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INTRODUCTION

During the past decade, the World Wide Web became 
the most popular network in the World. WWW grows 
with a very fast speed, thus the information that can 

search engines for the WWW appeared. The user could 
give some keywords and the system returned a number 
of URLs (uniform resource locators) that contained 
the keywords. The order of the URLs in the return 
list was initially based on the number of the keyword 
occurrences in each URL. Some more sophisticated 
systems were taking into account the importance and 
the frequency of the keywords.

As WWW was growing, a simple keyword search 
could match hundreds of thousands of pages. A human 

the URLs that the search engine returns. Consequently, 
the ordering of the search results became very impor-
tant. The most important URLs that are related with 

The link analysis ranking (LAR) is an objective 
way to sort search results. There are many advantages 
of the LAR over older methods. First of all the rank-
ing is feasible without getting any feedback from the 
users. It is also not necessary to store the content of the 
URLs, but only the links. Another advantage is that it 

-
ing keywords in the documents and moreover it may 
be pre-computed for all URLs. There are even more 

it the best method used so far.

Existing LAR Algorithms

In this section, we will present the representative 
algorithms that perform Link Analysis Ranking. All 
these algorithms compute a score for each URL and 
usually the result is presented as a score vector. All these 
algorithms are computed iteratively. The initial score 
vector usually consists only of zeros or ones. In every 
computation step the previous score vector is used and 
the next score vector is computed. The computation 
repeats until the score vector converges to a constant 
value or until we reach a maximum number of steps. 
In some of the following algorithms, a normalization 
step is necessary after each iteration, otherwise the 

Throughout this section, we use the symbols of 
Table 1 to present all the algorithms in a unifying 
way. 

Prestige

In 1949 (Seeley, 1949), an algorithm called status or 
prestige
networks. It introduced the notion of vertex score based 
on the social network link analysis. Web can be consid-
ered as a social network, so the prestige algorithm can 
be applied over the Web-graph as Chakrabarti (2003) 
analyzes in his book.

The computation is based on the Web graph adja-
cency matrix A. An element A[i,j] of this matrix contains 
the value 1, if page i links to page j. Starting with a 
prestige vector (1,...,1)Tp  we can compute the next 
Prestige vector 'p  as: 

' *Tp A p    (1)  
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vector. After each iteration, a normalization step must 
be applied. The normalization that is commonly used is 
done by summing all the vector elements to 1, 1|| ' || 1p .

Loan, 1989) and the vector that p converges is called 
the Principal eigenvector of AT.

According to our notation, the Prestige score for a 
URL x is the sum of the y URL-scores that link to x:

x

x y
y I

P P
    (2)

where Px’ is the prestige score for node x.

PageRank

PageRank was developed by Brin and Page (1998) at 
Stanford University. Nowadays it is used by the Google 
search Engine as the heart of the ranking system. Google 
has become the most popular search engine mainly due 
to the good rank behavior of PageRank. Originally, 
the PageRank
et al. (1998) as: 
      (3)

( 1) ( 2) ( )( ) (1 ) ...
( 1) ( 2) ( )

PR t PR t PR tnPR A d d
C t C t C tn

     
Where t1,...,tn are pages linking to page A, C is the 
number of outgoing links from a page (out-degree) and 
d is a damping factor, usually set to 0.85. 

PageRank looks like prestige, but it has the notion 
of random walk. Consider a Web surfer that surfs 
through the following links. Being in URL I, which 

has C(i) links, the probability of moving to URL j that 
is pointed by i is 1/C(i)1 . 

Then the probability of moving to another page that 
is pointed by j is 1/C(j), etc. If there are many cycles 
or the graph is disconnected, then the surfer will be 
trapped in a graph area. In order to avoid this entrap-
ment, we instruct him or her not to follow these links 
forever, but he or she should jump to a random URL 
with a probability of 1-d. So, after following some links, 
he or she jumps to a uniformly selected random URL. 
PageRank computes the probability of the previous 
surfer to reach each URL.

Using the symbols of Table 1, the PageRank score 
for a node x (PRx) is equivalent to: 

(1 )
x

y
x

y I y

PR
PR d d

O   (4)

Using vector symbols PageRank becomes: 

' (1 )* * *TPR d p d L PR  (5)

With 
1

1

N

p
N and L is a matrix derived from A by 

normalizing all row-sums to one: 

[ , ][ , ]
i

A i jL i j
O

    (6)

The damping factor d is used to guarantee the formula 
convergence and it is usually set to 0.85. 

PageRank is precomputed for the entire Web-graph, 
so every page x has a PR value which denotes the prob-
ability of a Web surfer to reach page x by following 

A  The adjacency matrix for the Web graph 

N  The number of nodes (URLs) in the Web graph 

Ix  The set of URLs that link to x

|Ix|  The number of URLs that link to x

Ox  The set of URLs that are pointed by x

|Ox|  The number of URLs that are pointed by x

d  Damping factor (set to 0.85 for PageRank) 

b  Citation importance (usually set to 1)

a Exponential Factor (>1, usually set to epsilon) 

Table 1. Notations
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