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Abstract: Veterinary drug residues had become one of the source problems for fo%jrity at present. It was difficult for farmers to

Ve the identification ability of the farmers and

identify the fake veterinary drugs, which resulted in the risks of veterinary drugs quality. To i
reduce the utilization of unqualified veterinary drugs, the data mining classification prediction model, established by C5.0, Logistic, neural
network, was used to classify and predict the quality of veterinary-drugs by sorting the sampling data of Chinese Veterinary Drug Administration

based on SPSS Modeler software. Results showed that the classification accuracy of the three models was low, which resulted in optimizing the

model by combination of classifier, and the neural ne logic regression - neural network, decision tree-neural network were

compared. The overall performance of decision tree = n ork-was the best in classification accuracy and generalization performance.
Finally, the model for predicting the_veterinary drugs quality in decision tree-neural network was established and further optimized, and the
prediction accuracy reached 74.34%..
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Table 1 Consistency detection of three classification methods

AR YA MRAEA
—% 2534 74.75% 7904  75.35%

R—E 856  25.25% 2586  24.65%
Bt 3390 10490

®2 DEBHEEPHDREE

Table 2 Classification results of the classification in consistent

samples
AR WHAER MEAEA
A 2064 81.45% 6374 80.64%
AR 470 18.55% 1530 19.36%
%t 2534 7904
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Table 3 Coincidence matrix of consistency
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Fig.2 Graph of gain and ascension of the model
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Table 5 Comparison of selected variables of C5.0 decision tree
and binary logistic regression

A PR F V3 apa e

& LAR TR R LA TR

QYDQYZX 0.2072 QYCJPL 0.6195

QYCJPL 0.1761 QYDQYZX 0.2482
QYBHGL 0.1516 QYBHGL 0.0645
QYSZDQ 0.1065 BCSPM 0.0462
BCYDWXZ 0.1058 CIDWSF 0.0079
BCSPM 0.0952 QYSZDQ 0.0064
YT 0.0789 JX 0.0058
JX 0.0489 CJD 0.0014
SJIG 0.0214
CJD 0.0042
CFY 0.0034
GMPSJIG 0.0009
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Table 6 Comparison of pradict accuracy of single model and
combined model
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Table 7 Comparison of robustness of single model and
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Table 9 Comparison of predict accuracy of the decision

tree-neural network combination model before and after the

optimal parameters
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(A7) 1% (&) I%
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Table 10 Classification predict results in the validation set
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Fig.3 Response rate Curve of model in the validation set
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