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Micro-blog Retweet Behavior Prediction Algorithm Based on Anomaly Detection and Random Forest
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Abstract Aiming to solve the issue that the accuracy of micro-blog retweet behavior prediction is not good enough and
features are selected with an arbitrary choice, a new method using anomaly detection and random forest algorithms to
predict micro-blog retweet behavior was proposed. Firstly, the basic features of the user, the basic characteristics of blog
and blog content theme features are extracted,and the user activity and blog influence are calculated based on relative
entropy. Secondly, the best feature set are selected by combining the filter and wrapper feature selection method. Final-
ly,anomaly detection and random forest algorithms are fused to predict micro-blog retweet behavior based on selected
features. The algorithm parameters of random forest are selected by analyzing the error estimation of out of bag data. By
contrasting with Logistic Regression, Decision Tree, Naive Bias and Random Forest algorithms, which are used in the a-
nalysis for micro-blog retweet behavior, the prediction accuracy of the proposed method is higher than that of the opti-
mal random forest method on real data,and reaches 90. 5%. Meanwhile, the validity of feature selection method is veri-
fied.
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Do sample mixture components (;k~Dir( §)
# DOCUMENTS
for document in documents;

# documents=m,mé& [1,M]]

Do sample mixture components 0, ~ Dir(g )
Do sample document length Ny, ~ Poiss(§)
# WORDS

for word in words:
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Do sample topic index zy, ,~ Mult(g,,)

Do sample term for word Wi~ Mult(g, )
#V,vocabulary size
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Step 1 Choose features x; that might be indicative of anomalous ex-
amples. And converting data to fit Gauss distribution by
X=log(x+1)
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Step 3  Extract data which Random forest algorithm predicted the
retweet probability below 0. 6, they can be used as the data
set to be detected.
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