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An Entity Resolution Approach Based on Random Forest
YANG Meng NIE Tiezheng SHEN Derong KOU Yue YU Ge

( School of Computer Science and Engineering, Northeastern University, Shenyang 110819, China )

Abstract Entity Resolution assigns data objects corresponding to the same real world entity described in one or
more data sources into the same group, which plays an important role in data cleaning, data integration, and data
mining. However, the features of the entity may evolve over time irregularly, which makes the entity resolution
significantly challenging. Traditional approaches can only tackle the issue that the feature of an entity changes
regularly with time but can not deal with the case that the feature changes irregularly over time. An approach
based on classification was proposed to solve this problem. Firstly, the random forest, a machine learning
algorithm, was used to calculate the similarity of records. Consequently, new two-stage clustering algorithm was
employed to perform the record clustering. Finally, the evaluation on real data sets shows that the approach can

effectively improve the resolution accuracy of the evolutionary entity.
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Fig. 1 The similarity algorithm based random forest
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Table 1 The algorithm of random forest
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Table 3 The algorithm of edge clustering
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Table 4 The improved training algorithm of continuous

value and multivariable decision tree
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