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ABSTRACT: Objective To establish a vegetable safety risk prediction model based on the particle swarm
optimization (PSO) algorithm and the stacked generalization (Stacking) model, and to predict the sampling results of
fenthion in vegetables sold in Shanghai. Methods Based on the sampling data of fenthion in vegetables sold in
Shanghai from 2021 to 2023, task type, sampling area, sampling link, sampling place, sampling month, testing
institution, and vegetable variety were selected as feature variables. The target variable was whether the sampling
results for fenthion in vegetables were qualified. The PSO-Stacking prediction model was constructed using ten-fold
cross-validation to select effective machine learning models and resampling methods and optimized the model
parameters using the PSO algorithm. Results Fenthion-positive samples were found in 55 out of 3889 vegetable
samples, with an overall failure rate of 1.4%. Bean vegetables had the highest rate at 2.3%, followed by eggplant and
fruiting vegetables at 0.2%. The base models were obtained through screening, including Random Forest (RF),
categorical boosting (CatBoost), gradient boosting (GB), extreme gradient Boosting (XGBoost), and light gradient
boosting machine (LGBM). The best resampling technique was adaptive synthetic sampling (ADASYN). The
PSO-Stacking model achieved the highest precision (0.91), recall (0.83), F1 score (0.87), and area under the curve
(AUC) value (0.91) on the test set. Conclusion The PSO-Stacking model effectively addresses imbalanced food
safety sampling data, accurately predicts the unqualified fenthion samples in vegetables, and provides technical
support for vegetable supervision, sampling and risk warning.
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Table 2 Sampling results for fenthion in vegetables collected
during different months
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Table 3 Sampling results of fenthion in vegetables at different
sampling locations

Eil1EEZ O 112 770 SY - VL R = < B U I N X i E )

KA 1347 12 0.9
N A TR SE ray s k \¢~
*1 .J:,’E}FHFEnm%ﬂnﬁ;.bﬁzﬁﬂ’ﬁﬁh%% . L I » 9
Table 1 Sampling results of fenthion in vegetables available for
sale in Shanghai o, MM 557 16 2.9
iR B2 Nt —

B R B RNABIEER SAHEER% B 425 8 1.9

FESEa 2329 53 23 Ho A3 e 247 0 0.0

I AT 868 2 0.2 &t 3330 50 15

JRZEER 623 0 0.0 LR (VA g 260 2 0.8

SRR SR 46 0 0.0 R RV 128 1 0.8

il R 15 0 0.0 BRI KAVEE 90 0 0.0

KA ZRER R 4 0 0.0 IR 81 2 2.5

ML ZEAS BB 5 4 0 0.0 &t 559 5 0.9
it 3889 55 1.4 W RETHEMEN Y, &&EIES &N, WiEATT Mg

2.1.2 AR ADERE PRI LER

B3R TS BB RE AL AR A T AR 12 A .
Forf, 20 F AR R S T AR B 1 AN B A% 2R B 5 (12.6%),
HRHM3 AT 7%M 11 HRA%),1 A. 6 A.7HMI12 A
iR PR IR AR AR, FEILER 2.

B & R MR o

2.2 PSO-Stacking FiM1&E B #y3E

LA AUC {Hh B FR BB 3728 LIRS SR an e 2 i
7R, ZER TR S ER A TR A 2 RE K 2A BOR
e ity A6 EE 5 0 28 1) 4 A1 A B 4R A R BAL R (AUC



192

>
Eo
P

Y

G A A

%16 &

|

XGBoost

0.8417

CatBoost |

] 0.8413

RF

I

0.8351

LGBM |

] 0.8271

GB

I

0.8154

ZJREHL

] 0.7563

AR (A

]0.7127

PLas: >R

\

22 e

0.7051

LAEHN T |

J 0.6891

SCRp AL

|

0.6834

Wb |

] 0.6817

K48

|

0.6179

FE R |

] 0.6162

LSRR

|

0.5814

(=3

0.2

0.4 0.6 0.8 1.0
AUCTH

ADASYN

] 0.8137

SMOTE

] 0.7815

Cluster-Centroid

0.7537

SMOTETomek

] 0.7429

SVMSMOTE

0.7361

RUS

] 0.7229

Borderline-SMOTE

0.7117

SMOTEENN

] 0.6736

ROS

|

0.6094

o
o
o

0.6 0.8 1.0
AUCHH

K2 JETE SR i G GG A5 SR A BG4 S BRI 45 SR AUC {H

Fig.2 AUC values of the prediction results of different machine learning models based on sampling results of fenthion in vegetables
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Table 4 Optimisation results based on PSO algorithm base
model parameters

HEAER Y B Bk RKHE ERES
RF 233 6
GB 968 5 0.001
XGBoost 763 5 0.47
LGBM 767 6 0.23
CatBoost 393 0.83 0.47

T -FORARA ISR

H13% 5 W41, PSO-RF #1 PSO-GB () Mk 22, WA
25 AR TR BT 0.5, UL BIELELE o £ ) ) i)
K IEH]; PSO-XGBoost 1 PSO-LGBM W43 5, Je& 3k
PUMELF, AUC {Hik%F] 0.9; PSO-CatBoost f& 5 iy F B 4E,
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HRE % . G R F1{EYIN 0.83, AUC fH>0 0.91, F I,
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Table 5 Comparison of different machine learning models for
predicting sampling results of fenthion in vegetables

SRR K% HREE O FI{§  AUC{H
PSO-RF 0.43 0.83 0.57 0.86
PSO-GB 0.45 0.83 0.59 0.86
PSO-XGBoost 0.69 0.75 0.72 0.86
PSO-LGBM 0.71 0.83 0.77 0.90
PSO-CatBoost 0.83 0.83 0.83 0.91
PSO-Stacking 0.91 0.83 0.87 0.91
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