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Machine learning prediction of copper ion interference with mercury ion

fluorescence signals in food heavy metal detection

Al )

RHET R

AR

s & w

IE#

SONG Fangliang'® LIANG Yingl"2 DONG Jie?® WANG Xuejie'* QIAN Jie'*?
(1. MOl B 2 MR S TR AR B K> 41000452, K R 7™ B 3 1 E K

TR LG FESRS PO WM K
(1. College of Food Science and Engineering ,

410004 3. Hv e A7 1 E 2 2 B

Central South University of Forestry and Technology »

R KV 410013)

Changsha s Hunan 410004, China ; 2. Molecular Nutrition Branch s National Engineering Research

Center of Rice and By-Product Deep Processing »

Changsha s, Hunan 410004, China; 3. Xiangya

School of Pharmaceutical Sciencess Central South University , Changsha s Hunan 410013, China)

BE B ME—AAIHFRAMNEA, £5 £ C
Wy B 2o & St 2R 35 T FAM 98 B4R 4T 2 He®' é‘uiié
M, AR ARARXRARHAERES T HARZ2EOMNE
F 3R TR 5 AL Cu® THRERA AT He'' it
B, %f—tbﬁ%?}%ﬂéﬁ%ﬁiﬁ' MR EFREER, FR:
ATFHFo etk
%ﬁ%ﬁ?ﬁﬁﬁ%ﬁ%%i?éxi%ﬁ%%ﬁ%*
A H A 0.786 F= 0.810 84 FH AR , £ Cu®" %#)LT/TM%
FH He® a9 4R 4tk Bk, Git. a8 d 3 EF % MH
st Hg®" %€ b 4 F R4+ 69 it it 47 s itk % Hg)* % H IR
Aokt BB AT %,

KR RE TN RS FRA WA LBTR  MEF
JiREEF
Objective: To

# £F (molecular 2D descriptors, Mol2D)

Abstract construct an artificial intelligence

prediction model to predict the selectivity of fluorescent probes

for Hg?" in a complex food testing environment in the presence

of Cu?" interference. Methods: Fluorescent probe technology

combined with seven advanced classical machine learning models

was used to predict and analyze the selectivity of the probe for
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Hg?" in the presence of Cu®?" interference, and to compare the
prediction effect of each model and select the optimal model.
Results: Efficient models with accuracies of 0.786 and 0.810 in
the cross-validation and test sets were successfully established
based on Molecular 2D Descriptors ( Mol2D) and extreme
gradient boosting algorithms to accurately predict the probe
interference. Conclusion: The

selectivity of Hg?" under Cu?'

model is improved for the design of Hg?>" fluorescent molecular
probes by selective prediction. which makes the design of Hg?"
fluorescent probes more efficient and reliable.

Keywords: mercury ion detection; fluorescent molecular probes;

probe selectivity; machine learning; cheminformatics
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Figure 1 Research procedure
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Figure 2

Overall data PCA distribution and descriptor RFE-RFECV feature selection process
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Table 2 Model performance results for the best molecularly characterized Mol2D descriptors

FLHT 38 IRFE (5-CV) RIS
SR - -
HWURE R RE MEE AUCH  URE S WERRE AUCH
DT 0.669 0.737 0.705 0.726 0.765 0.720 0.738 0.749
KNN 0.656 0.739 0.700 0.698 0.700 0.773 0.738 0.736
LR 0.690 0.758 0.726 0.784 0.700 0.841 0.774 0.802
RF 0.714 0.786 0.753 0.837 0.791 0.829 0.810 0.877
SVM 0.785 0.708 0.744 0.815 0.816 0.717 0.762 0.864
XGBoost 0.791 0.781 0.786 0.848 0.805 0.814 0.810 0.881
DNN 0.690 0.740 0.717 0.779 0.750 0.771 0.762 0.840
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Figure 3 ROC curve results for the best prediction model of Hg?" based on different molecular descriptors
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Figure 4 ROC curve results for the best prediction model of Hg*" based on different molecular fingerprints
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