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Fig. 3  Eight word clouds based on the multi-source data-based soil contamination key middle-class industry
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Table 4 Prediction results of the improved naive Bayesian algorithm
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Natural language processing and machine learning-based suspected soil

contamination enterprise identification
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Abstract  Aiming at the problems of low accuracy, inadequate scientific basis, bad wholeness and the
difficulty in data sharing of soil contamination identification, a typical city in South China was selected as the
research area. Based on the natural language processing and machine learning, an improved naive Bayesian
model was constructed by the weights of hot words from an abstract and then utilized to predict the middle-class
industries and identify the relevant contamination enterprises from point of interest (POI) data with a big data
platform. The results showed that the performance of the naive Bayesian aggregation was better than that of
random forest and XGBoost aggregations; the precision, recall and F, values of the naive Bayesian aggregation
were improved by 0.23, 0.23 and 0.23 after the semantic vocabulary database was constructed by enterprise
name and business scope; the naive Bayesian model that constructed under the weight of 1.27 and smoothing
parameter o value of 1.10 could be used for the prediction of the middle-class industries with the precision,
recall and F, value of 0.63, 0.62 and 0.63, respectively, and 1774 suspected soil contamination enterprises
affiliated to 26 industry categories were identified in the research area. Therefore, the improved naive Bayesian
model with the good precision and recall values can be effectively used to predict the suspected contamination
enterprises, and provides the theoretical bases and design parameters for site contamination identification and
risk management.

Keywords soil contamination; natural language processing; machine learning; middle-class industries;

contamination enterprise identification; improved naive Bayesian model


http://dx.doi.org/10.3778/j.issn.1002-8331.1507-0161
http://dx.doi.org/10.3778/j.issn.1002-8331.1507-0161



