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Method of Related Document Recommendation with
Similarity and Weight of Keyword

Myung Jin Lim', Jae Hyun Kim'",

ABSTRACT

Ju Hyun Shin™"

With the development of the Internet and the increase of smart phones, various services considering

user convenience are increasing, so that users can check news in real time anytime and anywhere.

However, online news is categorized by media and category, and it provides only a few related search
terms, making it difficult to find related news related to keywords. In order to solve this problem, we
propose a method to recommend related documents more accurately by applying Doc2Vec similarity to
the specific keywords of news articles and weighting the title and contents of news articles. We collect
news articles from Naver politics category by web crawling in Java environment, preprocess them, extract
topics using LDA modeling, and find similarities using Doc2Vec. To supplement Doc2Vec, we apply
TF-IDF to obtain TC(Title Contents) weights for the title and contents of news articles. Then we combine
Doc2Vec similarity and TC weight to generate TC weight-similarity and evaluate the similarity between
words using PMI technique to confirm the keyword association.
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Fig. 1. LDA Model.
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Fig. 5. LDA Topic Extraction.
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tagged train docs=[TaggedDocument(d,[c])for d,c in train docs]
tagged test docs=[TaggedDocument(d,[c])for d,c in test docs]

from gensim.models import doc2vec
doc_vectorizer=doc2vec.Doc2Vec(vector_size=300,window=10, min_count=5, workers=11,
alpha=0.025, min_alpha=0.025, epochs=20)
doc_vectorizer.build vocab(tagged train docs)
doc_vectorizer.train(tagged train docs, epochs=doc vectorizer.epochs,
total_examples=doc_vectorizer.corpus_count)

pprint(doc_vectorizer.most_similar('0| A} /Noun'))

Fig. 6. Doc2Vec Dictionary Construction.
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Table 1. Similarity of keywords related to separated families
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tfidf = TfidfVectorizer(max_features = 100, max_df=6.95, min_df=0)

A_tfidf_sp = tfidf.fit_transform(documents)

tfidf dict = tfidf.get_feature_names()

Fig. 7. TF—=IDF Calculation Algorithm.
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Table 3. Title and content keywords
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Table 5. Similarity and Weight by Keyword in relation to separated families

Related Keywords Doc2Vec Similarity TC Weight TC Weight—Similarity
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Table 6. Separated families keyword relevance assessment
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