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Abstract: Website design is easy task but, to navigate user efficiently is big challenge, one of the reason is user behavior is keep
changing and web developer or designer not think according to user’s behavior. Designing well-structured websites to facilitate
effective user navigation patterns has long been a challenge in web usage mining with various applications like navigation
prediction and improvement of website management. This paper addresses how to improve a website without introducing
substantial changes. Specifically, we propose a mathematical programming model to improve the user navigation on a website
while minimizing alterations to its current structure. Results from extensive tests conducted on a publicly available real data set
indicate that our model not only significantly improves the user navigation with very few changes, but also can be effectively
solved. We have also tested the model on large synthetic data sets to demonstrate that it scales up very well. In addition, we define
two evaluation metrics and use them to assess the performance of the improved website using the real data set. Evaluation
results confirm that the user navigation on the improved structure is indeed greatly enhanced. More interestingly, we find that
heavily disoriented users are more likely to benefit from the improved structure than the less disoriented users.
Key Terms: Website design, user navigation, web mining, mathematical programming.

I. INTRODUCTION
Internet are mostly used for information gathering,
searching and commercial purpose.There is tremendous
increase in number of internet users and it is increased day by
day. Online shopping is an example where effective user
navigation is very critical and important. Last few years
commercial business has grown very much. People are doing
online shopping more. So competition for companies doing
ecommerce business has increased. The user may go to
other website if navigation is not good. Hence companies
are interested more to have better navigation of website.
Despite that making efficient website is not trivial. The
common approach to improve navigation is restructuring
website but it is not good approach. User may loose interest
because of familiarness caused by restructuring of a website.
It is important to increase efficiency of a navigation keeping
original structure intact.The reason of a poor navigation of a
website is developed by developers understanding and views.
Most of the times there is communication gap between
developer and actual user. The information which is
important for user that is may not be important in views of
developer. User get frustrate if the information required is
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not found in minimum attempt. So website should be able
to find required information with minimum navigation.
Previous studies have found different issues on websites. In
our work we are suggesting solution to improve website
navigation.There are different studies have made to improve
the efficiency of navigation. Those studies suggest
transformation of website.
Data mining combines data analysis techniques with
high-end technology for use within a process. The primary
goal of data mining is to develop usable knowledge regarding
future events.
The steps in the data mining process are:
• Problem definition
• Data collection and enhancement
• modeling strategies
• Training, validation, and testing of models
• Analyzing results
• Modeling iterations
• Implementing results.
There are lakhs of user for website since it is large
source of information, web site also contain many links
and pages every user require different pages at same time
or same user may access different pages at different time. As
user increases over www we need to make web intelligent
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we concern here about intelligent website. To make
web site intelligent we must know what is content of
website, which are users and how website structured all this
known as web mining. Web structure mining can be
defined as mining of links between pages, which is also
called as hyperlinks which enable user to access web sites in
form of URL and navigate user. In web structure mining
developer uses the data from web usage and change
structure of web site, pages which is most visited and user
spent more time is linked to the start page.
The goal of a Web site is to meet the needs of its
users. As a result, as the interests of its users change over
the time, a static Web site that does not change itself will
soon become outdated and less useful. Accordingly, a
Web site must constantly examine site use, and modify
itself accordingly to best serve its users. In other words, Web
sites should be adaptive. An adaptive Web site has been
defined as a Web site that semi-automatically improves its
organization and presentation by learning from visitor
access patterns (Perkowitz and Etzioni, 1998). In this paper,
an attempt is made to build adaptive Web sites, which
improve their navigation based on access patterns of its
users. An approach for reorganizing Web sites based on
user access patterns is proposed. Our goal is to build
adaptive Web sites by evolving site Structure to facilitate
user access. To be more specific, we aim to build Web sites
that provide users with the information they want with
fewer clicks. This minimizes the effort on the user’s side.
By analyzing the usage of a Web site and the structure
of the Web site, modifications to the Web site structure are
found to accommodate changes in access patterns of its
users. These modifications will be suggested to the
Webmaster for consideration and implementation.
Motivation for choosing web structure mining
is: since web site is big source of information, but users
mostly browsing useless page which irritates user and
user lost interest from searching data over website. A
primary cause of poor website design is that the web
developers’ understanding of how a website should be
structured can be
Considerably different from those of the users;
however, the measure of website effectiveness should be the
satisfaction of the users rather than that of the developers.
Thus, Web pages should be organized in a way that
generally matches the user’s model of how pages should be
organized.
Despite the heavy and increasing
investments in website design, it is still revealed,
however, that finding desired information in a website
is not easy [4] and designing effective websites is not a
trivial task [5], [6]. Galletta et al. [7] indicate that online
sales lag far behind those of brickand- mortar stores and
at least part of the gap might be explained by a major
difficulty users encounter when browsing online stores.
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Palmer [8] highlights that poor website design has been a
key element in a number of high profile site failures.
McKinney et al. [9] also find that users having
difficulty in locating the targets are very likely to leave a
website even if its information is of high quality.
Improving site structure in which a wellconstructed navigation schemes has an important impact
to well rank in the search engines. Ensure that your web
design has a proper navigation menu so that your visitors can
use the website with ease. This way, they will be able to find
out what they were looking for in the website in the first
place. Google’s search results are provided at a page level but
it also likes to have a sense of what role a page plays in the
site. Best Practices for Site Navigation
Create a naturally flowing hierarchy. As what
I’ve stated earlier, your website should flow naturally
where users can access first from general content to the
more specific content they want on your site.
 Use mostly text navigation instead of images or
animation.
 Put an HTML site map page on your site,
and use an XML Sitemap file.
 Webmasters are also advised to have useful
404 page that guides the user back to a
relevant section or page with a link back the
home page in case site visitor encounters a
broken link or types in an incorrect URL. If a
search engine comes across such an error, it
can have a negative impact on your search
engine visibility. Google provides a 404
widget that you can embed in your 404 page
to automatically populate it with many
useful features.

II.RELATED WORK
Web usage mining, author in [1] explains about
weblogs like who accessed order of page request, total
time for page view. This paper includes several preprocessing like; 1: Data cleaning-It is method of
removing irrelevant items or logs like removing of file
with .gif and .jpg extensions.
2: User identification-It involves USER ID for each user
to provide uniqueness even different users are on same IP.
3: Session identification- This is defines according to time
i.e. time between page request and page close or time out.
4: Path completion- It is defined as if some information or
page is important and mostly accessed but not recorded in
logs and not linked cause problem.
5: Formatting- It is method of converting transactions or logs
it to a format of data mining
like
removal of
numeric value for determining association rules.

Access Information Collection:
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are collected from the sessions. The data obtained will
later be used to classify the pages as well as to reorganize
the site. The sessions obtained in server log preprocessing
are scanned and the access statistics are computed.
The statistics are stored with the graph that represents the
site obtained in Web site preprocessing. The obvious
problem is what should be done if a page happens to be the
last page of a session. Since there is no page requested
after that, we really couldn’t tell the time spent on the page.
Therefore, we keep a count for the number of times that the
page was the last page in a session. The following statistics
are computed for each page:
• Number of sessions in which the page was
accessed;
• Total time spent on the page;
• Number of times the page is the last requested
page of a session.

Page Classification:
In this phase, the pages on the Web site are
classified into two categories: index pages and content
pages (Scime and Kerschberg, 2000). An index page is a
page used by the user for navigation of the Web site.
It normally contains little information except links. A
content page is a page containing information the user
would be interested in. Its content offers something other
than links. The classification provides clues for site
reorganization. The page classification algorithm uses the
following four heuristics.
(1) File type.
An index page must be an HTML file, while a content
page may or may not be. If a page is not an HTML file, it
must be a content page. Otherwise its category has to be
decided by other heuristics.
(2) Number of links.
Generally, an index page has more links than a content
page. A threshold is set such that the number of links in a
page is compared with the threshold. A page with more
links than the threshold is probably an index page.
Otherwise, it is probably a content page.
(3) End-of-session count.
The end-of-session count of a page is the ratio of the number
of time it is the last page of a session to the total number of
sessions. Most Web users browse a Web site to look for
information and leave when they find it. It can be assumed
that users are interested in content pages. The last page of a
session is usually the content page that the user is
interested in. If a page is the last page in a lot of sessions, it is
probably a content page; otherwise, it is probably an
index page. It is possible that a specific index page is
commonly used as the exit point of a Web site. This should
not cause many errors at large.
(4) Reference length.
The reference length of a page is the average amount of time
the users spent on the page. It is expected that the reference
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length of an index page is typically small while the
reference length of a content page will be large. Based on
this assumption, the reference length of a page can hint
whether the page should be categorized as an index or
content page. A more detailed explanation is given below,
followed by a page classification
algorithm based
on
these observations and heuristics.

Reference Length Method
The
reference
length
method
for
page
classification
(Cooley,
2000)
is
based
on
the
assumption that the amount of time a user spends on a page
is a function of the page category. The basic idea is to
approximate the distribution of reference lengths of all pages
by an exponential distribution. A cut-off point, t, for
reference length, can be defined as follows.
t = −ln(1 − γ )/λ
where γ = percentage of index pages,
λ = reciprocal of observed mean reference length of all
pages.

Algorithm for Site Reorganization
Based on the cases discussed in the previous Section,
the algorithm for site reorganization is outline as follows.
(1) Initialize a queue Q
(2) Put children of the home page in Q (3) Mark
the home page
(4) While Q not empty (5) current
page = pop(Q) (6) Mark current
page
(7) For each parent p of current page
(8) Local adjustment according to the cases in the previous
section.
(9) Push children (maybe merged) of current page into Q if
they are not marked

III.PROPOSED METHODS
In candidate link set first we find out the existent links.
Sometimes it is possible that existent links are found in
candidate link set. This is because of location of link or
visibility of links is not properly placed. So, first we need to
improve those links. Next, we need to find out relevant
candidate link set. Relevant candidate links means links
having larger path than path threshold. For filtering
candidate links first use path threshold. Path threshold
means maximum number of path allows reaching target
page. Path threshold 1 means we consider only those link by
which user reach target page in first path. Then we select
those links. We cannot add all these links. We can add only
those candidate links that are common for all users. For
these we need to find out similarity between links. For
finding similarity between links we use Dice’s coefficient
index. We apply index on relevant candidate link set. We
obtain the dice’s index between 0 and 1. 0 means dissimilar
and 1 means exact similar. Then we use KNN classifier.
KNN means k nearest neighbour classifier.
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Evaluation of improved website:
Perform
evaluation
on
improved
website
structure to assess whether its navigation
effectiveness is indeed enhanced by approximating its real
usage. Specifically we partition the real data ste into a
training set and a testing set. We generate the improved
structure using the training data and then evaluate it on the
testing data using two metrics: the average number of paths
per mini session and the percentage of mini sessions
enhanced to a specified threshold. The first metric
measured whether the improved website structure can
facilitate users to reach their targets faster than the
current one on average, and second metric measures
how likely users suffering navigation difficulty can benefit
from the improvements made to the site structure. The
evaluation procedure using the first metric consists of three
steps as follows:
1. Apply the MP model on the training data to obtain
the site of new links and links to be improved.
2. Acquire from the testing data the mini sessions
that can be improved, i.e., having two or more
paths their length i.e., number of paths and the set
of candidate links that can be used to improve them.

Path threshold:
It represents the goal for user navigation that the
improved structure should meet and can be obtained in
several ways. First it is possible to identify when visitors
exit a website before reaching the targets from analysis of
weblog files. It helps to make good estimation for the path
thresholds.
Second surveying website structures visitors can help better
understanding users expectations and make reasonable
selections on the path threshold values. Third from firms
collected large amounts of client-side web usage data over
a wide range of websites. Analyzing each data sets can
also provide good insights into selection of path threshold
values for different types of websites.

IV. IMPLEMENTATION METHODS &
MODELS
4.1 Mathematical Model:- In this section we will discuss
mathematical model of proposed system: Website is
represented as a directed graph. Let nodes representing pages
and arc representing links. Let n be the number of pages of the
website. User may visit more than one page by accessing links
during user session. Let Pi={P1,P2,…..,Pm} be the set of m
link accessed by user Ui where i={1,2,….,m}. Let Pm be the
page user Ui is looking for. Means Pm is the target page. Let
U= {U1, U2 ,…,Un} be the set of N users. Let C= {C1, C2
,…., Cp} be set of p candidate links that need to redesign and
relink. We use Dice’s coefficient index. Dice’s coefficient
index is used for checking similarity between two string set.

The aim of this paper is to identify links that are used to
redesign. Usage pattern is used to analyze user’s behavior on
the Web. By analyzing user’s behaviour we find out target
page. And find out candidate links so that user can access
target page faster.
4.2 Algorithm:Mining Candidate Link Algorithm Input: Pi – Users Profile
data
Output: Links that can be use for redesign Steps1: We identify the usage pattern of users λ from Pi = {P1, P2
,…., Pm} set for user Ui to get link Pm
2: For every access link set obtain the set of candidate links
{C1, C2,….,Cp}
3: For all users and their all access link set obtain the set of
candidate links.
4: Obtain the Dice’s similarity coefficient for all candidate
link set.
5: Apply KNN classifier.
6: Then the links having problem for maximum number of
users are selected for redesign the website.

Out-degree threshold:
Webpages can be generally classified into two
categories [29]: index pages and content pages. An index
page is designed to help users better navigate and
could include many links, while a content page contains
information users are interested in and should not have many
links.
Thus out-degree threshold for a page is highly dependent
on the purpose of the page and the website. The out-degree
threshold for index pages should be larger than content
pages. In general out-degree threshold could be set at a
small value when most webpages have relatively few links
and new liks added the threshold can be gradually increased.
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V. CONCLUSION
In this paper we propose a mathematical model to improve
website structure for effective user navigation by minimum
changes to its current structure. We propose an algorithm
which gives set of links that can be re-link to improve
website structure. This approach is a better solution than
whole redesigning of a website. This algorithm is best suited
for website with mostly static content such as educational
website. This model can be extended to improve web
structure of dynamic website. Our model is particularly
appropriate for informational websites
whose contents
are relatively stable overtime. It improves website rather than
reorganize it hence it is suitable for website maintenance on a
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progressive basis. Our model has a constraint for out-degree
threshold which is motivated by cognitive reasons. The model
can be further improved by incorporating additional
constraints that can be identified by incorporating additional
constraints that can be identified using data mining methods.
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