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Choosing mining function
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Chemical Model s
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[MHCO6, S. 80]
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Data mining: Classification
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INnterpretation
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L arge scale lwitter mining
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Mining Process 1o find user

[BTY12,S.27]

2,102,176,189 Tweets
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Support Vector Machine

decision function g(x) = sign(f(x))

hyper plane <w,x> + b =0

Mean Prediction Accuracy: 0.74
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Recipe recommendation ma:
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Co-occurrence network .

User Preferences
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Substitution network

[TLA12,S.302]

based on modification options
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Prediction performance
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