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a b s t r a c t

Herein, we unveil the intelligent detection of multiple catechol isomers in complex environments utilizing

both laser-induced graphene (LIG) and artificial neural network (ANN). The large scale-up manufacturing

of LIG-based sensors (LIGS) with three-electrode configuration on polyimide (PI) is achieved by direct

laser-writing and screen-printing technologies. Our LIGS shows excellent electrochemical performance

toward catechol isomers, i.e., hydroquinone (1,4-dihydroxybenzene, HQ), catechol (1,2-dihydroxybenzene,

CT), and resorcinol (1,3-dihydroxybenzene, RC), with a low limit of detection (LOD) (CC, 0.079 μmol/L;

HQ, 0.093 μmol/L; RC, 1.18 μmol/L). Moreover, the ANN model is developed for machine-intelligent to

predict concentrations of catechol isomers under an interfering environment via a single LIGS. Using

six unique parameters extracted from the differential pulse voltammetry (DPV) response, the machine

learning-based regression provides a coefficient of correlation with 0.998 and is able to correctly predict

the total and individual concentrations in complex river samples. Hence, this work provides a guide for

the preparation and application of LIGS via facile and cost-efficient mass production and the development

of an intelligent sensing platform based on the ANN model.

© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Catechol isomers, i.e., hydroquinone (1,4-dihydroxybenzene,

HQ), catechol (1,2-dihydroxybenzene, CC) and resorcinol (1,3-

dihydroxybenzene, RC), are widely used in the pharmaceutical

industry, cosmetics manufacturing, rubber antioxidant and other

fields [1–5]. As highly toxic organic compounds for both human

health and the environment, catechol isomers attract much atten-

tion regarding their sensitive and selective determination. How-

ever, due to the similarity in their structures and properties, it is

fascinating and challenging to establish a method for the simulta-

neous detection of catechol isomers [6–9]. So far, various methods

have been reported for the detection of catechol isomers, such as

high-performance liquid chromatography coupled mass spectrom-

etry (HPLC-MS), electrophoresis, and gas chromatography coupled

mass spectrometry (GC-MS) [10–12]. Compared to these methods,

electrochemical sensors are more suitable for detecting in-field and

timely screening large samples due to their advantages of cost-

efficiency, sensitivity, simplicity, and wide linear range [13–15].

These characteristics offer enormous potential for rapid and pre-

cise detection and assessment of catechol isomers in environmen-

tal samples.

∗ Corresponding author.

E-mail address: mzhang@chem.ecnu.edu.cn (M. Zhang).

Carbon materials possess various morphologies and tunable en-

gineered properties, which have been widely applied in electro-

chemical sensors [16,17]. Numerous types of research showed that

three-dimensional (3D) porous graphene could enhance electro-

chemical response, due to its large specific surface area and highly

conductive pathways, stimulating adequate efficiency in charge

transfer and mass transport [18,19]. Nevertheless, the methods of

fabricating 3D graphene, e.g., template-mediated assembly, chem-

ical vapor deposition (CVD), and self-assembly, generally require

complicated and environmentally unfriendly chemical synthesis or

expensive instruments [20–23]. Moreover, electrochemical devices

that utilized these materials commonly require additional binders

or additives. The aforesaid reasons constrain their wide applica-

tion in electrochemical sensing. Laser-induced graphene (LIG), as

an emerging electrode material, can be created by directly laser-

writing technology [24–31]. Combined with the merits of being

free of chemical reagents, one-step processing, and simple pattern-

ing, this technology can advance a facile route to electronic devices

such as sensing. Recently, LIG has been widely utilized in various

aspects of electrochemical sensors for the detection of biomark-

ers, environmental pollutants, viruses and so on [32–37]. Thus,

the construction of disposable and high-performance LIG sensors

would provide a viable strategy for on-site and large-scale moni-

toring of biochemicals (e.g., catechol).

https://doi.org/10.1016/j.cclet.2023.109238
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Another challenge in sensor practical application is the lack of

innovative strategies for selective detection of multiple targets un-

der varying environments, due to the cross interferences. Regres-

sion analysis, a subfield of machine learning (ML) algorithm, is

a powerful tool for environmental monitoring incorporated with

sensing techniques to address cross-interferences [38,39]. Espe-

cially, artificial neural network (ANN) for regression analysis, a vi-

tal ML algorithm, has recently attracted increasing interest in ana-

lytical chemistry because of the ability to model either linear or

non-linear systems, the features of learning, and ease of imple-

mentation [40–42]. For example, the ANN model combined with

an electrochemical sensor has been used to accurately measure the

concentrations of naphthalene acetic acid [43]. However, most ML-

supported electrochemical sensors only addressed the concentra-

tion prediction of a single analyte or accomplished multiple an-

alyte concentration predictions via constructing a sensor array to

obtain multidimensional features. Consequently, multi-feature ex-

traction of signals as fingerprint information is an effective strat-

egy to realize multi-target detection. Meanwhile, it is difficult to

directly show the parameter relationship behind the model, result-

ing in ANN only needing input and output variables like “Black

box” [44]. Therefore, a local feature importance measurement can

be introduced to better comprehend the relationships among fea-

tures and visualize how changes in features affect the model per-

formances, via two visual tools: partial dependence plots (PDPs)

and Shapley Additive exPlanations (SHAPs) [45,46].To date, a single

LIG sensor integrated with both ANN algorithm and multi-feature

extraction has not been explored for precisely and simultaneously

detecting the total and individual concentration of 3 catechol iso-

mers.

Herein, a single LIG sensor without any active-materials mod-

ification, integrated with both ANN algorithms and multi-feature

extraction has been unveiled for intelligently detecting the to-

tal concentration and individual concentration of catechol isomers

in complex samples (Scheme 1). As a proof concept, a LIG-based

sensor (LIGS) with a three-electrode configuration was large-scale

fabricated via the laser-writing technology assisted with screen-

printing technology. The designed low-cost and high-performance

LIGS was then used to selectively monitor three common phenol

pollutants, i.e., catechol isomers including catechol (CC), resorcinol

(RC), hydroquinone (HQ), through differential pulse voltammetry

(DPV). To overcome the cross-interferences and offer a quantitative

and accurate detection of 3 catechol isomers, 6 features (response

change and peak area) were exacted from the obtained DPV re-

sponses to establish the ANN-supported algorithm. Besides, PDPs

and SHAPs were utilized to analyze and visualize the relationship

between the input parameters on the output results in the estab-

lished algorithm model. Such smart LIGS could be a transformative

approach for the in-situ analysis of phenolic compounds in the en-

vironment, paving the pathway of precise and real-time environ-

mental monitoring in the future.

The pattern of the LIG-based three-electrode was designed on a

computer with the vector graphics software CorelDraw. Laser ras-

tering settings are as follows: laser power 10% (2.5W) and speed

of 15% (150mm/s). The LIGS with three-electrode configuration

was prepared on a commercially available substrate polyimide (PI)

sheet, in which two unmodified LIG electrodes respectively act as

the working and counter electrode, the other LIG electrode screen-

printed with Ag/AgCl paste acts as the reference electrode (Fig. S1

in Supporting information). Details on the fabrication of LIGS are

given in Text S3 (Supporting information).

All measurements were carried out on a CHI660E electrochem-

ical workstation (Shanghai Chenhua Instruments Co., Ltd., China)

with the LIGS. To explore the preparation condition of the LIGS

and the effect of applied strain on electrochemical behavior, the

cyclic voltammetry (CV) measurement was performed in 0.1mol/L

KCl solution containing 1.0mmol/L K3[Fe (CN)6]
3−/4− over the volt-

age range between −0.2V and +0.6V. The electroactive sensing of

Scheme 1. Illustration of intelligent LIG-based sensor for multiplex detection of catechol isomers.
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catechol isomers was carried out from −0.2V to +0.6V in the PBS

solution (0.1mol/L, pH=7) using the differential pulse voltamme-

try (DPV) method with the scan rate of 0.05V/s. The river sam-

ple was collected from Huangpu River, filtered through a 0.45μm

filter to remove impurities, and diluted with 0.1mol/L PBS (pH

7.0) solution (v:v = 1:1) to adjust the pH value. The standard ad-

dition protocol was used to analyze catechol isomers in the real

samples. Certain concentrations of CC, HQ, and RC were added to

the prepared samples, respectively. Moreover, the recoveries were

tested according to the equation: Recovery (%)= concentration

tested/concentration added×100%.

Fig. 1A is the simplified diagram of the mass preparation of

LIGS. The transformation of PI to LIG is a photothermal process as-

sociated with the localized high temperature, in which the chem-

ical bonds in the precursor will be broken and recombined. With

the rapid liberation of gaseous products, LIG exhibits the appear-

ance of a foam structure. As shown in Fig. 1A(a), the predesigned

pattern was quickly engraved to the PI surface to form highly con-

ductive LIG by laser scribing. Then, silver slurry and silver chlo-

ride slurry were quickly coated by screen-printing technology so as

to mitigate wear on the sensor and increase the conductivity. De-

tails on the fabrication process are given in Fig. S2 (Supporting in-

formation). The patternable and efficient manufacturing process of

LIGS illuminates a cost-effective pathway for developing graphene-

based electrochemical devices.

Laser power and scan speed are the significant factors for the

micro-morphologies and electroanalytical characteristics of porous

LIG. The PI sheet was not carbonized or only partially carbonized

at low power, and the more porous graphene formed as the power

increased (Fig. S3 in Supporting information). A morphology of LIG

with long and messy fiber was formed on the surface at consid-

erably higher power. This kind of LIG is not favorable for elec-

troanalysis on account of looser structures leading to higher re-

sistance. Considering the CV responses of LIGS at different pow-

ers (Fig. S4A in Supporting information), 2.5W was chosen as the

optimal power. The influence of scan speed was also investigated.

When the scan speed was too fast, the structure of LIG was floc-

culent and prone to falling. When the scan speed was too slow,

PI cannot be converted to porous graphene. The corresponding CV

responses also verified the influence of the scan speed (Fig. S4B

in Supporting information). Thus, 150mm/s was set as the optimal

speed.

The morphology was characterized by scanning electron mi-

croscopy (SEM). The top-view SEM images of LIG exhibited the

abundant of edge-plane and the appearance of a honeycomb with

a porous structure owing to the rapid liberation of gaseous prod-

ucts during direct laser writing (Figs. 1B and C). The available

edge-plane sites on the surface-enhanced the electron transfer be-

havior of LIG. The 3D porous morphology can also offer a highly

accessible electrochemical active area.

As shown in Fig. 1D, the contact angle of LIG was about 63°,
demonstrating that the surface of LIG was relatively hydrophilic

at 2.5W power. The surface of LIG gradually became more hy-

drophobic with increasing laser power (Fig. S5 in Supporting in-

formation), because of the deepening degree of carbonization and

the reduction of oxygen-containing groups. Proper hydrophilicity is

beneficial for the electrolyte accessibility to the electrode surfaces.

In this respect, it is reasonable to choose the optimal laser power

at 2.5W.

The XRD pattern presented a sharp peak at 2θ =25.9° with an

interlayer spacing of 0.34nm (Fig. 1E), suggesting a high degree

of graphitization. The small peak can be observed at 2θ =42.9°
matched the (100) reflections, attributing to an sp2 in-plane struc-

ture, which is in agreement with the reported literature.

Fig. 1. (A) The fabrication of LIGS: (a) CO2 laser irradiation, (b) screen-printing of silver and silver chloride paste, (c) drying and curing, (d) covering pre-patterned PET mask

and (e) the image of LIGS. (B) SEM image of the porous LIG prepared at 2.5W power and 150mm/s speed (30μm). (C) Amplified SEM image of LIG surface (10μm). (D)

Contact angle of LIG prepared at 2.5W power and 150mm/s speed. (E) XRD pattern, (F) Raman spectrum, and (G) XPS survey of LIG.
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Fig. 2. Electrochemical characterization of the LIGS: (A) cyclic voltammograms at 20–200mV/s in 5mmol/L [Fe(CN)6]
3−/4− containing 0.1mol/L KCl. (B) Randles-Sevcik plot;

(C) the stability of successive 150 cycles of CV scans at LIGS. (D) The reproducibility of fabricated LIGS with different 10 batches in 5mmol/L [Fe(CN)6]
3−/4− containing

0.1mol/L KCl. (E) The calculated electroactive surface area (ESA) of different electrode species (the semicircle diameter of the working electrode both are 0.3 cm). (F) The

peak-to-peak separation (�Ep) of different electrode species in 0.1mmol/L PBS challenged with 100 μmol/L CC.

Raman spectroscopy was used to investigate the character-

ization of LIG (Fig. 1F). Three main peaks D (1359 cm−1), G

(1581 cm−1), and 2D (2725 cm−1), confirmed the graphene was

formed by lasering technology. The D and 2D peaks can be at-

tributed to the primary in-plane and second-order in-plane vibra-

tions, respectively. Similarly, the G peak is characteristic of the sp2-

bonded carbon atoms, which is more intense compared to the D

peak. And the low ID/IG ratio of 0.38 revealed the highly crys-

talline structure of graphene. The I2D/IG calculated in this study

was around 0.78, correlating with the formation of graphene mul-

tilayers. The chemical compositions of LIG were analyzed by X-ray

photoelectron spectroscopy (XPS) (Fig. 1G). A strong XPS signal was

obtained from the carbon (C) C 1s peak and the oxygen (O) O 1s

peak. The C/O ratio of 9:1 indicated a high degree of carboniza-

tion of PI after lasering, which was also verified from the energy

dispersive spectrometer (EDS) images (Fig. S6 in Supporting infor-

mation).

The electroactive surface area (ESA) was calculated using the

Randles−Sevcik equation (Eq. S1 in Supporting information) by

recording the anodic and cathodic current peaks at varying scan

rates (Fig. 2A). The average ESA of LIG was calculated to be

0.2212 cm2, which was almost three times to the actual geometric

surface area of working electrode (0.071 cm2). This self-supporting

porous architecture offers a large specific surface area and is favor-

able for electrochemical sensing. Additionally, the peak current vs.

the square root of the scan rate behaved linearly, revealing that the

electrochemical process was controlled by diffusion (Fig. 2B). The

cycle stability of LIGS was studied by changes of the [Fe(CN)6]
3−/4−

redox couple (Fig. 2C). The peaks of oxidation and reduction at

LIGS with continuous 150 cycles of CV scans had no observable

changes; the relative standard deviation (RSD) values were 1.0%

and 1.1%, manifesting the scan stability of LIGS. Furthermore, the

LIGS was tested every day, retaining 98.75% and 98.91% initial re-

dox peak currents after 15 days; the RSD values were 0.43% and

0.35% (Fig. S7 in Supporting information), demonstrating that the

LIGS has good storage stability and lifetime. Similarly, the corre-

sponding current values of 10 different batches of LIGS showed no

significant changes of the [Fe(CN)6]
3−/4− redox couple and the RSD

of current was 1.32% (Fig. 2D), suggesting that the LIGS has good

reproducibility and the reliability of the preparation process. Then

the electrochemical performance of LIGS was compared with con-

ventional sensors of GCE, SPCE, and SPAE. The ESA of different sen-

sors was calculated under the same conditions. LIGS has more out-

standing ESA thanks to its honeycomb morphology (Fig. 2E). Elec-

trochemical behaviors challenged with catechol were respectively

recorded by CV at the SPCE, SPAE, GCE and LIGS in 0.1mol/L PBS

(pH 7.0). As indicated in Fig. 2F, there was a meaningful decrease

in the peak-to-peak separation (�Ep = Epa – Epc) on the LIGS, il-

lustrating that a fast electron transfer occurred at the LIGS. The

results revealed that the anodic peak potential of CC in the LIGS

was shifted to the negative potential values and the correspond-

ing current values of CC far exceeded other electrode species (Fig.

S8 in Supporting information). This can be explained by the high

porosity of the LIG working electrode as well as the graphene-like

structure defects to assure fast electron mobility at the interface-

electrolyte/LIG sensing area, thus improving target analytes to elec-

trode mass transport/binding. LIGS significantly improved the elec-

trochemical performance and changed the redox behavior of the

analytes compared to conventional electrodes.

An estimate of the cost per unit was performed accounting for

the cost of all materials involved, including the PI sheet, the sil-

ver conductive ink used for electrical contacts, and the PET film.

The overall cost of materials was 0.15 $/unit. Even considering the

costs involved in the facilities and equipment, the overall final cost

of the LIGS should be much lower than the typical ∼2.5 $/unit

of the commercially available SPCE or SPAE, and ∼100 $/unit GCE

(Table S2 in Supporting information). This highlights the excellent

features of LIGS that showed better electrochemical performance

than the commercially available sensors, with the advantage of be-

ing less expensive and produced by lasering that allows freedom of

design with a high resolution. This system is well suited for mass

production outside of the cleanroom, and it would have broad ap-

plication prospects.

Using the excellent conductivity and high porosity of LIG, the

prepared LIGS were used for the simultaneous detection of three

isomers of catechol. The performance of detecting these isomers

of catechol by LIGS was investigated. The scan rate is an impor-

tant parameter, which affects mass transport and electron transfer.
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Fig. 3. Electrochemical detection of CC, HQ, and RC using the LIGS. DPV responses at different concentrations of (A) CC, (B) DA, and (C) RC in 0.1mol/L PBS (pH 7.0). Insets:

plots of each analyte’s oxidation peak current density versus concentration. Linear fitting is used to determine the sensitivity of the electrodes for each analyte. (D) DPV

responses at LIGS for various concentrations of HQ (0.2–100 μmol/L) containing CC (20 μmol/L) and RC (50 μmol/L), (E) the corresponding calibration plot. (F) The bar graph

of relative error of LIGS in (a) 10 μmol/L CC and the additional presence of 100-fold excess of various compounds, i.e., (b) FeCl3, (c) Cu(SO4)2, (d) NiCl2, (e) Zn(NO3)2, (f)

glucose and uric acid, and 10-fold excess (g) ciprofloxacin, (h) tetracycline, and (i) erythromycin.

Figs. S9A-C (Supporting information) show CV responses recorded

at different scan rates from 20mV/s to 200mV/s in 0.1mol/L PBS

(pH 7.0) containing 100 μmol/L of CC, HQ and RC. The plots showed

good linearity (Figs. S9D-F in Supporting information), with the

linear regression equation for CC, HQ and RC as Text S3 (Support-

ing information) expressed. These linear equations indicate that

the electro-oxidation of catechol isomers at the LIGS are repre-

sentative adsorption-controlled process. As shown in Fig. S9C (Sup-

porting information), there is no reduction peak of RC. Due to the

difference in the energy between the highest and lowest occupied

molecular orbitals being large, the electrochemical redox process

of RC must take place at a higher potential. Therefore, the electro-

chemical redox process of RC is irreversible. In addition, the mech-

anism of electrochemical redox of RC is still unclear due to its

particularity. According to previous research, there are two mecha-

nisms to explain the redox process (Figs. S11B and C in Supporting

information).

The effect of pH on the electrochemical signal of LIGS was

investigated in the range of pH 3–11 in 0.1mol/L PBS contain-

ing 200 μmol/L CC. As shown in Fig. S10 (Supporting informa-

tion), with the pH increasing the current of the analyte cate-

chol isomers first increased and then decreased. Because cate-

chol isomers could easily deprotonate when they are in an al-

kaline atmosphere. Meanwhile, the potential gradually shifted to

the negative direction, implying the involvement of protons in

the oxidation process. As the literature states that most phenolic

compounds tend to reach their highest electro-oxidation in neu-

tral pH media. Hence, pH 7.0 was selected for further experi-

ments. The peak potentials showed a linear relationship against

the pH, with regression equations for CC, HQ and RC as Text

S4 (Supporting information) expressed. From the Nernst equation

(Eq. S2 in Supporting information), the ratio of m/n was calcu-

lated to be 0.864 for CC, 1.08 for HQ and 0.949 for RC, indicat-

ing that an equal number of electrons and protons were involved

in the electrochemical oxidation process. Based on this, the de-

tection mechanism is illustrated in Fig. S11 (Supporting informa-

tion). The hydroxyl group of the catechol isomers is electrocat-

alytically oxidized to form quinones, which is a 2-electron and 2-

proton process. The DPV response of CC (Fig. 3A, 0.1–100 μmol/L),

HQ (Fig. 3B, 0.1–100 μmol/L) and RC (Fig. 3C, 2.0–200 μmol/L)

in pH 7.0 PBS at 50mV/s scan rate was recorded. The results re-

vealed that the current increases linearly with increasing concen-

trations of CC, HQ and RC. The calculated linear regression equa-

tions were as follows: Ip = 0.30268CCC + 0.13671 (R2 = 0.994);

Ip = 0.25914CHQ + 0.05774 (R2 = 0.987); Ip = 0.05073CRC −0.07725

(R2 = 0.985), and the limit of detections were calculated (S/N = 3)

to be 0.079 μmol/L for CC, 0.093 μmol/L for HQ and 1.18 μmol/L

for RC, respectively. The performance comparison of the present

work and some recently reported electrodes for the determination

of catechol isomers was summarized in Table S3 (Supporting infor-

mation). The table clearly shows that the LIGS has relatively low

detection limits without any further sensor modifications, which

usually require complicated and time-consuming chemical synthe-

sis.

The selectivity factor was then used for evaluating the selectiv-

ity of the LIGS. It could be observed clearly that the currents had

nothing tremendous change upon challenged with a 100-fold con-

centration of some ions and molecules (data change below 3%, Fig.

3F), indicating outstanding selectivity and anti-interference prop-

erties of LIGS. The repeatability and reproducibility of LIGS for

voltammetric responses to 100 μmol/L CC were also evaluated (Fig.

S12 in Supporting information). The same LIGS was tested ten

times with an RSD of 3.13%, indicating that it has satisfactory re-

peatability. The good reproducibility of LIGS was confirmed, with

RSDs of 3.26% among ten independent electrodes.

For simultaneous determination, the calibration curves of HQ

and CC all showed a two-segment feature. As illustrated in Figs.

3D and E, the oxidation peak current of HQ increased linearly with

its concentration range from 0.2 μmol/L to 100 μmol/L in the pres-

ence of 20 μmol/L CC and 50 μmol/L RC, and the oxidation peak

current of RC remained nearly constant as the concentration of HQ

increased. Similarly, Fig. S13 (Supporting information) presented

the trend of CC from 0.2 μmol/L to 100 μmol/L in the presence

of 20 μmol/L HQ and 100 μmol/L RC and the trend of RC from

3.0 μmol/L to 200 μmol/L in the presence of 5 μmol/L HQ and

5 μmol/L CC, suggesting that the potential of CC, HQ and RC does
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Fig. 4. (A) Summary diagram of neural network algorithm. Fitting analysis of ANN model in (B) pH 7 PBS, and (C) river sample. Performance of ML algorithms in predicting

the concentration of CC in (D) pH 7 PBS, (E) river sample, and (F) concentration of HQ in pH 7 PBS.

not interfere with each other when simultaneously detection at

LIGS. The regression equations for HQ and CC were exhibited as

Text S5 (Supporting information). The LOD values were estimated

to be 0.1025 μmol/L for HQ and 0.0853 μmol/L for CC, respectively.

The two sectional linearity may be due to the following reason,

at low analyte concentration (<10 μmol/L), the LIGS is rich in un-

occupied active sites, meanwhile, a rapid sensing response can be

reached by a fast depletion of the analyte. Contrarily, at higher an-

alyte concentrations, the electrode has less sensitive due to con-

tamination caused by derivatization products occupying more ac-

tive sites.

Finally, in order to assess its practical application, the standard

addition method was employed to the determination of CC, HQ and

RC in river samples, and the recoveries and the RSD were 90.6%–

110.8% and 3.41%–5.53%, respectively (Table S4 in Supporting in-

formation). Compared with the traditional high-performance liq-

uid chromatography (HPLC) method, the concentration of the river

sample detecting by LIGS was closer to the added value, indicating

that LIGS had higher detection sensitivity. This result shows that

the proposed LIGS is promising in real sample analysis.

Obviously, the linearity of phenolic pollutants in complex mixed

systems or in river water samples is significantly different. Signal

crosstalk and impurity adsorption will affect the accurate detection

of phenolic pollutants. Therefore, how to achieve accurate concen-

tration monitoring in complex environments is a challenge. This

work provides a new strategy to deal with signal crosstalk in com-

plex environments by using powerful machine algorithms. ANN in-

spired by the biological neurons to simulate the neural operation

of our human brain is one important of the algorithms of ML. It

is generally composed of an input layer, one or more hidden lay-

ers and an output layer, and they are linked together by simple

layers of neurons and operate in parallel. In this work, the ANN

models consisted of three layers: (1) the features extracted from

electrochemical sensors as the input layer; (2) the hidden layers

containing multiple neurons; (3) the output layer representing a

concentration of analyte (Fig. 4A). The obtained data after disrupt-

ing the order randomly is divided into two parts to establishing

model: 70% of data was set for training the model and 30% of data

was set for testing the model. Different networks were trained to

achieve the optimum structure of the model function, and then

the accuracy of the established model was verified by the train-

ing set. As illustrated in Fig. 4B, the ANN model for predicting the

concentration of CC was successfully determined avoiding overfit-

ting. And the model is still feasible in complex river sample as

Fig. 4C shown. Meanwhile, RMSE, MAE, R2, and MSE were used

to evaluate the training set and the prediction set, and the results

were shown in the Table S5 (Supporting information). It could be

seen that whether in the training set or the prediction set, both

RMSE, MSE and MAE of the model were relatively small, which

were 1.47–1.7708, 2.1615–3.25 and 1.0408–1.1728, respectively, and

the R2 values were both above 0.99. This indicated that ANN for

the regression analysis was feasible and had great performance.

Besides, it could be observed that R2 values of the ANN method

(0.997) was better than the simple linear regression (0.994) (Table

S5), manifesting that ANN model could better deal with the re-

lationship between current and concentration. Figs. 4D–F and Fig.

S13 (Supporting information) demonstrated the comparative dia-

gram of the obtained predicted and experimental values for each

network training and testing. We could clearly notice that the val-

ues are almost all on the diagonal, revealing that predicting values

were considerably approximation to the true experimental concen-

tration in both PBS and river samples at different concentrations of

CC, HQ and RC. The established ANN model can accurately monitor

the concentration of individual catechol isomers at LIGS.

However, the relationship between current response and con-

centration is variable due to adsorption competition, cross interfer-

ence of signal, and complex actual environment. The simple ANN

regression model established above is still not enough to overcome

the basic limitations of simultaneous detection of isomer concen-

tration in a mixed environment. Therefore, we propose a model

that is closer to the real situation by mining the characteristic val-

ues between the sensor response and concentration from a large

amount of data. To capture the more clustering features of the DPV

response, the three current responses and three peek areas related

to concentration were picked as characteristic response values for

participating in modeling (Fig. 5A). The model built with six eigen-

values has higher R2 values and lower MAE, RMSE and MSE than

the model with only three eigenvalues (Fig. 5B). It is proved that

the more eigenvalues, the more conducive to establishing the ANN

model with better performance. In addition to the total concentra-
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Fig. 5. (A) Schematic illustration of the data preparation for ANN-assisted classification. (B) Radar chart of model computational data for a different number of features. (C)

Performance of ANN algorithms in predicting the total concentration of catechol isomers in pH 7 PBS. And the Performance of ANN algorithms in predicting the concentration

of (D) CC, (E) HQ, and (F) RC in river samples, respectively. (G) Feature density scatter plot of six eigenvalues. (H) Partial Dependence Plots for features S1 and S3.

tion, the concentration of individual isomers can also be predicted

in a complex mixed environment. All predicting values were al-

most on the diagonal (Figs. 5C–F and Fig. S18 in Supporting infor-

mation). And the result got from the ANN model is that R2 and

MAE are about 0.989–0.998, 1.0521–1.8165 (Table S6 in Supporting

information), indicating that the model has excellent performance

and can be detected catechol isomers in practical samples. To sum

up, the ANN model provides accurately predicted ability and real-

izes intelligent output.

As machine learning systems become more ubiquitous, meth-

ods for understanding and interpreting these models also become

increasingly significant. In complex environments, the contribution

of each characteristic value to the final concentration prediction is

different due to the different degrees of influence from various as-

pects. In addition, as the artificial neural network model is like a

black box, it can only see the results but cannot explore how the

dependent variables affect the final results. Therefore, interpretable

and explainable AI/ML models are now in high demand in chem-

ical analysis. The SHAPs and PDPs are popular tools to enhance

the interpretability of model decisions. As shown in Fig. 5G, the

ranking of the 6 features was based on the average absolute val-

ues of SHAP representing the degree of contribution to the model.

And the redder the color, the larger the value of the feature it-

self; the more dispersed the values, the greater the impact. Com-

bined with Figs. S19 and S20 (Supporting information), the charac-

teristic value of S6, that is, the peak area value of RC, contributes

the most, because RC may be more affected by the environment,

is difficult to oxidize, and has the lowest current response value.

Fig. 5H shows the prediction results of any combination of S1 and

S3 features, and Fig. S21 (Supporting information) shows the pre-

diction results of any combination of S1 and other characteristic

values. The results show that the degree of interaction increases

with the increase in concentration. Moreover, the influence of dif-

ferent eigenvalues on each other is different, and the influence de-

gree of eigenvalues with higher contribution values is also greater.

This may be because the three isomers have different competitive

abilities of adsorption on the electrode due to their different de-

gree of electrochemical oxidation.

In conclusion, the ANN-based regression model established in

this work has the potential to detect the concentration of three

catechol isomers in complex actual water samples. Compared with

the previous method of using a machine algorithm to establish a

voltammetry regression model, we further innovated the model

establishment method. First, we choose as many concentration-

related eigenvalues as possible to build a model that is closer to

the actual concentration. Secondly, based on model establishment,

we use SHAPs and PDPs to explain the established model.

In summary, we have proposed a new strategy for mon-

itoring catechol isomers under complex environments via the

modification-free LIGS and ML based on an ANN model. Firstly,

the combination of laser-induced and screen-printing processes

successfully accomplished rapid mass production of binder-free

electrodes. We systemically optimized and characterized the LIGS,

showing that it has more excellent electrochemical performances

over the conventional SPCEs, SPAEs and GCE. These advantages en-

sure the relatively fast electron transfer and readily accumulation

of target analyte in distinguishing and detecting three catechol iso-

mers with low detection limits (0.093, 0.079, and 1.18 μmol/L for

HQ, CC, and RC, respectively). Besides, an ANN model was devel-

oped for machine intelligent prediction using a single LIGS, which

7
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showed extraordinary accuracy for predicting the total concentra-

tion of catechol isomers and individual isomers. The predicted val-

ues of the output were compared with experimental values and

the results showed that they were in great agreement with each

other with an R2 of above 0.99. The excellent electrochemical per-

formance of the LIGS integrated with the reliable ANN algorithm

proves the feasibility and detectability of the method for cost-

effective, simple, and trace detection of hazardous phenolic sub-

stances regarding the safety of environments and humans.
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