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4.1.2 Naive Bayesian Classification
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4.1.2 Naive Bayesian Classification
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4.1.2 Naive Bayesian Classification
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4.1.3 Naive Bayesian Classification
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" The Lobster " which is a great movie ever seen, is more better than a satire on the dating
game. It digs better, great at the status of our most tender emotions.
The sence has the greatest scence and good acting.

D3. (3/10 M) ---->NEG (5 : Q3}o| H0| 30|11 53 0|35} oL Hzto Bl HO|C})

“The Lobster” is a good piece of satire, but largely fails in an poor attempt to build its poor
wit into a more conventional romance. And general flat affect, mirrored in poor visuals and
poor performance, eventually stopped being funny.
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4.1.3 Naive Bayesian Classification
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I 7 P e

1 1 0
d2. 0 1 1
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1+1 1+1 2+1 1+1 2
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[ “good” | “great” | “poor” | “class’
di. 1 1 0 pos

d2. 0 1 1 pos

d3. 1 0 1 neg

d4. 1 1 1 neg

d5. 0 0 1 neg

=38 M
[ good” [ Cgreat” ] “poor’
D1 TF-IDF 41768 2.277762 1.10648
D2 TF-IDF 438974 0.29504 2.05
TF-IDF(Avg) 4.28327 1.53633 1.57824
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AHZF J=LE (=L E S8 = UL
-> off e THO{7F S9dohy| T ot H 12 ZhRotd 1
E31 20| &M TF-IDF 7t X| g2 S3tot.
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D4 TF-IDF 2.40144 1.43837 2.73898
D5 TF-IDF 4.5889 3.88289 2.81341
TF-IDF(Avg) 3.89363 2.66063 2.77619
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TF-IDF 7t5%X| M8
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5.2833 5.2833 4.0726 2.5782 2

_11.934-1 11.9341 11.9341 11.9341 5

{058578]

P(neg|doc)
= P(doc|neg) P(neg)
= P(good|neg)P(good|neg)P(great|neg) P(poor|neg)P(neg)
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_8.7872 8.7872 3.6606 9.3286 3

T 217764 _21.7764 21.7764 217764 5

40.00704]
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