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A Web Surfer Model
Incorporating Topic Continuity

Sankar K. Pal, Fellow, IEEE, B.L. Marayan, and
Soumitra Dutta

Abstract—This paper descrbes a surfer model which incomporates information
about topic continuity derwed from the surfer's history. Tharefore, unlike aarier
madels, it captures the intermelationship between categonzation (contexi) and
ranking of Web documents simulianeously. The model is mathe maticalhy
farmulated. A scalsble and convergant derative procedure is provided for its
implementation. Its different characienstic features, as obtained from the jaint
probability matrix, and their significance in Web inteliigance are mantionead.
Exparimants parformed on Web pages obtained from WebBase confirm tha
suparionty of fhe model.

Index Terms—Web intelligancea, probabilistic surfer history, page ranking,
stochasfic processes, conlext identification, categonzation.
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1 INTRODUCTION

THE present article deals with a methodology based on the
prirciple of surfer models that simultaneously performs page
ranking and context extraction.

Surfer models model a surfer who browses the Internet. The
sequence of pages that the surfer visits is modeled as a stochastic
process [ X ), where X, denotes the page the surfer is on at time £
The state space for this process consists of all Web documents, each
page being a state that the process may atkin, The transiion
probabiliies P{X, , = | X, = u} are defined as the probability of
reaching page », given that the surfer is currently on page «, by
either clicking on a link available in « or by typing the URL.

In general, one would be interested in knowing some of the
properties of the process (X, ). One such property of interest is the
convergence of this process to a stationary distribution. These
properties may be used to draw inferences about, among others,
the ranks and categordes of Web documents.

The Random Surfer Model assumes that the surfer is browsing
Web pages at random by either following a link from the current
page chosen uniformly at random or by typing its URL. On the
contrary, the Directed Surfer Model assumes that, when the surfer
iz atany page, he jumps to only one of those pages that are relevant
to the context, the probability of which is proportional to the
relevance of each outlink. Both models guarantee the convergence
of this stochastic process to a stationary distribution under mild
assumptions like the irreducibility of the transibon probability
matrix. In practice, these assumptions are enforced by pruning or
ignoring some links.

This paper is an attempt at demonstrating the significance of
incorporating the information derived from another aspect,
namely, the history of a surber for ascertaining the transiion
probabiliies in the surfer model for ranking a page. Here, the
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surfer is assumed to follow, more often than not, links on topics
contained on the pages that he had visited earlier, thus maintain
ing a continuity of topics.

It is shown to be possible to simultaneously estimate both the
rank and categorization of the available pages, unlike the earlier
models. As a result, both categorization and ranking improve, A
mathematical framework of the model is provided along with its
convergence and scalable properties. Other applications of the
model, a8 obtained from the joint probability matrix, are also listed.
The superiority of the model over some related ones is demon-
strated on a data set obtined from WebBase [1].

2 SurFerR MoDELS

A wvariety of surfer models, such as random surfer [2], HITS
{Hypertext Induced Topic Selection) [3], directed surfer [4], topic
sensitive pagerank [5), etc, are available in the literature. More
recently, another model called WPSS (Web Page Scoring Systems),
which generalizes all the above mentioned models, has been
proposed in [6]. We describe here the Directed Surfer Model which
encompasses the models which allow only forward walks,

Richardson and Domingos [4] have modeled a surfer who
probabilistically chooses the next page to be visited depending on
the content of the pages and the query terms the surfer is looking
for. This model is an extension nf the one introduced in [7).

The transition probability m}, is computed as

My, = (1 -

where, v and » are Web documents, ¢ 8 a query term, 4 is a
constant, and P(u} and Fy(v — u) are arbitrary distributions. F{u}
is the probability that the surfer reaches page « without following a
link in the context of g Fyle — w), on the other hand, is the
probability of choosing « in the context of g from among the links
provided on page w. In practice, Fj(x) and Fyle — u} may be
derived from a relevance measure as
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where yiu) is the relevance of « to q.

The choice of the relevance functon is arbitrary. If [ (u) = L ¥
gou, it is the random surfer model. Other suggestions for ()
provided in [4] include an indicator function for the presence of g
irn w and TFIDF-like scores for g in w. The latter ones make the
model more efficient.

In general, by considering F) to be derived from I, which
need not be the same as I, Haveliwala's recent work on bopic-
sensitive ranking [5] of ‘Web pages, which emplovs  the
directory listing of the Open Directory Project (ODP) [8],
becomes its special case with the choices of Ii‘"(.-:} and i, (u)
being Tw appears umder category g in ODP] and 1, n:t'.pcchvelv

Filw

3 SurFeErR MoDEL INCORPORATING HISTORY

31 Theory

The transition probabilities depend on the pages visited prior to
reaching the current page. In order o incorporate this dependency,
we propose a new surfer model, where a surfer moves on to pages
that match his topic of interest. We assume that every page may
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have content on one or more opics and the surfer chooses one of
them as his topic of interest. Usually, the surfer moves on to a new
page in keeping with his topic of interest. However, occasionally
he may also visit other pages, say, out of curiosity.

The topic of interest is guessed by looking at the pages from
which the page under consideration is reached. The knowledge of
pages visited previously may be utilized by an online algorithm
that computes the trarsition probabilities each Hme the surfer
visits a new page.

Our primary interest being in offline applications, we, prob-
abilistically, guess the history of the surfer and thereby estimate
the topic of interest. We compute a set of tramsition probabilities
under the assumption that a surfer generally browses with a
particular topic of interest in his mind and is more likely to browse
pages on similar topics rather than dissimilar ones. We formally
introduce our model as follows,

Let X, and I, denote the page the surfer is on and his topic of
interest, respectively, at ime {. We assume that [, © Ty,. We also
assume that the probability of the surfer changing his topic of
interest is v (v < 0.5), Le, Pl # L) = v Then,

P( X1 =2 X =v)
=Y " P(Xy =201 =kl = kb, X, = o) P(l, = KX, = v)
LT, (1)
By PXpn =2l =KL # kX = )P, £ 51X, =),
keT:

I (1), we have split the probability of a one-step ransition (from «
to z) into that of withintopic transitions and cross-topic transi-
tHons, Let &, denote the number of outlinks from » B pages
containing topic & Now, substituting ~ for cross-topic transition
and simplifying, we have:

PXp=zX=v)=% — _[1-4-_L
(K = 2] v} ,,;-'\HTJ( ¥ |T_.|)

Pl = KX, =v)
I

(2)
keTNT

In the above, only the nonzero terms have been retained in the
summation. Thus, the problem of estimating the transition
probability has now been restated in terms of P = kX, = o),
the surfer’s topic of interest given his current location. This
conditional probability is expanded as:

Pl = X, =v)

; Plh=kX=vX,,=u)
. P(X, =v)

wiEs

wel, T, PIX, =v)

(3)
In the above, we have expressed the quantity in wrms of the
possible pages and topics that could have been attained at time

t — 1. We again substitute ~ for the probability of the topic having
changed during a trarsition (and 1 — ~ for no change) and obtain

the following:
e P‘I:_‘{_l 1= )
Pl =KX =v = bRl (- T A |
[ [ = w) .gij Nox Idi-1 [Xi-1 = u) XK=
iy Pl =Xy =u)
Tl i n,
PlX, y=u)
P(_‘{. = w) ’
(4)

PLh=kX,=v|Xia=ub =1)P, =X,y =u)

We have thereby expressed the conditional probability, at Bme t,
of the opic of interest given the page, in terms of the same quantities
at Hime ¢ — 1. In this manner, we have obtained an iterative
procedure for computing the conditional probabilities. Note that
this iterative procedure also allows us b compute the joint
probabilities of (1,. X,) by multiplving both sides by P( X, = »}.

The proof of convergence of the above iterative procedure
follows by noting that the situation is the same as that of the Rand om
Surfer Model, with each state now becoming a pair of values.

3.2 Obtaining Initial Estimates

For faster convergence of the above iterations, a good initial
estimate of the joint probability distribution is necessary. The joint
probability P15, X)) is estimated as P54 | X )P X)), where P{X,)
is obtained using an existing version of PageRank. The quantities
P15 X0} have been estimabed from the ODP data using the Naive
Bayes algorithm [9], where the document X is treated as the term
vector (g, xe, ... ag b and € is the jth topic listed under the Open
Directory. The topic-conditional probabilities for each term,
Pixi| (), and the prior probabilities of the topics P((), are
estimated as the corresponding frequencies obtained from the
pages listed under the Open Directory.

These initial estimates are then plugged into the iterative
procedure.

3.3 Different Uses and Characteristic Features

As described above, we have obtained the stalonary (joint)
distribution of (I, X). By considering appropriate quantities like
the marginals and the conditionals of the joint probability matrix of
(I.X), as has been done in [7], the page ranks, topic-specific page
ranks, relevanae fo fopics, ete, may be computed. The parameter ~
may be varied o reflect the behavior of a particular surfer and may
be utilized for personalizabion.

Earlier investigatiors had generally focused on either page
ranking or page categorization. What the current investigation
does is to perform both these interd ependent tasks simultaneously.
Thiz notion had been mentioned in [10] and had also been
independently reported in a preliminary form in [11].

It is inkeresting to note that the proposed algorithm does not
actually categorize, in its true sense, a Web page’s contents. It just
estimates what a surfer would be interested in when he reaches a
page. This means that, even though the kerms appearing in a
document are suggestive of some particular category, the topics
and ranks of the pages linking to it play a major role in
determining if it indeed is relevant for that cakegory, The scores
that we compute for each page can be considered equivalent to
categorization in the serse that this is what a surfer visiting this
page would be thinking about

We mention here that, though both Haveliwala's topic-sersitive
PageRark algorithm and the proposed one make use of the topic
information available under the ODP directory, there is a
difference in the manner in which it is employed. While the
former needs information about which topics a URL is listed
under, the latber needs some bext categorization mechanism, which
in this particular case, happens to be derived from the ODP data.
Since Hawveliwala's algorithm does not need to categorize each
available page, it is computationally more efficient compared to
our algorthm. However, by virtue of this extra effort, the proposed
methodology counters topic drift by restricting the transfer of rank
between dissimilar pages.

34 Complexity and Scalability

We now discuss the complexities involved in the proposed
algorithm. Let K be the number of topics under consideration.
Then, the disk space required is K times that required for ordinary
PageRank and is the same as that for topic-sensitive PageRank [5].
The time complexity is as follows: From (4), it is obvious that, in
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Fig. 1. Expearmeantal resulis: (a) page rank comparnson and {b) comparison of categorization.

each iteration and for each k and », 3+ |T,| computatiors are
required for each backlink « of v. This makes a total of 3« T « |5, |
computations, where T is the average number of topics contained
in a page. Thus, the total number of computations needed for each
iteration is 3+ T « N« B where B is the average number of
backlinks.

This is about the same as that for topic-sersitive PageRank if we
assume that T is comparable to K. In practice, this is a reasonable
assumption as, on average, the number of topics represented on a
page is much smaller compared to K. Note that we do not count
the preprocessing steps like slemming, stopword removal, and
creation of an inverted index as they are the same for any such
algorithm.

4 EXPERIMENTAL RESULTS

The performance of the proposed methodology has been evaluated
and compared with some of the existing algorithms. Here, we
discuss the data sets used and the methods of implementation and
evaluation.

4.1 Data Sets Used

A training data setis obtained from the ODP [8] in the form of a file
in RDF format. This file consists of URLs and their description
organized into 17 distinct topics. The words available in the
descripion are assumed to represent, to some extent, the topics
under which they appear.

The test dat set, consisting of approximately five million
pages, was obtained from WebBase [1]. These pages form a
connected neighborhood of the Web. The headers were ignored
and only the contents of each page were used in our experiments.
The links were normalized and self-links were removed.

For estimating the value of -, we have used the msnbocom
amonymons Web data (available at http:/ /kdddes uciedu/data
bazes/ manbe fmenbehtml), which has transition information
between categories.

4.2  Implementation

Initial categorizations of pages from WebBase were obtained using
the MNaive Bayes algorthm and the ODP data set, as mentioned
earlier. We observed that the number of cross-topic transitions in
the msnbe data were about 35 percent. Accordingly, we chose the
value of + to be 0.35. Note that, this data set did not capture any
requests that had been served from the user's cache. Had these

requests been included in the data set, the number of within-
transitions would have been higher, Le, v value would have been
lower. Inorder to reflect this, we also conducted an experiment for
a lower value of + (= 0.2, say).

Our implementation is similar to the one suggested in [12],
where accesses to the hard disk are minimized by reading chunks
of the transition matrix into memory. Extrapolation methods with
a higher degree of efficiency may also be used in the computation
of the principal eigenvector of the matrix 5 [13].

43 Evaluation

The process of evaluation consists of two parts: The frst part deals
with comparison of the ranks of the pages and the second with
their categorizations.

The ranks obtained by our method were compared against
those obtained by PageRank [2] and the directed surfer model [4].
Ten queries from those used in [5] and five volunteers were
chosen. The queries are architecture, bicycling, computer vision,
gardening, gulf war, java, rock climbing, table tennis, wintage wine, and
volcaro, The top 10 pages obtained in response to each query by the
four algorithms, namely, Random Surfer Model (or PageRank),
Directed Surfer Model (or QD-PageRank), Proposed approach with
~ = (135, and Proposed approach with v = (L2, were studied by the
five volunteers. They provided a rating (or score) between 0 and
1}, a rating of 10 being the best, to each algorithm for each query.
The average values obtained for each query are presented in Fig. la
We have performed pairwise comparisors testing for difference of
the means using a t-best with 9 degrees of freedom. The null
hypothesis was aken to be that the means were equal, while the
alternate hypothesis was that the second method (the one
appearing later in the bar-plot) fared better. The tests gave the
following results:

e  The proposed method (for both the above mentioned
values of ~) and the directed surfer model significantly
outperform the random surfer model at a confidence level
of 95 percent.

& The scores obtained by the proposed method with 5 =10.2
show a significant improvement over those obtained by
the directed surfer model at a confidence level of
95 percent.

& The improvement in scores over the directed surfer model
obtained by the proposed method with =035 is



TABLE 1
RAunning Times

Mlethond Time {secs)
PageRank 60
Q-PR 150
Tepic-sensilive PR 1060
Proposed 1300

significant at a confidence level of 90 percent, but not at a
confidence level of 95 percent.

& Nosignificant difference was observed between the scores

of the proposed algorithm for the two choices of .

In the second part of our evaluation, we compared the
categorization of Web pages by our method with those of Naive
Bayes [9] and SVMLight [14] with a polynomial kemel.

All of these methods including the proposed one were then
used o obkin the topic cakegorzation of 10 mndomly chosen
pages into the ODP topics, and the earlier volunteers were asked to
rate them. A score of 10 to a page denotes that the volunteer
viewed the topic categorization as totally appropriate, while a
score of 0 denotes a complete mismatch with the volunbeer's
categorization. The results are shown in Fig. 1bonly for v =102, as
an example. Both the proposed algorithm and SVMLight produced
significantly better categorization than the Naive Bayes algorithm
at 95 percent confidence level. Since our algorithm has used the
Maive Bayes algorithm for initial estimates, this indicates that our
method has improved the categorization, as expected. However, it
is seen that both ours and SVMLight are at par even at a 90 percent
confidence level.

It may be noted that we had already obtained the joint
probability matrix during our experiments on page ranking.
Therefore, the categorizaion expedment only needed to compute
the marginal and conditional probabilities, which are computa-
tionally inexpensive.

For checking the scalability of the proposed algorithm, we
measured the time tken by itand compared to those of PageRank,
QD-PageRank, topic-sensitive PageRank (Table 1). The times
mentioned are only those for the actual computation of the ranks
and not for the preprocessing steps which are commaon to all. None
of the above computaions employved the extrapolation methods
[13] mentioned above, The average number of topics tumed out to
be about three per page, which resulted in the proposed algorithm
having a running time almost equal to that of the topic-sensitive
PageRank. This also confirms our observation in Section 3.4,

5 CONCLUSIONS

The problem of modeling the interrelationship between page
categorizaion and ranking in terms of topic continuity has been
addressed in this article. An offline algorithm developed for this
purpose probabilistically estimates the surfer’s history and, thus,
his/her current topic of interest. The incorporation of surfer
history (or topic continuity) is a unique feature of this methodol-
ogy. This resulted in a scalable iterative procedure that provides
page categorizations as well as ranking simultaneously. The
convergence of the iterative procedure is proved. The merits of
the methodology have been established. Although we have
presented experimental results only for page ranking and
categorization, the method can be made applicable for topic-
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sensiive page ranking, topic representation on the Web, and
personalization.
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