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FEATURE

SELECTION:

Only the “right”
features
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More data is not necessarily

more information...

FEATURE SELECTION:

THE RIGHT DATA

Feature Selection:

* Extract from the data useful and valuable
knowledge for real problem solving
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* Select a small subset of the original
features

e Such that we remove irrelevant and
redundant features

* Inorderto:
* Reduce computational complexity
* Improve model accuracy
* Increase model interpretability

FEATURE SELECTION:

THE RIGHT DATA
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* |dea: search for feature subsets, using the
classifier accuracy as the measure of utility for a

candidate subset

* Disadvantages:
e computational cost

* selected features are classifier
specific

WRAPPER
METHODS | Exemple

* Stepwise regression
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* |dea: Classifier estimations and feature
selection are not separated and interact

* Disadvantages:

 Selected features are classifier
specific
 Regularized_OF=0F+Aregularization_penalty

EMBEDDED | - t.oroie
METHODS * Regularization methods
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regularization_penalty

FILTER METHODS

Idea: Classifier’s estimation and feature
selection are separated and depend on a
specific measure of benefit

Most popular ones: rely on Mutual
Information (M) and Entropy

Mutual Information: measures linear and
non-linear associations among features

Example:

 Forward feature selection methods
based on Ml
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ENTROPY,
MUTUAL
INFORMATION
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Entropy

Entro Entropy Differential Entropy
Py > Discrete rv > Continous rv
Motivated by problems in the HX)=-— Z P(X =x)InP(X =x). fx(x) In fy(x)dx.
field of telecommunications XeX Jxex |
A Mathematical Theory of Communication* * Does not depend on the values * Doesnot depend on the
of X, only on its prob. values of X, only on its pdf
C.E.Shannon  (1948)
* H(a)=0 * (Can be negative
* A measure of uncertainty « H(X)=0, Non-negative * h(X)=In(a), X~Unif(0,a),
 One formula that changed « H(X)=In(n), X~Unif{a,,...,a}, « a=l, h(X)=0

the world... IS maximum « a<l, h(X)<0




Mutual Information Mutual Information

. MI(X,Y)=0iff X ] Y
. MI(X,X)=H(X)

O Discrete rv Continuous rv
.'|: PX =x.Y —y)
MIX.Y) =S Y P(X —xY —y)ln— e — 2" =V) v [ e Fyy)
g L& PX—oP —y) WM& = [ [ feveym et
O
"'E e Measures linear and non-linear associations between XandY
(o) « MI(X,Y)=0 - All properties hold, except
3 « Symmetric  MI(X,X)=+c0
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FORWARD
FEATURE
SELECTION
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FORWARD FEATURE SELECTION

Goal: Select a small subset of the original features, excluding
irrelevant and redundant features

@ Xj = argmax MI(C. S U {Xi}). %

F= Candidate features S= Selected features

C=Class-variable




FORWARD FEATURE SELECTION

Problem:

VIl{C, 8) + MI(C, X;|5)
MG 3) + MI(C, X;) — TMI(C, X;. §)
MIC 5) + MI(C, X)) — MI(X;. §) + MI(X;. §|C).

Calculation / Estimation




OBJECTIVE FUNCTIONS: INTERPRETABILITY

X; = argmax MI(C. 5 U {X;}).

X;=F

UL OF(X:) = MI(C. S) + MI(C. X:|S)




OBJECTIVE FUNCTIONS: INTERPRETABILITY

X; = argmax MI(C. 5 U {X;}).

X;=F

OF(X:) = MI(C, §) + MI(C. X;|S)

= MI(C, §5) + MI{C.X;) — TMII(C. X;, §)
VI(C, § MI(X;. S) - MI(X;. §|C).

Inter-feature Class-relevant
redundance Redundancy

© ® ©
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OF(X;) = MIC 5) + MI(C, X;) — MI(X;, §) + MI(X;, S|C).

Third Group of Methods

Method Objective function evaluated ar X;

CIFE MI(C.X;) — Y o5 (MICX;. Xo )2 MIQK;. Xs]C))
MI MI(C.X;) — o ¥ o5 (MIO/ Xs) — MIGG. X:]0))

CMIM MIIC X;) — maxy s {MICXE X ) — MICXG. X |C) )
IMIM MIIC X;) — maxy s [MICX ) — MUK X6 |0 — MITC X))

OFpymi(X;) = MI(X;,C) — max MING, X.) + {;‘1551_}% MI(X;, X.|C.

X.ES

FORWARD FEATURE

SELECTION | ° Class-relevant redundancy: contribution of a
candidate feature to the explanation of the

\ ETHODS class, when taken together with already

3R0 GROUP selected features
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THEORETICAL
COMPARISON
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NUMERICAL
COMPARISON:

How comparisons are usually done:
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Theoretical Setup:

. . . X+KY <0
s FI Class-Variable: & l S =
_ o . X4+EKkY =0
02 olﬁb%‘ i
- -
L gag Candidate Features: X, X-k'Y, X, Z
,,_§9“ ’
‘ o
By
-
=

2. THEORETICAL
COMPARISON:

USING A DISTRIBUTIONAL SETTING




FEATURE weLevance TYPES

[0, X+4+ky <0

 Class-Variable: R
e Candidate Features: X, X-k'Y, 4

Features Categories:

* Jrrelevant: Z

* Relevant: X, X-k'Y,
* Fully Relevant: X-k'Y

* Redundant:

* If we chose X then Is redundant
* If we chose then Xis redundant




la

3 = (x— )B% f-q0c  Vxy?=:

v 20 "l_iY-ub« {71 Features Order: OF were calculated

. theoretically assuming X, Y, and Z are indep.
af NCEY

t -
' A% Performance Measure:
vl Bayes Risk and Bayes Classifier

> THEORETICAL min{ Total Probabilit_y of Misclassifiction}
COMPARISON:

USING A DISTRIBUTIONAL SETTING
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THEORETICAL COMPARISON
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CONCLUSIONS

Theoretical framework for the comparison of feature selection methods.

Derivation of upper and lower bounds for the target objective functions.

Distributional setting to highlight deficiencies of feature selection

methods.

Identification of feature selection methods to be avoided and preferred.

JMI, CMIM or even
better: DMIM

MIM, MIFS, mRMR, maxMIFS:
Ignore complementary
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