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Abstract—With the rapid growth of
content on the Internet, it has become a si
gnificant challenge to obtain useful
data to satisfy accurate search demands,
particularly in personalized websites.
General search engines face difﬁculties
in addressing the challenges brought by
this exploding amount of information. A
novel web usage mining approach is
proposed for supporting effective
periodic web search personalization with
real-time location and relevant feedback
technology based on click-through data
analysis to design and implement an
efﬁcient, conﬁgurable, and intelligent
retrieval framework for personalized
websites. To improve the retrieval results,
this project also proposes a strategy of
personal web re-visitation by context
which is based on the user’s current
access context to obtain the relationship
between the user query conditions and
retrieval results. Finally, this project
designs a personalized PageRank
algorithm including modiﬁed parameters
to improve the ranking quality of the
retrieval results using the relevant
feedback and access context from
different users in different interest
groups. The proposed intelligent retrieval
framework improves the user experience.

1. INTRODUCTION
The goal of Intelligent Retrieval based on
Relevance
Feedback
is
is to collect valid information that isperso
nalized to user interests and is captured to
analyze the behavior of the user. There
has been extensive use of various
retrieval approaches in the past to retrieve
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massive
amounts
of
information
on the internet. For instance, people can u
se search engines to crawl datafrom the
Web easily, such as via Google and Bing.
The page rank concept of general
search engines basically focuses on
linkage relations between webpages,
keywords, dwell-time and concept-based
search results that provide value
information and related services for a
particular field, a particular person and a
particular demand.
However, the retrieval results often
contain
substantial amounts of
unnecessary information, and some
required results can be hidden in the back
of a webpage; thus, users have to spend a
lot of time finding the relevant results.
Different users have different search
needs on account of their different ages,
interests and occupations.
To overcome these problems, our main
contributions are as follows -To propose
an accurate and intelligent retrieval
frame-work with real-time location and
relevant
feedback technology for
personalized websites.
To predict user retrieval intentions by
analyzing the user‟s real-time location to
determine a personalized search range. To
improve the retrieval results, a strategy of
implicit relevant feedback based on clickthrough data analysis is proposed, which
can obtain the relationship between the
user query conditions and the retrieval
results.
The concept of „Search Context‟ which
captures the user‟s current „Access
Context‟ has been introduced. This can
determine user‟s current browsing context

from the user‟s concurrent activities to
give better enhanced search results.
To design a personalized PageRank
algorithm including modified parameters
to improve the ranking quality of the
search results using the relevant feedback
from users in different interest groups. The
solution ensures that different users obtain
different search results that are closer to
the user‟s access requirements, even with
the same keywords search.

2. RELATED WORK
Researchers have made great effort to
improve the efficiency of information
retrieval. In the literature, A personalized
re-ranking algorithm through mining user
dwell times is proposed by deriving from a
user‟s previously online reading or
browsing activities. The system acquires
document level user dwell times via a
customized web browser, from which it
infers concept word level user dwell times
in order to understand a user‟s personal
interest [2].
In addition, with the increase in the
demands on user satisfaction, vertical
search engines have provided certain value
information and related services for a
particular field, a particular person and a
particular demand (e.g., travel searches
and educational resource searches) [3].
However,
detailed
and
accurate
information is still not able to be obtained
by vertical or general search engines. For
instance, if we are at a particular
University, we need to search today‟s
news, find the location of the science
library, etc. A general search engine will
not provide satisfactory results.
Reference [5] proposed a topicsensitive PageRank algorithm to avoid the
theme drift problem of the algorithm.
Reference [6] Personalizes information
retrieval for multi‐session tasks by
examining the roles of task stage, task
type, and topic knowledge on the
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interpretation of dwell time as an indicator
of document usefulness. Reference [7]
proposed
a
new
web
search
personalization approach that captured the
user‟s interests and preferences in the form
of concepts by mining search results and
their click-through.
Reference [8] discussed an an
Ontology-Based, Multi-Facet (OMF)
personalization
framework
for
automatically extracting and learning a
user‟s content and location preferences
based on the user‟s click-through.
Although these research works
have reduced the amount of noise in
results, many of them still cannot
effectively capture the intentions of users.
To address this issue, current solutions are
applied to personalized search. A number
of techniques and tools like bookmarks,
history tools, search engines, metadata annotation and exploitation, and contextual
recall systems have been developed to
support personal web re-visitation. The
most closely related work of this study is
Memento system [12], which unifies
context and content to aid web revisitation. It defined the context of a web
page as other pages in the browsing
session that immediately precede or follow
the current page, and then extracted topicphrases from these browsed pages based
on the Wikipedia topic list. In comparison,
the context information considered in this
work includes access time, location and
concurrent
activities
automatically
inferred. Reference [25] presented an
algorithm in the personalization of web
searches, called a Decision Making
Algorithm, to classify the content in the
user history.
There have been studies on clickthrough data of relevant feedback being
introduced
into
retrieval
systems.
Reference [10] presented a context-based
information refinding system called
ReFinder which leverages human‟s natural
recall characteristics and allows users to
refind files and Web pages according to

the previous access context. ReFinder
refinds information based on a query-bycontext model over a context memory
snapshot, linking to the accessed
information contents. Context instances in
the memory snapshot are organized in a
clustered and associated manner, and
dynamically evolve in life cycles to mimic
brain memory‟s decay and reinforcement
phenomena.
Generally, although most approaches
on personalization have achieved good
performance, some difficulties, such as
real-time
performance
and
user
experience, prevent them from being
widely applied. Our method provides an
accurate
and
intelligent
retrieval
framework. Our framework captures
certain aspects and the experimental
results
demonstrate
the
method‟s
effectiveness.

3. INTELLIGENT RETRIEVAL
FRAMEWORK
In this project, a personalized page rank
algorithm is proposed, which ranks
webpages based on user‟s interests‟
mechanisms using parameters such as
keywords extraction, relevance feedback
using click-through data and user‟s access
context. The architecture of Intelligent
Retrieval Framework is demonstrated
below.

The personalized page rank is calculated
using the methods demonstrated below.
3.1 KEYWORD EXTRACTION

The optimized algorithm for the
key-words extraction algorithm is based on
a statistical model where the text is first
broken into clauses, which go with one
another by permutation and combination.
Then, we use the optimized public
substring extraction algorithm to address
the clause set. Finally, we extract the
keywords of the text according to the
weights of the candidate keywords, which
depend on the word frequency and word
length.
The optimized keywords extraction
algorithm presents improvements in terms
of its space and time complexities.
3.2 RELEVANT FEEDBACK

A strategy to obtain users clickthrough data via implicit feedback is
presented, which can improve the
performance of search engines and the
user‟s satisfaction. This aids in finding the
information effectively.
Click set (CS)
Given a query keywords with
accessible links and the CS
satisfying
CS=(ID,Q,R,C); where
ID is number of the user‟s interest group
and used to distinguish users in different
groups;
Q is query keywords, which shows the
query conditions of the retrieval;
R denotes a collection of all links returned
from the search engine, in which the order
of the links in the set is the display order
on the webpage; and

Fig 3.1 An Overview of Intelligent Retrieval
Framework
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C denotes a collection of all links clicked
by the user.
Feedback Set (FS)

The FS is used to indicate the relevant
feedback information obtained from the
click data analysis, and the FS satisfies
FS=(ID,map); where
„map‟ is a relational table that stores
relative degrees of correlation between
two webpages.
The algorithm [1] works by extracting the
links clicked by the user from the original
set of links returned by the search engine.
The more the number of clicks, the higher
is the relevant degree of that link.
The relationship (li,lj) is obtained which
indicates that the relevant degree of link i
is higher than that of link j for the
keywords used in the query.
3.3 SEARCH CONTEXT

The „search context‟ module
captures the current access context
(activities inferred from the currently
running computer programs) into a
probabilistic context tree.

score will progressively decay with time.
For different hierarchical values in the
probabilistic context tree, as specific
values at lower levels usually de-grade
faster than general ones at upper levels in
human‟s memory, different decay rates
leveli (i = 1; 2; 3; · · · ) are assigned in line
with the Ebbinghaus Forgetting Curve
[10] , a graph illustrating how we forget
information over time. Ebbinghaus took
himself as a test subject to examine his
own capacity to recollect information by
creating a set of 2,300 three-letter, meaningless words to memorize. He studied
multiples lists of these words and tested
his recall of them at different time
intervals over a period of one year.
Ebbinghaus discovered that 58.2% was
remembered after 20 minutes, 44.2% after
1 hour, 35.8% after 8-9 hours, 33.7% after
1 day, 27.8% after 2 days, and 25.4% after
∑

6 days. Fitting formula

with these experimental values, we can
calculate and obtain seven different decay
rates, and the average decay rate
approximates to 0.05. Based on these
findings, we initialize the decay rates at
different
hierarchical
levels
by
,
,
.

Overall

, (i=1,2,3…), whose
(

Fig. 3.4 An overview of Probabilistic Context tree
for webpage access

The figure above gives a leveled
probabilistic context tree that represents
different activities of the user.
The obtained probabilistic context trees
will evolve dynamically in life cycles to
reflect the gradual degradation of human‟s
episodic memorization as well as the
context keywords that users will use for
recall. That is, for each node in the
probabilistic context tree, its association
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)

values will be dynamically adjusted
according to user‟s revisit queries and
relevance feedback.
3.4
PERSONALIZED
METHOD

RANKING

The
traditional
PageRank
algorithm is implemented based on linkage
relations between webpages, but it ignores
the importance of the webpages for
different users. The proposed system
presents a method whereby the relevant
feedback information obtained from the
click-through data is introduced into the
PageRank algorithm.

According to the proposed relevant
feedback information extraction strategy,
we obtain the map table for the
relationship of relevant degrees between
links.
However,
the
personalized
PageRank value is influenced by not only
the relationships among links but also the
user click behavior. Thus, we regularly
update the map table to more accurately
reflect the current retrieval intention for
the same group user.
The improvement in the traditional
PageRank algorithm consists in adding a
vector q, which represents the modification
of the PageRank value using the relevant
feedback information obtained from the
click-through data. During the traversal of
the map table, if the relevancy of link l i for
the same keywords is greater than link l j
and the webpage weight of link li is less
than link lj, we modify the weight stored in
the database by the vector q. The
calculation is as follows
=

∑

(

( )

( )

/

(

) (1)

( )
(3)

n+1

∑

( )/

+

=

Bli represents the collection of all links in,
and Nlj rep-resents the total number of
chain links to the webpage. For formula
(4), a variable d is added to control the
coefficient of the modified vector q and
the traditional PageRank value. The
calculation is as follows:
( )
∑

( )

(

)

(4)
Formula (4) and formula (5) add the
modified vector q to the traditional
PageRank. The corresponding formula
including the webpage access probability
C is as follows:
( )=
(

)

∑

( )

+
=

Rank(li) represents the current weight of
the link li in the database, and N(li,lj)
represents the number of relationships in
the relevancy table. The click status of a
user cannot represent other users; thus, we
need to analyze and merge the clickthrough data of different users, which
gradually makes the vector q perfect.
Formula (3) represents the accumulation
process of the modified vector q.
(2)
qold[ ] represents the original value of the
modified vector for link li. qnew[lj]
indicates the modified value calculated
based on the relevancy of the newly
acquired click-through data. Introducing
the modified vector q into the traditional
PageRank equation, the following formula
(4) is obtained:
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( –

)

(5)

The relevant feedback information
provided by different users is different,
and the value of the modified vector q is
different; therefore, the calculated
personalized PageRank value also shows
significant differences.
Therefore, even if users of different
groups use the same retrieval keywords,
the retrieved results will be reordered
based on the value of the personalized
PageRank.
The personalized page rank is further
enhanced and the improvement is in
adding vector „ ‟.
Context
(6)

∑

„λ‟ represents the Context tree
order.
The final Context Score can be calculated
as the product of personalized page rank
value and context „ ‟
Page Rank Score = Rank l(i) *
Context ( ) (7)
The calculation process of this
personalized page rank algorithm is
shown in the algorithm below
3.5 ALGORITHM

1) The finding of re-visitation Q is Find(Q) = 1 if the user confirms one or
more relevant result pages (i.e., m > 0),
and 0 otherwise.
2) The precision of re-visitation Q is Precision(Q) =
3) The recall of re-visitation Q is Recall(Q) =
4) The rank error of re-visitation Q is (
(

RankError(Q) = ∑

)

)⁄

input - the relation of the link;
the relevant feedback information
output - personalized PageRank value
while the PageRank value converges do
Calculate
webpage;

PageRank

value

of

Calculate the value of related feedback
vector according to formulas(1); (2);
(3);
Calculate PageRank value according to
formula(5);
Calculate context vector according
to formula(6);
Calculate personalized page rank
value according to formula(7);
end

where function
(
) returns the
position of the i-th confirmed page wi in
the result page list.
Let Q be a set of user‟s web re-visitation
requests. The finding rate, average
precision, average recall and average rank
error of Q are thus defined as follows –
1) FindRate(Q) =
2) Average

( )

Precision(Q)

∑

=

( )

3) Average
∑

∑

Recall(Q)

=

( )

4) Average Rank Error(Q) = Average
∑

( )

5) Average F1 Measure(Q) =

2*

4. PERFORMANCE METRICS
The web re-visitation performance
metrics include pages‟ finding rate,
average precision, average recall and
aver-age rank error for a set of re-finding
requests.
Assume a user‟s web re-visitation request Q returns a ranked list of n result
pages, from which the user aims to re-find
target pages, and confirms m relevant
result pages {w1; · · · ; wm}.
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5. EXPERIMENTAL RESULTS
The proposed approach proved to show
better enhanced results that were more
preferable than the existing methods and
has outlined to overcome certain aspects
with regard to personalized search.
The figure below compares the finding
rate of the proposed approach with the
existing approach.

Table 1. Performance comparison of average
finding rate
Re-finding performance

Intelligent Retrieval
approach
Existing System

Average
Finding rate

0.9242
0.8235

The results demonstrate accuracy in
reducing average rank error of the
webpage, thus providing an enhanced user
experience.
The figure below compares the average F1
measure of the proposed approach with
the existing approach.
Table 3. Performance comparison of Average
F1 measure
Re-finding performance

Intelligent Retrieval
approach
Existing System

Average F1
measure

0.4152
0.1951

Fig.5.1 Performance comparison of finding rate

The results demonstrate accuracy in
finding the desired webpage with
minimum time. The finding rate of
intelligent retrieval framework v is
92.10% compared to existing method‟s
81.11%.
The figure below compares the average
rank error of the proposed approach with
the existing approach.
Table 2. Performance comparison of Average
rank error
Re-finding performance

Intelligent Retrieval
approach
Existing System

Average rank
error

0.3145
0.6105

Fig. 5.2 Performance comparison of Average Rank
Error
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Fig. 5.3 Performance comparison of Average F1
measure

The results demonstrate accuracy in
delivering a greater average F1 measure.

6. CONCLUSION
The proposed approach presents an
intelligent retrieval model and a strategy
for implicit correlation feedback based on
click-through data analysis is considered,
which obtains the relationship between the
user query conditions and retrieval results.
Finally,
a
personalized
PageRank
algorithm including modified parameters
is designed to improve the ranking quality
of the retrieval results using the relevant
feedback from other users in the interest
group.
This has been extended by adding the
concept of „Personal Web Re-visitation by
Context‟ which captures the user‟s current
access context while searching. The
proposed method demonstrates that this

context and content based re-finding
obtains remarkable retrieval performances
with minimum effort and provides a
superior user experience.
Finally, the proposed framework not only
provides an efficient, intelligent, feedback
based personalized retrieval approach but
also provides the access context to reflect
the user‟s behavior.
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