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Naive Bayes

Color Type  Origin Stolen

P(cld) o< red sports domestic Y
P(c) l_[ P(w;lc) (1) red sports  domestic N
1<isng red sports domestic Y
yellow sports domestic N

N Ny +1 .
P(c) = 2) yellow sports imported Y
N+I[Cl yellow suv imported N
yellow suv imported Y
P(wc) = Tow +1 yellow suv domestic N
W T +1V red suv imported N
(3) red sports  imported Y
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Naive Bayes

Color  Type Origin Stolen

P(cld) o< red sports domestic Y
P(c) l_[ P(w;lc) (1) red sports domestic N
1<isng red sports domestic Y
yellow sports domestic N
A N;+1 .
P(c) = 2) yellow sports imported Y
" N+|C|
yellow suv imported N
yellow suv imported Y
.E’(wl ¢)= Tow 41 yellow suv domestic N
Y Wy, |V red suv imported N
3) red sports  imported Y
Estimate

P(f=red|c=stolen), P(f = red|c = —stolen), P(t = suv|c = stolen),
P(t=suv|c =-stolen), P(0 = domestic|c = stolen), P(o = domestic|c = —stolen)
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Estimation

= P(f =red|c=stolen)
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Estimation

= P(f=red|c=stolen)
3+1
5+2
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= P(f=red|c=stolen)
3+1
5+2

N o
S

= P(f =red|c=—stolen)
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Estimation

= P(f =red|c=stolen)

341_5 "
542 7

= P(f =red|c=—stolen)
2413 .
542 7

Data Science: Jordan Boyd-Graber | UMD Naive Bayes | 3/5



Estimation

= P(f =red|c=stolen)

341_5 "
542 7

= P(f =red|c=—stolen)
2413 .
542 7

= P(t=suv|c=stolen)
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Estimation

= P(f =red|c=stolen)

3+1 5
5 57 (4)
+2 7
» P(f=red|c=-stolen)
24+1 3
55 (5)
542 7
= P(t=suv|c=stolen)
1+1 2
— =z (6)
542 7
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Estimation

= P(f =red|c=stolen)

3+1 5
5 o7 (4)
+2 7
= P(f =red|c=—stolen)
24+1 3
T 5=5 (5)
5+2 7
= P(t=suv|c=stolen)
1+1 2
T5=5 (6)
54+2 7
= P(t=suv|c=-stolen)
3+1 4
5=5 (7)
542 7
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Estimation

= P(0=domestic|c = stolen)
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Estimation

= P(0=domestic|c = stolen)

2+1 3
542 7
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Estimation

= P(0=domestic|c = stolen)
2+1 3
5+2 7

= P(0=domestic|c = —stolen)
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Estimation

= P(0=domestic|c = stolen)

2+1 3
153 (8)
5+2 7

= P(0=domestic|c = —stolen)
3+1 4
e 9)
5+2 7
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Classification: red domestic SUV

P(c=stolen|d) o<P(c) ]_I P(w;|c)

(10)

1<i<ny

6 532
=—-Z=Z (11)

12777
—0.0437 (12)
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Classification: red domestic SUV

P(c=stolen|d) o<P(c) ]_I P(w;|c)

(10)
1<i<ng
6 532
- _—>-ZZ (11)
12777
=0.0437 (12)
P(c = -stolen|d) o<P(c) l_l P(wi|c) (13)
1<i<ng
6 344
2277 (14)
12777
=0.0700 (15)
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