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a b s t r a c t

Exposure to different neonicotinoid insecticides (NNIs) can cause varying degrees of harm to mammals

and may even be carcinogenic. Due to their similar molecular structures, it is not only difficult to distin-

guish NNIs in analysis, but also cross-reactions can also occur. These cross-reactions cause the calibration

curves to exhibit strong nonlinearities that cannot be fitted by usual mathematical models. Here, we

present an electrochemical sensor array comprising three sensing units for the simultaneous determina-

tion of imidacloprid, thiamethoxam, and nitenpyram. The method eliminates cross-reaction with the aid

of machine learning. The machine learning model comprises three components: the Douglas-Peucker al-

gorithm for data compression, principal component analysis for classification, and an artificial neural net-

work for quantification. The randomly assigned validation set showed a classification accuracy of 96.3 %

for the model. The prediction accuracy was 98.77%. The limit of detection was <0.037 μmol/L, with a

detection range from 0.1 μmol/L to 200 μmol/L. Finally, the spiked tea samples were tested, and a satis-

factory agreement was obtained between the expected and predicted values.

© 2026 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Neonicotinoid insecticides (NNIs) are a class of systemic pes-

ticides with similar structures. Recent studies have shown that

exposure to different NNIs can cause different damage to mam-

mals and may even be carcinogenic. For example, imidacloprid in-

duced mitochondrial dysfunction [1], thiamethoxam might cause

DNA methylation [2], and nitenpyram leaded to chromosome dam-

age [3]. Therefore, it is necessary to explore novel methods to care-

fully distinguish between different NNIs.

Electrochemical sensing technology possesses the advantages of

high sensitivity, fast response and low cost [4,5]. It has been pro-

posed as an alternative to immunoassay [6], chromatography [7]

and spectroscopy [8]. Nevertheless, most reported electrochemical

sensors target only one particular NNI and are unable to achieve

the multi-objective for NNIs simultaneous determination.

For NNIs with similar molecular structures (Fig. S1 in Support-

ing information), the design of recognition probes needs to face
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two problems. The first is the difficulty of finding an exact match

recognition probe for each NNIs, which limits the discriminatory

ability of the sensor. The second is that it is difficult to eliminate

the cross-reaction generated by non-target NNIs in a specific recog-

nition probe. The cross-reaction has been shown to interfere with

the output signals of the sensors, resulting in significant devia-

tion in measurement accuracy [9]. The unintended deviation limits

the application of pre-established mathematical models. Instead,

sensor arrays incorporating machine learning may be an alterna-

tive strategy to solve these problems. The sensor arrays consist of

multiple sensing units, each of which can be designed to provide

an independent characteristic fingerprint for one analyte [10]. This

lays the foundation for simultaneous detection of multiple NNIs.

The application of principal component analysis (PCA) or linear

discriminant analysis (LDA) facilitates the assignment of feature

fingerprint data to their respective clusters, thereby enabling the

classification of NNIs. In addition, the mechanism of accumulat-

ing prior knowledge through artificial neural networks (ANN, e.g.,

training on NNIs with known concentrations) [11] has the poten-

tial to determine NNIs of unknown concentration to the correct

level.

https://doi.org/10.1016/j.cclet.2025.111789

1001-8417/© 2026 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia Medica, Chinese Academy of Medical Sciences.
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Fig. 1. TEM (A, B) and HR-TEM (C) images of Co/CNT. (D-G) Elemental mapping images. (H) XRD patterns of Co/CNT. High-resolution XPS spectra of (I) Co 2p, (J) C 1s and

(K) N 1s.

The greatest challenge in sensor array designs lies in the de-

velopment of multidimensional recognition elements, which deter-

mine the discrimination and determination capability of the sen-

sor array. Molecularly imprinted polymers (MIPs) mimic antibody-

antigen interactions to specifically recognize template molecules

[12,13]. In addition, it is possible to amplify the sensor signal by

immobilizing nanomaterials on the sensor surface, thus addressing

the inherent shortcomings of MIPs in terms of poor conductivity

and low electrocatalytic activity [14]. Carbon nanotubes (CNTs) are

favored for their high electrical conductivity, good chemical sta-

bility, and unique structure [15,16]. In particular, the conductivity

and catalytic activity could be enhanced effectively by encapsulat-

ing the transition metal (Fe, Co, and Ni) containing partially filled

3d orbitals into the CNTs [17,18].

Unfortunately, the introduction of MIPs is unable to entirely

eliminate cross-reaction, even though we have worked diligently

on sample pretreatment, separation and purification, and detection

instrument optimization. Holmberg’s 1996 study demonstrated

machine learning’s potential to address signal drift and classify al-

cohol vapors [19], showcasing its utility in overcoming theoretical

model limitations. To date, machine learning has been reported to

successfully resolve matrix effects [20], electrode fouling [21], and

chemical interference [22] in voltammetric determinations of elec-

trochemical sensors. However, the simultaneous determination of

multiple NNIs and the solution of cross-reaction caused by molec-

ular structure analogues has rarely been reported.

To this end, the present work discussed the preparation of MIPs

electrochemical sensor array for simultaneous determination of

three NNIs (imidacloprid, thiamethoxam and nitenpyram) by elec-

tropolymerizing o-Phenylenediamine (OPD) on carbon nanotubes

encapsulated with cobalt (Co/CNT). Classification was achieved by

analyzing the variety (single or mixed) in which the NNIs were

present using PCA. The ANN (the detailed design was presented in

section 2 of Supporting information) determined the concentration

level of NNIs in the sample in the form of classes, eliminating the

effect of cross-reaction. Finally, a spiked tea sample was subjected

to analysis and the desired results were obtained.

Co/CNT was synthesised by heat treatment. Fig. 1A displayed

the tubular structure was successfully synthesized. Transmission

electron microscopy (TEM) and high resolution transmission elec-

tron microscopy (HRTEM) images showed that Co had been

wrapped in the tubes (Figs. 1B and C). This structure prevented

cobalt from falling off during electrochemical reactions [17]. The

lattice spacing of 0.177nm corresponded to the (200) crystal plane

of Co (JCPDS No. 89–7093), which exhibited a clear boundary in

the tube (illustrated by the orange dotted line in Fig. 1C). The layer

distance of 0.338nm belonged to the (111) plane of carbon (JCPDS

No. 75–0444). Elemental mapping (Figs. 1D-G) demonstrated that

C, Co, and N were distributed throughout the composite.

The X-ray powder diffraction (XRD) pattern was shown in Fig.

1H, the peaks at approximately 44.23°, 51.53° and 75.86° corre-

sponded to the (111), (200) and (220) planes of Co, respectively.

The peak value at approximately 25.30° belonged to (111) plane

of carbon. In the high-resolution X-ray photoelectron spectroscopy

(XPS), the peaks at 778.4 and 793.5 eV had confirmed the presence

of metallic cobalt (Fig. 1I). The presence of the oxidation peak in

the spectra may be attributed to the ease with which the metallic

cobalt surface is oxidized when exposed to air [23]. The C 1s XPS

(Fig. 1J) was decomposed into two fitting curves, corresponding

to C–C (284.7 eV) and C–N/C=N (285.8 eV), respectively. The N 1s

spectrum had shown three distinct peaks indicating the presence

of three types of N bonds in the complex: graphitic N (400.6 eV),

pyridinic N (398.7 eV), and pyrrolic N (397.5 eV) (Fig. 1K). These

two spectrums confirmed that N was successfully doped in the

products. The aforementioned characterization proved the success-

ful preparation of Co/CNT.

The synthesis of MIPs film was conducted using the ampero-

metric method. As shown in Fig. S2 (Supporting information), the

oxidation peaks current gradually decreased with the increase of

the number of scans. It reached stability after 10 cycles. No re-

duction peak appeared during this period, indicating that the elec-

tropolymerization process was irreversible. In addition, no current

response of NNIs was observed, suggesting that the NNIs involved

in the reaction were not affected by electropolymerization. It was

evident that the thickness of the MIPs film had a significant impact

on the sensor’s performance, which could be regulated by modify-

ing the number of cycles during the electropolymerization process.

Consequently, the thickness of the film was optimized by varying

the number of scans from 5 cycles to 14 cycles (Fig. S3 in Support-

ing information). With few electropolymerization cycles, the MIPs

membrane became too thin or loose, allowing NNI molecules free

access to the electrode surface, which resulted in prominent differ-
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ential pulse voltammetry (DPV) peaks for both MIPs and NIPs [24].

On the contrary, more cycles reduced the peak currents of MIPs

and NIPs. This was attributed to the difficulty of the molecules

to diffuse through the thicker film, and the difficulty of being re-

duced when being too far from the electrode surface due to the

low conductivity of the film [25]. Accordingly, the optimal num-

ber of cycles was selected based on the ratio between the MIPs

and NIPs responses, with 10 cycles identified as the optimum. The

optimization process for the pH values, molar ratio of template to

monomer, adsorption time and elution time were described in sec-

tion S3 (Supporting information).

Next, the morphology of the MIPs before and after elution of

the template molecules was characterized by scanning electron mi-

croscope (SEM). Since different MIPs were obtained by introduc-

ing different NNI molecules during the electropolymerization pro-

cess, the MIP(imidacloprid) film grown onto Co/CNTs will be pre-

sented as an example. Following the electropolymerization process,

a uniform polymer film (Fig. S4A in Supporting information) was

formed on the CNT surface. This contrasted with the morphol-

ogy of the initial CNTs (Fig. S5 in Supporting information), con-

firming the successful modification of the electrodes. It was note-

worthy that the film grows along the surface of the CNT, rather

than integrally aggregating as a top layer that covers the whole.

This specific morphology was ascribed to the electropolymerization

method [26]. As previously outlined, the method demonstrated su-

perior control over the distribution and thickness of the MIPs film.

As can be seen from the comparison of the images before and after

the extraction of the template molecules (Figs. S4A and D in Sup-

porting information), there was no discernible morphological alter-

ation in the structure of the film, thereby confirming the stability

of the MIPs. In order to confirm the adsorption capability of MIPs

for NNIs, the elemental composition of the two films was revealed

using energy dispersive spectroscopy (EDS) [27]. As illustrated in

Figs. S4B and E (Supporting information), the elevated oxygen (O)

content observed in both polymers can be attributed to their ex-

posure to atmospheric oxygen. Following elution, the peak heights

of nitrogen and chlorine revealed a reduction in comparison to the

levels observed prior to elution. This phenomenon may be ascribed

to the removal of imidacloprid molecules, as nitrogen and chlorine

are key elements in substantiating the existence of imidacloprid.

AFM three-dimensional topography analysis shows (Figs. S4C and F

in Supporting information) that the Ra (Roughness average) of the

eluted film increased from 7.36nm to 7.87nm, and the Rq (RMS

Roughness) increased from 4.43nm to 4.96nm. This change in sur-

face roughness can be attributed to the exposure of the imprint

cavities, which increases surface undulations, and the microdomain

deformation caused by the rearrangement of polymer segments af-

ter the removal of template molecules.

Bare GCE initiated a reversible redox reaction of [Fe(CN)6]
3−/4−

in probe solution (Fig. S6A in Supporting information). The re-

sponses were initially compared with those obtained for CNT and

Co/CNT modified GECs, which demonstrated that the loading of

Co/CNT augmented the electron transfer, as evidenced by the larger

peaks in CV and a markedly reduced charge transfer resistance

in EIS (Fig. S6B in Supporting information). Quantitative analy-

sis through Randles equivalent circuit fitting revealed a decreas-

ing trend in Rct values: bare GCE (172.1 �) > CNT/GCE (119.4 �)

> Co/CNT/GCE (46.7 �), which conclusively demonstrates the syn-

ergistic enhancement effect of the composite modification. Then,

the electrochemical behavior of MIPs and NIPs in different modifi-

cation stages was compared. After electropolymerization (Fig. S6C

in Supporting information), the current in the MIP and NIP sen-

sors were drastically reduced due to the insulating properties of

the polymer matrix resulting in poor conductivity and impeded

electron transport [28]. These were in accordance with the dis-

tinct semicircular characteristics in the EIS spectrum (Fig. S6D in

Supporting information). Subsequent to the extraction of the tem-

plate, a significant improvement in the electrochemical behavior

of the MIPs sensor was observed, as proved by both the cyclic

voltammetry (CV) and electrochemical impedance spectroscopy

(EIS) analyses. This was attributed to the released sites affording

[Fe(CN)6]
3−/4− greater accessibility to the electrode surface [29]. Fi-

nally, upon rebinding of the cavities with the template molecules,

electron transport was reimpeded, as indicated by a decrease in

voltammetric current and an increase in resistance. The results of

the CV and EIS measurements were in concordance with one an-

other, thereby corroborating the functionalization of the electrode.

In order to demonstrate the applicability of the sensor array, so-

lutions with increasing concentrations of different NNIs were an-

alyzed by DPV using the different sensor units under optimized

conditions. The response curves of each sensing unit to the re-

spective template molecule were shown in Figs. 2A-C (extracted

from Figs. S7A, E and I in Supporting information). It was easy to

analyze a significant linear relationship between peak current and

concentration (Figs. 2D-F, extracted from Figs. S8A, E and I in Sup-

porting information). Not only that, the DPV response and calibra-

tion curves of each sensing unit to other NNIs were also plotted

(Figs. S7-S9 in Supporting information). It can be seen that each

MIPs sensing unit showed the highest response to its specific tem-

plate. That is, MIP(imidacloprid) clearly shows the highest peak to

imidacloprid, while MIP(thiamethoxam) shows to thiamethoxam,

and MIP(nitenpyram) shows to nitenpyram, confirming the specific

recognition of the different MIP(NNIs) films. However, the NIPs-

based sensor exhibited the least response to the three NNIs in

comparison with the other three MIPs-based sensors, owing to the

absence of recognition sites for the various NNIs [12]. The results

of the analyses for the various NNIs (Table S3 in Supporting infor-

mation) also illustrated that each sensing unit exhibited high sen-

sitivity and a wide linear range for its template molecule.

To further confirm the selectivity of the sensor array, ac-

etamiprid and dinotefuran from the family of NNIs, as well as two

other aromatic compounds (dopamine and 2–chloro-p-nitrophenol)

were chosen as disruptors. The concentration of both the tem-

plate molecules and each disruptor was 50 μmol/L. The response

of each sensing unit to the disruptors was evaluated. It can be ob-

served from Fig. S10 (Supporting information) that MIPs improved

the response of the template molecule and inhibited the response

of the distractors. It was worth noting that the peak currents of

the disruptors might appear outside the present potential window,

which also made them clearly distinguishable from the template

molecules. The excellent selectivity of the sensor array excluded

non-target responses, ensuring that the data sources required for

the machine learning model to work are all valid.

Despite MIPs-based sensors were meant to be highly specific,

those still showed certain cross-reaction when NNIs mixtures were

analyzed. For this reason, the DPV response of mixtures with dif-

ferent concentrations was examined. As shown in Fig. S11 (Sup-

porting information), each sensing unit not only responds to its

target analyte, but also gives feedback to other NNIs. This can be

concluded from the phenomenon of peak overlapping in the DPV

curves. It suggested that the MIPs may inevitably adsorb similar

molecules [30], resulting in corresponding peak currents. Figs. 3A-

C and Fig. S12 (Supporting information) revealed the DPV curves

for increasing concentrations of template molecules in the mixture

and the effect of cross-reaction on the response current. It could be

observed that the same concentration of template molecules gave

slightly higher peak currents in the NNIs mixtures as compared to

the presence of only template molecules. As the concentration of

template molecules increased, the peak current showed an irreg-

ular increase (Figs. 3D-F). The presence of the phenomenon inter-

fered with the previously obtained linear equations for the quan-

tification of each NNIs [21]. This also demonstrated that to obtain

3



D. Feng, J. Dai, Z. Zhu et al. Chinese Chemical Letters 37 (2026) 111789

Fig. 2. DPV responses in the corresponding linear concentration range (A-C) and calibration curves (D-F) of MIPs-based sensors towards their respective templates: (A, D)

MIP(imidacloprid) to imidacloprid, (B, E) MIP(thiamethoxam) to thiamethoxam, and (C, F) MIP(nitenpyram) to nitenpyram.

Fig. 3. DPV curves of (A) MIP(imidacloprid), (B) MIP(thiamethoxam) and (C) MIP(nitenpyram) sensors to NNIs mixtures (increasing concentration (μmol/L) of the template

molecule, constant concentration of the other two) and (D-F) corresponding concentration-current fitting curves (red line). For comparison, the black lines in figures (D-F)

were the concentration-current fitting curves of each sensing unit to its template molecule extracted from Fig. S8.

realistic assay results, it was necessary to use a nonlinear model

to compensate for cross-reaction effects. However, we proposed a

novel approach that combined machine learning with MIPs-based

sensor array as a direct solution to eliminate cross-reaction. This

approach focused on data processing, discovering patterns and reg-

ularities in historical data, and making accurate judgments on new

data.

According to the method mentioned in Section S1.5 (Supporting

information), the classification of compressed data for training set

was achieved by PCA. The results demonstrated a significant differ-

ence between groups and a consistency of samples within groups

(Fig. 4A). The samples were all classified into their groups with-

out any overlap. The data in the hierarchical cluster analysis plot

(Fig. S13 in Supporting information) showed that seven categories

could be clearly distinguished without any confusion and misclas-

sification. Furthermore, PC1, PC2 and PC3 explained approximately

90.4% of the information, thereby facilitating a more precise rep-

resentation of the sample measurements [31]. These can provide

substantial support for obtaining superior classification results. Fi-

nally, the model was evaluated using the validation set after the

test set tuning and achieved an accuracy of 96.3 % (Fig. 4B). Thus,

the superior ability of the developed sensor array in distinguishing

NNIs was well demonstrated.

Analogously, we implemented the simultaneous determination

of three NNIs using the ANN model discussed in Section S1.5. First

Fig. 4. (A) PCA Score plot for the MIPs-based sensor array toward seven differ-

ent NNIs solutions (95% confidence limits for each of the clusters). (B) Classifica-

tion results on validation set. In the figure, a, b and c stand for imidacloprid, thi-

amethoxam and nitenpyram, respectively.

of all, the impact of the number of double hidden layer neurons

on root mean square error (RMSE), mean absolute percentage error

(MAPE), and R-squared was investigated (Fig. S14 in Supporting in-

formation). RMSE was used to evaluate the degree of deviation be-

tween predicted and true values, and MAPE represented the rela-

tive error between predicted and true values. The smaller the value

of both indicated the smaller the prediction error of the model

[32]. When the number of neurons in the first hidden layer was
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Fig. 5. The prediction results of (A) test set and (B) validation set.

128 and the number of neurons in the second hidden layer was 64,

RMSE and MAPE were minimized while R-squared was maximized,

indicating that 128 and 64 were the optimal numbers of hidden

layer neurons. Subsequently, the model performance was evaluated

using the accuracy and loss metrics [33]. Fig. S15 (Supporting in-

formation) illustrated that as the training cycle progresses, the loss

value declined, indicating that the model was approaching conver-

gence. Concurrently, the accuracy value rose, demonstrating that

the training process was becoming more precise and approach-

ing the anticipated value for model training. The aforementioned

data suggested that the model was adequately trained, that nei-

ther overfitting nor under fitting occurred, and that the prediction

results of the model were valid. Next, the predictive effects were

evaluated using test set (Table S4 in Supporting information) and

validation set (Table S5 in Supporting information). All samples in

the test set were correctly classified (Fig. 5A), while imidacloprid

was incorrectly predicted in the 24th group of samples in the val-

idation set (Fig. 5B). The model’s accuracy was 98.77%, validat-

ing the excellent individual quantification ability of the proposed

method for NNIs mixtures.

Finally, to demonstrate the applicability of the MIPs-based sen-

sor array, some spiked samples were analyzed. Tea purchased from

a local supermarket were pre-treated and then divided into three

portions, with three distinct concentrations of NNIs standard mix-

ture added to each. Despite the complex composition of these

samples, the observed and predicted values also reflected a no-

table concordance (Fig. S16A in Supporting information). A series

of performance metrics for the array sensing system were evalu-

ated using concentration group (33, 7, 65 μmol/L). Long-term sta-

bility tests showed that accurate predictive capability was main-

tained even after three weeks (Fig. S16B in Supporting informa-

tion), indicating no significant degradation of the molecularly im-

printed interface. The same sensor array achieved 100% correct

classification in 10 consecutive repeated measurements (Fig. S16C

in Supporting information), confirming its excellent anti-fouling

capability and signal reproducibility. Five independently prepared

sensor arrays yielded correct predictions under the same test con-

ditions (Fig. S16D in Supporting information), verifying the relia-

bility of the preparation process and the system’s reproducibility

across batches. These data fully demonstrate that the sensing sys-

tem meets the stringent requirements for stability, reusability, and

reproducibility in practical detection scenarios. In addition, the fab-

ricated MIPs-based sensor displayed a wider detection range and

a lower limit of detection (LOD) compared with electrochemical

sensors based on different electrode modified materials in previ-

ous reports in Table S6 (Supporting information), indicating that

the prepared sensor array had better sensing performance.

Compared to other cross-reaction solutions (Table S7 in Sup-

porting information), a common feature is their adoption of the

“feature extraction - dimensionality reduction - pattern recogni-

tion” paradigm. However, the present work demonstrates unique

advantages in adapting to the needs of multicomponent pesticide

detection with similar structures through the geometric compres-

sion of electrochemical signals and a multitasking hybrid frame-

work pattern recognition approach.

In this study, an ML-assisted MIPs electrochemical sensor array

was constructed to solve the problem of NNIs’ structural homol-

ogy causing cross-reactivity in hybrid detection. Accurate classifi-

cation and quantification of NNIs in mixed systems were achieved.

The performance of the array sensing system was verified using

spiked samples. The classification accuracy of this method is >98%,

but the quantitative accuracy under large concentration gradients

needs to be improved. In the future, an adaptive hybrid model can

be constructed on the algorithm to achieve accurate prediction in

a wide dynamic range. Microfluidic dilution and digital twin cali-

bration technology can be integrated in the system to dynamically

compensate the error. Through technological innovation, a stan-

dardised intelligent testing platform complementary to the mature

methods will be built.
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