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Abstract

We have developed a new effective probabilistic classifier for document classification by introducing the con
differential document vectors and DLSI (differential latent semantic indexing) spaces. A combined use of the projection
the distances to the DLSI spaces introduced from the differential document vectors improves the adaptability of the LS
semantic indexing) method by capturing unique characteristics of documents. Using the intra- and extra-document
both a simple posteriori calculation on a small example and an experiment on a large Reuters-21578 database demo
advantage of the DLSI space-based probabilistic classifier over the LSI space-based classifier in classification perform
 2003 Elsevier B.V. All rights reserved.
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This paper introduces a new efficient supervis
document classification procedure whereby, give
training set comprising a large number of labeled d
uments preclassified into a finite number of appro
ate clusters, one can generate a classifier to cla
any of new documents into an appropriate cluster.

The vector space model is widely used in docum
classification, where each document is represente
a vector of terms. To represent a document by a do
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responding terms. Then the standard pattern reco
tion and machine learning methods are employed
document classification [1,2].

In view of the inherent flexibility imbedded withi
any natural language, a staggering number of dim
sions seem required to represent the featuring s
of any practical document comprising the huge nu
ber of terms used. If a speedy classification algorit
can be developed [3], the first problem to be resol
is the dimensionality reduction scheme enabling
documents’ term projection onto a smaller subspac

Basically there are two types of approaches for p
jecting documents or reducing the documents’ dim

.



204 L. Chen et al. / Information Processing Letters 88 (2003) 203–212

sions. One is based on local methods, often referred
to as truncation, where we delete a number of “unim-
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characteristics of each document; a method must be
developed to improve an adverse performance of a
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portant” or “irrelevant” terms from a document ve
tor, the importance of a term being evaluated often
a weighting system based on its frequency of occ
rences in the document. The method is called local
cause each document is projected into a different s
space but its effect is minimal in document vectors
cause the vectors are sparse [3]. The approaches o
other type are often termed global methods, where
terms to be deleted are chosen first, ensuring tha
the document vectors are projected into the same
space with the same terms being deleted from e
document. In this process, a global method alw
loses some of the important features of adaptabilit
the unique characteristics of each document. How
improve this adaptability is our main task of the pap

Like an eigen-decomposition method extensiv
used in image processing and image recognition
5], the Latent Semantic Indexing (LSI) with Singul
Value Decomposition (SVD) has proved to be an e
cient method for the dimensionality reduction sche
in document analysis and feature extraction, prov
ing a powerful tool for the classifier [3] when in
troduced into document retrieval with a good perf
mance confirmed by empirical studies [6]. A distin
advantage of LSI-based dimensionality reduction
in the fact that among all the projections on all the p
sible spaces having the same number of dimensi
the projection of the set of document vectors on
LSI space has a lowest possible least-square dist
to the original document vectors. This implies that
LSI finds an optimal solution to dimensional redu
tion. In addition to the role of dimensionality redu
tion, the LSI with SVD is also effective in offerin
a dampening effect of synonymy and polysemy pr
lems [3] which a simple scheme of deleting terms c
not be expected to cope with. Also known as a w
sense disambiguation problem [7] the source of s
onymy and polysemy problem can be traced to inh
ent characteristics of context sensitive grammar of
natural language. Having the two advantages, the
has been found to provide a most popular dimensio
reduction tool.

As pointed out by Schütze and Silverstein [
the LSI is indeed a global dimensional reducti
approach. Like all global projection schemes, L
also encounters a difficulty in adapting to the uniq
e

document classifier due to this inability.
In this paper, we will show that exploiting bo

of the distances to, and the projections on, a redu
document space improves the performance as we
the robustness of the document classifier (a sim
approach is taken by Moghaddam, Wahid, and P
land for image recognition [8]). To do this, we in
troduce, as the major vector spaces, two reduced
ferential document spaces called differential LSI
DLSI) spaces that are subspaces of document sp
formed respectively from the differences between n
malized term-document vectors belonging to a sa
cluster, and from the differences between normali
term-document vectors belonging to different cluste
To evaluate the possibility of a document belonging
a cluster, the new classifier sets up a Bayesian po
riori probability function for the differential documen
vectors based on their projections on the DLSI spa
and their distances to the DLSI spaces, selecting
candidate having a highest probability.

As it is always done in LSI-based models f
information retrieval and/or document classificatio
we assume that the size of the training set is alw
quite large.

2. Main algorithm

2.1. Overall description

Given a document, the document vector and
normalized form can be directly set up exploiting t
terms appearing in the document and their freque
of occurrences in the document, and possibly als
other documents. The centroid of a cluster is giv
by an average of the sums of the normalized vec
of its members. The cosine of a pair of normaliz
document vectors measures the angle of the pa
normalized document vectors.

To obtain an intra-DLSI space, or an I-DLSI spa
we first set up a differential term by intra-docume
matrix where each column of the matrix denotes
difference between two documents belonging to
same cluster. Now exploiting the singular vector
composition method, the major left singular vect
associated with the largest singular values are sele
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as a major vector space called an intra-DLSI space,
or an I-DLSI space. The I-DLSI space is effective
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in roughly describing the differential intra-docume
vectors, while the distance from a differential intr
document vector to the I-DLSI space can be effectiv
used as additive information to improve adaptabi
to the unique characteristics of the particular diff
ential document vector. Given a new document to
classified, a best cluster to be recalled can be sele
from among those candidate clusters to which
given document is most likely belong. Consequen
the candidate clusters should be chosen in such a
that the differences from their centroids to the giv
document vector have high probabilities of being d
ferential intra-document vectors. The probability fun
tion for a differential document vector being a diffe
ential intra-document vector is calculated according
the projection on and the distance to the I-DLSI sp
from the differential document vector.

The extra-DLSI space, or the E-DLSI space c
similarly be obtained by setting up a differential te
by extra-document matrix where each column of
matrix denotes now a differential document vector
tween two document vectors belonging to differe
clusters. The extra-DLSI space can now be constru
by the major left singular vectors associated with
largest singular values. As in the intra-DLSI space
addition to the global description capability, the spa
shares the improved adaptability to the unique cha
teristics of the particular differential document vect
Given a new document to be classified, a best ca
date cluster to be recalled can be selected from am
those clusters to which the given document is most
likely not to belong. Consequently, the candidate cl
ters should be chosen in such a way that the differen
from their centroids to the given document vector h
low probabilities of being differential extra-docume
vectors. The probability function for a differential do
ument vector being a differential extra-document v
tor is calculated according to projection on and d
tance to the E-DLSI space from the differential doc
ment vector.

Now integrating the concepts of the different
intra- and extra-document vectors, we set up a Ba
ian posteriori likelihood function providing a mo
probable similarity measure of a document belo
ing to a cluster. As we stated already in Introducti
the projections of differential document vectors onto
tage over the conventional LSI space-based appro
in addition to the role of the length of the projection
a differential document vector which is equivalent
that of the cosine of the angle of the projections of t
document vectors in the LSI space-based appro
the distance of the differential document vector to
projected DLSI space allows the evaluation of the s
ilarity measure of each individual document which t
global method generally fails. We believe that by co
bining both the projections on as well as the distan
to the DLSI spaces from differential vectors, our n
scheme provides much richer information, captur
more unique characteristics of particular documen

2.2. Basic concepts

A term is defined as a word or a phrase that app
at least in two documents. We exclude the so-ca
stop words such as “a”, “the”, “of” and so forth
Suppose we select and list the terms that appear in
documents ast1, t2, . . . , tm.

For each documentj in the collection, we assig
each of the terms with a real vector(a1j , a2j , . . . ,

amj )
T, with aij = fij × gi , where fij is the local

weight of the termti in the document indicating th
significance of the term in the document, whilegi is
a global weight of all the documents, which is a pa
meter indicating the importance of the term in rep
senting the documents. Local weights could be eit
raw occurrence counts, boolean, or logarithm of occ
rence count. Global ones could be no weighting (u
form), domain specific, or entropy weighting. Both
the local and global weights are thoroughly studied
the literatures (e.g., [9]), and will not be discussed f
ther in this paper. An example is given below:

fij = log(1+ Oij ) and

gi = 1− 1

logn

N∑
j=1

pij log(pij ),

wherepij = Oij /di , di is the total number of time
that termti appears in the collection,Oij the number
of times the termti appears in the documentj , andn
the number of documents in the collection. The do
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ment vector(a1j , a2j , . . . , amj ) can be normalized as
(b1j , b2j , . . . , bmj ) by the following formula:

the
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can be decomposed by SVD into a product of three
matrices: D = USV T, such thatU (left singular
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bij = aij

/√√√√ m∑
l=1

a2
lj . (1)

The normalized centroid vector(c1, c2, . . . , cm)T of
a cluster can similarly be calculated in terms of
normalized vector as

ci = si

/√√√√ m∑
j=1

s2
i , (2)

where(s1, s2, . . . , sm)T is a mean vector of the mem
ber documents in the cluster which are normalized
T1, T2, . . . , Tk. (s1, s2, . . . , sm)T can be expressed as

(s1, s2, . . . , sm)T = 1

k

k∑
j=1

Tj .

The normalized centroid vector of a cluster is regar
as a normalized document vector of the cluster.

A differential document vector is defined asTi −Tj

where Ti and Tj are normalized document vecto
satisfying some criteria as given above.

A differential intra-document vectorDI is the dif-
ferential document vector defined asTi −Tj , whereTi

andTj are two normalized document vectors belon
ing to a same cluster. A differential extra-docum
vectorDE is the differential document vector define
asTi − Tj , whereTi andTj are two normalized docu
ment vectors belonging to two different clusters.

It is important to notice that, in the above intr
and extra document vectors, we can select the cen
vector of a cluster as theTi or Tj . This is because
a centroid vector is regarded as one of a normali
document vector of a cluster.

The differential term by intra- and extra-docume
matricesDI and DE are, respectively, defined as
matrix, each column of which comprises a differen
intra- and extra-document vector, respectively.

2.3. The posteriori model

Any differential term by documentm-by-n matrix
of D, say, of rankr � q = min(m,n), whether it
is a differential term by intra-document matrixDI

or a differential term by extra-document matrixDE ,
matrix) andV (right singular matrix) are anm-by-q
andq-by-n unitary matrices with the firstr columns
of U and V being the eigenvectors ofDDT and
DTD, respectively. HereS is called a singular matrix
expressed byS = diag(δ1, δ2, . . . , δq), whereδi are
nonnegative square roots of the eigen values ofDDT,
δi > 0 for i � r andδi = 0 for i > r.

The diagonal elements ofS are sorted in the de
creasing order of magnitude. To obtain a new redu
matrix Sk , we simply keep thek-by-k leftmost-upper
corner matrix(k < r) of S and delete other terms; w
similarly obtain the two new matricesUk andVk by
keeping the left mostk columns ofU andV , respec-
tively. The product ofUk , Sk andV T

k provide a reduced
matrixDk of D which is approximately equal toD.

How we choose an appropriate value ofk, a re-
duced degree of dimension from the original mat
depends on the type of applications. Generally
choosek � 100 for 1000� n � 3000, and the corre
spondingk is normally smaller for the differential term
by intra-document matrix than that for the different
term by extra-document matrix, because the differ
tial term by extra-document matrix normally has mo
columns than the differential term by intra-docum
matrix has.

Each of differential document vectorq could find
a projection on thek-dimensional fact space spann
by thek columns ofUk . The projection can easily b
obtained byUT

k q .
Noting that the mean of the differential intr

(extra-)documentvectors are approximately 0, we m
assume that the differential vectors formed foll
a high-dimensional Gaussian distribution so that
likelihood of any differential vectorx will be given by

P(x|D) = exp[−1/2d(x)]
(2π)n/2|Σ|1/2 ,

whered(x) = xTΣ−1x, andΣ is the covariance of th
distribution computed from the training set expres
Σ = 1

n
DDT.

Since δ2
i constitutes the eigen values ofDDT,

we haveS2 = UTDDTU , and thus we haved(x) =
nxT(DDT)−1x = nxTUS−2UTx = nyTS−2y, where
y = UTx = (y1, y2, . . . , yn)

T.
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BecauseS is a diagonal matrix,d(x) can be
expressed by a simpler form as:d(x) = n

∑r
i=1y

2/δ2.
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This allows us to estimate it more conveniently as

d̂(x) = n

(
k∑

i=1

y2
i /δ

2
i + 1

ρ

r∑
i=k+1

y2
i

)
,

where

ρ = 1

r − k

r∑
i=k+1

δ2
i .

In practice,δi (i > k) could be estimated by fitting
function (say, 1/i) to the availableδi (i � k), or we
could letρ = δ2

k+1/2 since we only need to compa
the relative probability. Because the columns ofU

are orthogonal vectors,
∑r

i=k+1y
2
i could be estimated

by ‖x‖2 − ∑k
i=1y

2
i . Thus, the likelihood function

P(x|D) could now be estimated by

P̂ (x|D) =
n1/2 exp

(−n
2

∑k
i=1

y2
i

δ2
i

) · exp
(−nε2(x)

2ρ

)
(2π)n/2

∏k
i=1 δi · ρ(r−k)/2

,

(3)

where

y = UT
k x, ε2(x) = ‖x‖2 −

k∑
i=1

y2
i ,

ρ = 1

r − k

r∑
i=k+1

δ2
i ,

and r is the rank of matrixD. In practice,ρ may
be chosen asδ2

k+1/2, andn may be substituted fo
r. Note that in Eq. (3), the term

∑
(y2

i /δ
2
i ) describes

the projection ofx onto the DLSI space, whileε(x)
approximates the distance fromx to DLSI space.

When bothP(x|DI ) andP(x|DE) are computed
the Bayesian posteriori function can be computed

P(DI |x) = P(x|DI )P (DI )

P (x|DI )P (DI ) + P(x|DE)P(DE)
,

whereP(DI ) is set to 1/nc wherenc is the number
of clusters in the database,1 while P(DE) is set to
1− P(DI ).

1 P (DI ) can also be set to be an average number of rec
divided by the number of clusters in the data base if we do
require that the clusters are non-overlapped.
2.4.1. Setting up the DLSI space-based classifier
(1) By preprocessing the documents, identify ter

either of the words and noun phrases, exclud
stop words.

(2) Construct the system terms by setting up the t
list as well as the global weights.

(3) Normalize the document vectors of all the c
lected documents, as well as the centroid vec
of each cluster.

(4) Construct the differential term by intra-docume
matrixD

m×nI

I , such that each of its columns is a
differential intra-document vector.2

(5) DecomposeDI , by an SVD algorithm, intoDI =
UISIV

T
I , SI = diag(δI,1, δI,2, . . .), followed by

the composition ofDI,kI = UkI SkI V
T
kI

giving an
approximateDI in terms of an appropriatekI ,
then evaluate the likelihood function:

P(x|DI )

=
n

1/2
I exp

(−nI

2

∑kI
i=1

y2
i

δ2
I,i

)
exp

(−nI ε
2(x)

2ρI

)
(2π)nI /2

∏kI
i=1 δI,i · ρ(rI−kI )/2

I

,

(4)

where

y = UT
kI
x, ε2(x) = ‖x‖2 −

kI∑
i=1

y2
i ,

ρI = 1

rI − kI

rI∑
i=kI+1

δ2
I,i ,

and rI is the rank of matrixDI . In practice,rI
may be set tonI , andρI to δ2

I,kI+1/2 if both nI

andm are sufficiently large.
(6) Construct the term by extra-document mat

D
m×nE

E , such that each of its columns is an ext
differential document vector.

(7) DecomposeDE , by exploiting the SVD algo
rithm, into DE = UESEV T

E , SE = diag(δE,1,

δE,2, . . .), then with a properkE , define the
DE,kE = UkESkEV

T
kE

to approximateDE . We now
define the likelihood function as:

2 For a cluster withs elements, we may include at mostm − 1
differential intra-document vectors inDI if the linear dependency
among columns is to be avoided.
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P(x|DE)

1/2 ( ∑k y2 ) ( 2 )
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(3) Calculate the intra-document likelihood function
P(x|DI ), and calculate the extra-document likeli-

c-

nu-
w-

.

4

d

I-
he

las-

s of
by
we
1.
=
nE exp −nE

2
E

i=1
i

δ2
E,i

exp −nEε (x)
2ρE

(2π)nE/2
∏kE

i=1 δE,i · ρ(rE−kE)/2
E

,

(5)

where

y = UT
kE

x, ε2(x) = ‖x‖2 −
kE∑
i=1

y2
i ,

ρE = 1

rE − kE

rE∑
i=kE+1

δ2
E,i ,

rE is the rank of matrixDE . In practice,rE may
be set tonE , andρE to δ2

E,kE+1/2 if bothnE and
m are sufficiently large.

(8) Define the posteriori function:

P(DI |x) = P(x|DI )P (DI )

P (x|DI )P (DI ) + P(x|DE)P(DE)
,

(6)

P(DI ) is set to 1/nc where nc is the number
of clusters in the database andP(DE) is set to
1− P(DI ).

As explained in Section 2.2, centroid vectorscan be
used in defining the differential document vectors.
practice, however, when an application involves la
document sets, we do not use the centroid vector
clusters in constructing the differential document v
tors in the matricesDI andDE so that these matri
ces remain sparse allowing us to take an advantag
those SVD algorithms for large sparse matrices.

2.4.2. Automatic classification by DLSI space-based
classifier
(1) A document vector is set up by generating

terms as well as their frequencies of occurre
in the document, so that a normalized docum
vectorN is obtained for the document by Eq. (1
For each of the clusters of the database, repea
procedure of items (2)–(4) below.

(2) Using the document to be classified, construc
differential document vectorx = N −C, whereC
is the normalized vector of the center or centr
of the cluster.
f

hood functionP(x|DE) for the document.
(4) Calculate the Bayesian posteriori probability fun

tion P(DI |x).
(5) Select the cluster having a largestP(DI |x) as the

recall candidate.

3. Experiments

3.1. Simple example

3.1.1. Problem description
We demonstrate our algorithm by means of a

merical example below. Suppose we have the follo
ing 8 documents in the database:

T1: Algebra and Geometry Education System.
T2: The Software of Computing Machinery.
T3: Analysis and Elements of Geometry.
T4: Introduction to Modern Algebra and Geometry
T5: Theoretical Analysis in Physics.
T6: Introduction to Elements of Dynamics.
T7: Modern Alumina.
T8: The Foundation of Chemical Science.

And we know in advance that they belong to
clusters, namely,T1, T2 ∈ C1, T3, T4 ∈ C2, T5, T6 ∈ C3
andT7, T8 ∈ C4 whereC1 belongs to Computer relate
field, C2 to Mathematics,C3 to Physics, andC4 to
Chemical science. We will show below how DLS
and LSI-based classifier perform in classifying t
following new document:

N : “The Elements of Computing Science.”

The DLSI-based classifier and the LSI-based c
sifier will be set up for this example.

First, we can easily set up the document vector
the database giving the term by document matrix
simply counting the frequency of occurrences; then
could further obtain the normalized form as in Table

The document vector for the new documentN is
given by:

(0,0,0,0,1,0,0,1,0,0,0,0,0,0,1,0,0,0)T,

and in normalized form by
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0,0,0,0,0,0,0.577350269,0,0,0)T.

3.1.2. DLSI space-based classifier
Firstly, we calculate the normalized form of th

centroidCi (i = 1,2,3,4) of each cluster by Eq. (2).
Following the procedure of the previous section

is easy to construct both the differential term by int
document matrix and the differential term by ext
document matrix. Let us denote the differential te
by intra-document matrix byDI = (T1 −C1, T3 −C2,

T5 − C3, T7 − C4) and the differential term by extra
document matrix byDE = (T2−C2, T4−C3, T6−C4,

T8 − C1), respectively. Then we can decompose th
into DI = UISIV

T
I and DE = UESEV T

E by using
SVD algorithm.

We now choose the numberk in such a way tha
δk − δk+1 remains sufficiently large. For this problem
we find that we would have to choosekI = kE = 1 or
kI = kE = 3. Now using Eqs. (4), (5) and (6), we ca
calculate theP(x|DI ), P(x|DE) and finallyP(DI |x)
for each differential document vectorx = N − Ci

(i = 1,2,3,4) as shown in Table 2. TheCi having a
largestP(DI |N −Ci) is chosen as the cluster to whic

Table 1

The normalized document vectors
ρI = 1

rI − kI

rI∑
i=kI+1

δ2
I,i ,

ρE = 1

rE − kE

rE∑
i=kE+1

δ2
E,i .

The last row of Table 2 clearly shows that clusterC2,
that is, “Mathematics” is the best possibility regardle
of the parameterskI = kE = 1 orkI = kE = 3 chosen,
showing the robustness of the computation.

3.1.3. LSI space-based classifier
As we have already explained in Introduction, t

LSI-based classifier works as follows: First, employ
SVD algorithm on the term by document matrix to s
up an LSI space, then the classification is comple
within the LSI space.

For the current simple example, the LSI-bas
classifier could be set up as follows:

(1) Use the SVD to decompose the normalized te
by document matrix as shown in Table 1.

(2) Select the LSI space.
T1 T2 T3 T4 T5 T6 T7 T8

Algebra 0.5 0 0 0.5 0 0 0 0

Alumina 0 0 0 0 0 0 0.707106781 0

Analysis 0 0 0.577350269 0 0.577350269 0 0 0

Chemical 0 0 0 0 0 0 0 0.577350269

Compute 0 0.577350269 0 0 0 0 0 0

Dynamics 0 0 0 0 0 0.577350269 0 0

Education 0.5 0 0 0 0 0 0 0

Element 0 0 0.577350269 0 0 0.577350269 0 0

Foundation 0 0 0 0 0 0 0 0.577350269

Geometry 0.5 0 0.577350269 0.5 0 0 0 0

Introduction 0 0 0 0.5 0 0.577350269 0 0

Machine 0 0.577350269 0 0 0 0 0 0

Modern 0 0 0 0.5 0 0 0.707106781 0

Physics 0 0 0 0 0.577350269 0 0 0

Science 0 0 0 0 0 0 0 0.577350269

Software 0 0.577350269 0 0 0 0 0 0

System 0.5 0 0 0 0 0 0 0

Theory 0 0 0 0 0.577350269 0 0 0
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Table 2
Classification with DLSI space-based classifier

ctor
x kI = kE = 1 kI = kE = 3

N − C1 N − C2 N −C3 N − C4 N − C1 N − C2 N − C3 N −C4

UT
kI

x −0.085338834−0.565752063−0.368120678−0.077139955−0.085338834−0.556196907−0.368120678−0.077139955

−0.404741071−0.403958563−0.213933843−0.250613624
−0.164331163 0.249931018 0.076118938 0.35416984

P (x|DI ) 0.000413135 0.000430473 0.00046034 0.000412671 3.79629E–5 7.03221E–5 3.83428E–5 3.75847E–5

UT
kI

x −0.281162007 0.022628465−0.326936108 0.807673935−0.281162007−0.01964297 −0.326936108 0.807673935

−0.276920807 0.6527666 0.475906836−0.048681069
−0.753558043−0.619983845 0.258017361−0.154837357

P (x|DE) 0.002310807 0.002065451 0.002345484 0.003140447 0.003283825 0.001838634 0.001627501 0.002118787

P (DI |x) 0.056242843 0.064959115 0.061404975 0.041963635 0.003838728 0.012588493 0.007791905 0.005878172

Table 3
Cosine of the projections of the centers and the document in LSI space

Cosine(C1,U
T
k
N) Cosine(C2,U

T
k
N) Cosine(C3,U

T
k
N) Cosine(C4,U

T
k
N)

k = 6 0.359061035 0.359993858 0.527874697 0.320188454
k = 2 0.15545458 0.78629345 0.997897255 0.873890479

(3) Locate the approximate documents for all the cosines of angles in the LSI space, the centroid ve

documentsT1, T2, . . . , T8 in the LSI space.
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of each cluster should be calculated as a mean of
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of

e
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4-
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(4) Find the centroid of each cluster.
(5) Calculate the similarity of the document vector

the new documentN to be classified and each
the centroid vectors based on the Cosine form
find the cluster having a largest similarity with th
document vector to be classified.

The normalized term by document matrixD of Ta-
ble 1 is decomposed intoUSV T by an SVD algorithm.

As in the DLSI computation, the numberk is
chosen such thatδk − δk+1 is sufficiently large. For
this problem, we have to choosek = 6 or k = 2 to set
up the classifier, for testing the result. Noting that
similarity is calculated as the angle between vector
the LSI space, the dimension of the LSI space sho
at least be 2 so thatk should be larger than 1. Onc
k is chosen, the term by document matrixD could be
approximated byDk = UkSkV

T
k . Thus, the projection

of the documentTi onto the LSI space is calculate
to beSkV

T
k ei (see [6], whereei is defined as theith

column of an 8× 8 identity matrix). Within the LSI
space, we should calculate the centroid vector of e
cluster. Since the similarities are calculated by
the normalized member vectors in the LSI space.
similarity between a centroid vector and the docum
in the LSI space is easily calculated by the cosine
the angle between in the space, expressed as

Cosine(Ci,N) = CiU
T
k N

‖Ci‖2‖UT
k N‖2

.

The results of the similarities are shown in Table
The result of the table implies that for both cases
k = 2 andk = 6, the most likely cluster to which th
documentN belongs to isC3, namely “Physics”.

3.1.4. Conclusion of the simple example
For this simple example, the DLSI space-ba

approach finds the most reasonable cluster for
document “The elements of computing science” fr
the classifiers using either 1 or 3 dimensions for
DLSI-I and DLSI-E spaces.

But the LSI approach fails to predict this for bo
of the classifiers we have computed using 2- and
dimensional LSI spaces. It is worth to note that for
particular example, 1 or 3 dimensions for DLSI spa
and 2 or 4 dimensions for the LSI space seem to be
most reasonable dimensions to choose.
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and
Fig. 1. Classification accuracies on Reuters-21578 test data.

We should note that a conventional matching meth- that do not occur at least once in both the training

od of “common” words does not work in this exam-
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ace

The
odel

er
ple, because the words “compute” and, “science”
the new document appear inC1 and C4 separately
while the word “elements” occur in bothC2 andC3

simultaneously, giving no indication on the approp
ate candidate of classification by simply counting
“common” words among documents. By calculati
the cosine of the documentN andCi in the original
document space, we have cos(C1,N) = cos(C3,N) =
cos(C4,N) = 0.23570226, and cos(C2,N) =
0.207630918. This means thatN is more likely to be
in the classes ofC1, C3 andC4 than in classC2.
Thus, we see that the simple term-based vector s
model also does not work.

3.2. Experiment on a large database

To test the performances of DLSI-based classifi
LSI-based classifier, and simple term-based ve
space model on a large database, we have used a
Reuters-21578 database.3 To split the 21578 article
into training and testing sets, we have used “Mo
Lewis” split [10].4 We further discard the documen
with multiple labels of categories, and the categor

3 http://www.daviddlewis.com/resources/testcollections/
reuters21578/.

4 It firstly excludes those that were not classified by the index
then places the articles which appeared on April 7, 1987 or be
in the training set, and others in the test set.
e

Now the LSI-based and the new DLSI-based cl
sification methods are applied on the above data s
We follow the usual experimental setup on this c
lection [11,12] to split the classification task into b
nary decision. A binary classifier is trained for ea
of the categories to determine whether a documen
longs to it or not. For each classifier, we use the artic
in a category as the positive examples and the re
the opposite. As the positive clusters are always m
larger than the opposite ones, subsets of the opp
clusters are selected randomly in the training set
that there is an equal number of articles in a posi
cluster and its opposite.

Notice that the numberk’s in SVD decompositions
of LSI & DLSI algorithms represent the dimensio
of the reduced DLSI and LSI spaces, Fig. 1 shows
accuracy of each classifier achieves in relation to
dimension for the reduced LSI/DLSI space. Natura
the classifiers are generated using only the training
and the error rates are evaluated using only tes
set. By randomly choosing the terms to be used
representing document vectors, where the numbe
the terms is now the dimension of the document sp
we are able to use simple term-based vector sp
model as a classifier to classify the documents.
accuracy of the simple term-based vector space m
is also given in Fig. 1.

We can see that the DLSI method exhibits low
error rates in most of the cases.
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4. Conclusion and remarks
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Basically the length of a differential vector o
two normalized vector carries the same amoun
information as the angle of the two vectors does. B
vector itself is a quantity that has not only a magnitu
but also a direction. We have made full use of
differential vectors for pairs of normalized vecto
rather than the mere scalar cosines of the an
of vectors in our document classification procedu
providing a more effective tool to the docume
classification. This should be the main reason t
our DLSI-based classification model performs mu
better than a simple vector document model.

Just like the LSI method, a DLSI space can be
garded as a subspace for dimensionality reductio
document analysis. In the LSI-based scheme, only
projection of a document on a reduced space is u
while completely ignoring the effect of the distan
from the document to the reduced spaces which c
stitutes a unique characteristic of the individual do
ment. By introducing the concepts of differential intr
and extra-document vectors, our DLSI-based clas
cation model is able to consider both of the proj
tions on and the distances to the DLSI spaces from
differential vectors, improving the adaptability of th
conventional LSI-based method to the unique cha
teristics of the individual documents which is a co
mon weakness of the global projection schemes
cluding the LSI approach. Consequently, the new c
sifier demonstrates an improved and robust per
mance in document classification than the LSI-ba
cosine approach.

The experiments demonstrate convincingly that
performance of the DLSI-based model outperfor
both the standard LSI space-based approach an
simple term-based vector space model.
The authors are most grateful to the reviewers
many helpful comments to the original version of t
paper. An early version of this paper has been p
sented at The Sixth International Workshop on
formation Retrieval with Asian Languages, Sappo
Japan, July 7, 2003.
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