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Abstract

This pap er prop oses a new feature selec-

tion score for text classi�cation. The v alue

that this score assigns to eac h feature has

an app ealing Ba y esian in terpretation, b eing

the p osterior probabilit y of inclusion of the

feature in a mo del. W e ev aluate the p er-

formance of the score, together with �v e

other feature selection scores that ha v e b een

prominen t in the text categorization litera-

ture, using four classi�cation algorithms and

t w o b enc hmark text datasets. W e �nd that

the new score p erforms w ell although no one

score dominates all others.

1 In tro duction

The text classi�cation literature tends to fo cus on fea-

ture selection algorithms that compute a score inde-

p enden tly for eac h candidate feature. This is the so-

called �ltering approac h. The scores t ypically con trast

the coun ts of o ccurrences of w ords or other linguistic

artifacts in training do cumen ts that b elong to the tar-

get class with the same coun ts for do cumen ts that do

not b elong to the target class. Giv en a prede�ned

n um b er of w ords to b e selected, sa y d , one c ho oses the

d w ords with the highest score. Sev eral score func-

tions exist (Section 3 pro vides de�nitions). Y ang and

P edersen (1997) sho w that Information Gain and �

2

statistics p erformed b est among �v e di�eren t scores.

F orman (2003) pro vides evidence that these t w o scores

ha v e correlated failures. Hence when c ho osing opti-

mal pairs of scores these t w o scores w ork p o orly to-

gether. He in tro duced a new score, the Bi-Normal

Separation, that yields the b est p erformance on the

greatest n um b er of tasks among t w elv e feature selec-

tion scores. Mladenic and Grob elnik (1999) compare

elev en scores com bined using a Naiv e Ba y es classi�er

and �nd that the Odds Ratio score p erformed b est in

the highest n um b er of tasks.

In regression and classi�cation problems in Statis-

tics, p opular feature selection strategies dep end on the

same algorithm that �ts the mo dels. This is the so-

called wr app er approac h. F or example, Best subset r e-

gr ession �nds for eac h k the b est subset of size k based

on residual sum of squares. L e aps and b ounds is an e�-

cien t algorithm that �nds the b est set of features when

the n um b er of predictors is no larger than ab out 40.

Miller (2002) pro vides an extensiv e discussion.

Barbieri and Berger (2004) in a Ba y esian con text

and under certain assumptions sho w that for selection

among normal linear mo dels, the b est mo del con tains

those features whic h ha v e o v erall p osterior probabil-

it y greater than or equal to 1 = 2. Motiv ated b y this

study w e in tro duce a new feature selection score (PIP)

that ev aluates the p osterior probabilit y of inclusion

of a giv en feature o v er all p ossible mo dels, where the

mo dels corresp ond to a set of features. Unlik e t ypical

scores used for feature selection via �ltering, the PIP

score do es dep end on a sp eci�c mo del. In this sense,

the new score straddles the �ltering and wrapp er ap-

proac hes.

W e presen t exp erimen ts that compare the new fea-

ture selection score with �v e other feature selection

scores that ha v e b een prominen t in the studies men-

tioned ab o v e. W e ev aluate these feature selection

scores on t w o widely-used b enc hmark text classi�ca-

tion datasets, Reuters-21578 and 20-Newsgroups, with

four classi�cation algorithms. F ollo wing previous stud-

ies, w e measure the p erformance of the classi�cation

algorithms using the F

1

measure.

W e ha v e organized this pap er as follo ws. Section 2

brie
y presen ts the theory that motiv ates the new fea-

ture selection score. Section 3 describ es the v arious

feature selection scores w e consider, b oth the new score

and the v arious existing comp etitors. In Section 4 w e

men tion the classi�cation algorithms that w e use to

compare the feature selection scores. The exp erimen-



tal settings and exp erimen tal results are in Section 5.

Section 6 has the conclusions.

2 Motiv ation for the new feature

selection score (PIP)

In this section w e presen t the theory b ehind the me-

dian probabilit y mo del in tro duced b y Barbieri and

Berger (2004) that motiv ates our w ork. Consider the

usual normal linear mo del:

y = X � + � (1)

where y is the n � 1 v ector of observ ed v alues of the

resp onse v ariable, X is the n � k ( k < n ) full rank

design matrix of co v ariates, and � is a k � 1 v ector of

unkno wn co e�cien ts. Assume that the co ordinates of

the random error v ector are indep enden t, eac h with a

normal distribution with mean 0 and v ariance �

2

.

W e call the mo del in equation (1) the ful l mo del and

consider selecting a mo del from among all submo dels

of the form M

l

: y = X

l

�

l

+ � , where l = ( l

1

; :::; l

k

) is

the mo del index, l

i

b eing either 1 or 0 as co v ariate x

i

is in or out of the mo del; X

l

con tains the columns of X

corresp onding to the nonzero co ordinates of l ; and �

l

is the corresp onding v ector of regression co e�cien ts.

F or a future v ector of co v ariates x

�

= ( x

�

1

; :::; x

�

k

), w e

assume that the loss in predicting y

�

= x

�

� + � b y ^y

�

is the squared error loss L ( ^ y

�

; y

�

) = ( ^ y

�

� y

�

)

2

:

Assume also that co v ariates x

�

arise according to some

distribution and that the k � k matrix:

Q = E ( x

� T

x

�

) ; (2)

exists and is p ositiv e de�nite.

The optimal predictor of y

�

, under squared error loss

and when the mo del M

l

is true, is giv en b y

^y

�

l

= x

�

H

l

~

�

l

; (3)

where

~

�

l

is the p osterior mean of �

l

with resp ect to

�

l

( �

l

; � j y ), the p osterior distribution of the unkno wn

parameters in M

l

. H

l

is the matrix suc h that xH

l

is

the sub v ector of x corresp onding to the nonzero co or-

dinates of l , i.e., the co v ariate v ector corresp onding to

mo del M

l

.

When one m ust select a single mo del, under the

Ba y esian approac h, a common p erception exists that

the optimal predictiv e mo del is the mo del with the

high test p osterior probabilit y . Ho w ev er, this is not

necessarily the case. F or selection among normal lin-

ear mo dels, the optimal predictiv e mo del is often the

median probabilit y mo del, whic h w e de�ne in what

follo ws.

De�nition 1 The p osterior inclusion probabilit y for

v ariable x

i

is

p

i

=

X

l : l

i

=1

P ( M

l

j y )

De�nition 2 If it exists, the median probabilit y

mo del, M

l

�

, is the mo del that con tains all those v ari-

ables whose p osterior inclusion probabilit y is at least

1 = 2. More precisely , l

�

is suc h that

l

�

i

=

�

1 if p

i

�

1

2

0 otherwise

Theorem Supp ose w e select a single mo del to predict

a future observ ation. If:

i ) Q (as in (2)) is diagonal with diagonal elemen ts

q

i

> 0, and

ii )

~

�

l

= H

l

~

� where

~

�

l

is de�ned in (3) (i.e. that the

p osterior mean of �

l

corresp ond to the relev an t co or-

dinates of the p osterior mean in the full mo del),

then the median probabilit y mo del is the b est predic-

tiv e mo del.

The results in Barbieri and Berger (2004) do not di-

rectly apply to the mo dels that w e consider. W e do

not consider normal linear mo dels and furthermore Q

is rarely a diagonal matrix in practice. Nonetheless,

the remark able results in Barbieri and Berger (2004)

do suggest that the median probabilit y mo del certainly

w arran ts consideration ev en in situations where the

conditions do not strictly apply . In what follo ws w e

presen t a no v el algorithm for computing the p osterior

inclusion probabilit y for di�eren t text categorization

mo dels.

3 F eature Selection Scores

F eature selection, or w ord selection in the exp erimen ts

of this study , uses a score to select the b est d w ords

from all w ords that app ear in the training set. Be-

fore w e list the feature selection scores that w e study ,

w e in tro duce some notation. T able 1 sho w the basic

statistics for a single w ord and a single category (or

class).

n

k w

: n

�

of do cumen ts in class c

k

with w ord w .

n

k w

: n

�

of do cumen ts in class c

k

without w ord w .

n

k w

: n

�

of do cumen ts not in class c

k

with w ord w .

n

k w

: n

�

of do cumen ts not in class c

k

without w ord w .



c

k

c

k

w n

k w

n

k w

n

w

w n

k w

n

k w

n

w

n

k

n

k

n

T able 1: Tw o-w a y con tingency table of w ord w and

category c

k

n

k

: total n

�

of do cumen ts in class c

k

.

n

k

: total n

�

of do cumen ts that are not in class c

k

.

n

w

: total n

�

of do cumen ts with w ord w .

n

w

: total n

�

of do cumen ts without w ord w .

n : total n

�

of do cumen ts.

3.1 P osterior Inclusion Probabilit y (PIP)

under a Bernoulli distribution

W e in tro duce a new feature selection score whic h is

motiv ated b y the median probabilit y mo del. W e �rst

consider the binary naiv e Ba y es mo del. Section 3 : 2

considers a naiv e Ba y es mo del with P oisson distribu-

tions for w ord frequency . This score for feature or w ord

w and class c

k

is de�ned as

P I P ( w ; c

k

) =

l

0 w k

l

0 w k

+ l

w k

(4)

where

l

0 w k

=

B ( n

k w

+ �

k w

; n

k w

�

k w

)

B ( �

k w

; �

k w

)

�

B ( n

k w

+ �

k w

; n

k w

+ �

k w

)

B ( �

k w

; �

k w

)

l

w k

=

B ( n

w

+ �

w

; n

w

+ �

w

)

B ( �

w

; �

w

)

B ( a; b ) is the B eta function whic h is de�ned as

B ( a; b ) =

�( a )�( b )

�( a + b )

, and �

k w

, �

k w

, �

w

, �

k w

, �

k w

, �

w

are constan ts set b y the practitioner. In our exp er-

imen ts w e set them to b e �

w

= 0 : 2, �

w

= 2 = 25 for

all w ords w , �

k w

= 0 : 1, �

k
w

= 0 : 1, �

k w

= 1 = 25 and

�

k w

= 1 = 25 for all categories k and w ords w . These

settings corresp ond to rather di�use priors.

W e explicate this score on the con text of a t w o-

candidate-w ord mo del. In general, with d candidate

w ords, there are 2

d

mo dels corresp onding to allp ossi-

ble subsets of the w ords. F or t w o w ords, Figure 1 w e

sho w a graphical represen tation of the four p ossible

mo dels. The corresp onding lik eliho o ds for eac h mo del

are giv en b y

M

(1 ; 1)

:

Q

i

P r ( w

i 1

; w

i 2

; c

i

j �

1 c

; �

2 c

) =

Q

i

B ( w

i 1

; �

k 1

)

�B ( w

i 1

; �

k 1

) B ( w

i 2

; �

k 2

) B ( w

i 2

; �

k 2

) P r ( c

i

j �

k

)

C


w
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 w
2
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Figure 1: Graphical mo del represen tation of the four

mo dels with t w o w ords, w

1

and w

2

.

M

(1 ; 0)

:

Q

i

P r ( w

i 1

; w

i 2

; c

i

j �

1 c

; �

2

) =

Q

i

B ( w

i 1

; �

k 1

)

�B ( w

i 1

; �

k 1

) B ( w

i 2

; �

2

) B ( w

i 2

; �

2

) P r ( c

i

j �

k

)

M

(0 ; 1)

:

Q

i

P r ( w

i 1

; w

i 2

; c

i

j �

1

; �

2 c

) =

Q

i

B ( w

i 1

; �

1

)

�B ( w

i 1

; �

1

) B ( w

i 2

; �

k 2

) B ( w

i 2

; �

k 2

) P r ( c

i

j �

k

)

M

(0 ; 0)

:

Q

i

P r ( w

i 1

; w

i 2

; c

i

j �

1

; �

2

) =

Q

i

B ( w

i 1

; �

1

)

�B ( w

i 1

; �

1

) B ( w

i 2

; �

2

) B ( w

i 2

; �

2

) P r ( c

i

j �

k

)

where w

ij

tak es the v alue 1 if do cumen t i con tains

w ord j and 0 otherwise, c

i

is 1 if do cumen t i is in

category k otherwise is 0, P r ( c

i

j �

k

) = B ( c

i

; �

k

) and

B ( w ; � ) = �

w

(1 � � )

1 � w

denotes a Bernoulli probabilit y

distribution.

Therefore, in mo del M

(1 ; 1)

the presence or absence of

b oth w ords in a giv en do cuemen t dep ends on the do cu-

men t class. �

k 1

corresp onds to the prop ortion of do c-

umen ts in category c

k

with w ord w

1

and �

k 1

to the

prop ortion of do cumen ts not in category c

k

with w ord

w

1

. In mo del M

(1 ; 0)

only w ord w

1

dep ends on the

category of the do cumen t and �

2

corresp ond to the

prop ortion of do cumen ts with w ord w

2

regardless of

the category asso ciated with them. �

k

is the prop or-

tion of do cumen ts in category c

k

and P r ( c

i

j �

k

) is the

probabilit y that do cumen t d

i

is in category c

k

.

W e assume the follo wing prior probabilit y distribu-

tions for the parameters,

�

k w

� B eta ( �

k w

; �

k w

)

�

k w

� B eta ( �

k w

; �

k w

)

�

w

� B eta ( �

w

; �

w

)

�

k

� B eta ( �

k

; �

k

)

where B eta ( �; � ) denotes a Beta distribution, i.e.

P r ( � j �; � ) =

1

B ( �;� )

�

� � 1

(1 � � )

� � 1

, k 2 f 1 ; :::; m g and

w 2 f 1 ; :::; d g .

Then the marginal lik eliho o ds for eac h of the four mo d-

els ab o v e are:

P r ( data j M

(1 ; 1)

) = l

0

� l

01 k

� l

02 k

P r ( data j M

(1 ; 0)

) = l

0

� l

01 k

� l

2 k

P r ( data j M

(0 ; 1)

) = l

0

� l

1 k

� l

02 k

P r ( data j M

(0 ; 0)

) = l

0

� l

1 k

� l

2 k

where l

0 w k

and l

w k

are de�ned ab o v e for w 2

f 1 ; 2 ; :::; d g and l

0

=

R

1

0

Q

i

P r ( c

i

j �

k

) P r ( �

k

j �

k

; �

k

) d�

k

is the marginal probabilit y for the category of the do c-

umen ts.



The o v erall p osterior probabilit y that a feature is in-

cluded in a mo del, its p osterior inclusion probabilit y

(PIP), is de�ned as

P I P ( w ; c

k

) =

X

l : l

j

=1

P r ( M

l

j data ) (5)

where l is a v ector of length the n um b er of features

and the j th comp onen t tak es the v alue 1 if the j th

feature is included in mo del M

l

, otherwise it is 0. It

is straigh tforw ard to sho w that P I P ( w ; c

k

) in equa-

tion (4) is equiv alen t to P I P ( w ; c

k

) in equation (5),

if w e assume that the prior probabilit y densit y for the

mo dels is uniform, e.g. P r ( M

l

) / 1.

In the example ab o v e, the p osterior inclusion proba-

bilit y for w ord w

1

is giv en b y ,

P r ( w

1

j c

k

) = P r ( M

(1 ; 1)

j data ) + P r ( M

(1 ; 0)

j data )

=

l

01 k

l

01 k

+ l

1 k

T o get a single \bag of w ords" for all categories w e

compute the w eigh ted a v erage of P I P ( w ; c

k

) o v er all

categories.

P I P ( w ) =

X

k

P r ( c

k

) P I P ( w ; c

k

)

W e note that Dash and Co op er (2002) presen t sim-

ilar manipulations of the naiv e Ba y es mo del but for

mo del a v eraging purp oses rather than �nding the me-

dian probabilit y mo del.

3.2 P osterior Inclusion Probabilit y (PIPp)

under P oisson distributions

A gernalization of the binary naiv e Ba y es mo del as-

sumes class-conditional P oisson distributions for the

w ord frequencies in a do cumen t. As b efore, assume

that the probabilit y distribution for a w ord in a do c-

umen t migh t or migh t not dep end on the category of

the do cumen t. More precisely , if the distribution for

w ord w dep ends on the category c

k

of the do cumen t

w e ha v e,

P r ( w j c = 1) =

e

� �

k w

�

w

k w

w !

P r ( w j c = 0) =

e

� �

k w

�

w

k w

w !

where w denotes a sp eci�c w ord and the n um b er of

times that w ord app ears in the do cumen t and �

k w

( �

k w

) represen ts the exp ected n um b er of times that

w ord w app ears in do cumen ts in category c

k

( c

k

). If

the distribution for w ord w do es not dep end on the

category of the do cumen t then w e ha v e,

P r ( w ) =

e

� �

w

�

w

w

w !

where �

w

represen ts the exp ected n um b er of times w

app ears in a do cumen t regardless of the category of

the do cumen t.

Assume the follo wing conjugate prior probabilit y den-

sities for the parameters,

�

k w

� Gamma ( �

k w

; �

k w

)

�

k w

� Gamma ( �

k w

; �

k w

)

�

w

� Gamma ( �

w

; �

w

)

where �

k w

; �

k w

; �

k w

; �

k w

; �

w

; �

w

are h yp erparameters

to b e set b y the practitioner.

No w, as b efore, the p osterior inclusion probabilit y for

p oisson distributions (PIPp) is giv en b y

P I P p ( w ; c

k

) =

l

0 w k

l

0 w k

+ l

w k

where

l

0 w k

=

�( N

k w

+ �

k w

)

�( �

k w

) �

�

k w

k w

�( N

k w

+ �

k w

)

�( �

k w

) �

�

k w

k w

� (

�

k w

n

k

�

k w

+ 1

)

n

k w

+ �

k w

(

�

k w

n

k

�

k w

+ 1

)

n

k w

+ �

k w

l

w k

=

�( N

w

+ �

w

)

�( �

w

)

(

�

w

�

w

n + 1

)

n

w

+ �

w

1

�

�

w

w

This time, N

k w

; N

k w

; N

w

denote:

N

k w

: n

�

of times w ord w app ears in do cumen ts in

class c

k

.

N

k w

: n

�

of times w ord w app ears in do cumen ts not in

class c

k

.

N

w

: total n

�

of times that w ord w app ears in all do c-

umen ts.

As b efore, to get a single \bag of w ords" for

all categories w e compute the w eigh ted a v erage of

P I P p ( w ; c

k

) o v er all categories.

P I P p ( w ) =

X

k

P r ( c

k

) P I P p ( w ; c

k

)

3.3 Information Gain (IG)

Information gain is a p opular score for feature selec-

tion in the �eld of mac hine learning. In particular it

is used in the C4.5 decision tree inductiv e algorithm.



Y ang and P edersen (1997) compare �v e di�eren t fea-

ture selection scores on 2 datasets and sho w that In-

formation Gain is among the t w o most e�ectiv e ones.

The information gain of w ord w is de�ned to b e:

I G ( w ) = �

m

X

k =1

P r ( c

k

) log P r ( c

k

)

+ P r ( w )

m

X

k =1

P r ( c

k

j w ) log P r ( c

k

j w )

+ P r ( w )

m

X

k =1

P r ( c

k

j w ) log P r ( c

k

j w )

where f c

k

g

m

k =1

denote the set of categories and w the

abscence of w ord w . It measures the decrease in en-

trop y when the feature is presen t v ersus when the fea-

ture is absen t.

3.4 Bi-Normal Separation (BNS)

F orman (2003) de�nes Bi-Normal Separation as:

B N S ( w ; c

k

) = j �

� 1

(

n

k w

n

k

) � �

� 1

(

n

k w

n

k

) j

where � is the standard normal distribution and �

� 1

its corresp onding in v erse. �

� 1

(0) is set to b e equal to

0 : 0005 to a v oid n umerical problems follo wing F orman

(2003). By a v eraging o v er all categories, w e get a score

that selects a single set of w ords for all categories.

B N S ( w ) =

m

X

k =1

P r ( c

k

) j �

� 1

(

n

k w

n

k

) � �

� 1

(

n

k w

n

k

) j

3.5 Chi-Square

The c hi-square feature selection score, �

2

( w ; c

k

), mea-

sures the dep endence b et w een w ord w and category c

k

.

If w ord w and category c

k

are indep enden t �

2

( w ; c

k

) is

equal to zero. When w e select a di�eren t set of w ords

for eac h category w e utilise the follo wing score,

�

2

( w ; c

k

) =

n ( n

k w

n

k w

� n

k w

n

k w

)

2

n

k

n

w

n

k

n

w

:

Again, b y a v eraging o v er all categories w e get a score

for selecting a single set of w ords for all categories.

�

2

( w ) =

m

X

k =1

P r ( c

k

) �

2

( w ; c

k

) :

3.6 Odds Ratio

The Odds Ratio measures the o dds of w ord w o ccur-

ing in do cumen ts in category c

k

divided b y the o dds

of w ord w not o ccuring in do cumen ts in category c

k

.

Mladenic and Grob elnik (1999) �nd this to b e the b est

score among elev en scores for a Naiv e Ba y es classi�er.

F or category c

k

and w ord w the Odds Ratio (OR) is

giv en b y ,

O R ( w ; c

k

) =

n

k w

+0 : 1

n

k

+0 : 1

=

n

k
w

+0 : 1

n

k

+0 : 1

n

k w

+0 : 1

n

k

+0 : 1

=

n

k w

+0 : 1

n

k

+0 : 1

where w e added the constan t 0 : 1 to a v oid n umerical

problems. By a v eraging o v er all categories w e get,

O R ( w ) =

X

k

P r ( c

k

) O ddsR atio ( w ; c

k

) :

3.7 W ord F requency

This is the simplest of the feature selection scores. In

the study of Y ang and P edersen (1997) they sho w that

w ord frequency is the third b est after information gain

and �

2

. They also p oin t out that there is strong cor-

relation b et w een these t w o scores and w ord frequency .

F or eac h category c

k

w ord frequency for w ord w , is the

n um b er of do cumen ts in c

k

that con tain w ord w , i.e.

W F ( w ; c

k

) = n

k w

:

Av eraging o v er all categories w e get a score for eac h

w ,

W F ( w ) =

X

k

P r ( c

k

) W F ( w ; c

k

) =

X

k

P r ( c

k

) n

k w

:

4 Classi�cation Algorithms

T o determine the p erformance of the di�eren t fea-

ture selection scores, the classi�cation algorithms that

w e consider are the Multinomial, P oisson and Binary

Naiv e Ba y es classi�ers ( McCallum and Nigam, 1998,

Lewis, 1998, and Eyheramendy et al , 2003) and the hi-

erarc hical probit classi�er of Genkin et al (2003). The

naiv e Ba y es mo dels are generativ e mo dels (i.e., mo dels

for P r ( x; y )) while the probit is a discriminativ e mo del

(i.e., a mo del for P r ( y j x )). Man y text classi�cation

applications con tin ue to utilize Naiv e Ba y es mo dels.

Ho w ev er, discriminativ e mo dels suc h as supp ort v ector

mac hines and the hierarc hical probit classifer t ypically

pro vide sup erior predictiv e p erformance. Genkin et al.

(2003) pro vide detailed exp erimen tal results.

5 Exp erimen tal Settings and Results

Before w e start the analysis w e remo v e common non-

informativ e w ords tak en from a standard stopwor d list

of 571 w ords and w e remo v e w ords that app ear less
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Figure 2: Curv es of p erformance for the m ultinomial

mo del for di�eren t n um b er of w ords measure b y macro

F

1

and micro F

1

(whic h corresp ond to the b ottom and

top set of curv es resp.).

than three times in the training do cumen ts, justify-

ing this with the fact that they are unlik ely to app ear

in testing do cumen ts. This eliminates 8 ; 752 w ords in

the Reuters dataset (38% of all w ords in training do c-

umen ts) and 47 ; 118 w ords in the Newsgroups dataset

(29% of all w ords in training do cumen ts). W ords ap-

p ear on a v erage in 1 : 41 do cumen ts in the Reuters

dataset and in 1 : 55 do cumen ts in the Newsgroups

dataset.

5.1 Datasets

The 20-Newsgroups dataset con tains 19 ; 997 articles

divided almost ev enly in to 20 disjoin t categories.

The categories topics are related to computers,

p olitics, religion, sp ort and science. W e split the

dataset randomly in to 75% for training and 25% for

testing. W e to ok this v ersion of the dataset from

h ttp://www.ai.mit.edu/p eople/jrennie/20Newsgroups/ .

The other dataset comprises a subset of the Mo dApte

v ersion of the Reuters � 21 ; 578 collection, where eac h

do cumen t has assigned at least one topic lab el (or

category) and this topic lab el b elongs to an y of

the 10 most p opulous categories - earn, acq, grain,

wheat, crude, trade, in terest, corn, ship, money-fx.

It con tains 6 ; 775 do cumen ts in the training set and

2 ; 258 in the testing set.
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Figure 3: Curv es of p erformance for the probit mo del

for di�eren t n um b er of w ords measure b y macro and

micro F

1

(top and b ottom sets of curv es resp.) for the

Reuters dataset.

5.2 Exp erimen tal Results

In these exp erimen ts w e compare sev en feature selec-

tion scores, on t w o b enc hmark datasets, Reuters-21578

and Newgroups (see subsection 5 : 1), under four classi-

�cation algorithms (see section 4). W e rep ort so-called

F

1

p erformance measures. F

1

is the a v erage of preci-

sion and recall. See, for example, Genkin et al. (2003)

for details.

W e compare the p erformance of the classi�ers for dif-

feren t n um b ers of w ords and v ary the n um b er of w ords

from 10 to 1000. F or larger n um b er of w ords the clas-

si�ers tend to p erform somewhat more similarly , and

the e�ect of c hosing the w ords using a di�eren t feature

selection pro cedure is less noticeable.

Figure 2, 3, 4 and 5 sho w the micro and macro a v-

eraged F

1

measure for eac h of the feature selection

scores as w e v ary the n um b er of features to select for

the four classi�cation algorithms - m ultinomial, pro-

bit, p oisson and binary resp ectiv ely . In order to ha v e

b oth sets of curv es (the curv es with the micro F

1

and

macro F

1

measures) in the same graph w e mo v e them

apart. The y � axes for the micro F

1

(macro F

1

) mea-

sure corresp ond to the y � axes on the left (righ t). The

reader will �nd these �gures easier to read in a color

rather than blac k and white rendition.

W e noticed that PIP giv es, in general, high v alues to

all v ery frequen t w ords. This lead us to consider a

second v ersion of PIP and PIPp, PIPlf and PIPplf
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Figure 4: Curv es of p erformance for the p oisson mo del

for di�eren t n um b er of w ords measure b y micro F

1

and

macro F

1

(top and b ottom sets of curv es resp.) for the

Reuters dataset.

resp ectiv ely , whic h corresp ond to the same score but

with the w ords that app ear to o frequen tly remo v ed.

Sp eci�cally , w e remo v e w ords that app ear more than

2000 times in the Reuters dataset (that accoun ts for 15

w ords) and more than 3000 times in the Newsgroups

dataset (that accoun ts for 36 w ords).

Reuters . Lik e the results of F orman (2003), if for

scalabilit y reasons one is limited to a small n um b er of

features ( < 50) the b est a v ailable metrics are IG and

�

2

as Figures 2 � 5 sho w. F or larger n um b er of fea-

tures ( > 50), Figure 2 sho ws that PIPplf and PIPlf

are the b est scores for the m utinomial classi�er. Fig-

ure 4 and 5 sho w the p erformance for the p oisson and

binary classi�ers resp ectiv ely . PIPp follo w ed b y BNS

ac hiv e the b est p erformance in the P oisson classi�er

and PIPplf ac hiev es the b est p erformance in the bi-

nary classi�er. WF p erforms p o orly compare to the

other scores in all the classi�ers, ha ving the b est p er-

formance with the p oisson.

Newsgroups . �

2

follo w ed b y BNS, IG and PIP are

the b est p erforming measures in the probit classi�er.

�

2

is also the b est one in m ultinomial mo del follo w ed

b y BNS and in the binary classi�er with the macro F

1

measure. OR p erforms b est in the p oisson classi�er.

PIPp is b est in the binary classi�er under the micro F

1

measure. WF p erforms p o orly compare to the other

scores in all classi�ers. Because of lac k of space w e do

not sho w graphical displa y of the p erformance of the

classi�ers in the Newsgroups dataset.
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Figure 5: Curv es of p erformance for the binary naiv e

Ba y es mo del for di�eren t n um b er of w ords measure b y

micro F

1

and macro F

1

(top and b ottom sets of curv es

resp.) for the Reuters dataset.

T able 2 sho ws the p erformance of the four classi�ers in

the t w o datasets with 1,000 features. F or the Reuters

dataset, BNS pro vides the b est p erformance for three

of mo dels. Ho w ev er, a PIP score ties BNS in t w o cases,

and comes close in a third. PIPlf pro vides the b est

p erformance in one case. F or the newsgroup data, OR

and BNS are b est.

T able 3 sho ws the predictiv e p erformance with 200 fea-

tures. Again, PIP scores do w ell on Reuters and less

w ell on Newsgroups. The c hi-square score pro vides the

b est p erformance in t w o cases.

6 Conclusion

In this study w e in tro duced a new feature selection

score, PIP . The v alue that this score assigns to eac h

w ord has an app ealing Ba y esian in terpretation, b eing

the p osterior probabilit y of inclusion of the w ord in

a mo del. Suc h mo dels assume a probabilit y distribu-

tion on the w ords of the do cumen ts. W e consider t w o

probabilit y distributions, Bernoulli and P oisson. The

former tak es in to accoun t the presence or absence of

w ords in the do cumen ts, and the latter, the n um b er

of times eac h w ord app ears in the do cumen ts. F uture

researc h could consider alternativ e PIP so cres corre-

sp onding to di�eren t probabilistic mo dels.

�

2

, BNS, and PIP are the b est p erforming scores.

Still, feature selection scores and classi�cation algo-



IG PIP �

2

OR BNS WF PIP

p

PIP

lf

PIP

plf

Reuters-21578 dataset

probit 0.91 0.91 0.91 0.76 0.92 0.90 0.91 0.90 0.91

p oisNB 0.69 0.72 0.70 0.73 0.76 0.68 0.76 0.70 0.74

m ultiNB 0.84 0.84 0.84 0.73 0.84 0.81 0.83 0.86 0.85

binNB 0.79 0.82 0.80 0.69 0.83 0.76 0.83 0.81 0.82

20-Newsgroup dataset

probit 0.75 0.74 0.77 0.63 0.76 0.64 0.72 0.74 0.72

p oisNB 0.77 0.77 0.81 0.93 0.80 0.68 0.85 0.77 0.85

m ultiNB 0.58 0.59 0.62 0.50 0.64 0.61 0.55 0.62 0.58

binNB 0.55 0.52 0.58 0.59 0.56 0.46 0.57 0.52 0.57

T able 2: The �rst column corresp ond to the classi�er

(probit,p oisson,m ultinom i al ,bi nar y . The n um b ers on

the other columns corresp ond to the micro F

1

measure

for 1000 w ords.

IG PIP �

2

OR BNS WF PIP

p

PIP

lf

PIP

plf

Reuters-21578 dataset

probit 0.92 0.90 0.93 0.62 0.87 0.86 0.89 0.90 0.87

p oisNB 0.74 0.74 0.77 0.62 0.78 0.73 0.78 0.71 0.76

m ultiNB 0.78 0.77 0.80 0.58 0.78 0.68 0.78 0.82 0.81

binNB 0.77 0.76 0.80 0.67 0.77 0.65 0.77 0.78 0.81

20-Newsgroup dataset

probit 0.66 0.65 0.70 0.53 0.66 0.46 0.59 0.59 0.53

p oisNB 0.80 0.82 0.84 0.94 0.86 0.38 0.84 0.83 0.84

m ultiNB 0.52 0.53 0.58 0.51 0.55 0.37 0.53 0.53 0.47

binNB 0.53 0.50 0.56 0.43 0.58 0.36 0.58 0.53 0.58

T able 3: The �rst column corresp ond to the classi�er

(probit,p oisson,m ultinom i al ,bi nar y . The n um b ers on

the other columns corresp ond to the micro F

1

measure

for 200 w ords.

rithms seem to b e highly data- and mo del-dep enden t.

The feature selection literature rep orts similarly mixed

�ndings. F or instance, Y ang and P edersen (1997)

�nd that IG and �

2

are the strongest feature se-

lection scores. They p erform their exp erimen ts on

t w o datasets, Reuters-22173 and OHSUMED, and un-

der t w o classi�ers, kNN and a linear least square �t.

Mladenic and Grob elnik (1999) �nd that OR is the

strongest feature selection score. They p erform their

exp erimen ts on a Naiv e Ba y es mo del and use the Y a-

ho o dataset. F orman (2003) fa v ors bi-normal separa-

tion.

Our results regarding the p erformance of the di�eren t

scores are consisten t with Y ang and P edersen (1997)

in that �

2

and IG seem to b e strong scores for feature

selection in discriminativ e mo dels, but disagree in that

WF app ears to b e a w eak score in most instances. Note

that w e do not use exactly the same WF score. Ours

is a w eigh ted a v erage b y the category prop ortion.
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