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This paper reports a development of CAD change item prediction method from design change notice to predict
the amount of materials and additional cost for plant construction.

The developed method consists of LDA and SVM. First, the method estimates topic distribution of design change
notice using LDA. Second, the method predicts CAD design change item from topic distribution using SVM with
topic selection algorithm.

In conclusion, our method shows higher prediction accuracy than only LDA method by our experiments using

actual data (only LDA: 69%, with SVM: 71%).
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Fig. 2: Prediction Accuracy of Conventional Method

Table 3: Best Model Performance

Indicator Value

True Positive Rate 95%
Precision 80%

modified False Positive Rate | 33%
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Fig. 3: Parameter Selection Algorithm Flow
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Fig. 4: Results of Stepwised SVM

Table 4: Best Model Performance

Indicator Value

True Positive Rate 80%
Precision 83%

modified False Positive Rate | 49%
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