Analyst 2001, 126, 747–756. [Google Scholar] [CrossRef]

	



Babamiri, B.; Salimi, A.; Hallaj, R. A molecularly imprinted electrochemiluminescence sensor for ultrasensitive HIV-1 gene detection using EuS nanocrystals as luminophore. Biosens. Bioelectron. 2018, 117, 332–339. [Google Scholar] [CrossRef]

	



Khataee, A.; Hassanzadeh, J.; Kohan, E. Specific quantification of atropine using molecularly imprinted polymer on graphene quantum dots. Spectrochim. Acta Part A Mol. Biomol. Spectrosc. 2018, 205, 614–621. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, L.; Zhu, C.; Chen, C.; Zhu, S.; Zhou, J.; Wang, M.; Shang, P. Determination of kanamycin using a molecularly imprinted SPR sensor. Food Chem. 2018, 266, 170–174. [Google Scholar] [CrossRef] [PubMed]

	



Tang, P.; Wang, Y.; Huo, J.; Lin, X. Love Wave Sensor for Prostate-Specific Membrane Antigen Detection Based on Hydrophilic Molecularly-Imprinted Polymer. Polymers 2018, 10, 563. [Google Scholar] [CrossRef] [PubMed]

	



Li, Y.; Jiang, C. Trypsin electrochemical sensing using two-dimensional molecularly imprinted polymers on 96-well microplates. Biosens. Bioelectron. 2018, 119, 18–24. [Google Scholar] [CrossRef] [PubMed]

	



Pan, M.; Li, R.; Xu, L.; Yang, J.; Cui, X.; Wang, S. Reproducible Molecularly Imprinted Piezoelectric Sensor for Accurate and Sensitive Detection of Ractopamine in Swine and Feed Products. Sensors 2018, 18, 1870. [Google Scholar] [CrossRef] [PubMed]

	



Beloglazova, N.V.; Lenain, P.; De Rycke, E.; Goryacheva, I.Y.; Knopp, D.; De Saeger, S. Capacitive sensor for detection of benzo(a)pyrene in water. Talanta 2018, 190, 219–225. [Google Scholar] [CrossRef]

	



Canfarotta, F.; Czulak, J.; Betlem, K.; Sachdeva, A.; Eersels, K.; Grinsven, B.; van Cleij, T.; Peeters, M. A novel thermal detection method based on molecularly imprinted nanoparticles as recognition elements. Nanoscale 2018, 10, 2081–2089. [Google Scholar] [CrossRef]

	



Ayankojo, A.G.; Tretjakov, A.; Reut, J.; Boroznjak, R.; Öpik, A.; Rappich, J.; Furchner, A.; Hinrichs, K.; Syritski, V. Molecularly Imprinted Polymer Integrated with a Surface Acoustic Wave Technique for Detection of Sulfamethizole. Anal. Chem. 2016, 88, 1476–1484. [Google Scholar] [CrossRef]

	



Ayankojo, A.G.; Reut, J.; Öpik, A.; Syritski, V. Sulfamethizole-imprinted polymer on screen-printed electrodes: Towards the design of a portable environmental sensor. Sens. Actuators B Chem. 2020, 320, 128600. [Google Scholar] [CrossRef]

	



Beebe, K.R.; Pell, R.J.; Seasholtz, M.B. Chemometrics: A Practical Guide. Available online: https://analyticalscience.wiley.com/do/10.1002/sepspec.9780471124511 (accessed on 21 October 2020).

	



Gautam, R.; Vanga, S.; Ariese, F.; Umapathy, S. Review of multidimensional data processing approaches for Raman and infrared spectroscopy. EPJ Techn. Instrum. 2015, 2, 1–38. [Google Scholar] [CrossRef]

	



Lee, L.C.; Liong, C.-Y.; Jemain, A.A. A contemporary review on Data Preprocessing (DP) practice strategy in ATR-FTIR spectrum. Chemom. Intell. Lab. Syst. 2017, 163, 64–75. [Google Scholar] [CrossRef]

	



Bou-Maroun, E.; Rossignol, J.; De Fonseca, B.; Lafarge, C.; Gougeon, R.D.; Stuerga, D.; Cayot, P. Feasibility of a microwave liquid sensor based on molecularly imprinted sol-gel polymer for the detection of iprodione fungicide. Sens. Actuators B Chem. 2017, 244, 24–30. [Google Scholar] [CrossRef]

	



Lordel, S.; Chapuis-Hugon, F.; Eudes, V.; Pichon, V. Selective extraction of nitroaromatic explosives by using molecularly imprinted silica sorbents. Anal. Bioanal. Chem. 2011, 399, 449–458. [Google Scholar] [CrossRef] [PubMed]

	



Lordel-Madeleine, S.; Eudes, V.; Pichon, V. Identification of the nitroaromatic explosives in post-blast samples by online solid phase extraction using molecularly imprinted silica sorbent coupled with reversed-phase chromatography. Anal. Bioanal. Chem. 2013, 405, 5237–5247. [Google Scholar] [CrossRef]

	



Zhao, M.; Downey, G.; O’Donnell, C.P. Exploration of microwave dielectric and near infrared spectroscopy with multivariate data analysis for fat content determination in ground beef. Food Control 2016, 68, 260–270. [Google Scholar] [CrossRef]

	



Cordella, C.B.Y. PCA: The Basic Building Block of Chemometrics; IntechOpen: London, UK, 2012; ISBN 978-953-51-0837-5. [Google Scholar]

	



Wold, S.; Sjöström, M.; Eriksson, L. PLS-regression: A basic tool of chemometrics. Chemom. Intell. Lab. Syst. 2001, 58, 109–130. [Google Scholar] [CrossRef]

	



ANSES AVIS de l’Anses Relatif à L’évaluation des Substances Inscrites au Programme de Travail 2015 de l’Agence dans le Cadre de la Stratégie Nationale Sur Les Perturbateurs Endocriniens (SNPE): L’ATBC (Acétylcitrate de Tributyle (n° CAS 77-90-7), le TBC (Citrate de Tributyle, n° CAS 77-94-1), le BHT (Hydroxytoluene Butylé, n° CAS 128-37-0), l’acide Téréphtalique (n° CAS 100-21-0), le Méthyl Salicylate (n° CAS 119-36-8) et L’iprodione (n° CAS 36734-19-7); ANSES: Maisons-Alfort, France, 2016.

	



Cugier, J.; Bruchet, S. Plan de Surveillance Résidus en Viticulture (Campagnes Viticoles 1990–2003); DGAL: Paris, France, 2005. [Google Scholar]

	



Esbensen, K.H.; Guyot, D.; Westad, F.; Houmoller, L.P. Mutivariate Data Analysis: In Practice: An Introduction to Multivariate Data Analysis and Experimental Design; Aalborg University: Aalborg, Denmark, 2000. [Google Scholar]

	



Brereton, R.G. Chemometrics: Data Analysis for the Laboratory and Chemical Plant; John Wiley & Sons: Hoboken, NJ, USA, 2003. [Google Scholar]

	



Westad, F.; Marini, F. Validation of chemometric models—A tutorial. Anal. Chim. Acta 2015, 893, 14–24. [Google Scholar] [CrossRef]

	



Oleneva, E.; Khaydukova, M.; Ashina, J.; Yaroshenko, I.; Jahatspanian, I.; Legin, A.; Kirsanov, D. A Simple Procedure to Assess Limit of Detection for Multisensor Systems. Sensors 2019, 19, 1359. [Google Scholar] [CrossRef]

	



Allegrini, F.; Olivieri, A.C. IUPAC-Consistent Approach to the Limit of Detection in Partial Least-Squares Calibration. Anal. Chem. 2014, 86, 7858–7866. [Google Scholar] [CrossRef]








[image: Sensors 20 06224 g001 550] 





Figure 1. Microwave sensor showing an antenna recovered by a layer of molecularly imprinted silica (MIS) or nonimprinted silica (NIS). The VNA (Vector Network Analyzer) generates a wave between 10 MHz and 20 GHz and records the reflection coefficient (Γ(f)) at each frequency. The W geometry of the antenna was designed to enhance the microwave signal. 
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Figure 2. (A) Detection of iprodione in model wine medium (water/ethanol, 90/10, v/v). Representative average microwave spectra (100 MHz–3 GHz) generated by a microwave sensor coupled to MIS. Iprodione concentrations varied from 5 to 100 ng.L−1. (B) Detection of iprodione in model wine medium (water/ethanol, 90/10, v/v) using the microwave sensor coupled to MIS. PCA scores plot of 29 iprodione samples. Each spectrum was normalized by unit vector normalization. (C) Detection of iprodione in model wine medium (water/ethanol, 90/10, v/v) using the microwave sensor coupled to MIS. Loading plot for the first principal component (PC1). Characteristic bands are highlighted by a double arrow. 
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Figure 3. (a) PCA model of data presented in the two-dimensional space for the two principal components PC1 and PC2 explaining 91% of the total variance in the data. Example of procymidone detection in model wine medium (water/ethanol, 90/10, v/v) using the microwave sensor coupled to MIS or NIS. 29 samples from the MIS sensor and 30 samples from the NIS sensor. The procymidone concentration varied from 5 to 250 ng L−1. (b) Detection of procymidone in model wine medium (water/ethanol, 90/10, v/v) using the microwave sensor coupled to MIS or NIS. Loading plot for the first principal component (PC1). 
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Figure 4. (a) PCA scores plot of datasets from the three fungicides at 5 ng L−1 analyzed with the microwave sensor coupled to MIS in a model wine medium (water/ethanol, 90/10, v/v). PC1 and PC2 account for 100% of the total variance in the data. (b) Loading plot for the first principal component (PC1) of three fungicides datasets at 5 ng L−1 in the model wine medium (water/ethanol, 90/10, v/v). Spectra were acquired using the microwave sensor coupled to MIS. Characteristic bands are highlighted by arrows. 
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Figure 5. Detection of iprodione in a white wine sample using the microwave sensor coupled to MIS. Representative average microwave spectra. Added iprodione concentrations varied from 5 to 250 ng L−1. The two major bands (which contribute mostly to the model) are symbolized by * and **. The red spectrum corresponds to the white wine without any iprodione added. 
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Figure 6. (A) Detection of iprodione in a white wine sample using the microwave sensor coupled to MIS. Iprodione concentrations varied from 5 to 250 ng L−1. PCA scores plot of 30 white wine samples. PC1 and PC2 account for 95% of the total variance in the data. (B1) Detection of iprodione in a white wine sample using the microwave sensor coupled to MIS. Loading plot for the first principal component (PC1). Characteristic bands are highlighted by arrows. (B2) Detection of iprodione in a white wine sample using the microwave sensor coupled to MIS. Loading plot for the second principal component (PC2). Characteristic bands are highlighted by arrows. 
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Figure 7. (A) Score plot with the first and second PLS components of the PLS regression analysis of iprodione in white wine with the MIS sensor. Iprodione concentrations varied between 0 and 250 ng L−1. (B) Regression coefficients versus frequency for iprodione in white wine with the MIS sensor (on factor 6). (C) Observed and predicted values of iprodione concentrations in white wine using six factors. Coefficient of determination RC2 for the calibration (blue) and RV2 for the validation (red) datasets, root mean squared errors (RMSEC for the calibration set and RMSEV for the validation set). Iprodione concentrations varied between 0 and 250 ng L−1. 
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Table 1. PLS results and estimation of LOD for iprodione using the MIS sensor in white and red wines.
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PLS Model Characteristics

	
LOD Estimation (ng L−1)




	

	
Slope

	
R2

	
RMSECV

	






	
White wine MIS

	
0.9997

	
0.9996

	
2.6

	
~20–30




	
Red wine MIS

	
0.9574

	
0.9940

	
18.7

	
~10–30
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Table 2. (a) Predicted vs. theoretical concentrations and recovery for iprodione using the MIS sensor in white wine. (b) Predicted vs. theoretical concentrations and recovery for iprodione using the MIS sensor in red wine.
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(a)




	
Conc. Theoretical (ng L−1)

	
Conc. Predicted (Mean) (ng L−1)

	
Conc. Predicted (sd) (ng L−1)

	
Recovery (%)




	
5

	
3.40

	
1.12

	
68




	
50

	
54.83

	
1.03

	
110




	
100

	
89.82

	
0.10

	
90




	
150

	
163.50

	
0.51

	
109




	
200

	
199.01

	
0.30

	
100




	
250

	
244.45

	
0.66

	
98




	
(b)




	
Conc. Theoretical (ng L−1)

	
Conc. Predicted (Mean) (ng L−1)

	
Conc. Predicted (sd) (ng L−1)

	
Recovery (%)




	
5

	
7.32

	
6.72

	
146




	
10

	
7.22

	
4.54

	
72




	
25

	
30.36

	
6.76

	
121




	
50

	
49.79

	
13.71

	
100




	
100

	
100.10

	
9.87

	
100




	
250

	
247.75

	
6.82

	
99
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