
Abstract
Search engines have forever changed the way and provides 
the way to people access and discover knowledge, allowing 
information about almost any subject to be quickly and easily 
retrieved within seconds. As increasingly more material becomes 
available electronically the influence of search engines on our 
lives will continue to grow. This presents the problem of how to 
find what information is contained in each search engine, and 
how web are applicable for social navigation. What bias a search 
engine may have, and how to select the best search engine for 
a particular information need. This research introduces a new 
method and algorithm for social application. We further present 
features and algorithms that facilitate online communication 
and collaboration towards common searching targets. The 
utility of our system is established by experimental studies. 
The extensions we present can be easily adopted in a typical 
web browser.
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I. Introduction
It is estimated that the size of the WWW in June 2010 was 500 
million websites [1]. Over the last couple of years its growth has 
been largely driven by the increasing number of new forms of 
media on the web including blogs, social networks, video and 
photo sites, audio and much more.
The main aggregation point for accessing all these forms of 
media remains the web browser. Typically, websites contain 
links to other websites, and thus, web browsers allow a user to 
easily access information by traversing these links, a process 
known as browsing or navigation.
Browsing may be defined as opportunistic, reactive and 
unplanned information searching [17]. It is also commonly 
assumed that the browsing experience over the Internet is 
typically passive, in a sense that a user’s search objective is 
not shared by anyone else and people cannot interact with 
web content, make personal notes, share comments and URLs 
[4].
However, traditionally, information search involves a series 
of interactions between the searcher and any available 
information source, including other people. Moreover, re-cent 
surveys of search strategies among knowledge workers [11] 
and in education [10] revealed search needs that are not 
supported by current search interfaces, such as the desire 
to collaborate.
We build on these observations and focus on enhancing 
the user browsing experience towards a process known as 
social navigation [5]. Social navigation describes the process 
where a number of people that share interests and searching 
goals decide to coordinate their efforts. As a design approach 
social navigation tries to raise awareness that social activities 

should be part of our information processing environments. 
Systems based on social navigation concepts typically make 
people more aware of each other and thus contribute to a 
more social experience of the information space. At the same 
time, awareness of others and their actions make a space 
feel more alive and turn it into some-thing we might perceive 
as place [6, 8]. 

II. Search Engine
Due to the massive growth of the World Wide Web, applications 
called “search engines” have emerged as a fast and efficient 
method of finding electronic information. Information on 
almost any subject imaginable can be rapidly found. And as 
information and knowledge continues to grow, search engines 
will become increasingly important to our daily life. Most large 
search engines are based on an “inverted index” model. This is 
similar to a concordance, where all information is broken into 
terms and stored in a sorted index of terms called the “index”. 
This enables searches to be quickly and efficiently performed. 
For each term in each document, statistical information is 
stored about it, such as the number of times it occurred in the 
document and where it was placed in relation to other terms. 
Information lookup is performed by taking a query, breaking 
it into terms, and then doing a search of the index for the 
query terms. Once the terms have been found in the index, 
the search engine then runs a series of algorithms to select 
the most relevant document based on the query terms. Words 
which occur frequently, stop words, are discarded. A stop word 
is any word which has no semantic content. Common stop 
words are prepositions and articles, as well as high frequency 
words that do not help retrieval. These words can be removed 
from the internal model of the query, document, or collection 
without causing loss of precision and recall there are two main 
types of search engines. The traditional search engine is simply 
an HTML interface to some sort of database or collection. An 
example might be a search engine with a HTML interface which 
connects to an Oracle database. The spiderling web search 
engine is an interface to a database where the contents are 
actively updated using information from the web. An example 
of this kind of search engine is Google, which also the most 
popular spiderling search engine in use today.
When people want to find information online, they visit their 
favourite search engine. How do search engines function? 
Search engines send spiders throughout the Net that crawl 
through billions and billions of Web pages and index their 
findings for future search results. Once a user enters in a 
search phrase, the engine's algorithm processes the phrase 
and retrieves the most relevant sites.

A. What Is Search Engine Optimization?
Search engine optimization is the process of improving your 
site's relationship with major search engines. By making your 
site more SEO-friendly, you can increase your opportunities to 
gain natural rankings for specific keyword phrases.
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B. Search Engine Optimization is the Backbone of All 
Internet Marketing
With ecommerce enjoying explosive growth, any Internet 
marketing strategy that you implement must pay special 
attention to SEO. Achieving organic rankings and high 
placement on the result pages of major search engines is the 
most effective way to boost your company's exposure, draw in 
targeted Web traffic and increase your conversions. Rarely do 
Internet users venture past the first page of a search engine 
when they're looking for information. Cracking the top 10 spots 
on page one of the result pages is the goal. The higher your 
site ranks on the first page, the more visitors will gravitate to 
your business.

C. Using Search Engine Optimization to Achieve Top 
Placement in the Result Pages
Some SEO companies will identify frequently searched keyword 
terms and just smash these key phrases into your existing site 
content. After adding some links, theses companies will call it 
a day and charge you a hefty fee.
CKMG takes a different approach. Our goal isn't to help you gain 
moderate improvement in the search engine ranking pages. We 
want our optimization efforts to place your company at the very 
top of your vertical. CKMG recognizes that quality SEO efforts 
are just part of the equation. Our SEO services include complete 
brand development, site redesigns, technology and ecommerce 
solutions, the incorporation of multimedia elements and the 
most magnetic, customizable and informative content solutions 
on the Web.  
Our full-service SEO solutions will equip you with everything you 
need to achieve top placement in the major search engines:
* Large volumes of keyword-rich SEO content
* Optimized Meta descriptions, Meta tags and Meta 
keywords
* SEO-friendly site architecture
* Comprehensive linking structure
* SEO website design
* Submissions to major directories
* Video content search optimization
* Expert, SEO-powered blogging content

When you're ready to take over your industry, don't settle 
for short-sighted SEO strategies. Put a solid plan in place 
with CKMG, and position your business as the number one 
information resource in your industry

D.  Spidering Web Search Engine.
Spidering web search engines are comprised of a spider, an 
indexer and a retrieval engine. The spider is a program that is 
used to gather information from the World Wide Web. The spider 
follows hyperlinks across the web collecting information from 
HTML web pages. Search engines such as Google start from 
a small set of pages on the World Wide Web and recursively 
follow all the hyperlinks to other pages. This makes it possible 
to reach most of the surface web in a relatively short time. 
Each major search engine has a different implementation of a 
spider, each with a different search strategy. For example, many 
spiders refuse to collect information from pages generated 
by database enabled scripting languages such as PHP and 
ASP, leaving massive amounts of high quality data unindexed. 
Some spiders limit the depth to which they crawl a website, 
sometimes only collecting the index page of the site, other 
times only following to a depth of two hyperlink levels within 

a website. Other spider’s index document formats other than 
HTML, such as PDF and Microsoft Word files, and image 
search engines are also becoming increasingly prevalent. The 
frequency of spidering also varies widely. Some spiders return 
daily, others return yearly. Spiders often refuse to visit area of 
the web known as “bad neighbourhoods”, because they contain 
material known to be harmful or offensive. Be-cause of these 
different implementations of spiders, the content collected 
by the spiders can vary widely from search engine to search 
engine.
The indexer takes the web pages collected by the spiders and 
parses them into a highly efficient index. In the index the terms are 
given an importance weighting by the search engine’s ranking 
algorithm. Each major search engine has its own proprietary 
weighting methods and algorithms. In fact most of the major 
search engines are secretive about their weighting methods and 
algorithms because they represent significant intellectual and 
financial investment. Search engines may exclude documents 
that they consider irrelevant or of little value. The indexer may 
delete certain materials such as advertising, offensive material, 
or websites which have attempted to manipulate their rankings, 
from the search engine’s index. These materials are known 
as “spam”. Because of the large profits possible from having 
a good ranking in a major search engine, “search engine 
optimisation” has become a lucrative industry. Search engine 
optimisation involves manipulating a search engine into ranking 
a website higher in the search engine results page than other 
related websites. Generally the higher a website appears on 
the search engine results page the more traffic it attracts. In 
certain subject areas on certain search engines having a high 
ranking can lead to a large payoff. Some engines5 also use 
a pay-for-inclusion model where a web page is guaranteed 
inclusion only after payment is made, and may accept payment 
to display pages higher in the results. Some search engines 
also apply “filters”, which use pattern matching to improve the 
quality of their indexes. It can also be argued that some types 
of information are harder to find in some search engines when 
compared to other search engines. For example, some search 
engines give precedence to
Commercial information, while other search engines have an 
academic focus.
Finally, once the data has been indexed, the retrieval engine 
returns results of a query to the user. Because of these different 
term weighting and document selection methods, bias is 
introduced in the search engines (even though the bias may 
simply be against unwanted advertising materials). Different 
search engines also have different ranking algorithms and 
apply run-time filters to their results. The quality of the search 
engine’s algorithms also makes a large difference to the 
order of which information is returned from a search. All these 
things combine to make the quality and quantity of information 
returned by a search engine different to other search engines 
for a recent comparison of search engine overlap.

III.  System description
In this section we thoroughly describe our system that aims to 
enhance the user’s browsing experience. Before elaborating 
on the actual browser extensions, we present a motivating 
example of the required functionality.

Example: Consider a searcher that tries to find a good diet 
book. A common searching scenario consists of
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Fig.1: The web browser application. On the left, the semantic 
neighbourhood radar (top) and the shared history list (down) 
of a user are presented. On the right, the website-based chat 
is presented that enables communication between users that 
co-exist in a website. On the top of the browser the collaborative 
annotation tool is presented that allows annotations to be 
assigned to shared websites (button “Share” near the address 
bar) submitting free text queries in a search engine (e.g., “diet 
book”, “diet book reviews”) and visiting a few of the re-turned 
results. These results lead to other, potentially useful, websites 
that the searcher may decide to visit. These sites can lead to 
other sites and so on. The sequence of the recently visited 
websites can be used to represent a temporal user profile. 
This profile can then be compared to the temporal profiles of 
other currently online users to detect the most similar ones. 
Our system should identify these people, present them to 
the searcher in a comprehensive way and provide ways to 
communicate with them. As the searcher’s interests shift 
through time people that appear in the interface shade away 
producing an up-to-date set of relevant users. In fact, each 
user’s set of relevant users is dynamic and gets constantly 
updated due to its own and other user’s browsing activity.

A.    Browser Extensions
Our system is implemented as a stand-alone web browser 
application. More specifically, it consists of a number of 
tools, tightly integrated with a typical browser to extend its 
functionality. During the navigation process, information is 
collected and communicated to the main web server. Therefore, 
our system resembles the client-server architecture model, 
where many clients (web browsers) connect to a main server. 
Fig.  1 presents a typical screenshot of this application from 
the end-user’s point of view. In the remaining of the section 
we describe these extensions.

B.   The Semantic Neighbourhood Radar
Visualizing a concept is often challenging since one needs 
to balance between informative, comprehensive and 
computationally feasible interfaces. We choose to represent 
the in-formation of recently relevant users using a radar 
metaphor. A radar in the real world, that operates on an object 
x (the reflector), scans a wide area, measures the distance of 
other objects to x and presents these objects along with their 
distances from x on a display.

In our case, objects are users and distance is a metric of user 
to user proximity. This visualization enables users to 

Instantly conceive the details of our conceptual model. It also 
has the nice property of displaying a lot of information in a 

restricted area.
The radar represents people as dots. The active user, for 
which the radar is defined, appears at the centre of the radar, 
while the people most relevant to the active user are plotted 
on the radar in distances from the centre that respect the 
computed proximity of each user to the active user (see Fig-
2(a)). Conceptually, this represents a semantic neighbourhood 
around the active user, with the captured semantic being the 
correlation of recent user navigational patterns.
Note, however, that when we are placing dots (users) on the 
radar we do not ask to respect all pair-wise similarities of 
all users. That case usually appears in the literature as the 
ordination problem, where we need to represent n-dimensional 
data by a small number of salient dimensions and thus be able 
to display multivariate data on the two-dimensional surface. 

    Fig. 2(a)                                      Fig. 2(b)

The main tool for the ordination problem is the family of 
the dimensionality reduction techniques, including value 
decomposition, multidimensional scaling, latent semantic 
analysis and more. Despite the wide adoption of these 
techniques in various problem areas, they suffer from limitations 
that render them inadequate in our case; they cannot be applied 
on a dynamic environment where the 2D layout needs to be 
regularly up-dated.
The radar metaphor evokes the proximity functionality we 
discussed, but also adds new features such as:

C. Representing the Time-axis on the Radar: An essential aspect 
when representing users on the radar is to clearly indicate 
whether they are (recently) active or inactive. Active users are 
represented as green dots, while inactive users are represented 
as red dots. Furthermore, we would like to represent how 
recently a specific user has been relevant to the active user. 
To represent this information for each dot we use a spectrum 
of its colour (either green or red) that spans from dark to light, 
with darker meaning more recently. The active user is therefore 
always represented as a dark green dot at the centre of the 
radar (see Fig- 2(a)). 

Action indicators: In addition to who is relevant and to what 
degree, we would like to also make available information of 
what people in our neighbourhood are doing. To this end, we 
design action indicators that track the activity of people in the 
neighbourhood and communicate the actions to the user (e.g., 
who got on-line, etc.). Action indicators are visualized in the form 
of a balloon assigned to a specific user. By this way, despite the 
stateless environment on which browsers operate, we are able 
to track the state of the radar in-formation (see Fig 2(b)). 
Private Chat: One of the direct communication features that 
are provided by the system is the private chat. A user is able 
to start a private chat conversation (after invitation) with any 
of the users presented in the semantic neighbourhood radar. 
(Fig.  2(c)). 

Exploration of other Neighbourhoods: Another feature of the 
radar is that it provides the possibility to set another user at 
its centre. By this way, one can explore the neighbourhood (the 
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relevant users) of another user. By traversing from a 

           Fig -2(c)                                       Fig-2(d)

Neighbourhood to another, one can discover and communicate 
with more people (see Fig -2(c) and Fig -2(d)). 

D.     Website-based Chat
The website-based chat allows people that coexist in a 
web-site, during their navigation, to directly communicate 
with each other. Navigating a website automatically makes 
you a part of that website’s virtual public chat room. There-
fore communication between all users in a specific website 
is enabled (see Fig-1). Note, that our system enables the 
concurrent communication of users at any website and is not 
the same with the Web applications that allow to a website 
owner to directly communicate with its visitors. Interestingly, 
the website-based chat forms the foundation for transforming 
a space to place [8].

E.   Sharing Information Spaces
Pointing out interesting information in a collaborative sys-tem 
is essential. Beyond (private or public) chatting, our system 
further supports exchange of information in the form of a 
shared history feature. During navigation, a user may share 
websites (along with tags) with the people that ap-pear in his 
radar. A user receiving suggestions for websites would need 
to click on a user’s dot at the radar to indicate his intention to 
see this list (see Fig-1).

F.    Collaborative Annotation System
Our system provides the functionality to annotate a website with 
a set of keywords. By this way, a set of keywords is assigned 
to each website coming from different users at different times 
and therefore define a collaborative website annotation system 
(see Fig.  1). These keywords can then form the basis for a 
number of applications

IV. Algorithms
With millions of users accessing billions of WebPages everyday 
one would consider a visit of a user u to a web-site w at time t to be 
the primitive action that takes place in the overall web browsing 
activity. From a user’s u perspective the chronologically ordered 
sequence of visits to a number of WebPages defines a web 
history log Hu. Our system functions as the aggregation point 
of these individual history logs by defining a unified web history 
log H. In its most simple form, H consists of a chronologically 
ordered sequence of visit records of the form (u, w, t).

Such click-through information presents a challenging 
opportunity for analysis and mining with the goal of 
personalization and has been extensively used in research [15, 
2, 16]. However, most existing approaches use the click-through 
data to devise similarity measures with little consideration of 
the temporal factor. At the same time, these data are often 
dynamic and contain rich temporal in-formation [19]. In this 
section we present a time-dependent similarity model that 
exploits the temporal characteristics of historical click-through 

data. The intuition is that since the information needs of users 
change through time, user pro-filing algorithms should take into 
account the timestamps of the historical click-through data in 
order to identify regions of significant similarity that may be a 
consequence of functional relationship.
Formally, given the unified web history log H of all users and 
with respect to a temporal factor T, we would like to find a set of 
users that have similar web history in the time period bounded 
by T . In other words, we would like to identify users that recently 
navigated same websites. To ex-press the temporal factor we 
use as a surrogate for time the number of the last T records in 
the unified log H and operate on the subset HT H of the last T 
visits. In similar manner if we would like to constrain a specific 
user’s u history log to its last S visits we write HuS Hu.

Note that in order a web browser client to show the radar to 
a user u, it needs to communicate with the main server and 
retrieve the required information. This information consists 
of the set of users relevant to u along with their associated 
similarity values. Instead of computing this information 
whenever a client sends a request asking for the information 
to show on the radar, we perform all computations in a pre-
processing phase that takes place in specific time intervals 
and cache the results. The premise of the pre-processing is 
that whenever a client requests information, this would be 
promptly available. Therefore we require that the client-server 
communication takes place in periodic time intervals that allow 
for the pre-computation phase to finish. Algorithm 1 describes 
the steps of the pre-processing phase.

Algorithm 1 takes as parameters the unified history log H, the 
temporal factor T , the temporal factor S and the maximum 
number of relevant users to be retrieved for each user k. First, 
it forms the set HT of the last T records of the unified log H. 
Then, it identifies the set of unique users U in the set HT and 
for each user u 2 U retrieves the set of its temporal history log 
HuS that corresponds to its last jSj log records from H. For each 
pair of users ui, uj in U it computes their affinity by computing 
the overlap of their
Temporal history sets HS and HS   and saves the score to
ui uj
Array A. For each user u 2 U it computes the top-k users 
according to the scores in A and saves them in L. Finally, L is 
returned that keeps information about the most relevant users 
of each user along with their scores.

Algorithm 1 Finds Relevant Users

1:  procedure COMPUTERELEVANTUSERS (H, T  S, k)
2. L is a HashTable of the form L < u; < Set >>
3. A is a HashTable of the form A << i; j >; Ai;j
4. HS is a HashTable of the form HS < u; HuS >
5. HT  = getLastRecords(H; T )
6. U = getUniqueUsers(HT )
7. for allSu 2 U do
8. Hu  = getLastRecords(Hu; S)
9. end for
10. for all ui 2 U do
11. for all uj  2 U do
12. if ui  6=  uj && i < j thenS 
13. Ai;j  = Affinity(Hui ; Huj ) = s(i; j)
14. end if
15. end for
16. end for
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17. for all u 2 U do
18. Lu = getTopK(A; k; u)
19. end for
20 return L
21 end procedure

V. Evaluation
Evaluating the utility of the proposed system is challenging 
on its own. Properties of the social navigation paradigm differ 
substantially from ones in traditional systems, rendering many 
evaluation techniques obsolete. In our context, we are interested 
to evaluate the utility of the system in terms of collaboration 
effectiveness and overall user satisfaction. Consequently, we 
have to resort to user studies to address the evaluation issue. 
Given these considerations, we evaluate our system under two 
hypotheses:

Hypothesis 1: Our system is able to raise awareness that other 
people have similar information needs at the current moment 
and to further identify and present these users in an informative 
way. 

Hypothesis 2: Our system serves as an online collaboration tool 
that helps people fulfil collaborative tasks more efficiently. 

A. Data Set
Information seeking on the web typically involves submitting 
queries to search engines supplemented by manual navigation 
[13]. Queries are usually classified according tother intent into 
three classes: navigational, informational and transactional. 
For the needs of our experimental evaluation we focus on 
informational queries (IQ), for which answers are assumed 
to be present on many web pages. These queries are the 
most likely to be benefited by social navigation tools, since 
the information seeking task requires to constructively select 
information from several sources. We further distinguish the 
informational queries into two categories; ambiguous (AIQ) and 
unambiguous (UIQ). AIQs do not require that a specific answer 
is sought, while UIQs usually look for a specific answer. For 
the various experimental scenarios we consider the queries 
of Table 1.

Table 1. Queries Data Set
Type Query
AIQ1 Find information and reviews about iPhone
AIQ2 Find information about Ancient Rome
AIQ3 Find reviews about Xbox
AIQ4 Find information about Egyptian pyramids
AIQ5 Collect information about USA presidents
AIQ6 Collect information about space exploration
UIQ1 Find the list of the current prime ministers

of the world that are lawyers
UIQ2 Find the list of paintings that have been sold

for more than 1 million dollars

VI. Conclusion
To enable social navigation on the web, we had to design 
a system that makes use of web history logs to encourage 
communication and collaboration among large groups of 
people. To support these features some personal information 
and a certain, limited amount of visibility of users’ actions is 
required, which eventually infringes on user privacy. Privacy 
concerns could therefore serve as a major stumbling block 
towards acceptance of our system.

Erickson and Kellogg introduced the concept of social 
translucence as an approach to designing systems that 
support social processes. According to this concept it is not 
only necessary to see other users, but to clearly communicate 
what information is disclosed and how it is used. We followed 
the same approach when designing our system and made 
sure that it entails a balance of visibility, awareness of others, 
and accountability.

The main idea of our system is to utilize temporal cor-relations 
between users’ web history logs. Though intuitive the realization 
of such a system is not trivial since it poses a number of 
challenges spanning from technical to social aspects. Overall, 
the proposed application operates as a system for storing meta-
data of web browsing activity, chat conversations and URL 
suggestions. By seamlessly merging the available collaboration 
data our system forms the foundation for a practical social 
navigation system.
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