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[bookmark: _Hlk233455331]Experimental
Materials and reagents
Mercuric nitrate (Hg(NO3)2), 1,3,5-tris(4-aminophenyl) benzene (TPB), p-benzoquinone (p-BQ), 2,5-divinylterephthalaldehyde (DVA), polyvinylpyrrolidone (PVP), dimethyl sulfoxide (DMSO), tetrahydrofuran (THF), L-histidine, and TMB were got from Shanghai Aladdin Reagent Co., Ltd. (Shanghai, China). Silver nitrate (AgNO3), acetonitrile (ACN), acetic acid (HAc), anhydrous ethanol, glucose, sodium citrate, sodium acetate, isopropyl alcohol, and various metal salts (including K2SO4, NaNO3, KH2PO4, MgSO4·7H2O, KCr(SO4)2·12H2O, KAl(SO4)2·12H2O, CaCl2·2H2O, MnSO4, NH4Fe(SO4)2·12H2O, NiSO4·6H2O, CuSO4·5H2O, ZnSO4·7H2O, CdCl2, Pb(NO3)2) were sourced from Beijing Sinopharm Chemical Reagent Co., Ltd. (Beijing, China). All the chemical reagents are of analytical purity level.


Instruments
The structure of the material was examined using a Japanese JEM-2100 Plus transmission electron microscope (TEM), a Germany Zeiss Sigma 300 scanning electron microscope (SEM), and a Japanese Rigaku SmartLab X-ray diffraction (XRD). The chemical composition, valence states of elements and functional groups of the material were determined using a K-Alpha X-ray photoelectron spectrometer (XPS) from Thermo Scientific of the USA and a Nicolet-iS10 Fourier Transform Infrared Spectrometer (FTIR) from the USA. Zeta potential of the material was measured using a Zetasizer Nano dynamic light scattering (DLS) instrument from the UK. Absorbance values of the material were recorded using a Muktisjan SkyHigh full-wavelength microplate reader from Singapore. 


Enzymatic activity test of COFs-AgNPs
To verify the feasibility of COF-AgNPs nano-enzyme for Hg2+ detection, 50 μL of COF-AgNPs solution (1 mg/mL) was mixed with 1 mL of HAc-NaAc buffer (0.1 M, pH 5.0). Two sets of solutions were prepared: one set was spiked with Hg2+ standard solution (final concentration of 20 μM), while the other set served as the blank control without Hg2+. Meanwhile, COFs were used as a control, and the reaction system was prepared following the same procedure, also with and without Hg2+ addition. After incubating all groups at room temperature for 10 min, 200 μL of TMB substrate (0.5 mM) was sequentially added to initiate the reaction. The absorbance was measured at 652 nm after the reaction. The feasibility of Hg2+ detection was verified by analyzing the absorbance change of the COF-AgNPs group before and after Hg2+ addition, as well as the difference compared to the COFs control group.
To further explore the mechanism of the catalytic reaction, the role of reactive oxygen species (ROS) in the oxidation process was investigated. Considering that enzyme-catalyzed reactions usually involve electron transfer and ROS generation, specific free radical scavengers (isopropyl alcohol (IPA) as the ·OH scavenger, p-benzoquinone (p-BQ) for capturing ·O2- radicals, and histidine (His) for quenching singlet oxygen (1O2)) were used for mechanism verification in this work [1]. The specific operation was as follows: in the above optimal reaction system, IPA (1 mM), p-BQ (0.5 mM), and His (1 mM) were added separately, with other conditions kept unchanged. The contribution of key ROS was determined by comparing the absorbance changes at 652 nm among different groups.
[bookmark: _Hlk209791568]To evaluate the selectivity of the sensor, the response of COF-AgNPs nano-enzymes to multiple interfering ions (Al3+, Pb2+, Mg2+, Cd2+, Ca2+, Mn2+, SO42-, CO32-, Cl-, PO43-, K+, Zn2+, Na+, Ni2+, Cu2+) was measured in parallel under the same optimal conditions. The test concentration for all interfering ions was set to 10 times that of Hg2+.

Mimic enzymes steady-state kinetic studies
To further evaluate the effect of Hg2+ on the oxidase-mimetic activity of COF-AgNPs nano-enzymes, steady-state kinetic analysis was performed. Catalytic activity was measured in COF-AgNPs nano-enzyme systems both with and without Hg2+ by varying the substrate TMB concentration. The double reciprocal form of the Michaelis–Menten equation, namely the Lineweaver–Burk equation (Eq. (1)), was employed to calculate the key kinetic parameters: maximum reaction rate (vmax) and Michaelis constant (km) [2]. 
[image: ]                               (1)
[bookmark: OLE_LINK17]Here, [S] represents the substrate TMB concentration. Km reflects the affinity between the nano-enzyme and the substrate, while vmax characterizes the maximum rate of the catalytic reaction.
The conversion between absorbance and reaction velocity was performed using the Lambert–Beer law (Eq. (2)) [3], where A represents the absorbed light, ε is the molar absorption coefficient that quantifies the substance's light absorption at a specific wavelength, b is the optical path length, and c is the concentration of the absorbing substance.
                                                (2)


Optimization of the experimental conditions
Optimization of reaction temperature
To investigate the effect of temperature on detection sensitivity, COF-AgNPs (50 μL, 1.0 mg/mL) and TMB (200 μL, 0.5 mM) were added to the HAc-NaAc buffer (1mL, pH 5.0) system, followed by the addition of Hg2+ standard solution (final concentration of 10 μM). The resulting mixture was incubated at different temperatures (4, 10, 20, 30, 40, 50, 60, 70 and 80 °C) for 10 min. Immediately after reaction completion, the absorbance values at 652 nm were measured for both the Hg2+-containing group and the control group. The optimal reaction temperature was determined based on the principle of maximizing the absorbance difference. 

Optimization of reaction time
To determine the optimal reaction time, experiments were conducted under fixed conditions: HAc-NaAc buffer (1 mL, pH 5.0), TMB (200 μL, 0.5 mM), COF-AgNPs (50 μL, 1.0 mg/mL), and Hg2+ standard solution (final concentration of 10 μM). The reaction was carried out at 25 °C, and the absorbance changes at 652 nm were monitored in real time at different time points for both the Hg2+-containing group and the control group. The optimal reaction time was selected based on the absorbance difference reaching a plateau and remaining stable.

Optimization of nano-enzyme amount
To determine the optimal dosage of COF-AgNPs nano-catalysts, the reaction conditions were fixed as follows: HAc-NaAc buffer (1 mL, pH 5.0), TMB (200 μL, 0.5 mM), reaction temperature (25 °C), and reaction time (10 min). Hg2+ standard solution (final concentration of 10 μM) was then added, and the dosage of COF-AgNPs was varied (0.25, 0.5, 1.0, 1.5, and 2.0 mg/mL). The effects of COF-AgNPs dosage on the reaction were evaluated by measuring the absorbance at 652 nm for both Hg2+-containing and Hg2+-free control groups. The optimal nanozyme dosage was selected based on maximizing the absorbance difference between the two groups.

Optimization of buffer pH
Given the significant influence of pH on nanozyme catalytic activity and reaction kinetics, the amounts of COF-AgNPs (50 μL, 1.0 mg/mL) and TMB (200 μL, 0.5 mM), as well as the reaction temperature (25 °C), were fixed in the reaction system. Hg2+ standard solution (final concentration of 10 μM) was then added, and the reaction was conducted for 10 min in HAc-NaAc buffers at different pH values (2.0, 3.0, 4.0, 5.0, 6.0, 7.0, and 8.0). Absorbance values at 652 nm were measured using a microplate reader. The optimal reaction pH was determined by analyzing the trend of absorbance difference between the Hg2+-containing group and the control group as a function of pH.

Optimization of TMB amount
[bookmark: OLE_LINK1]To determine the optimal amount of the chromogenic substrate TMB, the following conditions were fixed in an HAc-NaAc buffer (1 mL, pH 5.0) system: COF-AgNPs nano-catalyst amount (50 μL, 1.0 mg/mL), reaction temperature (25 °C), and reaction time (10 min), followed by the addition of Hg2+ standard solution (final concentration of 10 μM). The effects of varying TMB concentrations (0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1.0 mM) on the reaction system were investigated. After the reaction, the absorbance was measured at 652 nm. The optimal TMB amount was selected based on maximizing the absorbance difference between the Hg2+-containing system and the Hg2+-free system.



Construction of Multimodal ML
To automatically discover hidden and high-value quantitative relationships and patterns from complex actual detection data, and to overcome the limitations faced by traditional analysis methods, the analysis method of ML was adopted in this work for the study of real sample detection. 
[bookmark: OLE_LINK30]The ML processing flow is shown in the Fig. S1. Firstly, we collected the initial ML input data, including spectral and RGB measurements. A multimodal data acquisition strategy was used to construct a Hg2+ sample set (n=752) with a concentration gradient ranging from 0.01 to 50 μM. Spectral data were obtained using a Muktisjan SkyHigh microplate reader, capturing high-resolution spectra across the 400–800 nm wavelength range, resulting in 400-dimensional feature vectors. RGB data were acquired by capturing reaction system images under standard D65 illumination (5500K) with an iPhone Xs smartphone, and RGB channel values were extracted using Color Picker software. 
Secondly, the second step involves data preprocessing, feature extraction, and dataset division. On the Matlab platform, five preprocessing methods (multiplicative scatter correction (MSC), standard normal variate (SNV), first-order derivative (D1), and second-order derivative (D2), savitzky-golay (SG) smoothing) were employed to process the original spectral data. The processed results were compared with the original spectral data to determine the most suitable processing method. Then three feature selection algorithms (principal component analysis (PCA), successive projections algorithm (SPA), and competitive adaptive reweighted sampling (CARS)) were implemented using the Python scikit-learn library to select key wavelength variables, thereby reducing the 400-dimensional high-resolution spectral data to 10-dimensional feature vectors. After that, a stratified sampling strategy was adopted to randomly divide the dataset (comprising spectral data and RGB data) into a training set (n=526) and a test set (n=226) in a 7:3 ratio.
[bookmark: OLE_LINK4][bookmark: OLE_LINK5][bookmark: OLE_LINK8]Finally, the selection and training of the ML model, and the verification of the final detection results. This work employed three different sets of feature groups as input data for model training: spectral features, RGB features, and the fused features combining spectral data and RGB data. It then conducted a systematic evaluation of the performance of five ML algorithms (random forest (RF), support vector machine (SVM), linear discriminant analysis (LDA), k-nearest neighbor (k-NN)). These five algorithms were selected due to their widespread applicability and superior performance in spectral and image-based detection tasks [4–6]. To improve the stability of model, this work used grid search to optimize the models’ hyperparameters and adopted five-fold cross-validation. To obtain the best training model, multiple indicators such as recall rate, accuracy, precision rate and F1 score were used to evaluate the training results [7, 8]. 
After determining the optimal ML model, the real detection results were predicted using the optimal model. And the predicted results were compared with the real detection results to evaluate the feasibility of applying the optimal ML model.


Table S1. Comparison of Michaelis-Menten constants (km) and maximum initial reaction rates (νmax) of different silver-based nanozymes with TMB as substrate.
	Nanozymes
	Substance
	km (mM)
	νmax (10-8 M·s-1)
	reference

	HRP
	TMB
	0.434
	10
	[9]

	Fe3O4@Ag
	TMB
	0.61
	11.11
	[10]

	FA@AgNPs
	TMB
	0.12
	5.20
	[11]

	COF-Au-Ag
	TMB
	0.665
	0.395
	[12]

	Fe-N-C SAzymes
	TMB
	2.6
	5.6
	[13]

	COF-AgNPs
	TMB
	0.642
	8.64
	This work

	COF-AgNPs-Hg2+
	TMB
	0.366
	10.722
	This work




Table S2. Comparison of COF-AgNPs with other reported nanomaterials for Hg2+ detection.
	Nanomaterials
	Linear range (µM)
	LOD (µM)
	Reference

	CuNP
	0.050~10.0
	0.185
	[14]

	rGO/PEG/Ag
	0.02~1.0/1.0~5.0
	0.0197
	[15]

	COF-Au-Ag
	0.050~20.0
	0.026
	[12]

	AgNPs
	0~600
	0.348
	[16]

	Ag@GO
	10.0~100.0
	0.338
	[17]

	Ag3PO4 nanocubes
	0.1~7.0
	0.02
	[9]

	COF-AgNPs
	0.05~0.5/5~50
	0.0103
	This work
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Fig. S1
Fig. S1. A dual-mode rapid detection process for mercury ions (Hg2+) in aquatic products using a multimodal ML-assisted nano-enzyme colorimetric sensor.
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Fig. S2
Fig. S2. Synthesis diagram of COFs.
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Fig. S3
Fig. S3. (A) SEM image of COFs; (B) TEM image of COFs; (C) XPS pattern of COFs; (D) C 1s XPS spectrum of COFs; (E) FT-IR spectra of TAP, DVA, COFs and COF-AgNPs; (F) XRD patterns of COFs and COF-AgNPs.
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Fig. S4
Fig. S4. High-resolution XPS spectra of (A) C 1s, (B) O 1s and (C) N 1s in COFs and COF-AgNPs.
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Fig. S5
Fig. S5. EDS spectra of elemental analysis of nano-enzyme COF-AgNPs. (A) Distribution mapping of C element; (B) Distribution mapping of O element; (C) Distribution mapping of N element; (D) Distribution mapping of Ag element; (E) Overlay mapping of C, O, N and Ag elements.

[image: ]
Fig. S6
Fig. S6. TEM images of nano-enzyme COF-AgNPs in the presence of Hg2+.
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Fig. S7
Fig. S7. (A) Steady-state kinetic analysis and (B) corresponding Lineweaver-Burk plots of nano-enzyme COF-AgNPs at different TMB concentrations; (C) UV-Vis absorption spectra and actual photographs of the system treated with different quenchers (20 μM Hg2+).
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Fig. S8
Fig. S8. Optimization parameters of nano-enzyme COF-AgNPs. (A) Optimizations of reaction temperature; (B) Optimizations of reaction time; (C) Optimizations of concentration of the COF-AgNPs; (D) Optimizations of pH value; (E) Optimizations of TMB concentration.
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Fig. S9
Fig. S9. (A) Performance metrics of ML models under different preprocessing methods; (B) Comparative performance of models with different feature extraction approaches; (C) Performance comparison among different machine learning models; (D) Evaluation of different data fusion strategies.
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Fig. S10
Fig. S10. SHAP value feature importance plot.
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