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Abstract

The World Wide Web is a rich source of information and
continues to expand in size and complexity. To capture the
features of the Web at a higher level to realise the information
classification and efficient retrieval on the Web is becoming a
challenge task. One natural way is to exploit the linkage
information among the Web pages. Previous work such asHITS
in this area is based on a set of retrieved pages to get a Web
community that is a bunch of pages related to the query topics.
Since the set of retrieved pages may contain many unrelated
pages (noise pages) to the query topics, the obtained Web
community sometimes is unsatisfactory. In this paper, we
propose an innovative algorithm to eiminate noise pages from
the set of retrieved pages and improve its quality. This
improvement will enable existing community construction
algorithms to construct good quality Web page communities.
The proposed algorithm reveals and takes advantage of the
relationships among concerned Web pages at a deeper level.
The numerical experiment results show the effectiveness and
feasibility of the algorithm. This algorithm could also be used
solely to filter unnecessary Web pages and reduce the
management cost and burden of Web-based data management
systems. The ideas in the algorithm can aso be applied to other
hyperlink analysis.

Keywords: World Wide Web, Web community, hyperlink
analysis, singular value decomposition (SVD).

1 Introduction

Nowadays, with rapid expanding in size and complexity,
the World Wide Web isarich source of information to be
explored. To capture the features of the Web at a higher
level to realise the information classification and efficient
retrieval on the Web is becoming a challenge. Traditional
Web information retrieval is based on the keywords and
implemented by Web search engines, such as Yahoo!,
AltaVista. The search result is a set of Web pages that
may or may not contain the required information. On the
other hand, users cannot identify, from this retrieved
result, which pages are relevant or at a high relevant rank
to their query topics. It is always difficult for users to go
further to search relevant pages and get the required
information except browsing listed pages one by one.
Thisis not the desirable case.
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To tackle this problem, one approach is to re-organize or
classfy the obtained pages into different groups that are
relevant to the given query topics to a cetain extent.
These groups form a Web page community. For this
purpose, relationships among the concerned pages should
be reveded. One natural way to achieve this goal is to
exploit the linkage information among them. This is
mainly because the Web is in hypertext linkage. Another
resson is that, in most cases, authors of the Web pages
crede links to ather pages with an ideain mind that the
linked pages are relevant to the linking pages. Therefore,
the linkage relationships among the Web pages more or
less reved their mutual semantic connections. The
representative work in this areais the HITS (Hyperlink-
Induced Topic Seach) algorithm proposed by Kleinberg
(1999). This agorithm tries to construct Web
communities from a set of retrieved Web pages by
analysing their hyperlinks and by iterative operations.
The Web communities consist of authorities and hubs.
An authority page is a page that contains the most
definitive, central and useful information in the cntext of
particular query topics. A hub page is a page that points
to many of the authorities (Kleinberg 1999). The
authorities and hubs exhibit mutually reinforce
relationship: a good hub pants to many good authorities;
a good authority is pointed to by many good hubs. The
goa of the HITS algorithm is to oltain the Web
communiti es with good authoriti es and hubs.

Other related works (e.g. Chakrabarti, Dom, Gibson,
Kleinberg, Raghavan, and Rajagopalan 1998 Bharat and
Henzinger 1998 improve this algorithm by combining
page ntent analysis techniques and graph edge
weighting. As these works observed, the set of retrieved
pages contains many pages that are unrelated to the query
topics (i.e. contain no query terms). If these pages are in
high linkage density, they will dominate the iteration
operations and the obtained authority or hub pages may
be not relevant to the query topics, which is call ed topic
drift problem. We cdl these unrelated pages as noise
pages. Actualy, given a query topic, a Web browser
could retrieve and return a set of Web pages that are
considered to be the most related to the query topic by the
browser. This initial set of retrieved pages is cdled root
set. The roat set of pages could then be extended to form
a new set of pages by adding more pages to the roat set.
These added pages have linkage relationships with the
pagesin the roat set. We cdl this extended set of root set
as base set (detail s of root and base set construction are
described in sedion 2. The Web community construction
algorithms are based on this base set of pages. Therefore,
the quality of the base set of pages, i.e. the percentage of



topic-related pages in the base set of pages, mainly
determines the quality of the produced Web community.
However, in the procedure of extending a root set to a
base set of pages, many topic-unrelated (noise) pages
would be alded to the base set. Previous works (e.g.
Chakrabarti, Dom, Gibson, Kleinberg, Raghavan, and
Rajagopalan 1998 Bharat and Henzinger 1998 Dean and
Henzinger 1999 mainly consider reducing the influence
of these noise pages to the mmunity construction
algorithms after the base set has been establi shed.

In this paper, we will propose an innovative dgorithm to
eliminate noise pages from the base set of pages B and
get another good quality base set of pages B', from which
a good quality Web community can be anstructed (see
figure 1). This algorithm purely takes advantage of the
link relationships among the pages in B. To be predse,
the dgorithm considers the link relationships between the
pages in root set R and pagesin B-R. Here, B-R is a page
set and a page in it belongs to B but does not belong to R.
These link relationships are expressed in a linkage matrix
A. By the singular value decompasition of the matrix A
(Hou, Zhang, Cao, Lai and Ross2001, Hou, Zhang, Cao
and Lai 2000, the relationship between pages at a deeper
level will bereveded, and a numerical threshold could be
defined to eliminate noise pages (see figure 1). This
approach is based on a reasonable assumption that the
pages in the root set are topic-relevant and noise pages
are mainly brought in by the procedure of expanding roct
set R to base set B. Indedd, the root set R may also
contain noise pages, though the posshility is less.
However, by eliminating noise pages from the base set,
the influence of the remained noise pages in root set will
be grealy reduced and good quality communities could
be obtained.

Figure 1. Getting new base set with less noise pages by
applying the proposed algorithms

This paper is organized as follows. In sedion 2, some
badkground about the HITS agorithm and its
improvements are given for better understanding our
current work. In sedion 3, the dgorithm for eliminating
noise pages from the base set of pages is presented. The
algorithm is based on the singular value decompasition
(SVD) of a matrix. Therefore, some background about
SVD is also provided in this ®dion. In sedion 4 some
numerica experiment results and their analysis are
provided to show the effediveness and feasibility of the
proposed algorithm. Some related work is discussed in
sedion 5. Finally, conclusions and further reseach
diredions are presented in sedion 6 The dgorithm
depictionislisted in the gpendix of this paper.

2 HITSAlgorithm Background

HITS agorithm was proposed ariginaly in 1997 and
formally in 1999 ly Kleinberg (1999. It is based on the

assumption that if document (page) A has a hyperlink to
document B, then the aithor of document A thinks that
document B contains valuable information. Therefore, it
is posshle to use the in-degree’ of a document to measure
its quality. On the other hand, if adocument A pointsto a
lot of good dauments, then A's opinion becomes more
valuable, and the fad that A points to B would suggest
that B is a good daument. The goa of the HITS
algorithm is to exploit the linkage information between
Web pages and get the Web community. This algorithm
adualy considers the mutua influence between the
pages, rather than simply counting the number of links
for ead page.

The HITS algorithm consists of threemain procedures:

1. Colleding r highest-ranked pages for the user-
supplied query o from a text-based seach
engne (e.g. AltaVista) to form the root set of
pages R. Growing R to form the base set of
pages, B, by adding to R more pages which are
pointed by or pointing to the pages in R. B is
considered to be aquery spedfic graph whaose
nodes are pages.

2. Associating with each page p in B a hub weight
h(p) and an authority weight a(p) with initial
values of 1. Then iteratively updating the h(p)
and a(p) (pOB) acwrding to the following
iterative operations:

a(p) = ) h(a),
q-p
q0B.g#p

in which "p - " denotes "page p has a
hyperlink to page g". Normalize the vedors a
and h after ead iteration.

3. After iteration reaches steady point (i.e. values
of vedors a and h will not change aty more),
abstrading s pages (as authorities) with s highest
a( ) values together with the s pages (as hubs)
with the s highest h( ) values to be the mre of a
community.

Kleinberg (1999 proved that vedors a and h converge.
Thus the termination of the iteration is guaranteed. From
our numericd experiment experience, with the asolute
error predsion 10“, the number of iteration is 20.

When the dove HITS algorithm is applied to the base set
of pages, it does not work well in many cases. Usually, it
meds the following problems (Bharat and Henzinger
1998): mutually reinforcing relationships between hosts,
automaticdly generated links, and non-relevant nodes.
Mutually reinforcing relationships between hosts occur
when a set of pages on the first host point to asingle page
on the second host, or one page on the first host points to
multiply pages on the second host. This will grealy and
unreasonably increases the impad of one host to the Web
community construction. Automaticdly generated links
are produced by Web page generating toadls. These links
usually do not represent a human's opinion. The non-
relevant nodes may cause the topic drift problem.

h(p)= > a(q)
p-q

q[l%,q# p

! In-degreeof adocument is the number of documents that link
to this document.



To tackle the first problem, (Bharat and Henzinger 1998)
improved the algorithm by assigning authority or hub
weights to the edges of graph B. If there are k edges from
documents on the first host to a single document on the
second host, each edge will be given an authority weight
(auth_wt) of 1/k. If there are | edges from a single
document on the first host to a set of documents on the
second host, each edge will be given a hub weight
(hub_wt) of 1/I. Then the iterative operation in the HITS
algorithm isimproved as

a(p)= ) h(a)xauth_wt(q, p),
qB o

h(p) = a(a) > hub_wt(p,q).
1B

Bharat and Henzinger (1998) also proved that the vectors
a and h converge, and the termination of the iteration can
be guaranteed.

Thereisaso other work in improving the HITS algorithm
to tackle other problems by combining the structural
analysis (linkage analysis) with the page content analysis.
For example, in (Bharat and Henzinger 1998), in order to
eliminate the automatically generated links and non-
relevant nodes, a similarity measurement is introduced
exploiting the content of the pages. In (Chakrabarti, Dom,
Gibson, Kleinberg, Raghavan, and Rajagopalan 1998),
page content analysis is used to increase the linkage
weight between two pages. Since we only consider using
the pure structural analysis to improve the quality of Web
communities, we will not give more details about content
analysis here.

3 Algorithm for Eliminating Noise Pages

As indicated in the above algorithms, the base set of
pages is the base for constructing the Web community.
Therefore, its quality has a great influence to that of
communities. However, the previous work mainly
concerns about how to reduce the influence of the noise
pages. From another view angle, if most noise pages in
the base set can be filtered or eliminated before the
community construction algorithm is applied, the quality
of communities would be greatly increased. This is the
point from which our algorithm is developed.

It can be seen from the HITS algorithm that the base set
of pages is derived from the root set of pages by adding
more pages in it. This procedure will bring more query
topic related pages into the base set, but bring many topic
unrelated pages into the base set as well. For example, for
the query topic (term) "Harvard", apart from many pages
about Harvard University in the base set of pages, there
are also many other pages in it that do not contain this
query term, such as the page for a beer company
(http://mmw.johnsonbeer.comV) and the page for a
comedy club (http://www.punchline.conV), due to their
links to some pages in the root set. In order to eliminate
these noise pages, we can reasonably assume that the root
set of pages is topic-related. According to our humerical
experiment and analysis (see section 4 of this paper), if an
authority page or a hub page is a topic-drift one, it is

usually located in those pages that connect to a small part
of root set (fewer connections) but link densely with each
other. They dominated the algorithm operation and
caused the topic drift problem. Such pages should be
recognised as noise pages and eliminated. On the other
hand, if a page has fewer connections with the root set, it
is most likely to be a topic unrelated page (noise page)
and could not be included in the base set in most cases.
However, another question has arisen. What is the
threshold for "fewer connections'? This problem cannot
be solved only by directly counting the number of links
for each page. It should be solved by considering the
mutual influence between the pages in the base set and
defining an exact threshold. Our algorithm is trying to
reveal the relationships among the concerned pages at a
deeper level, and precisely define the threshold for
eliminating noise pages by exploiting this revealed
relationship. In this algorithm, the linkage information
between the pages is directly expressed as a matrix, from
which deeper relationships between these pages are
revealed by some matrix operations. Thanks to the
singular value decomposition (SVD) of a matrix in linear
algebra that can reveal the internal relationship between
matrix elements (Deerwester, Dumais, Furnas, Landauer
and Harshman 1990) (Hou, Zhang, Cao, Lai and Ross
2001) (Hou, Zhang, Cao and Lai 2000), we apply it to
this situation and propose our algorithm based on it. For
better understanding our agorithm, some background
knowledge of SVD is provided as follow.

31 Singular Value Decomposition
Background

(SvD)

The SVD definition of amatrix is as follow:

mxn DEarea mxn matrix. Without loss of

Let A= [a;]

generality, we suppose m=n and the rank of A is
rank(A) = . Then there exist orthogonal matrices

u and V,,, such that

A:uﬁol@T =usv' 1)

u'u=1,V'V=l,3, =dag;,.,0,),

mxm

where

0; 20, >0 for 1sis<r-1, g; =0 for j=r+1,

S isa mxn matrix, U and A are the transpositions
of matrices U and V respectively, |, and |, represent

mxm and nxn identity matrices separately. The rank
of A indicates the maxima number of independent rows
or columns of A. Equation (1) is called the singular value
decomposition of A. The singular values of A are defined

as the diagonal elements of = (i.e. 0,,0,,..,0

columns of U are called left singular vectors and those of
V are called right singular vectors (Datta 1995, Golub and
Van Loan 1993).

The SVD could be used effectively to extract certain
important properties relating to the structure of a matrix,
such as the number of independent columns or rows,



eigenvalues, approximation matrix and so on. Since the
singular values of A are in non-increasing order, it is
possble to choose aproper parameter k such that the last
r-k singular values are much smaller than the first k
singular values, and these k singular values dominate the
decompasition. The next theorem reveds this fact.

Theorem [Eckart and Young]. Let the SVD of A be
given by equation (1) and U = [uy, Uy, ..., Uy, V=[V1, V2

v oo s Vo] With 0 <t =rank(A) < min(m,n), where u;,

1<i<m isan mvedor, Vi, 1sjsn is an n-vedor

and
0g,20,2..20,>0,,=..=0,=0.
Let k <r and define
k
T
Ak:ZUiEUiD’i- 2
1=
Then
1. rank(A) =Kk;
H _ 2 _ 2 2
2. min |A-BIE=IIA-A F=0f, +..+0]
rank(B)=k
3. min ||A-B|L=llA-A |b=0.-

rank(B)=k
n

m
2 —
Where ||A||,2::Z la, [ and || AJG=max
=1 1=

(eigenvalues of AT A) are measurements of matrix A.

The proof can be found in (Datta 1995. This theorem
indicaes that matrix Ay, which is constructed from partia
singular values and vectors (see Figure 2), is the best
approximation to A (i.e. conclusions 2 and 3 d the
theorem) with rank k (conclusion 1 of the theorem).

k k

Figure 2: Construction of approximation matrix Ag

The aove theorem suggests that for a proper parameter k,
A is the best approximation of A, and the difference
between them is very small. In other words, A, captures
the main structure information of A and minor fadorsin
A are filtered. Our algorithm is just taking advantage of
this important property to reved the deeper relationship
between pages from their linkage matrix, and define the
threshold for eliminating noise pages. In pradicd
computation, since k<r and only partid matrix
elements are involved, matrix computation cost could be
reduced if k is chosen properly. The next sub-sedion
gives detail s of our algorithm.

3.2 Noise Page Elimination Algorithm (NPEA)

When the base set of pages is constructed for the user's
guery, the linkage information among the pages is also
ohtained. There ae two types of links to be distinguished,
transverse links and intrinsic links. The transverse links
are the links between pages with different domain
names’, and the intrinsic links are the links between pages
with the same domain names. Since intrinsic links very
often exist purely to all ow for infrastructure navigation of
a site, they convey much less information than transverse
links about the aithority of the pages they poaint to
(Kleinberg 1999. Asin (Kleinberg 1999, intrinsic links
in our algorithm are deleted from the obtained links and
only the transverse links are kept. We denote the root set
of pages R as a direded gaph G(R)=(R,Er): the nodes
correspond to the pages, and a direded edge (p,q)CEr
indicaes a link from p to g. Similarly, the base set of
pages B is denoted as a direded graph G(B)=(B,Eg).
From the nstruction procedure of B, it can be eaily
inferred that R0 B and Eg O Eg.

Suppase the size of R (the number of pagesin R) isn and
the size of B is m. For the pages in R, the linkage matrix

S = (S ) nxn CoUId be cnstructed as

_ when(i, [)OEg or (j,i)0Eg ori=]
i otherwise

It represents the link relationships between the pages in
R For the pages in B-R, another linkage matrix

A= (aij)(m_n)xn for page id(B-R) and page jOR could

also be mnstructed as

a = when(i, [)UEg; —Eg or (j,i)0Eg - Eg
i otherwise

This matrix diredly represents the linkage information
between the pages in the root set and those not in the roct
set. The ith row of the matrix A, which is an n-
dimensiona vector, could be viewed as the wordinate
vedor of the pagei in an n-dimensional spaceS; spaned
by the n pagesin R.

For any two vedors vl and v2 in an n-dimensional space
S, as known in linea agebra, their similarity (or
closeness) can be measured by their inner product (dot
product) in S,. The dements in vl and v2 are the
coordinates of vl and v2 in the S, respedively. In the
page set B-R, since eab page is represented as an n-
dimensional vedor (arow of matrix A) in the space;, all
the similarities between any two pages in B-R can be
expressd as AA". On the other hand, as indicated in sub-
sedion 3.1, there existsa SV D for the matrix A:

A(m—n)xn = U(m—n)><(m—n)z(m—n)annTxn '
Therefore, the matrix AA" can also be expressd as

AAT = (UZ)U3)" .

2 Domain name here means the first level of the URL
string associated with a Web page.



From this equation, It is obvious that matrix U is
equivalent to the matrix A, andtheith (i = 1,..., m-n) row
of matrix UX could be naturally and reasonably viewed
as the coordinate vedor of the page i (pagei O B-R) in

another n-dimensional spaceS; . Similarly, for the matrix
S there xistsaSVD of S

_ T
Sn><n - annann X

nxn *
Theith (i = 1,..., n) row of matrix WQ is viewed as the
coordinate vedor of the page i (pagei O R) in another n-

dimensional space Sy, .

For the SVD of matrix A, the matrix U could be

expressed as U(m—n)><(m—n) = [ul'uz""*um—n (m-n)x(m-n)

where u; (i = 1,...,mn) is a mn dimensiona vector

T
U = (U, UpjoeesUni)

Unn; and matrix V  as

Vixn :[vl,vz,...,vn]nxn where v, (i = 1,..., n)isann

dimensional vedor V; = (Vq;,VyeVp; )'. Suppase

rank(A) = r and the singular values of matrix A are
0,20,2..20,>0,,=..=0,=0.

For a given threshold & (0<d <1), we choose a
parameter k such that

(o —owq)lo 29,
and denote
>, =diag(og,,0,,...,0,) .
Let
_ T
Ak —UkaVk '

As the theorem in sub-sedion 3.1 indicaes, A, is the best
approximation to A with rank k. Accordingly, the ith row
R of the matrix U, is chosen as the aordinate vedor of

pagei (pagei O B-R) in ak-dimensional subspaceof Sy:
R =(U01,U,0,,....u,0,), 1=1,2, ..,mn. (3

Since matrix A contains linkage information between the
pages in B-R and R, from the properties of SVD and
choice of parameter k, it can be inferred that coordinate
vedor (3) captures the main linkage information between
the page i in B-R and the pagesin R. The extent to which
main linkage information is cgptured depends on the
value of parameter d. The greder the value of J is, the
more minor linkage information is cagptured. From the
procedure of SVD (Datta 1995 Golub and Van Loan
19%), coordinate vedor transformation (3) refers to
linkage information of every page in B-R, and whether a
linkage in matrix A is dense or sparse is determined by all
pages in B-R, not just by a cetain page. Therefore,
equation (3) refleds mutual influence of al the pagesin
B-R and reveds their relationships at a deeper level. This
Situation is smilar to those in (Deewester, Dumais,
Furnas, Landauer and Harshman 1990 (Hou, Zhang,

Cao, Lai and Ross 2001) and (Hou, Zhang, Cao and Lai
2000).

In a similar way, suppcse rank(S)=t and the singular
values of matrix Sare

W 2W2..20 >W,y =...=w, =0.

The ith row R’ of the matrix W, is chosen as the

coordinate vedor of the page i (page i O R) in a t-
dimensional subspaceof S :

R = (W0, W,0,,..,. W), =12 ..,n 4

Without loss of generality, let k = min(k,t). The vedor R
can be expanded from a k-dimensional subspaceto a t-
dimensional subspace &

R = (uilal,uizaz,...,uikak,0,0,.k..,0), 5
t_
i=1,2 ...,mn.
In order to compare the doseness between a page in B-R
and the roat set R, we projed ead page i in B-R (i.e.
vedor R of (5)) into the n-dimensional space spaned by

the pages in R (i.e. vedors R of (4), i = 1,..., n). The
projedion of pagei (pagei [ B-R) PR is defined as

PR =(PR;,PR,,....PR),i=12 ...,mn, (6
where

PR, =(R,R)/IIR; |

t t
' ;2 .
:(ZRikajk)/(ZRjk )1/2,J=1,2,...,n.
=1 =1

Within the same space which is ganed by the pages in
R, it is possible to compare the dosenessbetween a page
in B-R and the root set R. In other words, a threshold for
eliminating noise pages can be defined. In fad, for eah
PR, if

IPR IE (Z PR?))"? 2 ¢y (7)
£

n
Cavg = ZIIR} ||/n.
J:

then the page i in B-R could be remained in the base set
of pages B. Otherwise, it should be diminated from B.
The parameter c,q in the eove ejuation represents the
average link density of the root set R, and is the
representative measurement for root set R. It is used as a
threshold for eliminating the noise pages. Intuitively, if a
page in B-R is a most likely noise page, it usualy has
fewer links with the pages in R. Thus its measurement
[IPR]| in (7) would be small and it is most likely to be
eliminated. It is obvious that another representative
measurement for root set R can also be defined as an
elimination threshold. For example, the parameter Cq

where

could be replacel by cmaxzmax(”R’j ) or
joL,n]
Cmin

= min(||F2’j ). We cdl the dgorithm with
jon]



parameters C_.,C..,C

avg ' Cmax 1 Cmin @ @VgAIgo, maxAlgo and
minAlgo respectively. Theoretically, the avgAlgo is ideal
for elimination in most cases. The maxAlgo sometimes is
too strict and many topic-related pages may be eliminated
from the B-R. The minAlgo in some cases is too loose to
eliminate many noise pages. In the next section, we will
examine their numerical experiment resultsin eliminating
noise pages and see if the experiment results are
coincident with thistheoretical analysis.

The above noise page elimination algorithm is depicted
as the algorithm NPEA and listed in Appendix of this

4  Numerical Experiment Results

In this section, we apply our algorithms to a situation
where the original HITS algorithm fails to get satisfactory
results in our experiment. This situation is for a query
term "Harvard'. The root set of pages, which are
considered to be relevant to this term, is returned by a
text-based Web search engine AltaVista. The construction
of base set B is the same as that in (Kleinberg 1999) or in
section 2. The size of B (the number of pages in B) is
8064, and the size of root set R is 200. We will firstly
examine the numerical results of three algorithms
(avgAlgo, maxAlgo, minAlgo) in noise page elimination
with different values of parameter 4. From the analysis of
these numerical results and our experimental experience,
we will suggest which algorithm and parameter value are
suitable in most cases. Meanwhile, we will show, via
numerical results, that our algorithm enables the topic-
related pages to capture the main linkage information
among the concerned pages. Secondly, we will apply
HITS agorithm to two situations and get two sets of
authorities and hubs in order to see our algorithm really
improves the quality of the Web community. One
situation is that the noise pages in B are not eliminated,;
another dituation is that the noise pages in B are
eliminated by our algorithm.

In order to understand the experiment results better, we
give the following definitions.

»  Suspected pages are those pages that are topic-related
but have at most one link to the pagesin root set R.

* Noise Page Filtering Rate (NPFR) = number of
filtered noise pages/ total number of noise pages.

* Noise Page Filtering Percentage (NPFP) = number
of filtered noise pages / total number of filtered

pages.

e Suspected Page Filtering Percentage (SPFP) =
number of filtered suspected pages / total number of
filtered pages.

» Efficient Filtering Percentage (EFP) = NPFP +
SPFP.

One important concept to be clarified for these definitions
is what page is noise page. Here the noise page is in the
meaning of common sense, i.e. it contains no query
terms. In our experiment, the number of noise pages is
2968. Suspected pages are defined to distinguish those

pages that are most likely to be noise pages for the HITS
algorithm, but are not noise pages in common sense, as
we stated before that noise pages usually have fewer links
to the root set R. For example, in our experiment, the
page "http://mww.hugo-sachs.de" contains query term
"Harvard", but it only have one link to the pages in the
root set and have many links with a set of pages that
contain no query term "Harvard" and produce an topic-
drift authority page (see table 6)
"http://mww.biochrom.co.uk/biochrom.htm’. In this case,
the page "http://mww.hugo-sachs.de" is a suspected page.
Therefore, the efficient filtering percentage (EFP) reflects
the highest percentage of filtered noise pages (for HITS)
in al filtered pages (i.e. if al the suspected pages are
noise pages for HITS).

Table 1 shows the numerical results of three algorithms
(avgAlgo, maxAlgo, minAlgo) in noise page elimination
with different value ranges of parameter o. In our
experiment, within each value range (6 = 0.4 or 4 < 0.3),
the number of filtered pages changes slightly with the
changes of the d value in that range. For simplicity, these
minor changes are ignored in this table. From this table, it
can be seen that the greater the value of parameter Jd is,
the less pages are eliminated (filtered). This is because
with greater ¢ value, more minor linkage information is
included in the coordinate vector of each page (equation
(3)), thus the measurement of each page (equation (7)) is
increased and number of filtered pages is decreased.
These numerical results are coincident with the
theoretical analysisin section 3.

Within the first value range of parameter & (& = 0.4),
although the noise page filtering rate (NPFR) of maxAlgo
is 100%, its efficient filtering percentage (EFP) is only
71%. That means this algorithm eliminated too many
topic related pages at the same time of eliminating all
noise pages. This is not an idea situation. For another
two algorithms avgAlgo and minAlgo, although their
efficient filtering percentages (EFPs) are the same (94%),
the noise page filtering rate (NPFR) of avgAlgo (98%) is
much better than that of minAlgo (81%). These numerical
results show that within the range of d > 0.4, avgAlgo is
an ideal noise page elimination algorithm.

For the second value range of J (6 < 0.3), similar to the
above analysis, maxAlgo is not an ideal algorithm either.
Although the noise page filtering rates (NPFRs) of
avgAlgo and minAlgo are the same (98%), the efficient
filtering percentage (EFP) of minAlgo (92%) is better
than that of avgAlgo (87%). So in this case, the minAlgo
isan ideal agorithm for this experiment.

The above numerical results and analysis indicate that
maxAlgo is not suitable for noise page elimination
because it eliminates too many topic related pages at the
same time. It seems that with small 6 value (6 < 0.3),
minAlgo should be adopted for noise pages elimination;
with large & value (0 = 0.4), avgAlgo should be adopted.
But in this experiment, we found the page linkage
distribution within the root set Risrelatively even. So the
minimum page  measurement  of R (e

Crin = E‘nin](n R’j [Din section 3) is not too small and
jaLn



5504 maxAlgo avgAlgo minAlgo
- Threshold=2.999 Threshold=1.434 Threshold=0.999
No. of Filtered Pages 6496 4704 3808
No. of Filtered Noise Pages 2968 2912 2408
No. of Filtered Suspected Pages 1624 1512 1176
NPFR 1.00 0.98 0.81
NPFP 0.46 0.62 0.63
SPFP 0.25 0.32 0.31
EFP 0.71 0.94 0.94
5<03 maxAlgo avgAlgo minAlgo
T Threshold=2.999 Threshold=1.434 Threshold=0.999

No. of Filtered Pages 6608 5096 4648
No. of Filtered Noise Pages 2968 2912 2912
No. of Filtered Suspected Pages 1624 1512 1344
NPFR 1.00 0.98 0.98
NPFP 0.45 0.57 0.63
SPFP 0.25 0.30 0.29
EFP 0.70 0.87 0.92

Table 1: Numerical resultsfor three algorithms maxAlgo, avgAlgo and minAlgo

No. URL Title
1 |www.corporate-ir.net CCBN: Corporate Comrrunications Broadcast Network
2 | aero-news.net/news/ticker.htm AERO-NEWS Network: Aviation News Ticke
3 | www.hiochrom.co.uk/biochrom.htm Biochrom Ltd manufacturer of Amino Acid Analysers ...
4 | www.warnerinstruments.com Warner Instrument Corporation
5 Yvww.theweathernetwork.conﬂmneﬂcan/Tll The Weather Network - Weather Forecast - Till sonburg
sonburg_ON.htm

6 | www.hugo-sachs.de Hugo Sachs Elektronik
7 | www.nrc.calinms/time/cesium.shtml NRC Time Services: Web Clock
8 | www.unionbio.com Welcome to Union Biometrica
9 | www.mitoscan.com MitoScan rapid mitochondria
10 |htmlgear.lycos.com/specs/guest.html Html Gear - Gear Spedfication - Guest Gear

Table 2: Ten arbitrary noise pages

No. URL Title
11 |search.harvard.edu:8765 Search Harvard University
12 |www.harvard.edu/listing Indexto Harvard University web sites

13

www.harvard.edu/about

About Harvard University

14

www.harvard.edu/academics

Harvard University: Academic programs

15 | www.harvard.edu/admissions

Harvard University: Admissons offices

16 | www.haaharvard.edu

An Online Comrrunity for Harvard University Alumni

17 | www.workingatharvard.org/em-main.html

Harvard University Office of Human Resour ces,Employment

18 |www.news.harvard.edu

Harvard University News Office

19 | www.athletics.harvard.edu/admstaff.html

Harvard University Athletics: Administrative/Coaching Saff

20 | www.athletics.harvard.edu/vsports.html

Harvard University Athletics: Varsity Spats

Table 3: Ten arbitrary topic-related pages

minAlgo algorithm is suitable for small d value. However,
according to our experimental experience, if the linkage
distribution within the root set is not even, the minimum
page measurement of R may be too small and many noise
pages cannot be eliminated. In that case, only avgAlgo
algorithm is suitable. Therefore, we suggest and adopt
avgAlgo algorithm as a suitable algorithm for eliminating
noise pages in most cases, and in practical computation,
the value of parameter & could be chosen as 0.5.

It has been mentioned in section 3 that our algorithm
enables the topic-related pages to capture main linkage
information among the pages. That means topic-related
(term-related) pages should keep main linkage
information, while the noise pages should keep less
linkage information. In other words, when the value of
parameter & changes from large to small, the decrease of
page measurements, which are defined in (7), of noise
pageswould be much greater than that of topic-related



Page No. 1 2 3 4 5 6 7 8 9 10
0=05 0.937 | 0.957 | 0.937 | 0.937 | 0.957 | 0.937 | 0.957 | 0.937 | 0.937 | 0.957
0=03 0.000 | 0.006 | 0.000 | 0.000 | 0.006 | 0.000 | 0.006 | 0.000 | 0.000 | 0.006

Decrease rate 100% | 99% | 100% | 100% | 99% | 100% | 99% | 100% | 100% | 99%
Avg. decrease rate 99.6%
Table 4: Page measurement changes of noise pages with different values of parameter &

Page No. 11 12 13 14 15 16 17 18 19 20
0=05 1.844 | 4967 | 2568 | 3.203 | 2518 | 1.844 | 1.844 | 3.388 | 1.186 | 1.630
0=03 1590 | 3534 | 1.796 | 2127 | 1.112 | 1.590 | 1.590 | 3.212 | 1.014 | 1.153

Deaeae rate 14% | 29% | 30% | 34% | 56% | 14% | 14% 5% 15% | 2%
Avg. deaeese rate 24%

Table 5: Page measur ement changes of topic-related pages with different values of parameter §

Page Measurement
w

—&— Delta=0.5
—l— Delta=0.3

1 2 3 4 5 6 7 8 9

Page

10 11 12 13 14 15 16 17 18 19 20

Figure 3: Page measurement changetrendsfor 20 arbitrary selected pages with different values of parameter &

pages. We abitrarily choose ten noise pages and ten
topic-related pages to see their page measurement
changes with the changes of d value. The ten noise pages
and ten topic-related pages arelisted in table 2 and table 3
respedively.

Table 4 and figure 3 (pages 1-10) show the page
measurement changes of noise pages with the changes of
Jdvaue. Table 5 and figure 3 (pages 11-20) show the page
measurement changes of topic-related pages with the
changes of d value. It is very clea that when the value of
J changes from 0.5 to 0.3, the page measurements of
noise pages deaease & least 99% and average deaesse
rate is 99.6%. This indicaes that noise pages do not
cgpture main linkage information among pages. On the
other hand, however, for the same situations, the page
measurements of topic-related pages do not deaease too
much (at most 56%, at least 5% and average deaease rate
is 24%). It suggests that topic related pages cgpture main
linkage information. These numericd results are
coincident with the aove analysis, i.e. our agorithm
enables the topic-related pages to capture main linkage
information, whil e the noise pages not to.

Finaly, we gply HITS agorithm to the base set of pages
B in which moise pages are not eliminated by our
algorithm. On the other hand, we use our algorithm
(avgAlgo algorithm with =0.5) to eliminate noise pages
from B and get a new base set B'. We then apply HITS to
this new base set B'. The top five authorities and hubs for
ead situation are listed in table 6 and 7 respedively.

It is indicated from these two tables that before noise
pages are diminated from the base set, HITS produces
three  atthorities (i.e.  http://www.corporate-ir.net,
http: //ww:biochrom.co.uk/biochrom.htm and
http://highwire.stanford.edu) that have no relationships
with the term "Harvard" (table 6). After noise pages are
eliminated by our algorithm, HITS algorithm produces
satisfadory results (table 7), i.e. every produced authority
and hub is topic-related. These experiment numerical
results indicate that our algorithm redly improves base
set quality and can be used to construct good quality Web
communities.

5 Related Work and Comparison

In Kleinberg's HITS agorithm (Kleinberg 1999), the base
set of pages is derived dredly from the root set by
simply adding pages that paint to or are pointed to by the
pages in the root set. This will, as we indicaed
previously, bring many topic-unrelated pages into the
base set and finally cause the topic drift problem in many
cases. Although Bharat et al. (Bharat and Henzinger
19®8) improved HITS algorithm, they only concerned
how to reduce the influence of noise pages in the
community construction, rather than eliminating these
noise pages. In our agorithms, base set of pages is
seledively constructed by eliminating (filtering) noise
pages. This approach has its intuitive meaning that if a
page has fewer links to the pages in root set, it is most
likely to be urrelated to the query topic. Therefore, the
pages in the base set of pages should have more links to
the pagesin the roat set. However, how many links to the



Top Five Authorities
Authority value URL Title
0.735 www.harvard.edu Welcome to Harvard University
0.285 www.fas.harvard.edu Faculty of Artsand Sciences, Harvard University
0.207 WWW.corporate-ir.net CCBN: Corporate Comrrunications Broadcast Network
0.190 www. biochrom.co.uk/biochrom.htm Biochrom Ltd manufacturer of Amino Acid Analysers ...
0.151 highwire.stanford.edu HighWire Press
Top Five Hubs
Hub value URL Title
0.235 www.fas.harvard.edu Faculty of Artsand Siences, Harvard University
0.226 post.economics.harvard.edu/info/links.html | Harvard Economics Links Page
0.218 www.physics.harvard.edu Harvard University Department of Physics
0.206 www.harvard.edu/academics Harvard University: Academic programs
0.192 www.harvard.edu/listing Indexto Harvard University web sites
Table 6: Top five authorities and hubs before noise pages being eliminated
Top Five Authorities
Authority value URL Title
0.788 www.harvard.edu \Welcome to Harvard University
0.283 www.fas.harvard.edu Faculty of Artsand Stiences, Harvard University
0.213 www.economics.harvard.edu Harvard University Department of Economics
0.191 www.gsas.harvard.edu Graduate School of Arts & Science, Harvard University
0.143 www.law.harvard.edu HLS The Harvard Law School Home Page
Top Five Hubs
Hub value URL Title
0.244 post.economics.harvard.edu/info/links.html | Harvard Economics Links Page
0.238 www.fas.harvard.edu Faculty of Artsand Siences, Harvard University
0.196 post.economics.harvard.edu/people Harvard Economics Diredories of Faculty, Saff & Students
0.195 www.fas.harvard.edu/about About Harvard University Faculty of Arts & Sciences
0.195 www.physics.harvard.edu Harvard University Department of Physics

Table 7: Top fiveauthorities and hubs after noise pages being eliminated

root set pages is a reasonable threshold for a page to be
included in the base set of pages? In other words, what is
the numerical threshold for eliminating noise pages? In
our algorithm, this threshold is numerically defined (i.e.
avgAlgo algorithm with 6=0.5), and the closeness of a
page to the root set is also numerically measured.

There are other methods that are based on the page
content analysis for eliminating noise pages or reducing
the influence of noise pages. For example, in (Bharat and
Henzinger 1998), the similarity between a page and the
guery is used to determine whether this page is a noise
page or not. For a given threshold, if the similarity
between a page and the query is below this threshold, this
page will be eliminated from the base set. But this
similarity is determined by the page contents and refersto
building the source of IDF weights (IDF; is an estimate of
the Inverse Document Frequency of term i on the WWW)
for the Web. (Chakrabarti, Dom, Gibson, Kleinberg,
Raghavan, and Rajagopalan 1998) takes a similar way to
get the similarity between a page and the query by
analysing the page contents around the link. In both
(Chakrabarti, Dom, Gibson, Kleinberg, Raghavan, and
Rajagopalan 1998) and (Bharat and Henzinger 1998),
page similarity is also used to change the linkage weight
between two pages, and in turn to reduce the influence of
noise pages. Since HTML page tags on the Web contain
few semantics, it is usualy hard to exactly analyse the
content of the Web pages, and these content analysis
based methods have limitationsin their applications.

Our algorithm purely exploits the linkage information,
which is easy to be extracted, between the Web pages to
analyse the relevance between the pages. Based on the
SVD of the linkage matrix, our algorithm enables the
topic-related pages to capture the main linkage
information and the most likely noise pages to capture the
minor linkage information. The algorithm reveals the
relationships between the pages at a deeper level, and
makes it possible to separate and eliminate most likely
noise pages from the original base set of pages. By
combining our improved base set of pages with
community construction algorithms (e.g. HITS, those in
(Bharat and Henzinger 1998) and (Chakrabarti, Dom,
Gibson, Kleinberg, Raghavan, and Rajagopalan 1998)),
good quality Web communities can be constructed.

6

In this paper, we propose a noise page elimination
algorithm (NPEA) to eliminate noise pages from the base
set of Web pages and improve the quality of base set,
which in turn makes it possible to construct a good
quality Web page community. Based on the basic linkage
information between the pages, the algorithm reveals the
relationships among the concerned pages at a deeper level
and numerically defines the threshold for eliminating
noise pages. The numerical experiment results show the
effectiveness and feasibility of the algorithm. Theideasin
the algorithm can also be used in other hyperlink analysis.
Further more, this algorithm could also be used solely to

Conclusions



filter unnecessary Web pages and reduce the management
cost and burden of Web-based data management systems.

Since relationships among the pages in our agorithm
neglect minor influence factors (sparse linkages) and
cgpture the dense linkages, they can aso be used to
analyse the similarity between the pages and derive
clustering algorithms for the Web pages. The similarity
between Web pages can be further used for Web page
retrieval on the WWW. These will be our further reseach
diredions.
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8 Appendix

Noise Page Elimination Algorithm (NPEA)

NPEA (G(R), G(B), 9)
Input:
G(R): G(R)=(RER) is a direded graph of root set
pages with nodes being pages and edges being links
between pages.
G(B): G(B)=(B,Ep) is a directed graph of base set
pages with nodes being pages and edges being links
between pages.

d : threshold for seleding matrix approximation
parameter k.

Output:

G'(B): anew direded graph of base set pages without
Noi se pages.
Begin
Get the number of pagesin B, m=sizg(B);
Get the number of pagesin R, n = sizgR);
Construct linkage matrix between pagesin R
S = (Su )nxn )
Construct linkage matrix between B-Rand R
A= (aij )(m—n)xn ;
Compute the SVD of Sandits sngular values
T .
Snxn = WanQan X

nxn
W2W,=2..20 >W,=...=w, =0;

Compute the SVD of A andits sngular values

— T .
AYm—n)xn - U(m—n)x(m—n)z(m—n)xnvnxn ’

0,20,2..20,>0,,=..=0,=0,
Choose parameter k such that
(0 =0kl /0 290,
Compute mordinate vedors R, (i = 1, 2, ..., mn) for
ead pagein B-R acordingto (3);

Compute mordinate vedors R; (i = 1, 2, ..., n) for
ead pagein Racaording to (4);

Compute the projedion vedors PR (i = 1, 2, ..., mn)
acordingto (6);
Compute the representative measurement of R
n
c= 3IIR; I/
=1
if |PR |<c (i=1,2,...,mn)then
Begin
Eliminate page i from B
B=B- pagei ;
For every page p O B, eliminate links with page i
from Eg
Es = Eg- (pagei - p) - (p— pagei);
End
return G'(B)=(B,Eg);

End



