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Abstract: Five safety risk levels were established based on the detection data of meat products sampled between 2013 and 2017. Feature
construction and one-hot encoding were used to further correlate factors relevant to meat product safety. An extreme gradient boosting (XGBOOST)
model was established to study the influence levels of various factors during food production on the safety risk level; subsequently then multiple indices
were used to evaluate the model. In addition, sample imbalance problem was solved by upsampling, and the hyperparameters were adjusted by Bayesian
optimization to improve the model performance and classification results. Simultaneously, the model constructed was compared with the decision tree
(DT) and random forest (RF) methods to evaluate their classification performance. The XGBOOST outperformed others in classifying the safety risk
levels of meat products. Food production processes are complex, and this study shows that model processing with one-hot encoding could effectively
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identify the influence levels of various factors on food safety. Moreover, the result suggested that XGBOOST performs better in terms of total accuracy
and other indices after parameter adjustment, compared to the RF model, while RF had the most stable learning performance. The average of accuracy

and F1 score can reach 89.14% and 88.59%, respectively, under different sampling. The results suggest that XGBOOST can be applied to determine

safety risk levels of meat products and provide technical support for daily supervision.
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Fig.1 The flow diagram of data processing
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Table 7 Test set product evaluation indexes at all levels

RAFH 432 — . *ﬁi‘ — REART
%3] Precision  Recall F1 Precision  Recall F1 support
14 0.80 0.98 0.88 0.82 0.93 0.87 5982
2 % 0.54 0.14 0.23 0.40 0.20 0.27 183
ARAE month 3K 0.43 0.06 0.11 0.29 0.14 0.19 332
4 2 0.50 0.12 0.20 0.35 0.22 0.27 948
54 0.50 0 0.01 0.23 0.09 0.13 218
14 0.67 0.88 0.76 0.89 0.88 0.89 5903
2 R 0.70 0.78 0.74 0.89 0.97 0.93 1485
One-hot 34 0.60 0.46 0.54 0.85 0.89 0.87 1494
4 25 0.52 0.24 0.33 0.70 0.57 0.63 1489
] 54 0.71 0.35 0.47 0.88 0.95 091 1538
82 14 0.67 0.88 0.76 0.89 0.87 0.88 5903
2 % 0.70 0.79 0.74 0.89 0.98 0.93 1485
month 3R 0.64 0.45 0.53 0.84 0.89 0.86 1494
4 0.51 0.24 0.33 0.69 0.57 0.62 1489
54 0.74 0.37 0.49 0.87 0.95 091 1538
14 0.64 0.80 0.71 0.92 0.86 0.89 5855
2 & 0.75 0.84 0.79 0.92 0.98 0.95 2576
One-hot 3R 0.68 0.57 0.62 0.88 0.93 0.90 2608
4 B 0.59 0.43 0.49 0.82 0.79 0.81 2573
) 52 0.77 0.66 0.66 0.91 0.97 0.94 2549
e 14 0.64 0.79 0.71 0.92 0.85 0.89 5855
2 R 0.75 0.86 0.80 0.92 0.98 0.95 2576
month 3R 0.67 0.56 0.61 0.87 0.93 0.90 2608
4 2B 0.57 0.42 0.49 0.82 0.79 0.80 2573
54 0.76 0.55 0.64 091 0.98 0.94 2549
1% 0.64 0.69 0.66 0.95 0.82 0.88 5902
2 R 0.76 0.90 0.83 0.91 1.00 0.95 3978
One-hot 34 0.72 0.65 0.68 0.91 0.94 0.93 4069
4 0.61 0.50 0.55 0.85 0.87 0.86 3978
P A 54 0.76 0.74 0.75 0.92 0.98 0.95 3904
14 0.65 0.68 0.66 0.96 0.82 0.89 5902
2 R 0.76 0.89 0.82 0.92 1.00 0.95 3978
month 3R 0.71 0.64 0.67 0.91 0.94 0.92 4069
4 B 0.60 0.50 0.55 0.85 0.87 0.86 3978
54 0.74 0.76 0.75 0.92 0.98 0.95 3904

E: RRMAH RS PR HIEE, One-hot ATk aAL IR A )26 69448 E, month # A 448 1A e 335 &, support
AR E 6 & BA ARG
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Table 8 Parameter configuration of different models

AZA LR =3
DT max_depth. min_samples_leaf. min_samples_split. max_feature

XGBOOST learning_rate. n_estimators. max_depth. subsample. colsample_bytree. min_child_weight
RF n_estimators. max_depth. min_samples_leaf. min_samples_split. max_feature

222 AR peA T
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Table 9 Comparison of evaluation indexes of different model

LR A AR YRR % MR IE A E% FL4F21%

DT 95.19 71.26 33.91

ARAF XGBOOST 94.99 76.30 34.50
RF 95.18 76.66 37.20

DT 94.17 81.98 80.59

8:2 XGBOOST 94.16 86.33 84.44
RF 94.16 84.78 83.78

DT 94.32 86.50 86.99

73 XGBOOST 94.32 89.76 89.84
RF 94.32 88.64 88.89

DT 94.60 89.46 89.72

6:4 XGBOOST 94.58 91.34 91.50
RF 94.60 90.69 90.80
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