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ABSTRACT

User behavior in a website is a critical exponent of the web
site’s usability. Therefore an understanding of usage
patterns is essential to website design optimization. This
challenging problem is prominent in media-rich websites,
due both to the complexity of analyzing media-based
content and the challenge of understanding user-media
interactions. Towards this goal, we present a novel
paradigm encompassing a unique combination of
interactive multimodal visualization and media-based web
content mining for information goal extraction. This
integrated approach offers several advantages: it delivers a
gestalt view of user behavior, it offers an interactive,
multimodal environment for pattern discovery, and it
provides a feedback mechanism for improving website
design. We evaluate these features with real data from the
multimedia website of the SkyServer project.

1. INTRODUCTION

User behavior for large, media-rich websites is complex and
difficult to characterize. However, understanding usage
patterns is a key step in optimizing and improving web-site
design. For multimedia websites, the challenge occurs not
just due to the use of media to express information, but also
due to different interaction modalities that may be
supported. For example, the SkyServer website has several
modes of interaction, including: static content browsing,
JavaScript-enabled clickable-images, and parametric and
SQL-based database queries. Users often browse a few
static pages first to get to the starting points of the dynamic
querying tools. Other users might browse through the static
content to get an understanding of the Sky Server site.
Advanced users employ combinations of the dynamic
content query tools. These diverse interactions require
different strategies to understand what information the user
may be looking for and determine how successful the user
was. An important deficiency of current approaches to this
problem is that they address some aspects of user behavior
but ignore others. For instance, usage mining can discover
patterns in how users browse text and images, but cannot
provide a semantic analysis of media. Web content mining
can reveal semantic similarities between pages in a user
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session, but overlooks usage information for a topic in the
website. Therefore research based on a single general
approach provides a limited view of user behavior.

We present an integrated multimodal approach which
addresses the challenges of developing an understanding of
user behavior. Our research focuses on discovering,
specifying, and quantifying patterns in browsing text and
image-based media. We realize these goals by combining
multimodal visualization of user behavior, information
foraging techniques, and knowledge discovery techniques.
The guiding inspiration which drives our approach is the
complementary interaction between website usage
information (e.g. who’s using the website) and semantic
analysis of the content (e.g. why are they using the website;
what information are they seeking?). This integrated
approach offers a multi-faceted view of user behavior which
offers a more complete picture than previously available.
We use real data from SkyServer as an example of a large
multimedia- multimodal website [10]. SkyServer is a suite
of web-based applications built around the Sloan Digital
Sky Survey (SDSS) database. The SDSS database houses
15 terabytes of images and data on galaxies and stars. Some
of the media interaction modes and services include: galaxy
image access through a virtual telescope, astronomical
spectrum data access, self-paced astronomy tutorials, direct
database access through SQL queries and stored procedures,
and annotated tours of the night sky.

2. RELATED RESEARCH AND
OVERVIEW OF THE PROPOSED APPROACH

The direct approach to web usage analysis is web usage
mining [4][11]. Web usage mining extracts patterns from
the website usage logs [6][8]. Web usage mining typically
begins with clustering user requests into user sessions [7].
Sessions are clustered to describe usage patterns. Our
approach uses multimodal visualization of usage data to
allow the web designer to interactively cluster user sessions
by user-driven criteria. Fundamentally, we treat usage
information as vectors of attributes, and project the
information to context-sensitive, low dimensional subspaces
or other semantically meaningful representations. Each
projection is implemented as an interface metaphor. For



example, our system geolocates users and shows them on a
map. All of the interface metaphors are reflectively
interrelated; selections in one subspace constrain all
subspaces. This multimodal visualization provides a flexible
and semantically meaningful usage pattern discovery
system.

Another approach to web usage analysis is web content
mining (predominantly text-oriented) [2][3][6]. These
works start by exploring web content and web structure
information. The information goal of a user session is
extracted with information foraging techniques [5]. User
sessions are clustered based on information goal similarity.
We extend this approach by performing text and image
semantic analysis in conjunction with web usage mining.
We also broaden information goal extraction to include
dynamic web page content and web database content as
well. Usage analysis solely based on static page content
mining cannot provide accurate usage information of
websites which are fundamentally multimodal. Likewise,
web content mining-based usage analyses do not reveal the
fundamental usage relationships (e.g. spatio-temporal
relationships), whereas visualizing usage information does.
In short, both approaches have strengths and gaps in
describing usage behavior. We believe that the strength of
each approach addresses the weakness of the other.

3. DESCRIPTION OF THE PROPOSED
APPROACH

We  postulate that an
integrated approach provides
a more complete character-
ization of user behavior. In
this paper, we describe how
three techniques (i.e. infor-
mation goal extraction and
usage pattern discovery, and
knowledge discovery in data-
base content) reveal user
behavior. Figure I shows a
conceptual view of the in-
formation gleaned from this collaboration of techniques.
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Figure 1. An integrated
approach better char-
acterizes user behavior

3.1. Usage Pattern Visualization

Our approach begins with a multimodal visualization
interface which exposes different aspects of user behavior in
the context of appropriate interface metaphors. Figure 2
shows the different modes of visualization. Information
about user location is shown on a world map, along with
referential information such as political borders and known
observatories. Usage log information (e.g. hits per hour,
sessions per browser, efc.) is shown on a chart. The
generality of this approach is important to our goal of free
discovery; only one visualization is domain-specific and
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that is the projection of web pages about galaxies and stars
onto

a Cartesian map
of the night sky.
Thus, the web
designer may
explore the usage
data in  this
context-rich

multimodal

environment with
fewer constraints

than many — e
automated Figure 2. The interactive

approaches. A visualization interface showing the
web designer can features of user behavior

click on a feature

shown in the various contexts; the system then reveals only
usage patterns which include the selected features on all
metaphors. The web designer can continue constraining the
search by selecting features on other metaphors. Once a
usage pattern is selected, the web designer can request
usability feedback on the selected usage pattern, and then
continue discovering usage patterns or start a new search.

3.2. Knowledge Discovery in Database Content

We use knowledge discovery in database content (KDDC)
to qualify the celestial features that users seek. For each
celestial feature the system extracts: hits per feature, spectra,
images, and morphology. This information feeds back into
the interactive visualization by allowing usage pattern
selection by celestial feature. The information also
complements information goal extraction by providing
richer semantics to image media and to generate the
dynamic web pages. This domain-specific information,
derived from general data mining techniques, provides the
means for common communication between information
goal extraction and usage pattern discovery.

3.3. Information Goal Extraction

Figure 3 shows the process flow for the proposed approach,
with the usage pattern analysis visualization shown in the
top-left and the database knowledge discovery step shown
in the top-middle.

Semantic Analysis of Textual and Image-Based Content:
The system constructs a webpage vector and term vector
from the website structure and content. It should be noted,
that for web service dynamic content, scripting complicates
content extraction. To address this in a general manner, the
system first extracts the parameter-value pairs from HTTP
request. It then queries the data derived from KDDC for
dynamic content. The dynamic content is used to
reconstruct the content of the dynamic web page, which is



then added it to the web page vector. Also, each unique term
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analyzed by
color content to
create a
histogram-based image signature. The histogram-based
approach was selected because it is more broadly
applicable; for SkyServer, a shape recognition-based
approach is also appropriate [1]. The images are
semantically enriched by the surrounding text on the web
page. The associated semantic information is weighted and
added to the term vector. The system then constructs a
structural adjacency matrix 7. Then the importance of a
term ¢ in a page p is calculated using normalized Term
Frequency Inverse Document Frequency (TFIDF) [9].
Using the TFIDF value, terms vector, and the web pages
vector we construct a term-page matrix, TPrripr,

Information Goal Extraction: The information goal is
extracted as a subset of the information in the pages in a
session. First, an importance value is assigned to each page
visited by the user. Then importance of a term is calculated
as summation of the TFIDF value of the term corresponding
to the pages it belongs to, multiplied by the importance
value of the pages. Finally, the term list is sorted and the 20
most important terms are used to form the users’
information goal summary. Image information goal is
extracted as a weighted list of images present in the pages
visited during the session. Images are weighted depending
on the importance value of the page to which it belongs.

User Flow Computation: For the extracted information
goal, a technique based on information foraging theory [5]
is used to compute the user flow through the website. The
computed user flow predicts the probability of success for
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other users with similar goal to reach their destination page.
Information correlation between a link and the information
goal is calculated as sum of TFIDF value of all the terms
that are present in both the link and the information goal.
The text present in the title of the distal page is used to
calculate information correlation, in the cases where the text
is absent in the link. This approach is based on approach
used in [3], but we extend the idea further by combining
multimedia (text and image) information for correlation
calculation. Image information correlation is calculated as
quantitative comparison of signature of each image present
in information goal list with signature of images present in
each page of the website. Finally, we sum text information
correlation and image information correlation values to
construct Information Correlation matrix IC. The user flow
is computed by simulating users through an activation
function A(?). The total percentage of users at a given time
in a page depends on total information correlation value for
all the links pointing to the page.

Al =(axICx A(t 1))+ E (1.0)

The dampening factor o controls the number of users
browsing to next step of simulation. E simulates users
flowing through the links from the entry (or start) page of
the usage pattern. The initial activation vector A(7) = E. The
final activation vector, 4(n), will give percentage of users in
each node of the website after n simulations.

Shortest Path Computation and Comparison: For each
user session in a usage pattern, the algorithm computes the
shortest path from the start page to the final page. Our
underlying assumption is that the shortest path represents
the most optimal (direct) path to the desired information
goal. Comparison of the actual user paths with the optimal
shortest path provides an analysis of how well the links are
organized in the website.

4. EXPERIMENT AND RESULTS

As a case study we analyze a simple usage pattern from a
subset of the usage data from SkyServer. This study
illustrates how our system finds usability issues of large
multimedia websites. Using the parameters from the same
study, we conducted an experiment to evaluate text-and-
image information correlation versus text-based information
correlation. As previously mentioned, the system begins
with the visual interface shown in Figure 2. A brief look at
the hits per month in the chart reveals that the month of
April, 2004 was very busy for the given usage data sample;
contributing 28.57% of the traffic between May, 2003 and
October, 2004. We select (at random) traffic from Oxford,
England which is shown on the map as a listed observatory.
With these constraints, the system reveals 4 user sessions,
one of which is long enough to have a meaningful






