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1 fori=1.....kdo

2 D, — [K_J: |yi=ci,j= l.....n,} // class-specific subsets
3 n; < |D;| // cardinality

4 ;D(r:;) <—n;/n // prior probability

5 i < ;szjeljf X; // mean

6 L <D, — l,rrﬁ,; // centered data

7 3 <~ ,ETZfTZf // covariance matrix

8 return ﬁ'{c;).ﬁ;,i foralli=1,... k

TESTING (x and P(c;), ji;, X;, foralli € |1, k]):
o V< argmax{ f(x|ft;, Z;) - P(c;)}

10 return y
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1fori=1,....kdo

2 D, — {x_,— lyi=ci,j=1, ...,n] // class-specific subsets

3 n; < |D;| // cardinality

4 ﬁ'(ci) <n;/n// prior probability

¢ | LY, % // nean

6 Z;=D;—-1. ﬁ?h" centered data for class c;

7 for j=1,...d do // class-specific variance for X

8 L Eﬁ. — ﬂljZf}ij // variance

0 0; = (éﬁ, e ,5‘1.2&)? // class-specific attribute variances

10 return E’(c;),ﬁ;,&,— foralli=1.....k
TESTING (x and P(c;), ji;, 6, for all i [1,k)):

d
y < argmax|P(c;)]'[f(x;m;j,&;)}
11 o i=1

12 return y
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scikit-learn
algorithm cheat-sheet

classification

NOT
WORKING

get
more
data NO

regression

ES

NOT
MORKING few features or
should be WORKING

important

number of
categories
known

clustering

oT
WORKING

dimensionality
reduction
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HOW NAIVE BAYES
CLASSIFIER WORKS?

Sunny
Sunny

Overcast
Rainy
Rainy

Rainy

Overcast

Sunny

Sunny
Rainy
Sunny
Overcast
Overcast

Rainy

Hot
Hot
Hot

Mild
Cool

Cool

Cool
Mild
Cool
Mild
Mild
Mild
Hot

Mild

No
No

Yes

Yes

Yes

No

Yes

No

Yes

Yes

Yes

Yes

Yes

No

O1

CALCULATE PRIOR PROBABILITY FOR
GIVEN CLASS LABELS

02

CALCULATE CONDITIONAL
PROBABILITY WITH EACH ATTRIBUTE
FOR EACH CLASS

03

MULTIPLY SAME CLASS CONDITIONAL
PROBABILITY.

04

MULTIPLY PRIOR PROBABILITY WITH
STEP 3 PROBABILITY.

05

SEE WHICH CLASS HAS HIGHER PROBABILITY,
HIGHER PROBABILITY CLASS BELONGS TO
GIVEN INPUT SET STEP.



Weather |Play

sunny Mo Frequency Table Likelihood table l

Overcast [Yes Weather Mo Yes Weather Mo Yes

Rainy Yes Overcast 4 Owvercast a4 =414 0.29
Sunmny Yes Rainy 3 2 Rainmy 3 2 =5/14 0.36
sunny Yes Sunny 3 Sunny 2 3 =5/14 0.36
Overcast [Yes Grand Total 5 9 All 5 9

Rainy Mo =5/14 =9/14

Rainy Mo 0.26 0.64

sunny Yes

Rainy Yes

sunny Mo

Overcast [Yes

Overcast [Yes

Rainy Mo

https://www.analyticsvidhya.com/blog/2017/09/naive-bayes-explained/






