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Figure S1. X-ray diffractograms collected (red line) and calculated (blue line) for MOFs (Cu-

BTC, Ni-BTC, MIL-100(Fe) and ZIF-8) and their difference (black line).  
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Figure S2. Adapter with a contact pad for the electrode connection (A) and a fabricated adapter 

holder (B). 
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Figure S3. A characteristic fingerprint of an XZ tea sample, which includes three voltage scanning 

cycles for decreasing and increasing voltage for each MOF-modified electrode. The observed 

difference between Cycle 0 and Cycle 1 for Cu-BTC arises from its Cu²⁺/Cu⁺ redox 

transformations, which may induce irreversible structural changes (such as ligand dissociation) 

during the initial electrochemical activation. ZIF-8, Ni-BTC and MIL-100(Fe) feature higher 

stability under the same conditions. 
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Figure S4. CV curves for the tea samples of five tea varieties as recorded by different working 

electrodes; only the second scanning cycle is shown for readability. 
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Figure S5. PCA score plots from the characteristic fingerprints of the samples collected by the 

fabricated e-tongues. In brackets, the explained variance for each principal component is given. 

Despite a rather high explained variance (87.32%), no visual separation of tea varieties is observed 

or any intrinsic pattern identified.  
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Figure S6. Schematic representation of the CV data preprocessing and classification pipeline using 

the XGBoost algorithm. 
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Figure S7. Classification results of the characteristic fingerprints for the five tea varieties collected 

by the e-tongues with three MOF-modified working electrodes (Ni-BTC, MIL-100(Fe) and ZIF-

8) as obtained by the XGBoost algorithm.  
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Figure S8. Schematic representation of the CV data preprocessing and classification pipeline using 

Fully Connected Network (FCN). 
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Figure S9. ESI-mass spectra of the tea samples XZ (A, B), SZ (C, D), DH (E, F), MJ (G, H) and 

MF (I, J).  
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Figure S10. Representation of the XZ tea mass spectra at the input of the FCN model. The 

dimensionality of the mass spectra of the XZ tea sample (blue) is reduced to 10 most intensive 

peaks (red). 
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Figure S11. Schematic representation of the MS data preprocessing and classification pipeline 

using Fully Connected Network (FCN). 
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Figure S12. Classification results of the mass spectra for the five tea varieties as obtained by the 

FCN model. 
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Figure S13. Schematic representation of the MS data preprocessing and classification pipeline 

using the XGBoost algorithm. 


