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Intelligent Recommendation Algorithm of Campus Message
Based on the Naive Bayes Classifier

JIA Zhipeng
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Abstract:Based on the analysis of the naive Bayes classifier,this paper discusses the differences between the
recommendation algorithm and the naive Bayes classifier in the design process of intelligent assistant software.According to
the characteristics of campus information collection and-integration,and the required recommendation methods,the original
naive Bayes text classifier algorithm has been modified.The campus information intelligent recommendation algorithm

is implemented in the intelligent assistant software.The experimental results show that the algorithm has good prediction

accuracy.

Keywords:naive Bayes classifier;campus information prompt;intelligent recommendation algorithm

1 35| = (Introduction)

W& FIRAT BB K CHIHEM T 178l f e, &
T ) A v R AR R e R S R R . E N
T 90 Ml £t F PO AP A IR 5 04T TR %R, IR
RALTHERE . BRSRS, HERIFTE BRI
ek, ABhICEARMPLERIEE SRS X s T
AR, KK E T sES 1. BRI RE A8
PRI ER A B BER AT O, T2 T ) A P
TR o PRI RGBT 8, B2 R st br )
BRETT . AN, T AN DL 5 YR A IO A 43 S g
ZIA, WAETI E AR BB RS K S
FME T A SCR T 40 A B S B AT 2
(A BE T AN D37 Y 8 BR R SA AT

FETH 2015 EREECDMATHIIZTE , 3H %i5201510165006.

2 FhEDMHT 4 ZE2E (Naive Bayes classifier)
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Tab.1 Training sample datal

Day Outlook  Temperature  Humidity Wind PlayTennis
1 Sunny Hot High Weak No
2 Sunny Hot High Strong No
3 Overcast Hot High Weak Yes
4 Rain Mild High Weak Yes
5 Rain Cool Normal Weak Yes
6 Rain Cool Normal Strong No
7 Overcast Cool Normal Strong Yes
8 Sunny Mild High Weak No
9 Sunny Cool Normal Weak Yes

10 Rain Mild Normal Weak Yes
11 Sunny Mild Normal Strong Yes
12 Overcast Mild High Strong Yes
13 Overcast Hot Normal Weak Yes
14 Rain Mild High Strong No
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Pplayrennsi-yes =9/14=0.64
Pprayrensi-n0) = 5/14=0.36
P (wind = strong | PlayTennis=yes) = 3/9 = 0.33

P (Wind = Strong [ PlayTennis=no) = 3/5= 0.6
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Tab.2 Training sample data2

Id Day Time Keyword
1 Mon 10 B H &R
2 Fri 11 HFARIE
3 Tues 8 NGRS
4 Mon 13 4 HUCTIREE
5 Mon 15 H H T IR
6 Fri 8 EE A
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Tab.3 Data computing result

Id Day Time Keyword Rate
1 Mon 9 B H E AR 0.167
2 Fri 11 EARIRE —0.833
3 Tues 8 NG —0.833
4 Mon 13 4 BT —0.833
5 Mon 15 iR ERERty i 0.167
6 Fri 8 BT —0.833
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Fig.1 Algorithm flow diagram
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Id Day Time Record
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2 E8n 1 FAREE
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Fig.2 MySQL test data table
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Fig.3 Android client test result

4 #5if(Conclusion)
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