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+ A/B testing(A/B E]AH)

+ Association rule learning(¥¥1 A8

+ Classification(£%)

+ Cluster analysis@2j25 £4)

» Data fusion and data integration(d|o]g Z3/do]g £8)
+ Data mining(d|o[5 ofo|ld)

+ Enzemble learning(¥4E st%)

» Genetic algorithms(£H7} ¢12lE)

+ Machine learning(7]|7|3t%)

+ Natural language processing(#tH o 2])
+ Neural networks(47E%)

+ Network analysis({|EY3 £4)

+ Optimization(&]52})

+ Pattern recognition(ZfE ¢141)

+ Predictive modeling(df]= 2E)

+ Regression(2] H&£4)

+ Sentiment analysis(7d £4)
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+ Visualization(A]7ts})
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