













































































































Decision Tree with continuous Attributes
Information Gain

Discreteyvole

Continuous values

Sort the examples in increasing order of continuous
attribute temperature here

Identify when there is a change in class labels

w

For every change calculate the average of boundary
values

w

4812 sy 8011 85

when you have more than one threshold value
which one to select

Calculate MI through 54 and 85 and pick the
one which gives maximum MI

Threshold 54

31 3

254 754
2

Of 2 31 1














































































































H x 3log3 3 log 1 Beforespeit BS

x njcsu 0

H x nj 54 3log log 0.8113 Attes split AS

H Y xj tempsy o 0.8113 weighted avg

MICxlagtempsys.it s iTiitmpg
1 to 0.8113 0.4591

Threshold 85

31 3

85 85
2

31 2 Of 1

H x 3log3 3 log 1

x njc85 3 log3 flog 0.971

H x nj 85 o

H Y xj temp85 70.971 16 0

MI x kg temp85 H Y H X aj temp85
1 70.971 I 0 0 1908














































































































IG maximized
MI x xj tempsy 0.4591 54 is better boundary
MI x xj temp85 0.2908

overfitting

254 54
h

Continuous values with Gini Index

Arrange continuous valued attribute in
increasing order

Select split point2
Change from one label to another
label

2

mean

avg

tomcan
avg
















































































































Take split point 80

31 7

480 8,0

Of 3 31 4

Gini x xj 80 1 g 3 0

Gini x nj 80 1 37 G 0.4897

Gini Y nj80 13 0 0.4897

0 3427

Take split Point 97.5

31 7

280 80
2

31 3 or 4

Gini x xj 97.5 1 f 3 0.5

Gini x nj 97 5 1 E E

Gini Y nj975 0.5 0 0.3












































































































Gini Y nj80 0.3427 97.5 has smaller value

Gini Y nj975 0.3 Flint
better splitting

DECISION TREES

dis discrete classification Ignestionotus
FeatureFeaturE Features

Features
Categorical Numerical Categorical continuous

continuous

ñtÉY'adapted
itself too much to the training data

It is not generalizable for test data

Pre Pruning
whilecreating DT I

11
If It OIG falls below a

particular value
than no more

splitting

ygygapppyagu.me
majority yes












































































































Post Pruning

a towampes cists Is

Iris ItoUS

b TS compute
entire treekfool

sumn IT
a El twine

High Jae Strygtake
NO NO

Pick each node in BU manner Humidity check if I

prune this node will it improve my
perforyanage

kfoot
sumn IT

twine

strfgtake
NO

V
9ʰᵈand asc original n

pruning
b a and b C Yes
c a and c b NO












































































































GTassification Regression Tree

I kini

BY HoursPlayed

E
E.gg

mm is continuous

919ssim
Ids

e.EE
30 µHifi3fresplitng.no 14

Average 25 30,1811212133
43 35 38 46

x ̅

14
x ̅ 39.8

standard Deviation FteS Hours

Coefficient of variation CV If 100

Toppingcond.tn 23

i
no of examples
Cv

9



















































































































Attribute outlook
outlook DrD1 in

932

is.FI.si55on
afineYnne.E
IIEEie

Stddev
AS

low

Standard Deviation Reduction similarity

SDR BSASTM

ÉÉgÉsÉfSD

chosen

Eiii







































































































   

	 Reference : https://saedsayad.com/decision_tree_reg.htm

	 	 	   https://www.youtube.com/watch?v=1i_V-2spSKs

	 	 	   https://www.youtube.com/watch?v=cxz53CU0y_4
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Ign astop

any

NLAngstop
















































































































D

É

DT Regression
Features discrete value Ijust discussed

Features have continuous values

marks
Linear Regression

hour














































































































Hours 11

Yes No

zF Hours 5.5 3.2

Yes

1.5 6Hours

hours marks

ition

14.5

marks2 1.5 marks2 2.5 marks2 14.5





















































































Before splitting

x ̅ CY 52 say Fdmdl
7 005
5 987
5.048
6 486

7.005
3.647 3.435 70.299 4.6860Effe6 019

splitting9.323
7.581
5.538
5.538
0 418
0.2

55 2.5

t.mn
iii si

s
at O y

51
0 3 4 0.6 4 0 1 9,1 4














































































































iaiis.is

s.Yy 5 2ECY T 2ECY TJ n 5 10
0 0196
0.0036 134 2506

1 14 0.0676 0.112 0 0224
0.0016

5 0 0196

0.36
1.44
3 24

4.9 2 25
23.062.3061.21
1.21
3.61

2.89
3.24
3 61

Weighted mean 00224 1 2.306 1 5448

5 5 5

18
mean

14.5





































References : 

https://www.youtube.com/watch?v=_wZ1Lo7bhGg

https://www.youtube.com/watch?v=sLXtCwxg5kI

https://medium.com/analytics-vidhya/regression-trees-decision-tree-for-regression-machine-
learning-e4d7525d8047
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staw.int
111gymean1obo

stop no of samples
multiple features

Multiple continuous X2 Y
features to

X x2

12
4 13

7 17

s Is És
thtimum of

É É I Errors
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