
48  |  INTERNATIONAL JOURNAL OF APPLIED SCIENCE AND TECHNOLOGY (Vol. 5, Issue 1)

ISSN 2231-3842 (Print) ISSN 2277-8691 (Online)

A Robust Page Ranking Method based
on Link-Visits of Web Page

Abstract— Search engines generally return a large
number of pages in response to user queries. To assist
the users to navigate in the result list, ranking methods
are applied on the search results. Web search engines
encounter many new challenges with the increased
amount of information on the web. Web documents have
been a main resource for various purposes, and people
rely on search engines to retrieve the desired documents.
This paper proposes a dynamic and efficient Page rank
algorithm for search engines to return quality results
by scoring the relevance of web documents. The modified
Page rank algorithm increases the degree of relevance
than the original one, and decreases the time and efforts
to find the desired documents from the set of results
returned by search engine. Here, a page ranking
mechanism called PRLV (Page Ranking based on Link
Visits)is being devised for search engines, which works
on the basic ranking algorithm of Google i.e. Page Rank
and takes number of visits of inbound links of Web pages
into account. To make rank value of pages dynamic
rather than static, a new concept called PRLV is
proposed and described, which takes into account users’
behaviour i.e. Link Visit Information, and calculates
importance of pages.

Key Word- Search Engine, Page Rank Algorithm,
PRLV.

I. INTRODUCTION
Majority of the users fulfill their information

needs by employing one of the existing search
engines. Many times the search engines seem to be
really useful but many other times they do not find
what users are searching for. Even, if they find
something interesting they have to pass through a
slow and time costly process. This process is the
filtering and selection of the pages returned by the

search engine as a result of users query in order to
find those pages that are really interesting to them.
This is a slow process and many times, it requires
several iterations where users refine their query and
submit it again to the search engine and again the
filtering process to check all the results returned
starts.

As it is known that the size of the whole WWW
is very large. In July 2000, it was estimated to contain
about 2.1 billion vertices (pages) and 15 billion edges
(links between pages) [15, 18]. Moreover, about 7.3
millions pages are added every day, and many others
are modified or removed [20]. In other sources [19],
[21] it has been found that: the world produces
between 1 and 2 Exabyte’s of unique information
per year, which is roughly 227 megabytes for every
man, woman, and child on earth. An Exabyte is a
billion gigabytes, or 1018 bytes. Printed documents
of all kinds comprise only .03% of the total..

A search engine receives uses query, processes
the query, and searches into its index for relevant
documents i.e. the documents that are likely related
to query and supposed to be interesting then, search
engine ranks the documents found relevant and it
shows them as results. This process can be divided
in the following tasks:
• Crawling: A crawler is in charge of visiting as

many pages it can and retrieve the information
needed from them. The idea is that this
information is stored for the use by the search
engine afterwards.

• Indexing: The information provided by a
crawler has to be stored in order to be accessed
by the search engine. As the user will be in front
of his computer waiting for the answer of the
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search engine, time response becomes an
important issue. That is why this information is
indexed in order to decrease the time needed to
look into it.

• Searching: The web search engine represents
the user interface needed to permit the user to
query the information. It is the connection
between the user and the information repository.
• Sorting/Ranking: Due to the huge amount of

information existing in the web, when a user sends a
query about a general topic (e.g. java course), there
exist an incredible number of pages related to this
query. Of course, only a small part of such amount
of information will be really interesting for the user.
That is why current search engines incorporate
ranking algorithms in order to sort the results.

In search engine there are many points where
searching process can be improved, but two main
points which can be improved with respect to search
results are.
a.) How does one can define the relevance

between documents? Current approaches use
basically text matching as a solution for this task.
However, these approaches have many
disadvantages. For example, if someone gives a
query based on some keywords, no one will be able
to infer what is he talking about? If someone want
information about “windows” would a search system
be able to infer that he is talking about the operating
system Windows or if he is talking about the
windows of a house? In the same way “java” may
interpret a programming language, to an island or to
coffee? These are just examples and one can think
that the best approach to solve them is giving
semantic information to the content, so that when
someone give some keywords to search system,
system should understand the meanings. However,
the Semantic Web is still too far to be a valid
approach for the whole WWW.

b.) The current methods and algorithms to rank
the results given by a search engine are not best.
They can be optimized in many ways. The best way
to optimize them is to know and include information
about the user. If search engine knows the user
interests it can filter the results for him automatically
instead of letting him do it and waste his time. Many
different ways exist to get the information about the

user’s interest by taking the history of queries
submitted by the user into account (so if search
system knows the user has search for information
related to the computer science field then system
can infer that with “windows” and “java” he is
probably referring to the operating system and the
programming language) or asking the user to give
information about him (called user profile) where
search system can find useful information (if he is a
computer science engineer for instance) and
important one for research in context of this thesis
is his browsing information ( how user visits pages
of internet or web).

This paper , focus is on the second point
discussed above and mainly explain some basic
information about the user analyzing his user
behavior when he surfs the internet and asking him
to provide some pages he thinks are the most
important pages for him (like his link visit
information). With this information proposed PRLV
(Page Ranking based on Link Visit) provide better
ranking that the current search engines provide.
PRLV approach claims to reduce dramatically the
time spent by the user when he searches for
information.

II. RELATED WORK
Extraction of interesting (non-trivial, implicit,

previously unknown and potentially useful)
information or patterns from large databases is called
Data Mining. Web Mining is the application of data
mining techniques to discover and retrieve useful
information and patterns (knowledge) from the
WWW documents and services. According to R.
Cooley et al [2] and Dr. M. H. Dunham [3], web
mining can be divided into three categories namely.
• web content mining
• web structure mining
• web usage mining

Web structure mining tries to discover the model
underlying the link structures of the Web. The model
is based on the topology of the hyperlink with or
without the link description. This model can be used
to categorize the Web pages and is useful to generate
information such as similarity and relationships
between Web sites [27]. And the link structure of
the Web contains important implied information, and
can help in filtering or ranking Web pages. In
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particular, a link from page A to page B can be
considered a recommendation of page B by the
author of A.

Surgey Brin and Larry Page[5, 6] developed a
ranking algorithm used by Google, named Page Rank
after Larry Page (cofounder of Google search
engine), that uses the link structure of the web to
determine the importance of web pages. Google uses
Page Rank to order its search results so that sites/
documents that are deemed more “important” move
up in the results of a search accordingly. The idea
behind Page Rank is that pages with many back links
are more important that pages with only a few back
links. The concept is really simple, let us think of
each link from page q to page p as a vote or
recommendation. It means that highly linked pages
are more “important” (voted or recommended).

Wenpu Xing and Ali Ghorbani [10] proposed an
extension to standard Page Rank called Weighted
Page Rank (WPR). It assumes that more popular the
web pages are, more linkages other web pages tend
to have to them or are linked to by them. This
algorithm assigns larger rank values to more
important pages instead of dividing the rank value
of a page evenly among its outgoing linked pages.
Each out link page gets a value proportional to its
popularity. The popularity is measured by its number
of in links and out links.

Jaroslav Pokorny and Jozef Smizansky[4] gave
a new ranking method of page relevance ranking
employing WCM technique, called Page Content
Rank (PCR). This method combines a number of
heuristics that seem to be important for analyzing
the content of web pages. The page importance is
determined on the basis of the importance of terms
which the page contains. The importance of a term
is specified with respect to a given query q. PCR
uses a neural network as its inner classification
structure.

In PCR, let for a given query q and a usual web
search engine, a set Rq of ranked pages is retrieved.

Then, these pages are classified according to their
importance. Here a page is represented in a similar
way as in the vector model [12] and frequencies of
terms in the page are used.

Kleinberg developed a WSM based algorithm
called Hyperlink-Induced Topic Search (HITS) [8,
9]. This algorithm assumes that for every query topic,

there is a set of “authoritative” or “authority” pages/
sites that are relevant and popular focusing on the
topic and there are “hub” pages/sites that contain
useful links to relevant sites including links to many
related authorities.

There has been much research done in evaluating
the HITS algorithm and it has been shown that while
the algorithm works well for most queries, it does
not work well for others. There are a number of
reasons for this[14]:
1. Hubs and authorities: A clear-cut distinction

between hubs and authorities may not be
appropriate since many sites are hubs as well as
authorities.

2. Topic drift: Certain arrangements of tightly
connected documents, perhaps due to mutually
reinforcing relationships between hosts, can
dominate the HITS computation. These
documents in some instances may not be the most
relevant to the query that was posed.

3. Automatically generated links: Some of the links
are computer generated (for example, every page
in my School has a link to the School homepage
and to the copyright page) and represent no
human judgment but HITS still gives them equal
importance.

4. Non-relevant documents: Some queries can
return non-relevant documents in the highly
ranked queries and this can then lead to erroneous
results from the HITS algorithm. The problem is
more common than it might appear.

5. Efficiency: The real-time performance of the
algorithm is not good given the steps that involve
finding sites that are pointed to by pages in the
root pages.
The SALSA algorithm (Stochastic Approach for

Link-Structure Analysis) [17] is an equivalent
weighted in-degree analysis of the link-structure sub
graphs, making it more efficient than the Mutual
Reinforcement approach of HITS. In SALSA, the
subject that web sites pertain to a given topic is split
into hubs and authorities is preserved. However, they
replace the Kleinberg’s Mutual Reinforcement
approach by a new stochastic approach. In this new
approach, the coupling between hubs and authorities
is less tight. In SALSA an already known concept:
informative link.
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The WWW is changing continuously [26]. If a
ranking algorithm that orders the results then it is
expected that this ranking algorithm will return
similar results with small perturbations into the
source set. For example, if a query is send to a search
engine and from the received results, the second
result returned is the webpage http://www.abcd.com,
It would be expected that in the next day, if someone
send the same query, this webpage would still be
between the best results (and not in the 200th
position). This is called stability of search engine.

The results of the study [25] show how HITS is
highly unstable with specific changes of the web
graph. Imagine there are two big communities of
pages without links between them. The highest
authorities are found in the first community by HITS
so the principal eigenvector of the matrix associated
point to that community. Imagine that now; if
someone add a new link joining both communities.
The new eigenvector change drastically because the
higher authorities will come from both communities.
Page Rank shows to be more stable because of the
dumping factor (“teleportation” factor) what they
called “reset-to-uniform”. This dumping factor
makes Page Rank almost immune to the
perturbations.

Another algorithm called Subspace HITS is
proposed in [16]. This tries to combine several
eigenvectors in order to increase the stability. HITS
is based on finding the principal eigenvector of the
associated matrix of the web graph (i.e. finding the
eigenvector of the highest Eigen value). In this new
approach, the idea is to find k eigenvectors and
combine them (giving an appropriated weight to each
one regarding on the Eigen value so higher Eigen
value more importance). This approach is much more
stable than the original in HITS.

In the development of the search engines it has
been realize that at the beginning only text techniques
were applied in order to satisfy user queries. Now
several techniques are used including some related
to graph theory. The same applies to the problem of
finding related documents. Many text techniques
have been investigated and are being investigated,
but in [13] a new technique base in a graph-theoretic
model is presented. It is considered that “two objects
are similar if they are related to similar objects”.
The same concept is used here. In the web two pages

are related if they have hyperlinks between them.
Therefore, if there are two pages and they are pointed
by similar pages then they are similar. The base case
is that pages are similar to themselves.
Let us define web graph G = (V, E). As in the
previous algorithms V represents the vertices
(pages) and E represents the edges (links between
pages).

The similarity between two pages p and q is
defined as s(p, q) “ [0, 1]. Then it will becomes(p,
q) = 1 if p = q and the following formula otherwise:

where 0<=C<=1 (which represents the decay
factor. The summation s(p, q) = 0 if I(p)= 0 or I(q) =
0 (p or q do not have in-neighbours).

This score is calculated for each pair of pages.
The similarity between two pages is the average
similarity between in-neighbours of both pages. A
convergence proof is detailed in [1].

Latent Semantic Indexing [24,22] exploits
dependencies or ”semantic similarity” between
terms. This is done by simultaneously modelling all
the interrelationships among terms and documents.
It is assumed that there is some underlying or “latent”
structure in the pattern of word usage across
documents, and use statistical techniques to estimate
this latent structure. A description of terms,
documents and user queries based on the underlying,
“latent semantic”, structure (rather than surface level
word choice) is used for representing and retrieving
information. One advantage of the LSI representation
is that a query can be very similar to a document
even when they share no words.

CLEVER Algorithm Run by IBM Almaden
Research Canter the CLEVER [11] algorithm is a
variation of HITS.

Two of the steps of HITS are modified: the set
expansion and the authorities and hubs computation.

• Set expansion: all the pages with distance of
two or less from the pages contained in the root set
are added.

• Calculation of authorities and hubs: the
summation of the iteration is now weighted one. The
weighting is based on the number of query term
matches (n(t)) within a given distance. The new
weighted score is w(p, q) = 1 + n(t).

http://www.abcd.com,
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Hub-Averaging-Kleinberg Algorithm, this is
another variation of HITS proposed by Borodin [7]
where the idea is that a hub can be considered very
important because it points to very important
authorities even if it points also to very bad
authorities. In this algorithm, the calculation of the
hubs is modified in order to give a hub an average
measure of all the scores from the authorities it is
pointing to. That way a hub becomes a good hub
only if it points only to good authorities.

Threshold-Kleinberg Algorithm, this is another
variation of HITS also proposed by Borodin [7]. In
HITS if there is a hub pointing to many authorities,
it will become a good hub (even if all of the
authorities it is pointing to are really bad). The same
applies to an authority pointed by many bad hubs.
This new algorithm adds a threshold so the score of
a hub or an authority will only be taken into account
if it is higher than a lower bound or threshold. PHITS
Algorithm, this is a statistical algorithm for the
computation [2]. A probabilistic model in which a
latent “factor” or “topic” z causes a citation c of a
document d is presented. Researcher further
postulate that conditional distributions exist for a
citation c given a factor z, (probability of z due to
citation c)P(c|z), and for factor z given a document
d, P(z|d). They then produce a likelihood function
in terms of these conditional distributions.
WebQuery [3] is a link-based analysis implemented
in a similar manner to HITS but lacking the notion
of hubs and authorities. The WebQuery algorithm
has two main components, a pre-processor phase and
a run-time phase. The results obtained by this
algorithm show some similarity to the HITS results
in that some of the most highly ranked pages did not
occur in the initial hit set. It is also acknowledged
that the approach taken can cause topic drift if the
hit set contains a non-relevant node with high
connectivity, such as the Yahoo! homepage.

Here we found that Current rankings have shown
a really high quality and the proof is that success of
Google (or they are still being used) successfully.
However, some improvements can be done on it.
PageRank algorithm used only Web Structure.
Mining and Web Content Mining technique does not
use Web Usage Mining, which may significantly
improve the quality of rank of web pages according
to users information needs. In PageRank algorithm,

the importance or rank score of each page are static
in nature. The rank changes only with link structure
of web.

III. PROPOSED PAGE RANKING
ALGORITHM BASED ON LINK-VISITS
To solve all above listed problem an efficient

ranking mechanism named PRLV (Page Ranking
based on Link Visits) based on Web Structure Mining
and Usage Mining, is proposed and implemented to
take the user visits of pages/links into account with
the aim to determine the importance and relevance
score of the web pages. To accomplish the complete
task from gathering the usage characterization till
final rank determination, many subtasks are
performed, which are outlined in the proposed
framework shown in Figure 1. The various subtasks
are given below:
• Storage of user’s access information (hits) on

an outgoing link of a page in related server log
files.

• Fetching of pages and their access information
by the targeted web crawler.

• For each page link, computation of weights
based on the probabilities of their being visited
by the users.

•  Final rank computation of pages based on the
weights of their incoming links.

• Retrieval of ranked pages corresponding to user
queries
The weights are determined for out-links of pages

(inner-document structure mining) and ranks are
computed by taking back-links into account

(inter-document structure mining). To segregate
the tasks performed by different components, the
framework is divided into two phases as shown by
the separating dotted line.The first task is performed
by the upper phase,

while the rest of four tasks are dedicated to lower
half. The two phases involved in the work are:
• Link-Visits (hits) Calculation.
• Rank Calculation and Result retrieval.

When a user requests to a Web page from a
dedicated web site server (either by accessing a web
site page or a URL in search engine results), a client-
side agent is activated to send the request signal to
the dedicated server-side agent, which downloads
the page from the web server (See Figure 1). The
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client-side agent sends the user’s access information
to the server-side agent, which in turn stores this in
web server log files. This phase calculates the
number of visits (from different users) on outgoing
links of web pages. To accomplish this, PRLV used
a client side script embedded in the client-side agent.
Whenever a web page is accessed, this script will
be loaded on client side from the web server and
will monitor every click made by user over the
hyperlinks of the Web page. Whenever such an event
happens, a signal is sent to server-side agent with
information about current web page (or hyperlink)
in access. The target web page gets loaded on the
user’s system after initialization of this process. On
the server side, a database of log files is used to
record the URLs of the pages, hyperlinks in those
pages and IP addresses of users visiting those
hyperlinks. The hit count of each hyperlink is also
stored, which can be calculated easily by counting
the distinct IP addresses visiting the corresponding
page. Hit count is incremented every time a hit occurs
on the hyperlink.
Algorithm of client side agent and for server side
agent is given below:-
Algorithm: Client_Agent()
URL: A String Variable which is used to store the
address of current web page.
Outlinked_URL: A String Variable which is used to
store the address of clicked Link on page.
Temp: temporary String variable.
1. Wait for click event.
2. Temp = Clicked element of web page
3. If Temp is Anchor element

Then
7. URL = Address of current web page
8. Outlinked_Url = Link attribute of Anchor

element
9. Server_Agent(URL, OutlLinked_URL);

End.
10. Else go to step 4.
End.

Fig. 1. Framework for Extraction of Link Visits and
Rank Calculations

Algorithm: Server_Agent(URL, Outlinked_URL)
1. If URL and Outlinked_URL present in Link_log
2. Then
3. Increment respective Hit_count field of Link_log
4. Else
5. Make entry of URL, Outlinked_URL and

initialize Hit_count in Link_log
6. Redirect the request to Outlinked_URL
7. End.

Whenever a web page is browsed by user this
client side agent is loaded on users computer and
when user click on web page it will check the current
clicked element of page, if it is anchor tag then it
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Query „_ Ranked Pages „] Page and its Access
Information Query Terms „^ Result Pages „‘
Interlinked Web Pages User Client-Side Agent Web
Crawler Index Repository To Indexer PRLV
Calculator Query Processor SEARCH Search
Engine Interface Web Servers Server-Side Agent
Web Servers Server-Side Agent Web Browsing
Calculates the Page Ranks using Access Information
of Pages will call Server_Agent along with address
of current page and link attribute of clicked anchor
tag, otherwise wait for next click event of web page.

When Server_Agent get invoked by
Client_Agent it first check the entries in Link_log
for URL and Outlinked_URL. If the entry is present
in Link_log then it will increment the corresponding
value of Hit_count field in Link_log. If entry is not
present then it first insert the URL and
Outlinked_URL in Link_log and initialize the value
of Hit_count. Initially Hit_count value will be one.
A. PRLV SYSTEM DESIGN SPECIFICATION

Mainly three modules are used in PRLV:
1. Click Event Monitoring Module (Client Side

Agent): This module will be loaded on client
machine and will monitor click event of user over
currently loaded page. If click event occurs over
any hyperlink of page then it will send request to
Hit Counter module with current page and link
(which has been hit by user) information.

2. Hit Counter Module (Server Side Agent): When
this module receives information from click
event, then it updates this information in to the
Link_log table. If the page and link information
is in the table then it will increment hit field of
table otherwise it will made entry in table for
current page and link.

3. Page Rank Calculator Module: This module
calculates the rank value of pages based on entry
in Link_log table.

It is already explained about PageRank algorithm
that it is totally based on the link structure of the
web, Rank value of pages will not change until the
changes in web link structure. To calculate rank value
of pages in this graph an online Page Rank Calculator
tools i.e.www.markhorrel.com is used. PageRank
Values of different pages are given in Table 4.1 and
these values will not change until the graph is

changed. Value of damping factor d= 0.85 is taken
for the present setup.

Different rank scores of pages are shown in Table
1 are based on Page Rank algorithm. The rank scores
of pages based on PRLV were calculated next. As it
is already explain that PRLV is based on number of
visits of links and this link visit information is so
dynamic that is why the rank scores for three different
state of link visit information has been calculated. It
is already explained about PageRank algorithm that
it is totally based on the link structure of the web,
Rank value of pages will not change until the changes
in web link structure. To calculate rank value of pages
in this graph an online Page Rank Calculator tools
i.e.www.markhorrel.com is used. PageRank Values
of different pages are given in Table 4.1 and these
values will not change until the graph is changed.
Value of damping factor d= 0.85 is taken for the
present setup.Table 2 Shows the PRLV Rank Score
of Link Visit information of State1.

From these tables it is clearly shown that as
values of Hit_count in table changes accordingly
values of PRLV score changes. And it is obvious
that the Hit_count is far dynamic than the link
structure of Web Graph hence the PRLV score is
also more dynamic than original PageRank.

The main purposes of PRLV method was to solve
the limitation and problems of existing ranking
algorithm, mainly focus on PageRank, and these
problems were,
1. Data Mining Techniques of Algorithms:

Ranking of all existing algorithms either consider
Web Structure Mining or Web Content Mining
technique, none of them consider Web Uses
Mining technique. But PRLV consider two of
them i.e. Web Structure Mining and Web Uses
Mining technique which makes it more dynamic
and user oriented than other ranking algorithms.

2. Static in Nature: All existing ranking algorithms
consider only structure on web which is static
that makes rank of pages calculated by using
these algorithm static while on other hand PRLV
consider uses of web which makes its score more
dynamic than existing algorithms.

3. Ranking Quality: As it is known that PageRank
or HITS and its variants’ calculate rack score
based on link structure, evenly divides the rank

http://www.markhorrel.com
http://www.markhorrel.com
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value of pages to all outgoing links without
considering the importance of links. But in PRLV
rank of a page divides on the basis on importance
of links if a link is more visited by users then it

gets more rank than less visited links which
makes the quality of ranking system more users
oriented than other algorithms.

Web Page PRLV
Rank Score

anna university project.html 0.15
anna university.html 0.1617
Anshul Kumar IIT Delhi.html 0.1771
Arun K. Attri jnu.html 0.2567
Du project.html 0.3072
IIIt Hyderabad.html 0.3365
IIT DELHI.html 0.2795
Indian Council of Agricultural
Research.html 0.3606
jnu.html 0.1793
K.G. Saxena JNU.html 0.15
Naveen Garg IIT DELHI.html 0.1554
Prof. K. K. Biswas.html 0.2043
Project in JNU.html 0.1569
R & D of IIIT Hyderabad.html 0.436
rankesh kumar.html 0.416
Research Areas IIT Delhi.html 0.4222
Sanjiva Prasad IIT Delhi.html 0.2478
Sorav Bansal IIT Delhi.html 0.324
university of delhi.html 0.185
university of hydarabad.html 0.1667
university of pune.html 0.2976
university.html 0.15
V. Rajamani jnu.html 0.166
V. Subramanian jnu.html 0.1606
Vaibhav V. Kaware pune.html 0.2264

Table-2 PRLV Rank Score of State1

Web Page PRLV
Rank Score

anna university project.html 0.15
anna university.html 0.1617
Anshul Kumar IIT Delhi.html 0.1771
Arun K. Attri jnu.html 0.2567
Du project.html 0.3072
IIIt Hyderabad.html 0.3365
IIT DELHI.html 0.2795
Indian Council of Agricultural
Research.html 0.3606
jnu.html 0.1793
K.G. Saxena JNU.html 0.15
Naveen Garg IIT DELHI.html 0.1554
Prof. K. K. Biswas.html 0.2043
Project in JNU.html 0.1569
R & D of IIIT Hyderabad.html 0.436
rankesh kumar.html 0.416
Research Areas IIT Delhi.html 0.4222
Sanjiva Prasad IIT Delhi.html 0.2478
Sorav Bansal IIT Delhi.html 0.324
university of delhi.html 0.185
university of hydarabad.html 0.1667
university of pune.html 0.2976
university.html 0.15
V. Rajamani jnu.html 0.166
V. Subramanian jnu.html 0.1606
Vaibhav V. Kaware pune.html 0.2264

Table 1: Rank Score based on PageRank Algorithm
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Fig.2. Variation of PRLV and PageRank for State1

Fig.3. Variation of PRLV and PageRank for State2

IV. CONCLUSION
This paper explained the current state of the

ongoing work in the Web Mining field focused on
search engines and ranking algorithms. It has
described the current processes used and which are
the main and biggest problems with them. Here a
new idea PRLV proposed to follow in order to solve
them or at least to improve them. User generally
spends a lot of time in sifting through the search
results to find the relevant pages. The paper
presented a novel page ranking algorithm called
PRLV that provides more relevant results.
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