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Abstract

The analysis of hyp erlink structur eon the Web
has been employed for dete cting high quality docu-
ments. Quality may corresp ond to the authority of a de-
ument, but could also correspond to its wutility, that
is how well it enables a user to browse its vicinity.
We present a hyp erlink analysismodel, based on mod-
elling the Web graph as an absorbing Markov chain,
that can be employed for b oth authority and utility anal-
ysis of documents. The results of exp eriments for
both typ es of hyperlink analysis underpin the impor-
tanc e of making this distinction. In addition, we povide
evidence that supp ortthe investigation of more elab-
orate hyperlink analysis methods on a query-by-query
basis.

1. Introduction

The analysis of hyperlink structure of Web docu-
ments has been employed in order to disco verdocu-
ments of high quality on the Web. The term quality, as
used here, may have more than one interpretation. The
first is that of authority: documents that are pointed
by many other documents, or by other qualit ydocu-
ments are considered to be more authoritative on their
topic. This is the approach tak en in BgeRank and its
modifications [4, 10, 15], where the quality of a docu-
ment depends on its incoming links.

A more refined approach is employed by Kleinberg
in the definition of HITS [11], where documents may
be authorities and hubs at the same time. In this con-
text, a good authority is pointed by many good hubs,
while a good hub should point to many good authori-
ties. The quality of a document as a hub denotes how
useful it is for a user who wan ts to discorer the most au-
thoritative documents about a topic. How ev erapart
from HITS and its extensions [13, 6, 3, 5], this dis-
tinction has been overlooled and methods for hyper-
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link analysis focus mostly on predicting the authority
of documents.

We propose a model for hyperlink analysis, namely
the A bsorbing Mdel, which may be used to measure ei-
ther the authority of a document, or its utility, that is
how well it enables a user to browse its vicinity. Based
on modelling the Web graph as a Markov chain, we tak e
a different approach from P ageRank,where all docu-
ments are linked to each other, in order to get an er-
godic Markov chain. In our case, w eintroduce a set
of new states in the Markov chain, uniquely associated
with each state in the original Markov chain. The im-
plication of this transformation is that the resulting
Markov chain does not possess a stationary probabil-
ity distribution, and as a result, the prior probabilities
of documents affect the hyperlink analysis scores.

Because the concepts of authority and utility are dif-
feren t than that of releance, we need to combine evi-
dence from both content and hyperlink analysis, in or-
der to achiev e effectie retriev al [3]. Br the combina-
tion of evidence, theaee differen t approaches, rang-
ing from a simple weighted sum to more elaborate mod-
els, such as the belief net w ork model[17]. We choose
a simple and effective formula, the Cobb-Douglas util-
ity function, which corresponds to a weighted product
of the different evidence.

F or the ewluation of the model, we experiment us-
ing the .GOV, a standard TREC Web test collection.
We employ the topics and relevance assessments from
the topic distillation task of TREC 2002 [7]. This par-
ticular task was designed to test the usefulness of hy-
perlink analysis techniques in finding good entry points
to topics. We evaluate both authority and utility in-
terpretations of the Absorbing Model. Especially for
the latter, we provide results from an extensive experi-
ment, where the ideal performance of the model is ob-
tained from a set of runs with varying parameters.

The remainder of this paper is organised in the fol-
lowing way. Section2 presents the basic properties of
Markov chains and introduces the Absorbing Model. In
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Section 3, w e focuson the authority interpretation of
the model, while Section 4 introduces the utility inter-
pretation of the model. We report the results of an ex-
tensive experiment with the utility Absorbing Model
in Section 5. Section 6 provides the conclusions drawn
from this work andome in teresting points for future
w ork.

2. The Absorbing Model

The Web graph can be modelled as a Markov chain,
where the probability of accessing a document, while
performing a random walk, can be used to indicate the
document’s authority, or utilit y. In this section, & will
give some of the basic definitions for Markov chains,
where the notation and the terminology introduced are
similar to that used by Feller [8].

2.1. Marko v chains

Each document d; is considered as an alternative
state with prior probability p; of being retrieved by
the system. In addition, for every pair of documents
(di,dj;), w eassign a transition probability p;;. Both
prior and transition probabilities should satisfy the
condition of a probability space:

Zpi =1 (1)
Zpij =1 (2)

Moreover, if the probability pj; of reaching document
d; from document d; by a n-step random walk is greater
than zero for some n, we say that d; is reachable from
d;. A set of states is said to be close dif any state in-
side the set can reach alland only all other states in
the set. The states in a closed set are called persis-
tent or recurrent states, since a random walk, start-
ing from the state d; and terminating at state d;, can
be infinitely extended to pass through d; again. In-
deed, from the definition of the closed set, the prob-
abilit y pj; is greater than zero for some m. If a sin-
gle state forms a closed set, then it is called absorb-
ing, since a random walk that reac hes thisstate can-
not visit any other states an ymore. A state which is
not in any closed set is called transient. Such a state
must reac h at least one state in a closed set, and con-
sequently, there is a random w alk,starting from the
transient state d;, that cannot be infinitely extended
to pass through d; again.

It can be shown that all Markov chains can be de-
composed in a unique manner into non-overlapping
closed sets C1,Ca,... and a set T that contains all and

only all the transient states of the Markov chain. If this
decomposition results into a single closed set C, then
the Markov chain is called irreducible. In this case, the
Markov chain possesses a stationary, or invariant dis-
tribution, which is independent of the prior probabili-
ties.

2.2. Definition of the Absorbing Model

Modelling the Web graph as a Markov chain has tw o
main implications:

1. There are Web documents that do not have any
hyperlinks to other documents. In this case, the
probability space condition (2) for the transition
probabilities is not satisfied and the definition of
a Markov chain becomes problematic [8].

2. Even if every document has at least one outgo-
ing link, there are states in the Markov chain,
namely the transient states, for which the limit
of the probability of accessing the corresponding
state is zero. In other words, although a random
walk may start from a specific document, it is not
possible to ever extend the random walk in order
to pass from the initial document again.

There are tw o alternatives in order to overcome
these tw oimplications of modelling directly the Web
graph as a Markov chain:

1. All states are linked b y assigning a new transition
probability p;; # 0 in a suitable way. In this case
there are no more transient states and all states
receiv ea positiv eauthority score. This approach
is used in PageRank, where the assumed random
surfer may randomly jump with a finite probabil-
ity to any Web document.

2. The original graph G is extended to a new graph
G*, where the new states of G* are all and only
all the persistent states. The scores relative to all
states of the original graph, whether transient or
not, will be uniquely associated to the scores of
the new states of G*.

The Absorbing Model is defined by following the sec-
ond alternative. We project the original graph G onto a
new graph G* whose decomposition is made up of a set
of transient states T' = G and aset C;,...,C, of ab-
sorbing states, that is a set of singular closed sets. The
state C; is called the clone of state d; of the original
graph G. Any state in G has access only to its cor-
responding clone, but not to other clones. Since the
clones are absorbing states, they do not have access to
any state except to themselwes. The Absorbing Model
is introduced formally as follows:
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Definition 1 Let G = (D,R) le the gr aph c onsisting of

the set D of the N documents d; and the binary accessi-
bility relation R(d;,d;) = 1 if there is a hyperlink from
d; to d; and 0 otherwise. The graph G is extended by in-
troducing N additional states dn4;,t = 1,..., N, called
the clone nodes. These additional nodes ar e denoté as:
dn+i = di and the accessibility r elationR is extended in
the following way:

R(d;,d) = R(d,d}) =0,d #df,i=1,...,N except for:

R(d;,df) =1
R(d},d}) =1
The transition prob abilityp;; from stated; to state d; is:
R(d;,d;)
Dij = (3)
* Hdj : R(d;, d;) = 1}

where the denominator stands for the number of the pos-
sible tr ansitions from state d;.

)

Figure 1. The Markov Chain rep resenting the
w eb graph

Before continuing, we will give an example that il-
lustrates the transformation of the graph. In Figure 1,
a graph that represents a part of the Web is shown.
According to the definitions giv en for Marlov chains,
states 1, 3, 4 and 5 form a closed set and they are
persistent states. State 2 is a transient state. There-
fore the corresponding Markov chain is not irreducible,
as it can be decomposed to a non-empty set of tran-
sien t states and one set of persistent states. Figure 2
sho wsthe same graph, transformed according to the
definition of Absorbing Model. In this case, the states
1 to 5 become transient and the only persistent states
are the newly introduced states 1* to 5*. In addition,
w e should note that the inroduced transformation re-
sults in to remwing any absorbing states from the orig-
inal Web graph, as there are no closed sets composed
by any of the original states.

Hence, with the introduction of the clone nodes, all
the original states d;,j = 1,..., N become transient,

Figure 2. The extended Mark ov Chain including
the clone states

while all the clone states d7,j =1,..., N are the only
persistent states. In other words, for the states in the
original Markov chain we have:

P =0, k=1,...,N (4)
while for the clone states we have:
P = ujr, k=N+1,...,2N (5)

where u;j;, stands for the probability that a random
w alk starting from stated; will pass through state dy.
We define the Absorbing Model score of a state dj to
be given b ythe unconditional probability of reaching
its clone state dj:

Z Piujk- (6)

where k* =k+ N and k=1,...,N.

In tuitiwely, the Absorbing Model score measures the
probability of a user being “absorbed” by a Web docu-
ment, while he is browsing other documents in its vicin-
ity. This probability depends on both incoming and
outgoing links:

1. If a document has many outgoing links, then its
Absorbing Model score is low, while if it has few
outgoing links, it is more probable that its Absorb-
ing Model score will be higher. Therefore, the low
values of th  Absorbing Model score can be con-
sidered as evidence of utility (or h ub qualiy) for
documents.
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2. Documents with a significant number of incoming
links, have a high Absorbing Model score, while
documents without incoming links ha vea low er
score. Therefore, the higher values of the Absorb-
ing Model score can be considered as evidence of
authority for documents.

Before continuing, we would like to point two main
qualitative differences betw eenthe Absorbing Model
and PageRank. First, while in PageRank the scores de-
pend mainly on the qualit yof the incoming links of
a document, in the Absorbing Model the document’s
score is affected by its outgoing links. Thus, it allows
us to introduce and quantify the concept of utility, as
it will be described in Section 4.

The second difference is that PageRank scores cor-
respond to the stationary probability distribution of
the Markov chain resulting from the Web graph af-
ter adding a link betw een eery pair of documents. On
the other hand, the Absorbing Model does not possess
a stationary distribution, and therefore, the Absorb-
ing Model scores depend on the prior probabilities of
the documents. Depending on the way the prior prob-
abilities are defined, we may introduce different exten-
sions of the model. For example, the use of the conten t
retriev al scores as the prior probabilities results irto a
simple and principled way to combine dynamically con-
tent and link analysis [1], similarly to the extensions of
HITS [3]. On the other hand, if the prior probabili-
ties are defined independently of the conten t retriewl,
as we will see in the next sections, we can compute the
Absorbing Model scores offline, as in the case of PageR-
ank.

In this paper, w e focus on the latter approach
for defining the prior probabilities, and introduce the
authority-oriented (Section 3) and the utility-oriented
(Section 4) interpretations of the model.

3. The Static Absorbing Model

F rom the possible ways to define the prior probabili-
ties, such as the url type, or the document’s length [12],
one is to assume that they are uniformly distributed.
This approach reflects the concept that all the docu-
ments are equally likely to be retrieved, without taking
into account any of their specific characteristics. Con-
sequently, the prior probabilities are defined as follows:

Definition 2 Static mode priors: the prior prob ability
that the document dy, is retrieve d is uniformly distribute
over all the documents:

1

Pr = ﬁ (7)

where the number 2N refers to the total number of states
in the new graph, that is the total number of documents,
plus an equal number of the corresp onding clone states.

When w eemploy the static mode priors, the Ab-
sorbing Model score s(d;) of a document d; is given
from (6) and (7) as follows:

S(d]) = Zpiuij* = Z %UU* X Z’u,ij* (8)

In other words, the Absorbing Model score s(d;) for
a document d; is the probability of accessing its clone
node dj by performing a random walk, starting from
an y state with equal probability. The interpretation of
this score is derived in a straightforward manner from
the in tuitiv e description of the Absorbing Model in Sec-
tion 2: a document has a high Absorbing Model score
if there are many paths leading to it. As a result, a ran-
dom user w ouldbe absorbed by the document, while
he would be browsing the documents in its vicinity.
Highly authoritative documents are favoured by this
approach, and they are expected to have a higher Ab-
sorbing Model score.

In order to combine the Absorbing Model score with
the content analysis score, we employ a Cobb-Douglas
utility function, as follows:

U=C*-1I% a+b=2 (9)

This utility function has been applied successfully to
combine different sources of utility, such as labour and
capital in the context of economics. The exponents a
and b are parameters that regulate the importance of
each of the componerts in the combination, and by def-
inition they sum up to 2.

In our case, we can bine the conten t analysis score
s(dj|g) for query ¢ and the Absorbing Model score
s(d;), using equal values for the exponents a = b =1,
and the final score for a document d; is given as fol-
lows:

Ui = s(d;lq) - s(d;) (10)

We refer to this method as the Static Absorbing Model
(SAM).

T otest this approach, w ehave performed experi-
ments using a standard Web test collection, namely
the .GOV, a recen tcrawl from the .go v domain used
for the Web track of TREC 2002 [7]. We used the 49
queries and the corresponding relev ance assessments
from the topic distillation task of the Web track of the
same TREC, a task focused on finding useful resources
about a topic.

For the content analysis, w eemployed the BM25
weigh ting function [16] and tw o weighting functions
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Aver. Prec. Prec. at 5 Prec. at 10
BM25 0.1904 0.2939 0.2429
SAMBg o5 0.0020 0.0082 0.0041
PRBues 0.0032 0.0041 0.0204
PL2 0.2031 0.3020 0.2694
SAMpys 0.0031 0.0082 0.0041
PRpro 0.0039 0.0163 0.0245
I(ne)B2 0.1994 0.3020 0.2408
SAM1(n.)B2 0.0027 0.0082 0.0041
PR(n.)B2 0.0039 0.0122 0.0245

T able 1. Authority-oriented experiments with
Static Absorbing Model and PageRank

from the probabilistic framework proposed by Amati
and Van Rijsbergen [2], namely the functions I(n.)B2
and PL2. For the hyperlink analysis, the Absorbing
Model scores were computed during indexing, employ-
ing all the hyperlinks in the collection, and they were
normalised by dividing by the maximum of the scores.
We should note that the computational overhead due
to the introduction of the clone states w asinsignifi-
can t. In addition, ve ran experiments using PageRank
(denoted by PR in Table 1) instead of the Absorbing
Model, while all the other settings were the same.

Results from Table 1 show that for both SAM and
P ageRank, theauthority orien tedapproach is not ef-
fectiv e for retriev al on the specific collection, indepen-
dently of the weigh ting function used. However, a close
look at the collection and the task could suggest that
this authority-oriented approach may not be suitable
for application on a collection where atbsderces
are of high quality and authoritative. In the collection
under consideration, the qualit yderiv esfrom the au-
thorit y of the authors and the hyperlinks that point
to the documents in the collection from external doc-
uments. The latter set of hyperlinks is not part of the
collection and therefore cannot be used to leverage au-
thorit y.

In addition, it could be the case that authority-
oriented analysis may not be suitable for applying
on a per document basis, but may behave differently
when applied on aggregates of documents. An analo-
gous method is employed in the field of citation analy-
sis, where the impact factor for journals is used to de-
note the importance of specific journals [9]. The impact
factor is not computed for single papers, but for aggre-
gates of papers, which are published in the same jour-
nal. How eer, w eshould note that it is not straigh t-

1 Theindicesof SAM and PR in Tables 1 and 2 denote the weight-
ing method used for the content analysis.

forward to relate the fields of citation and hyperlink
analysis, since the motivations for adding citations in
a scien tific paper are differeti than the motivations for
adding a hyperlink to a Web document [18].

4. The Static Utility Absorbing
Model

In this section, we focus on a different approach to
hyperlink analysis, where w edo not consider author-
ity, but utility. In our context, the term utility corre-
sponds to the concept of how well a document enables
a user to browse its vicinity. For example, a document,
with few outgoing links, or with outgoing links to ir-
relevant documents, is not particularly helpful in this
sense. On the other hand, a document with a high num-
ber of outgoing links to relevant documents may be
seen as a useful resource. In order to make a fair com-
parison to SAM, for the remainder of the paper, the
concept of utility will be related to the number of out-
going links from a document, as described bellow.

We modify the Static Absorbing Model as follo ws.
The prior probabilities are assigned to documents in ex-
actly the same way as in the case of the Static Absorb-
ing Model, but instead of using the Absorbing Model
score s(d;) for document d;, w eemploy its informa-
tive content —log2(s(d;)) [14]. As already mentioned
in Section 2, the Absorbing Model score of a docu-
ment depends on both incoming and outgoing links of
the document. In addition, the probability of accessing
the clone node of a document is low erfor documents
with a higher number of outgoing links. F orthis rea-
son, we adopt the informative content of the Absorb-
ing Model score, which measures the importance of en-
countering a document with a low Absorbing Model
score.

Again, for the combination of evidence, we employ
the Cobb-Douglas utility function, as it is introduced
in (9) with exponents a = b = 1, replacing the Absorb-
ing Model score by its informative content:

Ui = s(djlq) - (—log(s(d;)) (11)

We refer to this method as the Static Utility Absorbing
Model (SUAM).

We should note that the use of the informative con-
tent of the P ageRank scores is not intuitive, since
P ageRankis meant to measure authority. Therefore,
the low P ageRank scores suggest nothing about the
utility of the corresponding documents, but only about
their low authority. Hence, it is not appropriate to make
a direct comparison betw een SUAM and RigeRank.

For testing the effectiveness of SUAM, w eexperi-
ment in the setting described in Section 3. As it can be
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Aver. Prec. Prec. at 5 Prec. at 10 Measure  + - = p (Singed ranks test)
BM25 0.1904 0.2939 0.2429 Aver. Prec 24 24 1 0.5417
SUAMB 25 0.1850 0.2980 0.2286 Prec.at5 13 6 30 0.3284
PL2 0.2031 0.3020 0.2694 Prec. at 10 11 10 28 0.8202
SUAMpys 0.2046 0.3061 0.2490
I(ne)B2 0.1994 0.3020 0.2408 Table 3. Query-by-query analysis: I(n.)B2 ver-
SUAM, ()52 0.1957 0.3306 0.2469 sus SUAM (.., >

T able 2. Static Utiliy Absorbing Model results

seen from T able 2,the results are at the lev elsof the
content only baseline. While the average precision de-
creases marginally, the precision at 5 documents shows
an improvement for all the w eigh tingfunctions used
for conten t analysis. Precision at 10 documerts is im-
pro vedonly when the w eigh tingunction I(n.)B2 is
employ ed. The decrease of average precision is not par-
ticularly important since the official measure for the
topic distillation task of TREC is the precision at 10
documents. More generally, in the context of Web In-
formation Retrieval, we are in terested more in precision
amongst the top retrieved documents, since users tend
to browse only a few top rank eddocuments. F or the
rest of the paper, we will only use the weigh ting func-
tion I(n.)B2, as it is the one resulting into the high-
est improvemernt after the combination with hyperlink
analysis.

Table 3 presents a query-by-query analysis of
the results. The first column refers to the mea-
sure used for comparisons betw een the I(n.)B2
and the SUAMy(,,)p> experiments: average preci-
sion and precision at 5 and 10 documents. The next
three columns correspond to the number of queries for
which we observed an improvement (+), a loss of pre-
cision (-), or where the results were the same
(=). The last column presents the resulting p val-
ues from the Wilcoxon’s signed ranks test for paired
samples. All three measures were tested for statis-
tical significance, but the result did not show that
SUAM/(y,. g2 resulted into a significant improve-
ment. There w asan improvement for precision at 10
documents for 11 queries, while a decrease was ob-
served for 10 queries. As for precision at 5 docu-
ments, there w as an improvement for 13 queries
and a decrease for 6. If w econsider average preci-
sion, an increase is obtained for 24 queries, for a sin-
gle query the average precision is the same and for the
rest of the queries it drops.

Overall, there is a tendency tow ards increasing the
precision of the top rank ed documens. The observed
improvement, although not significant, indicates that
the utilit y-oriemed link analysis is more appropriate for

the topic distillation task under consideration, since a
useful resource on a topic is expected to point to other
relevant documents on the same topic. Comparing the
results of the utility-oriented SUAM to the authority-
orien ted SAM, described in Section 3, ve can say that
the former is more effective and reliable than the lat-
ter, in this TREC task.

5. Extended experiment with the Static
Utility Absorbing Model

In order to further examine the Static Utilit y Ab-
sorbing Model, w einvestigate the effect of adjusting
the parameters a and b in the utility function (9). The
exponents represent the relative importance of each of
the components used in the combination of evidence.
We should note that effectively we introduce only one
parameter in the model, because the sum of the expo-
nents should be constant, i.e. equal to 2.

We have conducted an experiment in which we set
the exponents a and b to values between 0 and 2 in steps
of 0.1. In Figure 3, the average precision, and the preci-
sion at 5 and 10 documents are presented as a function
of the exponent b. It should be noted that the preci-
sion of the I(n.)B2 content-only baseline corresponds
to the points for b = 0 and that the exponent for the
con ten t-based module izz = 2 —b. We can see that our
model is relativ elystable across a wide range of val-
ues for b and its performance is decreasing rapidly for
values of b larger than 1.3.

More importantly, in the range of b values where
the model’s performance is stable, there are specific
points where improvement over the conten t-only base-
line I(n.)B2 is observed. For example for b = 0.6, we
have 0.3306 average precision at 5 documents, which
according to Wilcoxon’s signed ranks test for paired
samples, is significant with p = 0.0492. The same value
for precision at 5 documents is observed for b = 1.0 but
this does not prove to be significant according to the
same statistical test. In addition, improvements over
the content-only baseline’s precision at 10 documents
are observed for specific values of b. At the points where
b= 1.0, or b = 1.3 we have 0.2469 precision at 10 docu-
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ments with respect to 0.2408 of the conten t only base-
line, although this is not significantly different.
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Figure 3. Precision in relation with the values of
the exponents

So far, we have considered applying the same values
for a and b for ranking the results of all the queries un-
der consideration. How ewer, if we look into the best val-
ues for the parameters in a query-by-query basis, we ob-
serv e that t w o groups of queries nyabe identified. The
first group of queries consists of those that do not ben-
efit from the application of SUAM. F or these queries,
the retriev al effectiveness when applying SUAM is ei-
ther stable, or drops (for 6 out of the 32 queries in this
group, no relevan tdocuments w ereretrieved by our
system). The other group of queries consists of those
queries where the application of SUAM increases pre-
cision. If we use precision at 10 documents for group-
ing the queries, we find that the first group consists of
32 queries and the second one consists of 17 queries.

Since w eha veconducted the experiments with all
the possible combinations of the exponents, w ecan
see what would be the effectiveness of this model un-
der the assumption that we have a mecanism for pre-
dicting the best values for the parametersa and b on
a query-by-query basis for the corresponding measure
of retriev al effectieness. Table 4 summarises our find-
ings. For example, in the ideal case, where w ecould
find the most appropriate values for a and b in order
to maximise av erage precision (Maximum1), the result-
ing a verage precision wuld be 0.2201 (significant with
p < 1079), precision at 5 documents w ould be 0.3674
(significant with p = 0.0039) and precision at 10 docu-
ments w ould be 0.2857 (significait with p = 0.0081).

Alternatively, we tested a more realistic assumption
that there is a mechanism for approximating the best
values for parameters a and b. Even if such a mecha-
nism returned the values for the parameters that would

Measure Aver. Prec. Prec@5 Prec@10

I(n.)B2 0.1994 0.3020 0.2408
Maximum1 0.2201 0.3674 0.2857
Maximum3 0.2086 0.3612 0.2531

T able 4. Compaison betw eenl(n.)B2 and the
ideal cases

correspond to just the third best average precision per
query, precision amongst the top ranked documents
w ould still improre considerably (see Maxinum3 in Ta-
ble 4). More specifically, using Wilcoxon’s signed ranks
test, we can see that both average precision and preci-
sion at 5 documents improve significantly with p equal
to 0.0078 and 0.0093 respectively. However, according
to the same statistical test, although precision at 10
documents is improved over the baseline, this differ-
ence is not significant (p = 0.4212).

We should note that maximising average precision
does not guarantee that precision at 5, or 10 documents
will be maximised, but it is highly likely that they
will be higher than the corresponding results returned
by I(n.)B2. For example, if w emaximised the aver-
age precision, then precision at 10 documents w ould
be 0.2857, while if w eaimed at maximising precision
at 10, then the precision obtained would be 0.2939. In
the same way, maximising & erage precision results into
precision at 5 documents equal to 0.3674, while if w e
chose to maximise precision at 5 documents, we would
get a maximum of 0.4041. The values of the parameters
that maximise the average precision result irto maxi-
mum precision at 10 documents for 40 queries, and into
maximum precision at 5 documents for 43 out of the 49
queries respectively. These results show the high corre-
lation betw een the aerage precision and the precision
at 5 and 10 documents.

Based on the results obtained, w ecan evaluate re-
alistic methodologies for predicting the values for the
same parameters. Indeed, a decision mechanism result-
ing into precision at 10 documents close to the one
obtained under the assumption of employing an ideal
mechanism, should assign to parameters a and b val-
ues close to the optimal ones.

6. Conclusions

In this paper, w e ha vepresented the Absorbing
Model for utilising evidence from the hyperlinks be-
tween Web documents to improve Web Information
Retrieval effectiveness. Two different interpretations of
the Absorbing Model are suggested in order to han-
dle the different types of hyperlink analysis. For an
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authority-oriented hyperlink analysis w e employ the
Static Absorbing Model, that provides an indication of
the authority of documents. F or a utilit y-orieted anal-
ysis of the h yperlink structure, v propose the Static
Utilit y Absorbing Model, which gives scores to doc-
uments according to ho w well they enable users to
bro wse their vicinity. In both models the computation
of the Absorbing Model scores is performed offline and
the combination of evidence from the content and hy-
perlink analysis is achiev edby employing the Cobb-
Douglas utility function. In the future, w ewill evalu-
ate a dynamic version of the Absorbing Model, where
the prior probabilities will correspond to the conten t
retriev al scores [1].

We ha ve performed experiments with both ap-
proaches, using the .GOV Web test collection. For
the Static Absorbing Model, more investigation is
needed in order to find the reasons that make it inap-
propriate for this test collection. On the other hand,
the Static Utilit y Absorbing Model is stable and im-
pro ves precision among the top rankd documents for
the same collection. This contrast underpins the dif-
ference between the tw o hyperlink structure anal-
ysis approaches. As the experiments suggest, the
utility of a document, in terms of how well it en-
ables a user to bro wseits vicinit y,is more effective
than its authority in the context of the test collec-
tion used. Additional data, such as the topic distil-
lation queries of TREC 2003, will help us to check
the validit y of these conclusions in different set-
tings.

In addition, w ehave sho wnthat in the ideal case
where the best values for the parameter b of the model
could be chosen automatically, the retriev al effective-
ness would be significantly better for the specific test
collection. This result is important, because it shows
the potential effectiveness of hyperlink structure anal-
ysis in the context of TREC-like experiments. In addi-
tion, it provides us with maximum values of precision
for the specificcollection and query set when our ap-
proach is applied, and therefore, it can be used to eval-
uate models for predicting appropriate values for b. We
are currently working on such models, while a point of
our future researc hwill be an investigationof meth-
ods for the application of the authority-oriented hy-
perlink analysis.
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