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A B S T R A C T

The increasing use of pesticides and their mixtures poses a serious risk to human health and the environment. 
This increases the demand for simple, cost-effective, and reliable methods for detecting these residues. In this 
study, a highly sensitive in-house SERS platform based on a metal–insulator–metal (MIM) nanoarray structure 
was employed to acquire Raman fingerprint spectra of Pyrimethanil (PYM), Imidacloprid (IMI), and Chlormequat 
chloride (CCC) in pepper juice, yielding spectra with high signal-to-noise ratios. The detection limit for PYM in 
pepper juice (0.16 mg/kg) was well below both the EFSA (2 mg/kg) and EPA (2 mg/kg) limits. Among the tested 
pesticides, PYM shows the lowest detection limit, indicating a more efficient signal enhancement for the π-metal 
interaction. This strong affinity results in significantly enhanced Raman scattering activity. Furthermore, the 
unsupervised machine learning analysis techniques (e.g., PCA and HCA) used showed a concentration-dependent 
separation in spiked samples. The same approach also enabled detection and discrimination in real food samples 
obtained from different regions. These results demonstrate the potential of the developed platform for rapid, on- 
site monitoring of pesticide residues in complex food matrices.

1. Introduction

The use of pesticide mixtures to protect plants from pests and dis
eases has become increasingly prevalent in agricultural production; 
these chemicals are generally applied by spraying on the surface of fruits 
and vegetables. Pyrimethanil (PYM) [N-(4,6-dimethylpyrimidin-2-yl)- 
phenylamine] is a fungicide belonging to the anilinopyrimidine group. It 
inhibits the activity of hydrolytic enzymes secreted by fungi during the 
infection, thereby preventing pathogen penetration into plant tissues 
and suppressing disease progression [1]. However, excessive or repeated 
application may lead to its accumulation in agricultural products, posing 
significant risks to human health and the environment [2]. Imidacloprid 
(IMI) is a high-solubility neonicotinoid insecticide with the chemical 
formula 1-[(6-chloro-3-pyridyl)methyl]-N-nitroimidazolidin-2-amine, 

exhibiting high persistence in soil and surface waters [3]. It targets 
nicotinic acetylcholine receptors in the nervous system of insects, 
causing persistent stimulation and paralysis [4]. Chlormequat chloride 
(CCC), chemically known as 2-chloroethyltrimethylammonium chlo
ride, is a plant growth regulator (PGR) [5]. It is suggested that the 
inadvertent or uncontrolled use of these mixtures can harm fertility and 
even the developing fetus. Chronic exposure can lead to serious health 
problems, including convulsions, uncontrolled movements, asthma, 
congenital anomalies, paralysis, and ultimately death, due to the accu
mulation of acetylcholine in synapses [6,7].

To mitigate these risks and prevent the transfer of pesticide residues 
into the food chain, regulatory authorities such as the European Food 
Safety Authority (EFSA) and the US Environmental Protection Agency 
(EPA) have set strict maximum residue limits (MRLs) for individual 
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pesticides. For example, EFSA has set MRLs of 2 mg/kg for PYM in 
pepper, 0.9 mg/kg for IMI, and 0.01 mg/kg for CCC. These regulations 
clearly underscore the urgent need for sensitive, rapid, and selective 
analytical methods to monitor pesticide residues in complex food 
matrices.

Currently, various methods are used to detect pesticide residues. 
These include high-performance liquid chromatography (HPLC) [8], gas 
chromatography (GC), gas chromatography-mass spectrometry (GC-MS) 
[9], liquid chromatography-mass spectrometry (LC-MS) [10], 
biosensor-based methods [11,12], and immunoassays [13]. Although 
these methods provide high accuracy and reproducibility, they suffer 
from several critical drawbacks, such as labor-intensive sample prepa
ration, long analysis times, and the high cost and maintenance re
quirements of the instrumentation. In addition, their operation typically 
requires trained personnel, which further limits accessibility. Further
more, GC methods generally cannot directly detect new polar neon
icotinoid insecticides such as IMI because they are not highly volatile 
and are unstable when heated. Instead, these compounds are typically 
analyzed using HPLC or HPLC-MS systems [14]. However, these systems 
remain relatively expensive and typically require well-controlled labo
ratory conditions, which limit their applicability for on-site and 
field-based analyses.

In this context, Raman spectroscopy offers a distinctive advantage by 
providing molecule-specific structural information through well-defined 
vibrational fingerprints, enabling reliable identification of target ana
lytes. Nevertheless, the practical application of Raman spectroscopy is 
often limited by its extremely small scattering cross section (~10− 30 cm2 

molecule− 1), resulting in inherently weak signal intensities. [15]. This 
makes it particularly challenging to detect very low levels of pesticide 
residues and complicates the spectral differentiation of pesticides with 
similar structures in food matrices. To overcome these limitations, SERS 
has been developed, which amplifies Raman signals by exploiting 
plasmonic “hot spots” generated at the interface between analyte mol
ecules and metallic nanostructures [16–18]. In particular, the metal
–insulator–metal (MIM) architecture concentrates electromagnetic 
fields between metallic layers, creating "hot spot" regions on the surface; 
this results in improved signal-to-noise ratios and increased detection 
sensitivity [19].

This study proposes machine-learning-based SERS detection of PYM, 
IMI, and CCC using an in-house 785 nm Raman instrument equipped 
with a MIM-based SERS bowtie nanoarray. The proposed SERS platform 
enables rapid, label-free, and highly sensitive detection of pesticide 
residues, exhibiting excellent signal stability, reproducibility, and strong 
Raman enhancement. In addition, the machine learning analyses 
employed provided clear concentration-dependent discrimination of 
spiked samples and robust spectral separation of samples collected from 
different regions. This platform also offers strong applicability and field 
potential for monitoring pesticides in real samples under real environ
mental conditions. Scheme 1 describes the MIM-based SERS bowtie 
platform and machine learning-assisted SERS application for the 
detection of pesticides in pepper juice.

2. Experimental section

2.1. Materials and instrumentation

Pyrimethanil (2-Anilino-4,6-dimethylpyrimidine) (53112-28-0), 
Imidacloprid (138261-41-3), Chlormequat chloride ((2-Chloroethyl) 
trimethylammonium chloride) (999-81-5), Metalaxyl (N-(2,6-Dime
thylphenyl)-N-(methoxyacetyl)-DL-alanine methyl ester) (57837-19-1), 
Ametoctradin (5-Ethyl-6-octyl [1,2,4]triazolo[1,5-a]pyrimidin-7-
amine) (865318-97-4) pesticides were purchased from Sigma-Aldrich 
(St. Louis, MO, USA). At the same time, silicon wafers were obtained 
from MicroChemicals GmbH (Ulm, Germany).

Raman measurements were obtained using an in-house Raman 
spectrometer, which we explained in detail in our previous publication 
[20]. In summary, the high-resolution Raman spectrometer used in the 
study was designed with a narrow-linewidth diode laser at 785 nm and a 
maximum power of 400 mW. The laser beam is transmitted through a 
fiber connection and focused onto the sample via a light-splitting prism, 
mirrors, filters, and a dichroic mirror. The excitation and scattered sig
nals are collected using high-magnification objectives and directed to 
the spectrometer-CCD detector combination. Additionally, a CMOS 
camera is integrated for monitoring and imaging the system. Sample 
positioning is achieved using joystick-controlled motion systems, and 
data collection and processing are carried out using Solis software. 
Measurements were performed at a laser power of 100 mW, 40X 
magnification, 30 acquisitions with a 2-s exposure time in the 400–1800 
cm− 1 range.

2.2. The fabrication of bowtie metasurface as a SERS platform

The silicon wafers underwent pre-cleaning with piranha solution and 
oxygen plasma and were carefully dried before deposition. A 10 nm Ti 
adhesion layer and a 100 nm thick layer of Al were deposited using the 
process of thermal evaporation. A 75 nm thick SiO2 insulating layer was 
grown, followed by the process of plasma-enhanced chemical vapor 
deposition (PECVD). CSAR 6200.09 positive photoresist was coated at a 
speed of 6000 rpm, giving a photoresist thickness of about 340 nm. After 
soft baking at 150 ◦C for 120 s, the nanostructures were patterned by 
electron beam lithography (EBL) at a surface charge density of 280-290 
μC cm− 2. The deposition of 10 nm of Ti and 100 nm of Au was thermally 
evaporated, followed by a lift-off process by CSAR remover (AR 600-71) 
to achieve MIM nanostructure bowties. The structural properties of the 
synthesized substrates were investigated using a scanning electron mi
croscope (SEM, Zeiss Leo Supra VP 3). In addition, the chemical 
composition was verified by energy-dispersive X-ray analysis (EDS). 
Optical characterization of the MIM bowtie metasurface was performed 
by reflectance measurements to evaluate its resonance behavior. The 
SERS performance of the substrates was assessed using Rhodamine 6G 
(R6G) as a standard probe molecule. Based on the comparative Raman 
intensities obtained from the MIM bowtie substrates and a reference 
planar Si wafer substrate, the SERS enhancement factor (EF) was 

Scheme 1. Illustration of the MIM-based bowtie SERS platform and machine learning-assisted SERS analysis for detecting pesticide residues in pepper juice.
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calculated [21].

2.3. Sample collection and preparation

Pepper samples were obtained from four distinct regions in Türkiye: 
M2 (naturally grown in gardens, Sakarya), M3 (Antalya), M4 (Elmalı), 
and M7 (Mersin). Sample preparation was performed using the Quick 
Easy Cheap Effective Rugged Safe (QuEChERS) extraction protocol with 
minor modifications, following a previously reported method [21]. The 
samples were ground using a blender and weighed out at 5 g each into 
Falcon tubes. 5 mL of acetonitrile and a QuEChERS salt mixture (con
taining MgSO4, NaCl, and trisodium citrate) were added, and the 
mixture was mixed for 2-3 min until the tube warmed up. After ensuring 
the mixture was homogeneous, it was centrifuged at 3000 rpm for 5 min. 
The supernatant phase was carefully collected, filtered through a 0.45 
μm membrane filter, and transferred to glass vials, which were stored at 
− 20 ◦C until further analysis.

Stock solutions of PYM, IMI, CCC, and Ametoctradin (AME) were 
prepared in methanol, whereas Metalaxyl (MTX) was dissolved in 
acetonitrile at a concentration of 10− 2 M. The stock solutions were 
subsequently diluted with deionized water to obtain working standards. 
A clean pepper juice matrix (M3: Antalya), previously confirmed to be 
free of target analytes via LC-MS analysis (Table S3), was used as the 
blank matrix for spiked sample preparations. Final concentrations were 
adjusted to 10− 9 M to 10− 4 M for SERS calibration. Additionally, a 
spiked sample was created for the simulated contaminated sample by 
adding the amount of pesticide detected in the M3 sample by LC-MS 
results (10− 6 M for IMI and 10− 8 M for PYM).

2.4. The collection and processing of SERS spectral data

Measurements were obtained using an in-house 785 nm Raman in
strument (1800-400 cm− 1) as used in our previous study. Spectra were 
obtained using a 40 × objective and a 9 μW laser power, with 30 ac
cumulations and an integration time of 2 s; at least 15 spectra were 
collected from each sample. Raman spectral data were preprocessed 
using a Python-based pipeline (RPlot) developed on the RamanSPy 
framework [22]. The pipeline provides multiple preprocessing options, 
including a range of baseline correction and denoising algorithms. In 
this study, spectral noise was reduced using the Savitsky–Golay 
smoothing filter, while baseline contributions were corrected using the 
IARPLS and ARPLS algorithms. Peak position identification and labeling 
were performed using the pipeline's built-in peak-picking functions. 
Importantly, all preprocessing steps were applied uniformly to the entire 
dataset using identical parameters, and the processed spectra were 
exported as a single data file.

Spectral data were normalized using a min–max normalization pro
cedure to ensure intensity scale compatibility across datasets. The 
normalization was performed according to the equation (Ynorm = Y- 
Ymin/Y0-Ymin) where Y is the measured spectral intensity, Ymin is the 
minimum intensity within the selected spectral range, and Y0 corre
sponds to the intensity of the reference background peaks located at 925, 
1003, 1082, and 1266 cm− 1. Limits of detection (LoD) were determined 
from calibration curves fitted using logistic regression. The LoD was 
calculated using the formula of C1 + 3.3 × C2, where C1 represents the 
mean normalized intensity of the blank sample at the selected spectral 
position, and C2 denotes the standard deviation of the normalized in
tensity measured at the same location. As summarized in Table S17
(Supporting Information), substrate-to-substrate LoD evaluation based 
on the 3σ criterion revealed analyte-dependent sensitivity, with matrix- 
equivalent detection limits of 66.2 ppm (IMI), 0.15 ppm (PYM), and 
15.3 ppm (CCC).

2.5. Multivariate data analysis

2.5.1. Unsupervised analysis
Unsupervised multivariate analyses were performed using the spec

troscopy application of Origin 2024 software. Principal Component 
Analysis (PCA) and Hierarchical Clustering Analysis (HCA) were applied 
to the entire spectral dataset without using class labels to explore the 
intrinsic data structure and spectral variability. PCA results were visu
alized as two-dimensional score plots, while HCA results were presented 
as circular dendrograms. These analyses were used to assess clustering 
tendencies and natural separation among samples based solely on 
spectral features.

2.5.2. Supervised analysis
Supervised multivariate analyses were conducted using Unscrambler 

X 10.4 software to evaluate classification performance and the reliability 
of the Bowtie SERS platform. Labeled datasets were randomly divided 
into training and test sets for each sample group. Within the supervised 
modeling pipeline, PCA was first applied to the training datasets as a 
dimensionality reduction step, and the resulting principal components 
were subsequently used as input variables for classification. Linear 
Discriminant Analysis (LDA), Support Vector Machine (SVM), and Soft 
Independent Modeling of Class Analogy (SIMCA) were employed for 
supervised classification. Model performance was evaluated using clas
sification accuracy metrics, and the results of LDA and SVM were visu
alized through score and distribution plots. For SIMCA, class separation 
and inter-sample distances were assessed using column and Coomans 
plots. Classification outcomes were summarized using confusion 
matrices and corresponding statistical tables [20,23].

3. Results and discussion

3.1. Bowtie metasurfaces: fabrication and SERS performance

The multilayer architecture of the substrate is schematically pre
sented in Fig. 1a. It is composed of a silicon wafer base, followed by a Ti 
adhesion layer, an Al reflective layer, a SiO2 dielectric spacer, and an Au 
plasmonic layer deposited on the surface. This metal–insulator–metal 
configuration has been widely reported to support strong confinement of 
plasmonic modes within the dielectric gap, thereby promoting intense 
electromagnetic field localization and enhanced light–matter interac
tion [19,24]. Furthermore, the integration of the Al reflective layer 
optimizes resonance conditions, while the top Au layer creates chemi
cally stable plasmonic hotspots, thus amplifying the SERS signal. 
FIB-SEM (Focused Ion Beam), TEM-EDX (Transmission Electron Micro
scope–Energy Dispersive X-ray Analysis) analyses, and SEM images 
pertaining to the MIM structure are shown in Fig. 1b. The image ob
tained with FIB-SEM enables high-resolution observation of the layered 
architecture of the structure, while TEM-EDX analysis determines the 
positions of each element in the MIM structure and the boundaries be
tween the layers. EDX maps for each element show that the coatings are 
uniform and have reached the desired thickness (Fig. 1c). The SEM 
image reveals the homogeneous morphology of the Au bowtie structures 
and their regularity on the substrate. This regularity plays a critical role 
in minimizing signal fluctuations arising from morphological hetero
geneity. The presence of hot spot regions evenly distributed across the 
surface indicates that the Raman signal is not confined to localized areas 
but is spread across the entire active sensing surface (Fig. 1d).

After evaluating the morphological properties of the MIM-based 
bowtie SERS nanoarray, its optical properties were assessed. The plat
form exhibits two distinct LSPR modes, one close to 785 nm laser exci
tation (~788 nm) and the other coinciding with the Stokes scattering 
region (~900 nm), providing a broadband, dual-mode response 
(Fig. 1e). Consistent with this optical behavior, the MIM-BTA architec
ture demonstrates superior SERS performance compared to control 
substrates. Although the laser power and analyte concentrations are not 
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identical across all substrates, these experimental parameters are 
explicitly reported in the corresponding figures and captions to ensure 
full transparency. Importantly, such differences do not obscure the 
observed performance trends; instead, they further highlight the 
robustness of the MIM-BTA design under more stringent measurement 
conditions. Specifically, for MTX, characteristic Raman features are 
clearly resolved on the MIM-BTA substrate at lower analyte concentra
tions, whereas comparable signals are absent or significantly weaker on 
control substrates measured at higher concentrations. Similarly, for 
Rhodamine, the Au-BTA substrate required 200 mW of laser power to 
generate detectable Raman signals, whereas the MIM-BTA substrate 

achieved comparable signal intensities at only 20 mW, indicating a 
markedly higher electromagnetic enhancement efficiency (Fig. S5) [21].

As summarized in Table S18 and S19 and supported by SEM images 
in Fig. S8, the platform exhibits fabrication reproducibility across three 
independent batches, with an inter-batch Raman signal RSD of 7.88% 
(645 cm− 1 PYM band). Although nanoscale gap variations (RSD 
13.81%) were observed, the lower signal variability confirms that 
analytical performance is predominantly governed by the collective 
plasmonic response rather than minor geometric differences.

Fig. 1. Structural and optical characterization of the MIM-based bowtie SERS substrate. a. Schematic illustration of the multilayer architecture consisting of a 
Si substrate, Ti adhesion layer (10 nm), Al back reflector (100 nm), SiO2 dielectric spacer (75 nm), and patterned Au bowtie nanoarray (100 nm) b. SEM images 
showing large-area patterned nanoarrays with uniform periodic geometry. c. Cross-sectional FIB–SEM and TEM–EDS analyses confirming multilayer thicknesses and 
interfaces. Corresponding elemental maps (C, O, Al, Si, Ti, Au, Pd) reveal the spatial distribution of constituent elements across the structure. d. High-magnification 
SEM image of the nanoarray demonstrating the uniform bowtie morphology and nanoscale feature definition. e. Measured optical reflection spectrum of the 
metasurface showing a resonance minimum centered at ~788 nm.
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3.2. SERS detection of PYM, IMI, and CCC on MIM-based bowtie 
nanoarrays and evaluation of substrate performance

Figs. 2 and 3 show the results obtained for the determination of PYM, 
IMI, and CCC using an in-house Raman spectroscopy system, along with 
analyses of the substrate's detection performance. The concentration- 
dependent SERS measurements of these pesticides in aqueous solution 

and pepper juice are analyzed.
Representative spectra of PYM, IMI, and CCC recorded at different 

concentrations (Fig. 2a–c) exhibit well-resolved characteristic vibra
tional bands that remain distinguishable even at low analyte levels, 
confirming the strong enhancement capability and spectral selectivity of 
the platform. The progressive decrease in peak intensity with decreasing 
concentration demonstrates a clear concentration–response relationship 

Fig. 2. Comprehensive evaluation of analytical performance, reproducibility, and stability of the SERS metasurface platform. a–c. Representative SERS 
spectra recorded for three analytes (PYM, IMI, and CCC) at different concentrations, together with blank substrate and water controls. Characteristic Raman bands 
used for identification are labeled. Signal intensity decreases systematically with concentration, while diagnostic peaks remain distinguishable down to trace levels, 
demonstrating sensitivity and spectral specificity. d. Batch-to-batch reproducibility was assessed using three independently fabricated substrates. Comparable signal 
intensities with an overall RSD of 7.87% confirm fabrication consistency. e. Inter-day stability was evaluated over three days using the characteristic ~645 cm− 1 

band of PYM, showing moderate variation attributable to environmental or measurement fluctuations. f. Short-term temporal stability was measured at t = 0, 6 h, 
and 12 h, indicating gradual signal attenuation yet preserved spectral detectability. g. SERS spectra of CCC recorded in pepper juice. h. The thermal stability of CCC 
at 10− 5 M in pepper juice under continuous laser irradiation is demonstrated using a MIM-based bowtie SERS nanoarray.
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without noticeable peak shifts, indicating stable plasmonic resonance 
behavior and negligible spectral distortion. To assess fabrication 
reproducibility, measurements were performed on three independently 
prepared substrate batches (Fig. 2d). Comparable signal intensities were 
obtained, yielding an overall relative standard deviation (RSD) of 
7.87%, which confirms high batch-to-batch consistency. In addition, 
spatial reproducibility was evaluated by collecting spectra from 15 
randomly selected spots on each substrate under identical experimental 
conditions. Temporal stability was further investigated through both 
interday (Fig. 2e) and intraday (Fig. 2f) measurements using the char
acteristic ~645 cm− 1 band of PYM as a probe signal. While moderate 
intensity variations were observed over time, diagnostic peaks remained 
clearly detectable, demonstrating that the substrate maintains analytical 
functionality despite signal fluctuations. Such behavior is typical of 
plasmonic systems, where minor environmental or adsorption differ
ences can influence absolute intensity without altering spectral finger
print integrity.

The detected peaks for PYM are shown as dotted lines, and the 
characteristic peaks at 501 cm− 1 in water and 645 cm− 1 in pepper juice 
increased with concentration (see Table S1 for the complete assignment 
table). It is thought that the difference between these peaks in water and 
pepper juice may be due to the nature of Raman scattering, where 
compounds such as carotenoids and pigments in pepper juice either 
mask or attenuate the 501 cm− 1 peaks (a similar trend was observed for 
IMI and CCC). Therefore, LoD was calculated for the 645 cm− 1 peaks, 
which showed a positive concentration-dependent trend in the pepper 
juice (Fig. 3b). The LoD of 6.3 × 10− 7 mol/L was found to be well below 
the maximum residue limits (MRLs) set by the EPA, 2025noting that 
pepper was not specifically reported [23],EFSA, 2024 MRL of 2 mg/kg 
[25], and the Turkish Ministry of Agriculture and Forestry MRL of 2 
mg/kg [26]. To support the LoD calculations, the 
concentration-dependent increase of the pesticide-specific Raman peak 
(645 cm− 1) in the pepper juice was also displayed as a column chart. 
This analysis clearly demonstrated selective detection of the pesticide 
even in complex food matrices, with a distinct increase in signal in
tensity as analyte concentration increased. Similarly, the 
concentration-dependent peaks detected in aqueous and pepper juice 
samples of IMI are shown in Fig. 3c and d, respectively. The character
istic peaks at 1269 cm− 1 in pepper juice showed a partial but significant 
increase in concentration. The obtained LoD value of 6.6 × 10− 5 mol L− 1 

was higher than the maximum residue limits established by EPA, 2025 
(1 mg kg− 1), EFSA, 2024 (0.9 mg kg− 1), and the Turkish Ministry of 
Agriculture and Forestry (0.9 mg kg− 1). Nevertheless, the platform 
demonstrates strong analytical capability compared with previously 
reported methods, particularly in key performance metrics such as 
detection limit, analysis time, and machine learning–assisted evaluation 
(Table S2). Comparable analytical behavior was also observed for the 
CCC pesticide. The column plot shows the variation in the CCC signal 
intensity at 1317 cm− 1 over the concentration range of 10− 8–10− 4 M in 
pepper extract. Although the band intensity increases with concentra
tion, the response deviates from ideal linearity. Such behavior is well 
known in SERS-based measurements and can arise from multiple factors. 
First, SERS enhancement is governed by spatially heterogeneous local
ized electromagnetic hotspots, meaning that signal intensity does not 
always scale linearly with analyte concentration, especially as active 

adsorption sites approach saturation at higher concentrations [27–29]. 
Second, matrix-related interactions, such as hydrogen bonding or 
intermolecular adsorption between CCC molecules and components of 
the pepper extract, may introduce additional variability in signal 
response [30]. Similar partially nonlinear trends have also been re
ported for PYM, CCC, and related systems in the literature [31,32]. 
Despite these effects, the clear concentration-dependent increase 
observed for the 1317 cm− 1 band confirms that CCC can be selectively 
detected within a complex food matrix, demonstrating the practical 
applicability of the developed SERS platform.

The results obtained for CCC in both aqueous and pepper matrices 
are presented in Figs. 2c and 3e. In aqueous measurements, performed 
over the concentration range of 10− 4–10− 8 mol L− 1, the most pro
nounced concentration-dependent intensity variation was observed at 
the 1033 cm− 1 band, indicating that this mode is the most suitable 
analytical marker for quantitative evaluation in water. In contrast, for 
the pepper matrix, LoD calculations were based on the characteristic 
1317 cm− 1 band (Fig. 3f), which exhibited a clear positive trend with 
increasing concentration, yielding a detection limit of 3.08 × 10− 5 mol 
L− 1. Notably, the sensitivity to PYM (fungicide) was distinctly higher 
than that to IMI (insecticide) and CCC (plant growth regulator). This 
difference is most likely related to molecular structure–surface interac
tion effects. Specifically, the 645 cm− 1 band of PYM, assigned to C–H 
out-of-plane bending and ring deformation of the phenyl group (Fig. S1
for vibrational assignment), can promote stronger π–metal interactions 
with the Au nanostructures. Such interactions enhance adsorption effi
ciency and local electromagnetic coupling, ultimately leading to stron
ger SERS enhancement [30,33,34]. Taken together, these findings 
indicate that the developed MIM-based SERS platform provides selective 
and highly sensitive detection, with particularly strong performance for 
fungicide molecules that possess aromatic ring systems capable of effi
cient surface coupling.

Achieving a high-quality SERS response is directly dependent on the 
thermal stability and structural uniformity of the substrate [35,36]. CCC 
in pepper juice was used to evaluate the SERS performance of the 
MIM-based bowtie SERS nanoarray (Fig. 2g–h). The SERS sensor 
demonstrated thermal stability with 9 measurements taken from the 
same location and an RSD of 7.27%. A detailed map of the characteristic 
peak at 1317 cm− 1 is also presented in Fig. S2. Machine Lear
ning–Assisted Spectral Analysis of Pesticide Mixture Fig. 4a illustrates 
the machine learning-supported SERS application of the MIM-based 
SERS bowtie platform for detecting pesticides in pepper juice. PCA 
was performed in the 400-1800 cm− 1 range (n = 61) to examine the 
concentration-dependent spectral separation of pesticides in pepper 
juice. PCA analysis revealed that the spectral data of the pesticide con
centrations in pepper juice solutions at 10− 9 M (9), 10− 4 M (4), and 
blank (pepper juice) were clearly separated Fig. 4b). PCA explained 
approximately 92% of the total variance in the PC axes, indicating that 
the differences in the chemical fingerprints of these three groups were 
substantial. This situation suggests that the variation in pesticide con
centration directly reflects in the SERS spectrum, with the differences in 
the intensity of characteristic Raman bands playing a predominant role 
in differentiation. HCA was performed to confirm the PCA results 
(Fig. 4c). In the HCA analysis, the samples were observed to be grouped 
into three distinct clusters (blank (pepper juice), 10− 9 M:9, and 10− 4:4 

Fig. 3. SERS detection of PYM, IMI, and CCC in pepper matrix. a. SERS spectra of PYM at different concentrations measured in pepper extract. Characteristic 
Raman bands are labeled, and intensity variations with concentration are clearly visible. b. Calibration plot constructed from the characteristic ~640–645 cm− 1 band 
of PYM in pepper, showing concentration-dependent signal increase. The inset displays stacked spectra highlighting spectral evolution, and the bar chart summarizes 
normalized intensity changes of the same band across concentrations. The calculated linearity and detection limit are also indicated. c. SERS spectra of IMI at 
different concentrations recorded in pepper extract. Distinct vibrational bands are preserved across the concentration range, demonstrating selective detection within 
the complex matrix. d. Calibration curve obtained using the characteristic ~1269 cm− 1 band of IMI in pepper. The inset shows spectral zoom, while the bar chart 
presents intensity variation versus concentration for the selected band. e. SERS spectra of CCC measured at varying concentrations in pepper extract. Diagnostic 
Raman peaks remain identifiable even at low concentrations, confirming analytical sensitivity. f. Quantitative response plot based on the characteristic ~1317 cm− 1 

band of CCC in pepper. The inset stacked spectra and bar chart further illustrate concentration-dependent signal enhancement and reproducibility for the selected 
vibrational mode.
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M), with distinct separation between clusters. The circular and isolated 
arrangement of the clusters in the dendrogram indicates weak spectral 
similarity between the groups and high intra-group homogeneity. 
Similar trends can be observed for the analysis conducted for IMI and 
CCC. PCA-HCA results for IMI indicate that the blank (pepper juice) 
group was completely separated from the 10− 9 M (9) and 10− 4 M (4) 
samples, but the two concentrations were heavily mixed (Fig. 4d–e). 
This is the primary reason for the relatively low separation percentage 
(39.4%). The overlap in signal intensities can be explained by the 10− 9 

M level remaining near the LoD (9.14x10-5 M) and by matrix compo
nents (sugar, phenolic, pigment) competing for surface adsorption. 
Thus, the SERS response obtained for IMI exhibited statistically signif
icant but limited discrimination at lower concentrations. In the CCC 
analysis, the blank (pepper juice) set was again clearly separated, and 
the signal-to-noise ratios for the lower concentration levels of 10− 8 M (8) 
and 10− 4 M (4) (LoD level) were more stable, resulting in a statistically 
significant difference between the two groups (Fig. 4f–g). The total 
variance was 72.8%, indicating that the spectral response of CCC was 
more consistent and reproducible than that of IMI.

This trend observed for both pesticides is consistent with the sub
strate's higher chemical compatibility with PYM. The π-metal interac
tion between the aromatic ring in the PYM structure and the SERS-active 
surface enhanced both PCA variance (92%) and HCA discrimination 
acuity, enhancing the effectiveness of Raman scattering. Therefore, it 
can be concluded that the sensor's selectivity is strongly influenced not 
only by concentration and matrix factors but also by the analyte's 
chemical structure and surface affinity.

In this context, performing analyses across the entire spectral range 
(400-1800 cm− 1) is a critical factor for enhancing discrimination. While 
some studies in the literature use only selected Raman regions (e.g., 500- 
700 cm− 1 and 950-1300 cm− 1) [1]. This study incorporates variations in 
regions of low intensity but high informative value into the model by 
evaluating the entire range. Thus, the sensor–analyte interactions are 
captured holistically rather than confined to specific bands, thereby 
improving the reliability and robustness of statistical discrimination.

Following the successful results obtained with PCA and HCA, linear 
and nonlinear supervised analysis methods were applied to determine 
and prove the classes of pepper juice and pesticides with different con
centrations. In this context, training and test data sets were created using 
randomly selected data from the sample groups, and classification 
models were developed based on these data sets. The LDA analysis 
performed using the entire spectral dataset and a single PCA trans
formation is summarized in Fig. S3. According to the results, the clas
sification accuracies were 83.64% for PYM, 62.75% for IMI, and 90.91% 
for CCC. These findings indicate that the vast majority of test samples 
could be correctly assigned to their respective classes. The achieved 
accuracy is also evident in the matrix tables showing the predicted and 
observed class distributions for the training datasets (see Table S4–S9). 
The second analysis, SIMCA, allows evaluation of the similarity and 
distance relationships of the samples to the created class models rather 
than a direct distinction between classes. In this context, separate SIMCA 
models were created for each pesticide group based on the PCA results, 
and the positions of the samples in these models are presented in Fig. S4. 
Fig. S4a shows the distances between the PCA models created for PYM. 
The distinct distance between the models indicates that pesticide groups 
with different concentrations are well separated from each other and 
that the class models are consistently created. Fig. S4b and S4c present 
the distances of the samples from the relevant class models using 

Coomans plots. The 5% significance threshold used in these plots in
dicates that the results are statistically reliable. The green dots represent 
randomly selected test samples for each group. Partial overlap in some 
test samples between class models is expected, especially for pesticide 
groups with similar concentrations. This situation can be attributed to 
the natural variation of SERS spectra measured in a complex matrix, 
such as pepper juice, and the fact that analyte signals at low concen
trations exhibit similar spectral characteristics. Similarly, the results for 
IMI and CCC are presented in Fig. S4. Upon examination, the test sam
ples exhibit partial overlap and interclass approximations, particularly 
near the class boundaries, similar to the situation observed for PYM. This 
situation may stem from spectral similarities among samples with 
similar concentrations and complex matrix effects.

Finally, SVM analysis was performed using PC loading spectra 
associated with the pesticide peaks as references. In this context, SVM 
classification graphs based on Raman bands specific to pesticides) 
located in the ranges of 1076–1567 cm− 1 for PYM, 1160–1580 cm− 1 for 
IMI, and 730–1571 cm− 1 for CCC, are presented in Fig. 5. As a result of 
the analyses, 100% classification accuracy was achieved on the training 
data, and over 65% validation accuracy was achieved on the test data. 
These accuracy values are also supported by matrix tables showing the 
predicted and observed class distributions. Detailed results for the 
relevant test classes are presented in Table S10–15.

These supervised machine learning analyses demonstrated that SERS 
spectral data obtained from pesticide-treated and pesticide-free samples 
at different concentrations exhibited high classification performance. 
The results obtained confirm the reliability of the proposed approach 
and validate the Bowtie-based SERS platform developed as an effective 
and efficient analytical tool for pesticide detection.

3.3. In-depth investigation of samples obtained from different regions

Analyses were performed using a MIM-based bowtie SERS nanoarray 
for pepper samples obtained from different regions. The SERS spectra 
obtained from blank (substrate), M2, M4, and M7 pepper juices are 
shown in Fig. 6a. The M7 sample exhibited distinct spectral differences, 
clearly indicative of contamination. As shown, characteristic peaks were 
detected at 1366, 1458, 1479, 1518, and 1582 cm-1, which are present 
only in this sample. Band assignments were made for this evaluation by 
reference to the characteristic peak positions reported in our previous 
study [20]. In the clean samples (M2, M4), these bands were signifi
cantly weaker or had completely disappeared. Dotted lines indicate the 
regions where peak matching and band assignments were performed. 
In-depth analysis revealed that the 1366 cm− 1 band showed great sim
ilarity with IMI and ACE and was associated with the C–N stretching 
vibration in the heterocyclic ring [20] (Fig. 6b). Investigation of the 
1458-1512 cm− 1 band showed that it matched the characteristic peaks 
of PYM, and these bands corresponded to the CH3 deformation vibration 
mode and the υ(C––C) mode of PYM, respectively [20,37] (Fig. 6c and 
e). Fig. 6d includes a detailed examination of the 1479 cm− 1 band. This 
detected band matches the characteristic peak of IMI and reflects the 
δ(C–H) mode [20]. The increase in the 1582 cm− 1 band region over
lapped with the υ(C––C) vibrations of PYM + ACE [20,37] (Fig. 6f). The 
signal intensity in these regions is observed only in sample M7, consis
tent with the confirmed pesticide contamination, as determined by 
LC–MS/GC–MS analyses (Table S3). The weakness or absence of similar 
bands in clean samples (M2, M4) demonstrates that, despite the strong 
spectral background of the bowtie nanoarray, chemical traces of 

Fig. 4. Results of unsupervised machine learning analysis of SERS spectra of pepper waters treated with pesticides. a. Schematic representation of pesticide 
detection. b. PCA analysis of spectral data of PYM pesticide in pepper juice obtained from 4 (10− 4 M), 9 (10− 9 M), and blank (pepper juice) solutions. c. HCA 
visualized in a circular dendrogram obtained from the same data set using Ward's algorithm. d. PCA analysis of spectral data of IMI pesticide in pepper juice obtained 
from 4 (10− 4 M), 9 (10− 9 M), and blank (pepper juice) solutions. e. HCA visualized in a circular dendrogram obtained from the same data set using Ward's algorithm. 
f. PCA analysis of spectral data of CCC pesticide in pepper juice obtained from 4 (10− 4 M), 8 (10− 8 M), and blank (pepper juice) solutions. g. HCA visualized in a 
circular dendrogram obtained from the same data set using Ward's algorithm.
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Fig. 5. Results of supervised machine learning analysis of SERS spectra of pepper waters treated with pesticides, performed using PCA-based SVM. 
Classification models were trained using PCA results to create training datasets; independent test samples were included for validation. Clear class separation, class 
boundaries, and confidence ellipses are clearly observed for the PYM, IMI, and CCC groups. The discriminative spectral features used in classification indicate that the 
dominant loadings obtained from PCA analyses coincide with the characteristic Raman bands of the target pesticides. Training and validation accuracy are presented 
in each panel.
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Fig. 6. SERS analysis for detection and confirmation of pesticides in real pepper samples. a. SERS spectra obtained from the blank (substrate), M2: Sakarya, M4: 
Elmalı, and M7: Mersin samples. The characteristic bands detected are shown with dotted lines. b. Zoomed-in view of the 1366 cm− 1 band showing its similarity to 
the standard spectra of IMI and ACE. c. Zoomed-in view of the 1458 cm− 1 band showing its spectral similarity to PYM. d. Zoomed-in view of the region where the 
1479 cm− 1 band matches IMI. e. Detailed view of the 1518 cm− 1 band showing its similarity to PYM. f. Zoomed-in view of the 1582 cm− 1 band showing char
acteristic vibrations of both PYM and ACE pesticides. g. PCA results for samples M2, M4, and M7 reveal clustering patterns reflecting chemical differences among the 
samples. HCA dendrogram of the same data set, demonstrating the level of similarity/discrimination between samples containing and not containing pesticides. i. 
Comparison of SERS spectral profiles of pesticides detected in real pepper samples with those of simulated pesticide mixtures.
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pesticides can be selectively distinguished. To investigate the origin of 
the variation observed, SERS spectra of pepper samples collected from 
different regions were analyzed using PCA (Fig. 6g). The relatively high 
overall variation of 83.1% obtained from the analysis indicates that the 
data possesses strong discriminatory capacity. In this context, sample 
M2 (naturally grown pepper) is completely separated from the other 
samples and clustered in a distinct area. This separation is an expected 
consequence of the chemical fingerprint of samples not treated with 
pesticides, reflecting their natural growth conditions. The other samples 
are clustered together, being homogeneous within themselves and close 
to each other. In the HCA analysis supporting the PCA findings, the 
similarity and distance relationships among the samples were presented 
as a circular dendrogram (Fig. 6h). According to the HCA results, sample 
M7 is clearly distinct from the others and is in a different region. On the 
other hand, samples M2 and M4 appear to be in the same group and 
partially intermingled. This similarity is quite consistent because none of 
the samples contain pesticides, so their spectral fingerprints are largely 
limited to matrix-derived components.

To further verify the reliability of the SERS-based detection approach 
under real matrix conditions, clean pepper juice was simulated by 
adding amounts equivalent to the pesticide concentrations determined 
by LC–MS analysis (Table S3). The presence of the characteristic SERS 
band at 1366 cm− 1 for both pesticides in both the spiked samples and 
naturally contaminated pepper juice confirmed the accuracy and 
applicability of the method (Fig. 6i) This consistency demonstrates that 
the SERS platform can effectively detect the same analytes in both 
simulated and naturally contaminated samples. Furthermore, the char
acteristic bands in the 1279–1390 cm− 1 range specific to IMI, along with 
additional bands around 1568 cm− 1 for both pesticides (IMI and PYM), 
were clearly detected, demonstrating that the analyte has multiple 
interaction sites with the plasmonic surface and that matrix components 
are measurably reflected in the overall spectral profile.

The results obtained generally offer certain advantages over tradi
tional methods, but they also have specific limitations. 
Chromatography-mass spectrometry methods provide linear detection 
limits that are very low; however, these systems are operationally 
cumbersome, complex, and quite time-consuming. As detailed in 
Table S16 and Fig. S6, the analyte-level comparison between the SERS 
platform and the reference GC/LC-MS method demonstrates a high 
overall agreement of 93.2% across authentic market samples. This 
strong concordance confirms the reliability of the proposed SERS system 
as an effective qualitative screening tool prior to confirmatory chro
matographic analysis. Our method stands out for its ability to deliver 
fast results, facilitate easy sample preparation, enable non-destructive 
detection, and distinguish even naturally grown samples spectrally. 
Furthermore, the high correlation between data obtained from 
controlled contaminated samples and real contaminated samples con
firms the method's sensitivity. Thanks to its simple, economical, and 
environmentally friendly structure, the developed approach is seen to 
have high potential for use in various application areas, particularly in 
food safety.

4. Conclusion

The MIM-based bowtie SERS nanoarray platform has demonstrated 
high analytical reliability and strong matrix compatibility in both 
contaminated and genuine pepper extracts. The LoD values for IMI and 
CCC remained above the maximum residue limits set by EFSA and EPA, 
whereas the calculated LoD for PYM (0.16 ppm) was well below the 2 
ppm limit. This suggests that PYM's stronger π-metal interaction with the 
metal surface, enabled by its aromatic phenyl rings, may explain this 
difference. Although characteristic peaks for IMI and CCC were clearly 
observed at low concentrations, these pesticides did not show a fully 
linear response to concentration. Therefore, a logistic curve model was 
used instead of a linear model in the LoD calculations, thereby pre
senting the data without manipulation and reflecting their true 

behavior. Furthermore, unsupervised analyses (PCA and HCA) per
formed on spiked and naturally contaminated samples at varying con
centrations demonstrated that the system has high discriminative power 
even under real-matrix conditions. The detection of the same charac
teristic bands in simulated contaminated samples and truly contami
nated samples supported the reliability of the method. Furthermore, low 
RSD values and consistent peak patterns in the heatmap analysis 
demonstrated the reproducibility of the substrate and its stability across 
production batches.

However, the MIM-based bowtie SERS platform has provided high 
reproducibility, rapid signal acquisition, and the ability to perform an
alyses compatible with complex matrices in both controlled contami
nated and real pepper extracts. However, the system still has some 
limitations; the inability to maintain homogeneity in the production 
process of nanoarray surfaces and the complexity of field samples are 
among the factors that can affect reproducibility. In the future, inte
grating this platform into portable Raman systems and expanding it to 
cover residues of different pesticide classes and mixtures will further 
increase the method's potential for practical application and automa
tion. Furthermore, greater integration of artificial intelligence-based 
algorithms into the system could improve detection sensitivity and 
analysis time. Therefore, the proposed MIM-based bowtie SERS 
approach is expected to be a promising method for the rapid, easy, and 
transparent detection of pesticide residues under real field conditions.

5. Supplementary data

• Phenyl ring of the PYM molecule
• Band assignments of the pesticides
• Literature Comparison
• LC-MS Validation Results
• Signal Distribution
• Linear Discriminant Analysis (LDA)
• Soft Independent Modelling by Class Analogy (SIMCA)
• Enhancement Factor Calculation
• Substrate Comparison
• Method comparison with an accredited GC/LC-MS protocol on 

authentic market samples
• SERS spectra of different matrices
• Comparison with EFSA limits and LOD conversions to ppm
• Inter-run RSD Analysis
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