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Abstract

Food safety is a matter of national importance. In recent years, relevant laws and regulations have
been continuously introduced, and regulatory authorities have been constantly improving the reg-
ulatory mechanisms. However, food safety remains a critical issue that requires high attention and
strict control. This study, based on machine learning methods, constructed various classification
models, including Support Vector Machine (SVM), Random Forest (RF), LightGBM, and XGBoost, and
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systematically compared their performance. The results showed that the Random Forest model per-
formed the best, followed by Support Vector Machine and XGBoost, while LightGBM had relatively
poorer performance. To further enhance the predictive capability, the study constructed a Stacking
ensemble model, integrating the prediction results of Random Forest, XGBoost, and Support Vector
Machine, with Random Forest serving as the meta-learner. Experimental results indicated that the
Stacking model significantly improved overall predictive performance. The findings of this study
provide important references for food safety regulation and validate the effectiveness of data min-
ing techniques in the field of food safety. The related technologies can assist regulatory authorities
in timely predicting and handling food safety issues, thereby improving the efficiency and accuracy
of regulatory work.
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Figure 1. Chart of missing data
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Figure 2. Example of food hierarchy reduction
E 2. &mBERALRHA

Table 1. Partial dataset after food normalization
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Table 2. Production time normalization dataset
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Table 3. Partial classification table of nonconforming indicators
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Table 4. Normalized data of nonconforming items
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Table 5. Model comparison on the test set

= 5. Mik&E LRASTEE

LightGBM XGboost FENLARK SCHF I EAL

HERf 2R 0.7917 0.9000 0.8924 0.8832
Kappa 0.7421 0.8759 0.8676 0.8561
SEH FL 4y 5k 0.6994 0.8754 0.8700 0.8565
Py 0.7721 0.8651 0.8639 0.8471
SEI R 0.9576 0.9792 0.9780 0.9759
P35 IE TR 0.7587 0.8994 0.8850 0.8848
P TN 0.9614 0.9811 0.9793 0.9778
SEY R 0.7587 0.8994 0.8849 0.8848
SE B EIE 0.7221 0.8650 0.8639 0.8471
SESBAG I 2R 0.1319 0.1500 0.1487 0.1472
SER AT AER R 0.8398 0.9221 0.9210 0.9115
ROC 18 0.7460 0.9849 0.9728 0.9809
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Figure 3. Model comparison on the training set
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Table 6. Model comparison on the test set
72 6. MK _EARBIFTLL

LightGBM XGboost BEHLERAR KRR =L
% 0.7535 0.7746 0.8924 0.8239
Kappa 0.6953 0.7216 0.8676 0.7824
SEHFL 435 0.6700 0.7209 0.8700 0.7844
PR 0.6765 0.7197 0.8639 0.7768
“EI RS 0.9506 0.9542 0.9780 0.9639
P38 IE TR 0.7008 0.7334 0.8850 0.8125
P B TN 0.9534 0.9565 0.9793 0.9667
FIgAE R 0.7008 0.7334 0.8849 0.8125
S [E R 0.6765 0.7197 0.8639 0.7768
ST AR 2R 0.1255 0.1291 0.1487 0.1373
YT HER R 0.8136 0.8369 0.9210 0.8704
ROC 18 0.6627 0.9325 0.9276 0.9451
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Figure 4. Comparison chart of single models on the test set
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Figure 5. Flowchart of the Stacking ensemble model
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Hi7¢ 7 WA, Stacking A REALEYIZREE L& LRSI fabn s R R aF, b 70 Rk N
92.21%, Kappa {& 7y 0.9045, ROC fHiA%] 0.96, ‘o~z BA Bum HERtE 5iaE . FiRgRE
B, Stacking fili & 58 7 £ 22 A TRINMT 55 b B4 RAF SIS /0, 76 it 2 4 I 4R mT 2 TR 3 5
FFTR. A WS PERE, Stacking fll &R AR RO F H A =N — LAY

Table 7. Comprehensive results of the Stacking ensemble model and single models on the training set

% 7. Stacking R ARE K B —1RANIFHRLEAER

LightGBM XGhoost BENLARAR RFE L Stacking

HERf 2R 0.7917 0.9000 0.8924 0.8832 0.9221
Kappa 0.7421 0.8759 0.8676 0.8561 0.9045
SEH FL 4050 0.6994 0.8754 0.8700 0.8565 0.9081
SESL U 0.7721 0.8651 0.8639 0.8471 0.9044
EI R 0.9576 0.9792 0.9780 0.9759 0.9843
P85 IE TiAE 0.7587 0.8994 0.8850 0.8848 0.9137
P25 4 FME 0.9614 0.9811 0.9793 0.9778 0.9849
EINE R 0.7587 0.8994 0.8849 0.8848 0.9137
SE B EIE 0.7221 0.8650 0.8639 0.8471 0.9044
SEES RN 2 0.1319 0.1500 0.1487 0.1472 0.1537
PP HERR 0.8398 0.9221 0.9210 0.9115 0.9444
ROC 14 0.7460 0.9849 0.9728 0.9809 0.9600

2) TR FEAT R 5

% 8 R T MRS B S B TR A R sR G A . WTRAE B, Stacking millG AL ZE MRS B4 2K
HEH R N 86.62%, Kappa {64 0.8352, ROC {E}y 0.9195. 5H A =AMBAIAIEL, Stacking mli 4% L 78 )
R LRI AN . L6 KE, BRREINGEILZNIKE I, Stacking &85 R I A AR
A,

Table 8. Comprehensive prediction results of the Stacking ensemble model on the test set
F 8. Stacking At S REUMIX LTRSS

LightGBM XGhoost FEHLAR AR SCRRIRIE AL Stacking
R 0.7535 0.7746 0.8924 0.8239 0.8662
Kappa 0.6953 0.7216 0.8676 0.7824 0.8352
S FL 438 0.6700 0.7209 0.8700 0.7844 0.8444
SR UR 0.6765 0.7197 0.8639 0.7768 0.8347
SEE e R 0.9506 0.9542 0.9780 0.9639 0.9726
SE35 IE FAE 0.7008 0.7334 0.8850 0.8125 0.8614
P A TR 0.9534 0.9565 0.9793 0.9667 0.9742
SPRIREHER 0.7008 0.7334 0.8849 0.8125 0.8613
P A Rl 0.6765 0.7197 0.8639 0.7768 0.8347
SRR I 2R 0.1255 0.1291 0.1487 0.1373 0.1444
PP HER 0.8136 0.8369 0.9210 0.8704 0.9036
ROC {# 0.6627 0.9325 0.9276 0.9451 0.9195
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Table 9. Importance of input variables
FO. MATEEEN

AP EE ikl YR V&3l 4 HAth
A PEZEAT 1.46 20.45 22.74 2.56 13.28 6.46
Hi - 14.29 14.56 15.93 5.35 0.52 10.43
AR 41.06 58.04 49.99 25.56 34.05 22.37
iRk 40.68 57.81 52.70 480.29 46.95 11.35
varlmpPlot

Lypes | o foods [ o

foods [~ Qromnnnnnnes types [ 0

quArter |- place |- Qo

place Orrrmrrmr s quarter | O

| I [ [ [ [ | | [ [

40 60 80 100 0 20 40 60 80 120

MeanDecreaseAccuracy MeanDecreaseGini

Figure 6. Measurement chart of input variable importance for random forest
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2) XGboost 7% & 5 211 73 #r

Gain ZHUE H FH 47 835 5 N R HEE AR AR rp (AR L, BRI A X AR AR e B )
BRECR, BRI KAIRIRE . % 10 FIH T Gain REGEL AT HMAL R, NERFITLEE, &
AR Gain HAUE I AIEGSE . OB, KR SRR I, R SR 7E & 22 4 o) B AT g AU
B AR, 7 T DAE O bbb R e Gain [ARCK RN R TAREEAR, $RIRIX A X AT BEAETERR
ZREMZERE, ALK E S5 KRB

Table 10. Ranking table of input variable Gain coefficients
2 10. AT R Gain REHFE

At Gain 3 At Gain &%
e 0.154208416 E=FE 0.036471281
e 0.091160417 FoE 0.031452919
pr =} 0.084162458 FEAR 0.031342253
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