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Abstract

How to rank Web resources is critical to Web Resource Discovery (Search Engine). This paper not only points out the
weakness of current approaches, but also presents in-depth analysis of the multidimensionality and subjectivity of rank
algorithms. From a dynamics viewpoint, this paper abstracts a user's Web surfing action as a Markov model. Based on
this model, we propose a new rank algorithm. The result of our rank algorithm, which synthesizes the relevance, authority,
integrativity and novelty of each Web resource, can be computed efficiently not by iteration but through solving a group of
linear equations. [0 2000 Published by Elsevier Science B.V. All rights reserved.
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1. Introduction

The World Wide Web is rapidly emerging as an
important medium for the dissemination of infor-
mation related to a wide range of topics [1]. There
are about 300 million pages on the Web today with
about 1 million being added daily. According to most
predictions, the majority of human information will
be available on the Web in 10 years. But, it iswidely
believed that 99% of the information on the Web
is of no interest to 99% of the people. Looking for
something valuable in this tremendous amount of
information is as difficult aslooking for aneedleina
haystack.

Searching for valuable information on the Web
is caled resource discovery (RD). The IETF-RD
group argues that resource discovery should provide
the user a consistent, organized view of information
[15]. In a typical RD procedure, the user submits
a query Q, which is simply a list of keywords
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(with some additional operators), to the RD server
(RDS), then RDS returns a set of related Web page
URLs. Ry, Ry, ... R,. There are many search en-
gines to support RD on the Web, such as Yahoo! %,
AltaVista®, Excite®, Hotbot*, Infoseek®, etc. A
search engine usualy collects Web pages on the
Internet through a robot (spider, crawler) program,
then these Web pages are automatically scanned to
build giant indices, so you can quickly retrieve the
set of al Web pages containing the given keywords.
RD on the Web is especidly difficult due to the
following five characteristics of the Web data source:
(2) huge and ubiquitous; (2) mostly semistructured or
unstructured; (3) diverse in quality; (4) dynamic; (5)
distributed and autonomous. In particular, a topic of
any breadth will typically contain several thousand or

1 http:/Avww.yahoo.com

2 hitp://dtavista.digital.com
3 http://www.excite.com

4 http://www.hotbot.com

5 http:/Avww.infoseek.com
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million relevant Web pages. For instance, if you enter
the search engine AltaVista, input ‘data mining’,
over 50,000 Web pages will be found. Yet, a user
will be willing, typically, to look at only a few of
these pages.

The rank algorithm, can then help a user to se-
lect the correct ones (those of most value to him
or her), from this sea of Web resources. Given a
Web resource r and a user’s query g, the rank al-
gorithm will compute a score rank(r, q). The bigger
rank(r, q) is, the more valuabler to q, i.e, the more
valuable for the user. In practice, RD on the Web
can be viewed as fuzzy queries driven by the rank
algorithm, but not SQL-style precise queries. More-
over, a good rank algorithm is very helpful to crawl
the Web more efficiently [7]. Meta-search engines
also need the rank algorithm to synthesize the results
from other search engines[2,10]. All in al, we argue
that the rank agorithm is the core technique of a
search engine, and it is critical to improve the quality
of RD on the Web.

This paper is organized as follows. Section 2
points out the weakness of current approaches in
ranking Web resources. Section 3 presents in-depth
analysis of the multidimensionality and subjectivity
of rank algorithms. Section 4 abstracts a user's Web
surfing action as a Markov model and we propose a
new rank algorithm based on this model. Section 5
concludes this paper and discusses future work.

2. State of the art

At the present time, most rank algorithms of Web
resources are using the similarity measure based on
the vector-space model, which has been well stud-
ied by the Information Retrieval (IR) community. To
compute the similarities, we can view each document
as an n-dimensional vector (wsq, ..., wy). The term
wj in this vector represents the ith word in the vo-
cabulary. If w; does not appear in the document, then
wj iszero. If it does appear, w; is Set to represent the
significance of the word. One common way to com-
pute the significance w; isTF x IDF, i.e,, to multiply
the number of times the ith word appears in the
document (TF) by the inverse document frequency
(IDF) of theith word. The IDF factor is 1 divided by
the number of times the word appears in the entire

‘collection’, which in this case would be the entire
Web. The IDF factor corresponds to the content dis-
criminating power of a word: a term that appears
rarely in documents (e.g., ‘algebra’) has a high IDF,
while a term that occurs in many documents (e.g.,
‘the’) has a low IDF. The similarity between query
Q and document R can then be defined as the inner
product of the vectors of Q and R. Another option
is to use the cosine similarity measure, which is
the inner product of the normalized vectors. The wj
terms can also take into account where on a HTML
page the word appears, for instance, words appearing
in the title may be given a higher weight than other
words in the body [6]. Along with the populariza-
tion of Web meta-data standards such as RDF, it
becomes feasible to take advantage of the meta-data
of Web resources, which can also improve the rank
algorithm’s accuracy [13].

But the rank algorithms derived from IR have lots
of limitations, as they only evaluate the content, but
totally neglect the quality of Web resources. So these
rank algorithms can be easily cheated. Webmasters
can make their sites highly ranked through insert-
ing some irrelevant but popular words (e.g., ‘Clin-
ton’, ‘sex’) into important places (e.g., title page) or
meta-data. This phenomenon is called Search Engine
Persuasion (SEP) or Web Spamming [12,14].

Recent researches in this area concentrate on min-
ing the linkage structure of Web resources to support
RD on the Web [3,5,7,12,16]. A typical one in such
rank algorithms is PageRank [3], which is proposed
by the Stanford University and has been applied in
the famous search engine Google®. The PageRank
metric, PR(P), recursively defines the importance of
a page P to be the weighted sum of the back-links
to it. Such a metric has been found to be very useful
in ranking results of user queries. More formally, if
a page has no outgoing link, we assume that it has
outgoing links to every single page. Consider a page
P that is pointed at by pages Ty, Tp, ..., T,. Let
C(T;) be the number of links going out of page T;.
Also, let d be a damping factor. Then, the weighted
back-link count of page P isgiven by

PR(P) = (1—d) +d(PR(T)/C(Ty) + - -~
+ PR(Tn)/C(To)).

6 http://www.googl e.com/
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This leads to one equation per Web page, with
an equal number of unknowns. The equations can be
solved iteratively, starting with all PR values equal
to 1. At each step, the new PR(P) value is com-
puted from the old PR(T;) values (using the equation
above), until the values converge. Through the fa-
mous Perron—Frobenius Theorem [18], we can find
out that this calculation corresponds to computing
the principal eigenvector of the linkage matrix.

Theorem 1 (Perron—Frobenius Theorem). If an

n-dimensional matrix A is positive or non-negative

irreducible, then:

e the spectrumradius of A, p, is also a latent root
of A,

o thereisa positive eigenvector of A corresponding
to p;

e the eigenfunction of A has a single root p, i.e,
multp (A) = 1,

Although the rank algorithms based on linkage
structure break through the limitation of traditional
IR technology, they still have some shortcomings:

e only the authority metric has been taken into
account;

e the iterative computation results in bad perfor-
mance;

e it is difficult to deal with the overflow or under-
flow problem during iteration;

e because of the ‘rank sink problem’, the iterative
computation may not converge.

The last situation, ‘rank sink problem’, is illus-
trated in Fig. 1. Consider two Web pages that point
to each other but to no other page, and suppose
there is some Web page that points to one of them.
During iteration, this loop will accumulate rank but
never distribute any rank (since there are no outgo-
ing edges). The loop forms a sort of trap called a
‘rank sink’ [3]. This problem can be analyzed more
formally asfollows.

Ny

Fig. 1. The ‘rank sink problem’.

Definition 1. A = (&j)nxn iSan n-dimensional ma-
trix, the graph, D(A) = {(, j) | &; # 0} is named
the adjoint directed graph of A.

Theorem 2. Aisan n-dimensional non-negative ma-
trix, so Aisirreducible, if and only if, the adjoint di-
rected graph of A is strongly connected (there exists
a path fromu to v for any node u and v in the graph)
[18].

Itisobviousthat the ‘rank sink problem’ makesthe
Perron—Frobenius Theorem no longer applicable, so
theiteration computation method | osesitsfoundation.

To sum up, there are till many weaknesses of
current rank algorithms. Simply inheriting IR tech-
nology and merely mining the linkage structure are
not enough.

3. Analysis of therank algorithm

3.1. Definition

The rank function of Web resources can be for-
mally defined as rank : R x Q — R U {0}, here
R represents the set of relevant Web resources, Q
represents the set user’s queries. Without loss of gen-
erality, we can view R as the relevant Web pages
found by the search engine. Given vr € R,Vq € Q,
the bigger rank(r, q), the more valuabler to q, i.e,,
the more valuable for the user.

If the function ‘rank’ satisfies
(1) vr e R Vg e Q, O <rank(r,q) <1,

(2 Va e Q, > cgrank(r,q) =1,

thenitiscalled anormal rank function. Since al rank
functions can be transformed to equivalent normal
rank functions, we assume al rank functions are
normal in the following discussion.

3.2. Multidimensionality

In our opinion, arational rank algorithm of Web
resources should be multidimensional, at least it
should include the following metrics.

e Relevance. The relevance metric means the dis-
tance between the content of a Web resource r
and a user’'s query g. It is also the metric used by
most search engines. The normalized relevance
function can be defined ascorr : R x Q — [0, 1].
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As stated in Section 2, the method to calcul aterel-
evance can be derived from IR technology, based
on TF, IDF, word weight, meta-data, etc.

e Authority. The authority metric means how many
Web resources refer to the Web resourcer. More-
over, the Web resources referred to by higher-
quality resources should be assigned with higher
authority.

o Integrativity. The integrativity metric means how
many Web resources are pointed by the Web
resource r. Moreover, the Web resources pointed
to higher-quality resources should be assigned
with higher integrativity. A Web resource with
high integrativity is just like a good ‘survey’ or
‘review’ style academic paper, it can lead usersto
valuable information.

o Novelty. The novelty metric meansinwhich degree
the Web resource r is different from others, i.e,,
provide novel information. Analysis of query logs
has demonstrated that users are impatient, rarely
examining more than thefirst page of results (usu-
aly displaying 7-12 URLS). Hence we hope that
the top 30 Web resources will be very representa-
tive. Such Web resources should have few direct
links between themsel ves, because they will act as
roadmaps so that users can easily follow the links
embedded inthem to find other valuable resources.

3.3. Subjectivity

The value of a Web resource r depends not only
on the query g, but also on the user's nation, age,
gender, career, culture, hobby, etc. So there is no
absolute best rank function. But we can still evaluate
the rank algorithm based on the user’s reaction.

Assuming ‘RANK’ represents the set of all pos-
sible rank functions, the user’s satisfaction function
can be defined as sat: Q x RANK — [0,1], sat(q,
rank) will be proportional to the user’s satisfaction
of this rank function. Given the Web sources set
R = {rq,ro, ..., rn}, without loss of generality, we
suppose rq,ro, ... , I, are decreasingly ordered by
their value according to the user’s judgement. Define
the ‘reverse order number’ of the Web resource r;
under the rank function as

Yr) =[{r ke AL <k <i)
A (rank(ry) < rank(ri))} |

then
n

> )
i=1
n—1H(n-2)/2
Given the queries set Q = {Q;, O, . . .
average satisfaction function should be

sat(q, rank) =

) qm}y the

> sat(q;, rank)

sat(Q, rank) = =1 -

4. Therank algorithm based on Markov model

The above rank algorithms of the Web resources
are al from a satistic approach, but this paper
presents a user-centered rank algorithm from a dy-
namics viewpoint. In fact, surfing on the Web can be
viewed as a dynamic procedure in that a user jumps
from one Web resource to another. We abstract this
surfing procedure as a Markov chain.

Definition 2. Suppose {x;,t > 0} is a series of ran-
dom variables on a finite state space S = {s;, S,

., S}. If the state of xx,.; only depends on X,
but not on Xg, X1, ..., Xk_1, i.e, for any kK > 0
and positive integers ig,is, ..., Ik, iky1 the equa-
tion P(Xk+l = S | Xo = S - Xk = Sk) =
P(X«1 = S, | X = s,) is adways true, then
{x¢, t > 0} isnamed afinite Markov chain. P (X 1 =
Si | Xk = s), pij(t) for short, represents the prob-
ability to transit from the state s to s; in the
time t. If the transition probability p;j(t) is in-
dependent of t, i.e, for any s,s; € S and any
t, to, pij(t) = Pij(t2), then these types of Markov
chains are called homogeneous ones. P = (Pij)nxn
is the transition probability matrix of this homoge-
neous Markov chain, where pj; € [0,1],1 <, ] <
n,ZTzlpij =11<i<n.

Foraquery q, R={ry, r,, ..., rn} denotesthe set
of related Web resources found by the search engine.
We can use R as the state space (one Web resource
corresponds to one state). And then we consider a
virtual user surfing on the Web, in time t; he is
browsing the Web resource r; in probability p;(t),
and will jump to the Web resource r; in probability
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pij. Itisinthis way that the user’s surfing action on
the Web can be abstracted as a homogeneous Markov
chain. Although this modeling is rather ssimple and
intuitive, we believe that it has grasped the spirit of
the surfing procedure.

Definition 3. A finite Markov chain’'s distribution
vector intimet is p(t) = (pu(t), p2(t), ..., pa(t)),
where pjt) = P = sj), pjt) € [01],
Yiapit) =1

Theorem 3. A homogeneous Markov chain's be-
havior can be determined by its initial distribution
vector p(0) and its transition probability matrix P,

p(t) = p(0) P".

Suppose in time t, the virtual user isin stater;,
i.e., browsing the Web resource ri, then in the next
timet 4 1, he may have the following choices:

e continue browsing the Web resourcer;;

e click a hyperlink in r; and jump to a new Web
resource;

e pressthe ‘BACK’ button in the browser and return
to the last browsing Web resource;

e select another Web resource from the results of

the search engine, R.

Facing each of the above choices, the virtual user's
tendencies are measured as o x sim(ri,q), B, ¥
and ¢ separately, where corr(r;, q) is the relevance
function defined in Section 2, and «, B, y, ¢ are
four constants to a specific user, which satisfy the
condition0 < o, B, y,e <L a+B8+y+e=1

Definition 4. The linkage structure graph of the Web
resources, G = (V, E), is a directed graph, where
V is the set of nodes (V| = n) (a node corre-
sponds to a resource in R), and E is the set of
edges, E = {(vi,vj) | vi,vj € V andr; pointstor;
through hyperlink}, in(w) = [{(v v) | (vk, vi)
€ B}, out(vi) = [{(vi, ) | (i, w) € E}I.

Definition 5. The tendency matrix for the set of
related Web resources, R, is

a xsim(ri,q) ifi=j,

(s B if (vi,vj)€E,
U_(ulj)nxns Ujj = if(vj,vi)eE,
& otherwise.

Note that the tendency matrix here has synthe-
sized the four metrics mentioned above (relevance,
authority, integrativity and novelty).

After normalizing the tendency matrix, we get the
transition probability matrix in the Markov model
for user’'s surfing procedure on the Web.

Theorem 4. Thetransition probability matrix for the
set of related Web resources, R, is

u. .
pj =

2 ui
=1

Through Theorems 3 and 4, the probability distri-
bution vector at any timet can be calculated easily.
Now it is obvious that «, 8, y, ¢ actudly reflect the
relative importance, in the user’s opinion, of the rel-
evance, authority, integrativity and novelty metrics.
So we aso cal « the relevance parameter, 8 the au-
thority parameter, y the integrativity parameter, and
¢ the novelty parameter.

P = (Pij)nxn,

Definition 6. A homogeneous Markov chain, on the
state space S = {$1, S, ... , S}, IS holomorphic, if
for any Vs,s; € S there exists a positive integer
k, the state can transit from s to s; in a positive
probability, within k steps.

Definition 7. A = (&j)nxn iSan n-dimensional pos-

itive matrix.

(1) Aiscalled stochasticwhen Y, aj(t) = 1,i =
1L2,...,n

(2) Aiscalled primitive when there exists a positive
integer k, A€ > 0 (that is, every element in A* is
positive).

It is obvious that multiplying severa stochastic
matrices produces a stochastic matrix, and every
positive matrix is sure to be primitive.

Theorem 5. A homogeneous Markov chain, on the
state space S = {s1, S, ..., S}, IS holomorphic, if
and only if, its transition probability matrix P is a
primitive stochastic matrix.

Based on Theorems 4 and 5, it is easy to discover
that the Markov chain corresponding to the user’s
surfing procedure is a holomorphic Markov chain.
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Theorem 6. A holomorphic and homogeneous
Markov chain, {x;,t > 0}, with S={s1, S, ... , S}
as its state space, P as its transition probability
matrix, and p(0) as its initial distribution vector,
will converge to a unique ultimate distribution when
t — oo, thatis

tIim pt) ==x

The ultimate (stable) distribution vector, & = (74,
Mo, ..., n), IS the unique solution of the equation
n P = n that satisfiesw; > 0, 7 = 1[89)].

Assuming that the virtual user is rational and ex-
perienced enough, we argue that the probability of
browsing the Web resource r; should be proportional
to its worthiness. In practice, we can aso establish
out that a user usually spends more time on the Web
resources he cares for most. At first, the user has no
knowledge about the value of each Web resource, he
selects Web resources blindly or randomly. The user
becomes more and more experienced while browsing
more and more Web resources, so his judgement on
the value of resources becomes more and more accu-
rate. With time, the ultimate probability of browsing
each Web resource should reflect the worthiness of
each Web resource accurately. Thisis our main idea.

From Theorem 6, we know that the ultimate dis-
tribution vector = of a holomorphic Markov chain
isindependent of the initial distribution vector p(0),
but totally determined by the transition probability
matrix P. So given a set of related Web resources, R,
we can construct the transition probability matrix P
through Theorem 4, then calculate the ultimate dis-
tribution vector based on Theorem 6. The ultimate
distribution vector is just the rank of Web resources
we are looking for. The group of equations in The-
orem 6 can be solved using the ‘ Gaussian method’
without any iteration. Some ad-hoc mathematical
software (such as MatL ab) has already provided such
capability. Our initial implementation shows that the
rank algorithmis efficient and scalablein practice.

The parametersin this rank algorithm («, 8, v, €)
will be different for different users, and can be
adjusted for particular needs. These parameters can
also be automatically estimated based on the user’s
surfing history, which is discussed in another paper.
In our experiment, the parameters are initially set as
a=06,8=02y =0.19, ¢ =0.0L

5. Conclusion

From a dynamics viewpoint, this paper provides a
rank algorithm of Web resources based on a Markov
model. The advantages of this rank algorithm are:

e several metrics (relevance, authority, integrativity
and novelty) have been synthesized;

e the result can be calculated efficiently through
solving a group of linear equations, without any
iteration;

e the parameters can be customized and dynami-
cally adjusted by the user.

Several researchers have pointed out that there is
plenty of information buried in the user's bookmark
and historic visits log [4]. Now we are investigating
how to leverage this information in our rank algo-
rithm. Classifying and clustering the Web resources
automatically are aso very important to RD on the
Web [11,17]. We believe that the Markov model
proposed in this paper can aso be applied.

The Web can be viewed as a ‘complex system’,
and nonlinear dynamics (chaos, fractal, and so on)
should be very helpful to manage and make use
of the Web. We believe that the World Wide Web
(WWW) will eventually become an information re-
trieval tool whoever, whenever, wherever (WWW)
you are.
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