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Abstract

The study detected Boron isotope and Strotium isotope of 102 Raohe origin honeys and 31 non-
local honeys with ICP-MS. We used principal component analysis (pca) to dimensionally reduct 7
isotope abundance ratio variables to four principal components, and selected three of the four
principal components to build models. By Agilent MPP data analysis software, we built five models
with the three new principal components. The models are: Decision Tree, Naive Bayes, Neural Net-
work, Partial Least Square Discriminate and Support Vector Machine. Finally, we optimized Deci-
sion Tree model as Raohe origin honey traceability model, the resolution accuracy rate is 93.75%.
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Table 1. The cumulative contribution rate of four principal components
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Figure 1. Interaction diagram of Component 1 and Component 2
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Figure 5. Interaction diagram of Component 2 and Component 4
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Table 2. The prediction result of Decision Tree model
5% 2. Decision Tree A FF| 4R

Sample Predicted Confident Measure
RF11 Raohe 0.9861111
hfy19 Raohe 0.9861111

17 Waidi 0.9677419

¢  waidifengmil Raohe 0.9861111
RF15 Raohe 0.9861111
RF1 Raohe 0.9861111
laoyinggou5 Raohe 0.9861111
HFY?2 Raohe 0.9861111

30 Waidi 0.9677419

5 Waidi 0.9677419

31 Waidi 0.9677419
HFY20 Raohe 0.9861111
HFY21 Raohe 0.9861111
yongxing15 Raohe 0.9861111

HFY3 Raohe 0.9861111
HFY4 Raohe 0.9861111
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Table 3. The prediction result of Naive Bayes model
5% 3. Naive Bayes #ERIFi ¥ 25 R

Sample Predicted Confident Measurer
RF11 Raohe 1.0
hfy19 Raohe 1.0

* 17 Raohe 0.95757383

¢ waidifengmil Raohe 1.0
RF15 Raohe 1.0
RF1 Raohe 1.0
laoyinggou5 Raohe 1.0

HFY2 Raohe 0.8869561

30 Waidi 0.9999964

¢ 5 Raohe 0.79181457

31 Waidi 0.9999988

* HFY20 Waidi 0.7664125

HFY21 Raohe 0.7178487
yongxing15 Raohe 1.0
HFY3 Raohe 1.0
* HFY4 Waidi 1.0

Table 4. The prediction result of Neural Network model
5% 4. Neural Network 1R Fii3 45 R

Sample Predicted Confident Measurer
RF11 Raohe 0.9611365
hfy19 Raohe 0.9925651

¢ 17 Raohe 0.79242414

Waidifengmil Waidi 0.9553002
RF15 Raohe 0.99281746
RF1 Raohe 0.9895421
Laoyinggou5 Raohe 0.9927961
HFY2 Raohe 0.9827965

30 Waidi 0.9793519

¢ 5 Raohe 0.79376185

31 Waidi 0.97935563

HFY20 Raohe 0.7371074

HFY21 Raohe 0.97476923
Yongxingl5 Raohe 0.9930735
HFY3 Raohe 0.99306345
¢ HFY4 Waidi 0.9422084

(=)
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Table 5. The prediction result of Partial Least Squares Discrimination model
%2 5. Partial Least Squares Discrimination BT 45 R

Sample Predicted Confident Measurer
RF11 Raohe 1.0
hfy19 Raohe 1.0

17 Waidi 1.0
waidifengmil Waidi 1.0
RF15 Raohe 1.0
RF1 Raohe 1.0
laoyinggou5 Raohe 1.0
¢ HFY2 Waidi 1.0
30 Waidi 1.0

5 Waidi 1.0

31 Waidi 1.0

* HFY20 Waidi 1.0
* HFY21 Waidi 1.0
yongxing15 Raohe 1.0
HFY3 Raohe 1.0

* HFY4 Waidi 1.0

Table 6. The prediction result of Support VVector Machine model
5= 6. Support Vector Machine #7545 58

Sample Predicted Confident Measurer
RF11 Raohe 1.0
hfy19 Raohe 0.3352127

17 Waidi 0.021802539

waidifengmil Waidi 0.055281788
RF15 Raohe 0.65562

RF1 Raohe 0.13493183

laoyinggou5 Raohe 0.29780075

HFY2 Raohe 0.19093436

30 Waidi 0.64581287

¢ 5 Raohe 0.076684095

31 Waidi 0.46378288

HFY20 Raohe 0.0061945207

HFY21 Raohe 0.23153588
yongxing15 Raohe 0.63791883

HFY3 Raohe 0.5314536

HFY4 Raohe 1.0
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