Available at

www.ElsevierComputerScience.com Information
POWERED BY SCIENCE @DIRECT“ ProceSSlng
Letters

ELSEVIER Information Processing Letters 88 (2003) 203-212

www.elsevier.com/locatefipl

A new differential LS| space-based probabilistic
document classifier

Liang Chert*, Naoyuki Tokud&, Akira Nagaf

& Computer Science Department, University of Northern British Columbia, Prince George, BC, Canada, V2N 4Z9
b Qunflare Company, Shinjuku-Hirose Bldg., 7 Yotsuya 4-chome, Snjuku-ku, Tokyo, Japan 160-0004
€ Advanced Media Network Center, Utsunomiya University, Utsunomiya, Tochigi, Japan 321-8585

Received 26 October 2002; received in revised form 29 August 2003

Communicated by Wen-Lian Hsu

Abstract

We have developed a new effective probabilistic classifier for document classification by introducing the concept of
differential document vectors and DLSI (differential latent semantic indexing) spaces. A combined use of the projections on and
the distances to the DLSI spaces introduced from the differential document vectors improves the adaptability of the LSI (latent
semantic indexing) method by capturing unique characteristics of documents. Using the intra- and extra-document statistics,
both a simple posteriori calculation on a small example and an experiment on a large Reuters-21578 database demonstrate th
advantage of the DLSI space-based probabilistic classifier over the LS| space-based classifier in classification performance.

00 2003 Elsevier B.V. All rights reserved.
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1. Introduction ment vector, we assign weights to its components usu-
ally evaluating the frequency of occurrences of the cor-
This paper introduces a new efficient supervised responding terms. Then the standard pattern recogni-
document classification procedure whereby, given a tion and machine learning methods are employed for
training set comprising a large number of labeled doc- document classification [1,2].

uments preclassified into a finite number of appropri- In view of the inherent flexibility imbedded within
ate clusters, one can generate a classifier to classifyany natural language, a staggering number of dimen-
any of new documents into an appropriate cluster. sions seem required to represent the featuring space

The vector space model is widely used in document of any practical document comprising the huge num-
classification, where each document is represented asber of terms used. If a speedy classification algorithm
a vector of terms. To represent a document by a docu- can be developed [3], the first problem to be resolved

is the dimensionality reduction scheme enabling the

msponding author. The research of this author is supported docum,ents, term projection onto a smaller subspace.
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sions. One is based on local methods, often referred characteristics of each document; a method must be

to as truncation, where we delete a number of “unim-
portant” or “irrelevant” terms from a document vec-

tor, the importance of a term being evaluated often by
a weighting system based on its frequency of occur-

rences in the document. The method is called local be-
cause each document is projected into a different sub-

space but its effect is minimal in document vectors be-

developed to improve an adverse performance of a
document classifier due to this inability.

In this paper, we will show that exploiting both
of the distances to, and the projections on, a reduced
document space improves the performance as well as
the robustness of the document classifier (a similar
approach is taken by Moghaddam, Wahid, and Pent-

cause the vectors are sparse [3]. The approaches of théand for image recognition [8]). To do this, we in-
other type are often termed global methods, where the troduce, as the major vector spaces, two reduced dif-
terms to be deleted are chosen first, ensuring that all ferential document spaces called differential LSI (or
the document vectors are projected into the same sub-DLSI) spaces that are subspaces of document spaces
space with the same terms being deleted from eachformed respectively from the differences between nor-

document. In this process, a global method always
loses some of the important features of adaptability to
the unique characteristics of each document. How to
improve this adaptability is our main task of the paper.
Like an eigen-decomposition method extensively
used in image processing and image recognition [4,
5], the Latent Semantic Indexing (LSI) with Singular
Value Decomposition (SVD) has proved to be an effi-
cient method for the dimensionality reduction scheme
in document analysis and feature extraction, provid-
ing a powerful tool for the classifier [3] when in-
troduced into document retrieval with a good perfor-
mance confirmed by empirical studies [6]. A distinct
advantage of LSI-based dimensionality reduction lies
in the fact that among all the projections on all the pos-

malized term-document vectors belonging to a same
cluster, and from the differences between normalized
term-document vectors belonging to different clusters.
To evaluate the possibility of a document belonging to
a cluster, the new classifier sets up a Bayesian poste-
riori probability function for the differential document
vectors based on their projections on the DLSI spaces
and their distances to the DLSI spaces, selecting the
candidate having a highest probability.

As it is always done in LSl-based models for
information retrieval and/or document classification,
we assume that the size of the training set is always
quite large.

sible spaces having the same number of dimensions,2. Main algorithm

the projection of the set of document vectors on the

LSI space has a lowest possible least-square distance2.1. Overall description

to the original document vectors. This implies that the
LSI finds an optimal solution to dimensional reduc-
tion. In addition to the role of dimensionality reduc-
tion, the LSI with SVD is also effective in offering

a dampening effect of synonymy and polysemy prob-
lems [3] which a simple scheme of deleting terms can
not be expected to cope with. Also known as a word
sense disambiguation problem [7] the source of syn-
onymy and polysemy problem can be traced to inher-

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

ent characteristics of context sensitive grammar of any normalized document vectors.

natural language. Having the two advantages, the LSI

To obtain an intra-DLSI space, or an I-DLSI space,

has been found to provide a most popular dimensional we first set up a differential term by intra-document

reduction tool.

As pointed out by Schiitze and Silverstein [3],
the LSI is indeed a global dimensional reduction
approach. Like all global projection schemes, LSI
also encounters a difficulty in adapting to the unique

matrix where each column of the matrix denotes the
difference between two documents belonging to a
same cluster. Now exploiting the singular vector de-
composition method, the major left singular vectors
associated with the largest singular values are selected
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as a major vector space called an intra-DLSI space, DLSI, and E-DLSI spaces and the distances from the
or an I-DLSI space. The I-DLSI space is effective vectors to these spaces in our scheme have one advan-
in roughly describing the differential intra-document tage over the conventional LS| space-based approach:
vectors, while the distance from a differential intra- in addition to the role of the length of the projection of
document vector to the I-DLSI space can be effectively a differential document vector which is equivalent to
used as additive information to improve adaptability that of the cosine of the angle of the projections of two
to the unique characteristics of the particular differ- document vectors in the LS| space-based approach,
ential document vector. Given a new document to be the distance of the differential document vector to the
classified, a best cluster to be recalled can be selectedprojected DLSI space allows the evaluation of the sim-
from among those candidate clusters to which the ilarity measure of each individual document which the
given document is most likely belong. Consequently, global method generally fails. We believe that by com-
the candidate clusters should be chosen in such a waybining both the projections on as well as the distances
that the differences from their centroids to the given to the DLSI spaces from differential vectors, our new
document vector have high probabilities of being dif- scheme provides much richer information, capturing

ferential intra-document vectors. The probability func-  more unique characteristics of particular documents.
tion for a differential document vector being a differ-

ential intra-document vector is calculated according to
the projection on and the distance to the I-DLSI space
from the differential document vector. ) )
The extra-DLSI space, or the E-DLSI space can Aterm is defined as a word or a phrase that appears
similarly be obtained by setting up a differential term &t l€ast in two documents. We exclude the so-called
by extra-document matrix where each column of the SIOP words such as “a”, “the”, “of” and so forth.
matrix denotes now a differential document vector be- SUPPOSe we select and list the terms that appear in the
tween two document vectors belonging to different dOCUMenNts as, 2, ..., . _ _
clusters. The extra-DLSI space can now be constructed ~ For €ach document in the collection, we assign
by the major left singular vectors associated with the €ach of the terms with a real vectasy;, az;. ...,
largest singular values. As in the intra-DLSI space, in @nj)", With aij = fij x gi, where f;; is the local
addition to the global description capability, the space Weight of the tern; in the document indicating the
shares the improved adaptability to the unique charac- Significance of the term in the document, whileis
teristics of the particular differential document vector. @ global weight of all the documents, which is a para-
Given a new document to be classified, a best candi- meter indicating the importance of the term in repre-
date cluster to be recalled can be selected from amongsenting the documents. Local weights could be either
those clusters to which the given documentis most un- raw occurrence counts, boolean, or logarithm of occur-
likely not to belong. Consequently, the candidate clus- rence count. Global ones could be no weighting (uni-
ters should be chosen in such a way that the differencesform), domain specific, or entropy weighting. Both of
from their centroids to the given document vector have the local and global weights are thoroughly studied in
low probabilities of being differential extra-document the literatures (e.g., [9]), and will not be discussed fur-
vectors. The probability function for a differential doc-  ther in this paper. An example is given below:
ument vector being a differential extra-document vec-
tor is calculated according to projection on and dis- f;; =log(1+ 0;;) and

2.2. Basic concepts

tance to the E-DLSI space from the differential docu- ;W
ment vector.
or Lo s =1y pilog(pi),
Now integrating the concepts of the differential & logn ;pl} 9pij

intra- and extra-document vectors, we set up a Bayes-

ian posteriori likelihood function providing a most where p;; = 0;;/d;, d; is the total number of times
probable similarity measure of a document belong- that terms; appears in the collectior;; the number
ing to a cluster. As we stated already in Introduction, of times the ternt; appears in the documet andn

the projections of differential document vectors onto |- the number of documents in the collection. The docu-
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ment vector(ay;, azj, . .., an;) can be normalized as
(b1j,b2j, ..., buj) by the following formula:

bﬁzaﬁ/

The normalized centroid vectry, co, . .., ¢,n) ' Of
a cluster can similarly be calculated in terms of the
normalized vector as

1)

2

.,sm)" is a mean vector of the mem-

where(sq, s2, ..
ber documents in the cluster which are normalized as keeping the left most columns ofU andV, respec-

T1,To, ..., Tk. (51,52, ...,5m)" can be expressed as

k
1
(51,52, m)T =2 DT
=1

The normalized centroid vector of a cluster is regarded

as a normalized document vector of the cluster.

A differential document vector is defined Bis— T
where T; and T; are normalized document vectors
satisfying some criteria as given above.

A differential intra-document vectab; is the dif-
ferential document vector defined s- 7, whereT;
and7; are two normalized document vectors belong-

ing to a same cluster. A differential extra-document

vector Dg is the differential document vector defined
asT; — T;, whereT; andT; are two normalized docu-
ment vectors belonging to two different clusters.

It is important to notice that, in the above intra-
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can be decomposed by SVD into a product of three
matrices: D = USVT, such thatU (left singular
matrix) andV (right singular matrix) are am-by-g
andg-by-n unitary matrices with the first columns

of U and V being the eigenvectors obD' and
D' D, respectively. Here is called a singular matrix
expressed by = diag(é, 62, ...,84), wheres; are
nonnegative square roots of the eigen value® of",

§; >0fori <randé; =0fori >r.

The diagonal elements dof are sorted in the de-
creasing order of magnitude. To obtain a new reduced
matrix S, we simply keep thé&-by-k leftmost-upper
corner matrix(k < r) of S and delete other terms; we
similarly obtain the two new matrice8; and Vi by

tively. The product oy, Sk andeT provide areduced
matrix Dy of D which is approximately equal tb.

How we choose an appropriate value igfa re-
duced degree of dimension from the original matrix,
depends on the type of applications. Generally we
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 differential
term by extra-document matrix, because the differen-
tial term by extra-document matrix normally has more
columns than the differential term by intra-document
matrix has.

Each of differential document vectqrcould find
a projection on th&-dimensional fact space spanned
by thek columns ofU;. The projection can easily be
obtained byU]g.

Noting that the mean of the differential intra-

and extra document vectors, we can select the centroid(€xtra-)documentvectors are approximately 0, we may

vector of a cluster as th& or 7;. This is because

assume that the differential vectors formed follow

a centroid vector is regarded as one of a normalized & high'dimenSional Gaussian distribution so that the

document vector of a cluster.

The differential term by intra- and extra-document
matricesD; and Dg are, respectively, defined as a
matrix, each column of which comprises a differential
intra- and extra-document vector, respectively.

2.3. The posteriori model

Any differential term by document-by-n matrix
of D, say, of rankr < g = min(m, n), whether it
is a differential term by intra-document matri®,
or a differential term by extra-document matiixz,

likelihood of any differential vectar will be given by

exp—1/2d(x)]

P(x|D) = 22 S [Z
whered(x) = x" ¥ ~1x, andX is the covariance of the
distribution computed from the training set expressed
r=1ipp".

Since 81.2 constitutes the eigen values @D,
we haveS? = UTDDTU, and thus we havd(x) =
nx"(DD")x = nxTUS2U x = ny"S—2y, where
y= UTx = (y1, y2, .- 'ayn)T-
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BecauseS is a diagonal matrix,d(x) can be
expressed by a simpler form a&x) =n Y °;_; y?/82.
This allows us to estimate it more conveniently as

k
d(x) = n(Z YP/87 + Z yi )
i=1

i=k+1
where

—k i=k+1
In practice,§; (i > k) could be estimated by fitting a
function (say, 1i) to the availables; (i < k), or we
could letp = 6,f+1/2 since we only need to compare
the relative probability. Because the columns (&f
are orthogonal vectory,;_, ,, y? could be estimated

by [Ix?2 — Y%_; y2. Thus, the likelihood function
P (x| D) could now be estimated by

k 7!'2 2
_ M2 exp(—4 3i_1 35) - exp(—"55)
P(x|D) = . ,
x1D) (27)n/2 Hi_‘:l Si ,p(r—k)/2
()

where

k
y=Ulx., 2 =|x|?=) ¥

i=k+1
and r is the rank of matrixD. In practice,p may
be chosen a§k+l/2 andn may be substituted for
r. Note that in Eq. (3), the terdy_(y?/5?) describes
the projection ofx onto the DLSI space, while(x)
approximates the distance fronto DLSI space.
When bothP (x|D;) and P(x|Dg) are computed,

the Bayesian posteriori function can be computed as:

P(x|Dp)P(Dy)
P(x|D;)P(D;)+ P(x|Dg)P(DEg)’
where P(Dy) is set to ¥n. wheren, is the number

of clusters in the databadewhile P(Dg) is set to
1— P(Dy).

P(Drlx) =

1 p(D;) can also be set to be an average number of recalls

2.4. Algorithm

2.4.1. Setting up the DLS space-based classifier

(1) By preprocessing the documents, identify terms
either of the words and noun phrases, excluding
stop words.

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

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

(4) Construct the differential term by intra-document
matrix D} "', such that each of its columns is an
differential intra-document vectdr.

(5) DecomposeD,, by an SVD algorithm, intd; =
U,S,V,, S; = diag(8;7.1, 81,2, ...), followed by
the composition ofD; i, = Uk,Sk,V giving an
approximateD; in terms of an appropnatk,,
then evaluate the likelihood function:

P(x|Dy)
l/2exp( ny Zkl L 52 )exq nre (x))
(271,),11/21—[ ) (rl kr)/2 ’

(4)

where

ky
y=Ulx, ) =|xI?=) ¥

Z 811’

—kl+l

VI_I

andr; is the rank of matrixD;. In practice,r;
may be set tai;, andp; to (S%,WH/Z if both n;
andm are sufficiently large.

(6) Construct the term by extra-document matrix
D™, such that each of its columns is an extra-
differential document vector.

(7) DecomposeDg, by exploiting the SVD algo-
rithm, into Dg = UESEVT, Sg = diag(8k 1,
3g.2,...), then with a properkg, define the
Dg iy = Ui, Sk, Vi to approximateDz. We now
define the likelihood function as:

2 For a cluster withs elements, we may include at most— 1

divided by the number of clusters in the data base if we do not differential intra-document vectors iD; if the linear dependency

require that the clusters are non-overlapped.

among columns is to be avoided.
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P(x|DE)

l/2exd = Zl 152l )exq nEZFpE(X))

(Zn)nE/ZHkE 3z, (rE ke)/2 ’
(5)
where
kg
y=Ulx, ) =|xI? =)y
i=1
e — Z 8% 1.

i=kp+1

rg is the rank of matrixDg. In practice,g may
be set toig, andpg to 8,25,,(E+1/2 if bothnz and
m are sufficiently large.

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

(3) Calculate the intra-document likelihood function
P(x|Dy), and calculate the extra-document likeli-
hood functionP (x| Dg) for the document.

(4) Calculate the Bayesian posteriori probability func-
tion P(Dy|x).

(5) Select the cluster having a largé&tD; |x) as the
recall candidate.

3. Experiments
3.1. Smple example
3.1.1. Problemdescription
We demonstrate our algorithm by means of a nu-

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

(8) Define the posteriori function:
T1: Algebra and Geometry Education System.

P(D;|x) = P(x|Dr)P(Dy) T»: The Software of Computing Machinery.
P(x|D;)P(D;) + P(x|Dg)P(Dg)’ T3: Analysis and Elements of Geometry.
(6) Ty Introduction to Modern Algebra and Geometry.

] ) Ts: Theoretical Analysis in Physics.
P(Dp) is set to Yn, where n. is the. number 7.+ Introduction to Elements of Dynamics.
of clusters in the database ai{Dg) is set to T7: Modern Alumina.

1-P(Dy). Ts: The Foundation of Chemical Science.

As eXplained in SeCtion 22, CentrOid vectoas be And we know in advance that they be|0ng to 4
used in defining the differential document vectors. In  c|ysters, namelyfy, 7o € C1, T3, Ta € Ca, Ts, T € C3

document sets, we do not use the centroid vectors of fie|d, ¢, to MathematicsCs to Physics, andCs to
clusters in constructing the differential document vec- chemical science. We will show below how DLSI-

tors in the matricedd; and Dg so that these matri-  and LSI-based classifier perform in classifying the
ces remain sparse allowing us to take an advantage offollowing new document:

those SVD algorithms for large sparse matrices.
N: “The Elements of Computing Science.”
2.4.2. Automatic classification by DLS space-based
classifier The DLSI-based classifier and the LSI-based clas-
(1) A document vector is set up by generating the sifier will be set up for this example.
terms as well as their frequencies of occurrence  First, we can easily set up the document vectors of
in the document, so that a normalized document the database giving the term by document matrix by
vectorN is obtained for the document by Eq. (1). simply counting the frequency of occurrences; then we
For each of the clusters of the database, repeat thecould further obtain the normalized form as in Table 1.
procedure of items (2)—(4) below. The document vector for the new documentis
(2) Using the document to be classified, construct a given by:
fjlfferentlal dqcument vector= N — C, whereC . (0.0,0,0,1,0.0.1,0,0.0.0,0,0,1,0,0,0)T.
is the normalized vector of the center or centroid

of the cluster. and in normalized form by
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(0,0,0,0,0.5773502690, 0,0.577350269
0,0,0,0,0,0,0.5773502690,0,0)".

3.1.2. DLS space-based classifier

Firstly, we calculate the normalized form of the
centroidC; (i =1, 2, 3, 4) of each cluster by Eq. (2).

Following the procedure of the previous section, it
is easy to construct both the differential term by intra-
document matrix and the differential term by extra-
document matrix. Let us denote the differential term
by intra-document matrix byp; = (71 — C1, T3 — Ca,

Ts — C3, Ty — Cy4) and the differential term by extra-
documentmatrix bypg = (To — C2, T4— C3, Ts — Ca,

Ts — C1), respectively. Then we can decompose them
into D; = U;S;V, and Dg = UgSgV, by using
SVD algorithm.

We now choose the numbérin such a way that
8x — 8r+1 remains sufficiently large. For this problem,
we find that we would have to chookge=kg =1 or
k; = kg = 3. Now using Egs. (4), (5) and (6), we can
calculate theP (x| Dy), P(x|Dg) and finally P(D;|x)
for each differential document vectar= N — C;
(i=1,2,3,4) as shown in Table 2. Th€; having a
largestP (D;|N — C;) is chosen as the cluster to which

209

the new documenyY belongs. Because both, ng are
actually quite small, we may here set

1 dl
_ 2
pr=-———7 > 8
L ]
1 L
_ 2
PE= > 5k
ETRE el

The last row of Table 2 clearly shows that cluster,
that is, “Mathematics” is the best possibility regardless
of the parameters; = kg = 1 ork; = kg = 3 chosen,
showing the robustness of the computation.

3.1.3. LY space-based classifier

As we have already explained in Introduction, the
LSI-based classifier works as follows: First, employ an
SVD algorithm on the term by document matrix to set
up an LSI space, then the classification is completed
within the LSI space.

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

(1) Use the SVD to decompose the normalized term
by document matrix as shown in Table 1.
(2) Selectthe LSI space.

Table 1
The normalized document vectors

T T T3 Ty Ts Ts T7 Tg
Algebra 05 0 0 Q5 0 0 0 0
Alumina 0 0 0 0 0 0 0707106781 0
Analysis 0 0 0577350269 0 577350269 0 0 0
Chemical 0 0 0 0 0 0 0 877350269
Compute 0 (677350269 0 0 0 0 0 0
Dynamics 0 0 0 0 0 577350269 0 0
Education ® 0 0 0 0 0 0 0
Element 0 0 (677350269 0 0 577350269 0 0
Foundation 0 0 0 0 0 0 0 577350269
Geometry ® 0 0577350269 ® 0 0 0 0
Introduction 0 0 0 ® 0 0577350269 0 0
Machine 0 0577350269 0 0 0 0 0 0
Modern 0 0 0 ® 0 0 Q0707106781 0
Physics 0 0 0 0 577350269 0 0 0
Science 0 0 0 0 0 0 0 577350269
Software 0 (677350269 0 0 0 0 0 0
System ® 0 0 0 0 0 0 0
Theory 0 0 0 0 ®77350269 0 0 0
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Table 2
Classification with DLSI space-based classifier
X k]:kE:l k]:kE:3

N-C N-—Cy N-—Cs N—Cy N-C1 N-Cy N —C3 N—Cq
U x 0085338834 —0.565752063—0.368120678—0.077139955-0.085338834 —0.556196907 —0.368120678—0.077139955

—0.404741071—-0.403958563—0.213933843 -0.250613624
—0.164331163 (249931018 @M76118938 (B5416984

P(x|Dy) 0.000413135 @M00430473 MO046034  (M00412671 F9629E-5  M3221E-5  B3428E-5  I5847E-5

U;—Ix —0.281162007 (@M22628465—-0.326936108 B07673935—-0.281162007—-0.01964297 —0.326936108 B07673935

—0.276920807 (6527666 0475906836 —0.048681069
—0.753558043-0.619983845 (258017361—0.154837357

P(x|Dg) 0.002310807 (@M02065451 (@M02345484 (M03140447 (@M03283825 (001838634 (®M01627501 (@M02118787
P(Dylx) 0.056242843 (064959115 @M61404975 (M41963635 (@M03838728 (012588493 ®M07791905 @M0O5878172

Table 3
Cosine of the projections of the centers and the document in LS| space

CosindC1, UJN)  CosindCo, UIN)  CosindCs, UIN)  CosindCa, Ul N)

0.359061035 (859993858 (b27874697 (820188454
0.15545458 078629345 (97897255 (B73890479

(3) Locate the approximate documents for all the cosines of angles in the LSI space, the centroid vector
documentdt, T», ..., Tg in the LSI space. of each cluster should be calculated as a mean of
(4) Find the centroid of each cluster. the normalized member vectors in the LSI space. The
(5) Calculate the similarity of the document vector for  similarity between a centroid vector and the document
the new documen¥ to be classified and each of in the LSI space is easily calculated by the cosine of
the centroid vectors based on the Cosine formula, the angle between in the space, expressed as
find the cluster having a largest similarity with the CosingC,. N) C; UkTN
document vector to be classified. i ICi ||2||U,{TN||2'

The results of the similarities are shown in Table 3.
The result of the table implies that for both cases of
k = 2 andk = 6, the most likely cluster to which the
documentV belongs to ig3, namely “Physics”.

The normalized term by document matof Ta-
ble 1 is decomposedint@SV T by an SVD algorithm.

As in the DLSI computation, the numbdr is
chosen such thal; — &1 is sufficiently large. For
this problem, we have to choose= 6 ork = 2 to set
up the classifier, for testing the result. Noting that the For this simple example, the DLSI space-based
similarity is calculated as the angle between vectors in approach finds the most reasonable cluster for the
the LSI space, the dimension of the LS| space should yocument “The elements of computing science” from

at least be 2 so that should be larger than 1. Once  the classifiers using either 1 or 3 dimensions for the
k is chosen, the term by document mattixould be DLSI-I and DLSI-E spaces.

3.1.4. Conclusion of the simple example

approximated byD; = U Sy V,T. Thus, the projection But the LSI approach fails to predict this for both
of the document; onto the LSI space is calculated of the classifiers we have computed using 2- and 4-
to be Sy V,Te; (see [6], where; is defined as théth dimensional LS| spaces. It is worth to note that for the

column of an 8x 8 identity matrix). Within the LSl particular example, 1 or 3 dimensions for DLSI space,
space, we should calculate the centroid vector of eachand 2 or 4 dimensions for the LS| space seem to be the
cluster. Since the similarities are calculated by the most reasonable dimensions to choose.
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We should note that a conventional matching meth-
od of “common” words does not work in this exam-
ple, because the words “compute” and, “science” in
the new document appear th and C4 separately,
while the word “elements” occur in botd, and C3
simultaneously, giving no indication on the appropri-
ate candidate of classification by simply counting the
“common” words among documents. By calculating
the cosine of the document and C; in the original
document space, we have ¢6%, N) = cogC3, N) =
cogC4,N) = 0.23570226, and c@E€2, N)
0.207630918. This means that is more likely to be
in the classes o1, C3 andC4 than in clasC2.

250 500 1000

duced Space

s on Reuters-21578 test data.

that do not occur at least once in both the training and
testing sets.

Now the LSI-based and the new DLSI-based clas-
sification methods are applied on the above data sets.
We follow the usual experimental setup on this col-
lection [11,12] to split the classification task into bi-
nary decision. A binary classifier is trained for each
of the categories to determine whether a document be-
longsto it or not. For each classifier, we use the articles
in a category as the positive examples and the rest as
the opposite. As the positive clusters are always much
larger than the opposite ones, subsets of the opposite
clusters are selected randomly in the training sets so

Thus, we see that the simple term-based vector spaceat there is an equal number of articles in a positive

model also does not work.
3.2. Experiment on a large database

To test the performances of DLSI-based classifier,
LSI-based classifier, and simple term-based vector

cluster and its opposite.

Notice that the numbér's in SVD decompositions
of LSI & DLSI algorithms represent the dimensions
of the reduced DLSI and LSI spaces, Fig. 1 shows the
accuracy of each classifier achieves in relation to the
dimension for the reduced LSI/DLSI space. Naturally,

space model on a large database, we have used a largthe classifiers are generated using only the training set,

Reuters-21578 databa¥do split the 21578 articles
into training and testing sets, we have used “Mod-
Lewis” split [10].* We further discard the documents
with multiple labels of categories, and the categories

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

4 Itfirstly excludes those that were not classified by the indexers,
then places the articles which appeared on April 7, 1987 or before
in the training set, and others in the test set.

and the error rates are evaluated using only testing
set. By randomly choosing the terms to be used for
representing document vectors, where the number of
the terms is now the dimension of the document space,
we are able to use simple term-based vector space
model as a classifier to classify the documents. The
accuracy of the simple term-based vector space model
is also given in Fig. 1.
We can see that the DLSI method exhibits lower

error rates in most of the cases.
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