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Preface

As we enter the second decade of the World Wide Web (WWW), the textual
revolution has seen a tremendous change in the availability of online information.
Finding information for just about any need has never been more automatic —just
a keystroke or mouseclick away. While the digitalization and creation of textual
materials continues at light speed, the ability to navigate, mine, or casually browse
through documents too numerous to read (or print) lags far behind.

What approaches to text mining are available to efficiently organize, classify,
label, and extract relevant information for today's information-centric users? What
algorithms and software should be used to detect emerging trends from both text
streams and archives? These arejust a few of the important questions addressed at
the Text Mining Workshop held on April 13,2002 in Arlington, VA. Thisworkshop,
the second in a series of annual workshops on lexI mining, was held on the third
day of the Second SI AM International Conference on Data Mining (April 11-13,
2002,

With close lo 60 applied mathematicians and computer scientists representing
Universities, industrial corporations, and government laboratories, the workshop
featured both invited and contributed talks on important topics such as efficient
methods for document clustering, synonym extraction, efficient vector space mod-
els and metalearning approaches for lex| retrieval, hot topic discovery from dirty
text, and trend detection from both queries and documents. The workshop was
sponsored by the Army High Performance Computing Research Center (AH-
PCRC)  Laboratory for Advanced Computing, SPSS, Insightful Corporation,
and Salford Systems.

Several of the invited and contributed papers presented at the 2002 Text Mining
Workshop have been compiled and expanded for this volume. Collectively, they
span several major topic areas in text mining:

I. Cluslering and Classification,
Il. Information Extraction and Retrieval, and
1. Trend Detection,

In Pat | (Clustering and Classification), Howland and Park present cluster-
preserving dimension reduction methods for efficient text classification; Senellart
and Blondel demonstrate thesaurus construction using similarity measures between
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vertices in graphs; Frigui and Nasraoui discuss clustering and keyword weight-
ing; and Dhillon, Kogan, and Nicholas illustrate how both feature selection and
document clustering can be accomplished with reduced dimension vector space
models.

In Part Il (Information Extraction and Retrieval), Kobayashi and Aono demon-
strate the importance of detecting and interpreting minor document clusters using a
vector space model based on Principal Component Analysis (PCA) rather than the
popular Latent Semantic Indexing (LSI) method; Castellanos demonstrates how
important topics can be extracted from dirty text associated with search logs in the
customer support domain; and Cornelson et a. describe an innovative approach
to information retrieval based on metalearning in which severa agorithms are
applied to the same corpus.

In Part 111 (Trend Detection), Wang, Bownas, and Berry mine Web queries from
a university website in order to expose the type and nature of query characteris-
tics through time; and Kontostathis et a. formally evaluate available Emerging
Trend Detection (ETD) systems and discuss future criteria for the development of
effective industrial-strength ETD systems.

Each chapter of this volume is preceded by a brief chapter overview and con-
cluded by a list of references cited in that chapter. A main bibliography of al
references cited and a subject-level index are also provided at the end of the vol-
ume. This volume details state-of-the-art algorithms and software for text mining
from both the academic and industrial perspectives. Familiarity or coursework
(undergraduate-level) in vector calculus and linear algebrais needed for several of
the chaptersin Parts | and I1. While many open research questions still remain, this
collection serves as an important benchmark in the development of both current
and future approaches to mining textual information.

Acknowledgments. The editor would like to thank Justin Giles, Kevin Heinrich,
and Svetlana Mironova who were extremely helpful in proofreading many of the
chapters of this volume. Justin Giles also did a phenomenal job in managing al
the correspondences with the contributing authors.

Michad W. Berry
Knoxville, TN
December 2002
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1

Cluster-Preserving Dimension
Reduction Methods for Efficient
Classification of Text Data

Peg Howland
Haesun Park

Overview

In today's vector space information retrieval systems, dimension reduction is im-
perative for efficiently manipulating the massive quantity of data. To be useful, this
lower-dimensional representation must be a good approximation of the original
document set given in its full space. Toward that end, we present mathematical
models, based on optimization and a general matrix rank reduction formula, which
incorporate a priori knowledge of the existing structure. From these models, we
develop new methods for dimension reduction based on the centroids of data clus-
ters. We also adapt and extend the discriminant analysis projection, which is well
known in pattern recognition. The result is a generalization of discriminant analy-
sis that can be applied regardless of the relative dimensions of the term-document
matrix.

We illustrate the effectiveness of each method with document classification
results from the reduced representation. After establishing relationships among
the solutions obtained by the various methods, we conclude with a discussion of
their relative accuracy and complexity.

1.1 Introduction

The vector space information retrieval system, originated by Gerard Salton [Sal 71,
SM83J, represents documents as vectors in a vector space. The document set
comprises an m x n term-document matrix A, in which each column represents a
document, and each entry A(i, j) represents the weighted frequency of term i in
document j. A magjor benefit of this representation is that the algebraic structure
of the vector space can be exploited [BDO95J. To achieve higher efficiency in
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manipulating the data, it is often necessary to reduce the dimension dramatically.
Especialy when the data set is huge, we can assume that the data have a cluster
structure, and it is often necessary to cluster the data [DHSO01] first to utilize the
tremendous amount of information in an efficient way. Once the columns of A are
grouped into clusters, rather than treating each column equaly regardless of its
membership in a pecific cluster, as is done in the singular value decomposition
(SVD) [GV96], the dimension reduction methods we discuss attempt to preserve
this information.

These methods aso differ from probability and frequency-based methods, in
which a st of representative words is chosen. For each dimension in the reduced
space we cannot easily attach corresponding words or a meaning. Each method
attempts to choose a projection to the reduced dimension that will capture a priori
knowledge of the data collection as much as possible. This is important in informa-
tion retrieval, since the lower rank approximation is notjust atool for rephrasing a
given problem into another one which is easier to solve [HMHOQ], but the reduced
representation itself will be used extensively in further processing of data.

With that in mind, we observe that dimension reduction is only a preprocessing
stage. Even if this stage is a little expensive, it may be worthwhile if it effectively
reduces the cost of the postprocessing involved in classification and document
retrieval, which will be the dominating parts computationally. Our experimental
results illustrate the trade-off in effectiveness versus efficiency of the methods, so
that their potential application can be evaluated.

12 Dimension Reduction in the Vector Space Model

Given a term-document matrix

A=lay @ -+ ay,]eR""

the problem is to find a transformation that maps each document vector « ; inthe
w-dimensional space to a vector y; in the |-dimensional space for some/ < m:

| _ qulxl = 4
aj € R™ »y;e R, 1<j<n

The approach we discuss in Section 14 computes the transformation directly
from A. Rather than looking for the mapping that achieves this explicitly, another
approach rephrases this as an approximation problem where the given matrix A is
decomposed into two matrices B and Y as

A~ BY, (1.2)

where both B ¢ 7! with rank(B) = | and ¥ e R with rank(Y) = | are to
be found. This lower rank approximation is not unique since for any nonsingular
matrix Z € R/

A= BY = (BZ)(Z"'Y),
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where rank(BZ) — | and rank(Z~'¥) = I. This problem of approximate de-
composition (1.1) can be recast in two different but related ways. The first is in
terms of a matrix rank reduction formula and the second is as a minimization
problem. A matrix rank reduction formula that has been studied extensively in
both numerical linear algebra [CF79, CFG95] and applied statistics/psychometrics
[Gut57, HMHOQ] is summarized here.

THEOREM 1.1 (Matrix Rank Reduction Theorem)Let A € """ bea given matrix
with rank(A) = r. Then the matrix
E=A—(AP)(PIAPy)~' (P A), (1.2)
where P, € R and P, e W', | < r, sttisfies
rank(E) = rank(A) — rank((AP:)(PiAP2) ' (P1A)) 1.3
ifand only if 7| A P> € R isnonsingular.

The only restrictions on the factors /) and /> are on their dimensions, and that
the product P A P> be nonsingular. It is this choice of P; and P that makes the
dimension reduction flexible and incorporation of a priori knowledge possible. In
fact, in [CFGO5] it is shown that many fundamental matrix decompositions can be
derived using this matrix rank reduction formula. Letting

BY = (AP)(PiAP) "' Py A,

we see that minimizing the error matrix E in some p-norm is equivalent to solving
the problem

min ||A — BY||,. (1.4)
B.Y

The incorporation of a priori knowledge can be trandlated into choosing the factors
Py and P in (1.2) or adding a constraint in the minimization problem (1.4). How-
ever, mathematical formulation of this knowledge as a constraint is not aways
easy. In the next section, we discuss ways to choose the factors B and Y so that
knowledge of the clusters from the full dimension is reflected in the dimension
reduction.

13 A Method Based on an Orthogona Basis of
Centroids

For simplicity of discussion, we assume that the columns of A are grouped into k
clusters as

J:.—~

A=[A; A3 -+ A;] where A;€R™_  and ny=n. (1.5)
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Let N; denote the set of column indices that belong to cluster A;. The centroid ¢'”/
of each cluster is computed by taking the average of the columnsin A; ; that is,

The centroid vector achieves the minimum variance in the sense:

:"\ e . — 7 . i 3

L |a; —cll5 = min L la; —x|l3 = min [|A —xe ||,
: S yeRnx] : “ el

=] :

J=l

wheree = (1,--- . 1)/ e R"*!. Applying this within each cluster, we can find
one vector to represent the entire cluster. This suggests that we choose the columns
of B in the minimization problem (1.4) to be the centroids of the k clusters, and
then solve the least squares problem [Bj696]

min ||A —CY||s,
¥ ek

where
= l{_tll ‘_1_“1 i,lf\ll

Note that for this method, the reduced dimension | is the same as the number of
clusters k.

To express this in terms of the matrix rank reduction formula, we define a
grouping matrix H ¢ 2"*% as

H=F-(F'F™, (1.6)

il I il'document i belongs to cluster J,

where FelR™ and F{i, j)= )
(0 otherwise.

It is easy to see that the matrix C can be written as C = AH. In addition, the
solution is Y = (€7 ¢) '’ A, which in turn yields the matrix rank reduction
expression (1.2)
E = A—-CY
= A—(AH)CTC)T'CT A
= A—(AH)HTATAH) " (HT AT A).

This shows that the prefactor is 2, = /' A" and the postfactor is 7> = # inthe
Centroid method of Park et a. [PIJRO3].
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Algorithm 1.1 CentroidQR
Given a data matrix A . pmxs" h k clusters, compute a k-dimensional
representation Y of A.

1. Compute the centroid ¢’ of theith cluster, | < i < k.

2. S C=[efh 2 ... R

3. Compute the reduced QR decomposition of C, whichisC = O, R.
4. Solveminy ||QrY — A|lp (in fact, ¥ = Q] A).

Algorithm 1.2 Multiple Group

Given a data matrix A € [R"*" with k clusters, compute a k-dimensiona
representation Y of A.

1. Compute the matrix W = A’ A /. where H is the grouping matrix defined
inEq. (1.6).

2. Compute S = H' W,
3. Compute the Cholesky factor T of S sothat 77"/ = 8.

4. vy =T 'w',

If the factor B in (1.4) has orthonorma columns, then the matrix Y itself gives
a good approximation of A in terms of their correlations:

ATA=~Y"B"BY =Y"Y whenB"B =L

For a given matrix B, this can be achieved by computing its reduced QR decom-
position [GV96]. When B — C, the result is the CentroidQR method, which is
presented in Algorithm 1.1. For details of its development and properties, see
[PJRQO3]. In Section 1.5, we show that the CentroidQR method solves a trace op-
timization problem, thus providing a link between the methods of discriminant
analysis and those based on centroids.

1.3.1 Relationship to a Methodfrom Factor Analysis

Before moving on to the subject of discriminant analysis, we establish the math-
ematical eguivalence of the CentroidQR method to a method known in applied
statistics/psychometrics for more than 50 years. In his book on factor anaysis
[Hor65], Horst attributes the multiple group method to Thurstone [Thu45]. We
restate it in Algorithm 1.2, using the notation of numerical linear algebra
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In comparison, the solution from CentroidQR is given by
Yy = Q]A
= (AHRH'A
= R THTATA.

From the uniqueness of the Cholesky factor, this matches the solution given in
Algorithm 1.2, provided the CentroidQR method computes R as upper triangular
with positive diagonal entries.

1.4 Discriminant Analysis and Its Extension for Text
Data

The godl of discriminant analysisisto combine festures of the original datain away
that most effectively discriminates between classes. With an appropriate extension,
it can be applied to our goal of reducing the dimension of a term-document matrix
in away that most effectively preserves its cluster structure. That is, we want to
find alinear transformation /' that maps the m-dimensional document vector «
into an /-dimensional vector as follows,

Tl _ mmax] _ mlx1 = v
G eR*™:q;eR"™ - y;eR™, I<j=<n

Assuming that the given data are aready clustered, we seek a transformation that
optimally preserves this cluster structure in the reduced dimensional space.

For this purpose, we first need to formulate a measure of cluster quality. When
cluster quality is high, each cluster is tightly grouped, but well separated from
the other clusters. To quantify this, scatter matrices are defined in discriminant
analysis [Fuk90, TK99]. In terms of the centroids defined in the previous section,
the within-cluster, between-cluster, and mixture scatter matrices are defined as

k

S = Z Z{“-'f _{II:.;J}[flrlr N U

i=1 jeN,
k k

Sy = Z X (e — ey — )T = Zu,-(r'“' — o) =)', and
i=1 jeN; i=1

n
S = Z((IJ'-{')[HJ‘ o7,

j=1
respectively. Itiseasy to show [IJD88] that the scatter matrices have the relationship
Sm — Su' A S."'r- (17)

Applying G to A transforms the scatter matrices to
§Y = G846, S} =G7S,G, and St = G S G,
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where the superscript Y denotes values in the /-dimensional space.
There are severa measures of cluster quality that involve the three scatter
matrices [Fuk90, TK99]. Since

JD-\-

L" N (T '| i
trace(S,) = L Z (a; T (85 —e) = L laj — ¢ '
= N;

i=l jeN; b=

measures the closeness of the columns within the clusters, and

J I
trace(Sy) = X Z(r-‘” ) (e —¢) = X Z: et — t'll_?"

i=1 jeN, i=1 jeN,

measures the separation between clusters, an optimal transformation that preserves
the given cluster structure would maximize trace(S; ) and minimize trace(S, ).

This simultaneous optimization can be approximated by finding atransformation
G that maximizes trace((S!) 'S)). However, this criterion cannot be applied
when the matrix S, is singular. In handling document data, it is often the case that
the number of terms in the document collection is larger than the total number of
documents (i.e., m > n in the term-document matrix A), and therefore the matrix
Sy is singular. Furthermore, in applications where the data items are in a very
high dimensional space and collecting data is expensive, S, is singular because
the value for n must be kept relatively small.

One way to make classical discriminant analysis applicable to the data matrix
A e [R"*" withm > n (and hence §,, singular) is to perform dimension reduction
in two stages. The discriminant analysis stage is preceded by a stage in which
the cluster structure is ignored. The most popular method for the first part of this
process is rank reduction by the SVD, the main tool in latent semantic indexing
(LSIl) [DDF+90, BDO95]. In fact, this idea has recently been implemented by
Torkkola [Tor01]. However, the overal performance of this two-stage approach
will be sensitive to the reduced dimension in itsfirst stage. LSl has no theoretical
optimal reduced dimension, and its computational estimation is difficult without
the potentially expensive process of trying many test cases.

In this section, we extend discriminant analysisin away that provides the optimal
reduced dimension theoretically, without introducing another stage as described
above. For the set of criteria involving trace((S))~'S!), where S and S, are
chosen from S, Sy, and §,,,, we use the generalized singular value decomposition
(GSVD) [vL76, PS81, GV96] to extend the applicability to the case when S is
singular. We also establish the equivalence among aternative choices for §; and
S>. In Section 1.5, we address the optimization of the trace of an individual scatter
matrix, and show that it can be achieved efficiently by the method of the previous
section, which was derived independently of trace optimization.
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141 Generalized Sngular Value Decomposition

After the GSVD was originally defined by Van Loan [vL76], Paige and Saunders
[PS81] developed the following formulation for any two matrices with the same
number of columns.

THEOREM 12 Suppose two matrices K4 € R"*" and Ky /""" are given.

Thenfor
K,
K :( A ) and  t = rank(K),
Ky |
thereexistorthogonal matrices(/ & /", V & R/ W e B and O e 7
such that
UTKaQ=SaW'R, 0 ) and V'KgQ=3pW'R. 0),

e SO

f =t t n—t

| I Oy
A= Dy S Dy ;
e Oy B Iy

andR  [R'*" isnonsingular with itssingular values equal to the nonzero singular
values of K. The matrices

where

Iy e R and Iy e RY-"—3xli=r=s)

areidentity matrices, where

) K
¥ = rank k_," rank(Kg) and s = rank(Ka)+rank(Kp)—rank ( A
K \!\ B

h

Oy & RU—E—IRU=r=8) g Qp e RO—IHIX

are zero matrices with possibly no rows or no columns, and

Dy =diagletriy,....0+y) and Dy =diag(Brri.....Br+1s)
satisfy
= =z =0, Dby 2 < Byy < 1, (1.8)
and uf + ,Hr.:' =1 forii='r=Uyemay r s,

This form of GSVD is related to that of Van Loan by writing [PS81]
UTKaX = (£4.0) and V' KpX = (Z5.0), (19

R-'w 0
I Su.' 0 L0 ! )

where
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From the form in Eq. (1.9) we see that
Ky=U(Z4, 00X ' and Kg= V(S 00X,

which imply that

- 5 enias :
e iy Bw O 53 T w1 [ By 07) p=
KIKki=X ( 5 o ) X7 and KGKp=x 9 i &k

X

Defining
o = L, g =@ forit = L0, r
and
=0 Bi=llori=r+s+1,..., t.
wehave, for | =i <1,
,Jr';,-l K__{ll Kaxp— u]_l K ;: Kpxi. (110)

where x; represents the ;th column of X. For the remaining m —t columns of X,
both K/ K yx; and K |, K 3.x; are zero, so Eq. (1.10) is satisfied for arbitrary values
of w; and f; whent + | =i = m. The columns of X are the generalized right
singular vectors for the matrix pair (K 4. K ). In terms of the generalized singular
values, or the v; / f; quotients, r of them are infinite, s are finite and nonzero, and
t—r —sarezero.

1.4.2 Extension of Discriminant Analysis

For now, we focus our discussion on one of the most commonly used criteriain
discriminant analysis, that of optimizing

J(G) = trace((G" $,G) (G $,G)),
where §; and 5> are chosen from S,. S5, and S,,. When §> is assumed to
be nonsingular, it is symmetric positive definite. According to results from

the symmetric-definite generalized eigenvalue problem [GV96], there exists a
nonsingular matrix X & " *" such that

X'SiXx=A= diag(hy ... Ay) and X ;- Sk =il

Since §) is positive semidefinite and x/ Syx; = ;, each /; is nonnegative and
only the largest ¢ = rank(S1) ;s arenonzero. In addition, by using apermutation
matrix to order A (and likewise X), we can assume that

}_l ‘- A

S WLE i N
Letting v; denote the ith column of X, we have

Six; = A Saky, (111)
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which means that ; and x; are an eigenvalue-eigenvector pair of 55 ' 5. Wehave

J(G) = t!'LlCt‘([(J‘jl.S'](;) J(_IT;‘:"{(}"}
= wasicIxTx ey let x-TAax1g)
= trace((GTG)'GTAG),
where G = X~'G. The matrix G has full column rank provided G does, o it
has the reduced QR factorization G = QR, where <0 « """/ has orthonormal
columns and R is nonsingular. Hence
Ji(G) = trace((R"R)'RT Q" AQR)
= trace(R~' Q‘f. AQR)
trace(Q" AQRR™")
= lrace( Q"r AQ).
This shows that once we have simultaneously diagonalized S| and S», the maxi-

mization of J1 (G) depends only on an orthonormal basis for range' X ' G); that
is,

max Ji(G) = max trace( Q'f AQ) = Ay -4 Ay = trace(s, s,
L&) -

o7 0=t

(Here we consider only maximization. However, J; may need to be minimized for
some other choices of 57 and 5»..) When the reduced dimension / = ¢, this upper
bound on J; () is achieved for

(1 L R fl.') ,
J_(”) of G ._x(“ R.

Note that the transformation G is not unique. That is, /; satisfies the invariance
property J,(G) = J;(G W) for any nonsingular matrix W e '~/ since

JIGW) = trace(W! GT S2GW)" (W GT8,Gw))
= trace(W ' (GTSG) ' W Twl(G"s,G)w)
= trace((G' $2G)~" (G s,G)yww)
= JI(G):

Hence, the maximum /() is adso achieved for

-
o._x(”).

trace((G” $2G) ™' G” $1G) = trace(S; ' S)) (1.12)

This means that

whenever G € R""*! consists of | eigenvectors of S, 'S, corresponding to the |
largest eigenvalues.

Now, alimitation of the J; criteriain many applications, including text process-
ing in information retrieval, is that the matrix 5> must be nonsingular. Recalling
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the partitioning of A into k clusters given in (1.5), we define the m x n matrices

Hy = [Aj—cWe® Ay @@ A, R0 (113)

By = i{{_m B t,)(,m'f'. (@ _ {_,-)e,u:zn" _____ (® _ (.)t,f._f\'.\'f 1 (1.14)

H, = laj—c¢.....,ay—c)=A—cel, (1.15)
wheree') = (1, ..., 1)" e "' Then the scatter matrices can be expressed as
Sw=HyH!. Sy =HyH/, and S,, = H,H]. (1.16)

For 5> to be nonsingular, we can only alow the casem < n, since 5; isthe product
of an m x n matrix and an n x m matrix [Ort87]. We seek a solution that does
not impose this restriction, and which can be found without explicitly forming S,
and S, from H,,, Hy, and H,,.. Toward that end, we express ; as o /2. and the
problem (1.11) becomes

,'"J’f-‘? S = {M;j' Sox;. (L17)

This has the form of a problem that can be solved using the GSVD, as described
in Section 1.4.1.

We first consider the case where
0S5y, 59) = (Sgidu).

From Eqg. (1.16) and the definition of Hb, given in Eq. (1.14), rank(Sy) < k — 1.
To approximate G that satisfies both

max trace(G' SpG) and ”:i“ trace(G’ $,,G), (1.18)
we choose the ;s that correspond to the k — 1 largest J.;s, where 4; = o /7.
When the GSVD construction orders the singular value pairs as in Eq. (1.8), the
generalized singular values, or the «;/f; quotients, are in nonincreasing order.
Therefore, thefirstk— 1 columns of X are dl we need. Our algorithm first computes
the matrices H, and H,, from the data matrix A. We then solve for a very limited
portion of the GSVD of the matrix pair (/, . H,). This solution is accomplished
by following the construction in the proof of Theorem 12 [PS81]. The mgjor steps
are limited to the complete orthogona decomposition [GV 96, LH95J of

i
which produces orthogonal matrices P and Q and anonsingular matrix R, followed
by the singular value decomposition of a leading principal submatrix of P. The
stepsfor this case are summarized in Algorithm DiscGSV D, adapted from [HIPO3].

When m > n, the scatter matrix S, is singular. Hence, we cannot even define the
Jy criterion, and discriminant analysis fails. Consider a generalized right singular
vector xv; that liesin the null space of S,,. From Eq. (1.17), we see that either x;
also lies in the null space of S, or the corresponding ; equals zero. We discuss
each of these cases separately.
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When x; € null(S,,) N null(S,), Eq. (1.17) is satisfied for arbitrary values of
o; and ;. As explalned in Section 1.4.1, this will be the case for the rightmost
m —t columns of X. To determine whether these columns should be included in
G, consider

trace(G! S; &)= Z g S;, and trace(G' ‘\,; ()= Z g2 Sug

where ¢ ; represents the 7th column of G. Since x/ S,,x; = 0 and.x/ Spx; =0,
adding the column x; to G does not contribute to either maximization or mini-
mization in (1.18). For this reason, we do not include these columns of X in our
solution.

When x; € null(S,,) —null(S;,). then #; = 0. Asdiscussed in Section 1.4.1, this
impliesthat o; = 1, and hence that the generalized singular vdue «;/f#; is infinite.
The leftmost columns of X will correspond to these. Including these columnsin G
increases trace( (/' 5, (), while leaving trace( G S,, ) unchanged. We conclude
that, even when §,, is singular, the rule regarding which columns of X to include
in G remains the same as for the nonsingular case. The experimentsin Section 1.6
demonstrate that Algorithm DiscGSV D works very well even when S, issingular,
thus extending its applicability beyond that of classical discriminant analysis.

1.4.3 Equivalencefor Various S, and $»

For the case when
»92) = (8, Swr),

if we follow the analysis a the beginning of Section 1.4.2 literally, it appears
that we would have to include rank(S,;) = k — 1 columns of X in G. However,
using the relation (1.7), the generalized eigenvalue problem S,,,.x; = A;8,,x; can
be rewritten as

Spxi = (h; — D)Spxi. whererh; =1, | =i < m.

In this case, the eigenvector matrix is the same as for the case of (5. 52) =

(S5, S, but the eigenvalue matrix is A — /. Since the same permutatlon can be
u%d to put A — / in nonincreasing order as was used for A x; corresponds to the
ith largest eigenvalue of S, ' S;,. Therefore, when S, is nonsingular, the solution
is the same as for (5, 52 J = (Sp, Sw)

When m > n, the scamter matrix S, is singular. For a generalized right singular
vector xv; € null(Sy,), Suxi = Spxi. Hence, we include the same columnsin G
as we did for (S;. 5_} = (Sp. Syu). Alternatively, we can show that the solutions
are the same by deriving a GSVD of the matrix pair (H,”. H ) that has the same
generalized right singular vectorsas (H,!, H ). See [HP02] for the details.

Note that in the m-dimensional space,

ll'ucc(.'a',',_: S ) = trace(S, "(Sw + Sp)) =m + trace(S,, LS (1.19)
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Algorithm 1.3 DiscGSVD

Given adatamatrix A € R *" with k clusters, compute the columns of the matrix
G e R*k=1 \which preserves the cluster structure in the reduced dimensional
space, using
J1(G) = trace((G” $,G) ™' GT 5, G).
Also compute the k — 1 dimensional representation Y of A.
1. Compute H;, and H,, from A according to
Hy, = I\/5}'|{(“'|' — ), \_r'!.f.fj{{“ll'l 5 \;,‘,ﬁ_[(-'* — ¢)] & RMHK

and (1.13), respectively. (Using this equivalent but lower-dimensional form
of H}, reduces complexity.)

2. Compute the complete orthogona decomposition of

i 7l . i R 0
2 I = =|“,\:1’£ Fin) s A T, L o £ —
K ( H,:r. ) = [R . whichis P" KQ ( 0 0 )

Let/ = rank(K).
4. Compute W from the SVYD of P(1: k, 1 : t), whichis
UTP(1:k,1:DW = E4.

w0
5. Compute the first K — 1 columnsof X = @ ( :;\ I )

and assign them to G.
6. Y =GTA.

and in the /-dimensional space,

trace((S})'SY) = trace((SY) " '(SL + 8))) = | + trace((S}) 'S}y, (1.20)
This oonfirms that the solutions are the same for both (5. 5>) = (5, 5,) ad
(S1,8) = (S,. 5. Forany | = k — 1, when G includ&s the eigenvectors of
558 correﬁpondl ng to the / Iargeﬂ eigenvalues, then

trace't S, ' S) = trace((S1) ' s)).

By subtracting (1.20) from (1.19), we get

trace((SY)7'SY) + (m — 1) = trace(S; ' Sy). (1.22)
In other words, each additional eigenvector beyond the leftmost k — 1 will add one
totrace((S),) 'S} ). This shows that we do not preserve the cluster structure when
measured by trace(S, 'S, ). athough we do preserve trace(S,, LS. According
to Eq. (1.21), trace(S,, ' S,,) will be preserved if we include dl rank(Sm) =
eigenvectors of § 'S,,_..
For the case

u

w95 =8, 8w},
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we want to minimize trace(S,;' ). In [HP02], we use asimilar argument to show
that the solution is the same as for (S, S2) = (Sp, Sw), evenwhen S, is singular.
However, since we are minimizing in this case, the generalized singular values are
in nondecreasing order, taking on reciprocal values of those for (H, . H ).

Having shown the equivalence of the J; criteria for various (5. §2). we con-
clude that (5. 53) = (Sk, Sy) should be used for the sake of computational
efficiency. The DiscGSVD agorithm reduces computational complexity further
by using a lower-dimensional form of Hb rather than that presented in Eq. (1.14),
and it avoids a potential loss of information [GV 96, page 239, Example 5.3.2] by
not explicitly forming S, and S, as cross-products of H;, and H,,.

15 Trace Optimization Using an Orthogonal Basis of
Centroids

Simpler criteria for preserving cluster structure, such asmin trace(G’ §,,G) and
max trace( ' S, G), involve only one of the scatter matrices. A straightforward
minimization of tracelG’ S, G) seems meaningless since the optimum aways
reduces the dimension to one, even when the solution is restricted to the case
when G has orthonormal columns. On the other hand, with the same restriction,
maximization of trace'{ G’ 5, ) produces an equivalent solution to the CentroidQR
method, which was discussed in Section 1.3.
Let

J2(G) = trace(G' S,G).

Ifwelet G € R beany matrix with full column rank, then essentially thereisno
upper bound and maximization is also meaningless. Now let us restrict the solution
to the casewhen G hasorthonormal columns. Then thereexists GG € R ="~ gych
that (G, () is an orthogonal matrix. In addition, since Sbis positive semidefinite,
we have

trace(G' S, G) trace(G" S G) + lrucc.{('_':"l'.\',-_, G) = trace( Sp).

If the SVD of H), isgivenby H, = UV’ then 5,0 = ULE’. Hence the
columns of U form an orthonormal set of eigenvectors of Sb corresponding to the
nonincreasing eigenvalues on the diagonal of A = R %7 . For p = rank(Sy), if
welet U, denote the first p columns of U and A, = diag(k; ... ,), we have

Jo(Up) = tracel L’; SpUp)
= trace( Ej UpAy)
A4+ i,
= trace(Sp).

This means that we preserve trace(S; ) if wetake U, as G.
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Now we show that this solution is equivalent to the solution of the CentroidQR
method, which does not involve the computation of eigenvectors. Defining the
centroid matrix C = [¢'"... "] as in Algorithm 1.1, C has the reduced QR
decomposition C = R, where Q; € R"*" has orthonormal columns and
R ¢ 1@**F [?]. Suppose x is an eigenvector of 5, corresponding to the nonzero
eigenvalue . Then

k

Spx = ) (e — ey — )Ty = ax.

This means x € span{c'’) — ¢|l =i < k}, and hence x € span{c'|1 < i < k).
Accordingly,

range(l/,) C range(C) € range( Q).
which implies that U/, = O, W for some matrix W e [R5 with orthonormal
columns. Thisyields

J(U,) = trace(W' Q] Sp,OxW)

trace( Qf' SpO)
= J2(0y).
Hence
J2 (0 ) = trace(Sy).

and Oy plays the same role as (/,,. In other words, instead of computing the
eigenvectors, we smply need to compute .., which is much cheaper. Therefore,
by computing a reduced QR decomposition of the centroid matrix, we obtain a
solution that maximizes trace(G' S, G) over al G with orthonormal columns.

1.6 Document Classification Experiments

Inthis section, we demonstrate the effectiveness of the DiscGSVD and CentroidQR
algorithms, which use the J; criterion with (5. S2) = (S, S,) and the J> crite-
rion with G' G = /, respectively. For DiscGSVD, we confirm its mathematical
equivalenceto /; using an alternative choice of (5. S2), and weillustrate the dis-
criminatory power of J; via two-dimensional projections. Just as important, we
validate our extension of J; to the singular case. For CentroidQR, its preserva
tion of trace(5;,) is shown to be a very effective compromise for the simultaneous
optimization of two traces approximated by /.

InTable 1.1, we use clustered datathat are artificialy generated by an algorithm
adapted from [JD88, Appendix H]. The data consist of 2000 documents in a space
of dimension 150, with k — 7 clusters. DiscGSVD reduces the dimension from
150 tok — 1 =6. We compare the DiscGSVD criterion, J\ = trace(S,,' S;), with
the alternative J; criterion, trace(S,, ' 5,, ). Thetrace values confirm our theoretical
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[ Method || Full | Trace(S,"Sy) Trace(S,'Sn) |
[ Dim | 150 x 2000 6 % 2000 6 x 2000 | 7 x 2000 |
[ trace(S,) ‘l 209700 1.97 a5 | 198
[ trace(S)) 22925 4.03 3.04 | 3.04
' u.u,m,, ) [ 322630 | 6.00 \ 450 | s0
| trace(S5'Sp) 12.6 12.6 126 | 126
| trace(S, ' Sn) 162.6 18.6 \ 186 | 196
‘ centroid || 2.6 % T 229 [ ) 2.0 %
5nn | 187 % | 2.2 % 2.2 % 2.4 %
L ison || 100% | 18% | 19% | 21% |
Table 1.1. Traces and Misclassification Rates (in %) with Ly Norm Similarity

Algorithm 1.4 Centroid-Based Classification

Given a data matrix A with k clusters and k corresponding centroids, ' for
| =i < k. find the index j of the cluster to which a vector g belongs.

e Find the index j such that sim(g. "), 1 < i < k. is minimum (or
maximum), where sim(y. ¢!y is the sumllanty measure between g and

AT)
[& A

(For example, sim(y, ¢'"’) = [l¢ — " ||» using the Z.» norm, and we take the
index with the minimum value Using the cosine measure, simiq, ¢!y =

cos(g, ') = -I'r;Irlf\l- i 77 and we take the index with the maximum value.)

findings, namely, that the generalized eigenvectors that optimize the alternative ./
also optimize DiscGSVD's J\, and including an additional eigenvector increases
trace(S,,'S,,) by one.

We also report misclassihcation rates for a centroid-based classification method
[HJIPO3] and the k-nearest neighbor (knn) classification method [TK99], which are
summarized in Algorithms 1.4 and 1.5. (Note that the classification parameter of
knn differs from the number of clusters k.) These are obtained using the £.» norm
or Euclidean distance similarity measure. While these rates differ dightly with the
choice of S, or §,,. and the reduction to six or seven rows using the latter, they
establish no advantage of using S, over ;. even when we include an additional
eigenvector to bring us closer to the preservation of trace(S;," S,,). These results

bolster our argument that the correct choice of ./, is optimized in our DiscGSVD
algorithm, since it limits the GSVD computation to a composite matrix with k + n
rows, rather than one with 2n rows.

To illustrate the power of the /| criterion, we useit to reduce the dimension from
150 totwo. Even though the optimal reduced dimensionissix, ./, does surprisingly
well at discriminating among seven classes, as seen in Figure 1.1. As expected,
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Algorithm 1.5 k Nearest Neighbor (knn) Classification

Given adatamatrix A [ay =.. a,| with Kk clusters, find the cluster to which
avector g belongs.

1. From the similarity measure simi(g, a ;) fofihds j < n, the k nearest
neighbors of g. (We use k to distinguish the algorithm parameter from the
number of clusters k.)

2. Among these k vectors, count the number belonging to each cluster.

3. Assign q to the cluster with the greatest count in the previous step.

the aternative ./, does equally well in Figure 12. In contrast. Figure 13 shows
that the truncated SVD is not the best discriminator.

Another set of experiments validates our extension of ./, tothesingular case. For
this purpose, we use five categories of abstracts from the MEDLINE ' database
(see Table 1.2). Each category has 40 documents. There are 7519 terms after pre-
processing with stemming and remova of stopwords [Kow97]. Since 7519 exceeds
the number of documents (200), 5., is singular and classical discriminant analy-
sis breaks down. However, our DiscGSVD method circumvents this singularity
problem.

The DiscGSVD agorithm dramatically reduces the dimension 7519 to four,
or one less than the number of clusters. The CentroidQR method reduces the
dimension to five. Table 13 shows classification results using the /.- norm simi-
larity measure. DiscGSVD produces the lowest misclassification rate using both
centroid-based and nearest neighbor classification methods. Because the ./, cri-
terion is not defined in this case, we compute the ratio trace(S;,) /truce(S, ) asa
rough optimality measure. We observe that the ratio is strikingly higher for Dis-
cGSVD reduction than for the other methods. These experimental results confirm
that the DiscGSVD algorithm effectively extends the applicability of the J; cri-
terion to cases that classical discriminant analysis cannot handle. In addition, the
CentroidQR algorithm preserves trace(.5;,) from the full dimension without the ex-
pense of computing eigenvectors. Taken together, the results for these two methods
demonstrate the potential for dramatic and efficient dimension reduction without
compromising cluster structure.

1.7 Conclusion

Our experimental results verify that the ./, criterion, when applicable, effectively
optimizes classification in the reduced dimensional space, while our DiscGSVD
extendsthe applicability to casesthat classical discriminant analysis cannot handle.

"http://www.ncbi.nlm.nih.gov/PubMed.
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Figure 1.3. Two-dimensional representation using >, V) from truncated SVD.
Class Category No. of Documents
1 heart attack 40
2 colon cancer 40
3 diabetes 40
4 oral cancer 40
5 tooth decay 40
dimension 7519 x 200
Method Full CentroidQR | DiscGSVD
Dim 7519 x 200 5 x 200 4 % 200
trace trace(Sy) 73048 4210 0.05
values trace(Sp) 6229 6229 3.95
trace(Sy) ;
uﬂ‘f:ﬁ 0.09 1.5 79
misclassification | centroid 5 5 |
rate in % Inn 40 3 I

Table 13 Traces and Misclassfication Rate with

Norm Similaritv
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In addition, our DiscGSVD agorithm avoids the numerical problems inherent in
explicitly forming the scatter matrices.

In terms of computational complexity, the most expensive part of Algorithm
DiscGSVD is Step 2, where a complete orthogonal decomposition is needed. As-
suming k£ = n, ¢t < m, and t = O(n), the complete orthogona decomposition of
K costs O(nmt) when m < n, and O(m°¢) when m > n [GV96J. Therefore, a
fest algorithm needs to be developed for Step 2.

For CentroidQR, the most expensive step is the reduced QR decomposition of
C, which costs @ (mk?) [GV96J. By solving a sSimpler eigenvalue problem and
avoiding the computation of eigenvectors, CentroidQR is significantly cheaper
than DiscGSVD. Our experiments show it to be a very reasonable compromise.

Finaly, it bears repeating that dimension reduction is only a preprocessing stage.
Since classfication and document retrieval will be the dominating parts com-
putationaly, the expense of dimension reduction should be weighed againgt its
effectiveness in reducing the cost involved in those processes.
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Automatic Discovery of Similar
Words

Pierre P. Sendllart
Vincent D. Blondd

Oveaview

We deal with the issue of automatic discovery of similar words (synonyms and
near-synonyms) from different kinds of sources: from large corpora of documents,
from the Web, and from monolingual dictionaries. We present in detail three algo-
rithms that extract similar words from a large corpus of documents and consider
the specific case of the World Wide Web. We then describe a recent method of
automatic synonym extraction in a monolingual dictionary. The method is based
on an algorithm that computes similarity measures between verticesin graphs. We
use the 1913 Webster's Dictionary and apply the method on four synonym queries.
The results obtained are analyzed and compared with those obtained by two other
methods.

2.1 Introduction

The purpose of this chapter isto review some methods used for automatic extraction
of similar words from different kinds of sources: large corpora of documents, the
Web, and monolingual dictionaries. The underlying goa of these methods is the
automatic discovery of synonyms. This god is, in general, too difficult to achieve
since it is often difficult to distinguish in an automatic way synonyms, antonyms,
and, more generally, words that are semantically close to each other. Most methods
provide words that are "similar" to each other. We mainly describe two kinds of
methods: techniques that, upon input of a word, automatically compile a list of
good synonymsor near-synonyms, and techniques that generate a thesaurus (from
some source, they build a complete lexicon of related words). They differ because
in the latter case, a complete thesaurus is generated at the same time and there
may not be an entry in the thesaurus for each word in the source. Neverthel ess, the
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purposes of the techniques are very similar and we therefore do not distinguish
much between them.

There are many applications of such methods. For example, in natural language
processing and information retrieval they can be used to broaden and modify
natural language queries. They can aso be used as a support for the compilation
of synonym dictionaries, which is a tremendous task. In this chapter we focus on
the search for synonyms rather than on applications of these techniques.

Many approaches for the automatic construction of thesauri from large corpora
have been proposed. Some of them are presented in Section 2.2. The value of such
domain-specific thesauri, as opposed to genera handmade synonym dictionaries
is stressed. We also look at the particular case of the Web, whose large size and
other specific features do not alow their being handled in the same way as more
classical corpora. In Section 2.3, we propose an origina approach, which is based
on monolingual dictionaries and uses an algorithm that generalizes an algorithm
initially proposed by Kleinberg for searching the Web. Two other methods working
from monolingual dictionaries are also presented.

2.2 Discovery of Similar Words from a Large Corpus

Much research has been carried out on the search for similar words in corpora,
mostly for applications in information retrieval tasks. A large number of these
approaches are based on the simple assumption that similar words are used in
the same contexts. The methods differ in the way the contexts are defined (the
document, a textual window, or more or less elaborate syntactical contexts) and
the way the similarity is computed.

Depending on the type of corpus, we may obtain different emphasis in the
resulting lists of synonyms. The thesaurus built from a corpus is domain-specific
to this corpus and is thus more adapted to a particular application in this domain
than a general hand-written dictionary. There are severa other advantages to the
use of computer-written thesauri. In particular, they may be rebuilt easily to mirror
achange in the collection of documents (and thus in the corresponding field), and
they are not biased by the lexicon writer (but are, of course, biased by the corpus
in use). Obvioudly, however, hand-written synonym dictionaries are bound to be
more liable, with fewer gross mistakes.

We describe below three methods that may be used to discover similar words. Of
course, we do not pretend to be exhaustive, but rather have chosen to present some
of the main approaches. In Section 2.2.1, we present a straightforward method,
involving a document vector space model and the cosine similarity measure. This
method is used by Chen and Lynch to extract information from a corpus on East-
bloc computing [CL92] and we briefly report their results. We then look at an
approach proposed by Crouch [Cro90] for the automatic construction of a the-
saurus. Themethod is based on aterm vector space model and term discrimination
values [SY'Y 75], and is specifically adapted for words that are not too frequent. In
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Section 2.2.3, we focus on Grefenstette's SEXTANT system [Gre94], which uses
apartia syntactical analysis. Finally, in the last section, we consider the particular
case of the Web as a corpus, and discuss the problem of finding synonyms in a
very large collection of documents.

2.2.1 A Document Vector Space Model

The firgt obvious definition of the context, given a collection of documents, is to
say that terms are similar if they tend to occur in the same documents. This can be
represented in amultidimensional space, where each document is adimension and
each term is avector in document space with Boolean entries indicating whether the
term appears in the corresponding document. It is common in information retrieval
to use thistype of vector space model. In the dual model, terms are coordinates and
documents are vectors in term space; we show an application of this dual model
in the next section.

Thus two terms are similar if their corresponding vectors are close to each other.
The similarity between the vector i and the vector j is computed using a similarity
mesasure, such as the cosine:

cos(i, j) = - _—I —
VA S B I |
whereixj istheinner product of i andj. With this definition, wehave() < cos(i, j) <
1; & with cos? = cos(i,j) is the angle between i and j. Similar terms will tend
to occur in the same documents and the angle between them will be small. Thus
the cosine similarity measure will be closeto one. In contrast, terms with little in
common will not occur in the same documents, the angle between them will be
closeto 7 /2, and the cosine similarity measure will be close to zero.

The cosine is a commonly used similarity measure. One must, however, not
forget that the justification of its use is based on the assumption that the axes are
orthogonal, which is seldom the case in practice since documents in the collection
are bound to have something in common and not be completely independent.

In [CL92| Chen and Lynch compare the cosine measure with another measure,
referred to as the Cluster measure. The Cluster measure is asymmetrical, thus
giving asymmetrical similarity relationships between terms. It is defined by

cluster(i. j) = I— J i
(LA
where |i||; is the sum of the magnitudes of i's coordinates (i.e., the 11 norm of i).

For both these similarity measures the algorithm is then straightforward: once
a smilarity measure has been selected, its value is computed between every pair
of terms, and the best similar terms are kept for each term.

The corpus Chen and Lynch worked on was a 200 MB collection of various
text documents on computing in the former East-bloc countries. They did not
run the algorithms on the raw text. The whole database was manually annotated
so that every document was assigned a list of appropriate keywords, countries,
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organization names, journal names, person names, and folders. Around 60,000
terms were obtained in this way and the similarity measures were computed on
them.

For instance, the best similar keywords (with the cosine measure) for the key-
word technology transfer were: export controls, trade, covert, export, import,
micro-electronics, software, microcomputer, and microprocessor. These are
indeed related (in the context of the corpus) and words such astrade, import, and
export are likely to be some of the best near-synonyms in this context.

The two similarity measures were compared on randomly chosen terms with
lists of words given by human experts in the field. Chen and Lynch report that the
Cluster algorithm presents a better Concept Recall ratio (i.e., is, the proportion of
relevant terms that were selected) than cosine and human experts. Both similarity
measures exhibits similar Concept Precision ratios (i.e., the proportion of selected
terms that were relevant), and they are inferior to that of human experts. The
asymmetry of Cluster seems to be areal advantage.

2.2.2 A Thesaurus of Infrequent Words

In [Cro90] Crouch presents a method for the automatic construction of thesaurus
classes regrouping words that appear seldom in the corpus. Her purpose is to use
this thesaurus to modify queries asked of an information retrieval system. She
uses aterm vector space model, which is the dual of the space used in the previous
section: words are dimensions and documents are vectors. The projection of a
vector along an axis is the weight of the corresponding word in the document.
Different weighting schemes might be used; one that seems effective isthe "Term
Frequency Inverse Document Frequency" (TF-IDF), that is, the number of times
the word appears in the document multiplied by a (monotone) function of the
inverse of the number of documents in which the word appears. Terms that appear
often in a document and do not appear in many documents therefore have an
important weight.

As we saw earlier, we can use a Similarity measure such as the cosine to char-
acterize the similarity between two vectors (i.e., two documents). The algorithm
proposed by Crouch, presented in more detail below, is to cluster the set of doc-
uments according to this similarity and then to select indifferent discriminators
from the resulting clusters to build thesaurus classes.

Salton, Yang, and Yu introduce in [SYY75] the notion of term discrimination
value. It is ameasure of the effect of the addition of aterm (as a dimension) to the
vector space on the similarities between documents. A good discriminator is aterm
that tends to raise the distances between documents; a poor discriminator tends to
lower the distances between documents; finaly, an indifferent discriminator does
not change the distances between documents much. The exact or approximate
computation of dl term discrimination values is an expensive task. To avoid this
problem, the authors propose using the term document frequency (i.e., the number
of documents the term appearsin) instead of the discrimination value, since exper-
iments show they are strongly related. Terms appearing in less than about 1% of



2. Automatic Discovery of Similar Words 29

the documents are mostly indifferent discriminators; terms appearing in more than
1% and less than 10% of the documents are good discriminators; very frequent
terms are poor discriminators.

Crouch therefore suggests using low-frequency terms to form thesaurus classes,
which should be made of indifferent discriminators. The first idea to build the
thesaurus would be to cluster these low-frequency terms with an adequate clus-
tering algorithm. This is not very interesting, however, since, by definition, one
does not have much information about low-frequency terms. But the documents
themselves may be clustered in a meaningful way. The complete link clustering
algorithm, which produces smal and tight clusters, is adapted to the problem.
Each document is first considered as a cluster by itsdlf, and iteratively, the two
closest clusters (the similarity between clusters is defined to be the minimum of
al similarities (computed by the cosine measure) between a pair of documentsin
the two clusters) are merged, until the distance between clusters becomes higher
than a user-supplied threshold.

When this clustering step is performed, low-frequency words are extracted from
eaech cluster. They build corresponding thesaurus classes. Crouch does not de-
scribe these classes but has used them directly for broadening information retrieval
queries, and has observed substantial improvements in both recall and precision
on two classical test corpora. It is therefore legitimate to assume that words in
the thesaurus classes are related to each other. This method only works on low-
frequency words, but the other methods presented here have problems in dealing
with such words for which we have little information.

223 The SEXTANT System

Grefengtette presents in [Gre93, Gre94] an agorithm for the discovery of similar
words that uses a partial syntactical analysis. The different steps of the agorithm
SEXTANT (Semantic Extraction from Text via Analyzed Networks of Terms) are
detailed below.

Lexica Analysis

Words in the corpus are separated using a simple lexical analysis. A proper name
analyzer is also applied. Then each word is looked up in alexicon and is assigned
apart of speech. If aword has several possible parts of speech, a disambiguator is
used to choose the most probable one.

Noun and Verb Phrase Bracketing

Noun and verb phrases are then detected in the sentences of the corpus, using
starting, ending, and continuation rules: for instance, adeterminer can start anoun
phrase, anoun can follow a determiner in a noun phrase, an adjective can not start,
end, or follow any kind of word in a verb phrase, and so on.



30 Senellart and Blondel

ADJ : an adjective modifiesanoun  (e.g., civil unrest)
NN : anoun modifies a noun (e.g., animal rights)
NNPREP : anounthat isthe object ofa  (e.g., measurements
preposition modifies a along the crest)
preceding noun
SUBJ : anounisthe subject of averb (e.g., the table shook)
DOBJ : anounisthe direct (e.g., shook the table)
object of a verb
IOBJ : anoun in aprepositional (e.g., the book was
phrase modifying a verb placed on the table)

Fgure 2.1. Syntacticd relaions extracted by SEXTANT.

Parsing

Several syntactic relations (or contexts) are then extracted from the bracketed
sentences, requiring five successive passes over the text. Figure 2.1, taken from
[Gred4], shows the list of extracted relations.

The relations generated are thus not perfect (on a sample of 60 sentences Grefen-
stette found a correctness ratio of 75%) and could be better if a more elaborate
parser were used, but it would be more expensive too. Five passes over the text
are enough to extract these relations, and since the corpus dealt with may be
very large, backtracking, recursion, or other time-consuming techniques used by
elaborate parsers would be inappropriate.

Similarity

Grefenstette focuses on the similarity between nouns; other parts of speech are not
discussed. After the parsing step, a noun has a number of attributes: al the words
that modify it, dong with the kind of syntactica relation (ADJ for an adjective,
NN or NNPREP for a noun, and SUBJ, DOBJ, or IOBJ for a verb). For instance,
the noun cause, which appears 83 times in a corpus of medical abstracts, has 67
unique attributes in this corpus. These attributes constitute the context of the noun,
on which similarity computationswill be made. Each attribute is assigned aweight

by

. Pare il 0g(Page i)
weight (att) = 1 + Z PRS- i alal — I — =
log(total number of relations)

noun 1

where

number of times aff appears with i

J”'.l"’.f.i — = . ) ofF
total number of attributes of i

The similarity measure used by Grefenstette is a weighted Jaccard similarity
measure defined as follows
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1. CRAN (Aeronautics abstract)
case: characteristic, analysis, field, distribution, flaw, number, layer,
problem

2. JFK (Articles on JFK assassination conspiracy theories)
case: film, evidence, investigation, photograph, picture, conspiracy,
murder

3. MED (Medicd abstracts)
case: change, study, patient, result, treatment, child, defect, type,
disease, lesion

Figure 2.2. SEXTANT similar words for case, from different corpora

species  bird, fish, family, group, form, animal, insect, range,

snake

fish animal, species, bird, form, snake, insect, group,
water

bird species, fish, animal, snake, insect, form, mammal,
duck

water  sea, area, region, coast, forest, ocean, part, fish, form,
lake

€qg nest, female, male, larva, insect, day, form, adult

Fgure2.3. SEXTANT smilarwordsforwordswithmost contextsinGrolier'sEncycl opedia
animd articles.

Ly altribute of both i and j ”:{IF-!‘:"'IJ’{”” )

Jac(, j) = =

Latt attribute of cither i or j

wei ght (att) I

Results

Grefenstette used SEXTANT on various corporaand many examples of the results
returned are available in |Gre94J. Figure 2.2 shows the most similar words of case
in three completely different corpora. It is interesting to note that the corpus has
a great impact on the meaning of the word according to which similar words are
selected. This is a good illustration of the value of working on a domain-specific
corpus.

Figure 2.3 shows other examples, in acorpuson animals. Most words are closely
related to theinitial word and some of them are indeed very good (sea, ocean, lake
for water; family, group for species,...). Thereremain completely unrelated words
though, such as day for egg.
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2.2.4 How to Deal with the Web

The World Wide Web is a very particular corpus: its size can simply not be com-
pared with the largest corporatraditionally used for synonym extraction, its access
timesare high, and itisalso richer and more lively than any other corpus. Moreover,
alarge part of it is conveniently indexed by search engines. One could imagine
that its hyperlinked structure could be of some use too. And of courseit is not a
domain-specific thesaurus. Is it possible to use the Web for the discovery of similar
words? Obviously, because of the size of the Web, none of the above techniques
can apply.

Turney partialy deals with the issue in [Tur01]. He does not try to obtain a
list of synonyms of a word i but, given aword i, he proposes a way to assign a
synonymy score to any word j. His method was checked on synonym recognition
guestions extracted from two English tests: the Test Of English as a Foreign Lan-
guage (TOEFL) and the English as a Second Language test (ESL). Four different
synonymy scores are compared. They use the advanced search functions of the
Altavista search engine (http : //www. altavista. com).

'|.,l.\':_il
o i NEAR )

coren (j) -

S hits{j

. fits (i NEAR J)AND NOT (1 OR jY NEAR “not™))
veoreylj) —

hits(j A NI NOT (jnv EAR "oty
firstli NEAR JY AN D context AND NOT ((TORJ) NEAR “nont"))

verrea(f) .
! hitst) AN D context ANDPNOT (§ NEAR"not™))

In these expressions, hits represents the number of pages returned by Altavista
for the corresponding query; AND, OR, and NOT are the classicadl Boolean
operators; NEAR imposes that the two words not be separated by more than 10
words; and context is acontext word (a context was given along with the question
in ESL; the context word may be automatically derived from it). The difference
between scores and seores was introduced in order not to assign good scores to
antonyms.

The four scores are presented in increasing order of the quality of the corre-
sponding results. scores gives agood synonym for 73.75% of the questions from
TOEFL (,scores was not applicable since no context was given) and scorey gives
a good synonym in 74% of the questions from ESL. These results are arguably
good, since, as reported by Turney, the average score of TOEFL by alarge sample
of studentsis 64.5%.

This algorithm cannot be used to obtain a list of synonyms, since it is too
expensive to run for each candidate word in adictionary because of network access
times, but it may be used, for instance, to refine alist of synonyms given by another
method.
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2.3 Discovery of Similar Words in a Dictionary

2.3.1 Introduction

We now propose a method for automatic synonym extraction in a monolingual
dictionary [Sen01, BS01]. Our method uses agraph constructed from the dictionary
and is based on the assumption that synonyms have many words in common in their
definitions and are used in the definition of many common words. Our method is
based on an algorithm that generalizes an algorithm initially proposed by Kleinberg
for searching the Web [K1e99J.

Starting from a dictionary, wefirst construct the associated dictionary graph G;
each word of the dictionary is a vertex of the graph and thereis an edge fromu to v
if v appears in the definition of u. Then, associated with a given query word w, we
construct a neighborhood graph G, which is the subgraph of G whose vertices
are those pointed to by w or pointing to w. Finally, we look in the graph ¢, for
vertices that are similar to the vertex 2 in the structure graph

| —- 253

and choose these as synonyms. For this last step we use a similarity measure
between vertices in graphs that was introduced in (BV02, HeyO1].

The problem of searching synonymsis similar to that of searching similar pages
onthe Web; aproblem that is dealt with in [KI€99] and LDH99J. In these references,
similar pages are found by searching authoritative pages in a subgraph focused
on the original page. Authoritative pages are pages that are similar to the vertex
“authority" in the structure graph

hub — authority.

Weran the same method on the dictionary graph and obtained lists of good hubs and
good authorities of the neighborhood graph. There were duplicates in these lists
but not dl good synonyms were duplicated. Neither authorities nor hubs appear to
be the right concepts for discovering synonyms.

In the next section, we describe our method in some detail. In Section 2.3.3, we
briefly survey two other methods that are used for comparison. We then describe
in Section 2.3.4 how we have constructed a dictionary graph from Webster's dic-
tionary. In the last section we compare dl methods on the following words chosen
for their variety: disappear, parallelogram, sugar, and science.

2.3.2 A Generalization of Kleinberg's Method

In [Kle99], Jon Kleinberg proposes a method for identifying Web pages that are
good hubs or good authorities for a given query. For example, for the query "au-
tomobile makers", the home pages of Ford, Toyota, and other car makers are good
authorities, whereas Web pages that list these homepages are good hubs. In order
to identify hubs and authorities, Kleinberg's method exploits the natural graph
structure of the Web in which each Web page is a vertex and there is an edge from
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vertex a to vertex b if page a points to page b. Associated with any given query
word w, the method first constructs a "focused subgraph” ¢, analogous to our
neighborhood graph and then computes hub and authority scores for al vertices of
G ... These scores are obtained as the result of aconverging iterative process. Initial
hub and authority weights are al set toone, v' = | and v* = |. These initia
weights are then updated simultaneously according to a mutualy reinforcing rule:
the hub scores of the vertex /. x/ . is set equal to the sum of the authority scores of
al vertices pointed to by i and, similarly, the authority scores of the vertex ;. v7.
is set equal to the sum of the hub scores of al vertices pointing to j. Let A7, be
the adjacency matrix associated with ;.. The updating equations can be written

as
/ -\_n \ 0 M, \ { -\! \
(4) (8 &)

It can be shown that under wesk conditionsthe normalized vector » _' (respectively,
+”) converges to the normalized principal eigenvector of M, M (respectively,
M} M,).

The authority score of avertex v in agraph G can be seen asasimilarity measure
between D in G and vertex 2 in the graph

| > 2.

Similarly, the hub score of v can be seen as a measure of similarity between v
in G and vertex 1 in the same structure graph. As presented in [BV02, Hey01],
this measure of similarity can be generalized to graphs that are different from the
authority-hub structure graph. We describe below an extension of the method to a
structure graph with three vertices and illustrate an application of this extension
to synonym extraction.

Let G be adictionary graph. The neighborhood graph of a word w is constructed
with the words that appear in the definition of w and those that use w in their
definition. Because of this, the word w in G, is similar to the vertex 2 in the
structure graph (denoted P3)

| 2

=
— 2 — 3

For instance, Figure 2.4 shows a part of the neighborhood graph of likely. The
words probable and likely in the neighborhood graph are similar to the vertex 2 in
P3. The words truthy and belief are similar to, respectively, vertices 1 and 3. We
say that a vertex is Similar to vertex 2 of the preceding graph if it points to vertices
that are similar to vertex 3 and if it is pointedto by verticesthat are similar to vertex
1. This mutualy reinforcing definition is analogous to Kleinberg's definitions of
hubs and authorities.

The similarity between vertices in graphs can be computed as follows. With
every vertex i of G, we associate three scores (as many scores asthere are vertices
in the structure graph) v/, +7, and x;" and initially set them equal to one. We then
iteratively update the scores according to the following mutually reinforcing rule.
Thescores rare  set equal to the sum of the scores +- of al vertices j pointed to by



2. Automatic Discovery of Similar Words 35

i ; = adapted
invidious —— — likely sg—_
¥ vy - 8iving
truthy =<— 7~ v \
~~ —=> probable <<= belief

verisimilar ~ 0y
= probably

Figure 2.4. Subgraph of the neighborhood graph of likely.

i; the scores x;” are set equal to the sum of the scores v of vertices pointed to by i

and the scores. | of vertices pointing to i; finaly, the scores v are st equal to the
sum of the scores \ of vertices pointing to i. At each step, the scores are updated
smultaneously and are subsequently normalized; v «— v /[x" | (k = 1.2,3).
It can be shown that when this process converges, the normalized vector score X2
convergesto the normalized principal eigenvector of the matrix A, M| +M [ M.
Thusour list of synonyms can be obtained by ranking in decreasing order the entries
of the principal eigenvalueof A, M| + M! M.

2.3.3 Other Methods

In this section, we briefly describe two synonym extraction methods that are
compared to our method on a selection of four words.

The Distance M ethod

One possible way of defining a synonym distance is to declare that two words are
close to being synonyms if they appear in the definition of many common words
and have many common words in their definition. A way of formalizing this is to
define a distance between two words by counting the number of words that appear
in one of the definitions but not in both, and add to this the number of words that
use one of the words but not both in their definition. Let A be the adjacency matrix
of the dictionary graph, and i and j be the vertices associated with two words. The
distance between i and j can be expressed as

d(i, j)=1(Ai. — Al + (A — AT
where || - || is the /| vector norm. For a given word i we may compute d(i, j) for
al j and sort the words according to increasing distance.

Unlike the other methods presented in this chapter, we can apply this algo-
rithm directly to the entire dictionary graph rather than to the neighborhood graph.
This does, however, give very bad results: the firg two synonyms of sugar in
the dictionary graph constructed from Webster's Dictionary are pigwidgeon and
ivoride. We show in Section 2.3.5 that much better results are achieved if we use
the neighborhood graph.
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ArcRank

ArcRank is a method introduced by Jan Jannink and Gio Wiederhold for building a
thesaurus [JW99]; their intent was not to find synonyms but related words. An on-
line version of their algorithm can berunfromhttp: //skeptic.Stanford,
edu/data/ (thisonline version also uses the 1913 Webster's Dictionary and the
comparison with our results is therefore meaningful).

The method is based on the PageRank algorithm, used by the Web search engine
Google and described in [BP98]. PageRank assigns a ranking to each vertex of
the dictionary graph in the following way. All vertices start with identical initia
ranking and then iteratively distribute it to the vertices they point to, while receiving
the sum of the ranks from vertices that are pointed to them. Under conditions that
are often saisfied in practice, the normalized ranking converges to a stationary
distribution corresponding to the principal eigenvector of the adjacency matrix of
the graph. This algorithm is actually dightly modified so that sources (nodes with
no incoming edges, i.e., words not used in any definition) and sinks (nodes with
no outgoing edges, i.e., words not defined) are not assigned extreme rankings.

ArcRank assigns aranking to each edge according to the ranking of its vertices.
If |a,| is the number of outgoing edges from vertex s and p, is the page rank of
vertex t, then the edge relevance of (s, t) is defined by

Paf litg]

Pt

Py =

Edge relevances are then converted into rankings. Those rankings are com-
puted only once. When looking for words related to some word w, first select the
edges starting from or arriving a w which have the best rankings and extract the
corresponding incident vertices.

2.3.4 Dictionary Graph

Before proceeding to the description of our experiments, we describe how we con-
structed the dictionary graph. We used the Online Plain Text English Dictionary
[OPTOQ] which is based on the "Project Gutenberg Etext of Webster's Unabridged
Dictionary" which is in turn based on the 1913 US Webster's Unabridged Dic-
tionary. The dictionary consists of 27 HTML files (one for each letter of the
alphabet, and one for severd additions). These files are available from the web
stehttp: //www. gutenberg. net/. In order to obtain the dictionary graph
severa choices had to be made.

» Some words defined in Webster's Dictionary are multiwords (e.g.. All
Saints, Surinam toad). We did not include these words in the graph since
there is no smple way to decide, when the words are found side by side,
whether they should be interpreted as single words or as a multiword (for
instance, at oneis defined but thetwo words at and one appear severd times
side by side in the dictionary in their usual meanings).
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» Some head words of definitions were prefixes or suffixes (e.g., un-, -ous);
these were excluded from the graph.

» Many words have several meanings and are head words of multiple defini-
tions. Because, once more, it is not possible to determine which meaning
of aword is employed in a definition, we gathered the definitions of a word
into a single one.

 The recognition of derived forms of aword in a definition is also a problem.
We dealt with the cases of regular and semiregular plurals (e.g., daisies,
albatrosses) and regular verbs, assuming that irregular forms of nouns or
verbs (e.g., oxen, sought) had entries in the dictionary.

» All accentuated characters were replaced in the HTML file by a\ (eg.,
proven\al, cr\che). We included these words, keeping the \.

» There are many misspelled words in the dictionary, since it has been built
by scanning the paper edition and processing it with an OCR software. We
did not take these mistakes into account.

Because of the above remarks, the graph is far from being a precise graph of se-
mantic relationships. For example, 13,396 lexicd units are used in the definitions
but are not defined. These include numbers (e.g., 14159265,14th) and mathemat-
ica and chemical symbols (e.g., X3, fe304). When this kind of lexemes, which are
not real words, is excluded, 12,461 words remain: proper names (e.g., Califor-
nia, Aaron), misspelled words (e.g., aligator, abudance), existing but undefined
words (e.g., snakelike, unwound), or abbreviations (e.g., adj, etc).

The resulting graph has 112,169 vertices and 1,398,424 edges. It can be down-
loaded from http ://www.eleves.ens.fr:8080/home/senellar/st
age_maitrise/graphe. We analyzed severa features of the graph: con-
nectivity and strong connectivity, number of connected components, distribution
of connected components, degree distributions, graph diameter, and so on. Our
findings are reported in [Sen01 ].

We aso decided to exclude too-frequent words in the construction of neighbor-
hood graphs, that is, words that appear in more than L definitions (best results were
obtained for L == 1,000). (The most commonly occurring words and their number
of occurrences are: of: 68,187, a 47,500, the: 43,760, or: 41,496, to: 31,957,
in: 23,999, as: 22,529, and: 16,781, an: 14,027, by: 12,468, one: 12,216, with:
10,944, which: 10,446, is. 8,488, for: 8,188, see: 8,067, from: 7,964, being:
6,683, who: 6,163, that: 6,090).

2.3.5 Reaults

In order to be able to compare the different methods and to evaluate their relevance,
we examine the first 10 results given by each of them for four words, chosen for
their variety:

1. disappear: aword with various synonyms such as vanish;
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2. parallelogram: avery specific word with no true synonyms but with some
similar words: quadrilateral, square, rectangle, rhomb, ...;

3. sugar: a common word with different meanings (in chemistry, cooking,
dietetics, ...)* One can expect glucose as a candidate; and

4. science: a common and vague word. It is hard to say what to expect as a
synonym. Perhaps knowledge is the best option.

Words in the English language belong to different parts of speech: nouns, verbs,
adjectives, adverbs, prepositions, and so on. It is natural, when looking for a syn-
onym of aword, to get only words of the sametype. Websters'sDictionary provides
the part of speech for each word. But this presentation has not been standardized
and we counted not less than 305 different categories. We have chosen to sdlect 5
types. nouns, adjectives, adverbs, verbs, others (including articles, conjunctions,
and interjections) and have transformed the 305 categories into combinations of
these types. A word may, of course, belong to different types. Thus, when looking
for synonyms, we have excluded from the list all words that do not have a common
part of speech with our word. This technique may be applied with al synonym
extraction methods but since we did not implement ArcRank, we did not use it
for ArcRank. In fact, the gain is not huge, because many words in English have
several grammatical natures. For instance, adagio or tete-a-tete are at the same
time nouns, adjectives, and adverbs.

We have aso included lists of synonyms coming from WordNet [Wor98], which
is handmade. The order of appearance of the words for this last sourceis arbitrary,
wheress it is well defined for the distance method and for our method. The results
given by the Web interface implementing ArcRank are two rankings, one for words
pointed to by and one for words pointed to. We have interleaved them into one
ranking. We have not kept the query word in the list of synonyms, in as much
as thisis only useful for our method, where it is interesting to note that in every
example with which we have experimented, the original word appeared as the first
word of the list (a point that tends to give credit to the method).

In order to have an objective evaluation of the different methods, we asked a
sample of 21 persons to give a mark (from 0 to 10, 10 being the best one) to the
lists of synonyms, according to their relevance to synonymy. The lists were, of
course, presented in random order for each word. Figures 2.5 through 2.8 give the
results.

Concerning disappear, the distance method and our method do pretty well:
vanish, cease, fade, die, pass, dissipate, faint are very relevant (one must not for-
get that verbs necessarily appear without their postposition); dissipate or faint are
relevant too. However, some words such as light or port are completely irrelevant,
but they appear only in the sixth, seventh, or eigth position. If we compare these
two methods, we observe that our method is better: an important synonym such as
pass has a good ranking, whereas port or appear fal from the top 10 words. It
is hard to explain this phenomenon, but we can say that the mutually reinforcing
aspect of our method is apparently a positive point. On the contrary, ArcRank
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Distance: | Our method ArcRank | Wordnet
: vanish vanish epidemic vanish
2 wear pass disappearing £0 away
3 die die port end
4 sail wear dissipate finish
D faint faint cease terminate
6 light fade eat cease
7 port sail gradually
] absorb light instrumental
9 appear dissipate darkness
10 ceuse cease efface
Mark 36 6.3 1.2 1.5
Std dev., 1.5 1.7 1.2 1.4
Distance Our method ArcRunk Wordnel
1 square square gquadrilateral quadri lateral
2 parallel rhomb gnomon quadrangle
3 rhomb parallel right-lined tetragon
4+ prism figure rectangle
3 figure prism consequently
5] equal equal parallelepiped
7 quadrilateral opposite parallel
8 opposite angles cylinder
9 altitude quadrilateral popular
1 parallelepiped rectangle prism
Mark 4.6 4.8 3.3 6.3
Std dev. 2.7 2.5 2.2 2.5

Figure 2.6. Proposed synonyms for parallelogram.

gives rather poor results with words such as eat, instrumental, or epidemic that
are imprecise.

Because the neighborhood graph of parallelogram is rather small (30 vertices),
thefirst two algorithms give similar results, which are not absurd: square, rhomb,
quadrilateral, rectangle, figure are rather interesting. Other words are less rele-
vant but il are in the semantic domain of parallelogram. ArcRank, which aso
works on the same subgraph, does not give as interesting words, although gnomon
makes its appearance, since consequently or popular areirrelevant. It is interest-
ing to note that Wordnet is less rich here because it focuses on a particular aspect
(quadrilateral).

Once more, the results given by ArcRank for sugar are mainly irrelevant
(property, grocer). Our method is again better than the distance method: starch,
sucrose, sweset, dextrose, glucose, and lactose are highly relevant words, even if
the firg given near-synonym (cane) is not as good. Its given mark is even better
than for Wordnet.
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Distance Our method ArcRank Wordnet

| Jjuice cane granulation sweetening

2 starch starch shrub sweetener

2 cane sucrose sucrose carbohydrate

4 milk milk preserve saccharide

5 molasses sweet honeyed organic compound
6 SUCrose dextrose property saccarify

7 wax molasses sorghum sweeten

b root Jjuice grocer dulcify

9 crystalline slucose acelate edulcorate

10 confection lactose saccharine dulcorate

Mark 3.9 6.3 4.3 6.2
Std dev. 2.0 24 23 2.9
Figure 2.7. Proposed synonyms for sugar.
Distance Our method ArcRank Waordnet

| art art formulate knowledge domain
2 branch branch arithmetic knowledge base
3 nature law systematize discipline
4 law study seientific subject

3 knowledge practice knowledge subject area

1] principle natoral geometry subject field

7 life knowledge | philosophical field

8 natural learning learning field of study
9 electricity theory expertness ahility
1 biology principle mathematics power

Mark 3.6 4.4 332 7.1
Std dev. 2.0 2.5 2.9 2.6

Figure 2.8. Proposed synonyms for science.

The results for science are perhaps the most difficult to analyze. The distance
method and ours are comparable. ArcRank gives perhaps better results than for
other words but is still poorer than the two other methods.

To conclude, the firg two agorithms give interesting and relevant words,
whereas it is clear that ArcRank is not adapted to the search for synonyms. The
variation of Kleinberg's algorithm and its mutually reinforcing relationship demon-
dtrate its superiority on the basic distance method, even if the difference is not
obvious for al words. The quality of the results obtained with these different
methods is gtill quite different from that of handmade dictionaries such as Word-
net. Still, these automatic techniques show their interest, since they present more
complete aspects of a word than handmade dictionaries. They can profitably be
used to broaden atopic (see the example of parallelogram) and to help with the
compilation of synonym dictionaries.
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2.3.6 Future Perspectives

A first immediate improvement of our method would be to work on a larger
subgraph than the neighborhood subgraph. The neighborhood graph we have
introduced may be rather small, and may therefore not include important near-
synonyms. A good example is ox of which cow seems to be a good synonym.
Unfortunately, ox does not appear in the definition of cow, neither does the latter
appear in the definition of the former. Thus the methods described above cannot
find this word. Larger neighborhood graphs could be obtained either as Kleinberg
does in [KIe99] for searching similar pages on the Web, or as Dean and Hen-
ziger do in [DH99] for the same purpose. However, such subgraphs are no longer
focused on the origina word. That implies that our variation of Kleinberg's algo-
rithm "forgets' the original word and may produce irrelevant results. When we
use the vicinity graph of Dean and Henziger, we obtain a few interesting results
with specific words: for example, trapezoid appears as a near-synonym of paral-
lelogram or cow as a near-synonym of ox. Yet there are also many degradations
of performance for more general words. Perhaps a choice of neighborhood graph
that depends on the word itself would be appropriate. For instance, the extended
vicinity graph may be used for words whose neighborhood graph has less than
a fixed number of vertices, or for words whose incoming degree is small, or for
words that do not belong to the largest connected component of the dictionary
graph.

One may wonder whether the results obtained are specific to Webster's Dic-
tionary or whether the same methods could work on other dictionaries (using
domain-specific dictionaries could, for instance, generate domain-specific thesauri,
the value of which was mentioned in Section 2.2), in English or in other languages.
Although the latter is most likely since our techniques were not designed for the
particular graph we worked on, there will undoubtedly be differences with other
languages. For example, in French, postpositions do not exist and thus verbs have
fewer different meanings than in English. Besides, it is much rarer in French to
have the same word for a noun and a verb than it is in English. Furthermore, the
way words are defined varies from language to language. This seems to be an
interesting research direction.

24 Conclusion

A number of different methods exist for the automatic discovery of similar words.
Most of these methods are based on various text corpora and three of these are
described in this chapter. Each of them may be more or less adapted to a specific
problem (for instance, Crouch's techniques are more adapted to infrequent words
than SEXTANT). We have also described the use of a more structured source
- a monolingual dictionary - for the discovery of similar words. None of these
methods is perfect and in fact none of them favorably competes with handmade
dictionaries in terms of liahility. Computer-written thesauri have, however, other
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advantages such as their ease of being built and rebuilt. The integration of different
methods, with their own pros and cons, should be an interesting research direction
to look at for designing successful methods. For it is most unlikely that a single
straightforward technique may solve the issue of the discovery of similar words.

Another problem of the methods presented is the vagueness of the notion of
"similar word" they use. Depending on the context, this notion may or may not
include the notion of synonyms, near-synonyms, antonyms, hyponyms, and so
on. The distinction between these very different notions by automatic meansis a
challenging problem that should be addressed to make it possible to build thesauri
in a completely automatic way.
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Simultaneous Clustering and
Dynamic Keyword Weighting for Text
Documents

Hichem Frigui
Olfa Nasraoui

Overview

In this chapter, we propose a new approach to unsupervised text document catego-
rization based on a coupled process of clustering and cluster-dependent keyword
weighting. The proposed algorithm is based on the K-Means clustering algorithm.
Hence it is computationally and implementationally simple. Moreover, it learns a
different set of keyword weights for each cluster. This means that, as a by-product
of the clustering process, each document cluster will be characterized by apossibly
different set of keywords. The cluster-dependent keyword weights have two ad-
vantages: they help in partitioning the document collection into more meaningful
categories; and they can be used to automatically generate a compact description
of each cluster in terms of not only the attribute values, but also their relevance.
In particular, for the case of text data, this approach can be used to automatically
annotate the documents. We also extend the proposed approach to handle the inher-
ent fuzziness in text documents, by automatically generating fuzzy or soft labels
instead of hard al-or-nothing categorization. This means that a text document
can belong to several categories with different degrees. The proposed approach
can handle noise documents elegantly by automatically designating one or two
noise magnet clusters that grab most outliers away from the other clusters. The
performance of the proposed algorithm is illustrated by using it to cluster real text
document collections.

3.1 Introduction

Clustering is an important task that is performed as part of many text mining and
information retrieval systems. Clustering can be used for efficiently finding the
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nearest neighbors of a document [BL85], for improving the precision or recall in
information retrieval systems [VR79, Kow97], for aid in browsing a collection of
documents [CKPT92], for the organization of search engine results [ZEMK97],
and lately for the personalization of search engine results [M1a99].

Most current document clustering approaches work with what is known as the
vector-space model, where each document is represented by a vector in the term-
space. The latter generally consists of the keywords important to the document
collection. For instance, the respective Term Frequencies (TF) [Kor77] in agiven
document can be used to form avector model for this document. In order to discount
frequent words with little discriminating power, each term/word can be weighted
based on its Inverse Document Frequency (IDF) [Kor77, M1a99] in the document
collection. However, the distribution of words in most real document collections
can vary drastically from one group of documents to another. Hence relying solely
on the IDF for keyword selection can be inappropriate and can severely degrade
the results of clustering and/or any other learning tasks that follow it. For instance,
agroup of "News" documents and agroup of "Business' documents are expected
to have different sets of important keywords. Now, if the documents have aready
been manually preclassified into distinct categories, it would be trivial to select
a different set of keywords for each category based on IDF. However, for large
dynamic document collections, such as the case of World Wide Web documents,
this manual classification is impractical, hence the need for automatic or unsu-
pervised classification/clustering that can handle categories that differ widdly in
their best keyword sets. Unfortunately, it is not possible to differentiate between
different sets of keywords, unless the documents have already been categorized.
This means that in an unsupervised mode, both the categories and their respective
keyword sets need to be discovered simultaneously. Selecting and weighting sub-
sets of keywords in text documents is similar to the problem of feature selection
and weighting in pattern recognition and data mining. The problem of selecting
the best subset of features or attributes constitutes an important part of the design
of good learning algorithms for real-world tasks. Irrelevant features can signifi-
cantly degrade the generalization performance of these algorithms. In fact, even
if the data samples have aready been classfied into known classes, it is generaly
preferable to model each complex class by several simple subclasses or clusters,
and to use a different set of feature weights for each cluster. This can help in clas-
sfying new documents into one of the preexisting categories. So far, the problem
of clustering and feature selection have been treated rather independently or in a
wrapper kind of approach [AD91, KR92, RK92, JKP94, Skad4, KS95], but rarely
coupled together to achieve the same objective.

In [ANOQ] we have presented a new algorithm, called Simultaneous Clustering
and Attribute Discrimination (SCAD), that performs clustering and feature weight-
ing simultaneously. When used as part of a supervised or unsupervised learning
system, SCAD offers severa advantages. First, its continuous feature weighting
provides a much richer feature relevance representation than binary feature selec-
tion. Second, SCAD learns a different feature relevance representation for each
cluster in an unsupervised manner. However, SCAD was intended for use with
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data lying in some Euclidean space, and the distance measure used was the Eu-
clidean distance. For the special case of text documents, it is well known that
the Euclidean distance is not appropriate, and other measures such as the cosine
similarity or Jaccard index are better suited to assess the similarity/dissimilarity
between documents.

In this chapter, we extend SCAD to simultaneous text document clustering and
dynamic category-dependent keyword set weighting. This new approach to text
clustering, that we call "Simultaneous KeyWord Identification and Clustering of
text documents' or SKWIC, is both conceptually and computationally simple,
and offers the following advantages compared to existing document clustering
techniques. Firgt, its continuous term weighting provides a much richer feature
relevance representation than binary festure selection: Not dl terms are considered
equally relevant in a single category of text documents. This is especially true
when the number of keywords is large. For example, one would expect the word
"playoff" to be more important than the word "program" to distinguish a group
of "sports" documents. Second, a given term is not considered equally relevant in
all categories: For instance, the word "film" may be more relevant to a group of
"entertainment” related documents than to agroup of "sports" documents. Finaly,
SKWIC learns adifferent set of term weights for each cluster in an unsupervised
manner.

We also extend the proposed approach to handle the inherent fuzziness in text
documents, by automatically generating fuzzy or soft labels instead of single-label
categorization. This means that a text document can belong to several categories
with different degrees.

By virtue of the dynamic keyword weighting, and its continuousinteraction with
distance and membership computations, the proposed approach is able to handle
noise documents elegantly by automatically designating one or two noise magnet
clusters that grab most outliers away from the other clusters.

The organization of the rest of the chapter is as follows. In Section 3.2, we
present the criterion for SKWIC, and derive necessary conditions to update the
term weights. In Section 3.3, we present an dternative clustering technique, Fuzzy
KWIC, that provides richer soft document partitions. In Section 3.4, we explain
how our approach achieves robustness to outliers in the data set. In Section 3.5,
we illustrate the performance of SKWIC in unsupervised categorization of severd
text collections. Findly, Section 3.6 contains the summary conclusions.

3.2 Simultaneous Clustering and Term Weighting of
Text Documents

SCAD [RANOQ] was formulated based on Euclidean distance. However, for many
data mining applications such as clustering text documents and other high-
dimensional data sets, the Euclidean distance measure is not appropriate. In
general, the Euclidean distance is not a good measure for document categoriza-
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tion. This is due mainly to the high dimensionality of the problem, and the fact
that two documents may not be considered similar if keywords are missing in both
documents. More appropriate for this application is the cosine similarity measure
[Kor77] between document frequency vectors x; and x; defined on a vocabulary
of n terms,

1
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In order to be able to extend SCAD's criterion function for the case when another
dissimilarity measure is employed, we only require the ability to decompose the
dissimilarity measure across the different attribute directions. In this work, we
attempt to decouple a dissimilarity based on the cosine similarity measure. We
accomplish this by defining the dissimilarity between document x; and the ith
cluster center vector as follows.
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which isthe weighted aggregate sum of cosine-based distances along theindividual
dimensions, where

r)f“ - % — (X jk-Cik)s (3.3)
n is the total number of terms in a collection of N documents, cik is the kth
component of the ith cluster center vector, and V = [uv;; ] is the relevance weight
of keyword k in cluster i. Note that the individual products are not normalized in
Eq. (3.2) because it is assumed that the data vectors are normalized to unit length
before they are clustered, and that al cluster centers are normalized after they are
updated in each iteration.
SKWIC is designed to search for the optimal cluster centers C and the optimal
st of feature weights V simultaneously. Each cluster i isallowed to haveits own set
of feature weightsV; = vy, ..., vin ] We define the following objective function
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subject to
vik €10, 11V, ks and ) vy =1, Vi. (3.5)
k=]

The objective function in Eq. (3.4) has certain components. The firgt is the
sum of distances or errors to the cluster centers. This component alows us to
obtain compact clusters. It is minimized when only one keyword in each cluster is
completely relevant, and dl other keywords are irrelevant. The second component
in Eq. (3.4) is the sum of the squared keyword weights. The globa minimum of
this component is achieved when al the keywords are equaly weighted. When
both components are combined and §; are chosen properly, the final partition will
minimize the sum of intracluster weighted distances, where the keyword weights
are optimized for each cluster.

To optimize J with respect to V, we use the Lagrange multiplier technique, and
obtain
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where A = [A;.....A.]". Since the rows of V are independent of each other,
we can reduce the above optimization problem to the following C independent
problems
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where V; is the ith row of V. By setting the gradient of J; to zero, we obtain
i (hi, Vi) ”
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Solving Egs. (3.6) and (3.7) for vik, we obtain
1
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Thefirst termin Eq. (3.8), (1/n), isthe default value if dl attributes’keywords are
treated equally, and no discrimination is performed. The second term is a bias that
can be either positive or negative. It is positive for compact attributes where the
distance along thisdimension is, on the average, less than thetotal distance using all
of the dimensions. If an attribute is very compact, compared to the other attributes,
for most of the points that belong to a given cluster, then it is very relevant for
that cluster. Note that it is possible for the individua termwise dissimilarities in
Eq. (3.3) to become negative. This will smply emphasize that dimension further
and will result in relatively larger attribute weights v;; (see Eq. (3.8)). Moreover,
the total aggregate dissimilarity in Eq. (3.2) can become negative. This also does
not pose a problem because we partition the data based on minimum distance.

Thechoiceoftauin Eq. (3.4) isimportant in the SKWIC algorithm since it reflects
the importance of the second term relative to the firgt term. If §; istoo small, then
only one keyword in cluster i will be relevant and assigned a weight of one. All
other words will be assigned zero weights. On the other hand, if 4; is too large,
then dl words in cluster i will be relevant, and assigned equal weights of 1/n.
The values of §; should be chosen such that both terms are of the same order of
magnitude. In al examples described in this chapter, we compute &; in iteration,
t, using

Y, Z igEe"

1) xjed; k=l
5 = K5~ —— (3.9
> ")
k=1
In Eq. (3.9), K, isaconstant, and the superscript (t — 1) isused on u;;. vy, and

i to denotetheir valuesin iteration (t — 1).

It should be noted that depending on the values of 4; ., the feature relevance values
vy, may not be confined to [0,1]. If this occurs very often, then it is an indication
that the value of 4 is too small, and that it should be increased (increase K5). On
the other hand, if this occurs for a few clusters and only in a few iterations, then
we adjust the negative feature relevance vaues as follows

il

Elillj[ll vig| it vip < 0. (3.10)

Vip — Ui+

It can aso be shown that the cluster partition that minimizes J is the one that
assigns each data sample to the cluster with nearest prototype/center, that is,

X; = 1xj1 Dy, < Dipey, Y £ T | (3.11)
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where D, . isthe weighted aggregate cosine-based distance in Eq. (3.2), and ties
are resolved arbitrarily.

Itis not possible to minimize J with respect to the centers. Hence, we compute
the new cluster centroids (as in the ordinary SCAD agorithm [FNOQ]) and nor-
malize them to unit length to obtain the new cluster centers. We obtain two cases
depending on the value of ;.

Casel: vy =0

Inthis casethe kth featureis completely irrelevant relative to the i th cluster. Hence,
regardless of the value of cik, the values of this feature will not contribute to the
overdl weighted distance computation. Therefore, in this situation, any arbitrary
value can be chosen for ¢;;. In practice, we set ¢ = O.

Case2: vy #10
For the case when the kth feature has some relevance to the ith cluster, the center
reduces to

To summarize, the update equation for the centersis

k=1 D Xik (3.12)

Finaly, we summarize the SKWIC agorithm for clustering a collection of N
normalized document vectors defined over a vocabulary of n keywords.
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Algorithm 3.1 Simultaneous Keyword ldentification and Clustering of Text
Documents (SKWIC)

Fix the number of clusters C,;
Initialize the centers by randomly selecting C documents;
Initialize the partitions, X;, using (3.11) and equal feature weights (I/n);

REPEAT
Compute IJ,&,_.:.” = 1/n— (xjrcCik)
forl<i<C l1<j<Nuandl <k <n;
Update the relevance weights vy by using (3.8);
Compute EJ,_..,.“ Jorl =i <C, 1 <j<N,using (3.2);

Update the cluster partition X; by using (3.11);
Update the centers by using (3.12);
Update §; by using (3.9);

UNTIL ( centersstabilize);

The feature weighting equations used in SKWIC may be likened to the esti-
mation and use of a covariance matrix in an inner-product norm-induced metric
[GK79] in various dtatistical pattern recognition techniques. However, the esti-
mation of a covariance matrix does not really weight the attributes according to
their relevance, and it relies on the assumption that the data have a multivariate
Gaussian distribution. On the other hand, SKWIC is free of any such assumptions
when estimating the feature weights. This means that SKWIC can be adapted to
more general dissimilarity measures, such as was done in this chapter with the
cosine-based dissimilarity.

3.3 Simultaneous Soft Clustering and Term Weighting
of Text Documents

Documentsin acollection can rarely be described as members of asingle/exclusive
category. In fact, most documents will tend to straddle the subject of two or more
different subjects. Even manua classification is difficult and poor in this case,
because each document is finally labeled into a single class, and this can drasti-
cally dffect retrieval abilities once a classification model is built. Hard partitioning
models such as K-Means and SKWIC are constrained to assign every document
to a single cluster/category, and the final assignment is often poor in modeling
documents that can be assigned to more than one category. Consequently they
are expected to have limited capability for real large document collections. In this
section, we present a technique to provide a soft unsupervised categorization of a
collection of documents. By soft, it is meant that a given document must not be
confined to a single category.
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It is known that for complex data sets containing overlapping clusters, fuzzy/soft
partitions model the data better than their crisp/hard counterparts. In particular,
fuzzy memberships are richer than crisp memberships in describing the degrees of
association of datapoints lying in the areas of overlap. Moreover, fuzzy partitions
generally smooth the surface of the criterion function in the search space and,
hence, make the optimization process less prone to local or suboptimal solutions.
With afuzzy partition, a datapoint xbelongs to each cluster A to avarying degree
caled fuzzy membership u;; . A fuzzy partition, usualy represented by the C x N
matrix U = [u;; |, is caled a constrained fuzzy C—partition of X if the entries of
U satisfy the following constraints [Bez81],

uij € [0, 1], Vi,

N
0 < wif < N, Vi, Jj,

; 4 (3.13)
&

ZHU‘ = |; Y.

Fuzzy SKWIC is designed to search for the optimal cluster centers C, the op-
timal soft partitioning memberships U, and the optimal set of feature weights V,
simultaneously. Each cluster i is alowed to have its own set of feature weights
Vi = [iis cses vinl, and fuzzy membership degrees (u;;) that define a fuzzy
partition of the data set satisfying (3.13). We define the following objective
function,

n

(C.UV: X) - LL(;;,,:'”Z!” g

k=1

_ch Z v (3.14)
fe=]

subject to
mn
v €[0,11Y1i, k; and 2; vip = 1, Yi. (3.15)

The objective function in (3.14) has two components. One component is the
sum of distances or errors to the cluster centers. This component alows us to
obtain compact clusters. It is minimized when only one keyword in each cluster
is completely relevant, and all other keywords are irrelevant. The othe component
in Eqg. (3.14) is the sum of the squared keyword weights. The global minimum of
this component is achieved when al the keywords are equally weighted. When
both components are combined and &; are chosen properly, the find partition will
minimize the sum of intracluster weighted distances, where the keyword weights
are optimized for each cluster.
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To optimize J, with respect to V, we use the Lagrange multiplier technique, and
obtain

H

& N
J(A V) = ZZ{H,,-)”’Zz.',-,a\;‘)f-,,,..l

k=1

DIDWLH R

where A = [A(.....%.]". Since the rows of V are independent of each other,
we can reduce the above optimization problem to the following C independent
problems,

N "
V) = Zm, ;5 Z vig DX
=1 k=1

for L

where Vi is the ith row of V. By setting the gradient of J; to zero, we obtain

i (hi Vi) B
o Z=(>wm—1)=0 (3.16)
and

cr}'fr

—Zm, " DE. 4 280 — & = 0. (3.17)

Solving (3.16) and (3.17) for vik, we obtain

= Lm, ) [ L (3.18)

The first term in (3.18), (1/n), is the default value if all attributes’keywords are
treated equally, and no discrimination is performed. The second term is a bias
that can be either positive or negative. It is positive for compact attributes where
the distance along this dimension is, on the average, less than the total distance
using al of the dimensions. If an attribute is very compact, compared to the other
attributes, for mogt of the points that belong to a given cluster (high «;; ), then it
is very relevant for that cluster. Note that it is possible for the individual term-
wise dissimilarities in (3.3) to become negative. This will smply emphasize that
dimension further and will result in relatively larger attribute weights v, (see
(3.18)).

The choice of §; in Eq. (3.14) isimportant in the Fuzzy SKWIC agorithm since
it reflects the importance of the second term relative to the first term. If §; is too
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small, then only one keyword in cluster i will be relevant and assigned a weight
of one. All other words will be assigned zero weights. On the other hand, if §; is
too large, then dl words in cluster i will be relevant, and assigned equa weights
of 1/n. The values of §; should be chosen such that both terms are of the same
order of magnitude. In dl examples described in this chapter, we compute &; in
iteration, t, using

Z )3 oD (D)

3 = k5= - — (3.19)

In(3.19), K is a constant, and the superscript (t - 1) is used on u;;, v, and ¢y
to denote their values in iteration (t — 1).

It should be noted that depending on the values of &;, the feature relevance
values v;; may not be confined to [0,1]. If this occurs very often, then it is an
indication that the value of tauis too small, and that it should be increased (increase
K). However, if this occurs for few clusters and only in few iterations, then we
adjugt the negative feature relevance values as follows

"

Vik < Uik + |minvg| if vig <0 (3.20)
k=]

Since the second term in (3.14) does not depend on «;; explicitly, the update
equation of the memberships is similar to that of the Fuzzy C Means, that is,
|

e .r'_).- . 1 f{m—1}
>(5)

Hgpi=

(3.21)

The componentwise distance values D', ., In (3.3) can be negative, and hence
the overall distance /% . in (3.2) can become negative, which can affect the sign

W'y

of the fuzzy memberships in (3.21). Therefore, we adjust the negative distance
values as follows

_ _ G .. ' -
Doy = Dy + min Dy | 1 Dy, < 0. (3.22)

=l

Finally, the update eguation for the centers which takes into account the soft
memberships/partition is
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0, if Ui = 0,
Z(L{,_Jf\.lm_l'lflc\
5 = B 3.23
" : L . vy = 0. ( )
Z[”U }.ru
=1

We summarize the Fuzzy SKWIC agorithm below.

Algorithm 3.2 Simultaneous Keyword Identification and Clustering of Text
Documents (Fuzzy SKWIC)

Fix the number of clusters C;
Fixm, m |1, 00);

Initialize the centers by randomly selecting C documents;
Initialize thefuzzy partition matrix U ;
REPEAT
Compute D3, = (1/n) — (xj.cix)
Jorl £i = C 12 =N oand | <k < n;
Update the relevance weights vy by using (3.18);
Adjust relevance weights vig by using (3.20);
Compute Dy gforl <i <C, 1 < j <N, using (3.2);
Adjust negative Do, , uwsing (3.22);
Update the partition matrix utk by using (3.21);
Update the centers by using (3.
Update §; by using (3.19);
UNTIL ( centers stabilize);

34 Robustness in the Presence of Noise Documents

When there are several documents that do not form a strong consensus or cluster
(i.e., they are neither similar to each other nor to any of the other compact clusters),
because our distances are confined in [0, 1], al outlier documents will have a
maximal distance of 1. Hence, their effect on the objective functions in (3.4) and
(3.14) is limited. This means that they cannot drastically influence the results for
other clusters. This limited influence, by definition, makes our approach robust
in the face of outliers and noise. In essence, thisis similar to using arobust loss
function, p(), in M-Estimators [Hub81, RL87].

Moreover, because the distance between outliers and dl clusters is close to the
maximal value of 1, if they happen to get assigned to any one of the clusters
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initialized with a seed that is close to the outliers, they will tend to pull dl the
keyword relevance weights to alow value in that cluster because of extreme aver-
aging. This in turn will further bias the distance computations to this cluster to be
small. As a result, this cluster will start acting like amagnet that continues to grab
documents that are not very typical of any category towards it, and therefore keep
growing. Only documents that are really similar to their cluster's centroid will
remain in their own clusters, and hence avoid being pulled into the noise cluster.
Consequently, designated noise magnet clusters will help in keeping the remaining
clusters cleaner and their constituents more uniform.

We have observed the emergence of such noise magnets in every experiment
that we performed.

35 Experimental Results

3.5.1 Smulation Results on Four-Class Web Text Data
Simulation Results with Hard Clustering

The first experiment illustrates the clustering results on a collection of text doc-
uments collected from the World Wide Web. Students were asked to collect 50
distinct documents from each of the following categories: news, business, enter-
tainment, and sports. Thus the entire collection consisted of 200 documents. The
documents' contents were preprocessed by eliminating stop words and stemming
words to their root source. Then, the IDF [Kor77] of the terms were computed
and sorted in descending order so that only the top 200 terms were chosen as final
keywords. Finally each document was represented by the vector of its document
frequencies, and this vector was normaized to unit length. Using C = 4 as the
number of clusters, SKWI1C converged after five iterations, resulting in a partition
that closaly resembles the distribution of the documents with respect to their true
categories. The class distribution is shown in Table 3.1. Table 3.2 lists the sx
most relevant keywords for each cluster. As can be seen, the collection of terms
receiving highest feature relevance weights in esch cluster reflected the genera
topic of the category winning the mgjority of the documents that were assigned to
the cluster. In addition, these cluster-dependent keywords can be used to provide
a short summary for each cluster and to automatically annotate documents.

The partition of the Class 2 documents showed most of the error in assignment
dueto the mixed nature of some of the documents therein. For example, by looking
at the excerpts (shown below) from the following documents from Class 2 {enter-
tainment) that were assigned to Cluster 1 with relevant words relating to business
as seen in Table 3.2, one can see that these documents are hard to classify into one
category, and that the keywords present in the documents in this case have mised
the clustering process.
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Excerpt from Document 54:

The couple were together for 3-1/2 years before their highly publicized split
last month. Now, their Ojai property is on the marketfor $2.75 million, the Los
Angeles Times reported on Sunday. The pair bought the 10-acre Ojai property -
complete with working avocado and citrus orchards - at the end of 1998. They
also purchased a Hollywood Hills homefor $1.7 million in June 1999, according
tothe Times.

Excerpt from Document 59:

The recommendation, approved last week by thejoint strike committeefor the
Screen Actors Guild (SAG) and the American Federation of Television & Radio
Artists (AFTRA), would have to be approved by the national boards of the unions
to go into effect - a process that would take a month to complete. "Part of thisis
motivated by the awareness of actors who have been egregious about performing
struck work andpart of it is Irving to recognize the 99.999% of members who have
stuck together on this,"” SAG spokesman Greg Krizman said.

Excerpt from Document 78:

The Oxford-based quintet's acclaimed fourth release, "Kid A," opened at No. 1
with sales 0f207,000 copiesin the week ended Oct. 8, thegroup's Capitol Records
label said Wednesday. The tally is more than four times the first-week sales of
its previous album. The last Sateside No. | albumfrom the U.K. was techno act
Prodigy's "The Fat ofthe Land" in July 1997. That very same week, Radiohead's
"OK Computer” opened at No. 21 with 51,000 units sold. It went on to sell 1.2
million copies in the United Sates.

The above excerpts further illustrate the inherent fuzziness in categorizing text
documents, as the shown documents straddle the business and entertainment cate-
gories. Inthiscase, it can be said that the baseline manual labeling was not accurate.
Fuzzy or soft labels are desired for such documents, and these are illustrated in the
next section.

“: _ __H Cluster I||_ Cluster 2 -_ _'_ Cluster 3 || Cluster 4 ||
JE_ ) |; 1|)ll.\iiIlL‘.\H.i_.;!mil;‘lI!L‘I‘l:lill(ilk‘lll-l J.! (news) || _l.«purlsi ||
_L-__[Lv. : | T ” — - __H =
[ class 2 | Y | 31 4 Il 6 4
| S N | I N
[classa [ 0| 0| P 46 ‘

Table 3.1. Didribution of the 50 Documents from Each Class into the Four Clugers
Computed by SKWIC

Simulation Results with Soft Clustering

Using C = 4 as the number of clusters, and m = 1.1, Fuzzy SKWIC converged
after 27 iterations, resulting in a partition that closely resembles the distribution
of the documents with respect to their true categories.
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| Cluster # 1 || Cluster # 2 _” Cluster # 3 “_C'll_lslcr #4 ||
Uik | Wiky | U2(k) | Wiy | U3ik) | Wik '_1|&| | Wik |

0.028 1 compani || 0.031 [ film 1] 0.009 | polic || 0.021 i game ||

[[ 0.015 | percent || 0.012 | star 0.008 | nation || 0,013 | sedson

H:t:_f}l{]'!@rc 0.010 | dai_ || 0.008 | state || 0.012 [open

| 0.010 [ expect [ 0.010 | week {1 0.008 | offici ] 0.009 | york
0.009 | market |[ 0.009 | peopl ]| 0.008 | sai ] 0.008 | hit

[| 0.008 | stock r:’ 0.008 [ like [[0.007 [ kill || 0.008 | run

Table 3.2. Term Relevance for the Top Six Relevant Words in Each Cluster computed by
KWIC

The class distribution is shown in Table 3.3 and the sx most relevant keywords
for each cluster are listed in Table 3.4. The highly relevant keywords (top two
or three) are consistent with those obtained using the crisp version. The partition
obtained using the fuzzy SKWIC (Table 3.3) is dightly better than the one obtained
using the crisp SKWIC (Table 3.1). The partition of the Class 2 documents ill
shows the same number of classification errors as in the crisp case. However, a
careful examination of the misclassilied documents shows that these documents
have high membership degrees in more than one cluster, and thus should not be
assigned one simple label. Thus the class distribution in Table 3.3 would greatly
improve if the groundtruth labeling were soft from the start. The following excerpt
illustrates the soft labels that are automatically computed by Fuzzy SKWIC. They
clearly show a document that is Mostly about Entertainment, but Somewhat also
relating to Business. Hence in addition to relevant keywords that provide a short
summary for each cluster. Fuzzy SKWIC can generate a richer oft 1abeling of the
text documents that can ad in retrieval.

Excerpt from Document 70 [soft labels: Business = 85% (uy; = 0.853),
Entertainment= 14% (u1; = 0.140), News = 0.5% (u2; = 0.0035), Sports = (0.3%
(u3; = 0.003)] :

LOSANGELES (Reuters) - Ifilm and Pop.com, the would-be Web site backed
by filmmakers Steven Spielberg, Ron Howard, and other Hollywood moguls, have
ended talks to merge, according to an e-mail sent to Ifilm employees on Friday.
"The companieswill continue to enjoy many over lapping sharehol der andper sonal
relationships,” the memo said. Industry observers said the founders of Pop.com,
which has never aired a single show or launched its Web site, are lookingfor a
graceful exit strategy out ofthe venture, which has been plagued by infighting and
uncertainty about the company's direction and business plan.

3.5.2 Smulation Results on 20 Newsgroups Data

The second set of experimentsis based on the 20 newsgroups data set [CMU]. This
data set is a collection of 20,000 messages, collected from 20 different netnews
newsgroups. One thousand messages from each of the 20 newsgroups were chosen
at random and partitioned by newsgroup name. The list of newsgroups from which
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U “ Cluster # 1 [l Cluster #2 || Cluster #3 ll Cluster # 4 ||
H || (business) ‘|| (entertainment) || (news) || (sports) ||
[ class 1 ] 48 | | H 1 0

class 2 7 31 . l 5 7

class 3 2 | | 47 0

class4 | 0 0 I 3 47

Table 3.3. Distribution of the 50 Documents from Each Class into the Four Clusters
Computed by Fuzzy SKW1C

L__(I“—‘IE#] [ Cluster #2 || Cluster H3 “ (‘.Iustcr#i]

Ulgk) | Wik L V20k) | Wy f] U3d) [ Wiy |1 Vaik) | Wik
0.029 | compani || 0.031 | film 0.016 | polic 0.025 | game

| 0.016 | percent || 0.012 | star 0.011 | govern || 0.015 | season ||
0.011 | share 0.010 [ week || 0.010 | state 0010 plai
0.010 | expect 0.008 | dai 0.009 | offici 0.009 | vork
0.008 [ market 0.008 | peopl || 0.009 | nation | 0.009 | open

|| 0:008 | stock ‘ﬂ 0.008 | open [ 0.009 | sai 0.009 | run

Table 3.4. Term Relevance for the Top Six Relevant Words in Each Cluster Computed by
Fuzzy SKWIC

the messages were chosen is shown in Table 3.5. The documents were first pre-
processed: this included stripping each news message from the email header and
special tags, then eliminating stop-words and findly stemming words to their root
form using the rainbow software package [Bow|. Next, words were sorted based
on their IDF values. Finally, the number of keywords was reduced by selecting
them based on setting a minimum threshold on their sorted IDF values, o as not to
exceed a maximum number of words. Since several documents end up with none
of the words that were selected, these documents are not considered for clustering.
Wefirst present a discussion of the results obtained on a subset of 2000 documents
from the 20 newsgroups data set. This data set is caled the mini newsgroup data
set [Bow]. Then we discuss the results on the entire 20 newsgroups data set.

Simulation Results on Mini Newsgroups Data using SKWIC

After preprocessing, 449 words were selected based on IDF. Consequently, there
were 1730 documents with at least one of these selected keywords. The documents
were clustered by SKWIC into C = 40 clusters. Note that we arbitrarily chose this
number because the actual messages may be categorized better with more clusters.
In other words, there is no guarantee that the labeled documents really come from
K = 20 different categories, since the labeling was done based on the newsgroup
name. Moreover, thereis no control over messages that may be sent to a particular
newsgroup since their topic may differ from the magjority in that newsgroup, or
even be more similar to a completely different newsgroup.
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[ Class Class Descriptions | Class | Class Descriptions
| 1 alt.atheism 11 rec.sport.hockey
2 comp.graphics 12 sci.erypt
5 comp.os.ms-windows. misc 13 sci.electronics
| & comp.sys.ibm.pc.hardware 14 sci.med
3 comp.sys.mac.hardware 15 sei.space
6 comp.windows.x 16 soc.religion.christian
7 misc.forsale 17 talk.politics.guns
8 rec.autos 18 talk.politics.mideast
9 rec.motorcycles 19 talk.politics.misc
10 | rec.sport,baseball 20 talk.religion.misc

Table 3.5. Twenty Class Descriptions

Table 3.6 shows the class distribution of the 40 clusters discovered by SKW1C.
The columns correspond to the class indices that can be mapped to a complete
class description using Table 3.5. In general, each row shows one or a few large
values, which indicates that the algorithm succeeds in partitioning the mgjority of
the same newsgroup documents into a few homogeneous clusters according to the
specific nature of the documents.

Table 3.7 displays the cluster cardinalities, as well as the top 10 relevant key-
words for each cluster, sorted in decreasing order of their relevance weights in
each cluster. Note how the relevance weights may vary drastically between differ-
ent clusters, and this has a significant effect on the weighted distance computations,
and hence affects the fina partitioning of the documents. By looking a which key-
words have the highest relevance in a given cluster, and their relevance values, it
is possible to roughly deduce the nature of the newsgroup messages that fal into
one particular cluster. For example, some cluster keyword rel evances seem to sug-
gest a stream of discussions that are specific to either a certain event that occurred
or to a particular issue that grabbed the attention of a subset of participants in a
certain newsgroup. Consequently, it can also be seen how some of these clusters
can be formed from documents from distinct newsgroups because the messages
seemed to relate to similar issues that cross different newsgroups. Several such
mixed clusters can be formed from documents that cross the boundary between
different politics groups, between different religion groups, and even between both
politics and religion groups, and so on.

Table 3.6 shows some clusters that include documents from different, yet re-
lated, newsgroups. For instance, Cluster No. 3 seems to group several documents
(61) from al 5 comp. newsgroups (but with the majority from the comp.graphics
newsgroup), as well as the sci.electronics (8) and sci.med (6), but surprisingly also
some from soc.religion.Christian (7) and some from talk.religion.misc (7). Table
3.7 lists the top 10 relevant keywords for this cluster that are indicative of the type
of content in messages from the comp. and some of the sci. groups, but not neces-
sarily the religion groups. For example, some of the sci.space documents assigned
to this cluster speak about solar and lunar images, hence the &ffinity to graphics.
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Another message from the talk.religion.misc newsgroup, was assigned to Cluster
3 because of some content relating to computers. It had the following quote in the
sender's signature: "A system admin's life is a sorry one. The only advantage he
has over Emergency Room doctorsis that malpractice suitsare rare. On the other
hand, ER doctors never have to deal with patients installing new versions of their
own innards!" Here is an excerpt from another message from the talk.religion.misc
newsgroup, that was assigned to Cluster 3 because of the scientific rhetoric (which
pulled it towards the comp. and sci. documentsin Cluster 3): "This, again, isa be-
lief, not a scientific premise. The original thread referred specifically to 'scientific
crealionism. This means whatever theory or theoriesyou propose must be able to
bejudged by the scientific method'."

There were also several messages concentrating on a mgor event during that
period (Waco's battle), that were assigned to Cluster No. 3, mainly because of the
presence of one of the relevant keywords (semi). Here is one of the excerpts: "in
other wordsfaith in a .357 isfar stronger thanfaith in a God providing a miracle
for hisfollowers. Interesting. Now, if David Korresh was God, why couldn't he
use lightning instead of semi-automatic rifles?" This example illustrates a typica
example where the same keyword (semi) may have different meanings depending
on context.

Just as a cluster can group documents from several related newsgroups, a par-
ticular newsgroup may be split into two or more clusters according to the specific
topic of the documents. For example, the rec.sport.hockey newsgroup is split over
Clusters No. 20 and 21, as can be seen in Table 3.6. Cluster 20 contains more doc-
uments from the rec.sport.baseball group, while Cluster No. 21 is more specific to
hockey. Table 3.7 reveds completely different keyword distributions and weights
for these two clusters, indicating different topics.

Table 3.6 also shows some small clusters with documents from a few news-
groups. For instance, Cluster No. 38 has only 31 documents mostly from the
three newsgroups, at.atheism, soc.religion.Christian, talk.religion.misc, and even
talk.politics.mideast. It indicates a more specific set of news messages. For exam-
ple, here is an excerpt from a message from the talk.politics.mideast newsgroups
that was assigned to Cluster 38 because of the presence of religious words: "and
judgement it is. Until such time as it recognizes that *any* religiously based gov-
ernment is racist, exclusionary and simply built on a philosophy of 'separate but
equal' second-class treatment of minorities, it will continue to be knownfor its
bias. If Jewish nationalism is racism, so is Islam; anywhere where people are
allotted 'different rights according to race, religion or cultureis 'racist’.”

Some clusters (for instance Cluster No. 0 in Table 3.6) contain documentsfrom
amog al newsgroups. Careful examination of some of these documents revealed
that most of them do not fit in any of the existing clusters. In fact, their topics are so
scattered that they do not form enough of a consensus to form valid clusters. Hence
they can be considered as noise documentsthat fal into anoise magnet cluster that
attracts dl noise documents that are not strongly typica of any of the other good
clusters. These are documents that lie far away or barely on the border of other
clusters (see Section 3.4). Infact Table 3.7 showsthat thetop 10 relevant keywords
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Table 3.6. SKW1C Results: Didtribution of the Mini Newsgroup Documents from the 40
Clusters into 20 Prelabeled Classes

have equally low relevance weights. In general, the keywords, paired with their
relevance weights can be used to infer an automatic (unsupervised) labeling of
document clusters.

Finally, we note that some documents are grouped together based solely on
commonality of their keyword frequencies. The bag-of-words mode is known not
to capture the semantics of text. It does not distinguish between different contexts
aufficiently to be able to infer that even the same keyword may bear a different
meaning. However, this modd is much less costly than aternative approaches
based on Latent Semantic Indexing (LSI) which may be prohibitively costly for
huge, dynamic text collections.

Simulation Results with Fuzzy SKWIC

Table 3.8 shows the class distribution of the 40 clusters discovered by Fuzzy
SKWIC, with the columns corresponding to the class indices with complete de-
scriptions listed in Table 3.5. Table 3.9 displays the cluster fuzzy cardinalities
(37, 1)), as well as the top 10 relevant keywords for each cluster, sorted in
decreasing order of their relevance weights in each cluster.

Table 3.8 shows a more homogeneous class distribution per cluster, indicating a
fewer number of documentsthat risk getting misplaced in aclusterjust because they



Cluster | Card Relevant Words

] 120 abort(0.1127); ford(D.0889); ec(0.0745); matt(0.0684); deskiop(D.0638);
coverag(0.0623), gordon(0.0554); backupl0.0476), ed0.0387); hill{0.0340);
] 25 atheism(0.8042); trap{0.0653), wisc(0.0228); smart(0.0157); protest0.0071);
dedici0.0045), ownership(0.0038); absurd(0.0036); amiv(0.0036); probabl{0.0033),
2 34 senat(l).3564): dozentl), 20000; upser(0. 1287); corrupt{0L 121 1% newspap{0.0163);
motor(0.0161); remind(0.0076), lowi{0.0067 ), weird(0.0062); pair(0.0057);
3 108 cpu(0. 1799); gif(0.1609); ct(0.0983): intel(0.0678); semi(0,0590);
geneva(0.0541); wi0.0517); adob(0.0421); sharewar(0.0294), ch(0.0277);
4 42 appl0.3982); marc(0. 1896}, fortunt0. 1554); ottawal0. [136); sequenc(0.0179);
invent(0.0056); survei(0).0068); forevi0.0053): ration(0.0051); visibl(0.0050),
T 37 nec((), 3993} babi(D. 1833); johnson(0.1279); plate(0.0616): radiat((.0359);
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7 40 Jumper(D.3723); mmi0.2700); seal0. 1036); labeliD.0795); quantum{(.0586);
aal0.0279); interrupt((LO062); er(0.0049); tube(0.0038); avail(0.0038);
8 % batteri{(,2963); modul{0. 1916); blank({}, 1426): fillee(0.0753); astronomi(0.05017;
wtens(0.0425); phase(0.0334); accus(0.0214); wune((h0166); analogl(0.0096):;
9 23 simmt0.9034); depth(0.0444); phil{0.0074); slot(D.0043); panel(0.0040),
macintosh(.0030); horzont{(0.0030); dale(D.0023); hill(0.0022); seal0.0020);
10 o privieen((0.2980); databas(0, 1985); slot0.0938); confer(0.0464); me(0.0392);
ration(0.0329): quiet(0.0263); angli.0259); pd0.0257); caught(0.0163);
16 47 atff0.3067); detector(0.2603); cop(0.1552); radari(), 1205); Taser(0.0462);
dun(0.0202); border(0.0069); broke(D.0054); rap(0.0053); tear(0.0039);
17 40 comell(0.3576); pm(.2517); philosophi(0.0956): shaft(t,.0806); cloth{0.0398):
eland(D.0235); fee(0.0212); drink((.0083); crew (0.0073); ident(0.0067);
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21 Kl leaft0.6507): buffalo(0. 1242); baul{(0. 1056); laugh{0.0164); bright(0.0083);

0{0.0067); sad(0.0064); bait0.0060); hawk{(.0055); pen(0.0045);
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23 35 cramer{(L3258); clayton(0. 1424); accuraci(0, 1 346); optilink(D.1327); gmi(.0815);
survei{0. 0587 ), male(0.0449); mutual(0.013 1), bit0.0049); craigl0.0044),
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5 14 armenian{Q4627); arki0. 1566}, armenia(0, 1145), turkei(0,0949), villag(0,0473),
plane(0.0236); border(0.0207): extermin(0.0115): civiliant0.0089); soldier(0.0085),
26 37 sick((L3158): diet(0.2141); dick(0, 1276); graduat(0. 1 114); huh(0.0391);
roughli{0.0215); muscli0.0149); hardert0.0112); reserv(0.0087); decent(0.0079);
27 43 symptom((0.2385); clue(l), 1545); psychologi{0, 1261); deny(0,0902); magict0.0572),
med{(0454); sadi0.0331); core(0.0288); hide(0.0286): notion{(.0158);

28 3T assauld@ 5312 packettU 1914); followuptl 1068} influenc{0.0619); emerg(0.0067),
sentenc(().0060); exercis{0.0052); girl(0,0047); evill0.0047); promot((.0042);

29 32 ~digexi0.7346); hawk(D 12000; seat(0 0765); josephil.0041}; intens(0.O031);
gear(0.0029); serateh(0.0027), rear(0.0025); carry(0.0025); motor{0.0023);

30 40 planet(0.3477); editor(0. 2376), chemic(l. TROO): calcul(0.0523); journal(0.0451);
newspapl0.0101); atmospher(0.0086); francisco(0 G058 ); seat(D,0055); me(0.0043);
31 43 univi(}. 2037 ) anymor(0, 1920} walker(0. 1360} centr(0.099 1) w1091 2);
ridicul(0.0786); crack(0.0185); numer(0.0180); shaft(0.0085); rota0.0080);

32 48 superior(0:1537); crarg(0. 1310} injun(0. 1250 prison(0, 1053} incorrect(0.0796):
1deal(0,0607); era(().0486); silver(0.0433); pumshi0.0251}); siring(0.0239);

35 39 purdu((LA4589); apollo(0.2807); solarf0.0791); antornei(0.0461); broke(D.0350);
destruct(0.0093); lawyer(0.0058); pair(0.0047); probabl{0.0037); declar(0.00306),
ke 37 dont((1.5735); session(0).2218); attract{(.0490); billion(.0470); worship(0.0219),
prismi0.0057); sharewar{0.0050): desktopt0.0037) med{(0.0037); implement(0.0032);

35 30| ppl0.3959); credin(0.2320); relutionship( 1024); implement(0.0358); shown(0.0356);
clh(0.0235); versi0.0184); advis(0.0151); graduat(0.0131); declar(D 0074);

36 s gatewni(0.4673); mon(0.2335); jpi0.0V61): bif0.0624); phil(0.037 1),
interrupt(0.0102); buck(0.0060); experienc(0.0045), pitt(0.0042); utexa(0.0038);

37 48 oil(0.1880); alon0. 1690 bag(D, 1136}; blind(D. 1120}, weird(0.0957);

pair(0,0420); environment(0.0277); eh(0.0272); engag(0.0213); nea(0.0203);

38 31 dwyer(0.2897); judgem(0).2469); horu(( 1252); mehp(0.1252); sni(0,1252),
greatest(0.0269); infinit(0.0042); punish(0.0032); walker(0L.0032); crack(0,0023);

39 33 iastat(0.4820); tast{0.2779); instrum(0.0953); sector(D.0446); intel(D.0067);

filter(0.0061); cloth(D.0028); shieldi0.0027); sequenc(0.0026); profitl0.0026);

Table3.7. SKWIC Results: Cardinality and Term Relevance for the Top 10 Relevant Words
in Selected Clusters
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lie on areas of overlap. This is because fuzzy memberships develop the partition
in a softer and more gradual manner, and hence avoid the early commitment of
documentsto aspecific cluster that occurswith hard 0 or 1 memberships. Infact, itis
easier to recognize several meaningful clustersin Table 3.8 with a generally larger
number of documents from the same newsgroup, and verify that their relevant
keywords, in Table 3.9, are more consistent with the newsgroup's nature than
corresponding crisp clusters in Table 3.6. For example, compare the sci.medical
cluster's (No. 27 in both tables) relevant keywords. Other clusters that are easy to
delineate include the two atheism clusters (Nos. 1 and 6), the politics.guns cluster
(No. 18), the politics.misc cluster (No. 23), the politics.mideast cluster (No. 25),
and the religion.Chrigtian cluster (No. 35).

Soft memberships alow adocument to belong to severa clusters simultaneously,
and hence provide aricher model in the areas of overlap. We do not show examples
in this section, since we have aready illustrated how Fuzzy SKW1C succeeds in
providing richer soft labeling for the Web documents in Section 3.5.1. What is
worth mentioning in the fuzzy case is that as a result of assigning soft membership
degrees to the documents in each cluster, the noise documents, which are roughly
equally far from the mgjority of good clusters, get assigned similar soft member-
ships in all clusters. Hence they are discouraged from conspiring against one of
the clusters as in the crisp partitioning framework, where they can acquire awhole
membership of 1 in agiven cluster because of arbitrary crisp assignment based on
minimum (within €) distance. This means that, generally, noise documents will
have amost equal memberships (1/C) in al clusters, hence their influence on
good clusters is broken up into smaller equa pieces instead of a whole sum. Con-
sequently, their net effect on the resulting partition and al estimated parameters
(since everything is weighted by the memberships) gets diluted, and this is what
makes our soft partitioning strategy more robust to noise. A direct consequence of
this fact is that there is no longer a big noise cluster grouping severa documents
from al newsgroups as in the crisp case (Cluster No. 3).

We note that despite the softness of the memberships, the clusters that are very
homogeneous in the nature of their documents end up with almost crisp 0 - 1
memberships. Hence the crisp partition is a special case of soft partitioning that
does emerge when there is no strong overlap between different clusters.

We have further performed clustering using unweighted keyword-based tech-
niques. K Means and the Fuzzy C Means, (both with cosine-based distance) and
have noticed that both crisp and fuzzy SKW1C tend to outperform their unweighted
counterparts. For instance, the noise cluster that grabs documentsfrom all different
newsgroups gets even larger. To summarize, K Meansliesontheleast favorable side
of the spectrum because it has no way of adapting different clusters to capture differ-
ent relevance degrees in their keywords, nor different membership degrees of their
documents. SKWIC is able to modd different keyword relevance degrees depend-
ing on the cluster, but cannot model gradual degrees of membership of documents.
The Fuzzy C Means fails to modd different cluster-dependent keyword relevance
degrees but can model gradual degrees of membership of documents. Hence both
SKWIC and Fuzzy C Means have complementary but exclusive strengths that
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Table 3.8. Fuzzy SKW1C Results: Distribution of the Mini Newsgroup Documents from 40
Clusters into 20 Prelabeled Classes

make them provide richer partition models. However, Fuzzy SKWIC lies on the
mogt favorable side of the spectrum because il is able to provide both dynamic soft
degrees in the keyword relevance values and in the cluster memberships, and can be
thus considered to perform simultaneous partitioning in two different hyperspaces:
the document space to capture spatial document organization, and the keyword
gpace to capture context. The context can be inferred for each cluster because it is
described in terms of severa relevant keywords, and these keywords are further
given importance degrees that vary with each cluster. The context stems mainly
from the well-known fact that it is easier to infer context from several keywords
simultaneoudly, than from any single one of the keywords. The relevance weights
are expected to further enrich the context description.

Simulation Results on the 16 Mini Newsgroup Data and Entire 20
Newsgroups Data

With the Mini Newsgroup data set in the previous section, we have noticed that
there were several misclassified (or inconsistently assigned) documents that come
from the four miscellaneous classes (Nos. 3, 7, 19, 20). Most of these documents
have been assumed to have the same groundtruth label (newsgroup name), but
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8] [ 4357 motif(D-5799); default0, T1Z7); stingi0.0882); height0.0460); depih(0 (M48);
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17 4261 cornellil 3753, pudD 27308, drink (0 06T, shaltt0. TO04): lowil 00096},
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27 4952 diet(@.3122); symptom(U.2068): 1ast(0.1057); med(0.0869); Titeratu(0.0442);
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39 3546 1astat(0.43500); intel(0.4329); sector(0.0417); instrum(0.0053); battl{0.0048),

forev(0.0043); tust((.0043); opticf0.0027): shield(0.0026); button(().0026);

Table 3.9. Fuzzy SKWIC Results: Fuzzy Cardinality and Term Relevance for the Top 10
Relevant Words in Selected Clusters
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their contents vary widely in topic, in away that would make some of them more
appropriately labeled with other newsgroup names. Therefore, we repeated all ex-
periments after discarding documents from these four classes. This means that we
removed most of the difficult cases, so to speak. These include, (i) documentsthat
lie in areas of overlap or fuzziness between distinct categories, or (ii) documents
that are simply outliers, and hence affect the purity of the resulting partition. After
discarding the .misc classes, we noticed similar results in terms of the nature of
the clusters, and the richer information provided by the cluster-dependent keyword
relevance weights, and soft partition. We also noticed a remarkable improvement
in the purity of the partition with regard to cluster homogeneity, as compared to
including the miscellaneous class documents.

One way to objectively assess the performance of a clustering agorithm when

the class labels for K classes are actually known, is based on the average entropy
measure of al C clusters, which is defined as follows.

JI )

z| =

where

Y N

E = y ~ log
i log K fz‘ N; 2 N

I¥
k=1

isthe entropy of the/th cluster, V; is the size of thei'th cluster, and .-\-'I-"' isthe number
of documents from the k\h class that are assigned to the i th cluster. Table 3.10 lists
the entropies of the partitioning strategies used for the Mini and 20 Newsgroup
data, depending on whether the four miscellaneous classes are removed.

With dl the empirical results and theoretically based conclusions about the data
sets used in this chapter in mind, the most important fact to remember is that in
our nonideal world, real unlabeled text data tend to be of the challenging type
discussed above. This in turn calls for sophisticated techniques that can handle
these challenges.

We aso note that with the 20 Newsgroups data set, as with amost any manually
labeled benchmark document data set, errors in labeling abound (due to subjectiv-
ity in labeling, circumstantial reasons, or even noise documents that <till end up
with an invaid label). Also, documents that cross boundaries between different
categories are very common, and always end up with an inadequate label. Hence, it
is extremely difficult to judge the quality of an unsupervised clustering technique
based on any kind of classification accuracy or entropy measure. In fact, our ex-
periments have shown that automatic labeling is often superior to manual labeling,
except when identical keywords with different meanings are present. Thisis where
keyword-based clustering breaks down because it cannot deal with the semantics
of content. For such cases, context can improve clustering results considerably,
and this can be handled using Latent Semantic Indexing [DDF+90, BDJ99], for
example.
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Mini Mini Newsgroups || 20 Newsgroups
Newsgroups 16 Class
K Means 0.797 0771 | 0.865
SKWIC 0.790 | 0.750 0.866
Fuzzy C Means 0.766 | 0.751 0.907
Fuzzy SKWIC 0.757 | 0.740 .868

Table 3.10. Average Entropies for Different Categorization Strategies of the Newsgroup
Data

3.6 Conclusion

In this chapter, we presented a new approach that performs clustering and attribute
weighting simultaneously and in an unsupervised manner. Our approach is an
extension of the K-Means agorithm, that in addition to partitioning the data set
into a given number of clusters, also finds an optimal set of feature weights for
each cluster. SKWIC minimizes one objective function for both the optima pro-
totype parameters and feature weights for each cluster. This optimization is done
iteratively by dynamically updating the prototype parameters and the attribute rel-
evance weights in each iteration. This makes the proposed algorithm simple and
fast.

Our experimental results showed that SKWIC outperforms K-Means when not
all the features are equally relevant to all clusters. This makes our approach more
reliable, especialy when clustering in high-dimensional spaces, as in the case of
text document categorization, where not al attributes are equally important, and
where clusters tend to form in only subspaces of the origina feature space. Also,
for the case of text data, this approach can be used to automatically annotate the
documents.

We have aso presented a soft partitioning approach (Fuzzy SKWIC) to handle
the inherent fuzziness in text documents by automatically generating fuzzy or soft
labels instead of single-label categorization. This means that a text document can
belong to several categories with different degrees. The soft approach succeeds in
describing documents at the intersection between several categories.

By virtue of the dynamic keyword weighting, and its continuous interaction with
distance and membership computations, the proposed approach is able to handle
noise documents elegantly by automatically designating one or two noise magnet
clusters that grab most outliers away from the other clusters.

Compared to variants such as K-Means and the Fuzzy C-Means, Fuzzy SKWIC
is able to provide both dynamic soft degrees in the keyword relevance values
and in the cluster memberships, and can be thus considered to perform simulta-
neous partitioning in two different hyperspaces. the document space to capture
gpatial document organization, and the keyword space to capture context. The
context stems mainly from the well-known fact that it is easier to infer context
from a consensus of several keywords simultaneously, than from any single one
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of the keywords. The relevance weights are expected to further enrich the context
description.

Our results have aso confirmed that Fuzzy SKWIC is most appropriate to use
in cases where the document collection is challenging, meaning that it may be
limited in terms of the number of documents, and the number of keywords used
to infer the labels, and that it may include many noise documents and mixed-topic
documents that blur the boundaries between clusters. Our nonideal world abounds
with unlabeled text data that tend to be of the challenging type. Fuzzy SKWIC is
one of the unsupervised classification techniques that can handle these challenges.

Since the objective function of SKWIC is based on that of the K-Means, it
inherits most of the advantages of K-Means-type clustering algorithms, such as
ease of compulation and simplicity. Moreover, because K-Means has been studied
extensively over the last decades, the proposed approach can easily benefit from
the advances and improvements that led to severad K-Means variants in the data
mining and pattern recognition communities; in particular, the techniques devel-
oped to handle noise [KK93, NK96, FK99, NK97], to determine the number of
clusters [FK97], to cluster very large data sets |[BFR98, FLEOQJ, and to improve
initialization [BF98, HOB99, NK00]. Future research includes investigating more
scalable extensions that are not sensitive to initialization, and that can determine
the optimal number of clusters. We also plan to explore context-dependent infor-
mation retrieval based on a combination of Fuzzy SKWIC with concepts from
fuzzy logic, particularly its ability to compute with words.

Acknowledgments: We thank our student Mrudula Pavuluri for her help with pre-
processing some of the text data. Partial support of this work was provided by
the National Science Foundation through CAREER Awards 1S 0133415 (Hichem
Frigui) and 11S 0133948 (Olfa Nasraoui).
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4

Featur e Selection and Document
Clustering

Inderjit Dhillon
Jacob Kogan
Charles Nicholas

Oveaview

Feature selection is a basic step in the construction of a vector space or bag-of-
words model [BB99J. In particular, when the processing task is to partition agiven
document collection into clusters of similar documents a choice of good features
along with good clustering algorithms is of paramount importance. This chapter
suggests two techniques for feature or term sdlection along with a number of
clustering strategies. The sdlection techniques significantly reduce the dimension
of the vector space model. Examplesthat illustrate the effectiveness of the proposed
algorithms are provided.

4.1 Introduction

A common form of text processing in many information retrieval systemsis based
on the analysis of word occurrences across a document collection. The number of
words/terms used by the system defines the dimension of avector spacein whichthe
analysisis carried out. Reduction of the dimension may lead to significant savings
of computer resources and processing time. However, poor feature selection may
dramatically degrade the information retrieval system'’s performance.

Dhillon and Modha [DMO1] have recently used the spherica k-means
algorithm for clustering text data. In one of the experiments of [DMO1]
the agorithm was applied to a data set containing 3893 documents. The
data st contained the following three document collections (available from
ftp://ftp.cs. Cornell. edu/pub/smart):

» Medlars Collection (1033 medica abstracts),
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 CISl Collection (1460 information science abstracts),
 Cranfield Callection (1400 aerodynamics abstracts).

Partitioning the entire collection into three clusters generates the following

"confusion” matrix reported in [DMO11.

_ Medlars | CISI | Cranfield
| cluster 0 1004 5 4

| cluster | 18 1440 16

| cluster2 I 5] 1380

(Heretheentry ij isthe number of documentsthat belong to cluster / and document
collection j.) The confusion matrix shows that only 69 documents (i.e., less that
2% of the entire collection) have been "misclassilied" by the algorithm. After
removing stop-words Dhillon and Modha [DMO01] reported 24,574 unique words,
and after eliminating low- and high-frequency words they selected 4,099 words to
construct the vector space model.

The main goa of this contribution is to provide algorithms for (i) selection of
asmal st of terms and (ii) clustering of document vectors. In particular, for data
similar to those described above, we are able to generate better or similar quality
confusion matrices while reducing the dimension of the vector space modd by
more than 70%.

The outline of the chapter is the following. A brief review of existing algo-
rithms we employ for clustering documents is provided in Section 4.2. The data
are described in Section 4.3. The term-selection techniques along with the clus-
tering results are presented in Sections 4.4 and 4.5, while Section 4.6 contains a
new clustering algorithm along with the corresponding clustering results. Future
research directions are briefly outlined in Section 4.7.

4.2 Clustering Algorithms

In this section, we review two known clustering algorithms that we apply to par-
tition documents into clusters. The means agorithm, introduced in [KogOlb],
is a combination of the batch k-means and the incremental k-means algorithms
(see [DHS01]). The Principal Direction Divisive Partitioning (PDDP) method was
introduced recently by D. Boley [Bol98].

4.2.1 Means Clustering Algorithm

For a set of vectors X = {x;.....xy} in Euclidean space R" denote the centroid
of the set (1/d) 3 _| x; by m(X).
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Let {m/}i_, be a patition of X with the corresponding centroids m; =
m(m), ..., m; = mim). Define the quality s of the partition {_.—r;ff__l by
k k
Qs ({m]:.r‘_ |) = Z Z |x — m(m) | = x Z Ix — myll”. 4.0
=] X&em =] XEmy

For x € m; < X denote the index of the centroid nearest x by min(x)

(i€ X —Mupsner | < Ix—myll. = 1.....k). Now define the partition
nextkM ((mli_,) = {x/}"  as
mp=fX @ min(x) =ij.
Itis easy to see [DHSO11 that
2 ('{7”}? |) > (uext KM ([m}lf_ |)) ) 4.2)

Next we present the classical batch k-means algorithm and discuss some of its
deficiencies.

Algorithm 4.1 Batch k-means clustering agorithm (Forgy [For65])

For a user-supplied tolerance tol < 0 do the following.

1. Start with an arbitrary partiti i”;mI: et the index of iteration

t =0.
iy (V3] k :
2. Generate the partition next KM ( ir d I )
C =1
. (1) k () K
If | Qo | nextKM lrra.' ] — O {;‘T, } < tol
= £ L=y
k k
t+1)
set !;rf ' ; = next J‘LM((?LUJ} )
=1 S VES
increment ¢ by 1.
goto 2.
3. Stop.

The agorithm suffers from the major drawbacks:

1. The qudlity of the find partition depends on a good choice of the initial
partition; and

2. The agorithm may get trapped at a loca minimum even for a very smple
one-dimensional st X.

We address the first point in Sections 4.2.2 and 4.6. The second point is illustrated
by the following example.
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EXAMPLE 4.1 Let X = {x(, X2, X3} withx; =0, x2 = 2/3

(0)

3, and x3 = 1. Consider
e - (0)
the initial partition m;" = {x), X2}, 75, = = (X3} with @, I

) (O s
O} =20

INITIAL PARTITION

1.5 - —— S— = = —

LE

15 L - i -
0.5 0 0.5 1 15

Note that an application ofthe batch k-means algorithm does not change the initial

partition Irrl“”,, ””] At the same time it is clear that the partition ||, /]
(] = [x1}, 75 = {x2, x3)) with Q> |7|, 75| = 2/36 is superior to the initial
partition.

A different version of the k-means algorithm, incremental k-means clustering,
is discussed next. This version remedies the problem illustrated in Example 4.1.

The decision of whether a vector x = m; should be moved from cluster ; to
cluster ;v ; is made by the batch /c-means algorithm based on the sign of

;)

A=—|x —m@)|?+ |i\ —m(m;)|

(4.3)

If A isnegative, then the vector x is moved by the batch k-means algorithm. The
exact change in the value of the objective function (i.e., the difference between the
"new" and the "old" values of the objective function) caused by the move is

i 9 "y n2
Aexact = —— ||Ix — m(m;) ||© + — ||x -m(r;) | " (4.4)
np— | i+l
where n; = |m;|, n; = |m;| are the number of vectors in clusters 7, and 7;,
respectively (see, e.g., [Kog01a]). The more negative A« is, the larger the drop
in the vaue of the objective function. The difference between the expressions

A Aexact = ||R = nl(r‘rf’.)'lz + =10

Hi—

is negligible when the clusters =; and 7z, are large. However A — A May
become significant for small clusters. For example, for x = X2 in Example 4.1
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onehas A = 0, and Agxuer < 0. Thisis why batch k-means misses the "better"
partition {r{, 7} }. The incremental k-means clustering algorithm eliminates this
problem. Before presenting the algorithm, we need a few additional definitions.

K

., isapartition {7/},
obtained from {x,},_, by removing a single vector x from a cluster 7; of {x/}_,

DEFINITION 4.1 A first variation of a partition |7, |

and assigning this vector to an existing cluster ; of {7} _,.

Note that the partition {7}/, is a first variation of itself. Next we look for the
steepest descent first variation, that is, a fird variation that leads to the maximal
decrease of the objective function. The forma definition follows.

DEFINITION 4.2 Thepartition nextFV ({v,]u) is afirst variation of {7}, |

so thatfor each first variation [/}, , one has

Qs (.T_ua_x_i:[?\/'(1rrf |j 1)) < (i‘r; |:: |) : (4.5)

Algorithm 4.2 Incrementa k-means clustering algorithm (dso see [DHS01],
Section 10.8)

For a user-supplied tolerance tol < 0 do the following.
k
1. Start with an arbitrary partiti i”"{[” L__ et the index of iteration
t=0. '

ik Y
’ 5 S = 1)
2. Generate the partition nextFv ( | .-‘r; ] )

for o)) -1 =]

(1)1 [
set §ar = next kKM b
¢ =l L VA

increment by 1.

o0 to 2.

3. Stop.

EXAMPLE 4.2 Let the vector set and the initial partition be given by Example
4.1. A single iteration of incremental k-means generates the optimal partition

71" = (x1}, 73" = (x. x5} asshown in thefollowing figure.
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QFTIMAL PARTITION

-0.5 o 05 1 15

While computationally more accurate, incremental k-means is slower than batch k-
means. Each iteration of incremental k-means changes cluster &ffiliation of asingle
vector only. The examples suggest the following "merger" of the two algorithms.

Unlike the means agorithm of [KogO1b] the agorithm described above keeps
the number of clusters k fixed throughout the iterations. Otherwise the above
algorithm enjoys advantages of the means algorithm:

1. The means agorithm always outperforms batch k-means in cluster quality
(see [KogQlh]).

2. All numerical computations associated with Step 3 of the means algo-
rithm have been dready performed at Step 2 (see (4.3) and (4.4)). The
improvement over batch k-means comes, therefore, at virtually no additional
computational expense.

For simplicity we henceforth refer to Algorithm 4.3 as the means agorithm.

The k-means algorithm is known to be sensitive to the choice of an initid
partition. A clustering algorithm that may be used for generating good initial
partitions is presented next.

4.2.2 Principal Direction Divisive Partitioning

A memory-efficient and fagt clustering agorithm was introduced recently by D.
Boley [B0l198]. The method is not based on any distance or similarity measure,
and takes advantage of sparsity of the "word by document” matrix.

The agorithm proceeds by dividing the entire collection into two clusters by
using principa directions. Each of these two clusters will be divided into two sub-
clusters using the same process recursively. The subdivision of acluster is stopped
when the cluster sttisfies a certain "quality" criterion (e.g., the cluster's variance
does not exceed a predefined threshold).
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Algorithm 4.3 Simplified Verson of the Means Clustering Algorithm (see
[KogO1b]).

For user-supplied tolerances col| < 0 and tols < 0 do the following.

1. Start with an arbitrary partitioning [ﬁf”" l - Set the index of iteration
t =0. -

k
2. Generate the partition next XM ( H"r,” ' l )
f=1

" . () k o (1) k
If | @» (next; KM ( [:'{;." } )) — Qs ( ‘Ir,r s | : ) < tol)
=1 =
set |:7|."'r F I = nextKkM ( H”.‘m I )
! =1 ] f=1,

increment ¢ by 1.
3. Generate the partition nextFv ( | -'-’,a” I ] )

!
Lk \ ; .1
. =1 i
4 \ .’I- IE\
sel H,TT;[' I lli =nextFV ({:-r:“} )
' 1= [

increment £ by 1.

goto 2,

o

goto 2.

4. Stop.

Clustering of a set of vectorsin R” is, in general, adifficult task. There is, how-
ever, an exception. When n = 1, and al the vectors belong to a one-dimensional
ling, clustering becomes relatively easy. In many cases a good partition of a one-
dimensiona st Y into two subsets ¥ and ¥> amounts to a selection of a number,
sy (L. 0 that

Yi=ly :veY. v=upl.andYo={y : yeVt. y> u) (4.6)

(in [Bol98], e.g., /1 isthe mean).
The basic idea of Boley's Principal Direction Divisive Partitioning (PDDP)
algorithm is the following.

1. Given aset of vectors X in R" determine the line L that approximates X in
the "best possible way".

2. Project X onto L, and denote the projection of the set X by Y (note that Y
isjust a set of scalars). Denote the projection of a vector x by .

3. Partition Y into two subsets ¥, and Y- as described by Eq. (4.6).
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4. Generate the induced partition {X;, X>} of X as follows.
Xi=[x:yel},and Xy =[x : ye Yo} 4.7

D. Boley has suggested the line that maximizes variance of the projections as
the best one-dimensional approximation of an n-dimensional set. The direction of
the line is defined by the eigenvector of the covariance matrix C corresponding
to the largest eigenvalue. Since C is symmetric and positive semidefinite al the

egenvaues i, i = 1,2,..., n of the matrix are real and nonnegative; that is,
Al = A2 = -+ = A, = 0. Furthermore, while the scatter vaue of the document
set is Ay + Aa + -+« + A,, the scatter value of the one-dimensional projection is

only 4 (see [B0ol98]). The quantity

_— 4.8
PRI D SRR (48)
may, therefore, be considered as the fraction of information preserved under the
projection (in contrast with the "lost™ information (Ao + - -+ Ay, ) /(A + Ao+ - -+

Ay)). In spite of the fact that the numerator of (4.8) contains only one eigenvalue
of a large matrix, the algorithm generates remarkable results (see, e.g., [Bol98,
BGG+99a, BGG+99b)). For instance, examples provided in [KogOlb] show that
an application of the k-means clustering algorithm to a partition generated by
PDDP leads to only about 5% improvement in the objective function value.

In the next section, we describe the data set and corresponding feature selection
problem considered in this study.

4.3 Dataand Term Quality

Our data set is a merger of the three document collections (available from
http://ww.cs.utk.edu/ Isi/):

» DCO (Medlars Callection 1033 medical abstracts),
* DC1 (CISl Collection 1460 information science abstracts),

* DC2 (Cranfield Collection (1398 aerodynamics abstracts).
The Cranfield collection tackled by Dhillon and Modha contained two empty doc-
uments. These two documents have been removed from DC2. The other document
collections are identical.

We denote the overdl collection of 3891 documentsby DC. After stop-word re-
mova (see ftp://ftp.cs.Cornell.edu/pub/smart/english.stop),
and slemming (see [Por80]) the data set contains 15,864 uniqueterms (no stemming
was applied to the 24,574 unique words reported in [DMO1]).

Our firgt goa is to select "good" index terms. We argue that for recovering the
three document collections the term "blood" is much more useful than the term
"case". Indeed, while the term "case" occurs in 253 Medlars documents, 72 CISI
documents, and 365 Cranfield documents, the term "blood" occursin 142 Medlars
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documents, 0 CISI documents, and O Cranfield documents. With each termt we as-
sociate a three-dimensional "direction” vector d(t) = (dy(t), d;(t), d2(t)), sothat
d; (t) isthe number of documentsin acollection DCi containing the term t. So, for
example, d("case") = (253, 72, 365), and d("blood") = (142, O, 0). In addition
to "blood", terms "layer" (d("layer") = (6, 0, 358)), or "retriev" (d("retriev") =
(0, 262, 0)) seem to be much more useful than the terms "case", "studi" and
"found" with d("studi") = (356, 341, 238), and d("found") = (211,93,322),
respectively.

When only the "combined" collection DC of 3891 documents is available the
above-described construction of direction vectors is not possible. In Sections 4.4
and 4.5, we present algorithms that attempt to select "useful" terms when the
direction vector d(t) is not available.

For each selection agorithm described in this chapter we introduce a quality
functional g, so that the quality of aterm t is given by q(t). Higher values of q(i)
correspond to "better" termst. To exploit statistics of term occurrence throughout
the corpus we remove termsthat occur in less than r sentences acrossthe collection,
and denote the remaining terms by slice(r) (r should be collection dependent; the
experiments in this chapter are performed with r = 20). The first / best quality
terms that belong to dice(/-) define the dimension of the vector space model.

In the next two sections, we present two different term-selection techniques
along with corresponding document clustering results.

44 Tem Variance Quality

We denote the frequency of aterm t in the document d ; by /;. Following the ideas
of Saton and McGill [SM83] we measure the quality of the term t by

9

Qo)=Y f} - } {Z _fj_,-J ; (4.9)
j=1

1
= 0

where no is the total number of documents in the collection (note that <) is
proportional to the term frequency variance). Tables 4.1 and 4.2 present 15 "best”,
and 15 "worst" terms for dice(20) in our collection of 3891 documents.
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Term go(t) do(t) | e (t) | dalt)
fAow 7687.795 | 714
librari 7107.937 0
pressur | 5554.151 | 533
number | 5476418 568
cell 5023.158 2
inform | 4358.370 44
bodi 3817.281 276
system | 3741.070 84
wing 3409.713 216
effect 3280.777 539
method | 3239.389 454
layer 3211.331 358

[ jet | 3142.879 ) 92
patient | 3116.628 | 301 [ 3 0 l
shock 3085.249 4 ] I 224 ]

Table 4.1. Fifteen "Best" Termsin Slice(20) According to g0

[ Term go) [ do(®) [ di(t) [da(t) ]|
Suppos 21.875 6 7 9
nevertheless | 21.875 6 11 5
relain 21.875 9 4 9
art 875 0 | 20 | 2
compos 21.875 5 5 12
ago 21.875 2 14 2
elabor 21.875 3 16 3
obviou 21.897 4 9 6

| speak 20.886 | 6 12 3

| add 20.886 | 3 14 4 |

| understood | 20.886 | 2 14 5
pronounc 20.886 | 18 0 3
pertain 19.897 3 8 9
merit 19.897 L 9 10

([ provis 19897 1 [ 18 [ 1

Table 4.2. Fifteen "Worst" Terms in Slice(20) According to g0
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To evaluate the impact of feature selection by go on clustering we conduct the
following experiment. The best quality 600 terms are selected, and unit norm
vectors for the 3891 documents are built (we use the tfn scheme to construct
document vectors; for details see [DMO01]). A two-step procedure is employed to
partition the 3891 vectors into three clusters:

1. the PDDP agorithm is applied to generate 3 clusters (the obtained clusters
are used as an initial partition in the next step); and

2. the means agorithm is applied to the partition obtained in the previous step.

Note that there is no apriori connection between document collection i and cluster
i. Hence, one can not expect the confusion matrix, to have diagonal structure unless
rows (or columns) of the matrix are suitably permuted. A good clustering procedure
should be able to produce a confusion matrix with a single "dominant” entry in
each row. The confusion matrices for the three clusters provided in Tables 4.3 and
4.4 illustrate this remark.

[ | DCO | DC1 [ DC2 ||

cluster 0 ( 272 9 11379
cluster | 4 | 1285 |
| cluster 2 } 757 | 166 8 |
] t.‘fTIpl}" (tl)(.'ill]li.._‘nlh' ] ]
l cluster 3 l 0 () |I 0

Table 4.3. PDDP-Gengated Initid Confuson Matrix with 470 Misdassfied Documents
Usng 600 Best g0 Terms

When the number of terms is relatively small some documents may contain
no selected terms, and their corresponding vectors would be zeros. We aways
remove these vectors ahead of clustering and assign the "empty" documents to a
specia cluster. This cluster concludes the confusion matrix (and is empty in this
experiment).

T [ DCO [ DCI | bcTH

“Cluster 0 |I [ [ K H(ﬁ |

|| cluster 1 | 8 | 1433 *% }
[ cluster 2 || |(}3_LJ 24
( [en npty dmumur[» |' | T

| cluster 3 | 0| 0] 0 ”

Table 4.4. Meens-Gengrated Find Corfuson Matrix with Misdassfied Documents
Using 600 Best g0 Terms
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While the quality of the confusion matrix presented above is similar to that
reported in [DMO1] (see Section 9.1), the dimension of our vector space model,
600, is about only 15% of the vector space dimension reported in [DM01].

The abstracts comprising the document collection DC are relatively short doc-
uments (from a half page to a page and a half long). It is not unusual to find terms
that occur in many documents only once. Such terms score high by (4.9). At the
same time these terms may lack any specificity. Indeed, the term "studi" with
d("studi") = (356, 341, 238) is ranked 28th by qo, and the term "present" with
d("present") = (236, 314, 506) is ranked 35th. In order to penalize such terms,
we modify (4.9) and introduce the quality of term q\ (t) as the variance of t over
documents that contain the term at least once. That is,

ny P | ) , =

f;;qt>=;_;; 5 Z;,;_f- : (4.10)
j= =

where n\ is the number of documentsin which t occurs at least once, and /; = |,

j = 1,...,n\ Tables 4.5 and 4.6 present the 15 "best", and the 15 "worst" q\

terms for slice(20), respectively.

Term gi(t) | dp(t) i d(t) ] r!g{'t)—”
[librari [3147.074 ] 0 [ 323 [ 0 |
| flow [ 3146.048 | 35 [ 34 [ 714 |
| number | 2734.665 | 92 | 204 | 568 |

pressur | 2528.225 57 12 533

cell 2225177 | 210 | 2 2

inform [ 1851.231 | 28 | 614 | 44 |

bodi [ 1768.182 | 84 23 [ 276 ||

system | 1518.877 [ 82 | 494 [ 84
| shock [ 1490.113 | 4 | | 224
[ jet 1463.569 | 1 0 92
[ theori | 1341.363 [ 23 [ 117 [ 452

method | 1303.141 | 121 | 252 | 454

layer 1296.008 | 6 0 358

patient 1247.944 | 301 3 0 |

effect 1210.772 | 244 159 | 539
— — r— el i — i L

Table 4.5. Ffteen "Bext" Tearrasin Sice(20) According to g\

We select the best 600 terms and apply first the PDDP algorithm, and then
the means algorithm to the corresponding 3891 vectors. The resulting confusion
matrices are given in Tables 4.7 and 4.8. An increase in the number of selected
terms does lead to a modest improvement in the quality of confusion matrices. In
what follows, we summarize the improvement for term selections based on qo and
qgi. Table4.9 presents resultsfor terms selected by 110 Thefirst row of Table 4.9 lists
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)] Term ] g1 (t) ] a’u(t) f dp(t) { da(t)

[ add 0.000 | 14 | o
retain 0.000 | 9 4 1 9
reproduc 0.000 7 12 5
provis 0.000 1 18 1
pronounc 0.000 18 0 3
diminish 0.000 16 5 14
suppos 0.000 6 7 9
doubt 0.000 4 12 10
speak 0.000 6 12 3
context 0.000 7 45 ]
understood | 0.000 2 14 5
pertain 0.000 3 8 9
bring 0.000 8 30 8
ago 0.000 2 18 2

|| occasion 0.000 18 11 1|

Table 4.6. Fifteen "Worgt" Terms in Slice(20) According to g\

0 | DCO [ DCI | DC2 |
cluster O 461 10 | 1380
cluster | 3| 803 0
cluster 2 569 | 647 18
“empty” documents |
cluster 3 ] 0 0 0

Table 4.7. PDDP-Generated Initiad Confusion Matrix with 1061 Misclassified Documents
Using 600 Best g\ Terms

[ [ DCO | DCI r[)c:ﬂ

cluster 0 0 1360
cluster 1 6 I4I6 13
cluster 2 1027 41 25
empty documents

cluster 3 Q 0 0

Table 4.8. Means-Generated Fina Confusion Matrix with 88 Misclassified Documents
Using 600 Best g\ Terms

clustering algorithms, and the first column shows the number of selected terms.
The other columns indicate the number of misclassified documents. The displayed
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results indicate that the algorithm "collapses” when the number of selected terms
drops below 600. Table 4.10 contains information relevant to q\.

[ [ Documents Misclassified by |

|| # of Terms | PDDP | Means H
' 500 1062 989
| 600 470 69
700 | 388 63
1000 236 55
i 1300 181 53

Table 4.9. Number of Misdassfied Documents for Tem Sdlection Based on go

I

| Documents Misclassified by ||

“ # of Terms J ]’DI.}P Means “
' 500 1055 04

(§1010] 1061 88

700 617 74

1000 410 64
[ 1300 7232 55 |

Table 4.10. Number of Misdassfied Documents for Tem Sdection Based on g\

The tables indicate that with 1300 selected terms (i.e., only about 30% of
the 4099 terms reported in [DMO1]) the number of "misclassified” documents
is dightly lower than the number reported in [DMO1].

In the next section, we introduce a measure of distance between terms. The dis-
tanceis based on term co-occurrence in sentences across the document collection.
The quality of aterm t presented next is based on distribution of terms "similar”
to t and co-occurring with t in sentences across the document collection.

45 Same Context Terms

The second approach to the term selection problem is based on the co-occurrence
of "similar" terms in "the same context". Our departure point is the definition
(attributed to Leibniz): two expressions are synonymous if the substitution of one
for the other never changes the truth value of a sentence in which the substitution
ismade.

Wefollow theideas of Grefenstette [Gred4]: "you can begin to know the meaning
of aword (or term) by the company it keeps," and "words or terms that occur in ‘the
same context' are ‘equivalent',” and Schiitze and Pedersen[ SP95]: "the assumption
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is that words with similar meanings will occur with similar neighbors if enough
text material is available." Profiles introduced below formalize these notions.

451 TermProfiles
Our construction is the following.

1 Let T = {tj,..., tn} bean aphabetically sorted list of unique terms that
occur in the document collection DC.

2. Foreachtermt in T denote the set of sentencesin DC containing t by s(t).
The size of the set is denoted by [s(t)|, and s, = m;_tl,\ |s(t)].
teT

3. Foreachtermt e T the profile V(t) is defined next:

DEFNITION 4.3 Theprofile V(t) ofthe termt is a set of termsfrom the list
T that co-occur in sentences together with the term t, that is,

Pty = {t' : t es(t)).

Profile 7 (t) contains corpus dependent information concerning the term t
and the company it keeps. There are a number of ways to compute term
similarity based on the respective profiles [Kog()2]. A way to express the
similarity is described below.

4. Leti{s|.....s,| bethesetof dl sentencescontained in the document collec-
tion DC. Theterm by sentence matrix Sisan m x n matrix whose entry Sy is
the number of times the term t; occurs in the sentence §. Theterm t; profile
vector P(t;) = (Py..... P, is the /th column of the symmetric matrix

SS’ . The jth coordinate of the vector 7; = (SS’ ) is the number of times

thetermst- and ty co-occur in sentences across the document collection DC.
Since #; # (), the vector P(t;) can be normalized.

5. DEFINITION 4.4 Unit profile vector P(t) of term t is defined to be
(P(0)/ [P

Words/terms with similar meanings (as per a given document collection) generate
similar unit profile vectors (for details see [Kog02]). We next provide a formula
for term quality based on term profile.

4.5.2 TermProfile Quality

Theterm profile quality ¢, (t) introduced in this section is based on the distribution
of terms similar to t in the profile V(t).

For each t' € P(t) compute the dot product ¢’ = P(t)’ P(t'). We now sort the
profile P(t) with respect to the dot products «', so that if P(t) = {tg, t1.. ... ti)s
(to=t),thenl =¢y = ¢; = --- = ¢, = . We denote the frequency of the term
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ti inthe profile P (t) by f; and define the term profile quality ¢, (to) by a somewhat
contrived formula (justification is given below):

[ : =
| Is(to)| 1%2 1 Eol e [le(f) = £
fr’p{tﬂ) = [ St :I ![] n k(.‘(‘l.) Z ,J(a cp X I — VI 7&(}(,{‘) s (411)

i=1

where<( ) = (1/k) X’:":l Ji, andinthis experiment k = 2. We note the following
concerning the expression for the profile quality ¢,.

1. Due to the small power 0.2, the term [(|s(to)])/smax]"” penalizes very
frequent collection terms;

2. the normalizing term | /( fy + ke(f)) attempts to suppress the importance
of very frequent profile terms similar to t;:

3. theterm f;¢; reflects the measure of similarity between t;; and t; ; and

4. theterm | — /(|e(f) — fi])/ke(f) imposes apenalty on aterm's deviation
from the expected frequency.

[ Term | ap®) | do(t) [ di(t) | da(t) ||
laminar 0.264 4] 4] 231
layer 0.205 6 0 358
number 0.204 92 204 568
septal 0.202 25 0 0
free-stream 0.195 0 0 97
boundari 0.195 0 73 413
nephrectomi | 0.168 | 23 0 0
unilater 0.161 27 0 0
defect 0.157 64 5 4
reynold 0.152 0 I 197
mach 0.141 0 0 384
nomin 0.136 2 2 17
moment 0.135 4 4 89
autom 0.128 0 46 0

| biliari 0.126 | 17 0 0

Table4.11. Ffteen "Best" Temsin Slice(20) According to ¢,

Tables 4.11 and 4.12 present 15 "best", and 15 "worst" terms for slice(20).
For clustering purposes we selected 1000 best quality index terms. Although each
selected term is contained in at least 20 sentences, the selected 1000 unit profile
vectors P(t) of dimension 15,864 (which is the total number of the unique terms;
see Section 4.3) are sparse. The average number of nonzero entriesin a unit profile
vector is 617, that is, less than 4% of 15,864, the dimension of the vector space.
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L Term | gp(t) | dy(t) | d)(t) | da(t) ||
determin | 0.001 108 116 | 299

[ Targ 0.001 [ 80 | 175 | 201
approxim | 0.001 31 46 377
found 0.001 | 211 93 322
analysi 0.001 42 184 276
includ 0.001 75 169 225
rate 0.001 111 49 145
paper 0.001 | 31 | 265 | 200
experi 0.001 | 105 133 152
result 0.000 | 278 288 692
effect (0.000 | 244 159 539
studi 0.000 | 356 341 238
gener 0.000 | 76 311 329
develop 0.000 | 176 366 264

| case 0.000 [ 253 72 365

Table 4.12. Fifteen "Worgt" Terms in Slice(20) According to ¢

Next we gpply the means algorithm to partition 1000 term vectors into three
term clusters To, Ti, and T2. The partition of the document collection DC is
based on the term clusters. For each document d we construct a three-dimensiona
vector (i(d). r;(d), t-(d)), where t;(d) is the number of terms from term cluster
T- contained in the document. The document d belongs to document cluster i if

ti(d) > t;(d). j=0,1,2.

The confusion matrix for this partition of 3891 documents with 105 misclassified
documents is given in Table 4.13. A 30% increase in the number of index terms
leads to the decrease in the number of misclassified documentsto 94, and eliminates

empty documents.

I [ DCO [ DCI [ DC2 |
cluster O 23 32 | 1386
cluster | 975 3 1
cluster 2 35 | 1424 11 i

[ empty documents

| cluster 3 0 | 0

Table 4.13. Means Gengrated Find Confuson Matrix with 106 Misdassfied Documents

The clustering algorithms discussed so far deal with general vector setsin R”. In
the next section we present a clustering algorithm specifically designed to handle

unit norm document vectors.
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4.6 Spherical Principal Directions Divisive Partitioning

In this section we mimic the simple and elegant idea due to Boley and approximate
a st of unit vectors X ¢ R’ by a one-dimensional great circle of 8" ~'. A great
circleis represented by an intersection of "' and a two dimensional subspace P
of R". The proposed algorithm is the following.

Algorithm 4.4 Spherical Principal Directions Divisive Partitioning (SPDDP)
Clustering Algorithm

1. Given a set of unit vectors X in R" determine the two dimensional plane P
that approximates X in the "best possible way."

2. Project X onto P. Denote the projection of the set X by Y, and the projection
of a vector x by y (notethat y is two-dimensional).

3. Ify £ 0 "push"y e Y to the great circle, and denote the corresponding
vector by z = y/||y||. Denote the constructed set by Z.

4. Partition Z into two clusters Z; and Z,. Assign projectionsy with |ly|| = 0
toZ,.

5. Generate the induced partition {X;. X} of X as follows.
Xi=ix:zeZ}, and Xa =[x : ze€ ZIn}. (4.12)

If, following ideas of [Bol98J, the best two-dimensiona approximation of the
document et is the plane P that maximizes variance of the projections, then P
is defined by two eigenvectors of the covariance matrix C corresponding to the
largest eigenvalues . and /5. The "preserved” information under this projection
is

AL+ A2
- 4,13
AMAAy 4y (413)
Note that the quantity given by (4.13) may be almost twice as much asthe preserved
information under the projection on the one-dimensional line given by (4.8). Aswe
show later in this section this may lead to a significant improvement over results
provided by PDDP.

4.6.1 Two-Cluster Partition of Vectors on the Unit Circle

We now describein detail Step 4 of the SPDDP agorithm. Specificaly we are con-
cerned with the following problem. Given aset of unit vectorsZ = {zy. ..., %, | C
R? partition Z into two "optimal" clusters { and 7.

A straightforward imitation of Boley's construction leads to the following so-
lution. If z =z + - -- + 1z, + (), then the line defined by z cuts the plane into two
half-planes. The subset of Z that belongs to the left half-plane is denoted by Z_,



4. Feature Selection and Document Clustering 91

and the subset of Z that belongs to the right half-plane is denoted by Z... If z is
zero, then, in order to generate the partition, we choose an arbitrary line passing
through the origin.

Lack of robustness is, probably, the most prominent drawback of the suggested
partitioning. Indeed, let {z;, ..., z, | be a st of unit vectors concentrated around,
say, the vector e; = (1. 0)". If the st Z contains vectors (z|. .. ..z, and their
negatives|—z, .. .. —zm 1, then z = 0. This z does not do much to recover "good"
clusters (athough =y = {z,.....%,}, and 7 = [—z;.....—z,| look like a
reasonable partition; see figure below).

'HEASOMNABLE" PAHTITION

Things get worse when @ is assigned to the vector sat Z; that is, Z =

{Ziseons Znio =Ny oo ~Zy, €1 ). Now z = e, and regardless of how "densely"
the vectors {z;. .. .. %, | are concentrated around & the clusters 7., and Z_ most
probably contain vectors from both sets {#,....#%,} and {—%z..... —%,]. This

poor partition is illustrated by the figure below.
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THE " I‘EA\ PART IIUN

5 — —

‘separating” ing

To define an optimal partition we measure the quaity of a partition {. 72} by
the "spherical” objective function

9, ({7 N = (‘ H ‘ (4.14)

I|_;_

introduced by Dhillon and Modha [DMO01]. Denote an optimal partition, that is, one
that maximizes (4.14), by {x{', 7r5'} . It can be seen that for each optimal partition
{m{. n{} thereis a nonzero vector x” so that the clusters )" and 5 are separated
by the line passing through the origin and defined by x" (see [DMO1]).

Since each unit vector z € R* can be uniquely represented by ¢ with 0 < @
2n the associated clustering problem is essentially one-dimensional. We denote
z; by ¢/, and assume (without any loss of generality), that

O<B)<bh<.-.-<0, <2n.

Asin the case of clustering points on aline, it is tempting to assume that for some
j aline passing through the origin and midway between z and Zj+i recovers the
optimal partition. We show by the following example that this is not necessarily
the case.

EXAMPLE 4.3 Let z; = (1,0)7, 2o = (cos (2m/3 — . sin(27/3 — el 23 =
—z), and 24 = (cos (—2m /3 +€),sin (—27/3 + € W' It is easy 1o see that 11)"34' n
€ = 0the optimal partitionis {7}, i’} = Uz}, (22, 23, 24} with Q; ({7 i,y ) =

3.
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OPTIMAL PARTITION

157 = [
05

of 2 ff Z'

g

i 4

1 |

|

_1_.5“}) - — 0 OJ: 1 11:

While a small positive ¢ (¢.g., ¢ = 7/36) does not change the optimal partition,
thefour midpoint lines generate clusters containing two vectors each (a partition
i is generated by a line passing through the origin and the midpoint between z;
and z/+i). Thesepartitions do not contain the optimal partition {x{’, 75 }. Wenext
present thefour midpoint line partitions with ¢ = /36.

FRATITION | PAATITION 2
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EARTITION 3 PARTITION 4

To analyze the failure of Example 4.3, and to propose a remedy we introduce the
forma definition of the left and right half-planes generated by a vector x, and
describe a procedure that computes the optimal separator x".

« For a nonzero vector x < R* we denote by x the vector obtained from x
by rotating it clockwise by an angle of 90°; that is,

» For a nonzero vector x € R”, and a set of vectorsZ = {z.....#,} C R°
define two subsets of Z — the postive 7., (x) = Z. . and the negative
Z (x) =7 _ asfollows.

Z.={z:z€Z 'xt >0undZ_=(z:2€Z, 2" x* <0}. (4.15)

*Fortwounit v e <€ A wwdx’ -s¢'W  edenotethe "midway" vector
SNy mid (2. 2").

Asthe optimal separating linein Example4.3 isrotated clockwiseto mid(z-, z; )
it crosses Z4 changing cluster ffiliation of this vector (see figures below).



4. Feature Selection and Document Clustering 95

TPTIMAL PARTITION MIDWAY PARTITION

This could have been prevented if instead of rotating the optimal separating line al
theway to mid (z, z;) one had rotated it to mid (z;. —z4). The optima separating
line and the line passing through mid (z>, —z4) and the origin generate identical
partitions (see Figure 4.1).

"RIGHT" MIDWAY ROTATION
B == L e ; e

!‘ mirj[z:f z,)

5y

Fgure4.1. Optimd partition.
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In general, ifthe st Z = {z; = ¢ .. .. 2, = "} is symmetric with respect
tothe origin, (i.e., for each z; € Z thereexists z; € Z such that z; = —z), then for
x.r s ("’.”._ xn’ e {)J‘!}-'. \_\_HI] “.I[ - U.’ : H.f.-’ < ”

J+1s
the partitions
{24 (x'),Z_ (x')}, and {Z; (x"),Z_ (x")]
are identical. This observation suggests the following simple procedure for
recovering the optimal partition (7{', 777}.

1Lt W = [w, ..., Wi, Wil ... . Wo ] be a set of two-dimensional
vectors defined as follows.

Wi =2 ot F =1 souy m, amdw; =—z;fori=m-+1,..., 2m.
2. If needed, reassign indices so that
W = ¢l and 0 <@ <th <... <bh, <2m.

3. With each subscript j associate a partition I_Trli . -r“ | of Z asfollows:
(@) setx = (w; wf-”&" :
(b) Sﬁnf = 7., (x), and 75 ! =7 (x).
Note that:

(@ The indices j and j + m generate identical partitions. We, there-

fore. have to consider & most m distinct partitions generated by
d=Lie., .

(b) The optima partition that maximizes (4.14) is among the generated
ones.

4. With each partition h-l , ] associate the value of the objective function
Q.:- =i ({}1’] T,[) Let () max Q1 then the desired partition of

j—l.....Hr
Zis {n), 3} = {?I"f,.‘-'{g 4

4.6.2 Clustering with sSPDDP

In what follows, we display clustering results for the document collection DC
described in Section 4.3. To compare the results with those presented in Section
4.4, we select the 600 best ¢ quality terms (see Eq. (4.9)) to build document
vectors. The confusion matrix for the three-cluster partition generated by sPDDP
is given in Table 4.14 below. We remark that the confusion matrix is a significant
improvement over the result presented in Table 4.3. A subsequent application
of the means agorithm to the partition generated by sPDDP leads to a minor
improvement of the result both in terms of confusion matrices, as well asin terms
of the objective function O, (see Table 4.15).
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| | DCO [ DC1 | DC2 ||

cluster 0 1000 3 1
cluster | 8 10 1376
cluster 2 25 1447 21

empty documents [
cluster 3 ] 0 0 0

Table 4.14. sSPDDP-Generated Initial Confusion Matrix with 68 Misclassified Documents;
Partition Quality Q, = 3630.97

i | DCO ] DCI | DC2
cluster 0 1023 21 10
cluster | | 3 1370
cluster 2 9 1436 18
empty documents ' l
cluster 3 0 0]  of

Table 4.15. Means-Generated Fina Confusion Matrix with 62 Misclassified documents;
Partition Quality ©2» = 3630.38

Table 4.16 summarizes clustering results for the sPDDP agorithm combined
with the means-clustering algorithm for different choices of index terms (all term
selections are based on the g0 criterion). Note that while the combination of the

” | Documents Misclassified by ||
| #of Terms | PDDP Means |
300 228 100
400 88 80
500 76 62
600 68 62

Table 4.16. Number of Misdassfied Documents for Tem Sdlection Based on ¢

PDDP and the means algorithms collapses when the number of selected terms
drops below 600 (see Table 4.9), the combination of the sSPDDP and the means
algorithms performs reasonably well even when the number of selected terms is
only 300.

Clustering results for different choices of index terms based on the g1 criterion
are similar to those presented above. The results are summarized in Table 4.17.
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” :__ e Documer

s Misclassified by |

[\-'léun.u_ j

[ #of Teams D

[ 300 224 or

h _ﬂlf}j_ ﬁ B

[ 500 74 71 |
sp [ W] & ]

Table 4.17. Number of Misclassified Documents for Term Selection Based on q\
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4.7 Future Research

This chapter presents preliminary results concerning two information retrieval-
related problems:

1. feature selection, and
2. document clustering.

We plan to further investigate profile-based term selection techniques as well as
techniques based on term distribution across documents [GK02], and to run term
selection experiments on larger document collections.

Clustering experiments with seven different objective functions reported by
Zhao and Karypis [ZK02] indicate that the objective function based on cosine
similarity (and used in [DMO01]) "leads to the best solutions irrespective of the
number of clusters for most of the data sets." We intend to combine the Spherical
Principal Direction Divisive Partitioning algorithm with the modification of the
spherical k-means algorithm recently reported by |[DGK()2].

The Spherical Principa Directions Divisive Partitioning algorithm introduced in
the chapter utilizes the unit norm constraint imposed on document vectors. In many
data mining applications, vectors representing data are normalized. For example:

1. in bioinformatics applications, fingerprint dataare transformed to have mean
zero and variance one, afixed fo norm, or afixed loo norm [SS02];

2. in contemporary /:-means type frameworks for word clustering, a word is
represented by a discrete probability distribution, that is, by a vector of I\
unit norm [DMKO02, BB02, ST01];

3. the n-gram technique leads to a vector space model where document vec-
tors have I\ unit norm [Dam95]. The technique is proved to be useful
in information retrieval applications [PN96], as well as in bioinformatics
[GKSR+02].

We plan to derive and investigate clustering algorithms utilizing specia constraints
(among them |, constraints mentioned above) imposed upon vector data sets.
While this chapter deals with a vector space model based on word occurrence
across documents, additional research directions include clustering of vectors
whose components are the frequencies of their distinct constituent n-grams
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[Dam95j. The n-gram representation of a document is sparse, simple, and lan-
guage independent. The sparsity of the vectors lends itself to processing with
numerical linear algebra tools, although the matrices themselves may be much
larger. We believe that the best clustering results may be achieved by combining a
number of different techniques.
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Vector Space Models for Search and
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Mei Kobayashi
Masaki Aono

Overview

This chapter consists of two parts: areview of search and cluster mining algorithms
based on vector space modeling followed by adescription of a prototype search and
cluster mining system. In the review, we consider Latent Semantic Indexing (LSl),
a method based on the Singular Vdue Decomposition (SVD) of the document
attribute matrix and Principal Component Analysis (PCA) of the document vector
covariance matrix. In the second part, we present novel techniques for mining
major and minor clusters from massive databases based on enhancements of LSI
and PCA and automatic labeling of clusters based on their document contents.
Most mining systems have been designed to find mgor clusters and they often
fail to report information on smaller minor clusters. Minor cluster identification
is important in many business applications, such as detection of credit card fraud,
profile analysis, and scientific data analysis. Another novel feature of our method
is the recognition and preservation of naturally occurring overlaps among clusters.
Cluster overlap analysis is important for multiperspective analysis of databases.
Results from implementation studies with a prototype system using over 100,000
news articles demonstrate the effectiveness of search and clustering engines.

51 Introduction

Public and private institutions are being overwhelmed with processing informa-
tion in massive databases having documents of heterogeneous formats [WF99].
Since the documents are generated by different people or by machines, they are
of heterogeneous format and may contain different types of data (text, audio, im-
age, video, HTML) and text in different languages. Some successful methods for
retrieving nuggets of information have been developed by researchers in the data
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mining community." In thischapter, we focus on vector space modeling (VSM), an
effective tool for informationretrieval (IR) introduced by Salton and his colleagues
[Sal71] over three decades ago. We examine means for enhancing the scalability
of the method to enable mining information from massive databases orders of
magnitude greater than originaly envisioned by Salton. Several properties make
VSM an attractive method. For instance:

* it can handle documents of heterogeneous format;

* it can handle different types of of multimedia data;

e it can process documents in many different languages;
« the IR process can be fully automated; and

« most of the computational workload can be carried out during the
preprocessing stage so that query processing can take place in real-time.

In the second part of this chapter, we introduce a novel prototype system we
developed that uses our new technique based on VSM for mining and labeling
clusters in massive databases. Our technique is novel in that it can find and auto-
matically label both major and minor clusters.? Although successful techniques
have been developed to identify major clusters and their main themes in these mas-
sive databases, few have been developed for understanding smaller minor clusters.
Furthermore, topics in mgjor clusters of very large databases are often known even
before mining technologies are used, either from direct experience with customers
or from observation of market trends. In contrast, topics in minor clusters are
not known since they are more difficult to spot from daily experience. Recently,
corporate, government, and military planners are recognizing that mining even a
portion of the information in minor clusters can be extremely valuable [SY02].
For example: corporations may want to mine customer data to find minor reasons
for customer dissatisfaction (in addition to major reasons), since minor clusters
may represent emerging trends or long-term small dissatisfactions that lead users
to switch to another product; credit card and insurance firms may want to better
understand customer datato set interest and insurance rates; security agencies may
want to use mining technologies for profile analysis; and scientists may want to
mine weather and geographical data to refine their forecasts and predictions of
natural disasters.

The remainder of this chapter is organized as follows. In the next section, we re-
view basic terminology and mathematical tools used in VSM, then introduce some
methods for increasing the scalability of IR systems based on VSM. In Section 5.3
we examine clustering, another approach for addressing the scalability problem
associated with VSMs. We review nonpartitioning approaches to mine clusters,
and we propose two new agorithms for mining major and minor clusters. Results

" http://www.kdnuggets.com.

-Major and minor clusters are relatively large and relatively small clusters with respect to adatabase
under consideration.
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from implementation studies of our algorithms are presented in the penultimate
section. This chapter concludes with a summary of findings and a discussion of
possible directions for future research.

5.2 Vector Space Modeling (VSM)

5.21 TheBasic VSM Modelfor IR

VSM has become a standard tool in IR systems since its introduction over three
decades ago [BDJ99, BDO95, Sal71]. One of the advantages of the method is
that it enables relevance ranking of documents of heterogeneous format (e.g., text,
multilingual text, image audio, video) with respect to user input queries as long as
the attributes are well-defined characteristics of the documents.

o o 1 6 1 1 1 O . i =« D ’_|
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Figure 5.1. Example of adocument vector in binary format (top) and term-weighted format
(bottom).

In Boolean vector models each coordinate of a document vector is zero (when
the corresponding attribute is absent) or unity (when the corresponding attribute is
present). Term weighting is awidely used refinement of Boolean models that takes
into account the frequency of appearance of attributes (such as keywords and key
phrases), the total frequency of appearance of each attribute in the document set,
and the location of appearance (e.g., in the title, section header, abstract, or text).
In our studies, we use afairly common type of Term frequency Inverse Document
Frequency weighting (TF-1DF), in which the weight of the /th term in the jth
document, denoted by weighty, j), is defined by

(I 4tfi i) logy(n/dfi). if tfii=1,

weight(i. j) = 0 if £, =0

where 1f; ; is defined as the number of occurrences of the /th term within the
jth document dj, and dfi is the number of documents (out of n) in which the
term appears [MS00]. There are many variations of the TF-IDF formula. All are
based on the idea that the term-weighting should reflect the relative importance of
aterm in adocument (with respect to other terms in the document) as well as how
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important the term is in other documents. TF-IDF models assume that importance
of aterm in adocument is reflected by its frequency of appearance in documents.®
An example of a document vector in binary and term weighted format is given in
Figure5.1.

Figure 5.2. Similarity ranking of two documents «/; and «/» with respect to query g. Note
thai the first document ¢/| is"closer" to the query g when the distance is defined as the angle
made between the corresponding vectors. The second documenti:/» is "closer" to the query
g when the distance is measured using the Euclidean norm. That is, cos ¢/} < cos 2. while

lly —gllz = lld2 = ¢z

Each query is modeled as a vector using the same attribute space as the doc-
uments. The relevancy ranking of a document with respect to a query depends
on its distance to the query vector. In our experiments, we use the cosine of the
angle defined by the query and document vectors as the distance metric, because
it is relatively simple to compute, and implementation experiments have indicated
that it tends to lead to better IR results than the Euclidean distance (see Figure
5.2). Numerous other distances have been proposed for various applications and
database sizes [Har99.

Many databases are so massive that the similarity ranking method described
above requires too many computations and comparisons for real-time output. In-
deed, scalability of relevancy ranking methods to massive databases is a serious
concern as users consistently select the most important feature of IR engines to be
fast real-time response to their queries.* One approach for solving this problem
is to reduce the dimension of mathematical models by projection into a subspace

® Some researchers believe that this basic assumption of correlation between term frequency and its
importance is not valid. For example, when adocument is about a single main subject, it need not be
explicitly mentioned in every sentence since it is tacitly understood. Consequently, its term frequency
may be quite low relative to its importance. However, if a document is about multiple subjects, each
time a particular person or object is described, it must be explicitly mentioned to avoid ambiguity, so
the term frequencies of al of the subjects will be very high. Further examples and detailed discussion
are given in [Kat96J.
Graphics, Visudization, and Usability Center of Georgia Institute of Technology (GVU) Web
users' survey: http://www.gvu.gatech.edu/user_surveys.
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of sufficiently small dimension to enable fast response times, but large enough
to retain characteristics for distinguishing contents of individual documents. In
this chapter we consider two algorithms for carrying out dimensiona reduction:
latent semantic indexing and a variation of principal component analysis. We note
that at least two other approaches for reducing the dimension of VSM-based IR
have been proposed: centroid and least squares analysis by Park, Jeon, and Rosen
[PIRO1, PJRO3] and a Krylov subspace method by Blom and Ruhe [BRO1 ].

5.2.2 Latent Semantic Indexing (L)

Suppose we are given adatabase with m documents and n distinguishing attributes
for relevancy ranking. Let A denote the corresponding m x n document-attribute
meatrix model with entries a(i, j) that represent the importance of the /th term
in the yth document. The fundamental idea in LSl is to reduce the dimension of
the IR problem to k, where & << i, 1, by projecting the problem into the space
spanned by the rows of the closest rank-k matrix to A in the Frobenius norm
[DDF*90]. Projection is performed by computing the singular value decompo-
dtion of A [GV96], then constructing a modified matrix Ak from the k-largest
singular valuessigmai = 1,2,3,... ,k, and their corresponding vectors:

Ay = Uy 5 v

% is adiagonal matrix with monaotonically decreasing diagonal elementso;. The
columns of matrices {/; and V;, are the left and right singular vectors of the k-largest
singular values of A.

Processing aquery takes placein two steps: projection, followed by matching. In
the projection step, input queries are mapped to pseudo-documents in the reduced
query-document space by the matrix1/;,, then weighted by the inverses of the
corresponding singular values 07 (diagonal elements of the matrix % ):

g — {}’ = f;"f [_."I.-:_ S‘."\ :

where g represents the original query vector, and ¢ is the pseudo-document. In the
second step, similarities between the pseudo-document ¢ and documents in the
reduced term document space V,/ are computed using a similarity measure, such
as the angle defined by a document and query vector.

The inventors of LSl claim that the dimensional reduction process reduces un-
wanted information or "noise” in the database, and aids in overcoming synonymy
and polysemy problems. Synonymy refers to the existence of equivalent or similar
terms that can be used to express an ideaor object in most languages, and polysemy
refers to the fact that some words have multiple unrelated meanings [DDF90].
Absence of accounting for synonymy will lead to many small digoint clusters,
some of which should actually be clustered, whereas absence of accounting for
polysemy can lead to clustering of unrelated documents.

A major bottleneck in applying LSl to massive databases is efficient and accurate
computation of the largest few hundred singular values and the correspond-
ing singular vectors of the highly sparse document-query matrix. Even though
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document-attribute matrices that appear in IR tend to be very sparse (usualy 0.2
to 0.3% nonzero), computation of the top 200 to 300 singular triplets of the matrix
using a powerful desktop PC becomes impossible when the number of documents
exceeds several hundred thousand.

5.2.3 Covariance Matrix Analysis (COV)

The scalability issue associated with LSl can be resolved in many practical ap-
plications in a dimensional reduction method known as principal component
analysis, invented firg by Pearson [PeaOl] in 1901 and independently reinvented
by Hotelling [Hot33] in 1933. PCA has severa different names, depending on the
context in which it isused. It has also been referred to as the Kahrhunen-Loeve pro-
cedure, eigenvector analysis, and empirical orthogonal functions. Until recently
it has been used primarily in statistical data analysis and image processing.

We review a PCA-based agorithm for text and data mining that focuses on
COVariance matrix analysis, or COV. In the COV algorithm, document and query
vectors are projected onto the subspace spanned by the k eigenvectors correspond-
ing to the "-largest eigenvalues of the covariance matrix of the document vectors
C. In other words, the IR problem is mapped to a subspace spanned by a subset of
the principal components that correspond to the k-highest principal values. Stated
more rigoroudly, given a database modeled by an m x n document-attribute term
matrix A, with m row vectors (¢ | i = 1.2.3.....m] representing documents,
each having n dimensions representing attributes, the covariance matrix for the set
of document vectors is

M
| &
= W L tf,'cr'_r‘r @ ; (5.1)

=1

c

where d\ represents the /th document vector and ¢ is the componentwise average
over the set of al document vectors [MKB79]. That is,

d = lapazas - ayl

I}

"
i e
o = Ai. 7 -
/ L 7
m
=l

Since the covariance matrix is symmetric positive semidefinite, it can be
decomposed into the product

C=vzvT,

where V is an orthogonal matrix that diagonalizes C so that the diagonal entries of
¥ are in monotone decreasing order going from top to bottom, that is, diag( ) =
(A1s A2, A, ... Ay ).where d; > Ay fori = 1,2,3, ..., n [Par97]. Toreducethe
dimension of the IR problemto & < m. n, we project all document vectors and the
query vector into the subspace spanned by the k eigenvectors (v, vo. v3. ..., v}
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corresponding to the k-largest eigenvalues {4, A2, 43, .... 4.} of the covariance
matrix C. Relevancy ranking with respect to the modified query and document
vectors is performed in amanner analogousto the LS| algorithm, that is, projection
of the query vector into the k-dimensional subspace followed by measurement of
the similarity.

5.24 Comparison of LS and COV

Implementation studiesfor 1R have shown that LS| and COV are similar inthat they
both project a high-dimensional problem into a subspace to reduce computational
requirements for determining relevancy rankings of documents with respect to a
query, but large enough to retain distinguishing characteristics of documents to
enable accurate retrieval [KAST02].

However, the algorithms differ in severd ways. For instance, they use different
criteria to determine a subspace: LSl finds the space spanned by the rows of
the closest rank-k matrix to A in the Frobenius norm [EY 39], while COV finds
the /c-dimensiona subspace that best represents the full data with respect to the
minimum square error [KMS00]. COV shifts the origin of the coordinate system
to the "center" of the subspace to spread documents apart as much as possible so
that documents can more easily be distinguished from one another (as shown in
Figure 5.3).

P by angin for COV
& y
/&
o -
% i 4
P
.!z" s
g
f ot
v
origin for LS

Fgure5.3. LS and QOV mgp the rdevancy ranking problem into a proper subspace of the
document-atribute space. While LS does not move the origin, COV shifts the origin to
the "center" of the st of bad's vectors in the subspace o that document vectors are more
evenly spaced gpart, enabling finer detection of differences between document vectors in
different dudters and subclugters

A second advantage of the COV algorithm is scalability. The primary bottleneck
of COV isthe computation of the largest few hundred eigenvalues and correspond-
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ing eigenvectors of a square, symmetric, positive semidefinite matrix of dimension
less than or equal to the dimension of the attribute space [KMS00]. Because the
dimension of a covariance matrix is independent of the number of documents,
COV can be used for real-time IR and data mining as long as the attribute space is
relatively small. Usualy the dimension of the attribute space is less than 20,000,
so computations can be performed in the main memory of a standard PC. When
the dimension of the attribute space is so large that the covariance matrix cannot fit
into the main memory, the eigenvalues of the covariance matrix can be computed
using an implicit construction of the covariance matrix [KMS0Q]. This implicit co-
variance method is generally much dower, especialy for databases with hundreds
of thousands of documents since paging will occur.

Neural networks pose another aternative for estimating the eigenvaues and
eigenvectors of the covariance matrix |[Hay99J. The advantage of the neural net-
work approach is that it tends to be less computationally expensive. However, the
disadvantages make the method unattractive for IR. For example, it is not clear
when convergence to an eigenvector has occurred (although convergence can be
tested, to some extent, by multiplying the vector to the matrix, and examining the
difference in the angle made by the input and output vectors). Also, it is not clear
which eigenvector has been found, that is, whether it is the one corresponding to
the largest, smallest, or kth largest eigenvalue. In addition, the neural network may
not convergeat all. In short, neural network approaches are not suitable since there
is no guaranteed means by which the eigenvectors corresponding to the k-largest
eigenvalues can be computed.

A third attractive feature of COV is an agorithm developed by Qu, Ostrou-
chov, Samatova, and Geist 1QOSG02] for mining information from datasets that
are distributed across multiple locations. The main idea of the algorithm is to
compute local principal components for dimensional reduction for each location.
Information about local principal components is subsequently sent to a central-
ized location, and used to compute estimates for the global principal components.
The advantage of this method over a centralized (nondistributed) approach and a
parallel processing approach is the savings in data transmission rates. Data trans-
mission costs often exceed computational costs for large data sets [Dem97]. More
specificaly, transmission rates will be of order O(sp) instead of O(np), wheren is
the total number of all documents overall locations, p is the number of attributes,
and ,v is the number of locations. According to the authors, when the dominant
principal components provide a good representation of the datasets, the algorithm
can be as equally accurate as its centralized (nondistributed) counterpart in imple-
mentation experiments. However, if the dominant components do not provide a
good representation, up to 33% more components need to be computed to attain
alevel of accuracy comparable to its centralized counterpart so the subspace into
which the IR problem will be mapped will be significantly larger.
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53 VSM for Mgor and Minor Cluster Discovery

5.3.1 Clustering

Another approach for overcoming the scalability issue with IR and data mining
systems is to identify clusters (or sets of documents that cover similar topics)
during the preprocessing stage so they can be retrieved together to reduce the
query response time [Ras92]. This approach, which has come to be known as
cluster retrieval, is based on the premise known as the cluster hypothesis that
"closely associated documents tend to be relevant to the same requests.” In cluster
retrieval, only documentsin one or afew selected clusters are ranked and presented
to users.

We note that the study of clusters in large databases encompasses amuch broader
spectrum of ideas and applications, al of which have to do with the development
of meaningful structures and taxonomies for an intended use. For example, clus-
ter identification and analysis can aso be used to understand issues and trends
addressed by documents in massive databases.

In this section, we focus on LSI- and COV-based methods for cluster analysis,
although numerous other approaches are available in the literature [DeO2, JD88].
One of the attractive features of both methods is the recognition and preservation
of naturally occurring overlaps of clusters. Preservation of overlap information
facilitates multiperspective analysis of database contents. Most cluster analysis
methods partition sets of documents so that cluster overlaps are not permitted and
may lead to distorted results. For example, if two clusters X and Y have significant

overlap, and the number of documentsin ¥/ (X MY ) (the set of documentsin Y that
do not belongto X MY is very small, a mining system may report the existence of
cluster X, and discard documentsin Y /(X M ¥). To summarize, identification of

naturally occurring overlap of clusters may prevent omission of clusters that have
a significant overlap with others.

LSl and COV can be used to find major document clusters by using basis vec-
tors from the reduced dimensiona space to identify mgjor topics comprised of
sets of severd keywords. Implementation studies show that results from the two
algorithms are usualy very close [KA02]. Both algorithms are not as successful
at finding smaller, minor document clusters, because mgjor clusters and their large
subclusters dominate the subspace basis vector selection process. And during the
dimensiond reduction step in LSI and COV, documents in minor clusters are of-
ten mistaken for noise and are discarded. Mining information in minor clusters
in massive databases represents one of the current big challenges in data mining
research, because minor clusters may represent valuable nuggets of information
[SY02].

5.3.2 Iterative Rescaling: Ando's Algorithm

Recently, Ando [AndOQ] proposed an agorithm to identify small clustersin limited
contexts. Her implementation studies were carried out using very small document
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sets consisting of 684 TREC documents.® The main intended ideain her algorithm
was to prevent mgjor themes from dominating the process of selecting the basis
vectors for the subspace projection step in LSI. Thisis supposed to be carried out
during the basis vector selection process by introducing an unfavorable weight
(also known as filter or negative bias) to documents that belong to clusters that are
well represented by basis vectors that have already been selected. The weight is
imparted by computing the magnitude (i.e., the length in the Euclidean norm) of
the residual of each document vector (i.e., the proportion of the document vector
that cannot be represented by the basis vectors that have been selected up to that
point), then rescaling the magnitude of each document vector by a power g of the
magnitude of its residual.

Algorithm 5.1 Ando's Algorithm

R=A;

for(i =10 < k; i+ +){
Ry=11m19 r1, Irald ra, Irsl? ra, ooy Il rm 17 s
b; = the first eigenvector of :‘\’_\‘r Ri:
R=R—-—R h,-b;:‘r' : (the restdual matrix)

Theinput parameters are the document-term matrix A, the constant scale factor
g, and the dimension k to which the IR problem will be mapped. The residual
matrices are denoted by R and Rs. We sat R to be A initidly. After each iterative
step the residual vectors are updated to take into account the new basis vector £5,
After the kih basis vector is computed, each document vector dj in the original IR
problem is mapped to its counterpart J,—,- in the k-dimensional subspace as follows,
d; = b1, ba, b3, ..., be]"d; . The query vector is mapped to the k-dimensional
subspace before relevance ranking is performed.

Ando's algorithm encounters the following problems during implementations.

* All mgjor and al minor clusters may not be identified;

« the procedure for finding eigenvectors may become unstable when the
scaling factor q is large;

» the basis vectors bi are not always orthogonal; and

« if the number of documents in the database is even moderately large, inter-
mediate data will not fit into main memory on an ordinary PC after a few
iterative steps.

Thefirst two points can be explained as follows. The agorithm usualy failsto yield
good results because rescaling document vectors after computation of each basis

The full dataset was used in the Text REtrieval Competition (TREC) sponsored by the United
States National Institute of Standards and Technology: http://trec.nist.gov.
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vector leads to the rapid diminution of documents that have even a moderate-size
componentin the direction of one of the first few document vectors. To understand
how weighting can obliterate these vectors, consider the following scenario. Sup-
pose that a document has aresidual of 90% &fter one basis vector is computed, and
g is set to be one. Before the next iteration, the vector is rescaled to length 0.81,
after two moreiterations 0.81 x 0.81 < 0.66, and after n more iterations, lessthan
0.81 to the «th power.

The third point appears critica at first, particularly from a theoretical perspec-
tive. However, implementation studies of IR using news databases indicate that
dight deviations from orthogonality appear to cause only small differencesin rele-
vancies but no differences in the relevancy rankings among documents [KAST02].
In fact, the simplest solution for correcting nonorthogonality of the basis vectors
would be to introduce Gram-Schmidt orthogonalization [GV96J, but the signif-
icant increase in computational cost appears to be unjustifiable considering the
very small changes (if any) in the ranking results.

The fourth and final point regarding the scalability of the algorithm is crucia to
data mining applications. Document-attribute matrices are usualy highly sparse,
typically having only 0.2 to 0.3% nonzero elements. After only afew iterative steps
of the algorithm, the document-attribute (residual) matrix will become completely
dense and will not fit in the main memory of a good PC if the database under
consideration is only moderately large.

More recently, Ando and Lee [ALO1] proposed a refinement of Ando's earlier
algorithm, given above. The mgjor new contribution has been to automatically set
the rescaling factor. Implementation studies were conducted using a 684 document
subset from the TREC collection. The new algorithm ill encountersthe scalability
issue mentioned above.

In the next two subsections, we propose two new algorithms for identifying ma-
jor and minor clusters that overcome some of the problems associated with Ando's
algorithm. The firgt is a significant modification of LSl and Ando's algorithm and
the second is based on COV.

5.3.3 Dynamic Rescaling of LS

The first algorithm we propose is based on LSl and can only be applied to smal
databases. It was developed independently by Kobayashi et al. [KASTO01] at about
the same period as that by Ando and Lee [ALO1]. The agorithm by Kobayashi
et a. encounters the same difficulties in scalability as the earlier and more recent
algorithms by Ando and Lee. The second algorithm that is based on COV is scdl-
able to large databases. Like Ando's algorithm, the idea in both of our algorithms
is to prevent major themes from dominating the process of selecting basis vectors
for the subspace into which the IR problem will be projected. Thisis carried out
by introducing weighting to decrease the relative importance of attributes that are
already well represented by subspace basis vectors that have aready been com-
puted. The weighting is dynamically controlled to prevent deletion of information
in both major and minor clusters.
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Algorithm 5.2 LSI-rescale (minor cluster mining based on LS| and rescaling)

for (i = 1,0 < kii + +){
teine =max( [ril; [rzls sl - oss [ ) s
¢ = func (fmax) :
= l T O Vi A K V) R '
SVD (R;) ; (the singular value decomposition)
/:1,.- - the first row vector of V7 -
b; = MGS t_f’:_,-] : (modilied Gram—Schmidt)
R=R—Rbib] ; (residual matrix)

The input parameters for this algorithm are the document-term matrix A, the
re-scaling factor g (used for weighting), and the dimension k to which the problem
will be reduced. Theresidual matricesare denoted by R and Rs. Initialy, Rissetto
be A. After each iterative step the residua vectors are updated to take into account
the most recently computed basis vector bi. After the kth basis vector is computed,
each document vector dj in the original 1R problem is mapped to its counterpart id |
in the k-dimensional subspace: «; = [b). ba by, ... bi|"d; . The query vector
is mapped to the k-dimensional subspace before relevance ranking is performed.

The LSl-rescale algorithm is based on the observation that rescaling document
vectors after computation of each basis vector can be useful, but the weighting
factor should be reevaluated after each iterative step to take into account the length
of the residual vectors to prevent decimation from overweighting (or overreduc-
tion). More specificaly, in the firgt step of the iteration we compute the maximum
length of the residua vectors and use it to define the scaling factor g that appears
in the second step.
|!:-.!x i fpax > 1
q = |+ tmax It = |

L0 if e =< |

5.3.4 Dynamic Rescaling of' COV

The second agorithm, COV-rescale, for minor cluster identification is a modifi-
cation of'COV, analogousto L SI-rescale and LSI. In COV-rescde, the residua of
the covariance matrix (defined by Eqg. (5.1)) is computed. Results from our imple-
mentation studies (given in the next section) indicate that COV-rescale is better
than LSI, COV, and LSI-rescale at identifying large and multiple minor clusters.

The input parameters for this agorithm are the covariance matrix C for the
document residual vectors (given by Eg. (5.1)) the rescaling factor q (used for
weighting), and the dimension k to which the problem will bereduced. Theresidual
matrices are denoted by R and R.. Initially, R is set to be the covariance matrix
for the st of document vectors.
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Algorithm 5.3 COV-rescale (minor cluster mining based on rescaling and COV)

for (i = 150 < k;i ++)]
Imax = max( [r], [r2|, |3l ..., [Fae])
¢ = func (fmax) :
Ry = [|r|? ey, 2l w2, (sl ra, .., (PR
C=COV (R;); (covariance matrix)
SVD (C) :  (singular value decomposition)
IAJ..- — the first row vector of V7 -
by = MGS ijf]_.} . (modified Gram-Schmidt)

R=R—R h,-)’rr-‘r » (residual matrix)

54 Implementation Studies

To test and compare the quality of results from the algorithms discussed above, we
performed several sets of numerical experiments: the first with a smal data set to
test our concept, the second with a larger data set to demonstrate the applicability
of our method to redlistic size data, and the third with an LA. Times news article
dataset used in TREC competitions.

5.4.1 Implementations with Artificially Generated Datasets

For our first sat of experiments we constructed a data set consisting of two large
major clusters (each of which had three subclusters), four minor clusters, and
noise. Each mgjor cluster had two subclustersthat were twice as large as the minor
clusters and a subcluster that was the same size as the minor clusters, as shown
below.

Cluster Structure of Small Dataset (140 documents, 40 terms)
25 docs (Clinton cluster) - major cluster
10 docs (Clinton + Gore) - subcluster
10 docs (Clinton + Hillary) - subcluster
10 docs (Clinton + Gore + Hillary) - subcluster
25 docs (Java cluster) - major cluster
10 docs (Java + JSP) - subcluster
5 docs (Java+ Applet) — subcluster
10 docs (Java + JSP + Applet) - subcluster
5 docs (Bluetooth cluster) - minor cluster
5 docs (Soccer cluster) - minor cluster
5 docs (Matrix cluster) - minor cluster
5 docs (DNA cluster) - minor cluster
70 docs noise
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We implemented five algorithms to reduce the dimension of the document-term
space from 40 dimensions to 6 dimensions: LSI, COV, Ando, LSl-rescale, and
COV-rescale. Table 51 summarizes clusters that were detected as basis vectors
were computed (uppercase letters are used to label mgor clusters and lowercase
for minor clusters and noise). C represents the mgjor cluster Clinton, J the major
cluster Java, noise noise, b the minor cluster Bluetooth, s the minor cluster soccer,
m the minor cluster matrix, d the minor cluster DNA, and all-m the set of al minor
clusters.

LSl failed to detect any information in minor clusters. COV picked up some
information in minor clusters, but failed to detect specific minor clusters. Ando's
algorithm detected two minor clusters: Bluetooth and soccer in ba, and the two
remaining minor clusters matrix and DNA in b5 and b6. Our results indicate that
after the fourth iteration the lengths of the residual vectors for documents covering
topics other than matrix and DNA have been given too much unfavorable weighting
so information in them cannot be recovered. Furthermore, it demonstrates why re-
scaling using a constant factor q does not work well when there are multiple minor
clusters. In contrast, LSI-rescale and COV-rescale successfully detect al mgor
and minor clusters.

Results from using L Sl-rescale are as follows: matrix and DNA are detected by
b4; Bluetooth and soccer by b5; and minor (the set of dl minor clusters) by b6,.1n
short, al minor clusters are detected evenly. Results for COV-rescae are: matrix
and DNA are detected by b6; Bluetooth and soccer by b5; and minor by b2,b4,, and
b6; that is, dl minor clusters are evenly detected, asin LS|-rescale.

Vector LSI  COV ‘Ando  LSI-Rescale COV-Rescale
b E J 1 C.J
b J Gl | 9 £ noise, all-m, C, J
ba noise noise, all-m  noise  noise m, d
by & all-m, noise b, S M. D all-m

bs J all-m, noise  m, d b, s b, s

b noise  all-m, noise  m. d all-m noise, all-m

Table 5.1. Cluders Idertified Usng Subspace Bass Vedtars by in First Experiment

For our second set of experiments we constructed a data set consisting of 10,000
documents and 500 attributes (keywords) with 5 mgjor clusters MI, M2, M3,
M5 (each with 500 documents or 5% of the total), 20 minor clusters m/, m2, m3,...
, m20 (each with 200 documents or 2% of the total), and 35% noise. We performed
numerical experimentsto reduce the dimension of the document-attribute space to
25 dimensions and observed how many mgor and minor clusters were detected.

For the straightforward LSl agorithm, computation of 25 basis vectors took
0.96 seconds, for COV 1.05 seconds, and for COV with iterative rescaling (COV-
rescale) 263 seconds. Since the computation time for LSl did not include
conversion into Harwell-Boeing format, and the computation times for the COV
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algorithms include construction of the covariance matrix, the times for LSl and
basic COV are comparable. Iterative rescaling is very expensive for COV because
an updated covariance matrix must be constructed after each set of computations
to find one eigenvector. However, our numerical experiments show that the extra
computation time is worth the effort if the user is interested in finding as many
major and minor clusters as possible. LS| detects only 19 clusters (5 major + 14
minor), basic COV detectsonly 21 (5 mgjor + 16 minor), while COV with rescaling
detects dl 25 mgor and minor clusters. Our results are summarized in Table 5.2.
Finally, we note that an implementation of LS| with rescaling (Ando's Algorithm
and L Sl-rescale) would have been too difficult for this dataset because after a few
steps of rescaling, we would have been required to compute the SVD of a very
large, dense matrix.

Vector LSI COV COV-Rescale
b M1 M3 M1, M3
ba M35 M1 M2, M4
b M4 M5 ml2, ml17
by M2 M4 mld, ml7
bs M3 M2 md, ml4
bg MI M3 ml, ml4
by M5 MI mll, ml8
by M4 M5 ml8
by M2 M4 mé
b M3 M?2 m7, mlo6
b1y m4 m8, ml9 m7, m20)
b2 m2 m7, 19 m10. m20
b3 M2 m7 m2, ml10
by ml9 ml2,ml6 ml3
bys mlé6 ml2, ml3 m8 ml3
big ml4d ml3, ml5 m3 m8
b7 ml2 m3.ml5 m3, ml|
bis mS m3. ml | mll,mlY
by ml3 m9. mll mY,. ml9
ban m20 m9, ml4 m3
b1 ml7 m5, ml4 ml5
b2y ml0 mS5. m20 M5
bas m7 ml, m20 M35
by mil5 ml, ml7 M4
bas m3 m2, ml17 Hoise

Table 5.2. Clugters Identified Usng Subgpace Basis Vedtors b\ in Second Experiment
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5.4.2 Implementations with LA. Times News Articles

In this subsection we describe results from experiments with an LA. Times
database to identify major and minor clusters using the COV-rescale agorithm
presented above. The LA. Times electronic database consists of more than 100,000
news articles provided by the owners to the TREC participants. The documents
were converted to vector format using an in-house stemming tool® based on natu-
ral language processing technologies, followed by manual deletion of stop-words
and words that appear infrequently. A total of 11,880 terms were selected to be
the document attributes. The TF-IDF mode described in Section 5.2.1 was used
for term-weighting. In the find preprocessing step, the COV method was used to
reduce the dimension of the IR-clustering problem to 200.

Figure 5.4. Visudization of three mgor clusters in the L.A. Times news database when
document vectors are projected into Ihe 3-D subspace spanned by the three most relevant
axes (basis vectors 1, 2, and 3) determined using COV rescale. The mgor clusters (marked
A, B, and C) are comprised of articles aboul {Bush, US, Soviet, Iraq), {team, coach, league,
inning), and {police, digest, county, officer), respectively. A fant trace of a minor cluster
(marked D) on {Zurich, Swiss, London, Switzerland) can be seen in the background.

Figure 5.4 shows a screen image from our prototype cluster mining system. The
coordinate axes for the subspace are the first three basis vectors output by the COV
rescale algorithm. The three mgjor clusters, marked A, B, and C, are comprised of

®Owned by IBM Research.



5. Vector Space Models for Search and Cluster Mining 119

articlesabout [ Bush, US, Soviet, Iraq), {team, coach, league, inning], and {police,
digest, county, officer], respectively. A faint trace of a minor cluster (marked D)
on {Zurich, Swiss, London, Switzerland] can be seen in the background. This
minor cluster can be seen much more clearly when other coordinate axes are used
for visualization and display. This example shows that careful analysis is needed
before deciding whether a faint cloud of points is noise or part of a cluster.

Figure 5.5. Visudization of sx minor clusters in the L.A. Times news database by our
prototype cluster mining sysem when document vectors are projected into the 3-D space
spanned by basis vectors 58, 63, and 104.

We continued computation of more basis vectors that could be used to view
three-dimensional dlices. After many mgor clusters were found, minor clusters
began to appear. An example of a screen image that displays sx minor clusters
using basis vectors 58, 63, and 104 is given in Figure 5.5. Note that two clusters
may lie along a coordinate axis, one each in the positive and negative directions.
The clusters are comprised of articles on {abortion, anti-abortion, clinic, Roe),
{lottery,jackpot, California, ticket}, { AIDS, disease, virus, patient}, { gang, schooal,
youth, murder}, { Cypress, Santiago, team, tournament} ,and {jazz, pianit, fetival,
saxophonist}, respectively. A plus or minus sign is used to mark the direction in
which a cluster lies.
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55 Conclusions and Future Work

We presented a new algorithm based on covariance matrix analysis for mining
clusters in very large databases. The novel features of our algorithm are:

* high scaahility,
* ability to identify major as well as minor clusters, and
» accomodation of cluster overlaps.

We implemented our algorithm using artificialy generated data with known
cluster structure. Our experimental results agreed with the correct (expected) an-
swer. We subsequently conducted experiments using a "real" database with over
100,000 documents from the TREC competition. We found that our algorithm
based on covariance matrix analysis requires fewer computations than other pro-
posed algorithms for minor cluster mining that are based on the singular value
decomposition, because clusters can be identified along both the positive and neg-
ative directions of the subspace basis vector axes in covariance-based methods,
while clusters can only be identifed in the positive direction along the subspace
basis vector axes in singular value decomposition-based methods.

In the near future, we plan to investigate and refine speed-up methods for the
preprocessing steps of our algorithm and the search engine component of our
system.

Acknowledgments: The authors would like to thank Hikaru Samukawa, Michael
Houle, Hironori Takeuchi, and Kohichi Takedafor many helpful conversations and
Eric Brown for providing us access to the TREC dataset. This study was supported
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HotMiner: Discovering Hot Topics
from Dirty Text

Malu Castellanos

Overview

For companies with websites that contain millions of documents available to their
customers, it is critical to identify their customers' hottest information needs aong
with their associated documents. This valuable information gives companies the
potential of reducing costs and being more competitive and responsive to their cus-
tomers' needs. In particular, technical support centers could drastically lower the
number of support engineers by knowing the topics of their customers' hot prob-
lems (i.e., hot topics), and making them available on their websites along with links
to the corresponding solutions documents so that customers could efficiently find
the right documents to self-solve their problems. In this chapter we present a novel
approach to discovering hot topics of customers' problems by mining the logs of
customer support centers. Our technique for search log mining discovers hot topics
that match the user's perspective, which often is different from the topics derived
from document content categorization' methods. Our techniques to mine case logs
include extracting relevant sentences from cases to conform case excerpts which
are more suitable for hot topics mining. In contrast to most text mining work, our
approach deals with dirty text containing typos, adhoc abbreviations, specia sym-
bols, incorrect use of English grammar, cryptic tables and ambiguous and missing
punctuation. It includes a variety of techniques that either directly handle some of
these anomalies or that are robust in spite of them. In particular, we have devel-
oped a pogtfiltering technique to dea with the effects of noisy clickstreams due
to random clicking behavior, a Thesaurus Assistant to help in the generation of
a thesaurus of "dirty" variations of words that is used to normalize the terminol-
ogy, and a Sentence Identifier with the capability of eliminating code and tables.
The techniques that compose our approach have been implemented as a toolbox,

Categorization here means the discovery of categories from a collection of documents along with
the placement of such documents into those categories.
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HotMiner, which has been used in experiments on logs from Hewlett-Packard's
Customer Support Center.

6.1 Introduction

The information that organizations make available on their websites has become
a key resource for satisfying their customers' information needs. However, or-
ganizing the contents of a website with millions of documents into topics is not
an easy task. The organization of the site has to be such that it allows customers
to do searches and navigation efficiently. Customers who have to spend a lot of
time trying to find the information that corresponds to their needs get frustrated
and are unlikely to return to the site. Thus the site becomes a potential source of
disgruntled customers, instead of a source to attract and keep loyal customers.

Categorizing documents into a topic hierarchy has traditionally been done ac-
cording to the document contents, either manually or automatically. The manual
approach has been the most successful so far. In Yahoo!, for example, topics are
obtained manually. However, even though the documents in Yahoo! are correctly
categorized and the categories (topics) are natural and intuitive, the manual effort
that is required to do the categorization is huge and can only be done by domain
experts. In response to these requirements, many efforts have been dedicated to
creating methods that mine the contents of a document collection to do the catego-
rization automatically. Unfortunately, so far none of the automatic approaches has
obtained results comparable to the ones obtained by manual categorization; that
is, the resulting categories are not always intuitive or natural. However, if instead
of mining the contents of the document collection, we mine the logs that contain
historical information about the users' information needs on that collection, not
only can we restrict our attention to the topics of most interest to them (i.e., hot
topics), but do a better job as well.

In fact, nowadays organizations need to know at every moment what the interests
or problems of their customers are in order to respond better to their needs. In
particular, by knowing which topics and corresponding documents are the ones of
most interest, organizations can better organize their websites, with a hot topics
service, for example, to facilitate customer searches on those greatly demanded
topics. In the case of technical support centers, it has been often experienced that
about 80% of customer problems refer to the same kind of problems. Therefore,
by identifying the topics of these hot problems and making them readily available
on the Web, customers could potentially self-solve their problems. This trandates
into a dramatic cost reduction in that fewer customer support experts would be
needed to solve customer problems.

In this chapter, we report our approach to mine hot topics from the logs of
customer support centers; in particular, we have applied this approach to the logs
of Hewlett-Packard Customer Support. When acustomer has aproblem, he hastwo
optionsto solveit. Oneisto simply call the customer support center and open acase
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to report the problem to atechnical representative and let her figure out how to solve
it. The other isto try to self-solve the problem by looking for solution documents
that match the problem on the customer support website. Accordingly, there aretwo
kinds of logs, each of which can be physically structured in different ways: asearch
log and a case log. The search log keeps track of the search strings that customers
formulate when they try to sdlf-solve their problems aong with the documents
opened after these searches, that is, the clicking paths. The case log keeps track
of the cases opened by customers along with the history of actions, events, and
dialogues followed while a case is open. These two logs are complementary to
obtain the information about al the problems that customers have experienced.
Therefore, even though they are very different from each other, we consider both
in our approach. The main challenge was dealing with the various kinds of dirtiness
or noise embedded in the logs in order to obtain meaningful results with the highest
possible qudity. Therefore, our approach to hot topics discovery is composed
not only of techniques to mine search and case logs, but to deal with dirty text
either by directly solving dirty features or by being robust in spite of them. The
implementation of our approach is embodied in a toolbox called HotMiner whose
general architecture is shown in Figure 6.1.

HotMiner
Search Log Miner Hot Topics Yes! My
Custome .
Search g Pre- o Post- —— of self-solving —p» Iusloml.,r problem
log processing | | MIME | | gy customers Support belon g
8 Weh Site Hiara!
Case Log Miner @
Hot Topics
Pre- : i L~
O Sl Cleaning - of reporting —— | Hor Topics
R processing e o -rK e {upprox.
compliant 80% of
BExcerpt Excerpt —omniback customer
Generation M ining installation problems
St fall in hot
Lopics)

Figure6.1. HotMiner Architecture.

Initially, we focused on the search log exclusively to discover hot topics of
sdlf-solving customers. Under the hypothesis that viewing the documents by the
search terms used to open them it is possible to discover hot topics that match
the users' perspective, we propose anovel technique based on the search views of
documents derived from the search log. However, hot topics can only be useful
if their quality is high; that is, the topics need to be clean for the users to rely on
them to solve their problems. Unfortunately due to the browsing tendency of Web
users, often driven by curiosity or ignorance, the clicking paths may be noisy and
lead to hot topics contaminated by extraneous documents that do not belong to
the topics into which their search path views push them. Our approach includes a
postfiltering technique that considers the content of each document, content view,
in ahot topic to identify the extraneous ones. Identifying extraneous documents is
not only beneficial for obtaining higher quality topics but to pinpoint documents
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that are being returned as noise to some queries distracting customers from their
search goal.

To complete the picture of hot topics with those of reported problems, we con-
Sidered the case log. However, thetext in case documents conformed from different
fields of the case log is dirty: typos, misspellings, adhoc abbreviations, missing and
ambiguous punctuation, core dumps, cryptic tables and code, in addition to being
grammatically poor and nonnarrative. Hence, our approach copes with such char-
acteristics by including techniques that directly solve some anomalies that would
otherwise contaminate the results with noisy, meaningless term occurrences, and
techniquesthat are robust in spite of the others. For example, our approach includes
cleanup techniques to normalize typos, misspellings, and abbreviations. Terminol-
ogy normalization is accomplished by using a thesaurus that is derived from the
document collection by a Thesaurus Assistant that identifies approximate dupli-
cates present in the documents. These approximate duplicates are synonymous
words that are lexicaly smilar. We did not consider synonyms given by lexi-
caly dissimilar words corresponding to the same concept, like those considered
in Senellart and Blondel's chapter in this book, because the relevant terminology
is mostly domain-specific technical terms that do not have this kind of synonyms.
If this were not the case, techniques like those described in that chapter could be
used to complement the thesaurus.

Furthermore, case documents are in general very long documents that report
everything that happens while a case is opened, including logistic information
such as "customer will report result tomorrow morning,” or "els if cu no ebk 24h"
(closeiif customer does not call back in 24 hours). This logistic information, which
is meaningless for discovering hot topics, will aso introduce noise in the results.
Our method includes techniques to extract relevant sentences from case documents
to consolidate pure technical excerpts to be mined for hot topics. As a matter of
fact, we firg evaluated available prototype and commercial summarizers but none
of them seemed to adequately deal with the characteristics of the text found in case
documents, which as mentioned above is dirty and nonnarrative. Besides, these
products are generic and they offer only limited capability for customizing them to
specilic domains, if a al, sometimes with a major effort, and ill yielding results
that were far from what we expected. Our excerpt generation (or summarization)
method is composed of a variety of techniques capable of dealing with the char-
acteristics of the text in case documents and making use of domain knowledge
to obtain a magjor improvement in the quality of the excerpts obtained, that is,
in the accuracy of the extracted relevant sentences. For example, the technique
for sentence identification has the capability to remove code and table-formatted
cryptic text that would otherwise complicate the already difficult task of identify-
ing sentences in the presence of ambiguous and missing punctuation. In addition,
since the text is grammatically poor, we are limited to using techniques that are
not based on natura language. The techniques for relevant sentence identification
correspond to different criteria of what makes a sentence relevant and their results
can be combined in any way to obtain the fina ranking of the sentences. Although
the notion of relevance is subjective and not well understood in general, in our
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context it is clear that the essentia requirement for a sentence to be considered rel-
evant is to be of a technical nature and not logistic®. Since one of the design goals
of Hotminer is to be versatile, each one of the techniques in the toolbox can be
enabled or disabled. For example, techniques that make use of domain knowledge
can be disabled when such knowledge is not available. The contributions of our
approach are various. First, we propose a hovel technique to discover hot topics
from search logs. This technique combines the search view and the content view
of documents to obtain high-quality hot topics that match the users' perspective.
To the best of our knowledge no other technique exists that uses a search view
of the documents to discover hot topics that, in contrast to content-based meth-
ods, match the users' perspective. It is also novel to include a pogtfiltering stage
where the content view of the documents is used to boost the precision of the top-
ics discovered from the search view of the documents. This stage corrects errors
derived from noisy clicking behavior and from the approximations of the mining
algorithm used to do the groupings. Second, a method to discover hot topics from
case logs is proposed. The method deals with the dirtiness and mixed contents
of case documents, which negatively affect the results, by including a variety of
techniques like those for thesaurus generation and excerpt generation to normalize
dirty variations of words and extract relevant contents, respectively. Our excerpt
generation method differs from othersin that it deals with dirty, nonnarrative, and
grammatically poor text. It is composed of a combination of techniques to identify
relevant sentences according to different criteria and without relying on grammar.
The method is flexible and leaves room for customization.

Although we used several months of log content for our experiments (one month
at atime), the results were not fully validated because in addition to being rather
cumbersome to analyze the results obtained at different stages of the process,
an ideal analysis has to be done by domain experts (whose time is precious).
Therefore, we did the validation ourselves by manually inspecting a small subset
of hot topics and interpreting their contents with our limited understanding of the
domain. We found an average precision of 75% and athough thisis not perfect, the
results were gill satisfactory and useful to discover the hot topics of the problems
that customers were experiencing, some of which did not even exist in the topic
ontology of the document collection. For example, the hot topic "Y 2K" did not
exist as a topic in the ontology since the documents related to the Y2K problem
were spread under the umbrella of different topics.

This chapter is organized in two parts, preceded by this introduction and by
Section 6.2, which is a short overview of related work. The firg part covers our
approach to mining search logs. Section 6.3 describes the technique to discover
hot topics from search strings and clickstreams and then describes the postfiltering
technique to improve the quality of the hot topics. Section 6.4 shows the exper-
imental results of applying these techniques to the search log of HP Customer

In fact, response center engineers need atool with the capability of extracting the technical content
of case documents to assist them in the creation of certified documents.
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Support. The second part covers our approach to mining case logs and follows
the same structure as the first part, that is, first a technical description and then
experimental results. Section 6.5 describes the method for obtaining excerpts of
relevant sentences from cases. Section 6.6 gives aflavor of the results obtained by
applying the sentence extractor to a case document. Section 6.7 briefly describes
how hot topics are discovered from case excerpts. We findize by presenting our
conclusions in Section 6.8.

6.2 Reaed Work

From the Introduction it can be surmised that to discover hot topics from search
and case logs we need to deal with different aspects of the problem. Therefore,
our approach is composed of a variety of techniques that separately tackle these
aspects. In this section, we briefly review work related to each of our techniques.
Document categorization can be done manually or automatically. In manua
categorization, experts identify the topic of each document in a collection. The
resulting topic hierarchies/ontologies are intuitive and the users navigate through
them naturally and efficiently, as in Yahoo!. However, categorizing documents
manualy is highly time consuming and costly, so emphasis has been put on find-
ing ways of doing it automatically. There are two kinds of automatic categorization.
In the supervised categorization, called classification, the categories (topics) are
predefined and a subset of category-labeled documents is used to train a classifi-
cation algorithm to learn how to classify documents into these categories. Some
work in this direction is described in LDPHSO98, LSCP96, Y'Y 99]. Since we do not
know the categories (hot topics), our work does not fall in this category. The other
kind of automatic categorization is the unsupervised one, where not only docu-
ments need to be categorized, but the categories themselves need to be discovered.
In this case, a clustering algorithm [DHS01] is typically used to discover the cat-
egories implicit in the collection, as originally proposed in [Sal89]. Numerous
techniques such as those described in 1CKPT92, Wil88, SKKOQ] have followed
the clustering approach but the results have never been comparable to the ones
obtained manually; that is, the categories are often unnatural and not intuitive to
the users. In contrast, we focus on discovering hot categories from a novel view
of documents based on the search terms used to open them (search view) or from
excerpts comprised of the most representative sentences of case documents.

Work on automatic correction of words in text is surveyed in [Kuk92]. Some
methods for identifying misspelled words in text require words to be tagged by
a part-of-speech tagger [Too00] and [EE98J. These methods are not applicable
to our work since we are dealing with dirty text, which yields poor results when
tagged by a part-of-speech tagger.

There exist numerous spelling checkers for the most popular operating systems.
We chose to use the UNIX built-in spelling checker "spell” [Mcl82] to identify
misspellings. Spelling checkers such as "Ispell” [Kue87] aso make suggestions
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for misspelled words but we chose instead to use the Smith-Waterman algorithm
[SW81] for finding the "approximate duplicate” relationship of misspellings to
words in the vocabulary of the collection because of the robustness of the algorithm
and the proprietary-specific terminology of our domain.

The technique used for the removal of table-formatted text is based on work
reported in [SiO0] on the identification of tables in PDF documents. Very little has
been done in the area of removing codefragments from text documents, barring
the remova of dead code from computer programs.

Not too much work on sentence boundary detection has been reported. Most
of the techniques developed so far follow either of two approaches: the rule-
based approach which requires domain-specific handcrafted lexically based rules
[Nun9Q], and the corpus-based approach where models are trained for identify-
ing sentence boundaries [RR94], sometimes including part-of-speech tagging in
the model |[SSMB99J. Since we do not have an annotated corpus, we manually
handcrafted some heuristic rules that we identified by inspection.

Research on summarization has been done since the late 1950s [Luh58], but it
was only in the 1990s that there was a renaissance of the field. A compendium of
some of the most representative approachesisfound in [MM99]. As stated there, ac-
cording to the level of processing, summarization techniques can be characterized
as approaching the problem at the surface, entity, or discourse levels. Surface-
level approaches represent information in terms of shallow features. Entity-level
approaches tend to represent patterns of connectivity of text by modeling text enti-
ties and their rel ationships, such asthose based on syntactic analysis[CHJ61] or on
the use of scripts (Leh82|. Discourse-based approaches model the global structure
of the text and its relation to communicative goals, such as [Mar97] who uses the
rhetorical structure in the discourse tree of the text, and [BE99] who uses WordNet
to compute lexical chains from which a model of the topic progression is derived.
Most of the entity- and discourse-based approaches are not applicable in adomain
such as ours where the specific lingo, bad use of grammar, and nonnarrative nature
of the text make it infeasible to apply existing lexical resources such as WordNet,
scripts of stereotypical narrative situations, or in-depth linguistic analysis. The
techniques used in our method are surface- and entity-level techniques.

Part I: Mining Search Logs

As dtated in the Introduction, we initially focused on discovering hot topics of
the customers who try to self-solve their problems. Data related to the search
performed by customers to find the documents with the solutions to their problems
are captured in search logs. In this part of the chapter we describe techniques for
mining these logs to discover hot topics that match the customers' perspective.
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6.3 Technica Description

The main idea is to use a view of the documents derived from the search terms
used to open them, called search view, to discover the hot topics of customers
problems and associated documents. Then, to boost the precision of these topics,
we propose to use the traditional view of the documents derived from their contents
to identify those documents that fdl into the wrong topics and filter them out. The
method is comprised of four main stages. preprocessing, clustering, postfiltering,
and labeling, as shown in Figure 6.2.
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Fgure 6.2. Methodology.
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6.3.1 Preprocessing

In this stage, the raw materia of the search log is processed to extract the relevant
data to derive the search views of the documents that are subsequently converted
into a form suitable for data mining.

Data Collection

The log provides complete information about the searches performed by users:
the queries formulated by them, as well as the documents that they opened after
the queries. This data collection step can take different forms depending on the
physical configuration of the search logs. HP Electronic Customer Support, which
is the site HP customers used to visit to self-solve their problems, has a search log
composed of three separate logs: a usage log, a query log, and a web log. These
logs are described next.

A usage log records information on the actions performed by the users, for
example, doing a search (doSearch) or opening a document from the list of search
results (reviewResultsDoc). A usage log entry looks like the following.

Timestamp Access User Id Remote Subject Transaction
Method Muchine Area MName
011000 08:35:14 HTTP CAI1234 123.28.53.1 atq doSearch

01 1000 08:36:55 HTTP CAI1234 123.28.53.1 aty reviewResultsDoc
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A query log records information on each query posed after a doSearch action. A
search log entry might look like the following.

Timestamp User Id Remote Mode Query
Machine String
011000 08:35:39 CAI1234 123.28.53.1 Boolean y2K

A web log records information on each web page (i.e., document) opened. An
entry might look like the following.

Timestamp Remote URI
Mauchine
011000 0%:43:37 123.28,53.} SGET fag/bin/doc.pl/TDID=15321

HTTP! 1O

It is necessary to correlate the usage, search, and web logs to obtain a relation
between the searches performed by the users and the corresponding documents
opened as a result of the searches. First, the usage and search logs are correlated
to obtain the time at which a query was formulated. Then, correlation with the
web log takes place to look for dl the documents that were opened &fter the
subsequent reviewResultsDoc action in the usage log but before the timestamp of
the next action performed by that user. Sequential numbering had to be introduced
to handle the lack of synchronization of the clocks in the different logs. This step
results in a document-query relation that looks like the following.

Document Query String

15321 o T Y2k -Tm]”(\'\[llﬂilﬂ.hi'i|‘_\". year 2K ready;

539510 Omniback backup; recovery; OB

964974 sendmiail host is unknown: sender domain sendmail; mail debug;
sendmail; mail; mail aliases;

Since we are interested in obtaining topics that match the users' perspective,
instead of viewing documents by their contents, which isthe usual way, we propose
to view them by the collection of queries that have been posed against them; that
is, for each document we associate dl the queries that resulted in opening that
document. This is called a search view or query view of a document. We can
restrict the document-query relation to a given number of the hottest (i.e., more
frequently accessed) documents. This is useful when the hot topics service only
contains hot documents in the hot topics.

Data Cleaning

The entries of the document-query relation need to be scrubbed, which might in-
volve removing some entries from the relation, normalizing query terms, removing
specid symbols, eliminating stop-words, and stemming (see Section 6.3.3 - Data
Cleaning).
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Word 1 Word 2 Word n
Doc | Wi wi2 Win

Doc 2 o W Wan

Doc m Wl War2 Whin
Table6.1. VVectors.

Data Transformation

Each cleaned entry of the document-query relation has to be transformed into a
numerical vector for it to be mined in the second stage. From this transformation
we obtain a set of vectors V, with one vector per document consisting of elements
WJJ, which represent the weight or importance that word j hasin documenti. This
weight is given by the probability of word j in the set of queries posed against
document / as shown in the following example.

Set of queries for document 964974:

{sendmail, mail, sender domain sendmail, mail aliases, sendmail host unknown,
mail debug}

Vector representation for document 964974:

sendmail il sender domain alidses host wiknown

debup
0.

0.25 016 0.08 0.08 008 008 008

Since the number of different words that appear in a large collection of queries
can be quite large, afeature selection technique is used to select a set of the most
relevant words to be used as the dimensions of the vectors. We are interested only
in hot topics, therefore we use the simple technique of selecting as features the top
n query words that appear in the search view of at least two documents. Phrases
with more than one word could be used as well, but our experiments indicated that
they did not add any value.

The st of vectors Vis organized into a matrix where each row correspondsto a
document vector and each column corresponds to a feature as shown in Table 6.1.

6.3.2 Clustering

In this stage, the vector representation of the search view of the documents is
mined to discover hot topics that match the user's perspective. Groups of docu-
ments that are similar with respect to the users' information needs will be obtained
by clustering [DHS01] the documents representing a collection of points Sin a
multidimensional space R where the dimensions are given by the features se-
lected in Step 6.3.1 - Data Transformation. Numerous definitions of clustering
exist and for each definition there are multiple algorithms. To illustrate, et ustake
a definition known as the k-medlan measure: given a collection of points Sin R/
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and a number k of clusters, find k centersin R such that the average distance
from a point in S to its nearest center is minimized. While finding k centers is
NP-hard, numerous algorithms exist that find approximate solutions. Any of these
algorithms, such as k-means, farthest point, or SOM maps can be applied to the
Documents X Words matrix given in Table 6.1. The interpretation of a cluster so
produced is that two documents are in the same cluster if they correspond to similar
searches; that is, customers opened them after similar queries.

Although our method is independent of the clustering definition and algorithm
used, experimentation is recommended to find the algorithm that works best for
the domain at hand, that is, finds the most accurate hot topics.

6.3.3 Postfiltering

The search view of the documents relies on the assumption that users open doc-
uments that correspond to their search needs. However, in practice users often
exhibit a somewhat arbitrary or even chaotic clicking behavior driven by curiosity
or ignorance. Under this behavior they open documents that do not correspond to
their search needs but that the search engine returned as a search result due to the
presence of a search term somewhere in the document. In this case, the document's
search view erroneously contains the search string and therefore it will be associ-
ated with documents whose search view also contains that string, probably ending
up misplaced in the wrong cluster. For example, adocument on the product Satan,
which is software for security, is returned in the list of results for the query strings
"year 2000" or "year 2000 compliance” since it contains a telephone extension
number "2000," athough it is not related to "year 2000." Users tend to open the
Satan document probably misled by the name Satan which they might interpret as
something catastrophic related to Y2K compliance or just driven by curiosity asto
what it could be about. Thus the search view of the Satan document contains the
search string "year 2000" which makesit similar to documentsrelated to Y 2K and
whose search view also containsthe string "year 2000." Hence, the Satan document
ends up in acluster corresponding to the Y 2K topic. These extraneous documents
that appear in topics to which they do not strictly belong constitute noise that has a
negative impact on the quality of the topics. Since users will not rely on ahot topics
service with low quality, it is necessary to clean up the hot topics by identifying
extraneous documents and filtering them out. This is accomplished by computing
the similarity of the documents according to their content (i.e., their content view),
and designating as candidates for filtering those with alow similarity to the rest of
the documents in their cluster. The steps comprising this stage are given next.

Data Collection

In this step the actual contents of the documents in the clusters are retrieved. As
mentioned above, the postfiltering stage builds upon the views aobtained from the
text conforming these documents.
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Data Cleaning

The contents of the documents are scrubbed as in Section 6.3.1 - Data Cleaning,
but here header elimination and HTML stripping are necessary, followed by specid
symbol removal, stop-word elimination, normalization, and stemming.

» Header elimination: removes metainformation added to the documents that
is not part of the content of the documents themselves.

e HTML stripping: eliminates HTML tags from the documents.
» Special symbol removal: removes symbols such as *, #, &, and so on.

 Stop-word elimination: eliminates words such as "the", "from", "be", "prod-
uct", "manual”, "user", and the like that are very common and therefore do
not bear any content. For this we use both a standard stop-word list available
to the IR community and a domain-specific stop-word list that we created

by analyzing the contents of the collection.

» Normalization: attempts to obtain a uniform representation of concepts
through string substitution, for example, by substituting the string "OV"
for "OpenView".

e Stemming: identifies the root form of words by removing suffixes, as in
"recovering" which is stemmed as "recover".

Data Transformation

The contents of the documents are transformed into numerica vectors similar to
those in Section 6.3.1 - Data Transformation. However, here the set of different
terms is much larger and the technique that we use for selecting features consists
of first computing the probability distributions of terms in the documents and then
sdlecting the / terms in each document that have the highest probabilities and that
appear in a least two documents. Also, the weight wij for a term j in a vector i
is computed differently, by using our dight modification of the standard TF1DF
(Term Frequency - Inverse Document Frequency) measure [Sd 89] given by the
formula:

wip = kij [!__f'”- log(rn/df; }_l . (6.

where n is the number of documents in the collection, tfy corresponds to the
frequency of term j in document i, dfj is the document frequency of term j, and
A" isafactor that providesthe flexibility to augment the weight when term j appears
in an important part of document i, for example, in the title of the document. The
default value for k is 1. The interpretation of the TF-IDF measure is that the more
frequently a term appears in a document, the more important it is, but the more
common it is among the different documents, the less important it is since it loses
discriminating power.

The weighted document vectors form a matrix like the onein Table 6.1, but the
featuresin this case are content words as opposed to query words.
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Extraneous Document | dentification
This step is composed of two substeps: similarity computation and filtering.
Smilarity Computation

The similarity of each document dj to every other document dj in the cluster where
it appears is computed. The cosine distance is used to compute the cosine angle
between the vectors in the multidimensional space & as ametric of their similarity

N

From these individual similarities, the average similarity AVG_SIM (di) of each
document with respect to the rest of the documents in the cluster is computed. Let
n be the number of documents in a cluster; then

cos(di,dj) = (di xdj)/

AVG_SIM(di) = (1/n) )" costdi,d;) .

\, jshi

A cluster average similarity AVG_SIM () is computed from the average
similarities of each document in the cluster Ck,

n
AVG_SIM(Cy) = (1/n) Y AVG_SIM(d;) .

=]
Filtering

The document average similarity AVG_SIM (d;) is used as a metric of how much
cohesion exists between a given document dj and the rest of the documents in
the cluster. If the similarity is high it means that the document fits nicely in the
cluster where it appears, but if the similarity is low it meansthat it is an extraneous
document in the cluster where it was erroneously placed. Now the question is how
"low" the similarity has to be for a document to be considered extraneous.

We need a mechanism for setting a similarity threshold that establishes the
boundary between extraneous and nonextraneous documents in a cluster. This
threshold will depend on the magnitude of the deviation from the cluster average
similarity AVG_SIM (Q) that will be alowed for the average similarity AVG_SIM
(dj) of a document Dj. For this we compute the standard deviation for a cluster
C

1 v 1/2
(- 5
S(Cy) = (” =5 L [AVG_SIM(d;) — AVG_SIM(C)] )

Then, we standardize each document average similarity AVG_SIM (dj) to a

Z-score value

Z(AVG_SIM(d;)) = [AVG_SIM(d;) — AVG_SIM(Cy)] /S(Cy)

to indicate how many standard deviations the document average similarity
AVG'SIM (dt) is off the cluster average similarity AVG _SIM (Q).
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By inspecting the Z-score values of known extraneous documents we can set the
threshold for the Z-score value below which a document is considered a candidate
extraneous document in the cluster whereit appears. To support the decision made
on the threshold setting we can use the Cheby shev theorem, which says that for any
dataset D and a constant k = 1, at least 1 — (1/4”) of the data items (documents
in our case) in D are within k standard deviations from the mean or average. For
example, for k — 101 at least 2% of the data items are within k = 101 standard
deviations from the mean, whereas for k = 2 the percentage increases to 75%.
Therefore, the larger/: is, the more dataitems are within K standard deviations and
the fewer documents are identified as extraneous candidates. The opposite holds
as k gets smaller because fewer documents are within a smaller number of stan-
dard deviations and only those exceeding this number are considered extraneous
candidates. This trandates into the typica trade-off between precision and recall.
If we want more precision (i.e., the proportion of true extraneous candidates to the
total number of candidates), the price paid is on the true extraneous documents
that will be missed (false negatives) which decreasesthe recall. On the other hand,
if we want to augment the recall (i.e., the proportion of true extraneous candidates
to the total number of true extraneous documents), precision will decrease because
documents that are not extraneous are identified as extraneous candidates (false
positives).

Another way to assess the effect of the threshold value setting is to use the
Coefficient of Dispersion of a cluster

V(Cr) = [S(C)/AVG_SIM(Cy)) % 100,

which expresses the standard deviation as a percentage. It can be used to contrast
the dispersion value of a cluster with and without the extraneous candidates.

The extraneous candidates can be filtered either manualy or automatically.
Automatically means that al the extraneous candidates will be eliminated from
their clusters. In this case, the Z-score threshold setting is more critical because
the false extraneous candidates will be eliminated while at the same time true
extraneous documents not identified as candidates will be missed. The manual
mode is meant to assist a domain expert for whom it is easier to pinpoint false
extraneous candidates than to identify missed extraneous ones. Therefore, in this
mode we set the threshold for high recall, and have the domain expert eliminate
the false candidates to raise the precision. The candidates could be highlighted
when the documents of a hot topic are displayed, so that the domain expert could
easily visudize the candidates and either confirm or reject them as extraneous to
the topic.

6.3.4 Labeling

Oncethe clusters have been cleaned by removing extraneous documents, alabel has
to begiven to each cluster to namethetopic that it represents. L abelscan be assigned
either manually or automatically. Manual labeling is done by a human who inspects
the documents in a cluster and, using his experience and background knowledge,
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assigns a semantic label to the topic represented by the cluster. Automatic labeling
is done by analyzing the words in the documents of a cluster to find the L most
common words that appear in at least haf of them and using those L words to
labdl the cluster. Those clusters for which there is no such label could be smply
discarded. If there is more than one cluster with the same label they are merged
and postfiltering is applied to the resulting cluster. In the experiments section we
describe different ways of doing the labeling according to the kind of words and
parts of the documents that are considered.

6.4 Experimental Results

The method used to mine hot topics described in the previous section has been
implemented as part of a toolbox named HotMiner. In this section we show some
results obtained by applying HotMiner to discover hot topics from the search log
of HP's Electronic Customer Support website. This site makes a collection of one
million documents available to HP's registered customers. When a customer has
a software problem, she can either submit a case to have a support engineer find a
solution for her problem, or she can try to self-solve it by searching the collection
with the hope of finding a solution document for the problem. If, according to the
customer's experience, self-solving can be done efficiently, it is likely that she will
return to the site to self-solve other problems when they arise. However, if she
finds it difficult to find the right solution document, most likely she will quit the
site, open acase, and not attempt to self-solve her problems ever again.

The search process required for self-solving problems can be done either by
navigating through a topic ontology when it exists, or by doing a keyword search.
The disadvantage of using atopic ontology is that it frequently does not match the
customer's perspective of problem topics, making the navigation counterintuitive.
This search mode is more suitable for domain experts, such as support engineers,
who have a deep knowledge of the contents of the collection of documents and
therefore of the topics derived fromit. In the keyword search mode the user knows
the term(s) that characterize his information needs and he uses them to formulate a
query. The disadvantage of this search mode is that the keywords in the query not
only occur in documents that respond to the user's information need, but also in
documents that are not related to it at all. Therefore, thelist of search resultsis long
and tedious to review. Furthermore, the user often uses keywords that are different
from the ones in the documents, so he has to go into a loop where queries have
to be reformulated over and over until he finds the right keywords. However, by
applying HotMiner to the various ESC logs, we discover hot topics that match the
user's perspective and that group documents corresponding to the hottest problems
that customers are experiencing. When these hot topics are made directly available
on the website, customers can find solution documents for the hottest problems
straightforwardly. Self-solving becomes very efficient in this case.
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Taking November of 1999 as arepresentative month, the number of documents
from the Electronic Customer Support website that HP customers opened was
49,652, of which 12,678 were distinct, and the number of queries was 27,884.
According to support engineers, 80% of the customer calls correspond to 20% of
the problems, so they needed a way to identify these hot problems and publish
them on the website along with the appropriate solution documents. HotMiner is
the tool that we built to assist them in discovering this information.

HotMiner implements each of the steps according to the description given in
Section 6.3. However, some steps for which alternatives exist and that were left as
free choicein that section are further described below. Some of these steps required
experimentation to evaluate the aternatives.

* The normalization step was limited to a few words that were manually
normalized because the Thesaurus Assistant and Normalizer, described in
Section 6.5, that help to identify and normalize variations of words did not
exigt at the time our experiments were conducted.

* In the clustering step and for the experiments on ESC log data we used the
SOM_PAK [KHKL96J implementation of Kohonen's Self-Organizing Map
(SOM) agorithm [Koh92]. The output of SOM_PAK dlows for an easy
implementation of the visualization of the map, which in turn facilitates the
analysis of the evolution of topics. Our visualization implementation pro-
duces a map that looks like the partia map shown in Figure 6.3. In this
map each cell represents a grouping of related documents; the more related
the groupings are, the closer their corresponding cells appear in the map.
As can be observed in Figure 6.3, there are severa cells that have over-
lapping labels, as in the live left upper cells whose labels contain the word
"sendmail”. Overlapping labels gave us an indication that the cells represent
groupings that might constitute atopic. In order to discover these topics, we
applied SOM again, but this time on the centroids (i.e., representatives) of
the groupings obtained in the firs SOM application. We expected that the
centroids would cluster naturally into higher-level topics that generalize the
firg-level topics (subtopics). However, in some casestheresulting groupings
did not make much sense (i.e., subtopics that were unrelated were grouped
together). One possible reason is that the rel ationships between the centroids
found by SOM are not intuitive from the problem-solving perspective, and
another possible reason is the diverse uses of the same term. To visualize
these higher-level groupings, we labeled the cells in different colors accord-
ing to the higher-level grouping to which they belong as identified by SOM.
Since this book is in black and white, in Figure 6.3 we show these higher-
level groupings by drawing an enclosing line around the cells belonging to
each high-level grouping.

* In the postfiltering stage, the vector representations of the contents of the
documents can be derived in different ways depending on which words are
taken into account for their content view and the value of k in the modified
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Figure 6.3. Partid cel map.

TF-IDF formula used to transform these views to vectors. Alternatives that
were experimented with are:

(8 occurrences of non-stop-words in the titles of the documents;

(b) occurrences of hon-stop-wordsin the entire contents of the documents;

(c) sameas (b) but using k > 1 in Eq. (6.1) when the word appears in the
title;

(d) query words (of the grouping to which the document belongs) that
appear in the document; and

(e) occurrencesof the firg p words in the documents (solution documents
usually contain the problem description at the beginning).

With each of these representations, the similarity values described in Sm-
ilarity Computation, Section 6.3.3 - Extraneous Document |dentification,
were computed and compared for some clusters. The similarity values ob-
tained in aternatives (@), (c), and () were the least accurate. In particular,
in dternative (c) we observed that the larger the value of K is, the higiier
the similarity values for extraneous documents are, which is wrong. The
aternative that gave the highest accuracy for similarity values was (b).

» Thelabeling step also offers saveral aternatives. One is to derive the labels
from the query words in the vector representation of the query view of the
documents. The other isto use the content words in the vector representation
of the content view of the documents. In the second case (i.e., using content
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words), there are two independent sets of additional options that can be
combined in any way. The first set of options gives a choice for the kind of
content words to use for labeling: non-stop-words, nouns, or noun phrases.
For nouns and noun phrases we require a PoS (part-of-speech) tagger and a
noun phrase recognizer. We used the ones provided in the LinguistX platform
library from Inxight [Inx]. The second set of options gives us a choice to
use only the titles of the documents or the whole contents of the documents
to extract from them the non-stop-words, the nouns, or the noun phrases.
Our experiments show that by using al non-stop-words in the document
titles we obtain labels that better describe the topic represented by a cluster.
Thisis not strange since titles convey the most important information about
the contents of the documents and therefore constitute a first-level summary
of the documents. However, not al the documents in the collection have
meaningful titles and the topics where this happens often have meaningless
labels. According to our experiments, to avoid this situation while at the same
time obtaining "good" labels, the labeling technique should use dl words
that are not stop-words that appear in the whole contents of the documents. It
seems counterintuitive that using al non-stop-words performed better than
using noun phrases, but as the following example from our experiments
shows, noun phrases are more restrictive. For a topic on "shared memory"
problems the label "memory" was assigned when nouns or noun phrases
were used, but "shared" and "memory" were the labels when non-stop-
words were used. This is because although the documents are related to
shared memory, most of the titles of the documents in that cluster contain
the word "memory", others contain the word "shared", and only a few had
the noun phrase "shared memory". When we use nouns or noun phrases,
"memory" is found to be the most common noun and noun phrase and
therefore it is the one used for labeling; "shared" is neither a noun nor a
noun phrase so0 it does not even count. When we use dl non-stop-words
the most common words are "memory" and "shared", which are the ones
used for the label when the number / of most common words to be used
for a label is sat to two. However, labeling is a difficult problem and our
results often did not give us completely meaningful labels. For example, in
Figure 6.4 the labd "y2k 10.20 patch" might be interpreted as a topic on
patches for HP-UX 10.20 for Y 2K compliance, which seems fine according
to the documents in that topic. However, in Figure 6.5 the label "sendmail
mail unknown" is not as easy to interpret and can only be interpreted as a
topic related to "sendmail” problems.

Oncethe topics are found and labeled, the corresponding SOM map visualization
is created on a web page that lets us analyze the topics obtained (this visualization
is not intended for the customers). By clicking on the label of a cell, the contents
of the topic in terms of its hottest documents is displayed in another web page
as shown in Figures 6.4 through 6.6. In such a page al the documents that fall
into the corresponding cluster are listed, and the ones that the pogtfiltering stage
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Figure 6.4. Successful podtfiltering of extraneous documents.

found as extraneous appear in red.® Those three figures also show that postfilter-
ing can never be perfect, and that a compromise has to be made between recall
and precision. Figure 6.4 is an example where pogtfiltering was totally success-
ful in identifying al the extraneous documents (documents 151212, 158063, and
158402). Figure 6.5 shows partiad success in identifying extraneous documents
since not only were dl the extraneous documents identified (document 150980),
but nonextraneous documents were identified as extraneous as well (documents
156612 and 154465). Finally, Figure 6.6 is an example of atotal failure in identi-
fying extraneous documents since there are no extraneous documents but two of
them were identified as such (documents 159349 and 158538). This might happen
in any cluster that does not contain extraneous documents since the average simi-
larity of some documents, even if it is high, may be under the similarity threshold
when the standard deviation is very small. To avoid this problem, the standard
deviation in each cell has to be analyzed and if it is very small postfiltering will
not be applied to the cell.

In support of our hypothesis that the topics discovered with this method match the
users' perspective, we make the following observation: severa topics obtained did
not appear in the existing topic hierarchy, either because they werejust emerging,
like the topic Y2K, or because the support engineers need a different perspective
of the content of the collection that correspondsto organizational needs, or smply
because they were not aware of the way users perceive some problems. In any
case, it was interesting to see which topics were hot at a given moment, how much

3Since the printing of this book does not alow colored figures, candidate extraneous documents
are shown pointed to by a small arrow.
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Figure 6.5. Partid success in identifying extraneous documents.

corresponding content existed, and the clicking behavior of customers when trying
to self-solve problems belonging to a given topic.

To fully evaluate the results we would need to analyze the content of each hot
topic and its documents, which would require a prohibitive amount of effort. As
an aternative, we did a limited evaluation of the results. We randomly sampled
10% of the hot topics and found that about 80% of the sample topics made sense.
The relationship of the documents in the remaining 20% was not apparent to us
due to our lack of domain knowledge or because athough their search views were
related, their content views were not. In any case, if automatic elimination of topics
is enabled, most of the meaningless hot topics could be automatically eliminated at
two different times: in the postfiltering step by setting thresholds for cluster average
similarity, AVGJSIM (Q), and cluster standard deviation, S (Q), to values that
experimentally prove to get rid of most noncohesive topics, and in the labeling
step when no meaningful label is found for atopic. Nevertheless, a human should
be involved in the loop to inspect the fina hot topics before making them public.

Part 1. Mining Case Logs

As mentioned in the Introduction, customers do not always try to self-solve their
computer-related problems on the customer support website. They often open a
case via a phone call, e-mail, or the Web. In fact, even when they try to sdf-
solve their problems, often they are not successful in their search for the right
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Figure 6.6. Failure to identify extraneous documents.

documents or they simply get tired of searching and end up opening a case. While
a case is open, the problem and anything related to finding a solution to it are
captured in a case log. Therefore, to get a complete picture of the hot topics of
customers' problems, it is not enough to mine searches and clickstreams in search
logs, but also problem reports or case documents (called cases from here on) in case
logs. Cases are unstructured, informal, usually long documents written quickly and
containing anomalous or dirty text: typos, misspellings, adhoc abbreviations, code,
core dumps, cryptic tables, ambiguous and missing punctuation, and bad use of
English grammar. They contain not only technical facts related to the problem
but also the logistics followed during the solving process. These characteristics
of cases in their origina form make them inadequate to be mined for hot topics.
Therefore, in our approach we first clean the cases from as many anomalies as
possible and then extract the most relevant sentences to generate short cleaner
excerpts that are more suitable for mining hot topics.

The main focus in this part of the chapter is on the cleaning and generation of
excerpts. Mining the excerpts for hot topics is only briefly described at the end
since the process basically reuses steps described in the first part.

6.5 Technica Description

Our approach to generating excerpts from cases is an instantiation of our
methodology to mine dirty text in three stages: application-independent cleaning,
instantiated by a Thesaurus Assistant; application-driven cleaning, instantiated by



144 Castellanos

Code and Table Removers of the Sentence Identifier; and content extraction, in-
stantiated in a Sentence Extractor that generates excerpts. This approach has been
implemented as the FlexSum? toolbox that can be integrated into HotMiner, or as
a standalone set of independent and flexible tools that can be customized for the
application and domain at hand. Its general architecture is shown in Figure 6.7.

Excerpt Generator

Sentence Identifier Sentence Extractor
Thesaurus
Assistant Code Table B Sentence
Remover | | Remover Scorer

|Documents |

.................. I -

Fgure 6.7. HexSum architecture.

Normalized
Documents

Normalizer {

To ded with "dirty" lexica variations of words (i.e., typos and abbreviations),
and account for them as occurrences of the same word, a thesaurus is needed.
However, since relevant terms in our domain are so specific, existing thesauri are
not useful. We need to generate a thesaurus that identifies correspondences of
these variations to specific technical terms and to Standard English as well, and
that assists a domain expert in the selection of the normalized (i.e., clean) form
of dirty variations of words. This cleaning stage is application independent and
constitutes the first stage of the methodology.

The second stage is again cleaning, but this time the cleaning is application
and domain driven. For the summarization application and the case domain, code
and cryptic tables are removed prior to sentence identification. This dirty text
complicates even more the already difficult task of identifying sentences when the
text has missing and ambiguous punctuation marks. In addition, we found that in
the case domain relevant information for summarization is rarely found in code or
tableform, so we do not even consider their content at al. For domains wherethisis
not the situation, code and tables may be removed only for sentence identification
purposes, leaving them otherwise available for further analysis.

Once the cleanup task has been performed, the third stage of the methodol ogy,
content extraction, proceeds by analyzing and identifying sentences under various

The name FlexSum is intended to convey the idea of a flexible summarization, that is, a
summarizer flexible enough to be configured to any particular kind of document (i.e., clean/dirty,
narrative/nonnarrative, generic/specific, and so on).
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criteria, corresponding to different techniques, to assess their relevance. Then the
most relevant sentences are extracted to conform the excerpts. Figure 6.8 shows
an example of the dirty features of a case.

specific terminology

4CASE EXAMPLE:

abbrev+glued
: o o Sl

MSSING upper case missing punct, mark

¢ misspell is valid word
abbrev

Figure 6.8. Example of dirty features of acase.

6.5.1 Thesaurus Assistant

Normalization of a document to remove typos, misspellings, and abbreviations
requiresthe existence of athesaurus that can be used to replace words that are mis-
spelled, have typographical errors, or are nonstandard abbreviations {dirty words),
with correctly spelled words or standard abbreviations {reference words). Creation
of the thesaurus involves creating a reference word list as well as adirty word list
and identifying which of the words in the dirty word list are approximate dupli-
cates of words in the reference list. Those dirty words that are within a specified
edit distance from a word on the reference list are considered to be approximate
duplicates of that reference word.

Having identified the approximate duplicates, the next step isto determinewhich
of the approximate duplicates of the reference terms are to be included in the
thesaurus as synonyms of the reference term (this step requires a domain expert
and cannot be fully automated). It is these synonyms that are replaced by the
reference term when the documents are normalized.
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Creation of the Reference Word List and the Dirty Word List

To create the reference word list, each document in the corpusis broken down into
its individual words. In our method, for a word to be on the reference list, it must
either pass a spell-checker, or be in adomain-specific term dictionary®since valid
technical terms typically do not appear in an ordinary spell-checker's dictionary.
If neither of these conditions is met, the word is considered to be a dirty word.®

Finding Approximate Duplicates

Under the assumption that words which are misspelled or contain typographical
errors only differ from the correct word by afew keystrokes, and that abbreviations
only differ from their complete counterparts by some missing keystrokes, we use
the edit distance between two words as a measure of whether they are approximate
duplicates of each other. The particular algorithm we use to calculate the edit
distance is the Smith-Waterman algorithm [SW81]. This algorithm determines
the edit distance by the minimum number of edit operations (insertion, deletion,
substitution, and permutation) required to transform one word into another. The
edit distance is cal culated as anumber between zero and one, where an edit distance
close to zero means the two words are far apart and an edit distance close to one
means the two words are very close to each other. By setting a threshold on the
edit distance, those words that are far gpart can be filtered out.

This edit distance threshold is experimentally determined by creating a bench-
mark and running the Smith-Waterman algorithm on it with varying threshold
values until one is found that includes a significant number of words which are
truly synonyms while rejecting words that are close in edit distance but are actu-
aly not valid synonyms. The benchmark consists of a list of reference terms and,
for each reference term, a number of candidate terms that are either close in edit
distance to the reference term or bear some resemblance to the reference term.
Half of the candidate terms are valid synonyms of the reference term and half
are not. ldeally, Smith-Waterman should identify exactly those valid synonyms
as approximate duplicates, and none of those that are not. In our experiments, the
threshold of 0.67 was found to maximize recal while offering adequate precision.

It should be pointed out that for short words of four characters or less the thresh-
old value of 0.67 breaks down; that is, too many words that are not approximate
duplicates of the short word are found. It is for this reason that the edit distance
threshold really needs to be a function of word length. Intuitively, the thresh-
old should approach a value of one as the word length decreases. We have not
determined a satisfactory function for the threshold value as yet.

°If a domain-specific term dictionary does not exist or is incomplete, it can be built or improved
upon by manualy examining the list of words that are of highest frequency and yet do not pass the
spell-checker.

bFor the sake of clarity we refer to words but in fact, it also applies to collocations of any length
where at least one of its component words is dirty. We used lengths equa to one and two because the
technical terms of our domain are of length two a most.
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To find the approximate duplicates to the words on the reference list, each word
on the dirty word list is paired in turn with each word on the reference word list and
the edit distance is calculated. If the edit distance exceeds the threshold set above,
the word from the dirty word ligt is added to the list of approximate duplicates for
the word from the reference list. The find output is a list of reference words aong
with their corresponding lists of approximate duplicates, as shown below for the
reference term "service guard":

sarvice guard sarviceguard, servicegaurd, service gaurd, mc/serviceguard,

savice gard, servicegad

Thesaurus Creation

The output of the approximate duplicate computation needs to be manualy fil-
tered to select vaid entries for the thesaurus. This step involves selecting vaid
approximate duplicates for reference terms from the list of al approximate dupli-
cates suggested by the computation. While this is a manua step, the amount of
work required diminishes as time goes on since use can be made of prior manua
efforts. Only new approximate duplicates discovered for reference terms need be
presented to the domain expert for examination.

6.5.2 Sentence ldentifier

The second stage of the methodology, application-driven cleaning, not only de-
pends on the particular application, summarization in this case, but also on the
domain at hand (e.g., case documents). For selecting the relevant sentences that
will constitute the excerpt, firg the sentences that make up the document have to
be identified, which is the task of the sentence identifier. This processis relatively
straightforward for clean documents that have normal punctuation. It is Smply a
matter of following standard punctuation rules. The process is made more diffi-
cult in dirty text since punctuation is haphazard; not only is there often a lack of
punctuation marks as sentence delimiters, but also punctuation marks are often
used for purposes other than punctuation. Furthermore, the presence of lines of
programming code and tabular data make matters worse. Thus we remove them
prior to identifying sentences by using a set of heuristics that we describe next.

Code Line Remover

Removal of lines of programming code from documents is an important step in
identifying sentences from a document. In our case of customer support documents,
lines of programming code may appear anywhere in the document, and they may
appear frequently.

While not foolproof, we have found a simple approach to code removal to be
quite effective. The approach is based on what might be called the signature of lines
of programming code. That is, it is based on the characteristics that distinguish
lines of programming code from normal lines of text. These characteristicsinclude
shorter lines, the presence of specia characters unique to code (e.g., +=), and the
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presence of certain keywords (e.g., elsif). It is dso necessary for there to be a
minimum number of consecutive lines identified as code lines before any line is
considered to be a line of programming code. This is due to the assumption that
lines of programming code appear in blocks of lines rather than singly, which
often occurs in practice. The special characters and keywords used to identify
lines of programming code are kept in files that may be edited to reflect different
programming languages or domains for the code lines. The minimum number of
consecutive code lines required is a parameter to the code remova module.

Table Remover

Just as it is important to remove code lines when identifying sentences from a
document, so is it important to remove tabular information. As with code line
removal, the removal of table lines is based on the signature of a table. This
signature includes such things as lines that have multiple spaces between words,
lines whose words align in columns with those in succeeding lines, and multiple
consecutive lines with these characteristics. The alignment of words or groups
of words between lines may occur a the beginning of the word, the middle of
the word, or the end of the word or group of words. So the document is parsed
and information about the location, position, and length of words in each line is
obtained.

The removal of table lines is smply a matter of identifying a minimum number
of consecutive lines having these table characteristics. This minimum number of
lines, as well as the number of spaces required between groups of words on a line
and the minimum number of columns in the table are dl parameters to the table
removal module.

Sentence Boundary |dentifier

Once code and tables have been removed, sentence boundaries are identified. This
is a step that precedes the extraction of relevant sentences and therefore belongs
to the content extraction stage of the methodology. Our approach to sentence
boundary identification is a simple nonlinguistic approach that applies the standard
punctuation rules when it can and resorts to other means of identification when
it cannot. Thus, in addition to looking for sentence-ending punctuation (period,
question mark, exclamation point) followed by a word starting with an upper case
letter, we look for relaxed forms of these patterns as well as such things as header
lines and blank lines to indicate end-of-sentence. We also set alimit on the number
of lines that a sentence may occupy. If that limit is exceeded without finding an
end to the sentence, the sentence is ended at that point and a new one is started.
In our experience this set of smple heuristics helps prepare the documents to the
point where sentence scoring can be more appropriately applied.
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6.5.3 Sentence Extractor

Once the sentences of a document have been identified, their relevancy is analyzed.
There are different aspects of a sentence that are indicative of its relevance. The
words in a sentence, its correlation to other sentences, and its location are com-
plementary aspects that we use for ng the relevancy of a sentence. Thus the
problem is reduced to identifying salient words or keywords and salient word cor-
relations. Classical surface-level techniques that consider word occurrences, word
location, and cue words are used to generate a keyword glossary that will be used
to score a sentence according to its density of keywords. The technique used to
score sentences according to their word correlations is an entity-based technique
where the classical IR technique for computing the similarity among documents
is scaled down to a single document. The individual or local scores obtained by
each technique are combined into a weighted function that computes the global
score of the sentence:

global_score(sentence;) = E (k; x local_score(sentence;)) ,
j

where kj is the weight assigned to technique™ according to its importance in the
fina scoring, localscorey represents the local score obtained by technique®- and
j can take any value in the set {"keyword", "semantic_similarity", "location"} .
The global score indicates the degree of relevance of a sentence and is used to
select the m most relevant sentences that will be extracted into an excerpt, misthe
number of sentences corresponding to the level of compression desired.
Next we describe some techniques that we use to compute the local scores.

Keyword Generator

A glossary of keywords is used to compute sentence scores as a weighted count
of the keywords in the sentence divided by the sentence length. An entry in the
glossary has the form (keyword, {indicator}), where {indicator} isaset of indica-
tors of the techniques that identified that keyword. (Note that a keyword may be
identified by more than one technique.) Since not dl the keyword techniques are
equally important, different weights that affect the sentence score computations
are assigned to them. If a word has been identified by more than one technique,
its weight as a combination of the weights of the corresponding techniques is
increased. The local score, therefore, is computed as

local_scoregeyword (s€ntence; ) = E w;(keyword;;) .

!

where Wj is a function of the weights of the techniques in the {indicator} set of
keyword,- entry, and keyword” is keyword ,» in sentence,-.

The setting of these weights is done by experimentation, which makes it pos-
shle to adjust the weights to the characteristics of the output desired. If a large
set of samples exists, then statistical methods could be used for this purpose. In
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the experiments done so far, we gave values of 10 to each weight,” but further
experimentation will help us assess the relative importance of each technique for
our current domain. The techniques used for generating the Keyword Glossary are
now described.

Thematic Keywords

This technique is based on the intuitive notion that terms that appear frequently
in the text and are not common across the collection are distinctive terms with
the highest resolving power. Thus the density of keywords in a sentence gives a
measure of the importance of the sentence. For computing the term scores, we use
the standard TF-IDF® method, whereas Luhn [Luh58] only used TF:

score(term;) = TF; x log(100 % n x IDF;) .

To choose the terms that are keywords a term score threshold has to be set.
Again, the optimum value for this threshold is established by experimentation or
by statistical methods. The keywords whose scores meet or surpass the threshold
go into the glossary of keywords.

Location Keywords

This is a surface-level technique that follows the assumption that important sen-
tences contain words that are used in important locations. Edmundson considered
the title and headings of a document as the important locations and assumed that
words in those locations were positively relevant [Edm68|. However, this assump-
tion does not hold for al kinds of documents, in particular, those with generic
section headings such as cases, where headings only indicate the kind of action
logged in the corresponding section (e.g., "phone note"). To ded with this kind
of document, we have extended Edmundson's technique to consider as impor-
tant locations the actual content of sections with important headings, which is noi
the same as considering the headings themselves as important locations. For thii
purpose, we introduce the concept of section model which captures the names ol
important section headings. In doing so we are exploiting the fact that in some
genres, regularities of discourse structure mean that certain sections tend to be
important. Such sections are assumed to have positively relevant words (i.e., non-
stop-words located in those sections are keywords) that are entered in the glossary
However, when the list of non-stop-words coming from those sections is long, we
can discard those that rarely appear in the document.

Cue Phrases

The Cue method was proposed by Edmunson [Edm68] under the hypothesis thai
the probable relevance of a sentence is affected by the presence of pragmatic

A vaue of 0 for aweight disables the corresponding keyword technique.
8The standard connotation of term frequency is the frequency of the term within a document.
Note that this is independent of their positions in the text.
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words such as "significant” and "impossible." These words or phrases can be
classified as bonus words, which are positively relevant and stigma words, which
are negatively relevant. The method is domain dependent and requires manual
inspection to identify cue phrases when they cannot be automatically generated
with methods such as the one reported in [HL99]. The Keyword Glossary stores
these phrases with the value "bonus" or "stigma" in the indicator fidd since bonus
words have a positive weight while stigma phrases have a negative one.

Word Correélation: Semantic Similarity

This is an entity-level technique that discovers similarity relationships among
sentences. It is inspired by the work on automatic text structuring and summa-
rization reported in [SSMB99]. The ideais to apply classical IR techniques used
for inter-document link generation in most hypertext link generation algorithms
to generate intradocument links between sentences of a document. The intradoc-
ument links represent semantic similarity relationships given by the vocabulary
overlap between the sentences. These relationships are obtained by computation
of similarity coefficients between each pair of vectors of weighted terms repre-
senting the sentences. If the similarity between two vectors is large enough to be
regarded as nonrandom, the vocabulary matches between the corresponding sen-
tences are considered meaningful and the two sentences are semanticaly related.
In this case, a semantic link between them is added. The number of links of a
sentence is used to measure its centraity. The assumption is that well-linked sen-
tences convey the contents of a document well. Therefore, the score assigned to a
sentence by this technique is proportional to the number of its links:

local _scoregemantic_similarity (sentence j) = COUNT (link;; ) ,

where link)y represents a link from sentence,- to sentence,.

In the current implementation we use the cosine coefficient as a metric of simi-
larity. We take advantage of the existence of the Keyword Glossary (Section 6.5.3
- Keyword Generator) and use its keywords as the dimensions for the vector
representation of sentences.

A few more techniques were implemented and experimented with, but they are
not described here. It is important to recall the fact that the choice of techniques
was limited due to the poor grammar, nonnarrative nature, and lack of rigorous
discourse structure of case documents. The parameters of the techniques used can
be manually set after experimentation or learned from a corpus of examples if such
acorpus exists (which was not our case) as originally proposed in [KPC95].

6.6 Experimental Results
The FlexSum toolbox was applied to 5000 case documents to automatically gen-

erate excerpts. Analyzing the results implied a huge amount of work because for
each document we had to have created an excerpt manualy. So, we did a limited
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evaluation on 15 cases randomly picked. We sat two levels of evaluation: to as-
sess the performance of FlexSum as atool to extract technical content from cases;
and to assess its performance to extract relevant content. Figure 6.9 shows the
results obtained for the case shown in Figure 6.8 using a default configuration of
parameters for the different thresholds and weights.

AR DMSD Summarize: - Microsolt lntamet Explotec provided by HP Labs ==
Fi | Edi Miew. Favonles ook bek n
= - o o . 1 »
SR s D &) i) e - 2 g = |
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Sumnarization results for document 3100014487
The excerpt is:
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The original text with key points highlighted is:
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Figure 6.9. HexSum results for case shown in Figure 6.8.

This figure corresponds to the browser page created by the visualization module
of the summarizer with the results obtained after the sentence-scoring module
ranked the sentences. In this page we can see the excerpt that is generated with
the five most relevant sentences along with their ranking position preceding each
of them. Following the excerpt is a portion of the highlighted version where the
five most relevant sentences are highlighted on the original document. We can see
that the five sentences found as the most relevant ones are of a technical nature.
Although the portion shown in Figure 6.9 does not contains logistic sentences
such as "called and left message but it was not Ted's number," the document does
contain some, but al of them had such low relevance scores that the probability of
being part of an excerpt is almost discarded. Furthermore, the five highest-ranked
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sentences obtained by combining the scores of the sentence extraction techniques
are the same as those obtained in the excerpt generated manually. Of course, this
was not always the case and we needed to evaluate the results on atest set which
we obtained by randomly picking some cases and filtering out those that were not
intuitive to us.

Since we wanted to evaluate whether any individual technique or the combi-
nation of al of them performed the best for the case domain, we computed for
each aternative the average F-measure on the test set, finding that the combination
technique was the best performer followed by the Semantic Similarity technique.
Future work will evaluate the results on more cases and experiment with different
settings of the parameters to see if we can obtain better excerpts for those case
documents for which the current excerpts are not so good. Since one important
feature of FlexSum is its flexibility in handling different application domains, we
want to experiment with other domains as well. Also, automatic means to set the
optimal values of the parameters for a particular application are to be researched
as to the moment they are set manually by trial and error.

6.7 Mining Case Excerpts for Hot Topics

Once excerpts with the five most representative sentences of the cases are obtained,
they are used to mine hot topics of reported problems. The assumption is that
these sentences convey the essence of the problems reported in case documents.
We cannot use the original cases because in addition to often being too long,
they usually contain a lot of noise. Focusing only on the titles of the cases is not
passible because often they are not representative of the problem and sometimes
they are even left blank. Focusing on particular sections of the cases does not work
either because cases are unstructured and sentences that describe the problem
may be found anywhere. This is why in our approach we first mine for the most
representative sentences and then use them to mine for hot topics.

The same steps used to mine the search log are used to mine the excerpts,
except for the postfiltering step, because here we have only one view of the cases
(the content view) so it is not possible to improve the quality of the hot topics
by filtering out what another view would identify as extraneous documents. The
first step is to transform the excerpts to vectors as described in Section 6.3.3 -
Data Transformation, except that here for selecting the vector features we use
the highest frequency words on the keyword glossary (we take advantage of the
work already done by the keyword techniques of the sentence scorer in selecting
relevant features) that are common to at least two excerpts. The next step isto apply
a clustering algorithm on the vectors (we use SOM for facilitating visualization of
the relationships between topics, but any other clustering algorithm could be used)
as explained in Section 6.3.2. Finally, we do thelabeling according to Section 6.3.4
to select as label the words that are common to at least half of the vectors in a
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cluster. We discard the topics for which alabel cannot be found and from the ones
remaining we consider to be hot those that have a minimum of m cases.

For validating the results, we face the same problem as for vaidating the hot
topics of self-solving customers: the need for domain knowledge. We need to un-
derstand the content of the cases to determine whether they semantically belong to
the topic to which their excerptswereassigned. As aresult it is very labor intensive.
Thus we did only a limited validation by randomly picking a few hot topics and
computing the precision. (We cannot use the F-measure because we cannot com-
pute the recall, given that we do not know which cases from the collection belong
to a hot topic.) The average precision abtained was 75% and indeed much higher
than using the original cases. A more extensive evaluation would be desirable.

6.8 Conclusons

Companies that are aware of the most common interests of their customers have a
great advantage over their competitors. They can respond better and faster to their
customer's needs, increasing customer satisfaction and gaining customer loyalty.
In particular, for customer support it isessential to know what are the current hottest
problems or topics that customers are experiencing in order to assign an adequate
number of experts to respond to them, or to organize the website with a dynamic
hot topics service that helps customers to self-solve their problems efficiently.
Here we have presented an approach, implemented as the HolMiner toolbox, to
automatically mine hot topics from the search and case logs of customer support
centers. We have also shown some limited experimental results from applying it to
Hewlett-Packard customer support logs. In contrast with other text mining work,
our work deals with dirty/noisy text.

The novelty of our technique for mining hot topics from the search log is in
its use to derive a search view of opened documents that is key to obtaining hot
topics from the users' perspective. The other novelty is in using another view of
the documents to boost the quality of the hot topics obtained from the first view
by identifying extraneous documents resulting mainly from noisy clickstreams.

In our approach to mining hot topics from case logs we first obtain cleaner
excerpts from the cases given that they are often very long and include a lot of
noisy and irrelevant text. Sentences related to the problem are spread throughout
a case s0 we need to extract the mogt relevant ones that capture the essence of
the problem. Our approach to excerpt generation covers aspects of cleaning that
are application independent, such as the resolution of typographical errors, as
well as application-dependent aspects such as code removal that is considered a
necessary step for sentence identification. Sentences are ranked according to the
relevance scores given by different criteria embodied in a number of techniques
that are suitable for nonnarrative grammatically poor text. Once the excerpts from
the cases have been obtained, they are mined for hot topics analogously as for
mining document search views.
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We have performed a limited validation of the approach. The results are en-
couraging and show that the approach is capable of discovering hot topics from
dirty text with an acceptable quality. Further experimentation and validation of
the approach is till to be done and finding ways to automatically set an optimal
configuration of parameters for a particular domain is planned for future work.
Our wish ligt also includes the extension of this work to the proactive detection of
epidemic behavior in customer problems. This work, among other things, gave us
the opportunity to gain a good understanding of the characteristics of dirty text,
the limitations that it imposes, and the opportunity to explore techniques to ded
with it.
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Overview

This chapter describes some experiments that use metal earning to combine families
of information retrieval (IR) algorithms obtained by varying the normalizations
and similarity functions. By metalearning, we mean the following simple idea: a
family of IR algorithms is applied to a corpus of documents in which relevance
is known to produce a learning set. A machine learning algorithm is then applied
to this data set to produce a classifier that combines the different IR agorithms.
In experiments with TREC-3 data, we could significantly improve precision at the
same level of recall with this technique. Most prior work in this area has focused
on combining different IR agorithms with various averaging schemes or has used
a fixed combining function. The combining function in metalearning is a statistical
model itself which in general depends on the document, the query, and the various
scores produced by the different component IR algorithms.

7.1 Introduction

This chapter describes some experiments that use metalearning to combine families
of information retrieval algorithms obtained by varying the normalizations and
similarity functions. In experiments with TREC-3 data, we could significantly
improve precision at the same level of recall with this technique.
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In more detail, our goa is to satisfy a query q by returning a ranked list of
documents d from a collection C, that are relevant to the query. Our point of view
is that there is no single best algorithm for solving this problem. On the contrary,
we assume that we have m algorithms A\, ... , A, and that some work well for
certain queries and certain sets of documents, while others work well for other
queries and other document sets.

Our approach is to apply metalearning [Die97, PCS00] to learn how to select
which algorithm Aj or combination of algorithms to use, where the selection is a
function of the query q and the document d. In more detail, we assume that we
are given a collection C of documents d and queries g for which we know the
relevance; that is, for each document-query pair (d, ), C aso contains a human
judgment of whether d is relevant to g. This is the "training set" from which we
will learn how to select the best algorithm(s). If we apply al the algorithms A\,
..., A to each document-query pair (d, g), this produces a learning st ML. ML
denotes metalearning set, a terminology which we explain below. Our approach
is to use machine learning to create a predictive model from ML that can be
used on previously unseen queries and documents to determine which algorithm
or combination of algorithms to use to determine relevance. We assume that each
algorithm A producesascore A(d, q) between 0 and 1 when applied to adocument
d and query g. The higher (he score is, the more relevant the document. In general,
theresulting ML will contain, for each document-query pair (d, q), a set of features
characterizing d and q, the relevance score computed by each of the agorithms
Ai, and the human relevance judgment or "truth.”

We introduce this approach in this chapter and describe an experimental study
that provides evidence regarding its effectiveness. We confine ourselves to the
simplest case in which we use the scores A(d, q) themselves and not features of
the query or the document to determine which agorithm to use. (But it should be
stressed that we do NOT use the relevancejudgmentsin selecting an algorithm for a
given test document. The model we build isgenuinely predictive, not retrospective.)
We will treat the more general case where we use the document and query features
as the independent (predictor) variables in future work.

Our point of view is that metalearning provides a natural framework to combine
similar or quite different IR algorithms. We believe that the following aspects of
this work are novel.

1. Our metalearning approach alows us to select a distinct algorithm or com-
bination of algorithms for each new document/query pair submitted to our
metamodel. Most previous work in algorithm combination assumes a fixed
combining function, which in most cases is simply an average of the scores.

2. Our approach alows us to create a combining function that summarizes
variahility across both documents and queries, while prior work known to
us has aggregated data across documents alone.

3. We have investigated several nonlinear combining functions, while prior
work known to us has investigated linear combining functions.
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This chapter is organized as follows: Section 2 describes related work. Section
3 describes background work in information retrieval, and Section 4 describes
background work in data mining. The background material in Sections 3 and 4
is provided so that researchers in the data mining community can easily read
this chapter. Section 5 describes our implementation, and Section 6 contains our
experimental results. Section 7 contains the summary and conclusion.

7.2 Reated Work

There has been some prior work on combining information retrieval algorithms. A
number of researchers have conducted experiments to study the effect and possible
benefit of satisfying a given information need from a given document collection
by combining the results of multiple IR agorithms. Typicaly, two [Lee95] to sx
[Lee97| algorithms have been combined. In most cases, each algorithm is applied
to a given collection, for a given query, resulting in a ranked lisgt of document
scores for each algorithm. Then some function is evaluated that combines the
scores computed by the different algorithms for a given document. Often, the
scores are normalized before combination. The end result is a single ranked list
of document scores. The combination formula is usualy a function of the scores
computed by the participating algorithms and (sometimes) the number of scores,
that is, the number of algorithms that retrieved a given document. In most studies
averages of one type or another are used to combine the scores.

Multiple algorithms can be obtained by using the same basic IR method, for
example, the vector space method with cosine similarity, but executing the method
with multiple term weighting schemes [Lee95, Lee97|. Instead of varying the
term weighting scheme, one can vary the kind of terms used as document/query
descriptors, such as words versus phrases. [MMPOQ]. Alternatively, different basic
IR methods can be employed, for example, P-norm extended Boolean and vector
similarity [FS94].

Hull et a. [HPS96] investigated combining three learning agorithms (near-
est neighbor, linear discriminant, and a neura network) with one IR algorithm
(Rocchio query expansion) by averaging the scores produced by the different
algorithms.

Some limited theoretical analyses of these combination results have been per-
formed. Lee [Lee9d5] studied the properties of severa classes of the term weighting
scheme, and offered reasons for expecting that each scheme would favor a different
class of documents so that certain pairs of weighting functions, each drawn from a
different class should perform better than one weighting function alone. Vogt and
Cottrell [VC98] studied the propertiesthat IR systems should possess in order that
linear combinations (i.e., linear combinations of their normalized scores) should
produce a better document ranking than either system by itsdlf. Their results were
limited to systems in linear combinations. The performance measures they use as
predictors of effective combined performance include both measures of individua



162 7. Combining Algorithms Using Metalearning

systems (e.g., average precision) and pairwise measures (e.g., Guttman's Point
Alienation (GPA), a measure of how similar the document rankings produced by
two systems are to each other).

On rare occasions, an effort is made to develop a metamodel, that is, to select
the best 1R model(s) for a given document. For example, Mayfidd et a. [MMPOQ]
ran a test where the document and query vectors were based on either words or
phrases, depending on the document to be evaluated. They found that for some
queries, this strategy produced a significant gain, while for others it did not or
actually degraded performance. Unfortunately, they did not develop a metamodel
that would accurately predict when the strategy should be employed [MayOQ].

7.3 Information Retrieval

For completeness and to fix notation, in this section we briefly review some standard
definitions and techniques in information retrieval (IR) for those not familiar with
this subject. For additional information, see [GreQl].

Setup

Given acorpus of C documentsd and aquery g, thegod is to return the documents
that best satify the query. Assume that r of the p documents returned by the IR
system are relevant to the query and that overall R of the documents in the corpus
C arerdevant to the query. Typicaly, the IR system returns a list of documents,
ordered (ranked) according to the probability or degree of relevance to g, as mea-
sured by some system metric. The system may return, or the user may examine, al
documents for which the system-computed metric exceeds a specified threshold.
Let p be the number of documents above this threshold. The recall is defined to be
rIR, while the precision is defined to be r/p. The god is to find algorithms with
high precision or high recall, or some desired trade-off between the two.

Vector Space Method

Rather than work with the documents directly, we define a feature vector F(d) e
R" for each document d, as is standard [Sal89]. If we view a query as adocument,
then in exactly the same way we can define a feature vector F(q) of the query g.
Fix arelevance measure

mw.v): R x R" — 0. 1]

that ranges from 0 to 1, with 1 indicating that u and v are highly relevant and
0 indicating that they are not. Given a query g, our strategy is to return the p
documents d such that u — F(d) is closest to v = F(q) with respect to the
measure m(-, ¢)» These are smply the p-highest scoring document-query pairs.
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Document-Term Matrix

A document-term matrix is created from a collection of documents and contains
information needed in order to create a feature vector F(d) for a document d.
From the collection C of documents, we create what is caled a dictionary by
extracting terms, where the terms are used to characterize the documents. For
example, the terms can consist of words in the collection, phrases in the collection,
or n-grams in the collection. An n-gram consists of w-consecutive characters,
including white space and punctuation. From these data, we form a document-
term matrix d[i, j], where, at the smplest, d[i, j] represents the number of times
the term j occurs in document i. Usualy, a weighting is used to normalize the
terms in the document-term matrix.

In practice, not dl terms end up in the dictionary. Certain common terms (e.g.,
articles, prepositions, etc.) occur so widely in the corpus that they have little value
for classifying document relevance relative to a given query. Hence such words are
placedin a"stop-list." Wordsin the stop list are excluded from the dictionary. Also,
it is common to use a stemming algorithm to reduce words into a common root
and only include the root in the dictionary. For n-grams, stop-lists and stemming
are inagpplicable, but statistical techniques can be employed to eliminate n-grams
having little value for predicting relevance.

Normalization

In Table 7.1 below, we lig some of the common term weighting functions (nor-
malizations) used. In our metal earning experiments, we vary these normalizations.
In the table if = number of times the term appears in the document, we = tota
number of terms in document, N = tota number of distinct terms in dictionary,
IDF is the Inverse Document Frequency (a measure of how rare aterm isin C),
T F is the frequency of the most frequently occurring term in the given document,
and n = number of times that term occurs in collection C.

Similarity Scores

In Table 7.2 below, we list some common similarity metrics found in the literature,
that is, metrics used to measure the similarity of two feature vectors, FV\ and FV2
Distance metrics d have been converted to similarity metrics by the transformation
¢ = (d + 1)~ 1vR79]. In our metalearning experiments, we vary these similarity
scores. In the table n\ equals the number of nonzero terms in FV\, «2 equals the
number of nonzero terms in FV2, and w equals the number of terms common
to FV1 and FV2. Also z equals the number of distinct terms that are neither in
FV\ nor in FV2, and N equals the total number of distinct terms in the FV space.
Therefore, N — z equals the total number of distinct terms that occur in FV1 or
FV,orboth.
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term frequency Tef
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Table 7.1. Some Common Normalizations
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Table 7.3. A Learning Set

7.4 Metaearning

For completeness and to fix notation, in this section we briefly review some standard
definitions from metal earning for those not familiar with this subject. For additional
information, see [Die97J.
Supervised Learning
In supervised learning, we are given adata set of pairs (X, y) caled alearning set.
Commonly, r € R” isan n-dimensional feature vector containing the independent
variables or attributes, and y e {0, 1} isthe dependent variable or truth (see Table
7.3). Thegoal it~ ~~m7rm =t = & mmtine o ot

y= flx) = fulx) = flx,a), a e A,
where / = f,, isdefined by specifying parametersa e A from an explicitly param-
eterized family of models A [GL02]. There are well-known parameterizations for
awide variety of statistical models, including linear regression, logistic regression,

Polynomial regression, %eneralized linear models, regression trees, classification
rees and neura networks
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Fix amodel / = f,. The modd is applied to previously unseen festure vectors
x (i.e., feature vectors outside the learning set) to predict the truth y = f(x). We
measure success by using atest set (see Table 7.4) distinct from the learning set
and measuring the deviation of f(v) from t over the test set.

Feature Vector | Predicted Truth | Truth ]
U] J () 18|

U Jv;) 1

Tdle74. ATes S

Metalearning

Broadly speaking, learning isconcerned with findingamodel / = [, from asingle
learning set, while metalearning is concerned with finding a metamodel f = f,
from several learning sets (L, .... L}, each of which has an associated model
= fulj]. The n component models derived from the n learning sets may be of
the same or different types. Similarly, the metamodel may be of a different type
than some or al of the component models. Also, the metamodel may use data from
a (meta-) learning set, which are distinct from the data in the individual learning
setsLj.

We begin by describing two simple examples of metalearning. For the first
example [GBNP96J, we are given alarge data set L and partition it into n digoint

subsets (L, .... L,}. Assume that we build a separate classifier on each subset
independently to produce n classifiers { /. ..., fu}. For simplicity, assume that

the classifiers are binary so that each classifier takes a feature vector and produces
a classfication in (0, 1). We can then produce a metamodel smply by using a
majority vote of the n classifiers.

Asthe second example, given alearning set L, we replicate itn times to produce
n learning sets (L. .... L, } and create a different model fj on each learning set
L j, for example, by training the replicated dataon n different mode types. Given a
feature vector x, we can producen scores ( fi(x), .... f,;(x)), one for each model.
Given a new learning set ML, we can build a metaclassifier / on ML using the
data{( fi(x),.... fu(x), ¥):(x,¥)in ML}.

In the work below, the fj are different information retrieval algorithms trained
on the same learning st L as in the second example. We combine them using a
polynomial or other basic model. The combining model uses the scores produced
by the base algorithms and not any document or query vector features directly.
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7.5 Implementation

In this section, we briefly describe the system we used for these experiments.
The experiments were done using a text mining module added to the PATTERN
[PAT99] data mining system.

PATTERN is designed around ensemble-based learning. That is, the basic struc-
ture in the system is an ensemble of models. Ensembles in PATTERN naturally
arise by partitioning the learning set, by sampling the learning set, and by combin-
ing multiple classifiers. For the experiments described below, we simply viewed
the outputs of experiments involving different IR algorithms as a metalearning set.
We then used PATTERN to compute a (meta-) classifier.

The PATTERN text mining module creates a dictionary and document-term
matrix by scanning a collection of documents. The dictionary can be composed
of either words or rc-grams. In either case, stop-lists can be applied to remove
common terms. In the case of words, a stemming algorithm can also be applied.

PATTERN'S document-term matrix and feature vectors use sparse data struc-
tures, since several of the experiments use over 150,000 terms. This size of the
feature vectors was a problem for PATTERN initially and some effort was required
for PATTERN to work with feature vectors of this size.

7.6 Experimental Results

We created a learning st using FBIS documents from the TREC [Har95] collec-
tion and estimated the parameters for four different combining functions: linear
regression, two different quadratic regressions, and cubic regression.

For the validation, we used 300 FBIS documents and 29 queries. This produced
8700 query document combinations. One hundred and ten of these combinations
were classified as relevant in the TREC data set; that is, in 110 of the 8700 query-
document combinations, the query was labeled as relevant to the corresponding
document. For each document-query pair, we computed 40 = 8 x 5 scores, by
using the five similarity metrics and the eight term weight normalizations from
Tables 7.1 and 7.2. These 40 scores were the independent variables used for each
combining function. To simplify the interpretation of our experiments, we selected
one of the best performing IR agorithms as a baseline. The second column of Ta-
ble 7.5 represents the number of documents required by the baseline algorithm
in order to obtain the number of relevant documents given in the first column.
The remaining columns give the number of the documents required by the dif-
ferent combining methods (linear regression, cubic regression, and two different
quadratic regressions) in order to obtain the number of relevant documents in-
dicated. The 40 scores generated for each query-document pair were combined
using each of the four combining methods to obtain a single combined score for
the given pair. The query-document pairs were ordered by these combined scores.
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f No. Relevant | Baseline | Linear | Cubic | Quad. | | Quad. 2 |
10 592 380 145 75 76
20 1352 | 931 299 212 195
30 1825 1417 | 820 400 372
40 2453 1820 [ 1122 | 670 622
50 4013 2306 | 1422 | 933 920
55 4383 2442 1598 | 1168 1137

| 60 5044 2601 1730 | 1458 1345

| 70 5817 3136 | 2101 | 1910 1734

| 80 6733 4164 | 2775 | 2668 2312

K/ 7420 4880 | 3472 | 3645 3035
100 8328 5552 | 5211 | 4875 5353
10 1 8644 7597 | 8101 | 7780 7948

Table 7.5. Results of Applying Four Different Metalearning Algorithms to the 40 Algorithms

As can be seen from Table 7.5, the various combining functions significantly
outperformed the baseline. Note that the baseline did not perform particularly well
on this data set. Only very simple term weighting and similarity metrics were
employed in this proof of concept, including some that are found in the literature,
but are rarely used today. This points out that combining even relatively weak IR
algorithms using metalearning can produce an IR algorithm that is strong enough
to be useful.

Note that by looking at the firs row in Table 7.5 , we see that the recall for the
baseline algorithm is 10/110 = 0.090 and the precision is 10/592 = 0.016. From the
same row, we see that for the quadratic combining function and the same recall,
the precision is 10/75 = 0.133. That is, for the same recall, the nonlinear quadratic
combining function increases the precision by over 700%.

7.7 Further Work

The work described in the body of this chapter has provided encouragement for
pursuing and greatly expanding the metalearning approachto IR. Below, we briefly
describe the directions and successes that this expanded effort has taken. A further
paper, to be published in the near future, will describe this expanded effort in much
greater detail.

The study was expanded from the preliminary 300 to 11,188 FBIS documents,
and 10 queries, chosen to have reasonable but not excessive representation in
the document set. The number of term weighting schemes and document/query
similarity metrics was expanded, resulting in 54 possible IR algorithms; then a-
gorithms that made no sense or were too closely correlated to earlier algorithms
were eliminated, resulting in 28 IR agorithms, ranging from state of the art to
found only in textbooks to homegrown.
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The combining functions described in the body of this chapter were replaced
by metalearning functions drawn from the Machine Learning (ML) world, for ex-
ample, decision trees, logistic regression, and later Random Forests (RF), anovel
tree-ensemble method developed at Berkeley. The results using these ML meta-
models confirmed the results reported in this preliminary study. Retrieval using
a metamodel trained on a variety of smple IR models significantly outperforms
any of the individual IR models taken separately. We can express these results in
dightly different terminology: The collection of IR algorithms combined by the
metamodel is an ensemble. Theindividua IR models are base models. We found
that an ensemble could consistently outperform a varied collection of simple base
models. Interestingly, the base models that contributed most to the performance
of the ensemble were not necessarily the models developed from the algorithms
most recommended in the IR community.

7.8 Summary and Conclusion

To summarize, in this chapter, we have introduced the basic idea of using met-
alearning to combine severd different information retrieval algorithms to improve
precision and recall. The idea of metalearning is simple: afamily of IR algorithms
applied to a corpus of documents in which relevance is known produces a learning
sat. A machine learning algorithm applied to this set produces a classifier that
combines the different IR algorithms.

We have also presented evidence of the effectiveness of this approach when
simple nonlinear combining models are used on a collection of IR algorithms
produced by varying the similarity and normalizations.

The experimental study described here is promising, but additional work is
required to understand the applicability of this approach to larger and more
heterogeneous data sets and using a wider variety of IR algorithms.

Acknowledgments. This work was supported in part by the CROSSCUT Program
from DOD and in part by Magnify.

References

[Die97d T.G. Dietterich.Machine-learning research: Four current directions. A/ Maga-
zine, 18(4):97-136, 1997.

[FS94] E.A. Fox and JA. Shaw.Combination of multiple sources.In Proceedings of the
Second Text Retrieval Conference (TREC-2), pages 97-136, 1994.

[GBNP96] R.L. Grossman, H. Bodek, D. Northcutt, and H.V. Poor.Data mining and tree-
based optimization.In Proceedings of the Second International Conference on
Knowledge Discovery and Data Mining, E. Simoudis, J. Han and U. Fayyad,
eds., AAAI Press, Menlo Park, CA, pages 323-326, 199.



[GLO2]
[GreOl]

[Har95)

[HPS96]

[Leeo5)

(Les971

MayOQ|
[MMPOO]

[PATO9]
LRCSO0]

[Sal8g]

[VCOs|

[VR79]

7. Combining Algorithms Using Metalearning 169

R.L. Grossman and R.G. Larson.A state space redization theorem for data
mining. In subm., 2002.

E. Greengrass.Information retrieval: A survey.United States Department of
Defense Technical Report TR-R52-008-001, 2001.

D.K. Harman, editor.Proceedings of the Third Text Retrieval Conference
(TREC-3). Nationd Ingtitute of Standards and Technology Special Publication
500-226, 1995.

D.A. Hull, J.O. Pedersen, and H. SchiitzeMethod combination for document
filtering.In Proceedings of the Nineteenth Annua International ACM SICIR
Conference on Research and Development in Information Retrieval, 1996.

JH. Lee.Combining multiple evidence from different properties of weighting
schemes.In Proceedings of the Eighteenth Annud International ACM SIGIR
Conference on Research and Development in Information Retrieval, 1995.

JH. LeeAnayses of multiple evidence combination.In Proceedings of the
Twentieth Annual International ACM SIGIR Conference on Research and
Development in Information Retrieval, 1997.

J. Maylield.Personal communication, 2000.

J. Maylield, P. McNamee, and C. Piatko.The JHU/APL HAIRCUT System at
TREC-8.National Ingtitute of Standards and Technology Special Publication,
2000.

PATTERN.The pattern system version 2.6, Magnify, Inc., 1999.

A.L. Prodromidis, PK. Chan, and SJ. Stolfo.Meta-learning in distributed data
mining systems, issues and approaches.In Advances in Distributed Data Min-
ing, Hillol Kargupta and Philip Chan, eds., MIT Press, Cambridge, MA, pages
81-113,2000.

G. SdtonAutomatic Ted Processing: The Transformation, Andysis, and
Retrieval of Information by Compiler. Addison-Wedey, Reading, MA, 1989.

C.C. Vogt and G.W. Cottrell.Predicting the performance of linearly combined
IR systems.In Proceedings of the 21st Annual International ACM SIGIR Con-
ference on Research and Development in Information Retrieval, pages 190-196,
1998.

C. J van Rijsbergen.Information Retrieval, second edition.Butterworths,
London, 1979.






Part |11

Trend Detection






3
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Web Queries
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Overview

In this chapter, we demonstrate the type and nature of query characteristics that
can be mined from web server logs. Based on a study of over half amillion queries
(spanning four academic years) to a university's website, it is shown that the
vocabulary (terms) generated from these queries do not have a well-defined Zipf
distribution. However, some regularitiesin term frequency and ranking correlations
suggest that piecewise polynomial datafits are reasonable for trend representations.

8.1 Introduction

The Web has made end-users' searching areality with a mixed blessing. The vast
amount of information on the Web is readily available to those who have Internet
access and know how to find it, but the majority of Web users show perpetual novice
searching behaviors. Much has been done to improve the functionality of the search
engines in the last two decades. Adding sophisticated features to search engines
can certainly enhance systems' utility, but only sophisticated users can benefit from
the advanced functions. To improve usefulness and usability, however, research is
still needed in the interpretation of Web users' behavior.

Studies of traditional information retrieva (IR) systems (such as library catalogs
and various online databases) reveal many problems that searchers encountered:
the complexity of query syntaxes, the semantics of Boolean logic operators, and
the linguistic ambiguities of natural language. These studies made suggestions
on possible improvements in system design as well as user training. The current
Web users, however, are unlikely participants in user training programs given the
fact that anyone can get a quick start on interacting with the, friendly systems.
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Therefore, the system must be designed to facilitate self-learning and intelligent
interactions beyond the traditional IR systems.

Several studies have reported results and analysis of collected queries and logged
search sessions from Web search engines [JSS00, SHMM99, SWJS01, WP97]. A
recent publication reviews studies on Web searching and suggests future research
[JPO1]. Excite search logs were collected twice: 51,473 querieson March 9, 1997
and 1,025,910 queries on September 16, 1997 [ISS00, SHMM99]. AhaVida search
logs recorded 993,208,159 queries from August 2 to September 13, 1998 [WP97].
A study by Hoelscher captured 16,252,902 queries submitted to the Fireball search
engine in German from July | to July 31, 1998 (cited in [JPOLJ). Despite the
differences in data collection and processing as well asthe fod of analyses, results
are comparable in many aspects. Web queries are short, averaging two words,
and very simple in structure; few queries use advanced search features; and many
gueries contain syntax or semantic errors, resulting in zero-hits (33%) [SBC97,
WP97]. Term association has been examined by Excite and. AltaVista researchers
using quite different parsing strategies. Both groups report that term pairs do not
follow a Zipf frequency-ranking distribution; some of the high-frequency pairs
are not topic-related, such as and-and, of-the, how-to, and-not, and so on; strong
association exists among certain topic terms such as cindy-crawford, visual-basic
|[RWOQ0, SWJS01, Wol99J.

Although the logs in these studies were quite large, they only covered a very
short period of time and hence provide only a brief snapshot of Web searching.
This study reports on an analysis of 541,920 logged queries from May 1997 to May
2001 at a university's main website. These particular data facilitate the analysis of
longitudinal trends and changes over time.

82 Query Dataand Anaysis

A total of 541,920 queries were submitted to a search engine at the University of
Tennessee's website from May 1997 to May 2001. Although a new search engine
was added to the website in January 2000, the original and new search engines co-
existed for more than a year until the find retirement of the old engine." No log tile
was available from the new (interim) search engine. With regard to completeness,
our data set includes complete queries covering two academic years (August 1997
to July 1999) or two calendar years (January 1998 to December 1999).

The log data include a date stamp, the query statement, and the hits (number of
URLSs retrieved per query). Each query is assigned a unique identification number
for storage in arelational database. The following are selected examples showing
some interesting characteristics of the Web queries.

! Built using SWISH, a shareware program.
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Unique Id  Date Stamp  Query Statement Hits
3 1997/05/06  summer "97 0
18490 1998/09/21  "423-525-8438" 0

32595  1997/09/16  ALUMNI HEADQUARTERS FOR
10/18/97 TENNESSEE VS’
ALABAMA FOOTBALL GAME

AT BIRMINGHAM 0
55389 1997/11/11  the beacon 0
55390 1997/11/11  the daily beacon 0
63151  1997/12/02  Drop out rate for Freshmen at the
University of Tennessee in the
1996-1997 school year 0
249599 1999/01/05  Anthropology 50

507033 2000/09/05  "how much garbage does the
university of Tennessee at Knoxville

dispose of in one month?" 0
507046 2000/09/05 3270 ]
535087  2001/03/13  ewan AND unix AND domain

AND help AND setup 0
541736 2001/05/10  tennesee 101 fall 0

The raw data were parsed, cleaned, and then imported into ACCESS, arelational
database. Data mining in this context is focused on both statistical and linguistic
trends in these data. The statistical analyses provide a global view of search ac-
tivities over time. Linguistic analyses examine queries as statements, vocabulary,
and word associations.

Word association is viewed as the co-occurrence of two words, cdled a word
pair. A word pair from a query is the adjacent words ignoring word order, or two
words in the proximity of one intervening word. This decision was based on the
fact that about 54% of the queries contained two or three words and 6% of the
queries had more than three words.

8.2.J Descriptive Statistics of Web Queries

Of the 541,920 queries collected, 73,834 were from 1997, 172,492 were from 1998,
233,442 were from 1999,43,448 were from 2000, and 18,704 wereissued in 2001.
A substantial increase is seen from 1998 to 1999. The drastic decrease in number
of queries was due to the search engine change in 2000 and the final retirement of
the old enginein 2001 (mentioned earlier). Several observations were made about
the query characteristics: zero hit, empty, length measured by the position count
between the first and the last characters, the number of words in cleaned queries,
and unigque or common queries (identical in words and wording).

Zero-hit queries ranged from 32 to 40% with an average 33% for dl queries.
This number is much higher than those reported by the other studies of Web
queries. Severd factors contributed to the zero hit. First, the stop-words set by the
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engine excluded many words such asthe, of, numeric, nonal phabetic symbols, and
words with high frequencies. Although this fact was readily available on the search
engine web page, users seldom checked it. Second, the queries contained a high
percentage of misspelled words (26%). Third, many searches entered names of
individuals. The name search is not handled by this engine since a People Search
utility was provided for that particular need. In addition, only names appearing
on the web pages that were three hyperlinks from the main source page were
indexed. Fourth, the default Boolean operator was AND, thus a query containing
three words was treated as a search statement using Boolean AND. To search using
Boolean OR, the OR had to be included in the queries. Finaly, empty queries also
contributed to the zero-hit in asmall scale (1.4%). Two previous studies reported a
comparatively higher percentage of empty queries: 5% (Excite queries) and 20%
{AltaVida queries).

The average length of the queries excluding empty queries was 13 positions
between the firg character and the last character. Thelongest one had 131 positions
in natural language format with punctuation:

"I have had this problem ever since the beginning of this week. | have
not been able to dia into UTK network even with one success."

Most nonempty queries were short: about 40% were single word queries, 40%
were two-word queries, 14% were three-word queries, and 6% of the queries
contained four or more words. The maximum number of words in a query was 26
and the mean was 2, much shorter than those reported by other studies. For the
st of cleaned queries, there were 135,036 unique queries, of which 73% of the
queries (98,236) occurred only once. The most frequent query was career services
with a count of 9587 and the next frequent query was grades with a count of
5727. On the list of queries that occurred 1000 times or more, al are education
or campus life related: tuition (4837 queries), housing (4203), transcripts (2340),
transcript (1211), cheerleading (1985), cheerleaders (1377), registration (1683),
football tickets (1465), and Webmail (1317).

522 Trend Analysis of Web Searching

The search activities of an academic year are reflected in Figure 8.1. Here the num-
ber of queries per month shows similar patterns: the peak month is January for
both years; June and August had comparatively fewer queries for both years. Fur-
ther analysis of two selected weeks from Fall and Spring shows the Web activities
across the days of a week (Figure 8.2).

Monday through Thursday generally had more queries than Friday and week-
ends. During the Christmas and New Y ear's holidays, the search activities dropped
substantially, when the university had administrative closings. Such periods of re-
duced numbers of queries are certainly common for users who are members of the
university community (students, faculty, and gtaff).
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Figure 8.2. Number of queries per day for selected weeks of March and October 1999.
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Figure 8.3. Natura log of term frequencies versus natura log of term ranks. Frequencies
ranged from 1 to 16063 for occurrences ranging from 1 to 22829. Ranks for dl terms
(44652) and unique frequencies (705) are considered.

83 ZipfsLaw

One of the enduring curiosities in text analysis and mining has been the lit of Zipfs
law and its variations [BYRN99, Kor77]. Because query statements submitted to
the search engines were from diverse users and extremely short as a text unit, it
is difficult to predict if the vocabulary will show similar statistical distributions.
Researchers of Excite query logs plotted lines of logarithmic rank-frequency dis-
tribution of terms and cleaned terms, resulting in lines far from (perfect) smooth
straight lines of ope — 1.

8.3.1 Natural Logarithm Transformations

Using the natura logarithm to transform the data collected for this study, two sets
of data were plotted: one line representing ranks of al words by their frequencies
in descending order, and one line representing ranks of unique frequencies (Figure
8.3). The former ignored the fact that many words had the same frequencies, espe-
cidly in the low frequencies; the latter assumed fair ranking based on frequency
and ignored the size of the vocabulary. Figure 8.3 illustrates how the two lines
greatly overlap for In(rank) up to 6 and then diverge by In(rank) = 7. To understand
if these lines show similar trends, four additiona graphs were produced using the
vocabulary of individual years (Figure 8.4). Figure 8.5 depicts two lines for word
pairs, which show trends similar to those of single words. We show only 65535
term pairs (out of atotal of 141353) for this figure, and note that only 49797 word
pairs occurred in more than one query. In other words, 91556 (65%) word pairs
share the frequency value 1. A comparison of dl the curves shown indicates that
the larger the vocabulary, the longer the tail. That is, a single straight trendline
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(linear fit) will not suffice to model query term (or term pair) frequency-ranking
distributions.
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Figure 8.4. Term frequency rankings by year. The frequencies of al words are ranked first
to generate the plot; the unique frequencies are also ranked (many terms have the same
frequencies). Natural logarithms of term frequencies and ranks are plotted.

832 Piecewise Trendlines

The attempt to find the closest mathematical representation results in breaking the
line at a point into two lines. This proves to be an effective way of modeling the
trend. Figure 8.6 presentsthetrendline for al words using two equations: alinefor
the lower portion and a quadratic polynomia for the upper portion. For the lines
representing unique frequencies, two lines will not be enough to achieve a close
fit of the trendline because the low frequencies cluster many words (word pairs).

84 Vocabulary Growth

The more the number of queriesin ayear, the more the number of unique words or
word pairs there will be. This change is not in proportion: the size of vocabulary
increases much more dowly than the size of the queries (Figure 8.7). Further
investigations into the overlapping of vocabulary across years revealed that 2912
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Figure 8.5. Frequency by rank for term pairs. Thetop curve reflects ranking of dl occurrences
of term pairs (65,535) and the bottom curve represents only unique frequencies of term pairs
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Figure 8.6. Quadratic and linear data fitting.

words occurred in al five years, 2534 words in four years, 3681 words in three
years, 6547 words in two years, and 28168 words in one year. For al years, there
was atotal of 44652 unique words.

Only half of thewords occurredin atotal of 141353 pairs. There were 2222 pairs
in al fiveyears, 3617 pairsin four years, 7383 pairsin three years, 17586 pairsin
two years, and 110545 pairs in only one of the years. Many of the high-frequency
words or word pairs occurred in al years, such as of, and, services, student, career,
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and football are on top 10 list for al years; career-services is the top one pair for
four years and third for 2001 when the log was incomplete; football tickets ranked
5th twice, 7th and top 13th once, but 1429th for 2001. Since the log file ended in
May 2001 and football season starts in the Fall, some of the queries were certainly
seasonal in nature.
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Fgure 8.7. Trends in vocabulary growth.

85 Conclusions and Further Studies

This project revealed some characteristics of end-user searching on the Web, which
can be exploited in search engine design. The occurrence of zero-hits due to the use
of stop-words can be solved in two ways: the engine can automatically exclude
them in query processing (many search engines now do this). This may not be
enough, however, to improve searchers' skill through self-learning. An intelligent
agent could present this fact at search time via a context-sensitive instruction.
Although the vocabulary does not fit Zipf's law closely, the frequency and
ranking show regularities with smple polynomia data models underlying the use
of words to form queries. The vocabulary size can be expected to increase dowly
as the number of queriesincreases rapidly. The users of a specific website certainly
share common interests. As reflected in this study, the users of an academic site,
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quite different from the users of general search engines, looked for information
mostly related to education and campus life.

The analysis of word associations indicated that the matrix of vocabulary terms
to term pairs is sparse with only a small portion of the vocabulary words co-
occurring. Further explorations are needed to address questions such as: (1) How
should a search engine interpret term pairs? (la) Should the term pairs be treated
as aBoolean AND operation? Or (1b) as a Boolean OR operation? (2) Should the
words that always occur together be given higher weight even though their relative
frequency (individually) is low? (3) For two-word queries, are both words good
content descriptors or do they define a structure function? In other words, can one
of the words form an effective query statement? To answer these questions, human
judgments and additional tools are needed. The word associations measured by
frequencies of word pairs may be predictable by word frequencies alone.

Web queries are short. Expansion of short queries by word associations may
improve descriptions of information needs, which in turn increases precision. Tech-
niques for clustering queries and generating categories of information needs are
certainly needed. For the generation of content-based metadata, any system must
be able to incorporate user vocabulary that can be automatically collected and
analyzed.
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Oveview

In this chapter we describe several systems that detect emerging trends in textual
data. Some of the systems are semiautomatic, requiring user input to begin pro-
cessing, and others are fully automatic, producing output from the input corpus
without guidance. For each Emerging Trend Detection (ETD) system we describe
componentsincluding linguistic and statistical features, learning algorithms, train-
ing and test set generation, visualization, and evaluation. We aso provide a brief
overview of several commercia products with capabilities of detecting trends in
textual data, followed by an industrial viewpoint describing the importance of trend
detection tools, and an overview of how such tools are used.

This review of the literature indicates that much progress has been made to-
ward automating the process of detecting emerging trends, but there is room for
improvement. All of the projects we reviewed rely on a human domain expert to
separate the emerging trends from noise in the system. Furthermore, we discov-
ered that few projects have used forma evaluation methodologies to determine
the effectiveness of the systems being created. Development and use of effective
metrics for evaluation of ETD systems is critical.

Work continues on the semiautomatic and fully automatic systems we are de-
veloping at Lehigh University [HDD]. In addition to adding forma evaluation
components to our systems, we are also researching methods for automatically
developing training sets and for merging machine learning and visualization to
develop more effective ETD applications.
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9.1 Introduction

What is an emerging trend? An emerging trend is a topic area that is grow-
ing in interest and utility over time. For example, Extensible Markup Language
(XML) emerged as atrend in the mid-1990s. Table 9.1 shows the results of an
INSPEC® [INS] database search on the keyword "XML" from 1994 to 1999 (no
records appeared before 1994). As can be seen from thistable, XML emerged from
1994 to 1997; by 1998 it was well represented as a topic area.

_\ml | NuquEr of _Ducumcnl:-; |
1994 | 3 -
1995 ' [
1996 8
1997 | 10
1998 170
1999 | - 371

Table 9.1. Emergence of XML in the Mid-1990s

Knowledge of emerging trends is particularly important to individuals and com-
panies who are charged with monitoring a particular field or business. For example,
a market analyst specializing in biotech companies might want to review techni-
ca and news-related literature for recent trends that will have an impact on the
companies she is tracking. Manual review of dl the available data is Smply not
feasible. Human experts who have the task of identifying emerging trends need to
rely on automated systems as the amount of information available in digital form
increases.

An Emerging Trend Detection application takes as input a collection of textual
data and identifies topic areas that are either novel or are growing in importance
within the corpus. Current applications in ETD fal generally into two categories:
fully automatic and semiautomatic. The fully automatic systems take in a corpus
and develop a list of emerging topics. A human reviewer then peruses these topics
and the supporting evidence found by the system to determine which are truly
emerging trends. These systems often include a visua component that allows the
user to track the topic in an intuitive manner [DHJ'98, SACK)]. Semiautomatic
systems rely on user input as a first step in detecting an emerging trend [PD95,
RGPO02]. These systems then provide the user with evidence that indicates whether
the input topic is truly emerging, usudly in the form of user-friendly reports and
screens that summarize the evidence available on the topic.

We begin with a detailed description of several semi- and fully automatic ETD
systems in Section 9.2. We discuss the components of an ETD system including
linguistic and statistical features, learning algorithms, training and test set genera-
tion, visualization, and evaluation. In Section 9.3 we review the ETD capabilities
in commercial products. Our conclusions are presented in Section 9.4. In Sec-
tion 9.5, Dr. Daniel J. Phelps, Leader of Eastman Kodak's Information Mining
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Group, describes the role of ETD systems in modern corporate decision-making
environments.

9.2 ETD Systems

As mentioned above, ETD systems can be classified as either fully automatic or
semiautomatic. Semiautomatic systemsrequire user input as afirs step in detecting
the emerging trends in a topic area. As part of our ongoing research at Lehigh
University, we have developed both fully and semiautomatic systems that have
successfully identified emerging trends. In this section we provide an overview of
the components that are included in most ETD systems (input data sets, attributes
used for processing, learning algorithms, visualization, evaluation), followed by a
detailed description of several ETD systems.

We begin with adiscussion of the data that are used in ETD systems. The most
commonly used data repository for ETD emerged from the Topic Detection and
Tracking (TDT) project [TDT] that began in 1997. TDT research develops ago-
rithms for discovering and threading together topically related material in streams
of data, such as newswire and broadcast news, in both English and Mandarin Chi-
nese. The TDT project, while not directly focused on emerging trend detection,
has nonetheless encouraged the development of various fully automated systems
that track topic changes through time. Severa of those algorithms are described
in this section.

As part of the TDT initiative severd data sets have been created. The TDT data
sets are sets of news stories and event descriptors. Each story/event pair is assigned
a relevance judgment. A relevance judgment is an indicator of the relevance of
the given story to an event. Table 9.2 portrays severa examples of the relevance
judgment assignment to a story/event pair. Thus the TDT data sets can be used as
both training and test sets for ETD algorithms. The Linguistic Data Consortium
(LDC) [Lin] currently has three TDT corpora available for system development:
the TDT Pilot study (TDT-Pilot), the TDT Phase 2 (TDT2), the TDT Phase 3
(TDT3), as well asthe TDT3 Arabic supplement.

Not al of the systems we describerely on the TDT data sets. Other approaches
to the creation of test data have been used, such as manualy assigning relevance
judgments to the input data and comparing the system results to the results produced
by ahuman reviewer. This approach is tedious and necessarily limits the size of the
data set. Some of the systems we present use databases such as INSPEC®, which
contains engineering abstracts, or the United States patent database [US J, which
allows searching of al published US patents. The input data set, along with the
selection of appropriate attributes that describe the input, is a critical component
of an ETD system. Attribute selection is at the core of the tracking process, since it
is the attributes that describe each input item and ultimately determine the trends.

The attributes obtained from the corpus data are input to the methods/techniques
employed by each ETD system we describe below. As shown, some research groups
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I - Relevance
Story Description | Event Judgment
Story describes survivor’s | Oklahoma  City Yes
reaction after Oklahoma | Bombing
City Bombing
Story describes survivor’s | US Terrorism Re- No

reaction after Oklahoma | sponse
City Bombing
Story describes FBI's in- | Oklahoma City Yes
creased use of surveillance | Bombing

in government buildings as |
a result of the Oklahoma
City Bombing

Story describes FBI's in- | US Terrorism Re- Yes
creased use of surveillance | sponse

in government buildings as
a result of the Oklahoma
City Bombing

Table 9.2. Story/Event pairs

usetraditional Information Retrieval (IR) methodol ogiesto detect emerging trends,
while others have focused more on traditional machine learning approaches such
as those used in data mining applications.

Work in the areas of visualization-supported trend detection has explored mul-
tiple techniques for identifying topics. When a user is trying to understand a large
amount of data, a system that allows an overview, a multiple levels of detail and
from multiple perspectives, is particularly helpful. One of the simplest approaches
is a histogram, where bars indicate discrete values of actua data at some discrete
point in time. Information visualization is meant to complement machine learning
approachesfor trend detection. Plotting the patterns along atimeline alows one to
see the rate of change of a pattern over time. For each algorithm described below,
we discuss the visualization component, showing how the component enhances
the trend detection capabilities of the system.

The evaluation of an emerging trend detection system can be based on formal
metrics, such as precision (the percentage of selected items that the system got
right) and recall (the proportion of the target items that the system found), or
by less formal, subjective means (e.g., answers to usability questions such as: Is
the visualization understandable?). The particulars of an evauation are related
to the goals of the method and thus can vary greatly, but some justification and
interpretation of the results should always exist to vaidate a given system.
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9.2.1 Technology OpportunitiesAnaysis (TOA)

Alan L. Porter and Michadl J. Detampel describe a semiautomatic trend detection
system for technology opportunities analysisin [PD95]. Thefirst step of the process
is the extraction of documents (such as INSPEC® abstracts) from the knowledge
areato be studied. The extraction process requires the development of a list of
potential keywords by a domain expert. These keywords are then combined into
queries using appropriate Boolean operators to generate comprehensive and accu-
rate searches. Thetarget databases are also identified in this phase (e.g., INSPEC®,
COMPENDEX® [COM], US Patents, etc.).

The queries are then input to the Technology Opportunities Analysis Knowbot
(TOAK), a custom software package also referred to as TOAS (Technology Op-
portunities Analysis System). TOAK extracts the relevant documents (abstracts)
and provides bibliometric analysis of the data. Bibliometrics uses information
such as word counts, date information, word co-occurrence information, citation
information, and publication information to track activity in a subject area. TOAK
facilitates the analysis of the data available within the documents. For example,
lists of frequently occurring keywords can be quickly generated, as can lists of
author affiliations, countries, or states.

In [PD95], the authors present an example of how the TOAK system can be
used to track trends in the multichip module subfield of electronic manufacturing
and assembly. Figure 9.1 [PD95] shows alist of keywords that appear frequently
with "multichip module" in the INSPECO database. The authors observed that
multichip modules and integrated circuits (particularly hybrid integrated circuits)
co-occurred very frequently. An additional search using the US Patent database
showed that many patents had been issued in the area of multichip modules. Fur-
thermore, the integrated circuits activity was more likely to be US-based, while
large-scale integration activity was more likely to be based in Japan.

TOAK is meant to be used by a human expert in an interactive and iterative
fashion. The user generates initial queries, reviews the results and is able to re-
vise the searches based on his domain knowledge. TOA represents an alternative
approach to the time-consuming literature search and review tasks necessary for
market analysis, technology planning, strategic planning, or research [PD95].

Input Data and Attributes

The INSPEC® database serves as the primary corpus for TOA and its related
software, TOAK. Two opportunities exist for attribute selection. First (Table 9.3),
a list of keywords (a single word or multiple words, termed «-grams) and their
possible combinations (using Boolean operators) are supplied to TOAK, which
retrieves al relevant items. The number of keyword occurrences and keyword co-
occurrences (the appearance of two keywords in the same item) are calculated per

An ragram is a sequence of n words. For example, the phrase "stock market" is a bigram (or
2-gram).
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Multichip Module Keywords and Frequencies
[INSPEC Database|

Keyword Number of articles keyword Number of articles
a2 Circuit layout CAD [
480 Tape automated bonding i3
7 Printed ¢ircuit ' il
Module k| Printed cirgut desig (i
ntegrated cirenst technology 4% Thin film circuit 6d

reuit festing 127 CMOS itegrat S
1 Soldering E11]

YLSI us Optical interconnections a8
Surface mount echnology w3 Léad bonding 44
Flip-chip devices 03 Imtegrited  optoelectronics 4
Inteprated gireuit manuinetare Hh Printed circuits 2
Cerimics 1] Production testing
Carg abliiy il Hehabality 4
Pobymer film: 14 Microassembling 1
Cooling Ta Cirewit CAD
Metallisation ] Microprocessor chips

Figure 9.1. Co-occurrences with "multichip modules® |PD95]

year and over al years. A second pass (Table 9.4) involves selecting al phrases
(single- and multiword) from a specific field and calculating the number of items
that contain each phrase. For example, every phrase in the keyword fidd of each
item may be counted, or each phrase in the affiliation Hdd |PD95|.

Attribute Detail Generation

n-grams "_I.E_g.. multichip modules, ball grid | Manual
array

Frequency | Count of n-gram oceurrence Automatic

Frequency Count of n-gram co-occurrence Automaltic

Date Given by year Automatic

Table9.3. TOA Firg Pass Attributes

" Attribute i Detail Generation
| Field ~ | A section of an item (e.g. an | Manual
indexing term or ¢ily name)
Frequency Countofn-gram occurrence in a field | Automatic

Table 9.4. TOA Ssoond Pass Attributes

Learning Algorithms

Like most of the systems that facilitate trend detection in textual collections, TOA
relies on the expertise of the user who is researching agiven area. TOAK provides
access to many different data sources, including INSPEC®, COMPENDEX®, US
Patents, and others, but is necessarily limited as not all R&D work is patented or
published. The power of TOAK resides in the visua interface and easy access to
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different views of the data. There are no inherent learning algorithms present in
the system; the user is solely responsible for trend detection.

Visualization

Visualizations in TOA include frequency tables, histograms, weighted ratios, |og-
log graphs, Fisher-Pry curves, and technology maps [PD95]. These tools present
information graphically using various linking and clustering approaches such as
multidimensional scaling. TOA can generate visualizations based on attributes
such as keyword, organization, document source, country of origin, and author.
Principal components visualizations that represent relationships among conceptual
clusters can also be created.

Evauation

Identification of trends is left to the user in this semiautomatic method. TOA
could, however, be evaluated on how well it presents information to the user.
Visualizations are meant to significantly increase understanding of the data, and
intuitively do. TOA developers, however, provide no evidence for the efficacy
of these tools, apart from various author's claims. Solutions do however exist
for evaluating this type of method. For example, results of usability studies and
focus groups can strengthen arguments that visualization is indeed helpful. The-
meRiver™ (Section 9.2.5) employs this usability approach for evaluation. Formal
metrics, even with a semiautomatic method, can also be utilized as in CIMEL
(Section 9.2.2).

922 CIMEL: Constructive, Collaborative Inquiry-Based
Multimedia E-Learning

CIMEL is a multimedia framework for constructive and collaborative inquiry-
based learning that we, the authors of this survey, have developed [BPK+01,
BPK+02, CIMY. Our semiautomatic trend detection methodology described in
| RGPO2] has been integrated into the CIMEL system in order to enhance computer
science education. A multimedia tutorial has been developed to guide students
through the process of emerging trend detection. Through the detection of incipi-
ent emerging trends, students see the role that current topics play in course-related
research areas. Early studies of this methodology, using studentsin an upper-level
computer science course, show that use of the methodology improves the number
of incipient emerging trends identified.

Our semiautomatic algorithm employs a more robust methodology than TOA
because the user base is assumed to be individuals who are learning a particular
area, as opposed to domain experts. The methodology relies on web resources
to identify candidate emerging trends. Classroom knowledge, along with auto-
mated "assistants,”" help students to evauate the identified candidate trends. This
methodology is particularly focused on incipient trends.
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1. Identify amain topic areafor research (e.g., object databases)
2. Identify recent conferences and workshops in this area (e.g.,
OOPSLA for object-oriented programming)

3. Review content and create alist of candidate emerging trends
4. Evauate each emerging trend identified in Step 3, using
general web research tools (e.g., Google™ search)

5. For each candidate emerging trend remaining after Step 4,
veify the trend using an INSPEC® database search

Table 9.5. Methodology for Detecting Emerging Trends

The methodology is outlined in Table 9.5. In Step two of this methodol ogy (after
a main topic area has been identified) the user is directed to recent conferences
and workshops online and instructed to review the content and develop a list of
candidate emerging trends. Next, the user is directed to a general-purpose web
search engine to find other references to candidate emerging trends identified in
step three. Searches using the candidate trend phrase, aong with terms such as
"recent research,” "approach," and so on, are employed to improve the precision
of the search results. The user is provided with a detailed algorithm that includes
parameters for evaluation of the pages returned from the search engine. The can-
didate emerging trend may be rejected as aresult of this search. In addition, other
candidate emerging trends may be identified in this step.

TRACK LIST &

Detection of Emerging trends 1 Verifieatlon using Condidote Trend 2 I;t [XJ

Inherttance
Detection of Emorging
Detoction of Emerging

Software Engineering
Usability

Olijects and Classes |
Abstract Data Types £
ADTfor Gollectlons

vi
) BOOKMARKS -

Figure 9.2. Emerging trend detection tutorid [CIM],
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Finaly, the user is asked to verify candidate emerging trends using document
count and author and publication venue spread based on an INSPEC© database
search. To make the trend detection process easier, this step has been automated
[GevO2]. The user need only enter a candidate emerging trend (Figure 9.2) identi-
fied in Stepsthree and/or four, and the database search tool automatically generates
document count, unique author sets, unique coauthor sets, and a list of unique
venues (all across time) that pertain to the chosen candidate emerging trend. The
tool aso provides alink to the corresponding abstracts, which can be accessed by
clicking on individual document titles. This feature of the tool is important, as the
user gtill has to decide whether a given candidate trend is truly emerging based on
heuristics provided in the tutorial.

For example, students in an upper-level object-oriented software engineering
course might be asked to find an emerging trend in the field of object databases.
Severad conference websites would be provided, including the Conference on
Object-Oriented Programming, Systems, Languages, and Applications (OOPSLA)
website. A manual review of the content of papers presented at OOPSLA '01 leads
the student to the candidate emerging trend "X ML Databases." A search of the Web
using Google™ results in additiona papers related to XML databases, providing
further evidence that "XML Databases" is an emerging trend. Finaly, the student
is directed to the INSPEC® database. A search using XML and Databases
and Object-oriented reveds the information depicted in Table 9.6. Fur-
ther inspection reveals multiple author sets and publication venues, confirming that
"XML Databases' is an incipient emerging trend in the field of object databases.

Year Number of Documents
Prior to 1999 0]
i] 1999 5
" 2000 f 11
| 2000 | 5 .

Table 9.6. "XML Daabasss' |s an Emerging Trend [RGPOZ)

Input Data and Attributes

The corpus for this semiautomatic methodology can be any web resource. A de-
scription of the main topic is chosen, which can consist of any text. An initia
search of recent conferences and workshops is performed to identify candidate
emerging trends. Using a web search engine, phrases associated with emerging
trends” are used in conjunction with either the main topic or the candidate emerg-
ing trends to uncover additional evidencefor the given candidate and/or to identify

~"Supporting” terms - the list of current associated "supporting” terms. most recent contribution,
recent research, anew paradigm, hot topics, emergent, newest entry, cutting-edge strategies, first public
review, future, recent trend, next generation, novel, new approach, proposed, and current issues.
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other candidate trends. Several attributes guide thisinitial decision-making process
(Table 9.7), including the current year, the number of times either the main topic
or candidate emerging trend appears on the page, the number of supporting terms
on the page, and the line or paragraph containing the main topic/candidate emerg-
ing trend and supporting term [RGP02]. The validation step (Table 9.8) involves
automatically calculating four frequencies across time: the number of unique doc-
uments, unique authors, unique author sets, and unique venues [GevO2]. These
frequencies help the user make afina emerging trend determination. For example,
an increase in the number of documents that reference the main topic and candi-
date emerging trend over time is indicative of atrue emerging trend. On the other
hand, if one or two documents appear in different years by the same author, the
candidate trend may not actually be emerging [RGPO2J.

Attribute Detail | Generation
f-grams Main topic, e.g.. “object databases™ | Manual
1-grams Candidate trend, e.g.. XML Manual

databases™

n-grams Supporting terms Automatic

Search item — Automatic

combination of

n-grams any Boolean <and>
the previous at-

tributes, e.g., “XML <and> novel”

| Date Given by year Automatic
Frequency Count of main topic/candidate trend | Automatic
in page
FI'CLEL‘[K‘_\'_ Count of “supporting” terms Automatic
n-grams Line or paragraph containing the | Manual

main topic/candidate trend and “sup-
porting™ term in a given document

Attribute

Detail

Generation w

Frequency Count of unique authors, per year Automatic ,
Frequency Countof unique documents, per year | Automatic )
Frequency Count of unique author sets, per year | Automatic |

|
|

“ Frequency

Count of unique venues, per year

Automatic |

Tahe98 CIME Vdidaion Sen Attributes
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Learning Algorithms

Like TOA, the CIMEL system relies on the user to detect emerging trends. No
machine learning component is employed. Instead CIMEL relies on a precisely
defined manual process. Like TOA, this system is restricted by the electronic avail-
ability of documentation in a given subject area. Furthermore, the INSPECO query
tool is currently based on abstracts that are downloaded to aloca database, which
must be periodicaly refreshed. Unlike TOA, CIMEL provides specific parame-
ters for identifying an emerging trend, rather than relying solely on the domain
expertise of the user.

Visualization

At the current time the visualization component for trend detection in CIMEL is
under development.

Evauation

Severa experiments have been conducted to evaluate the utility of the ETD com-
ponent of the CIMEL system. In one such experiment, two groups of students in a
programming languages class were asked to identify emerging trends in the area
of inheritance in object-oriented programming. Group B (experimenta) viewed
a multimedia tutorial on the methodology that included a case study; Group A
(control) did not. Hypothesis testing was performed using the standard metric of
precision. Precision for a student was calculated by dividing the number of actual
emerging trends found (zero, one or two for this experiment) by the number of total
trends found (two, if the student completed the assignment successfully). Recal
was not determined since a complete list of emerging trends was not available. A
lower tail /-test concluded with 95% confidence that the mean precision of stu-
dents that used the methodology (Group B) was significantly greater than the mean
precision of students that did not use the methodology (Group A). These results
provide convincing evidence that the ETD methodology employed in the CIMEL
system is effective at detecting emerging trends |Roy02j.

923 TimeMines

The TimeMines system [SIOQ] takes free text data, with explicit date tags, and
develops an overview timeline of statistically significant topics covered by the
corpus. Figure 9.3 presents sample output from TimeMines. TimeMines relies on
Information Extraction (IE) and Natural Language Processing (NLP) techniques
to gather the data. The system employs hypothesis-testing techniques to determine
the most relevant topics in a given timeframe. Only the "most significant and
important" information (as determined by the program) is presented to the user.
TimeMines begins processing with a default model that assumes the distribution
of afeature depends only on abase rate of occurrence that does not vary with time.
Each feature in a document is compared to the default model. A statistical test is
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used to determine if the feature being tested is significantly different than what the
model would expect. If so, the feature is kept for future processing; otherwiseit is
ignored.

AT Y b ‘

FHgure 9.3. TimeMines Sample Output [SIOC).

The reduced st of features that is developed using the first round of hypothesis
testing is then input into a second processing phase which groups related features
together. The grouping again relies on probabilistic techniques that combine terms
that tend to appear in the same timeframesinto a single topic. Finally, athreshold is
used to determine which topics are most important and these are displayed viathe
timeline interface (Figure 9.3). The threshold is set manually, and is determined
empirically.

Like TOA, TimeMines presentsamodel of the datawithout drawing any specific
conclusions about whether a topic is emergent. It smply presents the most statis-
tically significant topics to the user, and relies on the user's domain knowledge for
evaluation of the topics.

Input Data and Attributes

In [SIOQ], the TDT and TDT-2 corporawere date tagged and part-of-speech tagged
with JTAG [XBC94]. (TDT-2 was preliminarily tagged with Nymble [BMSW97].)
In the TimeMines system, an initia attribute list of all "named entities" and certain
noun phrases is generated. A named entity is defined as a specified person, location,
or organization (extracted using the Badger |E system [FSM*95]). Noun phrases
match the regular expression (N|J)* N for up to five words, where N is a noun,
Jisan adjective, | indicates union, and * indicates zero or more occurrences. The
documents are thus represented as a "bag of attributes,” where each attribute is
true or fase (i.e., whether the named entity or noun phrase is contained in the
document). The attributes are shown in Table 9.9.
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Attributes ~ Detail - Generation
Named Person, location, or organization Automatic
Entity
n-grams Follows (N|I)*N pattern for up | Automatic
to five words, e.g.. “textual data
mining”
Presence “True” if the named entity or n-gram Automatic
occurs in the document, else “False.”
Each document has a presence at-
tribute for each named entity and
n-gram
Date Given by day Automatic

Table 9.9. TimeMines Attributes

Learning Algorithms

There are two separate machine learning aspects present in the TimeMines appli-
cation. Fird, as stated before, TimeMines must select the "most significant and
important information" to display. To do this, TimeMines must extract the "most
significant” features from the input documents.

TimeMines uses a statistical model based on hypothesis testing to choose the
most relevant features. As noted, the system assumes a stationary random model for
all features (n-grams and named entities) extracted from the corpus. The stationary
random model assumes that dl features are stationary (meaning their distributions
do not vary over time) and the random processes generating any pair of features are
independent. Features whose actual distribution matches this model are considered
to contain no new information and are discarded. Features that vary grestly from
the model are kept for further processing. The hypothesistesting istime dependent.
In other words, for a gpecific block of time, afeature either matches the mode! (at a
given threshold) or violates the model. Thus the phrase " Oklahoma City Bombing"
may be significant for one time slice, but not significant for another.

After the feature set has been pruned in this manner, TimeMines uses another
learning algorithm, again based on hypothesis testing. Using the reduced feature
set, TimeMines checks for features within a given time period that have similar
distributions. These features are grouped into asingle topic. Thus each time period
may be assigned a small number of topic areas, represented by alarger number of
features.

One potentia drawback of ranking the general topics derived from the significant
attributesis discussed in [SIOO]. The occurrence of an attribute is measured against
all other occurrences of it in the corpus. As a result a consistently heavily used
attribute may not distinguish itself properly. The Kenneth Starr-President Clinton
investigation is unquestionably the most covered story in the TDT-2 corpus, yet
ranked twelfth because it is so prevalent throughout. Against alonger time period,
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including time after coverage had died down, the story probably would have ranked
first.

Like al of the agorithms we present here, the final determination of whether
atopic is emerging is left to the user, but unlike CIMEL and TOA, the user does
not direct the TimeMines system. This system is completely automated; given a
time-tagged corpus it responds with a graphical representation of the topics that
dominate the corpus during specific time periods.

Visudization

TimeMines generates timelines automatically for both visualization of temporal
locality of topics and the identification of new information within atopic. The p-
axis represents time, while the y-axis represents the relative importance of a topic.
The most dtatistically significant topic appears near the top of the visualization
(Figure 9.3). Each block in the visualization interface includes al the terms used
to describe a topic and thus indicates the coverage within the corpus. Clicking on
aterm (named entity or n-gram) pops up a menu of al the associated features of
that type within the topic, and a submenu option allows the user to choose this
feature as the label, or to obtain more information about the feature. However, no
effort is made to infer any hierarchical structure in the appearance of the feature
in the timeline.

Evauation

Two hypotheses are evaluated in [SIOC]- do term occurrence and co-occurrence
measures properly group documents into logical time-dependent stories, and, are
the stories themselves meaningful to people? A randomization test [Edg95] was
conducted to support the first hypothesis. The documents were shuffled and as-
signed an dternate date, but were otherwise left intact. From an 1R standpoint the
corpus looked the same, since term frequency and inverse document frequency
were preserved. The authors concluded that the results of this test overwhelmingly
suggest the groupings are logical and not random.

The second hypothesis was explored with two methods of evaluation but results
were inconclusive. The first evauation method used precision and recall metrics
from 1R The January 1996 Facts on File [Fac] listed 25 mgjor stories, which were
used as the "truth” set to compare with the TimeMines-generated mgjor stories.
Recall was defined as the number of Facts on File mgor stories identified by
TimeMines divided by the total number of Facts on File mgor stories. Precision
was defined as the number of Facts on File major stories identified by TimeMines
divided by the total number of TimeMines-identified magor stories. A relatively
low precision of 0.25 and a similarly low recall of 0.29 resulted.

The second evaluation method attempted to tune the threshold. Four students
manually determined whether the automatic groupings related to zero, one, or
multiple topics. Based on a pairwise Kappa statistic, however, the manual results
could not be distinguished from random results [SA0Q].
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9.24 New Event Detection

New event detection, also referred to asfirg story detection, is specifically included
as a subtask in the TDT initiative. New event detection requires identifying those
news stories that discuss an event that has not aready been reported in earlier
stories. New event detection operates without a predefined query. Typicaly ago-
rithms look for keywordsin anews story and comparethe story with earlier stories.
The approach taken in [APL98] implies that the input be processed sequentially
in date order: that is, only past stories can be used for evauation, not the entire
corpus.

A new event detection agorithm based on a single-pass clustering algorithm is
presented in [APL98]. The content of each story is represented as a query. When
anew story is processed, dl the existing queries (previous stories) are run against
it. If the "match" exceeds a predefined threshold (discussed below) the new story
is assumed to be a continuation of the query story. Otherwise it is marked as anew
story.

An interesting characteristic of news stories is that events often occur in bursts.
Figure 9.4 [YPC98] portrays a temporal histogram of an event where the x-axis
representstime in terms of days (1 through 365) and the y-axis is the story count
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Fgure 94. Tempord hisogram of news data [YPCI8'].

News stories discussing the same event tend to be in temporal proximity and
hence lexical similarity and temporal proximity are considered to be two criteria
for document clustering. Also, a time gap between the bursts as exemplified in
Figure 9.4 discriminates between distinct events, and the system is more likely to
match stories that appear in the same timeframe.

Asreported in [APL98], with proper tuning the algorithm was able to separate
news stories related to the Oklahoma City Bombing from those about the World
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Trade Center bombing. However, some stories could not be detected. For example,
the crash of Flight 427 could not be distinguished from other airplane accidents,
and the O.J. Simpson trial could not be separated from other court cases.

Input Data and Attributes

All stories in the TDT corpus deemed relevant to 25 selected "events' were
processed. For new event detection, each story was represented by a query and
threshold. Table 9.10 lists dl the attributes required for computing the query and
threshold. The n most frequent single words comprise the query, and are weighted
and assigned a "belief" value by the Inquery system [ABC"95], indicating the
relevance of each word in the story to the query. Belief is calculated using term
frequency and inverse document frequency. Term frequency is derived from the
count of times the word occurs in the story, the length of the story, and the average
length of a story in the collection. Inverse document frequency is derived from the
count of stories in the collection and the count of stories that contain the word.

Attribute Detail Generation |
Unigram A single word Automatic ]
Frequency Number of times unigram occurs, per | Automatic
story

[ Count Total number of unwl 1ms, per \lmv Automatic
Mean | Aver: age > number of “Ean.m\ pT Automatic |

( story
Frequency Number of stories in which unigrﬂhl Automatic

‘ oceurs

I| 'ount Number of stories Automatic

| date Given by available granularities Automatic

Table 9.10. Nev Event Detection Attributes

Learning Algorithms

As noted, the approach presented in [APL98] is based on a single-pass clustering
algorithm that detects new stories by comparing each story processed to al of the
previous stories/queries detected. As each incoming story is processed, al previous
"queries" are run against it. If a story does not match any of the existing queries,
the story is considered a new event.

The system relies on a threshold to match the queries to the incoming stories.
The initial threshold for a query is set by evaluating the query with the story from
which it originated. If a subsequent story meets or exceeds this initia threshold
for the query, the story is considered a match. The threshold is used as input to
athresholding function based on the Inquery system described above [ABC*95].
Since new event detection implies that documents are processed in order, however,
traditional IR metrics that are usualy applied to an entire corpus (such as the
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number of documents containing the term and average document length) are not
readily available. To overcome this problem, an auxiliary collection is used to
provide this information to the Inquery system. The thresholding function takes
advantage of the time dependent nature of the news story collection by using a
time penalty that increases the value required to "match" a story as stories grow
farther apart in time.

Like the TimeMines system, the new event detection system described here is
completely automated. Given acorpus, it providesalist of "new events' inthe form
of news stories that first describe an occurrence of an event. New event detection
differs somewhat from ETD in that it is focused on the sudden appearance of an
unforeseen event rather than the (more gradual) emergence of a trend.

Visudization

The new event detection system is based on Lighthouse [LAOOb, LAOQO4], an in-
teractive information retrieval system that provides a ranked list of search results
together with two- and three-dimensional visualizations of interdocument similar-
ities. After events are extracted, avisua timeline is constructed to show how these
events occur in time and relate to each other.

Evauation

| APL98J evauated their system using miss (false negative) and false darm (false
positive) rates as well asthe metrics of precision and recall. Arriving at meaningful
threshol dsfor these rates was difficult, and as a complement, Detection Error Trade-
off (DET) curves [MDOP97] were studied. DET curves highlight how miss and
fase alarm rates vary with respect to each other (each is plotted on an axis in a
plane). A perfect system with zero misses and false alarms would be positioned at
the origin, thus, DET curves "closer” to the origin are generally better. Close was
defined as the Euclidean distance from the DET curve to the origin in [APL98].
Using nearly al (400) single-word attributes in the queries resulted in averages of
46% for the miss rate, 1.46% for the false darm rate, 54% for recall, and 45% for
precision.

9.25 ThemeRiver™

Similar to TimeMines, ThemeRiver™ IHHWNO2] summarizes the main topicsin
a corpus and presents a summary of the importance of each topic via a graphical
user interface. The topical changes over time are shown as a river of information.
The river is made up of multiple streams. Each stream represents a topic and each
topic is represented by a color and maintains its place in the river relative to other
topics. Figure 9.5 portrays an example visualization.

The river metaphor allows the user to track the importance of a topic over time
(represented on the horizontal axis). The data represented in Figure 9.5 are from
Fidel Castro's speeches. You can see that Castro frequently mentioned oil just be-
fore American ail refineries were confiscated in 1960 (shown as the second vertical
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Figure 9.5. ThemeRiver™ sample output [HHWNO?2].

line from the left in Figure 9.5). Qil isthe large bubble immediately preceding this
dotted line in the middle of the river. At no other time did Castro dwell on that
topic in the 18-month period represented by this corpus.

Such patterns in the data may confirm or refute the user's knowledge of hy-
potheses about the collection. Like TOA and TimeMines, ThemeRiver™ does
not presume to indicate which topics are emergent. The visuaization is intended
to provide the user with information about the corpus. ThemeRiver™ presents a
topic- or feature-centered view of the data. This topic-centered view is a distin-
guishing characteristic of the ETD approaches surveyed in this chapter. Related
areas in information retrieval, such as text filtering and text categorization, are
usually document-centered.

Input Data and Attributes

The corpus in the example presented in [HHWNO2] consisted of speeches,
interviews, articles, and other text about Fidel Castro over a 40-year period. The-
meRiver™ automatically generates a list of possible topics, called theme words,
of which a subset is manually chosen as attributes (the example in [HHWNO2] nar-
rowed the list to 64). Counts of the number of documents containing a particular
theme word for each time interval provide the input for the method. An alternate
count, using the number of occurrences of the theme word for each time interval
is suggested but not implemented in [HHWNOQ2].

An automatic method for generating the initial list of theme words was not
specified, nor was the procedure for deciding which or how many of the theme
words should be included in the subset. Theme word frequencies are computed
after these attributes are chosen, effectively making attribute selection a manual
process (i.e., not automatic based strictly on the counts; see Table 9.11).
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[ Attribute B Detail - ‘Generation

;' l'.’nigr;m] A single word ) __,\"hllltltL|

~ Frequency | Number of documents in which | Automatic
unigram occurs, per time interval

| Date Given by month Automatic

Table 9.11. ThemeRiver™ Attributes

Learning Algorithms

The ThemeRiver™ agpplication does not use alearning agorithm per se. Like TOA,
it provides aview of the data that an experienced domain expert can use to confirm
or refute ahypothesis about thedata. ThemeRiver™ begins by binning time-tagged
datainto time intervals. A st of terms, or themes, that represent the datais chosen
and the river is developed based on the strength of each theme in the collection.
As noted, the themes are chosen by automatically developing a list of words that
are present in the data and then manually selecting a subset that represents various
topics. The number of documents containing the word determines the strength
of each theme in each time interval. Other methods of developing the themes
and strengths are possible. The visua component of ThemeRiver™ is the most
important aspect of this work, particularly as it applies to trend detection.

Visualization

The ThemeRiver™ system uses the river metaphor to show the flow of data over
time (Figure 9.5). While the river flows horizontally, vertica sections of the river
contain colored currents that identify topics or themes. The width of the river
changes with the emergence or disappearance of topics, thereby making the system
effective in cases where there is no mgor variation in topic.

The curves in Figure 95 show how interpolation is done to obtain a river
metaphor. The idea is to produce a smooth curve with positive stream width for
better visual tracking of the stream across time. Even though this technique aids
human pattern recognition, a simple histogram can be more accurate. The algo-
rithm interpol ates between points to generate smooth curves (continuity in the flow
of the river).

ThemeRiver™ makes judicious use of color, leveraging human perceptual and
cognitive abilities. Themes are sorted into related groups, represented by a color
family. This alows viewing of a large number of (related) themes that can easily
be separated due to color variation. For example, "germany”, "unification”, "gdr",
and "kohl" can be represented by different shades of the same color and hence can
easily be identified as being related.

Evauation

Evaluation, or usability in such visua applications, was conducted with two users
in [HHWNO2]. After being given some background information about the data,
the users were asked about specifics related to the following five general questions.
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Did the users understand the visualization?

» Could they determine differences in theme discussion?

Did the visualization prompt new observations about the data?

Did the users interpret the visualization in any unexpected ways?

How did the interpretation of the visuaization differ from that of a
histogram?

Observation, verba protocol, and a questionnaire were used to gather feedback.
This evaluation method is formalized well, but it lacks significance due to the small
sample consisting of just two users.

926 PaentMiner

The PatentMiner system was developed to discover trends in patent data using a
dynamically generated SQL query based upon selection criteriainput by the user
[LAS97]. The system is connected to an IBM DB2 database containing al granted
United States (US) patents. There are two mgjor components to the system, phrase
identification using sequential pattern mining [AS95, SA96] and trend detection
using shape queries.
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Fgure 9.6. PaentMiner sample output [LAS97J.
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Input Data and Attributes

As noted, in [LAS97] an IBM DB2 database containing all US Patents served as
the basis for the corpus. Severa procedures prepare the data for attribute extrac-
tion. Stop-words are removed. Identifiers are assigned to the remaining words,
indicating position in the document and occurrences of sentence, paragraph, and
section boundaries. After asubset of patents is specified by category and date range,
the Generalized Sequential Patterns (GSP) algorithm [SA96] selects user-defined
attributes, called phrases. Only phrases with support greater than a user-defined
minimum are considered. A phrase can be any sequence of words, with a mini-
mum and maximum gap between any of the words. Gaps can be described in terms
of words, sentences, paragraphs, or sections. For example, if the minimum sen-
tence gap is one for the phrase "emerging trends”, than "emerging" and "trends"
must occur in separate sentences. Or if the maximum paragraph gap is one, than
"emerging" and "trends" must occur in the same paragraph. A time window indi-
cates the number of words to group together before counting gap length. Finally, a
shape definition language (SDL) [APWZ95] specifies which types of trends (e.g.,
upwards, spiked, etc.) are displayed. Table 9.12 summarizes these attributes.

The number of phrases selected can be substantial, given their very open-ended
nature. Two pruning methods are discussed in [LAS97]. A subphrase of a phrase
may be ignored if the support of the two phrases is similar. Or, a subphrase (gen-
eral, higher-level) might be preferred over a longer phrase (specific, lower-level)
initially, after which specific lower-level phrases could be easier to identify. This
has the flavor of the technique used in CIMEL in which amain topic is combined
with a candidate trend in order to improve the precision of the resuits.

Attribute Detail | Generation
| n-grams Search phrase, e.g.. emerging trends ] Manual
' Size Minimum gap, with distinct gaps for | Manual
words, sentences, paragraphs, and
sections
Size Maximum gap, with distinct gaps for | Manual
words, sentences, paragraphs, and
sections
Size Time window, groups words in a | Manual

phrase before determining gaps

Ratio Support, number of search phrases | Manual
returned divided by total number of
phrases

| Date Given by available granularities Manual |
" Shape Graphical trend appearance over | Manual
time, e.g., spiked or downwards

Table 9.12. PaentMiner Attributes
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Learning Algorithms

Most of the systems presented in this survey usetraditional IR techniquesto extract
features from the text corpus that serves as input; the PatentMiner system takes
a different approach. PatentMiner adapts a sequential pattern matching technique
that is frequently used in data mining systems. This technique treats each word
in the corpus as a transaction. The pattern matching system looks for frequently
occurring patterns of words. The words may be adjacent, or separated by avariable
number of other words (up to some maximum that is set by the user). Thistechnique
alows the system to identify frequently co-occurring terms and treat them as a
single topic. [LAS97] refersto the resulting set of words (that make up a topic) as
a"phrase."

As with TimeMines, documents in the input data set are binned into various
collections based on their date information. The above technique is used to extract
phrases from each bin and the frequency of occurrence of each phrase in dl bins
is calculated. A shape query is used to determine which phrases to extract, based
on the user's inquiry.

The shape query processing is another learning tool borrowed from data mining
[APWZ95]. In the PatentMiner system, the phrase frequency counts represent a
data store that can be mined using the shape query tool. The shape query has
the ability to match upward and downward slopes based on frequency counts.
For example, a rapidly emerging phrase may occur frequently in two contiguous
time dices, then leve of, before continuing on an upward trend. The shape query
allows the user to graphically define various shapes for trend detection (or other
applications) and retrieves the phrases with frequency distributions that match the
query.

LikeThemeRiver™, TimeMines, and others, the PatentMiner system presents a
list of phrasesto the user. The domain expert must then identify those that represent
emerging trends.

Visudization

The system is interactive; a histogram is displayed showing the occurrences of
patents by year based on the user's selection criteria. The user has the ability to
focus on a specific time period and to select various shape queries to explore the
trends as described above.

The phrases that match an increasing usage query on US patents in the category
"Induced Nuclear Reactions. Processes, Systems and Elements' are shown in
Figure 9.6.

Evaluation

Like TOA, the presentation of PatentMiner in [LAS97] lacks an evaluation com-
ponent. While it automatically generates and displays potential trends, no clam
is made as to the vdlidity of these trends. The visualization is intuitive, but no
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user study on its effectiveness is reported in [LAS97]. In addition, no metrics are
employed in [LAS97] to verify that the trends discovered are correctly identified.

9.2.7 HDDPM

Our research has led to the development of the Hierarchical Distributed Dynamic
Indexing (HDDI™) system [PKMO01, BCG+01, BPOO]. TheHDDI™ system sup-
ports core text processing including information/feature extraction, feature subset
selection, unsupervised and supervised text mining, and machine learning as well
as evaluation for many applications, including ETD [HDD].

In [PYO1] we describe our approach to the detection of emerging trends in
text collections based on semantically determined clusters of terms. The HD-
DI™ system is used to extract linguistic features from arepository of textual data
and to generate clusters based on the semantic similarity of these features. The
algorithm takes a snapshot of the statistical state of acollection at multiple points
in time. The rate of change in the size of the clusters and in the frequency and
association of features is used as input to a neural network that classifies topics as
emerging or honemerging.

Initially we modeled the complex nonlinear classification process using neural
networks. The data sets, which included three years of abstractsrelated to processor
and pipelining patent applications, were separated by year and a s&t of concepts
and clusters was developed for each year. In order to develop atraining set, 14530
concepts were extracted and manually labeled. The system was, for example, able
to correctly identify "Low power CMOS with DRAM" as an emerging trend in
the proper timeframe.

In foilow-on experiments we were able to duplicate the precision achieved by
the neural network with the C4.5 decision tree learning algorithm [ZhoOQ]. The
run-time performance for training was significantly better with the decision tree
approach. These experiments show that it is possible to detect emerging concepts
in an online environment.

Like most other algorithms that we have reviewed, our approach relies on a
domain expert for the find determination; thus the goal of the system is to identify
emerging topics whenever possible (i.e., maximize recall) while not sacrificing
precision. Unlike thefirst story detection algorithms, our research focuses on inte-
grative or nondisruptive emergence of topics, as opposed to the sudden appearance
of completely new topics.

Input Data and Attributes

Four databases were used to formulate a corpus in [PYO01]; the US patent
database, the Delphion patent database [Del], the INSPEC® database, and the
COMPENDEX® database. Initial attribute selection (Table 9.10) requires parsing
and tagging before extraction. The parser retains only relevant sections of the orig-
inal documents. The tagger maps a part-of-speech label to each word using lexical
and contextual rules [Bri92]. A finite-state machine extracts complex noun phrases
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Figure 9.7. Using a neurd net to detect emerging trends [PY 01],

(concepts) according to the regular expression
CUG|PJ)Y« N + (I« DICUG|P|J) % N+) % . 9.1

where C isacardinal number, G isaverb (gerund or present participle), Pisaverb
(past participle), Jis an adjective, N isanoun, 1 isapreposition, D isadeterminer,
? indicates zero or one occurrence, | indicates union, * indicates zero or more
occurrences, and + indicates one or more occurrence [BCG*01]. Counts of each
concept and counts of co-occurrence of concept pairs are recorded at this point
[PYO1].

An asymmetric similarity between concept pairs is calculated based on a cluster
weight function described in [CL92]. The concepts are then grouped into regions of
semantic locality using sLoc, an algorithm we describe in [BPOQ]. The maximum,
mean, and standard deviation of the similarity, along with a parameter « that is a
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multiplication factor of the number of standard deviations, determine the threshold
r used in the firg step of the sLoc algorithm. Cluster size is used in the last step
(both are pruning mechanisms). As a decreases, r increases and the number of
connections between pairs of concepts decreases, resulting in smaller but more
focused semantic regions. Too small avalue of a could produce too many regions,
while too large a value may result in only a single large region. Thus statistically
finding the optimum value for a (and the threshold r) is worthwhile, and work
continues in this area. Empirical research supports an optimum value of a = 165
[YanOQ]. The identification of regions of semantic locality is an unsupervised
learning step that producesvalues used as attributesin the ETD supervised learning
process (see Table 9.13).

An emerging concept satisfies two principles: it should grow semantically richer
over time (i.e., occur with more concepts in its region), and it should occur more
often as more items reference it [PY01 ]. Using a cluster-based rather than an item-
based approach, the artificial neural network modd takes seven inputs (and one
tuning threshold parameter) to classify a concept as emerging or not [PY01]. The
seven inputs are described in Table 9.14.

Attribute Detail Generation |
Regular A concept (see text for definition), | Automatic ‘
expression e.g.. “emerging trend detection”

Frequency Number of times each concept | Automatic

occurs over all documents

Frequency Number of co-occurrences of con- | Automatic

f
cept pairs over all documents ‘

Similarity Arc weight between concepts Automatic
Mean Average arc weight Automatic
Standard de- | Arc weight standard deviation Automatic
viation ‘

Table 9.13. HDDI™ Attributes for Regjons of Semantic Locality

Learning Algorithms

As mentioned above, our fundamental premise is that computer algorithms can
detect emerging trends by tracing changes in concept frequency and association
over time. Our approach involves separating the data into time-determined bins
(as in PatentMiner and TimeMines) and taking a snapshot of the statistical rela
tionships between terms. Two particular features were important in our model.
Similar to other algorithms, the frequency of occurrence of a term should increase
if the term is related to an emerging trend. Also, the term should co-occur with
an increasing number of other termsiif it is an emerging trend. To our knowledge,
only our system has exploited term co-occurrence for automatic ETD.
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| Attribute Detail Generation

Frequency Number of times concept occurs in | Automatic
trial year |

Frequency Number of times concept oceurs in | Automatic

the year before trial year

| Frequency Number of times concept occurs in | Automatic

the year two years before trial year

| Frequency Total number of times concept | Automatic
occurs in all years before trial year

Count Number of concepts in region | Automatic

containing the concept in trial year

Automatic

Count Number of concepts in region con-

‘ taining the conceptin the year before

trial year

Count

Number of words in the concept with | Automatic
length at least four |

Table 9.14. HDDI™ Attributes for Emerging Trend Detection

As noted above, the first learning model we employed is a feedforward, back-
propagation artificial neural network (Figure 9.7). We used a standard three-layer
network (one input layer, one hidden layer, one output layer). The number of
hidden neurons was varied to optimize our results.

The attributes were extracted as described in the previous section and used
as input to the neural network model [PY01J, and to various other data mining
algorithms such as a decision tree, support vector machine, and so on [ZhoOQ]. In
al cases, we determined that the algorithms could be trained to detect emerging
trends. As with other systems, precision was fairly low (although much better than
the baseling) and final determination as to whether a term displayed by the system
represents an emerging trend must be left to a domain expert.

Visudization

Visualization is ongoing for trend detection within the HDDI™ system.

Evaluation

Both concept extraction and trend detection eval uations were performed. For con-
cept extraction [BCG'01], mean precision (number of system-identified correct
concepts/ total number of system-identified concepts) and mean recall (number of
system-identified correct concepts/ total number of human expert-identified con-
cepts) were calculated for severa collections. Two of the test collections (drawn
from the Grainger DLI database [UIU], the US Patent Office, and the aforemen-
tioned commercial patent database Delphion) had precision ranges of [95.1, 98.7]
and [95.2, 99.2], respectively, and recall ranges of [77.4, 91.3] and [75.6, 90.6],
respectively, with 95% confidence.
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Automatic trend detection performance in the HDDI™ system was measured
by precision, recall, and Fy [PYO01]. An average precision of 0.317 constituted
a 4.62 factor of improvement over random baseline precision; recall averaged
0.359. Either metric could be improved by dtering the neural network threshold
parameter. Since good recall was the primary focus, ,Fj5., a weighted average of
precision and recall with parameter #, wasasoexamined. § isthe precision weight
and

(1 + B%) - precision - recall

(9.2)

= T
B - precision + recall

9.28 Other Related Work

[FD95] proposes atechnique for development of ahierarchical data structure from
text databases. This data structure then fecilitates the study of concept distributions
in text. The authors propose comparing the concept distributions from adjacent
time periods. This approach to trend analysis seems promising; however, we were
not able to obtain a more detailed description of the approach, or the experimental
results, so we are unable to present a more comprehensive summary. Feldman has
also been active in the development of commercia products for emerging trend
detection (Section 9.3).

We have focused on research efforts that identify trends based primarily on the
use of words and phrases; however, several research groups are using a differ-
ent approach. [CC99, PFL*00, Ley02j present algorithms that primarily employ
citation information for trend detection.

Several systems focus more on the visudization of textual data and can be
adapted to trend detection at the discretion of the user. One such system, Envision
[NFH"96|, allows users to explore trends graphically in digital library metadata
(including publication dates) to identify emerging concepts. It is basically a mul-
timedia digital library of computer science literature, with full-text searching and
full-content retrieval capabilities. The system employs the use of colors and shapes
to convey important characteristics of documents. For example, the interface uses
color to show the degree of relevance of a document.

Plaisant et al. describe a visua environment caled LifeLines for reviewing
persona medical historiesin [PM S"98]. The visualization environment presented
in their work exploits the timeline concept to present a summary view of patient
data.

The EAnalyst [LSL+00] anayzes two types of data, textua and numeric, both
with timestamps. The system predicts trends in numeric data based on the content
of textual data preceding the trend. For example, the system predicts the trend in
stock prices based on articles published prior to the appearance of the (numeric)
trend.
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9.3 Commercia Software Overview

Commercial software products are available to aid a company interested in ETD.
Some companies specialize in providing content [Lex, Mor, Nor, IDC, Gar, Fac],
some provide general-purpose information retrieval capabilities such as feature
extraction [App, Cap, Loc], document management [HyB, Ban], search and re-
trieval [Ban, HyB, Lex, Tex], categorization [INS, Int, Sem, Ser, SPSh, Str, Ver],
and clustering [Auta, Cle, INS, Tex, Tho]. Although al of these products can be
used to facilitate an ETD effort, only a few have capabilities specifically geared
toward trend analysis and detection. These products are briefly introduced in this
section.

931 Autonomy

The Clusterizer™ tool provided by Autonomy [Auta] provides support for ETD.
Clusterizer™ [Clu] takes a corpus as input and produces a st of clusters of in-
formation from the data. These clusters can be used to identify new topics in the
data by taking a set of clusters from a previous time period and comparing it to a
st of clusters in the current period. In essence, Clusterizer™ displays a view of
clusters over time. The todl is thus designed to show trends in clusters, including
the appearance and disappearance of clusters, as well as changes in cluster size.

The pattern matching algorithms of nonlinear adaptive digital signal-processing,
Claude Shannon's principles of information theory, Bayesian inference, and neural
networks form the core of Autonomy'stechnology [ Aut99]. Since natural language
contains much duplication, concepts that are repeated less frequently in adocument
are assumed to correspond to the essence of that document. Autonomy thus de-
scribes a document with patterns based on usage and frequency of terms. Adaptive
probabilistic concept modeling is used to determine relevance between documents
and further train the system [AutbJ.

The Autonomy Clusterizer™ module assists ahuman domain expert in detecting
trends. The Breaking News pane automatically finds new clusters of information
by comparing clusters from different time periods. The Spectrograph pane is a
visualization tool that plots clusters as lines over time. The color and width of
the lines indicate the size and quality of the cluster; changes signal an increase or
decrease in significance.

Like the research tools described in the previous section, Spectrograph is de-
signed to provide the user with a view into the data. The domain expert must then
use the data to form conclusions as to the validity of a given trend. In terms of
evaluation, to the best of our knowledge no formal assessment has been conducted
of the performance of these tools when used for ETD.

932 SPSSLexiQuest

LexiQuest products use advanced natural language processing technology to ac-
cess, manage, and retrieve textual information [SPSb]. LexiQuest LexiMine is
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a text mining tool designed to help the user obtain new insights by identifying
key concepts and the relationships between them. It employs a combination of
dictionary-based linguistic analysis and statistical proximity matching to identify
key concepts (i.e., terms) as well as the degree of relationship between concepts
[BryO2)].

Concept identification is achieved through the use of unabridged dictionaries and
thesauri that contain (multiword) terms used to match terms in LexiMine's input
text. Term occurrences and term co-occurrences are counted either by paragraph
or document and are used to build relational concept maps. Although no machine
learning algorithms are employed per se, LexiQuest's term similarity formulas are
akin to those used in association mining [BryQO2)|.

The concept relationships are portrayed in a graphical map that displays the
cumulative occurrence of concepts. The map can be utilized to investigate trends.
Further analysis can be achieved by importing LexiMine data into the related
Clementine [SPSg] tool. As with many of the research and commercial tools dis-
cussed in this survey, the validity of trends is ultimately left to a human domain
expert and tool performance is neither quantified nor evaluated in any forma way
[BryO2)].

9.3.3 ClearForest

ClearForest provides a platform and products to extract relevant information from
large amounts of text and to present summary information to the user [Cle]. Two
products, ClearResearch and ClearSight, are useful for ETD applications. Clear-
Research is designed to present a single-screen view of complex interrel ationships,
enabling users to view news and research content in context. ClearSight pro-
vides smple graphic visualizations of relationships among companies, people,
and events in the business world. It also provides real-time updates of new product
launches, management changes, emerging technologies, and so on in any specified
context. Users can drill down further into each topic to view more information or
read related articles [GraO2].

ClearForest uses a rule-based approach to identify "entities" and "facts." An
entity is a sequence of one or more words corresponding to a single concept. A
fact is a relationship between entities. Rules can contain part-of-speech or stem
identifiers for words, references to dictionaries and lexicons, and structural char-
acteristics. The extraction engine applies rules to input documents and outputs
tagged information. The precise location of dl information extracted is recorded.
Occurrence and co-occurrence of concepts are used by the analytic engineto sum-
marize information. Visualization tools display this information in various levels
of detail [GraO2).

ClearForest divides the detection process into stages. The first, gathering in-
formation, is performed by search engines. The second and third, extracting and
consolidating information, are managed by ClearForest. The fourth, identifying a
validtrend, is handled by ahuman domain expert using ClearForest's Trends Graph
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display. In terms of evaluation, like LexiQuest, ClearForest has not performed
formal evaluation of the ETD component [GraO2].

9.4 Conclusions and Future Work

We have described several semiautomatic and fully automatic ETD systems, pro-
viding detailed information related to linguistic and statistical features, training and
test set generation, learning algorithms, visualization, and evaluation. This review
of the literature indicates that much progress has been made toward automating the
process of detecting emerging trends, but there remains room for improvement.
All of the systems surveyed rely on human domain expertise to separate emerging
trends from noise in the system. As aresult, research projects that focus on creating
effective processes to both semi- and fully automatically detect emerging trends,
develop effective visualizations, and apply various learning algorithms to assist
with ETD can and should continue.

In addition, we discovered that few systems, whether research or commer-
cia in nature, have employed formal evaluation metrics and methodologies to
determine effectiveness. The development and use of metrics for evaluation of
ETD systems is critical. The results published to date ssmply do not alow us
to compare systems to one another. In a step designed to address this issue
we are in the process of building the HDD1™ textual data mining software in-
frastructure that includes algorithms for forma evaluation of ETD systems (see
http: //hddi . cse. lehigh. edu).

Wider use of the TDT [TDTJ data sets will aso be helpful in the process of
standardizing evaluation of ETD systems. In addition, usability studies need to be
conducted for visualization systems. Additional training sets geared specificaly
toward trend detection also need to be developed. Toward this end, we have devel-
oped a back-end to our CIMEL system (Section 9.2.2) that gathers data generated
by students who use the ETD component of CIMEL. This will aid us in develop-
ing techniques to automatically generate training sets for use in machine learning
approachesto ETD.

We aso note that projects tend to focus either on applying machine learning
techniques to trend detection, or on the use of visualization techniques. Both tech-
niques, when used alone, have proved inadequate thus far. Techniques that blend
the use of visualization with machine learning may hold more promise. As are-
ault, we are extending our HDDI™ system to include a visualization component
for trend detection. Early prototypes hold promise, but, as noted above, usability
studies must be conducted to prove the effectiveness of our approach.

A find point: to the best of our knowledge, no formal studies have been con-
ducted of the (manual) processes employed by domain experts in ETD. Such a
study would employ standard tools such as surveys and focus groups to develop
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a (manual) methodology for ETD.®> We plan to pursue the execution of such a
study in the near term in order to define a robust methodology that can be auto-
mated using extensions of the various techniques employed in our previous work
[BCG+01, BPK+01, BPK+02, BROO, PY 01, PCP01, PKM01, RGP02].

95 Industria Counterpoint: Is ETD Useful? Dr.
Daniel J. Phelps, Leader, Information Mining
Group, Eastman Kodak

The Information Mining Group at Eastman Kodak Company has been following
developments in the text mining field since 1998. Initialy, our interest was in
using text mining tools to help us do a better job of understanding the content of
patents. More recently, we have expanded our interest to include mining science
and technology literature. We have had practical experience identifying suitable
data sources, working with both custom and commercial tools, and presenting
information in a form that our clients find useful. This background gives me a
good perspective for commenting on the potential usefulness of Emerging Trend
Detection (ETD) tools and some of the challenges that will arise in trying to use
them in the corporate environment.

The objective of ETD is to provide an automated aert when new developments
are happening in a specific area of interest. It is assumed that a detected trend is
an indication that some event has occurred. The person using the ETD software
will look at the data to determine the underlying development. Whether the de-
velopment is important is ajudgment cal that depends on the situation and the
particular information needs of the person evaluating the data.

The need to become aware of new developmentsin science, technology, or busi-
nessis critical to decision makers at dl levels of a corporation. These people need
to make better data-driven decisions as part of their daily work. They need data that
are complete and available in atimely manner. Traditionally, people have learned
about a mgjority of the new developments by reading various types of text docu-
ments or by getting the information from others who have read the documents. As
the pace of new developments accelerates and the number of documents increases
exponentially, it will no longer be possible for an individual to keep up with what
is happening by using manual processes. There is a clear need for new tools and
methodologies to bring some level of automation to detect trends and new devel-
opments. ETD tools have the potentia to play an important role in identifying
new developments for corporate decision makers. These tools should help make it
possible to ook through more data sources for new developmentsand do it in less
time than with current manua methods.

“\Nate that in [RGP02] we developed such a methodology, which has been partidly automated in
the CIMEL system (Section 9.2.2).
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To better understand what capabilities an ETD tool must have to be useful, one
hasto look at who will be using thetool. There are several broad groups of potential
users in a corporation: the first group is the analysts or information professionals
who work to fulfill the information needs of others; the second is the individual
contributors looking for information relevant to their own projects; the third is the
managers who need to make strategic and/or tactical decisions.

Anaysts work with information as the main component of their jobs. These
people work on projects specified by clients. The output of a given project will be
a report delivered to the client for use in the decision-making process. Analysts
are trained in information retrieval techniques, text mining techniques, and so
on, and are familiar with the various information sources needed to complete a
given project. They have to be able to communicate the results of the work in a
form clients can easily use and understand. Taking time to learn new tools and
methodologies is an expected part of thejob.

An ETD tool that is targeted for use by analysts can be complex. The analysts
will haveto be given sufficient training to become proficient in its use. Becausethe
analysts will use the tool for multiple projects, they will learn the capabilities and
limitations of the tool and be able to recognize those areas where its application
is appropriate. One would expect a sophisticated user interface that would allow
analyststo access the relevant data sources, process the underlying text, and display
the results in a meaningful way using computer graphics visualization techniques.
The visudization scheme used must draw the analysts' attention to trends and
alow them to drill down into the data to find out what developments lead to what
trends. The determination of whether a detected trend is important is complicated
by the fact that the analysts do not always know what clients will judge to be
important. Interaction between the analysts and the clients is critical to ensure
that clients' needs are met. This is typically an iterative process as the analysts
learn more about what information the clients need, and the clients find out what
information is actually available. Once the analysis is done, the ETD tool should
have the ability to export information to facilitate report generation.

The scientists, engineers, or business people who want to use ETD tools to
obtain project-specific information need atool that is easy to learn and intuitive to
use. Connecting to the appropriate data sources and processing the data must be
transparent to the users. This user group will typically have limited training in the
tool and will use it only occasionally. They will not have the time to learn dl the
nuances of using the software. The information that is used will be that which is
delivered automatically. A simple, graphical user interface with easily interpreted
graphical visualizations is required. These people have the advantage that they are
performing the work for themselves, therefore, they can make the determination
whether newly detected trends are actually important.

An ETD tool meant to be used by management personnel must automatically
be connected to the appropriate data sources, have an intuitive user interface, be
very easy to learn, and provide output in a consistent format with which the man-
agers are comfortable. Extremely sophisticated visualizations that are difficult to
interpret and require high levels of interaction will not be useful in this environ-
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ment. In the current corporate culture, managers do not have the time to engagein
anything but the most cursory training in new tools. This meansthey will probably
not be able to operate the ETD tool effectively enough to complete the analysis
themselves. They are generally more comfortable with having an analyst assemble
the information and provide an executive summary. The summarized information
and the underlying data could be presented to them using a browser format that
would alow them to look at the high-level results and then go further into detail
when they find something in which they are particularly interested.

No matter how capable an ETD tool becomes, the quality of the output will
depend upon the quality of the input data. Because ETD tools are supposed to
identify new developments, the data processed through the tool must be current.
There are several news services, such as Factiva [Fac], that supply al types of news
on a continuous basis. Currently, there are no equivalent services for fundamental
science and technology information. One has to search a variety of sources to
find the required information. The sampling frequency used to extract the data
from the newsfeed needs to reflect the rapidity with which things change in the
area. Business and financid events happen much more frequently than changes
in technology. One might set up the ETD tool to collect news data each day and
process them to look for new trends. Since developments in science and technol ogy
occur at adower pace, it might be appropriateto work in blocks of one week or one
month. Processing information in one-year blocks is adequate for a retrospective
look at what has happened, but it is not acceptable for most decision-making
situations.

ETD systems will have to be customizable to meet the needs of specific clients.
The ETD algorithmswill eventually become proficient at determining when some-
thing has happened. However, whether the development is important depends on
the needs of the person who is looking at the data. Broadly speaking, there are two
types of client profile information that must be obtained: the definition of the area
of interest, and the definition of what is characterized as an important develop-
ment in that area. Traditional aerting systems handle the first problem by setting
up a user profile containing a search query that is run on a periodic basis against
specified data sources. Typicaly, the query is built on atrial-and-error basis by the
information professional and the client. This is an iterative process. Some of the
newer knowledge-management systems use training sets to determine the charac-
teristics of the documents of interest and build the "query." Each new document
is checked against the target characteristics and a decision is automatically made
as to whether the document belongs to the area of interest. What remains to be
seen is which approach will work best with a given ETD tool. Either process can
take a significant amount of time for the client who wants the information. There
is also the problem that the client's areas of interest will expand and change over
time. Each time this happens, an existing profile will have to be modified or anew
profile will have to be generated.

The problem of determining what is a significant event in a given areais handled
in interactive systems by having the decision makers operate the tools themselves.
If the decision makers are unable or unwilling to work directly with the tool,



218 9. Emerging Trend Detection in Textual Data Mining

analysts will have to interview the decision makers and obtain the basic guidelines
with which to work. The analysts will perform the analysis and compile a ligt of
potentially significant developments for the decision maker's review. It would be
best if this processed information were presented in a browser format that would
alow the decision makersto drill down into the detail underlying any development
they find to be of interest.

It is too early to predict the cost of a commercia ETD software system. If it is
comparable to the knowledge management and text database mining software of
today, it will cost tens of thousands to hundreds of thousands of dollars. It probably
will carry the same sort of fee structure as the high-end software packages available
today. Vendors charge an initia license purchase price and require an annua main-
tenance fee to provide technical support and updates of the software. Sometimes
it is possible to buy the software individually by the "seat,” but often the vendors
push to sl a corporate license. If only a few people will be using the software,
then purchasing seats makes sense. If the software is actually going to be used
across the enterprise, then a corporate license is probably the better choice. An-
other cost that is often overlooked is the impact on the corporate IT infrastructure.
There can be a capital cost to purchase the high-performance hardware needed to
run calculation-intensive ETD applications. Even when the application is run on
exigting inhouse servers, there is usualy the need to have a system administrator,
and possibly a database administrator, available to keep the application up and
running.

To get apicture of what an ETD tool might look like in the future, it is helpful to
examine a perfect-world scenario for an executive information system that would
include an ETD capability. The characteristics of such a scenario are depicted in
Table 9.15.

I. Raw data processed into useful information

2. Sufficient information presented to meet current need

3. No irrelevant information presented

4. All information available immediately when needed

5. Information prioritized for the current need

[ 6. Information presented in a format that is intuitively easy to

understand
7. Information can be viewed at different levels of detail
[ 8. Information can be viewed from multiple perspectives

Table 9.15. Pafet-World Scenario

Executive decision makers are extremely busy and want to make good data-
driven decisions as fast as possible. This means they cannot take the time to
assemble and process the raw datathemselves. They want complete, timely, pro-
cessed information, sorted in an appropriate prioritized order for the decisions at
hand. They do not want to waste time looking at redundant or irrelevant infor-
mation. The information needs to be presented in a format that is intuitively easy
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to understand and can be looked at in different levels of detail and from multiple
perspectives. An excellent ETD tool will have these same characteristics and will
meet the needs of al three groups of potential users in the corporation.

There continues to be good progress made in knowledge management and text
mining tools. Because ETD systems make use of these types of tools, | think thereis
a good possibility that practical ETD systems will eventually become available for
fixed-information needs. Building a system that will keep up with a given decision
maker's changing information needs will be difficult, unless a good method is
found to automatically trandate the subject areas of interest and the important
devel opmentscriteria from the words of the user to the ETD system. It will dways
be a challenge to assure that data sources available for processing are adequate to
support the needs of the decision maker.

In this section, | have reviewed some of the practical aspects of working with an
ETD tool in a corporate environment. The real test for an ETD system is whether
it provides useful information about new devel opments to the decision maker in a
timely manner. The current systems do not seem to provide the required level of
performance to be used extensively in the corporate environment. There is hope
that new generations of ETD tools will be useful to corporate decison makers
when they become available.
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