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Abstract; It is one of the important techniques for constructing data warehouse to filter and remove duplicate data from different databases

quickly and accurately. In scientific literature service,the traditional data deduplication methods mainly use data searching technology to

world data set.

match the fields and filter out the papers with the same content. However, papers in different databases usually have different field
propose a data deduplication algorithm based on the paper portrait inspired by the algorithm of item portrait and person portrait in the rec-

information and field types. Even if there are the same fields,there may be garbled information in the field content, which leads to the

weak robustness of the algorithm. This is a major challenge faced by traditional search and matching methods. To solve this problem, we
=

ommendation system. This algorithm adopts tf —idf technology to extract the keyword information in the article abstract, which are

converted into word vectors by word2vec so that the similarity between papers can be calculated. The duplicate data is filtered according
to their similarities. The experimental results show that the proposed algorithm can effectively filter duplicate information under the real—
Key words: paper portrait;data clean;data deduplication;tf-idf; word2vec
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