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ABSTRACT

With the emergence of the World Wide Web, analyzing
and improving Web communication has become essential to
adapt the Web content to the visitors’ expectations. Web
communication analysis is traditionally performed by Web
analytics software, which produce long lists of page-based
audience metrics. These results suffer from page synonymy,
page polysemy, page temporality, and page volatility. In
addition, the metrics contain little semantics and are too
detailed to be exploited by organization managers and chief
editors, who need summarized and conceptual information
to take high-level decisions. To obtain such metrics, we mine
the content of the Web pages output by the Web server.
For a given taxonomy covering the Web site knwoledge do-
main, we compute the term weights in the output pages and
we aggregate them using OLAP tools, in order to obtain
concept-based metrics representing the audience of the Web
site topics. To demonstrate how our approach solves the
cited problems, we actually compute concept-based metrics
with SQL Server OLAP Analysis Service and our prototype
WASA for a number of case studies. Finally, we validate our
results against a popular Web analytics tool.
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1. MOTIVATIONS AND RELATED WORK

With the emergence of the Internet and of the World Wide
Web, the Web site has become a key communication channel
in organizations. To satisfy the objectives of the Web site
and of its target audience, adapting the Web site content to
the users’ expectations has become a major concern. In this
context, Web usage mining, a relatively new research area,
and Web analytics, a part of Web usage mining that has
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most emerged in the corporate world, offer many Web com-
munication analysis techniques. These techniques include
prediction of the user’s behaviour within the site, compar-
ison between expected and actual Web site usage, adjust-
ment of the Web site with respect to the users’ interests,
and mining and analyzing Web usage data to discover inter-
esting metrics and usage patterns [11]. However, Web usage
mining and Web analytics suffer from significant drawbacks
when it comes to support the decision-making process at the
higher levels in the organization.

Indeed, according to organizations theory [7], the higher
levels in the organizations need summarized and conceptual
information to take fast, high-level, and effective decisions.
For Web sites, these levels include the organization man-
agement and the Web site chief editor. At these levels, the
results produced by Web analytics tools are mostly useless.
Indeed, most reports target Web designers and Web devel-
opers [15]. Summary reports like the number of visitors and
the number of page views can be of some interest to the
organization manager but these results are poor. Finally,
page-group hits give the Web site chief editor conceptual
results, but these are limited by several problems like page
synonymy (several pages contain the same concept), page
polysemy (a page contains several concepts), page tempo-
rality, and page volatility. These limitations therefore make
Web analytics tools mostly useless to this problem domain.

Web usage mining research projects have mostly left Web
analytics aside and have focused on fertile research paths
like usage pattern analysis, personalization, system improve-
ment, site structure modification, marketing business intel-
ligence, and usage characterization [11]. A potential contri-
bution to the problem domain was attempted with reverse
clustering analysis [10], a technique based on self-organizing
feature maps. This technique integrates Web usage mining
and Web content mining to rank the Web site pages accord-
ing to an original popularity score. However, the algorithm
is not scalable and does not answer the page-polysemy, page-
synonymy, page-temporality, and page-volatility problems.
An interesting attempt to solve these problems is proposed
in the IUNIS algorithm of the Information Scent model [2].
This algorithm produces a list of term vectors represent-
ing the users’ needs, which can be easily interpreted. On
the other hand, the results are visit-centric rather than site-
centric, suffer from term polysemy and term synonymy, and
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proposed a satisfying solution to provide site-wide summa-
rized and conceptual audience metrics.



To answer the need of such metrics, our approach aims at
analyzing the Web content output by Web servers. Indeed,
so far, little or no interest has been shown in the content of
the output pages. This disinterest is explained by the lack
of techniques to mine the output Web pages and by the high
number of pages to analyze afterwards [11]. In Section 2, we
present the methods that we conceived to mine the output
pages: content journaling, script parsing, server monitoring,
network monitoring, and client-side mining. These methods
should allow to mine the output pages of any Web site. In
Section 3, we explain how term weights in these pages can be
aggregated with respect to a taxonomy representing the Web
site domain knowledge domain in order to obtain audience
metrics representing the consultation, presence, and visitors’
interest into the Web site topics. In Section 4, we present
and discuss the results obtained with SQL Server OLAP
Analysis Service and our prototype WASA on several case
studies. In particular, we compare different metrics, we show
some interesting visualizations, we study the effect of the
taxonomy knowledge domain, and we validate our approach
against Urchin, a popular Web analytics tool. Finally in
Section 5, we describe the results exploitation process, we
expose the limitations of the approach, and we present some
insights of solutions for future work.

2. OUTPUT PAGE COLLECTION

In our approach, we start by collecting the Web pages
output from the Web server. This operation differs from the
classical Web usage data collection [3, 11], as actual page
content is collected in addition to the HTTP transaction
metadata. Output page collection also differs from Web
site content mining [1, 11], as the pages collected are those
output by the Web server instead of the online pages stored
on the Web server file system. To collect the output pages,
we therefore conceived a number of methods which can be
used alone or in combination:

Web logs and content journaling is the easiest method
to setup and requires the least amount of storage and
computation. A content journal stores the content of
the online pages and their temporal evolution during
the mining period. Coupled to the Web server logs,
the content journal allows to retrieve the content of
any output page. The drawback of this method is it
supports static pages only.

Server monitoring is an efficient method for collecting
dynamic pages. A server monitor runs inside the Web
server and stores the output pages after they have been
sent to the client. The main drawback of server moni-
toring is the instability introduced in the Web server.

Network monitoring is independent from the Web server.
A network monitor runs in network-promiscuity mode
on the same Ethernet subnet as the Web server. It cap-
tures and reassembles the TCP/IP packets exchanged
with the Web clients. Network monitoring is CPU-
intensive because all transferred files must be reassem-
bled before they can be mined or ignored. Also, en-
crypted communications cannot be monitored.

Client-side mining is performed by a page-embedded pro-
gram. When the page is displayed in the visitor’s
browser, the program sends the page content to a min-
ing server. This method can mine most kinds of Web

pages including those composed on the client side like
XML/XSL pages. However, client-side mining suffers
from its visibility and from its vulnerability [8].

All these methods used alone or in combination should pro-
vide the necessary means for collecting the output pages of
any Web site. This solves the page-temporality and page-
volatility problems.

3. CONCEPT-BASED AUDIENCE METRICS

For the given Web site to analyze, we choose a taxonomy
that models the Web site knowledge domain. The top terms
in the taxonomy should represent the Web site main topics.
Thus, for each taxonomy term, the term weight [1] in the
output pages gives an indication of the term consultation
by the visitors during the mining period. If the Web site
is mostly static, the term weight in the online pages gives
an indication of the term presence on the site. Term con-
sultation and term presence are two interesting metrics but
suffer from polysemy and synonymy problems.

These problems can be overcome by aggregating the term
metrics along the taxonomy. Indeed in most taxonomies,
the terms are hierarchically linked by a relationship of type
is a or part of [14]. In these taxonomies, the audience of
the subterms contributes to the communication of the con-
cepts denoted by the superterms. For example, the consulta-
tion of the "fruit” concept would include the occurrences of
?strawberry” and ”apple”. Therefore, the audience metrics
aggregation from the leaves up to the taxonomy root gives
an indication of the audience obtained by the Web site con-
cepts. Furthermore, the consultation-to-presence ratio gives
an indication of the visitors’ interest into the concepts. If
the top terms in the taxonomy represent the Web site main
concepts, the corresponding consultation, presence, and in-
terest metrics can be used as conceptual audience measures.

These metrics can be formalized as follows. For a min-
ing period between days d; and d2 and a given concept C;
defined as the union of the term s; and of its subterms in
the taxonomy, the consultation and presence metrics can be
formalized as follows.

da
Consultation(C;, d1,d2) = Z Z wj(d) (1)

s;€C; d=dy

Presence(Ci, dy, d2) = Z /

da
: wj(t)dt 2
SJ'ECi 1

where wj(d) is the term weight of term s; in the output
pages mined during day d and w)(¢) is the term weight of
term s; in the online pages at time t¢. If between d; and
dz2 these pages have been online during a time Aty, the in-
tegral in Equation 2 is equal to 3 wjAty, where wj, is
the weight of term s; in page pr. This expression can be
computed easily.

Practically, hierarchical aggregation of the term-based met-
rics into concept-based metrics can be easily computed and
visualized using OLAP tools. The computation of Equa-
tions 1 and 2 with OLAP tools requires a multidimensional
model with two dimensions: Time and Taxonomy [9]. The
taxonomy dimension should be designed as a parent-child
dimension to support taxonomies with any number of levels
in each branch [6]. The cube fact table must contain the



daily term metrics, which can be computed by content pro-
cessing and term counting in the output and online pages.
The measures to define in the cube are consultation, pres-
ence, and interest. The interest measure can be defined as
a calculated member dividing the first two measures. After
the cube has been introduced and processed in the OLAP
tool, the concept-based audience metrics can be visualized
with any OLAP client like Microsoft Excel PivotChart.

4. EXPERIMENTATION

To test our approach, we developed a prototype called
WASA (Figure 1). WASA stands for Web Audience Seman-
tic Analysis. The prototype implements output page min-
ing from Web logs and content journaling (see Section 2)
and analyzes the output and online pages to produce the
daily consultation and presence metrics for each term of a
given taxonomy. The prototype is written in the Java lan-
guage and is composed of 10,000 lines of code. The metrics
are stored in a MySQL database and transferred into SQL
Server for OLAP analysis. In SQL Server OLAP Analy-
sis Service, we introduce the OLAP cube representing the
multidimensional model described in Section 3. After cube
processing, the metrics are aggregated and can be queried
from Microsoft Excel to produce the various visualizations.
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Figure 1: Experimental configuration.

4.1 Visualization

In our first case study, we analyzed http://cs.ulb.ac.be,
our computer science laboratory’s Web site, which contains
about 2,000 Web pages and receives an average of 100 page
requests a day. The taxonomy was extracted from the ACM
classification, which contains 1230 hierarchically-linked terms.
The mining period is the academic year 2003-2004.

We first produced a multi-line chart where each curve rep-
resents the visitors’ consultation of the top ACM concepts
(Figure 2). Computing Methodologies, Software, and Infor-
mation Systems rank in the top, which is not surprising as
these domains are the subject of major lectures. Also, a peak
of interest in Theory of Computation can be observed at the
beginning of the academic year, when the first-year students
start following the corresponding lessons in the computers
room. Finally, the average consultation falls down during
the academic holiday periods: January-February and July-
August. As we can see, this kind of chart can be intuitively
related to the problem domain.

To compare the various metrics, we also produced a bar
chart representing the metrics for each of the top concepts
(Figure 3). The top concepts are Information Systems, Com-
puting Methodologies, and Software. However, these con-
cepts are very present in the Web site, which is confirmed
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Figure 2: Consultation of the ACM classification
top concepts on the cs.ulb.ac.be Web site during the
2003-2004 academic year.

by high presence values. Therefore, high consultation val-
ues are not representative of the visitors’ interest, for which
low interest values can be observed. The interesting con-
cepts are Theory of Computation, Data, and Mathematics
of Computing. By comparing the consultation and interest
in this example, we can see that the considered metrics can
dramatically change the ranking of the concepts and should
be interpreted carefully.
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Figure 3: Audience metrics for the ACM classifica-
tion top concepts.

4.2 Taxonomy Coverage

To test the influence of the taxonomy on concept-based
metrics, we made the same experiments with Eurovoc, the
European Commission’s thesaurus [12]. Eurovoc contains a
taxonomy of 6650 terms, and its domain knowledge include
all the European Commission’s fields of interest. These in-
clude a broad range of domains, from sociology to science,
while the ACM classification knowledge domain is focused
on computer science. Although Eurovoc contains about five
times more terms than the ACM classification, it offers a
poor coverage of the computer science domain. Therefore,



the results obtained with Eurovoc are difficult to relate to
the Web site knowledge domain. This kind of problem is typ-
ical of very conceptual taxonomies like Eurovoc [12]. This
shows how the choice of the taxonomy is important for the
results interpretation.

As a natural continuation of the Eurovoc experiment, we
studied the benefits of improving taxonomy coverage with
respect to the Web site knowledge domain. To evaluate
what results can be obtained with an optimal taxonomy
enrichment, our department’s staff enriched the ACM clas-
sification with terms of the Web site. This manual method
ensures an optimal improvement of the taxonomy coverage.
If we define the taxonomy coverage as the number of tax-
onomy terms that appear in the output Web pages, our en-
richment operations have increased the coverage from 70 to
90, that is an increase of about 30%.

The effect of this enrichment has been evaluated by run-
ning WASA with the enriched taxonomy on our depart-
ment’s Web site. With regard to the enriched taxonomy, the
top consulted concepts are Software, Computing Method-
ologies, and Information Systems, while the interesting con-
cepts are Mathematics of Computing, Computing Method-
ologies, and Software (Figure 4). By comparing these results
with those obtained with the raw ACM classification (Fig-
ure 3), we can see the importance of the taxonomy knowl-
edge domain in the interpretation of the results.
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Figure 4: Audience metrics for the enriched ACM
classification top concepts.

4.3 Validation

To validate our approach against existing software, we
compared our results against Urchin, a popular Web ana-
lytics tool. Although WASA and Urchin results are very
different, there is a particular case of Web site where the
Urchin results are comparable to those obtained by WASA.
Indeed, if the Web site directories match the taxonomy con-
cepts, the hits by directories obtained by Urchin should be
comparable to the interest by concept obtained by WASA.

To verify this, we ran the tests on http://wasa.ulb.ac.be,
a personal Web site where the directories have been struc-
tured with respect to the Web site concepts. For the purpose
of the case study, the Web site author has manually built
a custom taxonomy containing the main concepts and sub-
concepts. The Web site main concepts include computer
science, travel, and passions. The passions concept is sub-

divided into music, chess, cinema, and well-being. The tax-
onomy contains about 1150 terms in total. The Web site
contains about 200 pages and receives about 100 page re-
quests a day. The mining period is 2003.

To compare the results, we produced a directory-based
graph with Urchin (Figure 5) and a concept-based graph
with WASA (Figure 6) representing the audience metrics
for the main three concepts: computer science, travel, and
passions. By looking at the two graphs, we can see common
peaks by the months of March and November. The March
peak is due to the referral link from a computer science
online magazine, while the November peak is due to the
referral link from a music search engine.

The concept graph in the first trimester of the year shows
a predominance of the computer science concept, which can-
not be seen for the computer science directory. According
to the Web logs, this predominance is due to the success of
various computer science pages located outside the computer
science directory and linked by computer science sites like
http://www.linux.org. The dispersion of the pages within
the site is rigid because the referral links pointing to these
belong to external sites and are not under direct control.
This difference between the two graphs shows the limita-
tions implied by page synonymy and by directory structure
rigidity. In contrast, concept-based metrics do not suffer
from these limitations and are therefore superior with re-
spect to those aspects.

Another difference can be observed during the November
peak, where the travel concept outperforms the passions
concepts, while the passions directory clearly outperforms
the travel directory. The success of the travel concept can
be explianed by the number of world regions cited in the
music pages. This difference between the graphs shows the
limitation implied by page polysemy and the superiority of
the concept granularity.
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Figure 5: Directory hits for wasa.ulb.ac.be during
year 2003. Results obtained with Urchin.

5. CONCLUSION AND FUTURE WORK

In this paper we presented our solution to answer the need
for summarized and conceptual audience metrics in Web an-
alytics. We first described several methods for mining the
Web pages output by Web servers. These methods include
content journaling, script parsing, server monitoring, net-
work monitoring, and client-side mining. These techniques
can be used alone or in combination to mine the Web pages
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Figure 6: Concept consultation of wasa.ulb.ac.be
during year 2003. Results obtained with WASA.

output by any Web site.

Then, we have seen that aggregating the occurrences of
taxonomy terms in these pages can provide audience met-
rics for the Web site concepts. According to the first ex-
periments on real data with our prototype and SQL Server
OLAP Analysis Service, concept-based metrics prove ex-
tremely summarized and much more intuitive than page-
based metrics. As a consequence, concept-based metrics
can be exploited at higher levels in the organization. For
example, organization managers can redefine the organiza-
tion strategy according to the visitors’ interests. Concept-
based metrics also give an intuitive view of the messages
delivered through the Web site and allow to adapt the Web
site communication to the organization objectives. The Web
site chief editor on his part can interpret the metrics to re-
define the publishing orders and redefine the sub-editors’
writing tasks. As decisions at higher levels in the organiza-
tion should be more effective, concept-based metrics should
significantly contribute to Web analytics.

Experiments on real Web sites with several taxonomies
like Eurovoc and the ACM classification have shown the im-
portance of the considered metric (consultation, presence,
interest) and of the taxonomy coverage of the Web site
knowledge domain. Also, comparing our prototype results
with a popular Web analytics tool validates our approach
while demonstrating the superiority of concept-based met-
rics over directory-based and page-based metrics. Indeed,
these metrics suffer from directory structure rigidity, page
synonymy, and page polysemy. This calls for the adoption
of concept-based metrics in Web analytics tools.

A limitation to the wide adoption of concept-based met-
rics is the lack of custom taxonomies for Web sites. To over-
come this limitation, we will explore automatic and semi-
automatic taxonomy enrichment techniques [5]. In our fu-
ture work, we will also apply further text analysis tech-
niques to the Web site pages. These techniques will in-
clude geo-coding, clustering, date recognition, and organi-
sation/person name identification [13]. The overall analy-
sis will provide a multi-facetted vector representation which
we will integrate in our multidimensional model. We will
also add other dimensions like Web topology and Web site
structure. We will evaluate the influence of these additional
dimensions by running similar experiments as in this paper.
Finally, variations of the metrics inspired from the vector
model [1] as well as evaluators for taxonomy coverage [4]
should be experimented.
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