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Traditional ML Pipeline
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Example: Predict When This Player Will Play Tennis?

Day |Outlook Temp. Humidity | Wind Play Tennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong | No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal | Weak Yes
D6 Rain Cool Normal |Strong |No
D7 Overcast Cool Normal | Weak Yes
D8 sunny Mild High Weak No
D9 sunny Cool Normal | Weak Yes
D10 |Rain Mild Normal |Strong |VYes
D11 |Sunny Mild Normal |Strong |Yes
D12 |Overcast Mild High Strong | Yes
D13 | Overcast Hot Normal | Weak Yes
D14 |Rain Mild High Strong | No
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Decision Tree Hypothesis Space

= |nternal nodes test the value of particular features x, and branch according to
the results of the test.

= Leaf nodes specify the class.

Outlook

S,
.-"'.-- -H""\-\.\_\_
o~ e

Sunny Overcast Rain

_.-"- T
- g
- .

AN ZAN

High Nommal Strong Weak

/ N\ / N\

No Yes No Yes

Suppose the features are Outlook (r)), Temperature (r:), Humidity (z3), and Wind
(x4). Then the feature vector x = (Sunny, Hot, High, Strong) will be classified as No. The

Temperature feature s irrelevant.
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Decision Tree Decision Boundaries

= Decision trees divide the feature space into axis-parallel rectangles, and label
each rectangle with one of the K class.

x2<3
7 i T T
:LA 1 L ~——
| i xl <4 xl=<3
o ; /\ /\
' L l i
5 0 L x2<4 |
) ) /\
0 L 0 l
| ° 0 = Advantages:
) 0 L o explicit relationship among features
, o | 1 > human interpretable model
o 5 4 6  xl = Limitations?
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Learning Algorithm for Decision Trees

__________________________________________________________________________________________________________________________________

GROWTREE(S) e
if (y =0 for all (x,y) € S) return new leaf(0)
else if (y = 1 for all (x,y) € S) return new leaf(1)

else

choose best attribute z;
So = all (x,y) € S with z; = 0;
S; =all (x,y) € S with z; = 1;

__________________________________________________________________________________________________________________________________
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Which feature is "best"?

[29+,35-]

1

121+, 51|

[8+ 30-] |

29+ 35-]

A2

[18+, 33-]

\

‘ False ‘

\

111+, 2|




Which feature is "best"?

Tree 1 Ten'ip \ Tree 2
Cool Mild Hot
| \
/ Outlook g Outlook
Outlook / | 7\
Sunn Rain '
) | Strong Weak Sunny Overcast Rain
/ Humidity 7/ \ / \
— ¢ Hi'gh No Hlj,m‘dl?’ Humidity Yes Wind
Wind Z Ilk Normal | [High / \ / \
Overcast Yes Qutloo P I -
/ \ : Yes Outlook High Normal Strong Weak
Strong || Weak ||Sunny | |Overcast I / N\ / \
Yes|—7 \ < ; Sunny [ |Overcast No Yes No Yes
No |Yes va
No Yes ! No
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Using Absolute error

ChooseBestfeature(S)
choose j to minimize J;, computed as follows:
' So =all (x,y) ESwithx;=0
Si=all(x,y) ESwithx;=1
Yo = the most common value of y in So
y1 = the most common value of y in S,
Jo = number of examples (x, y) € So withy £ yo
J1 = number of examples (x, y) € Sy withy # y;
i J=Jo+ // total classification errors if we split on feature j
return j

___________________________________________________________________________________________________________________________________________
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Using Absolute error - Example

_______________________________________________________________________________________
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Using Absolute error - Example

201( 10

' Classification error is not as

x 1 .

//\'\\\  sensitive to changes in data

'|g: | g ‘ + I 1 10 —— distribution, so it might not |
. i provide enough signal for

‘/\ /\ deciding where to split next.
2[0] ols] [8]0 0]2 Better Criteria?
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= Sisasample of training examples
" p, is the proportion of positive examples

= p_is the proportion of negative examples

= Entropy measures the impurity of S

,.-/ - - | _ Entropy(S) = -p, log, p, - p_log, p.
[ (-2 \
| = H"

0.2 0.4 0.6 0.8 1.0
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Information Gain = Reduction in Entropy

[29+,35'] Entropy(S) = _%1%3 (gz) - g log, (32) [29+,35']
Entropy(S) = 0.99 A,=?

A,=7?
‘True\ ‘False\ ‘True{ ;False\
Choose the best I—% \
[[21+,51|  [[8+, 30-]| it o solitor [18+,33]| [[11+, 2]
the one with highest
Information Gain.




Information Gain = Reduction in Entropy

[29+,35-] [29+,35-]
A1 Entropy(S) = 0.99 A,=?
\%Lﬁl F alse m ‘ True { ; False \
[[21+,5-]|  |[8+,30-]] [18+ 33-] \[mz]\
Entropy([21+,5-]) Entropy([8+,30-]) Entropy([18+,33-]) Entropy([8+,30-])

=0.71 =0.74 =0.94 =0.62




Information Gain = Reduction in Entropy

[29+,35-] [29+,35-]
A,=7? Entropy(S) = 0.99 A,=7?
B /_\ _____________________________________________ /____-
' Gain(S,A1)=Entropy(S) i . Gain(S,A2)=Entropy(S)
-26/64*Entropy([21+,5-]) § -51/64*Entropy([18+,33-])

. -38/64*Entropy([8+,30-]) | ~ -13/64*Entropy([11+,2-]) || False

. =0.27 : . =012

B, S i | \

[[21+,5-|  |[8+,30] g 27 01y [18+331]  [(11+, 2]]

Entropy([21+,5-]) Entropy([8+,30-]) Entropy([18+,33-]) Entropy([8+,30-])
=0.71 =0.74 =094 =0.62
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Example

Day |Outlook Temp. Humidity | Wind Play Tennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong | No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal | Weak Yes
D6 Rain Cool Normal |Strong |No
D7 Overcast Cool Normal | Weak Yes
D8 sunny Mild High Weak No
D9 sunny Cool Normal | Weak Yes
D10 |Rain Mild Normal |Strong |VYes
D11 |Sunny Mild Normal |Strong |Yes
D12 |Overcast Mild High Strong | Yes
D13 | Overcast Hot Normal | Weak Yes
D14 |Rain Mild High Strong | No




Example: Selecting the Best Feature

(ID3 Algorithm)
S=[9+,5-] S=[9+,5-] S=[9+,5-]
E=0.940 E=0.940 E=0.940
Humidity Wind Outlook
|
Over
cast
6+, 1-] 6+, 2-] 2+, 3-] | [4+, 0] |
E=0.985 E=0.592 E=0.811 E=1.0 E=0.971 E=0.0 E=0.971
Gain(S,Humidity) Gain(S,Wind) Gain(S,Outlook)
=0.940-(7/14)*0.985 =0.940-(8/14)*0.811 =0.940-(5/14)*0.971
—(7/14)70.592 —(6/14)*1.0 -(4/14)*0.0 — (5/14)*0.0971
=0.151 =0.048 =0.247




*Gain(S,0Outlook) =0.247

Example: (ID3 Algorithm) & emim cotag

e Gain(S,Temperature) =0.029

[D1,D2,...,D14]
[9+,5-]

Outlook

‘ Overcast ‘

Rain

Ssunny=1D1,D02,D8,09,D11] [D3,D7,D12,D13] [D4,D5,06,D010,D14]

[2+,3-] [4+,0- [3+,2-]
/ ? Yes | ?

Gain(S Humidity)=0.970-(3/5)0.0 — 2/5(0.0) = 0.970
| Gain(S Temp.)=0.970-(2/5)0.0 —2/5(1.0)-(1/5)0.0 = 0.570
Gain(S Wind)=0.970= -(2/5)1.0 — 3/5(0.918) = 0.019

sunny

sunny

sunny

\




When should we stop

= All samples for a given node belong to the same class.
o If all instances are "Yes", there's no need to ask more questions.

" There are no remaining features for further partitioning.

> You ran out of features, but still have both "Yes" and "No" samples - choose the
majority class (say, "Yes").

" There are no samples left

o If a split condition results in an empty group, fill it with the majority class of the
parent node.
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Converting a Tree to Rules

/lSunny | | Overcast |

Humidity Yes

Yes

. If (Outlook=Sunny) A (Humidity=High) Then PlayTennis=No

. If (Outlook=Sunny) A (Humidity=Normal) Then PlayTennis=Yes
. If (Outlook=0vercast) Then PlayTennis=Yes

. If (Outlook=Rain) A (Wind=Strong) Then PlayTennis=No

. If (Outlook=Rain) A (Wind=Weak) Then PlayTennis=Yes

N

X X0 X0 X0 0
5w

(2]




Challenges: (1) Continous features

Convert continous features to disrete intervalls
= Temperature=24°C, Temperature =27°C
= (Temperature > 20.0°C) = {true, false}

How to recognise a good threshold?

Temperature

15°C

18°C

19°C

22°C

24°C

27°C

Tennis

No

No

Yes

Yes

Yes

No




Challenges: (2) Overfitting

0.9 r T : r T r T ' r
* The idea: Stop growing the tree

if the improvement is minor 08T

= Pruning Decision Trees involves "
a set of techniques that can be
used to simplify a Decision Tree,
and enable it to generalize 0.65
better (to avoid overtraining).

075 r

Accuracy
=
)

0.6 F On training data —

= Qverfitting occurs when the 0ss Ontest daa ==
model trains too well and starts o |
learning noise other than the P 10 2 R
required characteristics Size of tree (number of nodes)




Challenges: (2) Overtitting

Tear production rate

normal

Tear production rate

normal

spectacle prescription
n,bt presbyopic h permetroﬁe\
1

hypermetrope

\
1
I
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Challenges: (2) Overfitting

= Some Possible methods to apply pruning:
> Max depth: controls the maximum depth of the tree.

> Min samples split: controls the minimum number of samples that are
required to split an internal node (prevent the tree from creating overfitting
by creating branches with very few samples)

> Threshold for Class-Related Samples: Consider setting a threshold for the
percentage of samples related to a specific class.

o Experimentation and evaluation are key to determining the most effective threshold for
your particular scenario.
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Challenges: (3) Attributes with many values

" |nformation Gain tends to prefer Attributes with many values.

= |t would prefer to split on say the 6-valued feature, over the current 2- or 3-
valued attributes.

[10 10 10 10 10 10] [30 30]

= Solution?
Gain(S,A4) | "Whydon't we just divide

- GainRatio(S, 4) = Split(S, A) | Information Gain by the number of
oot Values the attribute has?"

example

[10 10 10 10 10 10] [25 25 2 2 3 3] [30 30]
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Challenges: (3) Attributes with many values

______________________________________________________

Gain(S, A)
Split(S, A)

______________________________________________________

= Solution?

' GainRatio(S, A) =

o Split Information (Split(S, A)) measures how broadly and evenly the data is split
when you use feature A.

5)

- loe.
UE.::( g

*c: number of distinct values of feature A
*S;: subset of S where feature A=v,

*|S,|: number of instances in subset S,
*|S|: total number of instances




In The Next Lecture...

New input

O locd! dwdo

Predlcted
output

5 g0l 2,5

Estimation Strategies
and
Evaluation Criteria

RIAD SONBOL - ML COURSE 27




	Slide 1:  أشجار القرار Decision Tree 
	Slide 2: Traditional ML Pipeline
	Slide 3: Example: Predict When This Player Will Play Tennis?
	Slide 4: Decision Tree Hypothesis Space
	Slide 5: Decision Tree Decision Boundaries
	Slide 6: Learning Algorithm for Decision Trees
	Slide 7: Which feature is "best"?
	Slide 8: Which feature is "best"?
	Slide 9: Using Absolute error
	Slide 10: Using Absolute error - Example
	Slide 11: Using Absolute error - Example
	Slide 12: Entropy
	Slide 13: Information Gain = Reduction in Entropy
	Slide 14: Information Gain = Reduction in Entropy
	Slide 15: Information Gain = Reduction in Entropy
	Slide 16: Example
	Slide 17: Example: Selecting the Best Feature (ID3 Algorithm)
	Slide 18: Example: (ID3 Algorithm)
	Slide 19: When should we stop
	Slide 20: Converting a Tree to Rules
	Slide 21: Challenges: (1) Continous features
	Slide 22: Challenges: (2) Overfitting
	Slide 23: Challenges: (2) Overfitting
	Slide 24: Challenges: (2) Overfitting
	Slide 25: Challenges: (3) Attributes with many values
	Slide 26: Challenges: (3) Attributes with many values
	Slide 27: In The Next Lecture…

