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Preface

The Web is a live environment that manages and drives a wide spectrum of appli-
cations in which a user may interact with a company, a governmental authority,
a non-governmental organization or other non-profit institution or other users.
User preferences and expectations, together with usage patterns, form the basis
for personalized, user-friendly and business-optimal services. Key Web business
metrics enabled by proper data capture and processing are essential to run an
effective business or service. Enabling technologies include data mining, scal-
able warehousing and preprocessing, sequence discovery, real time processing,
document classification, user modeling and quality evaluation models for them.
Recipient technologies required for user profiling and usage patterns include
recommendation systems, Web analytics applications, and application servers,
coupled with content management systems and fraud detectors.

Furthermore, the inherent and increasing heterogeneity of the Web has re-
quired Web-based applications to more effectively integrate a variety of types
of data across multiple channels and from different sources. The development
and application of Web mining techniques in the context of Web content, Web
usage, and Web structure data has already resulted in dramatic improvements
in a variety of Web applications, from search engines, Web agents, and content
management systems, to Web analytics and personalization services. A focus on
techniques and architectures for more effective integration and mining of con-
tent, usage, and structure data from different sources is likely to lead to the next
generation of more useful and more intelligent applications.

This volume is comprised of revised and extended chapters based on We-
bKDD 2004, the sixth of a successful series of workshops on Knowledge Discov-
ery on the Web. The WebKDD 2004 workshop was held in conjunction with the
10th ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining (KDD 2004), August 22-25, 2004, in Seattle, Washington. As in the five
preceding years, the WebKDD 2004 workshop continued its tradition of serving
as a bridge between academia and industry by bringing together practitioners
and researchers from both areas in order to foster the exchange of ideas and
the dissemination of emerging solutions for intelligent Web-based applications
using Web usage, structure and content mining. In addition to participants from
academia, the workshop attracted many participants from industry including
Microsoft, Amazon, AT&T, Google, SAS, DaimlerChrysler, Accenture, buy.com,
shopping.com, and others.

WebKDD 2004 included a joint session (comprised of three papers) with a
new workshop, the KDD Workshop on Mining for and from the Semantic Web
(MSW04). The Semantic Web Mining portion of this book includes selected
papers from both workshops.
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About This Volume

Together the chapters span four complementary areas related to Web mining:

1. Web Usage Analysis and User Modeling
2. Web Personalization and Recommender Systems
3. Search Personalization
4. Semantic Web Mining

Web Usage Analysis and User Modeling. The first two chapters deal
with Web Usage Analysis and User Modeling. In “Mining Temporally Changing
Web Usage Graphs”, Desikan and Srivastava address the limited “data-centric”
point of view of most previous Web mining research by examining another di-
mension of Web mining, namely the temporal dimension. They highlight the
significance of studying the evolving nature of Web graphs, and classify the ap-
proach to such problems at three levels of analysis: single node, sub-graphs and
whole graphs. They provide a framework to approach problems in this kind of
analysis and identify interesting problems at each level. In “Improving the Web
Usage Analysis Process: A UML Model of the ETL Process”, Maier addresses the
laborious and time-consuming task of populating a data warehouse, to be used
for sophisticated analysis of the Web channel in a multi-channel environment
of an organization. To this end, a logical object-oriented relational data stor-
age model is proposed, which simplifies modeling the ETL process and supports
direct deployment within a WUSAN (Web USage ANalyis) system.

Web Personalization and Recommender Systems. Three chapters focus
on Web Personalization and Recommender Systems. In “Mission-Based Navi-
gational Behavior Modeling for Web Recommender Systems”, Zaiane, Li, and
Hayward advocate the use of additional information channels such as the con-
tent of visited pages and the connectivity between Web pages, as an alternative
to using only one information channel, namely the Web access history. They
propose the concept of “missions”, which are identified by different channels,
to help in better modeling users concurrent information needs. The combina-
tion of three channels is shown to improve the quality of the recommendations.
In “Complete this Puzzle: A Connectionist Approach to Accurate Web Recom-
mendations based on a Committee of Predictors”, Nasraoui and Pavuluri present
a Context Ultra-Sensitive Approach to personalization based on two-step Rec-
ommender systems (CUSA-2-step-Rec). The approach relies on a committee of
profile-specific neural networks. Similar to the task of completing the missing
pieces of a puzzle, each neural network is trained to predict the missing URLs
of several complete ground-truth sessions from a given profile. The approach
outperforms nearest profile and K-Nearest Neighbors based collaborative filter-
ing. In “Collaborative Quality Filtering: Establishing Consensus or Recovering
Ground Truth?”, Traupman and Wilensky present an algorithm based on factor
analysis for performing Collaborative Quality Filtering (CQF). Unlike previous
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approaches to CQF, which estimate the consensus opinion of a group of review-
ers, their algorithm uses a generative model of the review process to estimate
the latent intrinsic quality of the items under review. The results of their tests
suggest that asymptotic consensus, which purports to model peer review, is in
fact not recovering the ground truth quality of reviewed items.

Search Personalization. Two chapters deal with Search Engine Personaliza-
tion. In “Spying Out Accurate User Preferences for Search Engine Adaptation”,
Deng et al. propose a learning technique called “Spy Naive Bayes” (SpyNB) to
identify the user preference pairs generated from clickthrough data. They then
employ a ranking SVM algorithm to build a metasearch engine optimizer. Their
empirical results on a metasearch engine prototype, comprising MSNSearch,
Wisenut and Overture, show that, compared with no learning, SpyNB can signif-
icantly improve the average ranks of users’ clicks. In “Using Hyperlink Features
to Personalize Web Search”, Aktas, Nacar, and Menczer introduce a method-
ology for personalizing PageRank vectors based on hyperlink features such as
anchor terms or URL tokens. Users specify interest profiles as binary feature
vectors where a feature corresponds to a DNS tree node. Then, given a profile
vector, a weighted PageRank can be computed, assigning a weight to each URL
based on the match between the URL and the profile features. Preliminary re-
sults show that Personalized PageRank performed favorably compared with pure
similarity based ranking and traditional PageRank.

Semantic Web Mining. Four chapters in the book relate to Semantic Web
Mining. In “Discovering Links Between Lexical and Surface Features in Ques-
tions and Answers”, Chakrabarti presents a data-driven approach, assisted by
machine learning, to build question answering information retrieval systems that
return short passages or direct answers to questions, rather than URLs point-
ing to whole pages. Learning is based on a simple log-linear model over a pair
of feature vectors, one derived from the question and the other derived from a
candidate passage. Using this model, candidate passages are filtered, and sub-
stantial improvements are obtained in the mean rank at which the first answer is
found. The model parameters reveal linguistic artifacts coupling questions and
their answers, which can be used for better annotation and indexing. Meo et
al., in “Integrating Web Conceptual Modeling and Web Usage Mining”, present
a case study regarding the application of the inductive database approach to
the analysis of Web logs to enable the rapid customization of the mining proce-
dures following the Web developers’ needs. They integrate the user request in-
formation with meta-data concerning the Web site structure into rich XML Web
logs, called “conceptual logs”, produced by Web applications specified with the
WebML conceptual model. Then, they apply a data mining language (MINE
RULE) to conceptual logs in order to identify different types of patterns, such
as recurrent navigation paths, page contents most frequently visited, and anoma-
lies. Bloehdorn and Hotho, in “Boosting for Text Classification with Semantic
Features”, propose an enhancement of the classical term stem based document
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representation through higher semantic concepts extracted from background
knowledge. Boosting, a successful machine learning technique, is used for classifi-
cation, and comparative experimental evaluations show consistent improvement
of the results. In “Markov Blankets and Meta-Heuristics Search: Sentiment Ex-
traction from Unstructured Texts”, Airoldi, Bai, and Padman address the prob-
lem of extracting sentiments (positive versus negative comments) from unstruc-
tured text by proposing a two-stage Bayesian algorithm that can capture the
dependencies among words, and find a vocabulary that is efficient for the pur-
pose of extracting sentiments. Their work has potential to mine on-line opinions
from the Internet and learn customers’ preferences for economic or marketing
research, or for leveraging a strategic advantage.

January 2006 Bamshad Mobasher
Olfa Nasraoui

Bing Liu
Brij Masand
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Mining Temporally Changing Web Usage Graphs 

Prasanna Desikan and Jaideep Srivastava 

Department of Computer Science 
University of Minnesota, Minneapolis, MN 55414, USA 

{desikan, srivastava}@cs.umn.edu 

Abstract. Web mining has been explored to a vast degree and different tech-
niques have been proposed for a variety of applications that include Web Search, 
Web Classification, Web Personalization etc. Most research on Web mining has 
been from a ‘data-centric’ point of view. The focus has been primarily on devel-
oping measures and applications based on data collected from content, structure 
and usage of Web until a particular time instance. In this project we examine an-
other dimension of Web Mining, namely temporal dimension. Web data has been 
evolving over time, reflecting the ongoing trends. These changes in data in the 
temporal dimension reveal new kind of information. This information has not 
captured the attention of the Web mining research community to a large extent.  
In this paper, we highlight the significance of studying the evolving nature of the 
Web graphs. We have classified the approach to such problems at three levels of 
analysis: single node, sub-graphs and whole graphs. We provide a framework to 
approach problems in this kind of analysis and identify interesting problems at 
each level. Our experiments verify the significance of such an analysis and also 
point to future directions in this area. The approach we take is generic and can be 
applied to other domains, where data can be modeled as a graph, such as network 
intrusion detection or social networks.  

1   Introduction 

Web Mining, defined as the application of data mining techniques to extract informa-
tion from the World Wide Web, has been classified into three sub-fields: Web Con-
tent Mining, Web Structure Mining and Web Usage Mining based on the kind of the 
data. The evolving structure of interlinked documents, such as the World Wide Web, 
and their usage over a period of time has evoked new interest to both researchers and 
industry. These sets of documents form a graph, with nodes representing documents 
and edges representing hyperlinks. Extracting information from the pure structure of 
such graphs and the usage of these documents, especially with respect to the World 
Wide Web, has been extensively studied [29]. The significance of mining information 
from the Web graph structure is evident from the success of Google, whose PageRank 
technology is based on the hyperlink structure of the Web. A survey on Hyperlink 
Analysis is provided by Desikan et al [7]. Usage aspects of graphs such as the Web 
and user navigation patterns have also received wide attention [13, 25, 28].  

Most research has thus focused more recently on mining information from struc-
ture and usage of such graphs at a given time instance. This paper focuses  on  another  
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important dimension of Web Mining - the Temporal Evolution of the Web; as identi-
fied by our earlier work [8, 29]. The Web is changing fast over time and so is the 
user’s interaction in the Web suggesting the need to study and develop models for the 
evolving Web Content, Web Structure and Web Usage. Changes in Web data occur 
either rapidly or slowly. In other domains where data can be modeled as graphs these 
changes may also occur suddenly representing anomalous behavior. A typical exam-
ple of such graphs would be network flow connections. We have applied the  
techniques presented in this paper on that domain; where sudden changes may charac-
terize network intrusions. The content of certain web sites, such as news channels, 
change very dynamically due to new and updated information that comes in fre-
quently. On the contrary, there are other web sites, such as encyclopedias, that are 
very informative, but whose content does not change very rapidly. Similarly, the 
change in the web structure is also dependent on the web site in particular. Some web 
sites may change their structure more rapidly to address the user navigation issues. 
The structure of the whole Web graph has been found relatively stable [16]. It is ob-
served that Web usage graphs, which are constructed from web server logs, will tend 
to vary more with time; as they reflect the user behavior and needs on daily basis.  
Due to the nature of different rate of changes in data, the properties that need to be 
measured and the techniques that need to be developed to capture the changing behav-
ior will need to differ. Mining evolving web streams and web dynamics has been an 
focus of research in recent works [12, 18, 20]. The techniques developed will also de-
pend on the scope of analysis. The temporal behavior of the Web graph can be ana-
lyzed at three levels: 

Single Node: Studying the behavior of a single node across different time periods. 
Node properties such as total hits, hub and authority scores, indegree and outdegree, 
may vary across time.   

Sub-graphs: Set of nodes that form sub-graph structures that occur in the Web graph. 
The frequency of their occurrence across time periods and also the sequences of sub-
graphs would require different techniques. 

Whole graph: The variation of the basic and derived graph properties such as order, 
size, number of components, maximum indegree, maximum outdegree, average hub 
score, average authority score; will help in the profiling of the behavior of the graph. 

The rest of the document is organized as follows: We talk about our motivation to 
study this problem in Section 2. In Section 3 we present the related work in this area 
and in the following section, we put forward the various kinds of analysis that can be 
carried out on temporally changing graphs. We also identify key issues and provide 
framework to address such problems. We present our approach to study these prob-
lems in Section 5. Section 6 discusses the experiments performed and the results. Fi-
nally in Section 7 we summarize our approach and provide pointers to future work. 

2   Motivation 

The dynamic nature of Web data has aroused interest in the Web research community 
to mine temporal patterns of the Web data. The study of change in the behavior of 
Web content, Web structure and Web usage over time and their effects on each other  
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 (a) Google Search results for ‘WebKDD’ in August 2004 
 

 

(b) Yahoo Search results for ‘WebKDD’ in August 2004 

Fig. 1.  Search Engine Results missing ‘recency’ of information 

would help in understanding better, the way the Web is evolving and the necessary 
steps that can be taken to make it a better source of information. Incorporating the 
time dimension brings into perspective concepts such as ‘recently popular’ versus 
‘historically significant’.   
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We illustrate our motivation to study the temporal changes with an example. We 
issued a query, “WebKDD” to popular search engines – Google and Yahoo in the 
middle of August 2004.  The intention was to find information on the WebKDD 
workshop to be held in the later half of August. The results of the example search 
query are illustrated in Figure 1. The results obtained were different from what a user 
would expect at that time. The link to the WebKDD 2004 workshop in Google was 
ranked 4th, though it seemed the most relevant at that time of the year. In Yahoo, the 
link to WebKDD 2004 workshop did not show up in the first page of results.  Simi-
larly for queries for which recency is important, such as a quadrennial event like 
World Cup Cricket, existing search engines do not incorporate time information. 
Also, Web usage patterns reflect the popularity of an event or topic for a given time 
period. Hence, there is a need to incorporate time information in mining Web Pages. 
Studying Web usage patterns can thus help in detecting events that are represented by 
these pages.  

In this paper, we study the behavior of Web usage of individual Web pages to find 
similarities that correspond to related events. We also introduce a time-aware ranking 
metric and compare it with exiting non-time aware ranking techniques. In the final 
part of our study we study how the various properties of the Web usage graphs change 
over a period of time. 

3   Related Work 

Recent work in Web mining has focused on Web usage and Web structure data. Web 
usage data has captured attention due to its nature of bringing the user’s perspective 
of the Web as opposed to creator’s perspective. Understanding user profiles and user 
navigation patterns for better adaptive web sites and predicting user access patterns 
has evoked interest to the research and the business community. Methods for pre-
processing the user log data and to separate web page references into those made for 
navigational purposes and those made for content purposes have been developed [6].  
User navigation patterns have evoked much interest and have been studied by various 
other researchers [2, 5, 14, 25].  Srivastava et al [28] discuss the techniques to pre-
process the usage and content data, discover patterns from them and filter out the non-
relevant and uninteresting patterns discovered.  

Usage statistics has been applied to hyperlink structure for better link prediction in 
field of adaptive web sites. The concept of adaptive web sites was proposed by Per-
kowitz and Etzioni [24]. Since then, Markov models have been used extensively to 
predict user behavior [24, 26, 27, 31]. Information foraging theory concepts have also 
been successfully applied to the Web domain by Chi et al [4] to incorporate user be-
havior into the existing content and link structure. Clustering of user sessions and 
navigation paths with different underlying models can be used to capture similarity in 
the user behavior [3, 11, 19, 21, 30]. 

Research in Web structure mining has focused primarily on hyperlink analysis and 
has found its utility in a variety of applications [7]. There have been different hyper-
link based methods that have been proposed to address various problems such as  
determining the importance of a page, topic classification and identification of  
Web communities. Among these techniques, PageRank[23],  developed by Google 
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founders, is the most popular metric for ranking hypertext documents according to 
their importance.  Oztekin et al [22], proposed Usage Aware PageRank incorporating 
usage statistics into framework of PageRank model.  We discuss these two metrics in 
more detail in Section 5. 

The other popular metric is hub and authority scores. From a graph theoretic point 
of view, hubs and authorities can be interpreted as ‘fans’ and ‘centers’ in a bipartite 
core of a Web graph. The hub and authority scores computed for each Web page indi-
cate the extent to which the Web page serves as a ‘hub’ pointing to good ‘authority’ 
pages or the extent to which the Web page serves as an ‘authority’ on a topic pointed 
to by good hubs. The hub and authority scores for a page are not based on a formula 
for a single page, but are computed for a set of pages related to a topic using an itera-
tive procedure called HITS algorithm [15].  

The Internet Archive [32] is one of the key data sources for studying the change in 
the web structure and content of different web sites. There are also tools available 
such as the AT&T Internet Difference Engine that detects the change in the existing 
html documents. However, these tools do not capture the temporal nature of the 
changing documents. 

4   Analysis of Temporal Behavior of Graphs 

As discussed in Section 1, the analysis of the temporal behavior can be classified at 
three levels that are discussed below in detail. 

4.1   Single Node Analysis 

The behavior of the Web data can be modeled at the level of a single node, monitoring 
the behavior of each node in the graph. For each single node that is labeled, we can 
compute properties based on its content, structure and usage. Over a period of time, the 
content of the page represented as a node can change, indicating a change in the topic 
addressed by the Web page. Also the structural significance of the node can be derived 
by computing properties that are purely structure based, such as indegree, outdegree, 
authority score, hub score or PageRank score. Such kind of behavior will also serve as 
a very useful feedback to the web site designer. Finally the usage data of a single node 
will reflect the popularity of the node during a given time period. Such popularity will 
reflect the current trend and may help in prediction of popular topics. A vector of a 
property (p), for set of nodes, as a function of time (t), is described in Equation 1: 

( ) ( ) ( ) ( ) ( )[ ]tststststSN npn ......321, =  (1) 

Where ( )tsi represents the score of the ith node at time t; n is the number of nodes in 

the graph and ( ) pntSN , represents the vector of scores of a particular property, p, of 

each node at a given time t. Here, n is the number of nodes (assuming each node has a 
unique label that it retains across the time period) for the graph built over the time pe-
riod. If a node doesn’t exist at any time instance it would be assigned a score of zero 
for that particular time instance. This is a naïve model at this stage, but captures most 
significant properties we are interested in. These models could however be extended. 
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4.2   Sub-graph Analysis 

The changing sub-graph patterns also evoke interest. These sub-graphs may represent 
different communities and abstract concepts that evolve over time. The idea of mining 
frequent sub-graphs has been applied with a large graph as an input or a set of small 
graphs as input [16]. However, with the temporal dimension coming to picture, we 
now look at an evolving graph, which may have different sets of sub-graphs at differ-
ent time instances. Figure 2 illustrates an example of an evolving graph, and the se-
quential patterns that can be mined. 
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Sequential Patterns:

e.g: g1->g2 is FREQUENT (compared to others)  

Fig. 2. Sequential Pattern Mining of Sub-graphs 

It can be seen that mining of sequential patterns of sub-graphs might provide useful 
information in profiling the change behavior. Sequence mining may also help in pre-
dicting an upcoming trend or predict an abnormal behavior in the Web structure. 
These changes may occur due to change in the strategy of an organization or a launch 
of new product by an e-commerce site. While such changes provide interesting con-
ceptual information, mining such patterns poses interesting challenges to the research 
community to develop efficient algorithms, due to the large size of the graphs and the 
number of such graphs that are needed to model the temporal behavior. Formally the 
set of such sequences can be captured using Equation 2. 

( ) ( ) ( ){ }ttjtijittt GFSGgGFSGgggtG Δ+Δ+ ∈∈→=Δ ;,  (2) 
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where ( )tG ttt ΔΔ+,  represents the set of sequences of sub-graphs in a tΔ time period; 

jg represents a sub-graph and ( )tGFSG  represents all the frequent sub-graphs of the 

graph, tG , where tG represents the graph at a time instance t. Equation 2 provides the 

basis of information to mine the interesting sub-graph sequences.  

4.3   Whole Graph Analysis 

While the single node analysis and sub-graphs tend to give more specific information, 
the analysis at the level of the whole graph will reveal higher level concepts. The goal 
of such mining is to build a vector of the feature space consisting of basic properties 
and derived properties for each sequence of graphs, at different time instances. Figure 
3 illustrates the concept of the graph evolution and how the different graph properties 
change with time. Modeling such a vector space and analyzing it over a time period 
poses interesting challenges. 

The research directions involve identifying the key properties that model the be-
havior of change of the Web structure and any correlation between such properties. 
The features space can be divided into two different sets of properties of the whole 
graph: 

• Basic Properties: These are basic properties of any graph such as the order, size, 
density, number of components. These can measured using basic graph algorithms. 

• Derived Properties: Properties of graphs such as average or maximum hub score, 
average or maximum authority score. 

G4

g1

g2

g2

g2

g3

g1

g4
g3

g2

g3

Δ t Δ t Δ t Δ t

G1 G2 G3t1 t2 t3 t4

G 1 G 2 G 3 G 4

|v |= n (G 1 )= 5 |v |= n (G 2 )= 7 |v |= n (G 3 )= 8 |v |= n (G 4 )= 8

|E | = e (G )= 4 |E | = e (G 2 )= 4 |E | = e (G )= 7 |E | = e (G 4 )= 5

#  o f C p ts =  2 #  o f C p ts =  3 #  o f C p ts =  2 #  o f C p ts =  3  

Fig. 3. Modeling features of graphs that evolve over a time period. (Note: the set of properties 
shown is just an illustration, it is not exhaustive) 

Other interesting issues might be how the distribution of such scores varies over a 
period of time. Such variation in distributions may indicate the variation of the kind of 
graph such as scale-free graphs versus random graphs. The vector space of features as 
a function of time is formulated in Equation 3. 
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( ) ( ) ( ) ( ) ( ) ( ) ( )[ ]tDFtDFtDFtBFtBFtBFtGF nm ...... 2121=  (3) 

where ( )tGF represents the feature space of the basic features ( )( )tBFi  and derived 

features ( )( )tDFi  at a time instance t. Analyzing this feature space over a time period 

will reveal information about the temporal behavior of the whole graph.  

5   Our Approach  

We study the behavior of changing usage graphs at two levels of analysis- Single 
Node Level and Whole Graph Level.  We first present a detailed discussion on analy-
sis at single-node level and then present our initial approach to study the properties at 
whole graph level. 

We follow a two-fold approach to study the significance of temporal behavior of a 
single node. The first part of the work involves the detection of events based on Web 
page accesses. In order to detect events, we assume during an event, all web pages re-
lated to event will be accessed in a similar pattern. To find similarity in web page ac-
cess patterns, we modeled a feature vector of number of hits within a time granularity 
of a single day for a time period for each Web Page.  Using cosine product as the 
similarity measure for these vectors, the Web pages with similar access patterns are 
clustered. This is useful in identifying Web pages that are related to each other in 
terms of access for a certain time period. The group of such similar Web pages helps 
in identifying events that have taken place during that particular time period, and that 
is not evident by looking only at content, structure or aggregate usage information. It 
also helps in detecting related events that co-occur at a certain time, but where the re-
lation might not be obvious by the content or structure. 

In the second part of the work, we compare ‘time aware’ metrics with ‘non-time-
aware’ metrics for determining the importance of a Web page. We first discuss in de-
tail ‘non-time-aware’ metrics such as PageRank (PR) and Usage Aware PageRank 
(UPR) and later present a ‘time-aware’ metric, ‘PageUsage Popularity’ as defined by 
this work. 

PageRank is a metric based purely on the link structure of the Web graph. The key 
idea is that a page has high rank if it is pointed to by many highly ranked pages.  So 
the rank of a page depends upon the ranks of the pages pointing to it. This process is 
done iteratively till the rank of all the pages is determined. The rank of a page p can 
thus be written as: 

( ) ∑
∈

−+=
Gpq

qPRdN
dpPR

),(
q)Outdegree(

)(*1)(  (6) 

Here, n is the number of nodes in the graph and OutDegree(q) is the number of hyper-
links on page q. Intuitively, the approach can be viewed as a stochastic analysis of a 
random walk on the Web graph.  The first term in the right hand side of the equation 
corresponds to the probability that a random Web surfer arrives at a page p out of no-
where, i.e. (s)he could arrive at the page by typing the URL or from a bookmark, or 
may have a particular page as his/her homepage. d would then be the probability that 
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a random surfer chooses a URL directly – i.e. typing it, using the bookmark list, or by 
default – rather than traversing a link . Finally, 1/n corresponds to the uniform prob-
ability that a person chooses the page p from the complete set of n pages on the Web.   
The second term in the right hand side of the equation corresponds to a factor contrib-
uted by arriving at a page by traversing a link. (1- d) is the probability that a person 
arrives at the page p by traversing a link. The summation corresponds to the sum of 
the rank contributions made by all the pages that point to the page p. The rank contri-
bution is the Page Rank of the page multiplied by the probability that a particular link 
on the page is traversed. So for any page q pointing to page p, the probability that the 
link pointing to page p is traversed would be 1/OutDegree(q), assuming all links on 
the page are chosen with uniform probability. 

UPR is a modified version of the basic PageRank that incorporates aggregate usage 
information. Here weights are assigned to the links based on the number of traversals 
on the link, and thus modifying the probability that a user traverses a particular link in 
the basic PageRank from  

)(
1

qOutDegree
to  

)(qedOutTravers
Wl , where  lW  is the number 

of traversals on the link l and   )(qedOutTravers  is the total number of traversals of all 

links from the page q. And also the probability to arrive at a page directly is computed 
using the usage statistics.  Usage Aware PageRank can thus be defined as: 

( ) ⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛
⋅−+⋅= ∑

∈Gpq
qreeOut

qUPRdN
dpUPR

),(
)(deg

)(1)( α + 

( ) ( ) ( )⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛
⋅−+⋅⋅− ∑

→ pq
l

nl qedOutTraversW
qUPRdWd )(

)(11 α  

(7) 

where α is the emphasis factor that decides the weight to be given to the structure ver-
sus the usage information. 

While PageRank is based on structure information and Usage Aware PageRank  
incorporates usage statistics into the basic PageRank model, both metrics are ‘non-
time-aware’. They do not take into account when a Web page was created or its usage 
statistics across a time period. This results in loss of information that is typically a 
consequence of aggregating information for a whole time period. The recency or fre-
quency of usage is not captured. As a result , topics that are new and are popular lose 
their rank to topics that have been popular  during an earlier time period. To over-
come this problem , we introduce a ‘time-aware-metric’ called “Page-Usage-
Popularity”  which is defined as follows: 

( )
)(

))((
1

)(

))((
)(

Tr

TrHits

TrT

TrTHits
popularityPageUsageP ⋅−+

−
−

⋅= αα  
(8) 

Here, T is the total time period considered for ranking. Hits(t) is the total number of 
hits in a time period, t. r(t) is the time period that is considered ‘recent’. The weight 
given for a recency of information is determined by the weighing factor α , which  is 
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the weight given to the ‘past’ time period. Thus α serves as a knob to determine if the 
results need to be “recently popular” versus “historically significant”.  

We now proceed to the level of an entire graph and to study its behavior over a pe-
riod of time. We break our analysis into two levels. At first, we study the basic prop-
erties of the graphs such as order, size and number of components.  We then proceed 
to study the behavior of graph in terms of computed or derived metrics such as pager-
ank, hubs, and authorities. Since these metrics are defined for a single node, we look 
into aggregated properties such as average score or maximum score of these metrics 
and study the variation of these scores with respect to time.  We do this in order to be 
able to capture changes in the dynamics of graph that can enable us to detect events or 
patterns such as forming of new communities or connectivity of the graph.   

6   Experiments and Results 

We performed experiments at two different levels of analysis – single node level and 
the whole graph level. Our present analysis was focused on change in Web usage 
data, as the change in such usage graphs is more evident over a short period of time.  

 
 

(a) Visualization of Cluster results using CLUTO 

Fig. 4. Grouping Web pages with similar usage trends 
 

2

High Usage only over a brief 
period of time 

1

Almost no usage during the 
latter half of the time period 

3

Horizontal Axis: Time in 
Granularity of day across 91 days 

Horizontal Streak: Usage be-
havior of a single page across time 

Color intensity: Number of Hits 
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(b) Sample Results of Interesting Clusters 

Fig. 4. (Continued) 

6.1   Single Node Level Analysis of Web Usage Graph 

The data considered was from April through June 2002. We clustered the Web pages 
access patterns over the three month period; with the granularity of day to count the 
number of accesses at a time instance. Results of the clustering output are shown in 
Figure 4(a). Some interesting patterns were observed.  The sample of Web pages cor-
responding to these patterns is shown in Figure 4(b). One of the clusters belongs to 
the set of pages that were accessed a lot during a very short period of time. Most of 
them are wedding photos that were accessed a lot, suggesting some kind of a ‘wed-
ding’ event that took place during that time. Similar behavior was observed in another 
cluster, and the set of pages belonged to talk slides of some event that took place dur-
ing that period. The third cluster was the most interesting. It had mostly pages related 
to ‘Data Mining’ notes. These set of pages had high access during the first period of 
time, possibly the spring term and then their access died out; indicating the end of the 
semester. Interestingly enough, there was no Data Mining course offered during that 
term suggesting someone was studying  ‘data mining’ during that semester, as a part 
of  another course or due to other interests. Our observations suggest that clustering 
Web page access patterns over time helps in identifying a ‘concept’ that is ‘popular’ 
during a time period.  

 

1 www-users.cs.umn.edu/~user1/Wedding/speech.html
www-users.cs.umn.edu/~user2/user3/re0.html
www-users.cs.umn.edu/~user2/user3/wap.html
www-users.cs.umn.edu/~user1/Wedding/photo2.html

www-users.cs.umn.edu/~user1/Wedding/wedding.html

2 www.cs.umn.edu/event/spin/talks/presenter-jan-00/sld016.htm
www.cs.umn.edu/crisys/spin/talks/presenter-jan-00/sld017.htm
www.cs.umn.edu/Research/airvl/its/
www.cs.umn.edu/event/spin/talks/presenter-jan-00/sld055.htm
www.cs.umn.edu/event/spin/talks/presenter-jan-00/sld056.htm

3 www-users.cs.umn.edu/~user4/hpdmtut/sld110.htm (Data Mining Tutorial slides)
www-users.cs.umn.edu/~user4/hpdmtut/sld113.htm
www-users.cs.umn.edu/~user4/hpdmtut/sld032.htm
.
www.cs.umn.edu/classes/Spring-2002/csci5707/
www.cs.umn.edu/classes/Spring2002/csci5103/www_files/contents.htm

Wedding Pictures from ‘ctlu’ that were accessed high for few days

Webpages of a talk – accessed high for few days in and around the talk date

Class Web pages that were not frequently accessed after the end of semester

Wedding Pictures from ‘user1’ that were accessed high for few days

1 www-users.cs.umn.edu/~user1/Wedding/speech.html
www-users.cs.umn.edu/~user2/user3/re0.html
www-users.cs.umn.edu/~user2/user3/wap.html
www-users.cs.umn.edu/~user1/Wedding/photo2.html

www-users.cs.umn.edu/~user1/Wedding/wedding.html

2 www.cs.umn.edu/event/spin/talks/presenter-jan-00/sld016.htm
www.cs.umn.edu/crisys/spin/talks/presenter-jan-00/sld017.htm
www.cs.umn.edu/Research/airvl/its/
www.cs.umn.edu/event/spin/talks/presenter-jan-00/sld055.htm
www.cs.umn.edu/event/spin/talks/presenter-jan-00/sld056.htm

3 www-users.cs.umn.edu/~user4/hpdmtut/sld110.htm (Data Mining Tutorial slides)
www-users.cs.umn.edu/~user4/hpdmtut/sld113.htm
www-users.cs.umn.edu/~user4/hpdmtut/sld032.htm
.
www.cs.umn.edu/classes/Spring-2002/csci5707/
www.cs.umn.edu/classes/Spring2002/csci5103/www_files/contents.htm

Wedding Pictures from ‘ctlu’ that were accessed high for few days

Webpages of a talk – accessed high for few days in and around the talk date

Class Web pages that were not frequently accessed after the end of semester

Wedding Pictures from ‘user1’ that were accessed high for few days
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(a) PageRank 

 
 
 
 
 

 
 
 
 

(b) Page Usage Popularity 

 

 

 

 

 

 

 

 

(c) Usage Aware PageRank 

Fig. 5. Comparison of ‘non-time-aware’ metrics with ‘time-aware-metrics’ 

Our next set of experiments involved comparison of ‘non-time-aware’ metrics such as 
PageRank and UPR with ‘time-aware’ metrics such as Page Usage Popularity as defined 
earlier. The results are presented in Figure 5. It was observed that PageRanks (Figure 5(a)) 
tend to give more importance to structure; hence pages that are heavily linked may be 
ranked higher though not used. Usage Aware PageRank (Figure 5(c)) combines usage sta-
tistics (cumulative for the time period considered) with link information giving importance 

 1. 0.01257895 www.cs.umn.edu/cisco/data/doc/cintrnet/ita.htm 
2. 0.01246077 www.cs.umn.edu/cisco/home/home.htm 
3. 0.01062634 www.cs.umn.edu/cisco/data/lib/copyrght.htm 
4. 0.01062634 www.cs.umn.edu/cisco/data/doc/help.htm 
5. 0.01062634 www.cs.umn.edu/cisco/home/search.htm 
8. 0.00207191 www.cs.umn.edu/help/software/java/JGL-2.0.2-for-JDK-
1.1/doc/api/packages.html 
9. 0.00191835 www.cs.umn.edu/help/software/java/JGL-2.0.2-for-JDK-
1.0/doc/api/packages.html 
10. 0.00176296 www.cs.umn.edu/help/software/java/JGL-2.0.2-for-JDK-

e.g These Web pages 
do not figure in usage 

based rankings 

1.      0.000723        www.cs.umn.edu/ 
2.      0.000145        www-users.cs.umn.edu/~mein/blender/ 
3.      0.000081        www-users.cs.umn.edu/~oper/linuc/allen/ 
4.      0.000053        www-users.cs.umn.edu/~xyz/hpdmtut/ 
5.      0.000051        www-users.cs.umn.edu/~1234/wiihist/ 
6.      0.000050        www-users.cs.umn.edu/grad.html 
7.      0.000050        www.cs.umn.edu/faculty/faculty.html 
8.      0.000046        www-users.cs.umn.edu/~oper/allen/200393/ 
9.      0.000044        www-users.cs.umn.edu/~self/links.html 
10.     0.000042        www.cs.umn.edu/courses.html

    1. 0.01116774 www.cs.umn.edu/ 
    2. 0.00099434 www-users.cs.umn.edu/~abc/blender/ 
    3. 0.00067178 www-users.cs.umn.edu/~xyz/popsoft/ 
    4. 0.00066555 www.cs.umn.edu/Research/GroupLens/ 
    5. 0.00065136 www-users.cs.umn.edu/ 
    6. 0.00064202 www-users.cs.umn.edu/~prof/class/ (37 acc. to Page Usage   
Popularity) 
    7. 0.00061524 www.cs.umn.edu/grad/ 
    8. 0.00056791 www-users.cs.umn.edu/~uname/os/ 
    9. 0.00050809 www-users.cs.umn.edu/~prof2/courses/CNUM/  (72 acc. To Page 
Usage Popularity) 

Low–Ranked because course web-
pages were not accessed in the 

month of June, which was 
considered recent and hence more 

weight given to pages accessed 
during that period. 
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to both the creator and the actual user of a web page. Page Usage Popularity (Figure 5(b)) 
helps in ranking ‘obsolete’ items lower and boosting up the topics that are more ‘popular’ 
during that time period. Thus it signifies the importance of bringing the temporal dimen-
sion as opposed to analysis of a static graph. 

6.2   Whole Graph Level Analysis of Web Usage Graph 

Our next set of experiments involved analyzing the basic and derived features of Web 
usage graphs over a three month period. We have plotted these features against time 
period granularity of single day.  

Our initial results suggested some seasonal patterns that were not observed for the 
new dataset. From these plots shown in Figure 6, there were some interesting observa-
tions. The first set of plots, in Figure 6(a), reflects variation of basic properties of the 
graph, such as order, size and the number of components. While order and size reveal 
the number of pages traversed and links traversed, the number of components will re-
flect how connected the graph is. We eliminated robot behavior collected in web 
server logs. Any robot like behavior would decrease the number of components 
sharply. In the network log data, the drop in number of components also helped us  
 

 

 
(a) Variation of Basic Properties of Whole Web Usage Graph 

Fig. 6. Analysis of variation of Whole Web Usage Graph across a time period  
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(b) Variation of derived properties of Whole Web Usage Graphs 

Fig. 6. (Continued) 

detect machines sending spam mails to other machines in the network. Those results 
are not presented due to lack of space and relevance to this context. The second set of 
plots, in Figure 6(b), reflects behavior of derived properties with time. Due to the 
normalization of hub, authority and PageRank scores; we can just judge that Web 
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pages that were most relevant for that given time instance. The variation of Indegree 
and Outdegree scores reflect the number of connections as opposed to the pure rele-
vance score. It is seen that that the maximum outdegree score of the graph seems to 
have an increasing trend. 

These results suggest that the variation of different properties of these graphs need 
to be studied. The difference in the variation of related metrics, such as hub scores 
versus outdegree scores, suggests that the distribution of these scores change and 
studying the change in the distribution of the scores would be interesting. It would re-
flect the nature of evolving graphs. 

7   Conclusions 

We have presented in this paper the significance of introducing the dimension of time 
into Web mining research as identified by some of our earlier works. We have classi-
fied the scope of analysis into three levels namely; single node analysis, sub-graph 
analysis and whole graph analysis. At a single node level analysis, we observed, the 
usage based ranking metrics, boost up the ranks of the pages that are used as opposed 
to the pure hyperlink based metrics that rank pages that are used rarely high. In par-
ticular, we notice that the Page Usage Popularity ranks the pages that have been used 
more recently high and brings down the rank of the pages that have been used earlier 
but have had very low access during the recent period. At the level of the whole 
graph, we notice the trend and seasonal components in the behavior of the basic prop-
erties. The issues that need to be addressed at each level are discussed in detail.  

The two primary tasks for research are to identify the appropriate set of properties 
that define the changing behavior at each level and to develop efficient algorithms 
that scale to the large data sets. We have also applied these generic techniques to 
other graph data such as Netflow connections, to help profile normal and anomalous 
behavior. We thus see a clear need to pursue research in the area of evolving graphs 
which hold significance in application domains like Web Analytics, Network Intru-
sion or Social Networks. Another engineering issue would be developing a grammar 
for querying interesting graph patterns. 

Acknowledgements 

The initial ideas presented were the result of discussions with Prof. Vipin Kumar and 
the Data Mining Research group at the Department of Computer Science. Uygar  
Oztekin provided the ranking results using PageRank and Usage Aware PageRank 
metrics.  This work was partially supported by Army High Performance Computing 
Research Center contract number DAAD19-01-2-0014. The content of the work does 
not necessarily reflect the position or policy of the government and no official en-
dorsement should be inferred. Access to computing facilities was provided by the 
AHPCRC and the Minnesota Supercomputing Institute. 



16 P. Desikan and J. Srivastava 

References 

1. S.Acharyya and J.Ghosh, “A Maximum Entropy Framework for Link Analysis on Directed 
Graphs”, in LinkKDD2003, pp 3-13, Washington DC, USA, 2003 

2. A. Buchner, M. Baumagarten, S. Anand, M.Mulvenna, and J.Hughes. Navigation pattern 
discovery from internet data.  In Proc. of WEBKDD’99 , Workshop on Web Usage Analy-
sis and User Profiling, Aug 1999. 

3. I Cadez, D. Heckerman, C. Meek, P. Smyth, S. White, “’Visualization of Navigation Pat-
terns on a Web Site Using Model Based Clustering”, Proceedings of the KDD 2000 

4. E.H. Chi, P. Pirolli, K. Chen, J. Pitkow. Using Information Scent to Model User Informa-
tion Needs and Actions on the Web. In Proc. of ACM CHI 2001 Conference on Human 
Factors in Computing Systems, pp. 490--497. ACM Press, April 2001. Seattle, WA. 

5. M. S. Chen, J.S. Park, and P.S. Yu.  Data Mining for path traversal patterns in a web envi-
ronment. In 16th International Conference on Distributed Computing Systems, 1996. 

6. R. Cooley, B. Mobasher, and J.Srivastava. “Data Preparation for mining world wide web 
browsing patterns”. Knowledge and Information systems, 1(!) 1999. 

7. P. Desikan, J. Srivastava, V. Kumar, P.-N. Tan, “Hyperlink Analysis – Techniques & Ap-
plications”, Army High Performance Computing Center Technical Report, 2002. 

8. P. Desikan, J. Srivastava, “Temporal Behavior of Web Usage”, AHPCRC technical report, 
August 2003 

9. C. Ding, H. Zha, X. He, P. Husbands and H.D. Simon, “Link Analysis: Hubs and Authori-
ties on the World Wide Web” May 2001. LBNL Tech Report 47847 

10. F. Douglis, T. Ball, Y-F. Chen, E. Koutsofios, “The AT&T Internet Difference Engine: 
Tracking and Viewing Changes on the Web”, World Wide Web, January 1998, pp. 27-44. 

11. O. Etzioni, “The World Wide Web: Quagmire or Gold Mine”, in Communications of the 
ACM, 39(11):65=68,1996. 

12. F. Grandi, “Introducing an Annotated Bibliography on Temporal and Evolution Aspects in 
the World Wide Web”, SIGMOD Record 33(2): 84-86 (2004). 

13. J.Z Huang, M. Ng, W.K Ching, J. Ng, and D. Cheung, “A Cube model and cluster analysis 
for Web Access Sessions”, In Proc. of WEBKDD’01, CA, USA, August 2001. 

14. X.Jin, Y.Zhou and B. Mobasher, “Web Usage Mining Based on Probabilistic Latent Se-
mantic Analysis”. In Proceedings of  KDD'04, Seattle, August 2004 

15. J.M. Kleinberg, “Authoritative Sources in Hyperlinked Environment”, 9th Annual ACM-
SIAM Symposium on Discrete Algorithms, pages 668-667, 1998 

16. J. Klienberg et al. “The web as a graph: measurement models & methods”.Proc ICCC 
1999. 

17. M. Kuramochi and G. Karypis “Finding Frequent Patterns in a Large Sparse Graphs”, 
SIAM Data Mining Conference, 2004. 

18. M. Levene and A. Poulovassilis, “Web Dynamics: Adapting to Change in Content, Size, 
Topology and Use”, 2004, XIII, 466 p., Hardcover ISBN: 3-540-40676-X. 

19. B. Mobasher, H. Dai, T. Luo, Y. Sung, J. Zhu, Integrating Web Usage and Content Mining 
for More Effective Personalization, in Proc. of the International Conference on E-
Commerce and Web Technologies (ECWeb2000), Greenwich, UK, 2000. 

20. O. Nasraoui, C. Cardona, C. Rojas, and F. Gonzalez, "Mining Evolving User Profiles in 
Noisy Web Clickstream Data with a Scalable Immune System Clustering Algorithm", in 
Proc. of WebKDD 2003 – KDD Workshop on Web mining as a Premise to Effective and 
Intelligent Web Applications, Washington DC, August 2003, p. 71. 



 Mining Temporally Changing Web Usage Graphs 17 

21. O. Nasraoui , A. Joshi, and R. Krishnapuram, “Relational Clustering Based on a New Ro-
bust Estimator with Application to Web Mining,” Proc. Intl. Conf. North American Fuzzy 
Info. Proc. Society (NAFIPS 99), New York, June 1999. 

22. B.U. Oztekin, L. Ertoz and V. Kumar, “Usage Aware PageRank”, World Wide Web Con-
ference, 2003.  

23. L. Page, S. Brin, R. Motwani and T. Winograd “The PageRank Citation Ranking: Bringing 
Order to the Web” Stanford Digital Library Technologies, January 1998. 

24. M. Perkowitz and O. Etzioni, “Adaptive Web sites: an AI challenge”. IJCAI97 
25. D. Pierrakos, G. Paliouras, C. Papatheodorou, and C. Spyropoulos, ‘Web usage mining as 

a tool for personalization: A survey’. User Modeling and User-Adapted Interaction, 2003. 
26. P. Pirolli, J. E. Pitkow, “Distribution of Surfer’s Path Through the World Wide Web: Em-

pirical Characterization.” World Wide Web 1:1-17, 1999.  
27. R.R. Sarukkai,  “Link Prediction and Path Analysis using Markov Chains”, In the Proc. of 

the 9th World Wide Web Conference , 1999.  
28. J. Srivastava, R. Cooley, M. Deshpande and P-N. Tan. “Web Usage Mining: Discovery 

and Applications of usage patterns from Web Data”, SIGKDD Explorations, 2000. 
29. J. Srivastava, P. Desikan and V. Kumar, “Web Mining – Concepts, Applications and Re-

search Directions”, NGDM, MIT/AAAI Press. 
30. T. Yan, M. Jacobsen, H. Garcia-Molina, and U. Dayal., “From user access patterns to dy-

namic hypertext linking”, In Proceedings of the 5th International World Wide Web confer-
ence, Paris, France, 1996.  

31. J. Zhu, J. Hong, and J.G. Hughes, Using Markov Chains for Link Prediction in Adaptive 
Web Sites.  In Proc. of ACM SIGWEB Hypertext 2002. 

32. Internet Archive, http://www.archive.org/ 



Improving the Web Usage Analysis Process:

A UML Model of the ETL Process

Thilo Maier

Catholic University Eichstätt-Ingolstadt
Auf der Schanz 49

85049 Ingolstadt, Germany
thilo.maier@gmail.com

Abstract. Integrating OLAP and Web usage analysis in a data ware-
housing environment is a promising approach for sophisticated analy-
sis of the Web channel in multi-channel environments of organizations.
Populating the data warehouse is a laborious and time-consuming task
(especially for small projects), which is – in practice – a big obstacle for
concrete ECRM projects. Especially if Web usage analysis researchers
need to conduct experiments with a Web warehouse, an intuitive and
easy to deploy ETL component is essential. In this paper we propose a
logical object-oriented relational data storage model in UML, which is
based on a formal model. A concrete Java instance of our model simpli-
fies modeling and automating the ETL process. The Java instance of our
model has been integrated into our WUSAN (Web USage ANalyis) sys-
tem. Finally, we illustrate the usage of our model for Web usage analysis
purposes, though the model is principally not restricted to this domain.

1 Introduction

Many customers interact with the marketing, sales, and customer service di-
visions of organizations via a number of different interaction channels, each of
which has its specific characteristics (see fig. 1 on the facing page). For big or-
ganizations, which serve a mass customer base, it is difficult to understand the
particular needs of individual customers and to maintain consistency across all
channels. Due to the important role the World Wide Web plays in everyday life
and its excellent possibilities to track track individual user behavior on Web
sites [14], for many organizations, the Web channel will be the most important
interaction channel to analyze and manage customer relationships.

In order to acquire a complete picture of the customer in a multi-channel
environment, it is critical to collect data at all customer touch points, in order
to achieve a complete, holistic, and integrated view of the customer [27]. This
includes customer transactions, interactions, service history, characteristics and
profiles, clickstream/browsing behavior, and demographics.

To respond to the challenge of integrating large volumes of data from various
data sources, deploying a data warehouse within the ECRM process is proposed
by [21]. Although many authors agree on the benefits of using a data warehouse

B. Mobasher et al. (Eds.): WebKDD 2004, LNAI 3932, pp. 18–36, 2006.
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Fig. 1. Multi-channel environment, derived from [23,22]

(i) to combine data mining and OLAP analyses [7], (ii) to integrate various data
sources and handle large volumes of data [12], and (iii) to improve and leverage
Web usage analysis [10,25,34], little is stated about how to populate and update a
data warehouse by deploying a systematic conceptual model for the extraction,
transformation, loading (ETL) process, in order to reduce the time and costs
needed for this task, which according to [11, introduction] account for up to
70% of the total data warehousing expenses.

Especially for data from the Web channel, which can be continuously collected
in large volumes, the ETL process must be deployed in a way that automates
this task and minimizes manual interactions. Furthermore ETL must be inte-
grated into the preprocessing phase of the Web usage analysis process (see [3]),
in order to reduce the amount of time and efforts required for both subtasks.
Thus, it is necessary to provide a structured, practicable model of the ETL
process, which (i) supports the integration of multiple data sources, (ii) is ro-
bust in view of changing data sources, (iii) supports flexible transformations, and
(iv) can be easily deployed. In this paper, we propose a logical object-oriented re-
lational data storage model (LOORDSM) to design the relational schemas and
the corresponding ETL process, fulfilling above-mentioned four requirements.
The LOORDSM has been implemented within our Web usage analysis system
(WUSAN), which will be briefly outlined prior to going into the details of the
LOORDSM.

The remainder of this chapter is organized as follows: in section section 2
on the next page we present related work. In section section 3 on page 21 we
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briefly outline the WUSAN system, which is the container for the LOORDSM
– introduced in section section 4 on page 24. Section 5 provides an example of
how to apply the LOORDSM, and section section 6 on page 34 concludes the
paper.

2 Related Work

At first, the question arises to what extend existing Web usage analysis tools
support data warehousing and related data transformations for Web usage anal-
ysis. For the recent study [15], we took a closer look at state of the art Web
usage analysis tools, the most of which do not completely cover all phases of
the Web usage analysis process. Only Blue Martini’s integrated Web applica-
tion server architecture [1,14] covers the complete Web usage analysis process
(deployment included) and integrates a proprietary data warehousing solution.
However, this system is intended for complex electronic commerce Web sites
and requires significant investments in terms of money and technical knowledge
and is hence no option for Web usage analysis projects with limited resources
(especially academic research projects). Furthermore, the system accounts only
for data stemming from its integrated Web application server.

Alternatively, a Web usage analysis system can be assembled from standard-
ized components (if available). For this approach, the ETL component is of
central importance. In order to manage the complex task of populating a data
warehouse, there exist various specialized ETL or data integration software pack-
ages, which support the integration of heterogenous data sources. Due to the
lack of an overall model that integrates all kinds of middle-ware required for
data warehousing, ETL and data integration tools have contributed to the myr-
iad of poorly integrated systems in a data warehousing environment [28].1 The
most prominent tasks of an ETL tool include [31]: (i) extraction of relevant in-
formation in data sources, (ii) integration of information coming from multiple
sources into a common format, (iii) cleaning of the resulting data with regard to
analysis purposes, and (iv) the propagation of data to the data warehouse.

The commercial market of ETL and data integration tools offers a wide spec-
trum of solutions, which primarily have the following things in common: (i) they
work with a proprietary meta-data model and meta-data management, (ii) they
implement a proprietary transformation model, (iii) their configuration and set-
up is very complex, (iv) they have strong hardware requirements and are thus
not practicable for small-sized and medium-sized projects, (v) they have no
standardized API, (vi) they are autonomous and can only be combined with a
restricted set of other systems in a data warehousing environment.

The most prominent tools are Ascential DataStage [2], which also handles data
quality assurance, ETI Solution [5], which includes multiple complex packages,
Informatica PowerCenter [9], and Microsoft’s Data Transformation Services
1 With the release of CWM 1.0 (Common Warehouse Meta-Model) [20] in 2001, this

lack has been addressed at least in theory. It will take some time until the CWM
will be supported on a broad basis (or at least some portions of it).
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[17], which only integrate with Microsoft’s own proprietary standards (ODBC,
OLE DB), but which are nevertheless practicable for small projects.2

From the academic perspective there exists a sequence of papers [31,32,33]
that describe the system Arktos/Arktos II, which is a tool that models and
realizes the ETL process and ETL transformations. An ETL scenario can be
modeled graphically by using a graphical specification language, based on a for-
mal conceptual and logical model, which describe data sources, data targets and
the transformations between the two. Although both Arktos projects cover the
complete ETL process, their meta-models do not conform to emerging standards
like the Common Warehouse Meta-Model (CWM) [20] and, similar to the com-
mercial tools mentioned, makes it difficult to integrate the tool into existing
heterogeneous data warehousing environments. Arktos’ strength is its template
collection that makes it possible to embed predefined ETL transformations into
a new ETL scenario. The Arktos projects do not aim at Web usage analysis but
at general data warehousing ETL requirements. To the best of our knowledge
there exists no ETL tool, which specifically supports Web usage analysis.

3 A System for Effective Web Usage Analysis

According [13,8], there are two types of data transformations that need to take
place during the preprocessing phase of the Web usage analysis process: (i) ETL
transformations to populate a data warehouse with data from Web application
servers3, and (ii) business intelligence transformations to transform data in order
to answer specific business questions with Web usage analysis. While the former
transformations remain relatively constant unless the data collection mechanism
for raw Web usage data is altered, the latter transformations account for a great
portion of the overall time spent during the preprocessing phase.

In a Web usage analysis system, both transformation types should be config-
urable in a structured and straightforward matter, in order to automate them
and minimize manual interactions. Albeit this is a common problem for data
mining or business intelligence in general, it is notably a caustic problem for
Web usage analysis, since this domain involves sheer amounts of data that make
any manual interactions a tedious task. Furthermore, if one really strives for
the goal of closing the loop in the Web usage analysis process, automating the
preprocessing phase is compulsory.

A data warehouse architecture can be described as a system with four main
components [4]: (i) population tools, which manage extraction, integration, trans-
formation, and loading of operational data into the data warehouse, (ii) a DBMS,
which stores the data and is materialized either by the multidimensional OLAP
(MOLAP) or relational OLAP (ROLAP) approach, (iii) meta-data repositories,
which handle meta-data interchange, (iv) OLAP tools, which provide a multi-
dimensional view of the data warehouse data. All four components must be
2 Many more commercial ETL tools are listed in [11, chapter 7].
3 [14] plead for data collection with Web application servers, because this approach

results in significantly less noise in raw Web usage data.
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covered by our Web usage analysis system, either by integrating existing soft-
ware packages, or implementing a component from scratch. In this section we
briefly outline WUSAN, a system for effective Web usage analysis, which imple-
ments the LOORDSM that will be discussed in section 4 on page 24.

3.1 ROLAP Systems vs. MOLAP Systems

While ROLAP provides a straightforward mapping of the multi-dimensional log-
ical data model to a relational DBMS (RDBMS) by using star schemas or related
schemas [16], such a mapping to the underlying structures of a genuine multi-
dimensional DBMS is more complex, because data is stored in multi-dimensional
arrays (leading to a better performance compared to ROLAP). For WUSAN, we
chose the ROLAP approach, for which off-the-shelf RDBMSs can be used. Our
decision in favor of ROLAP is confirmed by the study [6], which concludes that
after a considerable experience with OLAP, users prefer ROLAP systems be-
cause of their flexibility and ability to handle complex queries in a business
environment, where analysis requirements change frequently.

The kernel of an ROLAP system is the ROLAP engine, which translates dy-
namically between the logical multi-dimensional data model and the relational
model of a RDMS [4]. Each incoming multi-dimensional query is transformed
into one or more relational queries, which are optimized and run against the
RDBMS. The ROLAP engine is the bottleneck of a ROLAP system, since trans-
lated SQL queries generally contain a large number of joins on large volumes
of data and hence must be optimized carefully, in order to minimize response
times. For WUSAN we did not implement a critical component like the ROLAP
engine from scratch, but integrated the open source ROLAP engine Mondrian
[19], which uses Microsoft’s multidimensional expressions language MDX [18]
for multi-dimensional queries. This component could be replaced by any other
commercial or non-commercial ROLAP engine.

3.2 Overall Architecture of the WUSAN System

Fig. 2 on the facing page depicts the overall architecture of WUSAN. Operational
data and additional data sources can be accessed through streams (covered in
section section 4.2 on page 26), which implement a cursor and deliver data to
the population component record by record. Streams also provide meta-data
about their attributes – a prerequisite for subsequent ETL transformations. The
population component takes each record and performs a set of data transforma-
tions (for example extracting, combining, or splitting attributes), the results of
which are written to relational schemas that are modeled in an object-oriented
way. The population component includes caches that (i) collect single record
database insertions for more efficient batch insertions, and (ii) buffer reading
database accesses, in order to minimize response times for primary key lookups.

Once the RDBMS is populated, data can be accessed by streams (Mining-
QuerySqlStream and MiningQueryMdxStream) using SQL or MDX queries to
select data for data mining tasks. Since WUSAN provides data and meta-data
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whenever data is accessed, generally no further preprocessing is necessary before
data mining algorithms can be applied.4

4 Towards a Logical Object-Oriented Relational Data
Storage Model (LOORDSM)

Fig. 3 depicts how the LOORDSM can subsumed within WUSAN. As depicted
in fig. 2 on the previous page, WUSAN’s data warehouse is based on a RDBMS,
which provides a vendor-specific data storage model that can be accessed in
a uniform way through JDBC 3.0 or the CWM relational model. Because all
major state of the art RDBMSs do not support the CWM yet, we use JDBC
3.0 to realize the mapping between our LOORDSM and the RDBMS’s data
storage model. The LOORDSM realizes the ETL process, which populates the
data warehouse and shifts data into the underlying RDBMS. This process is
realized independently from any logical multi-dimensional model. Once the data
warehouse is populated, the logical multi-dimensional model for the ROLAP
engine can be defined based on a concrete instance of the LOORDSM.

Fig. 3. Subsumption of the LOORDSM

4.1 Preliminary Notions and Definitions

W.l.o.g. an attribute A is a variable that takes values in its coordinate-domain
D(A)∪{∞}, where D(A) ⊆ R is denoted as domain. a ∈ D(A)∪{∞} denotes the
attribute’s current value. We use R as standard attribute domain and represent
4 Provided that all relevant business information for a certain Web usage analysis

business question are already contained in the data warehouse.
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missing values by ∞. Hence, an attribute takes a value in its coordinate-domain
at all times. Since all attributes take values in R∪{∞}, it is necessary to add to
each attribute meta-data, which bear semantic information, in order to model
the semantics and types of an attribute. Any bijective mapping

μA : D(A) ∪ {∞} → μ(A) ∪ {∞}
(where μA(∞) = ∞, and μ(A) denotes a user-defined semantic domain that is
referred to as meta-data of A) is called semantic basis appendant to A. The
tuple (A, μA) denotes a mining attribute. In summary it may be said that a min-
ing attribute takes its values (or coordinates) in the coordinate-domain, whose
meaning is explained by the assigned semantic basis.

We further classify a mining attribute according to its domain and semantic
basis. If μA ≡ ID(A), that is the identical mapping is chosen as semantic basis,
(A, ID(A)) is described as numeric attribute. If D(A) is a countable subset of
R, (A, μA) is characterized as discrete attribute. If D(A) = {0, 1, . . . , n}, n ∈
N, and μA does not stand for the identical mapping, (A, μA) is referred to as
categorical attribute. If, in addition, there exists a total order5 on μ(A), (A, μA)
is called ordinal attribute. In order to simplify notation throughout the remaining
of this paper, we refer to a mining attribute (A, μA) as attribute A, but keep
always in mind, that each attribute requires a semantic basis.

W.l.o.g let (A1, . . . , Am), m ∈ N be a permutation of a set of attributes
{A1, . . . , Am},

D(A1, . . . , Am) :=
(
D(A1) ∪ {∞}) × · · · × (

D(Am) ∪ {∞}),
and let

μ(A1, . . . , Am) :=
(
μ(A1) ∪ {∞}) × · · · × (

μ(A1) ∪ {∞}).
Furthermore, let

μA1,...,Am : D(A1, . . . , Am) → μ(A1, . . . , Am),

where μA1,...,Am(a) =
(
μA1(a1), . . . , μAm(am)

)
, a := (a1, . . . , am). Then the tu-

ple (a, μA1,...,Am) denotes a mining vector with coordinates a ∈ D(A1, . . . , Am)
relative to its semantic basis μA1,...,Am . Subsequently, we refer to a mining vector
as vector only.

A sequence (that is an ordered multi-set) A := (a1, . . . ,an)�, n ∈ N is called
data matrix. If there exists a total order

(
μ(A�),�

)
, � ∈ {1, . . . , m} and if the

rows of A are ordered ascending or descending according to
(
μ(A�),�

)
, A is

called ordered data matrix. μA ≡ μA1,...,Am can also be regarded as semantic
basis of A. Finally, we define μ(A) := μ(A1, . . . , Am) as meta-data of A.

The notions and definitions, which have been introduced in this section, pick
up the idea of strictly separating coordinates (representing current values) from
5 A binary order relation R on a set fulfills reflexivity, anti-symmetry, and transitivity.

R is a total order relation, if two arbitrary elements of the set are comparable.
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their basis (representing the semantic meaning of coordinates) for mining at-
tributes. This idea has been introduced implicitly by the CWM. As a conse-
quence, the meaning of data accessed by streams can be described semantically
by their semantic basis. This approach is crucial, when it comes to creating
concrete ETL transformations with the LOORDSM.

In practice, we encounter a variety of instances of data matrices, for exam-
ple flat files, that contain log data, database tables in a RDBMS, or multi-
dimensional arrays in higher programming languages. Data matrices are the
point of origin for all kinds of data preparation transformations and the appli-
cation of data mining methods and algorithms, and thus represent the various
data sources needed during the ETL process.

4.2 Streams to Access Data Matrices

Our LOORDSM is founded on two CWM packages, the Data Mining and Trans-
formation packages. Both have been specified in UML and are described in detail
in [24] and [20]. The first CWM package mentioned, the transformation pack-
age, contains classes and associations that represent common transformation
meta-data used in data warehousing. It covers basic transformations among all
types of data sources and targets. [29] regards CWM’s transformation package
as one of the biggest assets of the complete CWM standard. Although the pack-
age addresses a wider range of transformations than those of the data mining
realm, we use it as means of modeling vector transformations within the ETL
process. Speaking in terms of UML classes, the CWM transformation package
provides a class TransformationActivity, which contains a sequence of Trans-
formationSteps. Each TransformationStep can be regarded as a collection of
interdependent relatively simple transformations, which are grouped together to
build a more complex transformation.

The second package mentioned, the data mining package, contributes classes
and associations, which lay the foundations for the application of data mining
algorithms. The core contribution of the data mining package is the realization
of the basic notions and definitions, which have been introduced in the previous
section6.

For our concrete modeling of the LOORDSM, we make use of the Xelopes
Java data mining library [30]. According to its authors it is one of the first
concrete implementations of the CWM transformation package, and the first
implementation of the CWM data mining package. The library implements and
extends both packages with regard to the application of data mining algorithms,
preserving compatibility to the CWM’s core meta-model.

Xelopes’ central extension is the abstract class MiningInputStream, which
provides flexible access mechanisms to a data matrix A, which is a prerequisite
6 The CWM does not provide the formal notions and definitions of section 4.1 on

page 24. We introduced our formal description with respect to section 4.3 on page 28,
where a formal model for the LOORDSM is introduced. On the one hand, a formal-
ism makes it possible to describe our LOORDSM in a very compact way, on the
other hand it inherently includes an interpretation of the CWM.
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for all data preparation and data mining activities. The MiningInputStream
class provides the getMetaData-method, which delivers μA (represented by the
MiningDataSpecification class, which is basically a collection of MiningAt-
tributes). Furthermore, it provides a cursor, which can be moved by the next-
method. The read-method delivers the vector at the current cursor position. In
order to make notation shorter, we refer to a class, which is derived from the
MiningInputStream class, as stream.

MiningInputStream

#cursorPosition:int

#cursorVector:MiningVector

#metaData:MiningDataSpecification

#missingValues:HashSet

<< create >>+MiningInputStream():MiningInputStream

+addMissingValue(missingValue:String):boolean

+clearMissingValues():void

+close():void

+count():int

+equals(stream:Object):boolean

+getCursorPosition():int

+getMetaData():MiningDataSpecification

+isMissingValue(missingValueCandidate:String):boolean

+isMovable():boolean

+isOpen():boolean

+move(position:int):MiningVector

+next():boolean

+open():void

+read():MiningVector

+reset():void

Fig. 4. Modeling data matrices (streams) with WUSAN (UML class diagram)

Fig. 4 depicts a UML class diagram of central stream classes provided by WU-
SAN. Basic stream functionality is specified by Xelopes’ MiningInputStream
class. The different stream types and their functions are self-explanatory. Xelopes
provides several streams, most of which have been re-implemented from scratch
in WUSAN to add functionality, for example WUSAN’s UpdatableStream inter-
face. In our LOORDSM we will use proprietary streams to model the tables to
which the ETL process writes transformed data (namely the three SQL streams
in fig. 4).
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4.3 A Formal Model as Basis for the LOORDSM

Given a coordinate domain D(A1, . . . , Am) and a semantic basis μA1,...,Am , m ∈
N and let

p : μ(A1, . . . , Am) → P
be a one-to-one and onto mapping. Then the mapping p ◦ μA1,...,Am maps any
vector a ∈ D(A1, . . . , Am) to a one-dimensional user-defined domain P . p is
called primary key mapping, since it assigns a unique primary key to any given
vector in D(A1, . . . , Am). Let A be a data matrix of dimension n× m and p be
the corresponding primary key vector of size n × 1, i.e. pi := p ◦ μA1,...,Am(ai),
i = 1, . . . , n. We construct a new data matrix (p|A) and define the tuple D :=(
(p|A), μA1,...,Am , p

)
as dimension. If m = 1, D is called degenerated dimension.

A dimension is based on a data matrix (for example a database table), the
primary keys of which are calculated by the primary key mapping for every vec-
tor, which is inserted into the data matrix. As we will see in the next section, the
primary key mapping can be used to determine a dimension’s behavior in terms
of permitting or impeding vector insertions into the underlying data matrix.

A fact table in a star schema (confer [16]) can be regarded as dimension with
special features. Compared to a dimension, a fact table’s core data matrix con-
tains foreign keys only (except for degenerated dimensions) and may be extended
by a set of calculated attributes. The value of a calculated attribute depends on
the current vector of the core data matrix and at least one additional vector of
the core data matrix.

Given an ordered set of calculated attributes C = {C1, . . . , C�}, � ∈ N0 (i.e.
C may be empty) and an n × � data matrix C appendant to C. In contrast to
A1, . . . , Am the values of the attributes of C have the following dependencies
given a vector a ∈ A0 : c1(a,A0), c2(a, c1,A0), . . . , c�(a, c1, . . . , c�−1,A0), where
c1, . . . , c� are real functions.7 Let C :=

(
(p0|A0|C), μA1,...,Am , μC1,...,C�

, p0

)
,

where
p0 : μ(A1, . . . , Am) → P ,

be a dimension based on an n× (m + �) data matrix (A0|C). It is important to
note that p0 may be a one-to-one and not onto mapping and does not consider
the attributes of C, when calculating a primary key. Let Δ := {D1, . . . , Dm},
m ∈ N, be an ordered set of dimensions assigned to C. If ai,j

0 = pj(ak
j ), where i ∈

{1, . . . , n}, j ∈ {1, . . . , m}, and ak
j is the k-th row of Aj , i.e. A0 contains foreign

key references to the dimension vectors of Δ, C is denoted as central table8.
7 In OLAP terms, a calculated numeric attribute simply represents a (materialized)

measure. The value of a calculated attribute cannot be calculated from the current
row alone (if so it should rather be modeled as attribute and the calculation be in-
tegrated into ETL transformations). A calculated attribute may use values of other
calculated attributes during its calculation. Although ci, i = 1, . . . , � are real func-
tions, a calculated attribute can be of any attribute type introduced in section 4.1
on page 24.

8 We rather use the notion of a central table instead of a fact table, since by definition
it is possible that C contains no calculated attributes.
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The tuple S = (C, Δ) defines a star schema, which is a collection of an ordered
set of dimensions Δ and a central table C. The central table contains foreign key
references, which reference vectors of the dimensions, and calculated attributes.
If a dimension is degenerated, its values can be taken as primary keys and the
degenerated dimension may be embedded into the central table.

To finish off with the formal model, we make a note on vector transforma-
tions. Since a vector consists of its coordinates and its semantic basis, in general
it is necessary to define both, a coordinate transformation and a basis trans-
formation. In order to map (a, μA1,...,Am), a ∈ D(A1, . . . , Am) to (b, μB1,...,Bn),
b ∈ D(B1, . . . , Bn) two mappings are required: (i) the coordinate transforma-
tion t : D(A1, . . . , Am) → D(B1, . . . , Bn) (which is a R

m → R
n mapping), and

(ii) the basis transformation T that maps μA1,...,Am to μB1,...,Bn (T is actually
an operator).

Let D =
(
(p|A), μA1,...,Am , p

)
be a dimension, which is to be filled during

the ETL process. Let μÃ1,...,Ã�
be a semantic basis, of which we know that there

exists a mapping T such that T (μÃ1,...,Ã�
) = μA1,...,Am holds (μÃ1,...,Ã�

is referred
to as valid semantic basis for D). Let μÂ1,...,Âk

be another semantic basis that

fulfills {Ã1, . . . , Ã�} ⊆ {Â1, . . . , Âk}. Then we can define a projection Π such
that Π(μÂ1,...,Âk

) = μÃ1,...,Ã�
. The mapping T ◦ Π is denoted as ETL basis

transformation for dimension D. Analogously, an ETL coordinate transformation
t ◦ π can be defined.

4.4 Modeling the LOORDSM in UML

Eventually we introduce the LOORDSM as it has been realized in WUSAN.
The different classes have been modeled with respect to the Web usage analysis
domain. Fig. 5 on page 32 depicts the LOORDSM as UML class diagram, which
has been restricted to crucial classes, methods and variables.

The class MiningTableSQLStream extends Xelopes’ MiningInputStream and
models access to a data matrix, whose physical realization is a relational database
table. The createHashKey-method implements the primary key mapping p,
which actually depends on the time, such that for a ∈ A the mapping p ◦
μA1,...,Am(a) delivers different unique keys at different times. As a consequence,
a MiningTableSQLStream may contain duplicate vectors. The insert-method
receives a vector, calculates and returns its primary key, and inserts the vector
into the stream, if no entry with the calculated primary key exists. Due to the
mentioned characteristics of p, any vector will be inserted into the stream.

The subclass MiningExtendedTableSQLStream implements a one-to-one and
onto primary key mapping, which calculates an MD5 digest [26]. Hence, no
duplicates are permitted in the stream, and a vector is inserted only, if it
does not exist in the stream. The returned key is either the primary key of
an existing vector or the key of a vector that has just been inserted into the
stream. In our formal model we required p to be bijective for dimensions. Thus,
the MiningExtendedTableSQLStream class can be taken as basis for dimension
classes (unless a dimension is degenerated).
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The interface ROLAPObject models a dimension D or a central table C.
Its etl-method executes an ETL coordinate transformation and an ETL ba-
sis transformation, such that the transformed semantic basis is μA1,...,Am . The
getMetaData-method delivers μA1,...,Am . The sub-interface AbstractDimension
models dimensions and provides the createTransformation-method, which cal-
culates both, the ETL coordinate and basis transformations. This is done using
an ETLToDimensionFactory class. This class contains the hard wired transfor-
mation T and calculates the projection Π and the ETL transformation T ◦
Π dynamically depending on the semantic basis handed over as argument of
the createTransformation-method.9 The classes DegeneratedDimension and
Dimension are direct realizations of an AbstractDimension. Degenerated di-
mensions are not derived from MiningExtendedTableSQLStream, since their
data matrix is embedded into the central table. The CentralTable interface
models a central table of a star schema and provides the getStarSchema-method,
which delivers the schema to which it has been assigned.

Furthermore, fig. 5 on page 32 depicts three specialized subclasses of the
Dimension class. A HybridDimension can be used to model normalized di-
mensions, which consist of a central table and sub-dimensions. It implements
the CentralTable interface, since a normalized dimension behaves like a star
schema with the subtle distinction that calculated attributes are optional. Due
to its hybrid nature, three methods must be overridden: (i) the createHashKey-
method must calculate foreign key references to the sub-dimensions beforehand,
(ii) the createTransformation-method must calculate not only the central ta-
ble’s transformations, but those of the involved sub-dimensions as well, and
(iii) the etl-method must invoke a more complex set of transformations, which
executes the dimensions’ etl-methods.

The subclass KeyCandidateDimension models dimensions, which inherently
contain a primary key. In the Web usage analysis domain the session dimension
(session ID as primary key) or the customer dimension (customer ID as primary
key) can be frequently found. The createHashKey-method is overridden, since
the dimensions’ inherent primary key can be used for the primary key mapping
p. Finally, the subclass SlowlyChangingDimension models a dimension, whose
entries may change over time. Its insert-method is responsible for updating
existing entries in the dimension. In the Web usage analysis domain a customer
dimension can be modeled as SlowlyChangingDimension.

Fig. 5 on page 32 also depicts the StarSchema class, to which calculated
attributes can be assigned optionally. An AbstractDimension can be assigned
to several star schemas, whereas a central table can be assigned to only one star
schema. In case of a hybrid dimension, the table (viewed as dimension) can still

9 There exist two ways of responding to the problem of data sources, which change
over time. If attributes are added to or removed from the data source, such that
the chosen valid semantic basis is still contained, it is sufficient to invoke the
createTransformation-method for the new semantic basis. If attributes belonging
to the chosen valid semantic basis are removed, another valid semantic basis must
be chosen to create a new ETLToDimensionFactory for the dimension.
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be assigned to other schemas playing the role of a dimension. If a star schema’s
etl-method is invoked for a single vector, it calls the abstract dimensions’ etl-
methods and executes ETL coordinate transformations. If a dimension is hybrid,
that is it is the central table of a normalized dimension (confer [16]) or another
data mart (involving additional (sub-)dimensions), its etl-method automatically
invokes the etl-method of each additional (sub-)dimension. Note that due to the
dependencies of calculated attributes mentioned in the previous section (they do
not solely depend on the source stream’s current vector), calculated attributes
are not part of the core ETL process and must be calculated separately.

5 A Concrete Modeling Example of a Web Warehouse

We suppose that we have transaction log files, which have been recorded for an
electronic commerce Web site. The site offers a number of products and services,
which are implemented by a Web application server. The log files do not contain
a customer’s detailed surfing behavior, but records about the transactions users
completed during sessions. The log files, which are accessed by the WUSAN
system through a MiningInputStream, contain the following attributes:

Attribute Name Type
A1 Session ID categorical
A2 Customer ID categorical
A3 Timestamp categorical
A4 Transaction Type categorical
A5 Zip-Code numeric
A6 City categorical

Our target is to analyze usage behavior on the level of transactions, sessions,
and customers, each of which should be modeled in a separate star schema that
can be mapped to multi-dimensional model. Fig. 6 on page 33 depicts the re-
lational snowflake schema, which is modeled using our LOORDSM. The tables
Transaction, Session, and Customer all implement the CentralTable interface,
thus, besides calculated attributes, they may contain foreign key references or de-
generated dimensions only. Hence, Transaction Type, Session ID, and Customer
ID are modeled as degenerated dimensions. Duration is a calculated attribute.

Due to the foreign key dependencies, the order of how we create the classes is
crucial. We start with the Date and Location dimensions, then create the Cus-
tomer, Session, and Transaction dimensions. Three star schemas can be defined
in fig. 6 on page 33:

Star Schema Central Table Dimension Dimension Type
CustomerMart Customer Customer ID degenerated dimension

Location normal dimension
Date normal dimension

SessionMart Session Session ID degenerated dimension
Date normal dimension
Customer normalized slowly changing dimension

TransactionMart Transaction Transaction Type degenerated dimension
Date normal dimension
Session normalized key candidate dimension
Customer normalized slowly changing dimension
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Fig. 6. Modeling a simple Web warehouse using the LOORDSM

It is obvious that our LOORDSM can model all common multi-dimensional
relational schema types: star schema, snowflake schema, and 3NF schema [16].

Now comes the crucial part, the modeling of the ETL coordinate and basis
transformations. This modeling is done separately for each dimension (including
degenerated dimensions). Using dimension Date as an example, we must create
a transformation T that takes the Timestamp attribute A3 as input and cal-
culates the attributes B1 = Day, B2 = Month, and B3 = Year. Based on T
we create an ETLToDimensionFactory, whose etl-method is invoked for vec-
tors of the semantic basis μA1,...,A6 . Internally, Π is created first, which maps
μA1,...,A6 to μA3 and then T ◦Π , which maps μA1,...,A6 to μB1,...,B3 . Analogously,
ETLToDimensionFactorys must be created for each dimension.

If the TransactionMart’s etl-method is invoked, the following etl-method
invocations are triggered (repeated invocations of the same etl-method are pre-
vented by a cache):

ETL method of Type invoked by Role
Transaction central table TransactionMart star schema
Transaction Type degenerated dimension Transaction central table
Date normal dimension Transaction central table
Session key candidate dimension Transaction central table
Session ID degenerated dimension Session central table
Date normal dimension Session central table
Customer slowly changing dimension Session central table
Customer ID degenerated dimension Customer central table
Location normal dimension Customer central table
Date normal dimension Customer central table
Customer slowly changing dimension Transaction central table
...

...
...

...
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An ETL process can be started separately for each mart provided that ap-
propriate data sources are available. For instance, if we have separate stream
containing customer data with semantic basis μÃ1,...,Ã�

, we may start an ETL
process to populate the CustomerMart separately from SessionMart and Trans-
actionMart. In order to initialize the correct transformations, we must invoke
the createTransformation-method for μÃ1,...,Ã�

.

6 Conclusions

In this contribution we addressed the issue of modeling and deploying an ETL
process in the Web usage analysis domain by introducing a logical object-oriented
relational data storage model (LOORDSM). This model has been deployed
within our WUSAN system, which has also been briefly summarized. A con-
crete modeling example showed how the model can be applied in practice. Since
our model is founded on CWM’s transformation package, all ETL transforma-
tions can be conveniently modeled capitalizing on Xelopes’ implementation of
the CWM transformation package, which provides almost unrestricted power of
implementing ETL transformations.

As future work we intend to add the following features: a filtering mechanism,
which prevents unwanted data from being written to the warehouse, a process
for efficient calculations of calculated attributes, and a library of frequently oc-
curring transformations in order to ease ETL transformation modeling. Further-
more, the caching strategy must be improved to make the ETL process faster.
To round off the WUSAN system, additional classes must be implemented to be
able to easily access the system’s data warehouse for data mining tasks.
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Abstract. Web recommender systems anticipate the information needs
of on-line users and provide them with recommendations to facilitate
and personalize their navigation. There are many approaches to building
such systems. Among them, using web access logs to generate users’
navigational models capable of building a web recommender system is a
popular approach, given its non-intrusiveness. However, using only one
information channel, namely the web access history, is often insufficient
for accurate recommendation prediction. We therefore advocate the use
of additional available information channels, such as the content of visited
pages and the connectivity between web resources, to better model user
navigational behavior. This helps in better modeling users’ concurrent
information needs. In this chapter, we investigate a novel hybrid web
recommender system, which combines access history and the content
of visited pages, as well as the connectivity between web resources in
a web site, to model users’ concurrent information needs and generate
navigational patterns. Our experiments show that the combination of
the three channels used in our system significantly improves the quality
of web site recommendation and, further, that each additional channel
used contributes to this improvement. In addition, we discuss cases on
how to reach a compromise when not all channels are available.

1 Introduction

A web recommender system is a web-based interactive software agent. It attempts
to predict user preferences from user data and/or user access data for the pur-
pose of facilitating users’ information needs by providing them with recommen-
dation lists of suggested items. The recommended items could be products, such
as books, movies, and music CDs, or on-line resources such as web pages or on-
line activities. In general, a web recommender system is composed of two modules:
an off-line module and an on-line module. The off-line module pre-processes data
to generate user models, while the on-line module uses and updates the models
on-the-fly to recognize user goals and predict recommendation lists.

In this chapter, we investigate the design of a hybrid recommender system to
recommend on-line resources, with the emphasis of the presence of concurrent
� Research funded in part by the Alberta Ingenuity Funds and NSERC Canada.
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information needs. Pursuing more than one goal simultaneously (i.e. concurrent
information needs) is fairly common for on-line users, but this fact has so far been
ignored by web usage-based recommender systems and the research community.
We call these simultaneous goals “missions” and we use different information
channels to identify them, namely the web access usage, the web content, and
the web connectivity. Unfortunately, these channels are not all always avail-
able and we need to find compromises depending upon the application at hand.
Our preliminary goals are to first accurately identify users’ multiple information
needs, and then assist them to fulfill their needs by predicting their goals and
recommend shortcuts to them. Our system has been designed for and tested on
both a generic web server log (University of Alberta Department of Computing
Science web server log) and an idiosyncratic log created by VIVIDESK(TM), a
commercial desktop application that integrates user accesses to multiple on-line
applications and resources for health care providers.

One of the earliest and widely used technologies for building recommender
systems is Collaborative Filtering (CF) [21] [9]. CF-based recommender systems
aggregate explicit user ratings or product preferences in order to generate user
profiles, which recognize users’ interests. A product is recommended to the cur-
rent user if it is highly rated by other users who have similar interests to the
current user. The CF-based techniques suffer from several problems [20]. First
of all, they rely heavily on explicit user input (e.g., previous customers’ rat-
ing/ranking of products), which is either unavailable or considered intrusive.
With the sparsity of such user input, the recommendation precision and quality
drop significantly. The second challenge is related to the system scalability and
efficiency. For a CF-based recommender system, user profile matching has to
be performed as an on-line process. For very large datasets, this may lead to
unacceptable latency for providing recommendations.

In recent years there has been an increasing interest in applying web usage
mining techniques to build web recommender systems [22] [8] [14] [24]. Web usage
recommender systems take web server access logs as input, and make use of data
mining techniques such as association rule and clustering to extract implicit,
and potentially useful navigational patterns, which are then used to provide
recommendations. Web server access logs record user browsing history, which
contains plenty of hidden information regarding users and their navigation. They
could, therefore, be a good alternative to the explicit user rating or feedback in
deriving user models. In web usage recommender systems, navigational patterns
are generally derived as an off-line process.

However, a web usage recommender system which focuses solely on access
history has its own problems:

– Incomplete Information Problem: One restriction with web server logs is
that the information in them is very limited. Thus, a number of heuristic
assumptions have to be made to identify individual users, visit sessions,
and transactions in order to apply any data mining algorithm. One such
assumption is that user information needs are fulfilled sequentially while in
practice they are often in parallel.
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– Incorrect Information Problem: When web site visitors are lost, the clicks
made by them are recorded in the log, and may mislead future recommenda-
tions. This becomes more problematic when a web site is badly designed and
more people end up visiting unsolicited pages, making them seem popular.

– Persistence Problem: When new pages are added to a web site, because they
have not been visited yet, the recommender system may not recommend
them, even though they could be relevant. Moreover, the more a page is
recommended, the more it may be visited, thus making it look popular and
boost its candidacy for future recommendation.

To address these problems, we proposed a hybrid web recommender system [11],
which attempts to use three information channels to model user navigational
behavior: web access logs, the structure of a visited web site, and the content of
visited web pages. In particular, the approach uses the terms within visited web
pages to partition visit sessions into overlapping sub-sessions, called missions.
Our preliminary experiments [11] [12] demonstrate that combining the different
information channels has great potential to improve the quality of recommen-
dation. In this chapter, we build upon our previous work to further test and
compare the effectiveness of using information from different channels, and from
different channels in combination. The experiment is performed on a dataset
provided by a generic web site. Our initial approach makes the assumption that
all channels are available, which is true only when the recommendation is done
on the web server itself, and when web pages are static. In some scenarios, how-
ever, the page content is not readily accessible by the recommender agent. When
pages are generated dynamically and their content changes, if the content chan-
nel needs to be used, the model has to change to attach the content to the use
at access time rather than the page itself. In this chapter, we present our initial
model and discuss ways to reach a compromise when not all channels – content
in particular – are available. We test our approach on a different datasets with
different channels available.

A few combined or hybrid web recommender systems have been proposed in
the literature [15] [16]. The work in [15] adopts a clustering technique to obtain
both site usage and site content profiles in the off-line phase. In the on-line phase,
a recommendation set is generated by matching the current active session and all
usage profiles. Similarly, another recommendation set is generated by matching
the current active session and all content profiles. Finally, a set of pages with
the maximum recommendation value across the two recommendation sets is
presented as recommendation. This is called a weighted hybridization method
[3]. In [16], Nakagawa and Mobasher use association rule mining, sequential
pattern mining, and contiguous sequential mining to generate three types of
navigational patterns in the off-line phase. In the on-line phase, recommendation
sets are selected from the different navigational models, based on a localized
degree of hyperlink connectivity with respect to a user’s current location within
the site. This is called a switching hybridization method [3]. Whether using the
weighted method or the switching method, the combination in these systems
happens only in the on-line phase. Our approach, however, combines different
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information channels in the off-line phase, and therefore, possesses the advantage
of high efficiency. There is other work which discusses the combination of different
channels, albeit they were not proposed for use with recommender systems. In [6],
Chi et al. develop a system that combines multiple data features of each web page
to construct user profiles. The user profile in [6] is built mainly upon the content
of web pages, represented by keyword vectors; while the web access log is used
to provide weights to individual keywords, giving keywords appearing in more
frequently visited pages higher weights. Our approach, on the other hand, makes
use of content information to identify missions from usage sessions, to better
model users’ concurrent information needs and navigational patterns. In [17],
Nasraoui et al. define a web session similarity that takes web site structure into
account, and hence implicitly fuses structure information to the usage clustering
process.

Our contributions are as follows: First, we propose a novel web recommender
system, which investigates combining and making full use of distinctive infor-
mation channels available, such as usage data, content data, and structure data,
to improve recommendation quality. Second, we propose a novel notion, mis-
sion, to capture users’ concurrent information needs during on-line navigation,
and discuss different ways to identify missions. Third, a new on-line navigational
model – a mission-based model – is proposed and generated, based on the notion
of mission. The mission-based model has been proved to better capture users’
on-line behavior for the purpose of fulfilling information needs.

This chapter is organized as follows: Section 2 presents the off-line module
of our system, which pre-processes available usage and web site data to gener-
ate users’ navigational models, as well as our on-line module, which generates
the recommendation list. In particular, in the off-line module, we present the
preprocessing step by step and explain our new notion “mission”, how missions
model concurrent information needs during visits and how missions are detected
using the available information channels. Section 3 presents experimental results
assessing the performance of our system on two real datasets. Finally, Section 4
concludes.

2 Architecture of a Hybrid Recommender System

As most web usage recommender systems, our system is composed of two mod-
ules: an off-line component, which pre-processes data to generate users’ naviga-
tional models, and an on-line component which is a real-time recommendation
engine. Figure 1 depicts the general architecture of our system.

Entries in a web server log are used to identify users and visit sessions, while
web pages or resources in the site are clustered based on their content. These
clusters of web documents are used to scrutinize the discovered web sessions
in order to identify what we call missions. A mission is a sub-session with a
consistent goal. These missions are in turn clustered to generate navigational
patterns, and augmented with their linked neighbourhood and ranked based on
resource connectivity, using the hub and authority idea [10]. These new clusters
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Fig. 1. System Architecture with all three channels available

(i.e., augmented navigational patterns) are provided to the recommendation en-
gine. When a visitor starts a new session, the session is matched with these
clusters to generate a recommendation list. The details of the whole process are
given below.

2.1 User and Visit Session Identification

A web log is a text file which records information regarding users’ requests to a
web server. A typical web log entry contains a client address, the requested date
address, a time-stamp, and other related information.

For any web access log data, several pre-processing tasks have to be performed
before applying data mining techniques for pattern discovery. The pre-processing
tasks usually include user identification, visit session identification, and trans-
action identification. We distinguish two types of web access logs as depicted
by our experiments in Section 3: generic web access logs, and session-based ac-
cess logs. For generic logs, we use similar pre-processing techniques as in [7] to
identify individual users and sessions. To sessionize log entries, we chose an idle
time of 30 minutes. Session-based access logs, however, have entries identified
by users since the users have to log-in, and sessions are already identified since
users have also to log-out.

2.2 Visit Mission Identification

The last data pre-processing step proposed in [7] is transaction identification,
which divides individual visit sessions into transactions. Two transaction iden-
tification approaches are proposed: Reference Length approach and Maximal
Forward Reference approach, both of which have been widely applied in web
mining. Rather than dividing sessions into arbitrary transactions, we identify
sub-sessions with coherent information needs. We call these sub-sessions mis-
sions. We assume that a visitor may have different information needs to fulfill
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during a visit, but we make no assumption on the sequence in which these needs
are fulfilled. In the case of transactions in [7], it is assumed that one information
need is fulfilled after the other. A mission would model a sub-session related
to one of these information needs, and would allow overlap between missions,
which would represent a concurrent search in the site.

Now how do we identify missions? The first approach we proposed to identify
missions is based on web content [11]. While in the transaction-based model,
pages are labeled as content pages and auxiliary pages, and a transaction is sim-
ply a sequence of auxiliary pages that ends with a content page, in the mission-
based model we propose, the identified sequence is based on the real content of
pages. Indeed, a content page in the transaction-based model is identified simply
based on the time spent on that page, or on backtracking in the visitor’s navi-
gation. We argue that missions could better model users’ navigational behavior
than transactions. In our model, users visit a web site with concurrent goals, i.e.,
different information needs. For example, a user could fulfill two goals in a visit
session: a, b, c, d, in which pages a and c contribute to one goal, while pages b and
d contribute to the other. Since pages related to a given goal in a visit session
are generally supposed to be content coherent, whether they are neighbouring
each other or not, we use page content to identify missions within a visit session.

All web site pages are clustered based on their content, and these clusters
are used to identify content coherent clicks in a session. Let us give an example
to illustrate this point. Suppose the text clustering algorithm groups web pages
a, b, c, and e, web pages a, b, c, and f, and web pages a, c and d into three
different content clusters (please note that our text clustering algorithm is a soft
clustering one, which allows a web page to be clustered into several clusters).
Then for a visit session: a, b, c, d, e, f, our system identifies three missions as
follows: mission 1: (a, b, c, e); mission 2: (a, b, c, f); and mission 3: (a, c, d). As seen
in this example, mission identification in our system is different from transaction
identification in that we can group web pages into one mission even if they are not
sequential in a visit session. We can see that our mission-based model subsumes
the transaction-based model, since missions could become transactions if visitors
fulfill their information needs sequentially.

To cluster web pages based on their content, we use a modified version of the
DC-tree algorithm [23]. Originally, the DC-tree algorithm was a hard clustering
approach, prohibiting overlap of clusters. We modified the algorithm to allow
web pages to belong to different clusters. Indeed, some web pages could cover
different topics at the same time. In the algorithm, each web page is represented
as a keyword vector, and organized in a tree structure called the DC-tree. The
algorithm does not require the number of clusters to discover as a constraint,
but allows the definition of cluster sizes. This was the appealing property which
made us select the algorithm. Indeed, we do not want either too large or too
small content cluster sizes. Very large clusters cannot help capture missions
from sessions, while very small clusters may break potentially useful relations
between pages in sessions.
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The mission identification approach above relies on the availability of tex-
tual content of web pages, which could not always be satisfied. The purpose
of identifying missions, however, is to identify users’ concurrent information
needs in the same visit. With some other specific application access logs, this
goal can be achieved by other means. For instance, the URLs recorded in the
VIVIDESK(TM) access logs come from different web sites, and a large num-
ber of them are dynamically generated. This makes the access to page content
for mission identification close to impossible. The alternative, however, is that
since VIVIDESK integrates the simultaneous accesses to multiple on-line ap-
plications, it records in its logs the application attached to each given access.
Therefore, we use the application identifier as an indicator of a mission. Our ex-
periments (see Section 3) show that this is a good approach to identify missions
for VIVIDESK(TM) data. Moreover, this generalizes our notion of mission. In
addition, this highlights the importance to have application related logs rather
than just relying on information poor web server logs.

VIVIDESK(TM) (www.vividesk.com) is a commercial system developed by the
Centre of Health Evidence at the University of Alberta as a gate to a multitude
of applications and on-line resources, and is used by hospital personnel and
other health practitioners. It has its specific session-based activity log which
records details about user accesses to on-line pages via different applications.
The log entries encompass more specific details than typical web server logs and
pertain to different web sites rather than just one. Moreover, since users need to
authenticate and then safely quit the application, users and exact sessions are
automatically identified.
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Fig. 2. System Architecture when web content is not available

Figure 2 shows the general architecture of our system when web page content is
not available and clustering of web pages based on content coherence for mission
identification is not possible. This is the case for the VIVIDESK(TM) data.

2.3 Navigational Pattern Discovery

According to how missions are identified, we propose two ways to discover nav-
igational patterns from discovered missions. If missions are identified based on
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content coherence, we could therefore discover content coherent navigational
patterns which are sets of web pages that are frequently visited together and
that have related content. These patterns are used by the recommender system
to recommend web pages, if they were not already visited. To discover these
navigational patterns, we simply group the missions we uncovered from the web
server logs into clusters of sub-sessions having commonly visited pages. Each of
the resulting clusters could be viewed as a user’s navigation pattern. In this sce-
nario, the patterns discovered from missions possess two characteristics: usage
cohesive and content coherent. Usage cohesiveness means the pages in a cluster
tend to be visited together, while content coherence means pages in a cluster
tend to be related to a topic or concept. This is because missions are grouped
according to content information. Since each cluster is related to a topic, and
each page has been represented in a keyword vector, we are able to easily com-
pute the topic vector of each cluster, in which the value of a keyword is the
average of the corresponding values of all pages in the cluster. The cluster topic
is widely used in our system, in both the off-line and on-line phases (see below
for details). In the case where we discover missions in the absence of textual
content, the navigational patterns discovered hold only usage cohesion charac-
teristic and do not guarantee content coherence. Thus, no cluster topic vector
is computed.

The clustering algorithm we adopt for grouping missions is PageGather [19].
This algorithm is a soft clustering approach allowing overlap of clusters. In-
stead of trying to partition the entire space of items, it attempts to iden-
tify a small number of high quality clusters based on the clique clustering
technique [19].

The algorithm could be briefly summarized as follows:

– For each pair of web pages P1 and P2 in the visit missions (collectively),
we compute P (P1|P2), the probability of a visitor visiting P1 after already
visiting P2 and P (P2|P1), the probability of a visitor visiting P2 after
already visiting P1. The minimum of these two values is recorded as the
co-occurrence frequency between P1 and P2.

– We create a similarity matrix between web pages where the distance (sim-
ilarity) between pages is either zero if the two pages are directly linked in
the web site structure (i.e. there is a hyperlink from one to the other) or set
to the co-occurrence frequency between the two pages otherwise.

– We create a graph G in which each page is a node and each nonzero cell in
the matrix is an arc.

– In order to reduce noise, we apply a threshold to remove edges corresponding
to low co-occurrence frequency.

– In this graph G, a cluster corresponds to a set of nodes whose numbers are
directly connected with arcs. A clique – a subgraph in which every pair of
nodes has an edge between them – is a cluster in which every pair of pages
co-occurs often.
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2.4 Navigational Pattern Improved with Connectivity

The missions we extracted and clustered to generate navigational patterns are
primarily based on the sessions from the web server logs. These sessions ex-
clusively represent web pages or resources that were visited. It is conceivable
that there are other resources not yet visited, even though they are relevant and
could be interesting to have in the recommendation list. Such resources could
be, for instance, newly added web pages or pages that have links to them not
evidently presented due to bad design. Thus, these pages or resources are never
presented in the missions previously discovered. Since the navigational patterns,
represented by the clusters of pages in the missions, are used by the recom-
mendation engine, we need to provide an opportunity for these rarely visited or
newly added pages to be included in the clusters. Otherwise, they would never
be recommended. To alleviate this problem, our general system model expands
the clusters to include the connected neighbourhood of every page in a mission
cluster. The local neighborhood of a page, obtained by tracing a small number of
links from the originating page, is a good approximation to the “semantic neigh-
borhood” of the page [13]. In our case, the connected neighbourhood of a page p
is the set of all the pages directly linked from p and having similar content of p,
and all the pages that directly link to p also with similar content. Figure 3(A)
illustrates the concept of neighbourhood expansion, and Figure 3 (B) shows the
process of the augmentation. The cluster expansion is only possible when content
and structure channels are available. In detail, this approach of expanding the
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Fig. 3. (A) Navigational Patterns(NPs) and Augmented Navigational Patterns(ANPs)
(B) The Augmentation Process

neighbourhood is performed as follows: we consider each previously discovered
navigational pattern (i.e., a cluster of content coherent and visitation cohesive
missions) as a set of seeds. Each seed is supplemented with pages it links to
and pages that link to it as well as having similar content. The result is what
is called a connectivity graph which now represents our augmented navigational
pattern. This process of obtaining the connectivity graph is similar to the pro-
cess used by the HITS algorithm [10] to find the authority and hub pages for a
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given topic. The difference is that we do not consider a given topic, but start
from a mission cluster as our set of seeds. Moreover, it was shown in [1] that
HITS, using pure connectivity analysis, introduces a problem known as “topic
drift”. We eliminate this problem in our case by computing relevance weights
of all supplemented pages. The relevance weight of a page equals the similarity
of the page content to the corresponding mission cluster, which is represented
by the cosine normalization of web pages and mission clusters keyword vectors.
We then prune nodes whose relevance weights are below a threshold from the
connectivity graph. For simplicity, we use Median Weight (i.e. the median of
all relevance weights) as the pruning threshold [1]. The pruning process avoids
augmenting the navigational patterns with pages that focus on other topics and
guarantees that the augmented patterns are still coherent and focused. After
expanding and pruning the clusters representing the navigational patterns, we
also augment the keyword vectors that label the clusters. The new keyword vec-
tors that represent the augmented navigational patterns have also the terms
extracted from the content of the augmented pages.

We take advantage of the built connectivity graph by cluster to apply the
HITS algorithm in order to identify the authority and hub pages within a given
cluster. These measures of authority and hub allow us to rank the pages within
the cluster. This is important because at real time during the recommendation,
it is crucial to rank recommendations, especially if they are numerous. Long
recommendation lists are not advisable.

Authority and hub are mutually reinforcing [10] concepts. Indeed, a good
authority is a page pointed to by many good hub pages, and a good hub is a
page that points to many good authority pages. Since we would like to be able
to recommend pages newly added to the site, in our framework, we consider only
the hub measure. This is because a newly added page would be unlikely to be a
good authoritative page, since not many pages are linked to it. However, a good
new page would probably link to many authority pages; it would, therefore, have
the chance to be a good hub page. Consequently, we use the hub value to rank
the candidate recommendation pages in the on-line module.

Some may argue to use the content similarity (if applicable) to rank the
candidate recommendations. However, the success of Google (www.google.com)
encourages us to embed web structure analysis into this task. In Google, PageR-
ank [2] – a pure web linkage analysis algorithm – is combined with the textual
content information of web pages to provide search results. In general, when a
user submits a query, Google searches all pages containing the keyword(s) in the
query. The resulting pages are ranked according to their PageRank scores, which
have been pre-computed. The higher its PageRank value, the earlier a page is
presented to the user. Traditionally, a search engine can be viewed as an appli-
cation of information retrieval with the focus on “matching”: a search engine is
supposed to return all those pages that match users’ query, ranked by degree
of match. On the other hand, the semantics of a recommender system is “inter-
esting and useful” [3]. However, Google blurs this distinction by incorporating
PageRank into its ranking, which uses web structure information to measure the
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authoritativeness or importance of web pages. From this point, Google can be
viewed as a form of hybrid recommender system combining content and structure
analysis with a one-input interface (By contrast, regular recommender systems
have a zero-input interface). Indeed, this linkage analysis could compensate the
possible limitation of our content coherent mission identification to web pages
that are related by the virtue of their functionality rather than content. Ranking
recommendation candidates based on this connectivity analysis could also allow
rarely visited or newly added pages to be include in recommendations. This is
important because rarely visited pages and newly added pages do not have cor-
responding entries in the web server access log and are typically excluded from
any potential recommendation. Our approach gives them the chance to be picked
up as recommended pages.

2.5 The Recommendation Engine

The previously described process consists of pre-processing done exclusively off-
line. When a visitor starts a new session in the web site, we identify the naviga-
tion pattern after a few clicks and try to match on-the-fly with already captured
navigational patterns. If they were matched, we recommend the most relevant
pages in the matched cluster. When page content is not obtainable, the available
clusters are based solely on access history, and we identify navigational patterns
by finding the clusters that contain the last page referenced in the current user’s
mission. However, in the presence of content, identifying the navigational pat-
tern of the current visitor consists of recognizing the current focused topic of
interest to the user. A study in [4] shows that looking on either side of an anchor
(i.e., text encapsulated in a href tag) for a window of 50 bytes would capture
the topic of the linked pages. Based on this study, we consider the anchor clicked
by the current user and its neighbourhood on either side as the contextual topic
of interest. The captured topics are also represented by a keyword vector which
is matched with the keyword vectors of the clusters representing the augmented
navigational patterns. From the best match, we get the pages with the best hub
value and provide them in a recommendation list, ranked by the hub values. The
hub value is chosen for ranking instead of the authority value because the au-
thority value does not favor newly added pages and disadvantages them. Indeed,
newly added pages are not linked from other pages since they were unknown and
thus would never have a high value of authority. However, newly added pages
could certainly link to good authorities.

To avoid supplying a very large list of recommendations, the number of rec-
ommendations is adjusted according to the number of links in the current page:
we simply make this number proportional to the number of links in the current
page. Our goal is to have a different recommendation strategy for different pages
based on how many links the page already contains. Our general strategy is to
give

√
n best recommendations (n is the number of links), with a maximum of

10. The limit of 10 is to prevent adding noise and providing too many options.
The relevance and importance of recommendations is measured with the hub
value already computed off-line.
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3 Experimental Evaluation

We evaluate our recommendation framework on both a generic web site dataset
with all three information channels available (the University of Alberta Depart-
ment of Computing Science web server, abbreviated as the UofA CS web server)
and an application-specific enriched log with only the usage channel available
(VIVIDESK(TM) session-based logs). For the UofA CS web server access logs,
data were collected for 8 months ( Sept. 2002 – Apr. 2003), and partitioned into
months. On average, each monthly partition contains more than 40,000 pages,
resulting in on average 150,000 links between them. The log of each month av-
eraged more than 200,000 visit sessions, which generated an average of 800,000
missions per month. The modified DC-tree content clustering algorithm gener-
ated about 1500 content clusters, which we used to identify the missions per
month. For VIVIDESK(TM) logs, data were collected for one and a half years
(May 2001 – Sept. 2002), totaling 16024 login sessions. Data are also partitioned
into months.

3.1 Methodology

Given the data partitioned per month as described above, we adopt the following
empirical evaluation: one or more months data is used for building our models
(i.e., training the recommender system), and the following month or months for
evaluation. The reason why we divide the data based on a time frame (months)
rather than use standard cross-validation on the data set is that we want to
measure the prediction ability of our system for the future rather than merely
the past. Moreover, the web site evolves over time. More specifically, the idea is
that given a session s from a month m, if the recommender system, based on
data from month m − 1 and some prefix of the session s, can recommend pages
pi that contain some of the pages in the suffix of s, then the recommendation is
considered accurate. Moreover, the distance in the number of clicks between the
suffix of s and the recommended page pi is considered a gain (i.e., a shortcut).
More precisely, we measure the Recommendation Accuracy and the Shortcut
Gain as described below.

Recommendation Accuracy is the ratio of correct recommendations among all
recommendations, and the correct recommendation is the one that appears in
the suffix of a session from which the prefix triggers the recommendation. As
an example, consider that we have S visit sessions in the test log. For each visit
session s, we take each page p and generate a recommendation list R(p). R(p) is
then compared with the remaining portion of s (i.e., the suffix of s). We denote
this portion T(p) (T stands for Tail). The recommendation accuracy for a given
session would be how often T(p) and R(p) intersect. The general formula for
recommendation accuracy is defined as:

Recommendation Accuracy =

∑
s
|⋃p(T (p)

⋂
R(p))|

|⋃p R(p)|
S
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The Shortcut Gain measures how many clicks the recommendation allows users
to save if the recommendation is followed. Suppose we have a session a, b, c, d, e,
and at page b, the system recommends page e; then if we follow this advice,
we would save two hops (i.e., pages c and d). There is an issue in measuring
this shortcut gain when the recommendation list contains more than one page
in the suffix of the session. Should we consider the shortest gain or the longest
gain? To solve this problem, we opted to distinguish between key pages and
auxiliary pages. A key page is a page that may contain relevant information and
in which a user may spend some time. An auxiliary page is an intermediary page
used for linkage and in which a user would spend a relatively short time. In our
experiment, we use a threshold of 30 seconds as this distinction. Given these
two types of pages, a shortcut gain is measured as being the smallest jump gain
towards a key page that has been recommended. If no key page is recommended,
then it is the longest jump towards an auxiliary page. The set of pages in the
session we go through with the assistance of the recommender system is called
the improved session s’. For the total S visit sessions in the test log, Shortcut
Gain can be computed as:

Shortcut Gain =

∑
s

|s|−|s′|
|s|

S

In addition, we compute the Coverage of a recommender system, which measures
the ability of a system to produce all pages that are likely to be visited by users.
The concept is similar to what is called Recall in information retrieval. Coverage
is defined as:

Recommendation Coverage =

∑
s
|⋃p(T (p)

⋂
R(p))|

|⋃p T (p)|
S

3.2 Experimental Results

Experiments on the UofA CS Web Server Dataset
We first evaluated the performance of our system on the UofA CS web server
dataset. Our first experiment varies the Coverage to see the tendency of the
Recommendation Accuracy, as depicted in Figure 4(A). For the purpose of com-
parison, we also implement an Association Rule Recommender System, the
most commonly used approach for web mining based recommender systems, and
record its performance in the same figure. As expected, the accuracy decreases
when the we increase coverage. However, our system was consistently superior
to the Association Rule system by at least 30%.

We next varied the coverage to test the Shortcut Gain, both with our system
and with the Association Rule System, as illustrated in Figure 4(B).

From Figure 4(B), we can see that in the low boundary where the Coverage
is lower than 8%, the Shortcut Gain of our system is close to that of the AR
system. With the increase of the Coverage, however, our system can achieve an
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Fig. 4. Performance Comparison: our system vs. Association Rule Recommender Sys-
tem. (A): Recommendation Accuracy (B): Shortcut Gain.
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increasingly superior Shortcut Gain than the latter, although the performance
of both systems continues to improve.

Figure 5 depicts the relationship of Recommendation Accuracy and Shortcut
Gain in our system. It shows that Recommendation Accuracy is inversely pro-
portional to the Shortcut Gain. Our study draws the same conclusion from the
Association Rule recommender system. We argue this is an important property
of a usage-based web recommender system, and therefore, how to adjust and bal-
ance between the Accuracy and Shortcut Gain for a web recommender system
to achieve the maximum benefit is a question that should be investigated. Some
web sites, e.g., those with high link density, may favour a recommender system
with high Accuracy, while some others may favor a system with high Shortcut
Gain.

In the above tests, the three distinctive information channels – usage, content,
and structure – are provided to, and used in our system. In a second battery
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of tests we measured the effect of the individual information channels. We first
compared three recommender systems, one using all channels, one using only
usage and one using only content. We refer to our recommender using the three
channels as Hybrid123. For this comparison, we implemented an association rule-
based usage recommender system as in the previous tests (referred to as Usage),
as well as a web recommender system based purely on content similarity (referred
to as Content). The Usage system works as follows: an efficient association rule
algorithm [5] is applied to the access logs to generate a set of rules. Whenever the
pages in the antecedent of an rule have appeared in the user’s current session,
those pages in its consequence are recommended. For the Content system, all
pages in the web site are extracted and grouped into clusters solely based on
their textual content similarity, using a high-quality content clustering algorithm
[18]. If one or more pages in a cluster have been visited, the pages in the same
clusters are selected to be recommended. The Recommendation Accuracy and
Shortcut Gain of the three systems are depicted in Figure 6. In the experiment,
we varied the Coverage to test the trend and consistency of the system quality.
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Fig. 6. Hybrid123, Usage, and Content. (A): Recommendation Accuracy (B): Shortcut
Gain.

Figure 6 (A) shows the Recommendation Accuracy of the three contenders.
As expected, the accuracy decreases when we increase Coverage. However, Hy-
brid123 is consistently the best among the three systems, superior to Usage by
at least 30% – while Usage always ranks second.

From Figure 6 (B), we can see that in the low boundary, the Shortcut Gain of
Content is the best of the three systems, and the other two are close. With the
increase of Coverage, the Shortcut Gain of all three systems continues to improve,
but in different degrees. Hybrid123 can achieve an increasingly superior Shortcut
Gain to that of Usage, and exceeds Content after Coverage is larger than about
10%. The major reason that the Shortcut Gain improvement of Content is lowest
is that with the increase of Coverage, more and more pages containing only the
same terms, but without any logical relationship are selected to be recommended.
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In our next experiment, we illustrate the advantage of incorporating web
content and web structure information in our system. To do so, we implemented
additional two recommender prototypes. The first is similar to Hybrid123 but
is stripped from its connectivity information channel. That is, we do not make
use of linkage information to augment and improve the navigational patterns
built on usage and content information. We name this hybrid system Hybrid-
3. The second is also a similar system to Hybrid123 but does not make use
of content information to identify a mission. Rather, the navigational patterns
in the system is built upon traditional transactions identified according to the
approach in [7]. Then, the patterns are improved with structure information, as
with Hybrid123. This hybrid system is called Hybrid-2. The Recommendation
Accuracy and Shortcut Gain of the three systems are depicted in Figure 7.
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Fig. 7. Hybrid123, Hybrid-3, and Hybrid-2. (A): Recommendation Accuracy (B): Short-
cut Gain.

Figure 7 (A) shows the Recommendation Accuracy of the three systems. The
consistent best performance of Hybrid123 illustrates the validity of content and
connectivity information to improve recommendations in our hybrid system,
and also indicates that content is more useful for recommendation accuracy
improvement. The Shortcut Gains of the three systems are depicted in Figure
7 (B). We notice that with the increase of Coverage, Hybrid123 can achieve an
increasingly superior Shortcut Gain compared to both Hybrid-3 and Hybrid-
2, while the two systems keep similar performance in terms of Shortcut Gain.
This figure verifies our justification for using distinctive information channels in
building a hybrid recommender system, and shows that content and structure
information make a similar contribution to the improvement in Shortcut Gain
in our system.

In summary, this experiment shows that our system can significantly improve
the quality of web site recommendation by combining the three information
channels, while each channel included contributes to this improvement.
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Experiments on the VIVIDESK Log
We then tested our system on VIVIDESK(TM) log data. As explained before,
the visited page content information is not available and we used a more general
definition of mission, namely the applications used during a VIVIDESK(TM) ses-
sion. However, VIVIDESK(TM) also records in its logs keystrokes made by users.
These text data, while not the real content of pages, can be associated with the
visited resources and used to separate sessions into missions. Thus, we imple-
mented two recommender systems: one using the simple definition of mission by
means of the applications (App-Mission), and one using the extra text data to
generate missions (Text-Mission). In addition, we implemented the same system
but using transactions as defined in [7] (Tran) to verify the advantage of missions
over transactions. In our reported experiment, we also varied the Coverage to
see the tendency of the Recommendation Accuracy and Shortcut Gain.
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Fig. 8. Text-Mission, App-Mission, and Tran. (A): Recommendation Accuracy (B):
Shortcut Gain.

As depicted in Figure 8, we notice that App-Mission could achieve a higher
Recommendation Accuracy than simple transaction identification, but lead to a
lower Shortcut Gain. However, because we can get a much higher Recommen-
dation Accuracy with a slight loss of Shortcut Gain, we can be confident that
mission identification is a better model for user navigational behaviour. The rea-
son why App-Mission lead to a lower Shortcut Gain is that we identify missions
solely based on invoked applications with the absence of content. However, users
may need more than one application to fulfill one information need. Thus, iden-
tifying missions based on applications may break some interrelationship between
web resources across applications. However, bigger jumps are achieved when we
used the text entered by the users as means to identify missions. This text is the
text entered for instance in HTML form input fields. The Shortcut Gain achieved
by Text-Mission is even higher than the transaction-based approach. This justi-
fies our advocacy of using additional information channels for recommendation
improvement.
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4 Conclusion

In this paper, we present a framework for a combined web recommender system,
in which users’ navigational patterns are automatically learned from web usage
data and content data. These navigational patterns are then used to generate
recommendations based on a user’s current status. The items in a recommen-
dation list are ranked according to their importance, which is in turn computed
based on web structure information. Our preliminary experiments show that the
combination of usage, content, and structure of data in a web recommender sys-
tem has the potential to improve the quality of the system, as well as to keep
the recommendation up-to-date. However, there are various ways to combine
these different channels. Our future work in this area will include investigating
different methods of combination.
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Abstract. We present a Context Ultra-Sensitive Approach based on two-step 
Recommender systems (CUSA-2-step-Rec). Our approach relies on a committee 
of profile-specific neural networks. This approach provides recommendations 
that are accurate and fast to train because only the URLs relevant to a specific 
profile are used to define the architecture of each network. Similar to the task of 
completing the missing pieces of a puzzle, each neural network is trained to 
predict the missing URLs of several complete ground-truth sessions from a 
given profile, given as input several incomplete subsessions. We compare the 
proposed approach with collaborative filtering showing that our approach 
achieves higher coverage and precision while being faster, and requiring lower 
main memory at recommendation time. While most recommenders are 
inherently context sensitive, our approach is context ultra-sensitive because a 
different recommendation model is designed for each profile separately. 

1   Introduction 

The Web information age has brought a dramatic increase in the sheer amount of 
information (content), the accessibility to this information (usage), as well as the 
intricate complexities governing the relationships within this information (structure). 
Hence, not surprisingly, information overload has turned into a common nuisance 
when searching and browsing the WWW. One of the most promising and potent 
remedies against information overload comes in the form of personalization. 
Personalization aims to customize a website’s interactions with a user depending on 
the user’s explicit and/or implicit interests. The move from traditional physical stores 
of products or information (such as grocery stores or libraries) to virtual stores of 
products or information (such as e-commerce sites and digital libraries) has 
practically eliminated physical constraints traditionally limiting the number and 
variety of products in a typical inventory. Unfortunately, the move from the physical 
to the virtual space has drastically limited the traditional three dimensional layout of 
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products for which access is further facilitated thanks to the sales representative or 
librarian who know their products and their customers, to a dismal planar interface 
without the sales representative or librarian. As a result, the customers are drowned by 
the huge number of options, most of which they may never even get to know. Hence, 
in both the e-commerce sector and digital libraries, Web personalization has become 
more of a necessity than an option. One of the most successful examples of 
personalization comes in the form of recommender systems. Several approaches to 
automatically generate Web recommendations based on user’s Web navigation 
patterns or ratings exist. Some involve learning a usage model from Web access data 
or from user ratings. For example, lazy modeling is used in collaborative filtering 
which simply stores all users’ information and then relies on K-Nearest-Neighbors 
(KNN) to provide recommendations from the previous history of similar users. 
Frequent itemsets, session clusters, or user profiles can also form a user model 
obtained using data mining. Pazzani and Billsus [3] presented a collaborative filtering 
approach based on users’ ratings of web pages, and Naives Bayes as the prediction 
tool. Mobasher et al. [1] use pre-discovered association rules and an efficient data 
structure to provide recommendations based on web navigation patterns. Among the 
most popular methods, the ones based on collaborative filtering and the ones based on 
fixed support association rule discovery may be the most difficult and expensive to 
use. This is because, for the case of high-dimensional and extremely sparse Web data, 
it is difficult to set suitable support and confidence thresholds to yield reliable and 
complete web usage patterns. Similarly, collaborative models may struggle with 
sparse data, and do not scale well to the number of users. 

In this paper, we investigate several single-step and two-step recommender 
systems. The Context Sensitive Approaches based on single-step Recommender 
systems (CSA-1-step-Rec) simply predict the URLs that are part of the nearest 
estimated profile as recommendations. The nearest profile prediction model simply 
bases its recommendations on the closest profile. The Context Ultra-Sensitive 
Approaches based on two-step Recommender systems (CUSA-2-step-Rec) first maps a 
user session to one of the pre-discovered profiles, and then uses one of several profile-
specific URL-predictor neural networks (such as Multilayer Perceptron or Hopfield 
Autoassociative memory networks) in the second step to provide the final 
recommendations. Based on this classification, a different recommendation model is 
designed for each profile separately. Each neural network is trained to complete the 
missing URLs of several complete ground-truth sessions from a given profile, given 
as input several incomplete subsessions. This learning is analogous to completing 
some missing parts of a puzzle. The two-step recommendation method not only 
handles overlap in user interests, but also can mend the effects of some types of 
misclassifications in the first nearest profile assignment step, and even mend the 
effect of a coarse profile dichotomy due to the profile discovery stage. 

The rest of the paper is organized as follows. In Section 2, we present an 
overview of profile discovery using Web usage mining. In Section 3, we present the 
single-step profile prediction based recommendation process, and the two-step 
recommender system based on a committee of profile-specific URL-predictor neural 
networks. In Section 4, we present an empirical evaluation of the recommendation 
strategies on real web usage data, and finally, in Section 5, we present our 
conclusions. 
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2   Profile Discovery Based on Web Usage Mining 

Our approach is based on first extracting user profiles or ratings using a method, such 
as Web usage mining. In this case, the profile discovery can be executed offline by 
mining user access log files using the following steps: 

(1) Preprocess log file to extract user sessions,  
(2) Categorize sessions by clustering, 
(3) Summarize the session categories in terms of user profiles, 

After automatically grouping sessions into different clusters, we summarize the 
session categories in terms of user profile vectors, pi: The kth component/weight of 
this vector (pik) captures the relevance of URLk in the ith profile, as estimated by the 
conditional probability that URLk is accessed in a session belonging to the ith cluster. 

3   Description of the Single-Step and Two-Step Recommendation 
Strategy Options 

Let U = {url1, url2, …, urlNU} be a set of NU urls on a given web site visited in web 
user sessions sj, j = 1, ...., Ns, as defined in (1). Let  P = {p1, p2, …, pNP} be the set of 
NP Web user profiles computed by the profile discovery engine. Each profile consists 
of a set of URLs associated with their relevance weights in that profile. The problem 
of recommendation can be stated as follows. Given a current Web user session vector, 
sj = [sj1, sj2, …, sjNU], predict the set of URLs that are most relevant according to the 
user’s interest, and recommend them to the user, usually as a set of Hypertext links 
dynamically appended to the contents of the Web document returned in response to 
the most recent Web query. It may be useful to associate the kth recommended URL 
with a corresponding URL relevance score, rjk. Hence it is practical to denote the 
recommendations for current Web user session, sj, by a vector rj = [rj1, rj2, …, rjNU]. In 
this study, we limit the scores to be binary. 

3.1   Context Sensitive Approach Based on Single-Step Profile Prediction 
Recommender System (CSA-1-step-Rec)  

3.1.1   Single-Step Nearest-Profile Prediction Based Recommender System 
The simplest and most rudimentary approach to profile based Web recommendation is 
to simply determine the most similar profile to the current session, and to recommend 
the URLs in this profile, together with their URL relevance weights as URL 
recommendation scores.  

Figure 1 shows the structure of such a recommendation system, where the profile 
prediction model simply consists of a nearest-profile estimator based on computing a 
session to profile similarity, and selecting the profile with highest similarity as the 
predicted profile.  
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Fig. 1. Context-Sensitive Approach based on single-step profile prediction based Recommender 
System (CSA-1-step-Rec). The Profile Prediction Model can be a Nearest-Profile classifier or 
any of the models shown in Figs 2 or 3. 

The similarity score between an input session, s, and the ith profile, pi, can be 
computed using the cosine similarity as follows, 
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If a hierarchical Web site structure should be taken into account, then a 
modification of the cosine similarity, introduced in [3,4], that can take into account 
the Website structure can be used to yield the following input membership, 
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where Su is a URL to URL similarity matrix that is computed based on the amount of 
overlap between the paths leading from the root of the website (main page) to any two 
URLs, and is given by           
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We refer to the special similarity in (2) as the Web Session Similarity. 

3.1.2   Single-Step Decision-Tree Based Profile Prediction Recommender System 
The nearest profile prediction model makes the critical assumption that sessions in 
different profiles are linearly separated. While this may be applicable for certain web 
mining methods, it may not be true for others. In order to be able to reliably map new 
unseen sessions to a set of mined profiles, without such assumptions about the 
profiles or how they separate the sessions, we can resort to classification methods that 
are not based on distance or similarity computations. In this paper, we explore both 
decision trees and neural networks for this task. Once trained, using the decision tree 
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or neural network model to classify a new session is fast, and constitutes the single step 
of the recommendation process, since the classified profile is the recommendation set. 

The decision tree profile prediction model is very similar to the nearest profile 
prediction model. An input binary vector is presented as input to the decision tree [22] 
and a profile/class is predicted as the output. Each URL in the input vector is 
considered as an attribute. In learning, first the entire training data set is presented. An 
attribute value is tested at each decision node with two possible outcomes of the test, 
a branch and a sub-tree.  The class node indicates the class to be predicted. An 
example is illustrated in figure 2. 

 
Fig. 2. Example of a Profile Prediction Model based on a decision tree that can be used within 
CSA-1-step-Rec 

 

Fig. 3. Architecture of a Profile Prediction Model based on a Multi-Layer Perceptron that can 
be used within CSA-1-step-Rec 
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3.1.3   Single-Step Neural Network Based Profile Prediction Recommender 
System 

In the neural network [21] based approach of profile prediction, a feed-forward 
multilayer perceptron is used and is trained with Back-Propagation. The inputs 
(session URLs) and output (class or profile) to the prediction model remain the same 
as the ones described above. The neural network replaces the classification model 
block in Figure 1. Hence the input layer of the network consists of as many input 
nodes as the number of valid URLs (i.e. NU nodes), an output layer having one output 
node for each profile (i.e. Np nodes), and a hidden layer with (NU+ Np) /2 nodes. 
Figure 3 shows the architecture of the neural network used to predict the most 
relevant profile. The index of the output node with highest activation indicates the 
final class/profile.  

3.2   Context Ultra-Sensitive Approach Based on Two-Step Recommender 
System with a Committee of Profile-Specific URL-Predictor Neural 
Networks (CUSA-2-step-Rec)  

The single-step Profile prediction recommendation procedure is intuitively appealing 
and simple. In particular, its implementation and deployment in a live setting is very 
efficient. Essentially, it amounts to a look-up table. However, it has several flaws: (i) 
the degree of similarity between the current session and the nearest profile that is 
identified may not be taken into account, (ii) the above procedure does not take into 
account sessions that are similar to more than a single profile, (iii) it cannot handle 
sessions which are different from all known profiles, and (iv) the set of 
recommendations derive directly from the contents of a single (assigned) profile for 
all sessions assigned to this profile, without any further distinction between the 
specific access patterns. For this reason, we propose a two-step approach that in 
addition to exploiting the profile information, is able to recommend more highly 
personalized recommendations that depend not only on the assigned profile (people-
to-people collaboration filtering), but also explicitly, on the input session itself (item-
to-item collaboration filtering),. 

3.2.1   Description of the Multi-layer Perceptron URL-Predictor Neural Network 
A Multilayer Perceptron neural network [21] can be used to predict the 
recommendation URLs. The architecture of this network, shown in Figure 4, is 
different from the network used in the profile prediction scenario of Figure 3. This is 
because the number of output nodes is now equal to the number of input nodes. The 
neural network is trained to complete the missing URLs of several complete ground-
truth sessions, given as input several incomplete subsessions. This learning is 
analogous to completing some missing parts of a puzzle, as illustrated in Figure 12. 
Each training input consists of a user sub-session (ss) derived from a ground-truth 
complete session S, while training by example teaches the network output nodes to 
conform to the remainder of this session (S-ss). This means that there is one output 
node per URL. Hence, the architecture of the network can become extremely 
complex, as there would be NU input and NU output nodes. Training such a network 
may prove to be unrealistic on large websites that may consist of thousands of URLs. 
To overcome this problem, a separate network is learned for each profile 
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independently, with an architecture of its own. The number of input and output nodes 
depends only on the number of significant URLs in that profile, and possibly those 
related to its URLs by URL-level or conceptual/semantic similarity. The number of 
hidden nodes is set to the average of number of input and output nodes. Figure 4 shows 
the architecture of each URL-predictor neural network. There will be a committee of 
Np specialized networks of similar kind used in developing this URL recommendation 
prediction model, as illustrated in Figure 5. Each of these networks is completely 
specialized to forming the recommendations for a single profile, hence offering a local, 
more refined model, that enjoys the advantages of better accuracy, simplicity (fewer 
nodes and connections), and ease of training (as a result of simplicity). 

         
Fig. 4. Architecture of a Profile-Specific URL-Predictor Neural Network used in CUSA-2-step-
Rec 

3.2.2   Learning the Profile-Specific URL-Predictor Neural Network Models 
The URL-Predictor network for each profile is learnt independently with a separate 
set of training data. Learning each network involves presenting a sub-session 
consisting of some of the URLs visited by the user belonging to that profile as input 
and adjusting the network weights by back propagation to recommend URLs that are 
not part of the sub-session given as input, but which are a part of the ground truth 
complete session, as output of the network. For each ground truth complete session, 
we find all the sub-sessions for window sizes 1-9, and use them to generate 
independent training and testing sets. Cosine similarity is used to map each sub-
session to the closest profile, and the URL-Predictor network specialized for that 
profile is invoked to obtain the recommendations. A URL is considered to be 
recommended if its activation value exceeds a ‘0.5’ at the corresponding output node 
of the invoked network. 
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Fig. 5. Context Ultra-Sensitive Approach based on Two-Step Recommendation Process (CUSA-
2-step-Rec) using a Committee of Profile-Specific URL-Predictor Neural Networks (Any URL-
Predictor model can be substituted for the Multi-Layer Perceptron, e.g. a Hopfield network) 

3.3   Recommendations Based on Autoassociative Memory Hopfield Networks 

Hopfield networks are a special kind of recurrent neural networks that can be used as 
associative memory [21]. A Hopfield network can retrieve a complete pattern stored 
through the training process from an imperfect or noisy version of it. In some sense, a 
recommender system performs a similar operation, when it recommends certain URLs 
from an incomplete session. Given Nurl fully connected (via symmetric weights wij 

between each two units i and j) neurons, each serving simultaneously as input and as 
output, and assuming that the activation values, xi, are bipolar (+1/-1), the optimal 
weights to memorize Np patterns, can be determined by Hebbian learning as follows 
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until the network converges to a stable state. However, the desired behavior of recall 
in a Hopfield network is expected to hold only if all the possible complete session 
prototypes can be stored in the Hopfield network’s connection weights, and if these 
complete sessions do not interact (or cross-talk) excessively. Severe deterioration 
starts occurring when the number of patterns exceeds a certain fraction of the number 
of nodes: 

Np > 0.138Nurl,                                                      (6) 
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hence limiting a Hopfield recommender system to sites with a large number of URLs 
and yet very little variety in the user access patterns. This limitation is paradoxical in 
the context of large websites or transactional database systems. Our preliminary 
simulations with both a single global Hopfield network as well as several profile-
specific Hopfield networks have resulted in low recall qualities since the network 
seemed to be able to memorize only very few stable states. However several profile-
specific Hopfield networks perform better than one global network, but only for some 
of the profiles. 

4   Experimental Results 

4.1   Mining User Profiles from Anonymous Web Usage Data Using H-UNC 

1703 web sessions accessing 343 URLs, extracted from log files of a university Web 
server, were used to generate training and testing sets. For each complete session 
considered as the ground-truth, all possible sub-sessions of different sizes are 
generated. The test dataset forms an independent 20% of the sub-sessions. 
Hierarchical Unsupervised Niche Clustering (H-UNC) [2] partitioned the web 
sessions into 20 clusters, each characterized by one of 20 profile vectors that were 
thoroughly checked and validated for consistency.  

4.1.1   Justifications for Using H-UNC to Mine User Profiles 
H-UNC [2] was used because it is the only algorithm previously used successfully for 
web usage mining, while satisfying all of the following stringent requirements to 
ensure the completeness and quality of the discovered user profiles: (i) ability to 
discover an unknown and unspecified number of clusters/profiles, (ii) ability to resist 
unknown amounts of noise in the data, (iii) ability to handle specialized and non-
differentiable similarity measures (in this case the Web session similarity takes into 
account domain knowledge in the form of the structure of the website, hence 
knowledge about the website structure is directly infused into the profile discovery 
phase via the similarity measure), (iv) ability to discover the clusters/profiles in sparse 
session data sets based on a soft and error-tolerant density criterion that can discover 
dense URL-itemsets (and hence profiles) even in small regions (subspaces) of the 
high-dimensional space. H-UNC is also fully integrated within a comprehensive web 
usage mining package, coded in Java, that also includes extensive pre-processing and 
post-processing tools. One of the other main advantages of using H-UNC’s post-
processing capabilities, is that we could verify and validate each discovered profiles. 
Until it is made available to download from a public URL, it can be obtained by e-
mailing the first author. 

4.2   Comparative Simulation Results for CUSA-2-step-Rec,  CSA-1-step-Rec, and 
K-NN Collaborative Filtering 

We used the following parameters in training the multilayer perceptron URL-
Predictor neural networks: Maximum number of epochs = 2000, Learning Rate = 0.7 
(for Input to Hidden layer) and 0.07 (for Hidden to Output layer), and a Momentum 
factor of 0.5.  The Collaborative filtering approach is based on using K Nearest 
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Neighbors (K-NN) followed by top-N recommendations for different values of K and 
N. First the closest K complete sessions from the entire history of accesses are found. 
Then the URLs present in these top K sessions are sorted in decreasing order of their 
frequency, and the top N URLs are treated as the recommendation set. We show only 
the best results obtained for K-NN at K=50 neighbors and N=10 URLs. 

Figures 6 and 7, depicting the 20-profile averaged precision and coverage 
measures, show that the two-step profile-specific URL-predictor multilayer 
perceptron neural network recommender system (CUSA-2-step-Rec) wins in terms of 
both precision and coverage, particularly above input sub-session size 2. Figure 9 
depicts the average F1 measure, which is an equal aggregation of precision and 
coverage, for each input sub-session size. It may at first appear unusual that a 
recommendation strategy scores highly on both precision and coverage, and that an 
increase in precision did not seem to compromise coverage in any way. However, by 
looking at the details of the design of the profile-specific URL-predictor neural 
network, we explain this relentless increase in precision by the fact that the neural 
network output is trained to predict only the URLs that the user has not seen before, 
i.e. ‘S-ss’, where S is the complete session, and ss is the sub-session (URLs visited by 
the user). Clearly, as the sub-session size increases, more URLs are presented to the 
output of the neural network, making the prediction task easier, since fewer URLs 
need to be predicted compared to smaller input sub-sessions. Similarly, coverage 
increases, since with more input URLs, the neural network is able to predict more of 
the missing URLs to complete the puzzle. However, this does not happen at the 
expense of precision. On the contrary, giving more hints about the user in the form of 
more of the visited URLs makes the prediction task easier, and hence, will only result 
in more accurate predictions.  

We notice that the single-step recommender systems (CSA-1-step-Rec) do not have 
this nice feature, i.e., precision and coverage will generally have opposing trends. The 
performance of k-NN fares competitively with all the single-step recommender 
strategies, but only for longer session sizes. This is not surprising, considering that k-
NN can yield very accurate predictions, because it too is based on local context-
sensitive models. However, k-NN is notorious for its excessive computational and 
memory costs, at recommendation time, in contrast to all the other investigated 
techniques. While lazy in the learning phase, involving nothing more than storing the 
previously seen cases, k-NN takes its toll during the recommendation phase, when it 
needs to compare a new session with all past cases to produce recommendations. 

Figures 10 and 11 depict the F1 measures for each profile separately obtained with 
CUSA-2-step-Rec with specialized multilayer perceptron neural networks and k-NN, 
respectively. These figures show that the prediction quality may vary widely between 
different profiles, since the sessions in some profiles are noisier, and hence are more 
difficult to predict. We also note that some profiles do not generate any testing sessions 
beyond a certain size because of their particular session length distribution. Table 1 
summarizes the characteristics of the session lengths for each profile. The median 
length for most profiles is larger than 5 and for six of the profiles (0, 3, 4, 5, 11, and 
15), it is greater than 9. For these profiles, half of the sessions have length greater than 
or equal to 9. Moreover, because we generate a large number of subsession 
combinations from each session for testing, we end up with a reasonably large number 
of test sessions (in the hundreds), especially between session size 2 and 8. We notice 
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from Fig. 10 and 11, that at longer session lengths (above 5), the F1 measure with 
CUSA-2-step-Rec -NN far exceeds that of k-NN. This can be explained by the fact that 
while the performance of k-NN eventually saturates and even starts decreasing beyond 
a certain session length, that of the CUSA-2-step-Rec –NN approach can only improve, 
since each specialized network is essentially trained to complete the missing pieces 
(URLs) of a complete session, when given as input only some of the pieces. This is 
illustrated in Figure 12. Hence, it is only natural in this context that when more pieces 
are shown, a specialized neural network is better able to predict the missing pieces. The 
degradation of precision that results from higher coverage in k-NN approaches is 
avoided because the neural networks in CUSA-2-step-Rec are trained to be precise, 
while excessive coverage is controlled thanks to the specialization of each NN to only 
one of the profiles. Finally, we note that, if all input sub-session lengths are taken into 
account, then it is clear that a combination of several different recommender strategies, 
each applied only within its optimal range of sub-session length, will outperform each 
one of the recommender strategies acting on its own. In fact, in this case, even the very 
simple CSA-1-step-Rec strategy based on nearest profile identification outperforms all 
other strategies for very short input sessions (< 2 URLs). This is crucial to the retention 
and guidance of users who may be in their very initial browsing stages. 

Finally, in Table 2, we show the performance (averaged over all session lengths) 
of the CUSA-2-step-Rec approach when specialized Hopfield networks are used for 
each profile instead of the multilayer perceptron neural networks. It is important to 
note that, while testing both types of neural networks was performed in a similar 
fashion, training them was a different matter. The Hopfield networks in our context 
are analogous to auto-associative memory banks. Hence, they were trained to 
 

Table 1. Number of URLs, sessions, minimum, maximum and median session lengths of each 
profile 

profile Number 
of Nodes 
(URLs) 

Number 
of  
Sessions 

Minimum 
Length 

Maximum 
Length 

Median 
Length 

0 189 106 1 40 10 
1 194 104 1 40 6 
2 171 177 1 132 7 
3 101 61 1 40 10 
4 134 58 1 40 9 
5 153 50 1 132 10 
6 104 116 1 24 5 
7 64 51 1 23 7 
8 139 134 1 36 4 
9 73 41 1 25 3 
10 134 95 1 19 4 
11 98 185 1 36 9 
12 170 74 1 132 5 
13 136 38 1 132 5 
14 163 33 1 31 6 
15 86 51 1 37 9 
16 105 77 1 132 2 
17 23 68 1 6 1 
18 5 65 1 3 1 
19 24 120 1 10 2 
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memorize each complete session, and not to complete missing parts of a complete 
sessions from a large number of incomplete subsessions as in the multilayer 
perceptron neural networks. 

We notice that while some profiles can be handled using the Hopfield networks, 
the performance for many profiles is poor, even sinking to complete failure for 
profiles 10, 17, 18, and 19. We attribute this failure to the excessive amount of cross-
talk between the patterns to be memorized by the Hopfield networks for these profiles 
compared to the low number of nodes/URLs, especially in light of the constraint in 
(6). For example, as shown in Table 1, the Hopfield network for profile 18 had to 
memorize a large number of patterns: Np = 65 training sessions in contrast with only 
Nurl = 5 nodes. We have also trained a single global Hopfield network for all profiles 
to predict the URLs of incomplete sessions. Note that in this case, the constraint in (6) 
is severely violated with Np = 1703 training patterns and Nurl = 343 nodes. Not 
surprisingly, the average similarity between the memorized and retrieved sessions, 
obtained in this case, was nil. 

Table 2. Average cosine similarity between complete session and session retrieved from an 
incomplete input using several specialized Hopfield networks (one per profile). The similarity 
obtained when a single global Hopfield network is used for all profiles was nil. 

Profile 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Similarity .57 .4 .6 .18 .47 .13 .43 .62 .29 .31   0 .68 .26 .27 .28 .54 .30 0 0 0  
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Fig. 6. Precision Values for all recommendation strategies (CSA-1-step-Rec, CUSA-2-step-Rec, 
and K-NN) 
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Fig. 7. Coverage Values for all recommendation strategies (CSA-1-step-Rec, CUSA-2-step-Rec, 
and K-NN) 
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Fig. 8. F1-Measure Values for all recommendation strategies (CSA-1-step-Rec, CUSA-2-step-
Rec, and K-NN) 
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Fig. 9. Individual averaged F1-Measure Values for each profile with the CUSA-2-step-Rec 
strategy 
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Fig. 10. Individual averaged F1-Measure Values for each profile with the K-NN (K = 50, N = 
10) strategy 
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Fig. 11. Completing the puzzle: (a) A complete session, (b) Input (incomplete) to the neural 
network (striped pieces) and output (marked with “?”) that is predicted to complete the puzzle 

5   Conclusions 

We have investigated several single-step and two-step recommender systems. The 
single-step recommender systems (CSA-1-step-Rec) simply predict the URLs that are 
part of the nearest estimated profile as recommendations. The nearest profile 
prediction model simply based its recommendations on the closest profile based on a 
similarity measure, hence favoring linearly separable profile classes. In order to be 
able to reliably map new unseen sessions to a set of mined profiles, without such 
assumptions about the profiles or how they separate the sessions, we can resort to 
more powerful classification methods. In this paper, we explored both decision trees 
and neural networks for this task. Once trained, using the decision tree or neural 
network model to classify a new session constitutes the single step of the 
recommendation process, since the classified profile is the recommendation set. The 
two-step recommender system (CUSA-2-step-Rec) first maps a user session to one of 
the pre-discovered profiles, and then uses one of several profile-specific URL-
predictor neural networks in the second step to provide the final recommendations. 
Based on this classification, a different recommendation model is designed for each 
profile separately. A specialized multilayer perceptron neural network was trained 
offline with back-propagation for each profile in order to provide a profile-specific 
recommendation strategy that predicts web pages of interest to the user depending on 
their profile. Each network was essentially trained to complete the missing pieces of 
several incomplete puzzles, with the pieces being the URLs, and each puzzle being a 
complete ground-truth session.  

The Hopfield auto-associative memory network is an alternative to the multilayer 
perceptron that was also investigated. The Hopfield network is trained to memorize a 
complete session, then asked to retrieve this session when presented with only part of 
it. Our experiments confirmed that Hopfield networks can only form a reliable 
memory bank under severe constraints governing the relationship between the number 
of patterns to be memorized and the number of units in the network, and that 
unfortunately, these constraints are easily violated in typical real web usage 
environments. Nevertheless, several profile-specialized Hopfield networks in a 
CUSA-2-step-Rec framework performed significantly better than a single global 
network. The latter failed to form a reliable memory of the web usage patterns. 

Unlike most previous work, the proposed two-step profile-specific URL-predictor 
neural network recommender system allows a more refined context sensitive 
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recommendation process. The idea of using a separate network specialized to each 
profile seems to be novel, since it provides an even higher level of context-awareness 
in personalization than the level already offered through collaborative filtering based 
personalization. It is reasonable to expect that this modular design could be extended 
by replacing the URL-Predictor neural network modules by different learning 
paradigms that are faster to train, while not compromising the accuracy of predictions. 
The proposed model could also be made even faster to train and more accurate by 
encouraging the discovery of even more high-resolution profiles. 

We finally classify our recommendation approaches with respect to the two-
dimensional taxonomy presented in [16]. First, because the user is anonymous at all 
times, our approaches are all ephemeral with respect to the persistence dimension. 
Second, with respect to the automation dimension, our approaches are fully automatic. 
Furthermore, with regard to the four different families of recommendation techniques 
identified in [16] (non-personalized, attribute based, item-to-item correlation, and 
people-to-people correlation), the 1-step recommenders (CSA-1-step-Rec) can be 
considered as people-to people collaborative filtering. However, they use a 
cluster/profile summarization model, hence providing better scalability. On the other 
hand, the CUSA-2-step-Rec model uses people-to people collaborative filtering that is 
summarized through a cluster model, in the first stage to map a new user to a profile. 
Then it uses a specialized item-to-item recommendation model to produce the final 
recommendations. Therefore, the CUSA-2-step-Rec approach can be considered as a 
hybrid between people-to-people and item-to-item recommendations, and this fact, in 
addition to the quality of the preliminary Web usage mining results, may account for 
its good performance. 
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Abstract. We present a algorithm based on factor analysis for performing col-
laborative quality filtering (CQF). Unlike previous approaches to CQF, which
estimate the consensus opinion of a group of reviewers, our algorithm uses a gen-
erative model of the review process to estimate the latent intrinsic quality of the
items under reviews. We run several tests that demonstrate that consensus and in-
trinsic quality are, in fact different and unrelated aspects of quality. These results
suggest that asymptotic consensus, which purports to model peer review, is, in
fact, not recovering the ground truth quality of reviewed items.

1 Introduction

Despite the vast number of reviews of products, stores, media, and articles on the In-
ternet, little has been done to separate worthwhile expertise from biased or uninformed
opinions. When assigning a total score to an item, nearly all review sites simply aver-
age the scores given by each reviewer. A few, such as the Internet Movie Database [1],
use a Bayesian mean, which takes into account both the number of reviews written as
well as the scores given to a particular film. None of these systems make any attempt
to determine the ability of the reviewers to estimate the quality of items they review.
Such a method would be necessary to emulate peer review, which weights the opinions
of experts most heavily.

Collaborative Quality Filtering (CQF) [2,3] attempts to improve these estimates for
item quality by giving more accurate reviewers more weight than less accurate ones.
Unlike standard collaborative filtering, CQF systems do not create personal recommen-
dations for users. Instead, they use individual reviews to estimate the underlying quality
of the item being reviewed. Clearly, collaborative quality filtering is less useful for
items where people’s tastes tend to differ, such as movies, books, and music. However,
for items where there is agreement about what constitutes quality, it can be a more ac-
curate method of estimating quality than the simple or Bayesian means in common use
today. Indeed, one goal of CQF research is to rationalize subjective processes, such as
reviewing academic papers or ranking journals and institutions.
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In [2] and [3], a CQF algorithm is described that works by what we will call “asymp-
totic consensus”: an iterative method that gives greater weights to reviewers who give
scores closer to the weighted mean for each item.

Here, we present a new algorithm for CQF based on factor analysis. In comparing
these two algorithms, we have discovered what we believe to be a fundamental division
in approaches to CQF. While both approaches use a set of reviews to compute estimates
of item quality, they differ in what they consider to be a “high quality” item.

The first approach, exemplified by the asymptotic consensus algorithm, takes the
view that quality is not an a priori property of an item. Instead, the quality estimates
assigned by these algorithms attempt to reflect the consensus opinion of the reviewers.
Algorithms in this family try to maximize the agreement among reviewers about the
quality of an item by giving greater weight to reviewers whose opinions best reflect the
consensus.

The second approach assumes that quality is an intrinsic property of an item that can
be judged by reviewers but is not defined by them. Algorithms such as factor analy-
sis estimate this intrinsic quality by assuming a generative model of reviews and then
estimating the intrinsic qualities that best explain the observed data. The notion that
quality is an intrinsic property of an item raises interesting philosophical issues, which
we cannot do justice to here. However, we note that this view posits that quality is not a
completely arbitrary social construction (even if the ideals with respect to which quality
is judged are socially construed). That is, reviewers are making a determination about
properties of an artifact, but their collective consensus doesn’t establish the underlying
reality. We view it as a positive if the reviewing process is in fact uncovering some un-
derlying truth, rather than fabricating an arbitrary social agreement. Ideally, the social
process and the uncovering of intrinsic properties would converge.

We believe that both of these approaches will find uses in different applications,
but the vastly different results we have seen suggest that users of CQF systems need
to consider carefully just what type of “quality” they hope to measure. For example,
while the asymptotic consensus algorithm purports to model academic review, these
results suggest it is measuring consensus rather than recovering an objective notion of
quality. For a system intended to retrieve the highest quality articles, a CQF algorithm
that accurately estimates intrinsic quality may in fact be more useful.

2 Related Work

Riggs and Wilensky [2,3] coined the term Collaborative Quality Filtering to refer to the
process of estimating the quality of an item using reviewer preference data, in contrast
to standard collaborative filtering, which suggests items users may like based on their
preferences. They presented a CQF system that works by asymptotic consensus, which
we compare to our method.

Most existing systems for ranking item quality use either the mean of the reviews
for an item or a Bayesian mean [1] of reviews as a proxy for quality. In the world of
publishing, citation analysis [4,5] has been used to measure the influence and thus the
quality of articles and journals. However, citations are, at best, an indirect measure of
quality and provide little information for more recently published works.
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Collaborative Filtering makes recommendations instead of estimating item quality,
but uses techniques that can be applied to CQF. Early, “memory-based,” systems work
by finding users with similar tastes and then making recommendations based on these
preferences. These systems filter items as diverse as email [6], NetNews [7], movies [8]
and music [9]. Herlocker [10] compares the performance of a number of these techniques.

More recently, model-based approaches, including latent semantic analysis [11] and
factor analysis [12], have been applied to collaborative quality filtering with good re-
sults. The March 1997 issue of CACM [13] presents good summaries of early work on
collaborative filtering and the recent special issue of ACM Transactions on Information
Systems [14] highlights some contemporary results in this field.

While not a CQF system, [15] applies a hybrid approach, combining both collab-
orative and content-based filtering, to academic publications. However, like most col-
laborative filtering systems, it provides recommendations based on similar taste rather
than on estimates of intrinsic quality. In a similar vein to CQF is online reputation
management systems such as [16]. Like CQF, these systems estimate a single intrinsic
characteristic — in this case, trustworthiness. However, reputation is computed based
on users’ opinions of each other rather than on reviews of items.

3 Factor Analysis

Our CQF system is based on the widely used factor analysis (FA) method, a dimensional
reduction technique that takes a high dimensional data vector as input and returns a
vector of factors of typically much lower dimension. These factors form a basis for a
subspace that captures as much of the variance in the original data space as possible.
Our implementation uses an iterative EM algorithm, an approach widely discussed in
available literature [17,18], so we skip its derivation and simply present a summary of
our implementation.

3.1 Factor Analysis of Dense Datasets

The data sets used in collaborative quality filtering are typically very sparse, since most
reviewers will only rate a small fraction of the available items. However, it is help-
ful to understand factor analysis on dense datasets before examining the modifications
necessary to make it work with sparse data.

The factor analysis model consists of a set of M independent, identically distributed
data points, one for each item being reviewed. Each data point is associated with two
random variables: R, a length N vector of observed reviews, and Q, the latent intrinsic
quality that the FA algorithm estimates from the reviews. In the general case, Q may be
a vector of length P , with P < N , but in our application, we choose to have P = 1,
representing the single factor of “intrinsic quality.”

The entire dataset consists of the M × N matrix R. Each row, Rm, is a vector of N
reviews for item m. Each element, Rm,n, is the review given to item m by reviewer n.
The output of our algorithm is a M × 1 matrix, Q, where each scalar row, Qm, is the
estimated quality of item m.



76 J. Traupman and R. Wilensky

We assume that each Qm is independent and distributed normally with a mean of
zero and unit variance. The distribution of Rm conditioned on Qm is also normal with
mean μ + ΛQm and diagonal covariance matrix Ψ . Λ and μ are N element vectors and
Ψ is a N ×N diagonal matrix. We use a maximum likelihood approach to estimate the
values of these three parameters.

The μ parameter can be estimated simply as the sample mean:

μ =
1
M

M∑

m=1

Rm (1)

The other parameters, Λ, and Ψ , are estimated using the EM algorithm.
For the E-step, we calculate the conditional expectations, E(Qm|Rm), and the esti-

mated variances, Var(Qm|Rm). [18] shows that:

E(Qm|Rm) = (I + ΛT Ψ−1Λ)−1ΛT Ψ−1(Rm − μ) (2)

Var(Qm|Rm) = (I + ΛT Ψ−1Λ)−1 (3)

We can then use these two expected values to obtain the necessary estimates of the
sufficient statistics used in the M-step:

〈Qm〉 = E(Qm|Rm) (4)

〈Q2
m〉 = Var(Qm|Rm) + E(Qm|Rm)2 (5)

Note that some of these equations are slightly different than classical derivations of
factor analysis because our Qm are scalars, not vectors.

The M-step uses these estimates to update the parameter estimates:

Λ(t+1) =

(
M∑

m=1

Rm〈Qm〉
) (

M∑

m=1

〈Q2
m〉

)−1

(6)

Ψ (t+1) =
1
M

diag

(
M∑

m=1

RmRT
m − Λ(t+1)

M∑

m=1

〈Qm〉RT
m

)
(7)

These new estimates are then used by the next iteration’s E-step. EM is proven to
converge to a local maximum and in practice converges fairly rapidly.

Once the EM algorithm converges, the estimate of E(Qm|Rm) is our estimate of the
quality of the item m. The first term in the equation for E(Qm|Rm):

(I + ΛT Ψ−1Λ)−1ΛT Ψ−1 (8)

can be interpreted as a length N vector of weights, each of which represent the amount
of confidence we have in a reviewer.

3.2 Factor Analysis of Sparse Datasets

Because the data sets we will be using for CQF are typically very sparse, we need
to make a few modifications to the standard FA algorithm. These modifications are
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derived from the sparse FA algorithm described by [12], which in turn is based on [19].
The main difference between our derivation and [12] is our use of a diagonal covariance
matrix Ψ , which allows individual variance values for each reviewer, instead of a single
scalar variance that applies to all reviewers.

While our approach is very similar algorithmically to [12], it is important to note that
we are applying it to a different problem. The collaborative filtering system in [12] finds
factors across users to make personalized recommendations. We use factor analysis to
find factors across items for estimating item quality.

We introduce a set of N × N diagonal trimming matrices, Tm, one for each item m
in the dataset. Each diagonal element, Tm,n, is one if and only if there is as a review of
item m by reviewer n in the dataset and zero otherwise. All non-diagonal elements of
Tm are zero.

The sparse estimate for μ now becomes:

μ =

(
M∑

m=1

Tm

)−1 (
M∑

m=1

Rm

)
(9)

Similarly, we have updated equations for the E-step:

Λ̄m = TmΛ (10)

E(Qm|Rm) = (I + Λ̄T
mΨ−1Λ̄m)−1Λ̄T

nΨ−1(Rm − μ) (11)

Var(Qm|Rm) = (I + Λ̄T
mΨ−1Λ̄m)−1 (12)

Note that because the rows of the trimming matrix are unique, the terms used to cal-
culate Var(Qm|Rm) and E(Qm|Rm) are different for each row of the data matrix. The
unfortunate result is that the E-step becomes much more computational expensive.

These estimated can then be used to compute the sufficient statistics 〈Qm〉 and 〈Q2
m〉

used in the M-step in the same fashion as the dense case.
The update equations for the M-step are also similar to their dense counterparts:

Λ(t+1) =

(
M∑

m=1

Tm〈Q2
m〉

)−1 (
M∑

m=1

Rm〈Qm〉
)

(13)

Ψ (t+1) =

(
M∑

m=1

Tm

)−1

diag

(
M∑

m=1

RmRT
m − TmΛ(t+1)〈Qm〉RT

m

)
(14)

Canny [12] presents a more complicated form of 13 that can handle the general case
of a vector Qm. He also includes normalization terms necessary for his collaborative
filtering application, which significantly degrades the performance of our application.

The estimated quality of the items being reviewed is, as in the dense case, simply the
expected values E(Qm|Rm). Calculating the reviewer weight vector requires a little
more effort than the dense case:

(
M∑

m=1

Tm

)−1 (
M∑

m=1

(I + Λ̄T
mΨ−1Λ̄m)−1Λ̄T

mΨ−1

)
(15)

where Λ̄m is defined as in equation 11. Without this summation and normalization,
reviewers with few reviews receive unrealistically high weights.
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3.3 Smoothing

To further improve performance with sparse data, we implemented a simple smoothing
method loosely based on the technique of deleted interpolation [20], commonly used to
smooth Hidden Markov Models.

We smooth Λ and Ψ using a linear combination of the estimates produced by the EM
algorithm and prior estimates of these parameters:

Λn = (1 − wn)ΛEM,n + wnΛprior,n (16)

The equation for Ψ is identical. Each weight, wn, is the reciprocal of the number of re-
views written by reviewer n, which gives more weight to the EM estimates for reviewers
with many reviews and more weight to the prior for reviewers with few reviews.

We determine the prior estimates of Λ and Ψ by running the EM factor analysis
algorithm on a subset of the dataset restricted to reviewers with 100 or more reviews,
then take the mean of the resulting Λ and Ψ vectors.

3.4 Implementation and Performance

We implement factor analysis in C++ as a Matlab plug-in. An 867MHz Pentium III
with 512MB of RAM requires approximately 111 minutes to process the full dataset.
Smoothing reduces the number of iterations needed for convergence and thus decreases
the time by about two thirds. For extremely large datasets, factor analysis can easily be
parallelized.

For processing large datasets that change and grow over time, a previous run’s Λ and
Ψ values can be used to bootstrap subsequent runs, drastically reducing the number of
EM iterations required. A large review website, for example, would only need to run the
full EM algorithm once. As new items, reviewers, and reviews are added to the site, the
existing parameter values can be used to bootstrap EM on the new dataset. As long as
new information is only a small fraction of the total data set, only one or two iterations
should be necessary to re-estimate the parameter values.

4 Methodology

Testing CQF algorithms present several challenges in addition to the implementation
problems related to dataset size and sparseness. Existing datasets, such as the data from
epinions.com that we used, do not come with ground truth, making it impossible to
measure how well an algorithm recovers intrinsic quality. Likewise, it is easy to create
synthetically generated datasets with known ground truth, but not obvious how to model
agreement among reviewers and thus consensus.

4.1 Testing Consensus

To test an algorithm’s ability to measure consensus, we use a dataset gathered by crawl-
ing the epinions.com site in 2001. Since the factor analysis algorithm will fail
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with a singular Ψ matrix if there are any reviewers with fewer than two reviews, we trim
out reviewers with only one review, leaving us with 104,889 items and 53,796 reviewers.

In addition to the individual reviews of items, the epinions.com dataset also includes
readers’ evaluations of the reviewers, which we use as a measure of consensus. Users
of the site are allowed to indicate reviewers that they trust. The number of users that
trust a reviewer thus becomes a metric for the community’s opinion of a reviewer’s
reviews. Since the reviews of a prolific reviewer who has rated many items are more
likely to be seen and therefore trusted, we divide the raw number of users trusting each
reviewer by the number of reviews the reviewer has written to determine an average
trust score.

It must be noted that average trust is not necessarily a good indicator of a reviewer’s
ability to accurately judge the quality of an item. A reader’s decision to trust a reviewer
is also influenced by subjective factors, such as the length, thoroughness, and quality
of the written reviews. However, we believe one important influence on trust scores
is how closely a reviewer’s opinions match those of the site’s readers. Reviewers who
consistently write reviews that agree with the consensus opinion will likely be trusted
by large numbers of readers.

4.2 Testing Intrinsic Quality

The epinions.com dataset does not contain any information about the ground truth in-
trinsic quality of the items it contains, nor do any sets of user reviews that we know
of. Therefore, we use synthetically generated datasets to test each algorithm’s ability to
recover the ground truth quality.

One of the biggest risks when using synthetic datasets is that the choice of mod-
els for generating the data may bias the set to favor one algorithm over another. For
example, if we created a synthetic dataset with a zero mean, unit variance Gaussian
distributed ground truth and reviews generated by a simple linear transformation of this
ground truth, we would imagine that factor analysis would perform superbly, since that
is exactly the model that factor analysis assumes.

To more completely and fairly evaluate these algorithms, we create two synthetic
datasets, both considerably different than the simplistic approach described above.
These two datasets use different distributions of ground truth quality, which allows us to
measure how well our algorithm performs when presented with data whose distribution
differs from what its model assumes.

When creating the synthetic datasets, we were primarily concerned with making it
as similar as possible to the real epinions.com dataset. The sparseness of reviews in the
real and synthetic datasets are identical: an item, m, has a review by reviewer n in the
synthetic datasets if and only if n reviewed m in the real dataset.

The distribution of reviews in the epinions.com set is skewed (the average review is 1
on a scale of -2 to 2), so we added similar skew to our synthetic sets. However, the way
we accounted for this skew is different in our two synthetic datasets. For the first set,
we assumed that the observed skew is a result of the review process and not indicative
of the intrinsic quality. In this set, the ground truth is normally distributed with a mean
of zero and variance of one, and thus has no skew. Because the asymptotic consensus
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algorithm and the mean both assume a bounded quality scale, we truncate the ground
truth values to lie between -2 and 2.1

An alternative explanation for the observed skew in the epinions.com data is that it
is a reflection of skew in the intrinsic quality of the items being reviewed. Our second
synthetic dataset explores this possibility. The ground truth of this dataset is generated
so that the frequency of each score is the same as the frequency of that score in the
observed data.

We created the reviews by adding randomly generated noise term to the ground truth
of the item being reviewed. This noise was distributed normally from mean and variance
parameters associated with each reviewer. For the first dataset, the mean parameters
are normally distributed with mean and variance one, which gives us the overall bias
toward higher valued reviews observed in the epinions.com data. In the second dataset
this bias is already present in the ground truth, so the distribution of the mean parameter
has mean zero and variance one. For both datasets, the noise variance parameters were
generated from the square of a zero mean, unit variance normal distribution.

5 Results

We performed two sets of tests on several variants of both the factor analysis and asymp-
totic consensus CQF algorithms. The first set of experiments tests the abilities of the al-
gorithms to recover the ground truth intrinsic quality of the items reviewed. For this test,
we use our two synthetically generated datasets, which include ground truth informa-
tion. The second experiment measures the algorithms’ ability to estimate the consensus
opinion of the reviewers. This test uses the epinions.com review data and uses the av-
erage trust statistic as a measure of how closely a reviewer’s opinions are aligned with
that of the consensus.

5.1 Recovering Ground Truth

To test a CQF algorithm’s ability to recover ground truth intrinsic quality, we compared
its estimates of item quality to the known ground truth using our two synthetically
generated datasets. Dataset 1 has no bias in its ground truth, while the ground truth
for dataset 2 has a bias equal to the bias we observed in the epinions.com data. We
compared our factor analysis CQF algorithm, the asymptotic consensus algorithm, and
also simple mean of an item’s reviews, which serves as a baseline.

1 The question of whether to model intrinsic quality by a bounded or an unbounded distribu-
tion is another philosophical difference between our factor analysis approach and earlier CQF
systems. We believe that allowing both intrinsic quality and reviewer scores to be unbounded
more closely matches our intuitive understanding of quality. After all, at any time it is possible
to encounter an item of higher quality than any previous seen item, though the probability of
such an encounter becomes smaller as more items are seen. However, we chose to bound both
the ground truth intrinsic quality and the reviewer scores for this experiment, in order to level
the field for all three methods and more closely model the epinions.com data. Experiments
we conducted using unbounded intrinsic quality but bounded reviews showed no significant
differences from results we present here.
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We compare the algorithms’ quality estimates to the ground truth by measuring their
correlation. The use of correlation, as opposed to a simpler metric like mean absolute er-
ror, allows us to ignore differences in scale and normalization among the systems tested.

We tested factor analysis both with and without the smoothing technique described
in Sect. 3.3. We found that the α parameter, a smoothing technique for asymptotic
consensus that gives greater weight to reviewers with more reviews, had no effect on
performance in this test, so these results are omitted for clarity. We did not test the β
and γ factors because they had little effect according to [2].

We discovered that both the mean and the asymptotic consensus algorithm delivered
better results when we adjusted for reviewer bias by normalizing each reviewer’s av-
erage score to zero, so we also tested versions of these algorithms with the observed
data adjusted for bias. We did not adjust for the bias with factor analysis because this
calculation is already part of the factor analysis algorithm.

To show how sparseness affected these algorithms, we varied the minimum number
of reviews necessary for a reviewer to be considered by the algorithms. The most sparse
run used all reviewers with at least two reviews, while other runs only used reviewers
with a minimum of 3, 5, 7, 10, 15, 20, 35, 50, 75, and 100 reviews.

The results of our tests can be seen in Fig. 1, which shows that factor analysis is sig-
nificantly better than both the mean and the asymptotic consensus algorithm at recover-
ing ground truth quality. Smoothing improves performance with sparse data, but slightly
degrades performance with denser datasets. The asymptotic consensus algorithm pro-
vides little gain versus the mean on this test, but adjusting for reviewer bias provides a
significant improvement to both the mean and asymptotic consensus algorithms.

The results are roughly the same on both of our datasets. The mean and the asymp-
totic consensus algorithm showed better performance on the second dataset, where the
skew in the observed data is due to similar skew in the ground truth. This result is not
surprising, since the distribution of observed data and ground truth data are much more
similar in this dataset than in the first one.

However, factor analysis also shows a slight increase in overall performance com-
pared to the first dataset. We believe that this result demonstrates that factor analysis is
a robust technique that excels at recovering intrinsic quality even when the distribution
of that ground truth data is quite different than what the factor analysis model assumes.

As one might expect, all of the algorithms predict the quality of items with many
reviews far more accurately than items with only a few reviews. However, because
approximately 90% of items in these datasets have 10 or fewer reviews, an algorithm’s
ability to accurately estimate the quality of items with very few reviews has significant
impact on its total performance.

Fig. 2 shows a more detailed view of the algorithms performance for a specific de-
gree of sparseness — a minimum of 10 reviews per reviewer — and plot the correlation
between the actual ground truth and the quality estimates for items with different num-
bers of reviews ranging from 1 to 50. These results show that factor analysis provides
the greatest advantage for the common case of items with few reviews. This distribution
of reviews per item also partly explains why asymptotic consensus is barely better than
the mean in Fig. 1. While asymptotic consensus consistently outperforms the mean by
a small amount for items with several reviews, its estimates are, by definition, identical



82 J. Traupman and R. Wilensky

(a) Unbiased ground truth

(b) Biased ground truth

Fig. 1. Comparison of CQF algorithms on a dataset with (a) unbiased ground truth and (b) biased
ground truth

to the means for items with only a single review. Because more than half of the items
have a single review, its overall performance is only slightly better than the mean.
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(a) Unbiased ground truth

(b) Biased ground truth

Fig. 2. Detailed comparison of mean, asymptotic consensus, and factor analysis algorithms on
dataset with (a) unbiased ground truth and (b) biased ground truth. Minimum of 10 reviews per
reviewer.
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Fig. 3. Comparison of algorithms’ abilities to estimate reviewer consensus
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5.2 Estimating Consensus

To measure a CQF system’s ability to estimate the consensus of a group of reviewers,
we measured the correlation between the reviewer weights returned by an algorithm
and the average trust score assigned to the reviewer in the epinions.com dataset.

For this test, we compared factor analysis, both with and without smoothing, to sev-
eral variants of the asymptotic consensus algorithm. For asymptotic consensus, we used
both the raw reviewer data and the data where we adjusted each reviewer’s bias to zero.
We also compared using asymptotic consensus’s α parameter to not using it. Because
the mean does not calculate weights for individual reviewers, we omitted it from this
experiment. The results of comparing these six algorithm variants is shown in Fig. 3.

None of the algorithms did particularly well on this test, with a maximum correlation
of about 0.18. We believe this has as much to do with average trust being a rather poor
indicator of consensus as it does with any weakness in the particular algorithms.

As expected, asymptotic consensus is clearly best at estimating reviewer consen-
sus. Using the α parameter—a smoothing parameter that discounts reviewers with few
reviews—provides a significant boost with highly sparse datasets. Smoothing also pro-
vides a noticeable benefit for factor analysis, though even the smoothed version lags
behind asymptotic consensus.

Interestingly, asymptotic consensus performs slightly worse on this test when we
center the reviewer data to zero out any reviewer bias. While unbiased reviews allow
better predictions of intrinsic quality, they actually hurt the algorithm’s ability to predict
consensus. Upon reflection, this isn’t surprising: if the consensus opinion is also biased,
we should expect the best prediction will be made from biased data.

In general, techniques that were most successful at estimating intrinsic quality—
namely factor analysis and using unbiased data—had a detrimental impact when esti-
mating consensus. Others which had no effect on estimating quality, like the α param-
eter, had large effects on this test. We feel the simplest explanation for this behavior is
that intrinsic quality and consensus are actually very different concepts of quality.

6 Conclusion

Our experiments suggest that while both asymptotic consensus and factor analysis are
purported to be filtering on quality, they are in fact computing quite different things.
The asymptotic consensus algorithm converges to an estimate of the consensus of a
group of reviewers, while factor analysis tries to recover objective quality. While the
lack of objective ground truth for either intrinsic quality or consensus makes evaluation
difficult, the preponderance of evidence suggests that these two aspects of quality are
actually distinct.

Neither approach is necessarily “correct”; each may be suitable for different types of
applications. However, as the stated goal of asymptotic consensus is to serve as a model
of scholarly review, one might hope that reviewer consensus and intrinsic quality would
converge. Unfortunately, our results suggest that they are likely to be different. Should
these results withstand further scrutiny, in particular, a test against real peer review data,
they would raise interesting questions about what such processes are in fact measuring.
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We believe that for such applications, factor analysis, or another approach that recovers
intrinsic quality, may be the better technique.
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Abstract. Most existing search engines employ static ranking algo-
rithms that do not adapt to the specific needs of users. Recently, some
researchers have studied the use of clickthrough data to adapt a search
engine’s ranking function. Clickthrough data indicate for each query the
results that are clicked by users. As a kind of implicit relevance feedback
information, clickthrough data can easily be collected by a search en-
gine. However, clickthrough data is sparse and incomplete, thus, it is a
challenge to discover accurate user preferences from it. In this paper, we
propose a novel algorithm called “Spy Näıve Bayes” (SpyNB) to identify
user preferences generated from clickthrough data. First, we treat the
result items clicked by the users as sure positive examples and those not
clicked by the users as unlabelled data. Then, we plant the sure positive
examples (the spies) into the unlabelled set of result items and apply
a näıve Bayes classification to generate the reliable negative examples.
These positive and negative examples allow us to discover more accu-
rate user’s preferences. Finally, we employ the SpyNB algorithm with a
ranking SVM optimizer to build an adaptive metasearch engine. Our ex-
perimental results show that, compared with the original ranking, SpyNB
can significantly improve the average ranks of users’ click by 20%.

1 Introduction

The information on the Web is huge and growing rapidly. An effective search
engine is an important means for users to find the desired information from
billions of Web pages. Besides standalone search engines, metasearch engines
are also very useful because they allow users to access multiple search engines
simultaneously with a uniform interface.

Adapting a search engine to cater for specific users and queries is an important
research problem and has many applications. In general, there are two aspects
of search engine adaptation that need to be addressed. The first aspect is query
specific adaptation; that is, how to return the best results for a query from the
underlying search engines that have different coverage and focuses. The second
aspect is user specific adaptation that aims to meet the diversified preferences of
different users in the search results. A well-adapted metasearch engine should be
able to optimize its ranking function for different query categories and different
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user communities. The challenging task is how to adapt the ranking function of
a metasearch engine to cater for different users’ preferences.

Some previous studies employed users’ explicit relevance feedback to adapt
the search engine’s ranking function [1,2]. However, users are usually unwilling
to give explicit feedback because of the manual efforts involved, making the
feedback data too few to be representative. To overcome this problem, researchers
have recently studied the use of clickthrough data, which is a kind of implicit
relevance feedback data, to optimize the ranking functions [3,4,5] in an automatic
manner.

Formally, clickthrough data are represented as a triplet (q, r, c), where q is the
input query, r is the ranked result links (l1, . . . , ln), and c is the set of links that
a user has clicked on. Figure 1 illustrates an example from clickthrough data of
the query “apple” and three links l1, l7 and l10 are in bold, indicating that they
have been clicked by the user. The main advantage of using clickthrough data is
that it does not require extra effort from the user, and thus can be obtained at a
very low cost. However, clickthrough data are ambiguous when used as a sign of
user preferences. As a consequence, it is more difficult to interpret clickthrough
data and discover user preferences than explicit relevance feedback data.

In essence of search engine adaptation using clickthrough data, there are two
steps. The first step is to identify user preferences (i.e., the user prefers one result
over another). The second step is to optimize the ranking function based on the
preferences obtained in the first step. There exists an effective algorithm called
ranking SVM [4] for the second step, but little research has been done for the
first step. In this paper, we focus on the accurate elicitation of user preferences
from clickthrough data. In particular, we propose a novel learning technique
called Spy Näıve Bayes (SpyNB), which analyzes the titles, abstracts and URLs
of the returned links to identify any actual irrelevant links. We show that SpyNB
is an effective way to discover accurate user preferences from clickthrough data
by incorporating SpyNB (for the first step) with a ranking SVM (for the second
step) to construct an adaptive metasearch engine ranker. Notice that SpyNB can
be used to adapt the ranking function of a standalone search engine. However,
metasearch is chosen in this paper, since it does not only serve as an important
search tool but allows us to focus on the adaptive ranking of the results without
considering crawling and indexing, which are not the goal of our paper. In ad-
dition, metasearch allows us to choose underlying search engines with different
strengths, coverages and focuses, thus giving us a new dimension to observe the
effectiveness of SpyNB.

Finally, we develop a metasearch engine prototype that comprises MSNSearch,
WiseNut and Overture for conducting experimental performance evaluations.
The empirical results show that SpyNB algorithm can accurately elicit user
preferences from clickthrough data and thus improve the ranking quality of a
metasearch engine. Importantly, the ranking quality produced with SpyNB is
shown to be significantly better than that of Joachims algorithm and the original
rankings from the underlying search engines.
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Links The list of search results with titles, abstracts and URLs of webpages

l1 Apple
(clicked) Opportunities at Apple. Visit other Apple sites . . .

http://www.apple.com/

l2 Apple - QuickTime - Download
Visit the Apple Store online or at retail locations . . .
http://www.apple.com/quicktime/download/

l3 Apple - Fruit
Apples have a rounded shape with a depression at the top . . .
http://www.hort.purdue.edu/ext/senior/fruits/apple1.htm

l4 www.apple-history.com
A brief history of the company that changed the computing world . . .
http://www.apple-history.com/

l5 MacCentral: Apple Macintosh News
Steve Jobs unveils Apple mini stores. . . .
http://www.macworld.com/news/

l6 Adams County Nursery, apple trees
One of the most widely planted apple cultivars worldwide.
http://www.acnursery.com/apples.htm

l7 Apple .Mac Welcome
(clicked) . . .member specials throughout the year. See . . .

http://www.mac.com/

l8 AppleInsider
. . . Apple seeds Mac OS X Server 10.3.6 build 7R20.
http://www.appleinsider.com/

l9 ROSE APPLE Fruit Facts
The rose apple is too large to make a suitable container plant. . . .
http://www.crfg.org/pubs/ff/roseapple.html

l10 Apple - Support
(clicked) Support for most Apple products provided by Apple Computer

http://www.info.apple.com/

Fig. 1. A clickthrough for the query “apple”. Links in bold are clicked by the user.

The rest of this paper is organized as follows. In Section 2, we briefly review
the related works. In Section 3, we present our SpyNB algorithm to identify user
preferences from clickthrough data. In Section 4, we revisit the idea of a ranking
SVM. In Section 5, the experimental results related to the effectiveness of our
SpyNB algorithm are reported. Section 6 concludes the paper.

2 Related Work

Related work on search engine adaptation using clickthrough data falls into two
subareas. The first one is the analysis of clickthrough data to identify user’s pref-
erences. The second one is the study of the optimization of a search engines’ rank-
ing function using the identified preferences. For ranking function optimization,
ranking SVM[4] is an effective algorithm, which can learn an optimized ranking
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function using user preferences as input. Recently, an RSCF algorithm [5] has
been proposed to extend ranking SVM to a co-training framework in order to
tackle the lack of clickthrough data for training.

For clickthrough data analysis, a simple algorithm was proposed by Joachims
[4], which elicits preference pairs from clickthrough data. We call this method
“Joachims algorithm” throughout this paper. Joachims algorithm assumed that
the user scans the ranked results strictly from top to bottom. Therefore, if a user
skips link li and clicks on link lj which ranks lower than link li (i < j), Joachims
algorithm assumed that the user must have observed link li and decided not to
click on it. Then preference pairs are elicited as lj <r′ li, where <r′ represents
the target ranking of search results.

For example, in the clickthrough of the “apple” query shown in Figure 1, the
user does not click on l2, l3, l4, l5, and l6, but clicks on l7. Therefore according
to Joachims algorithm, l7 is more relevant to the user than the other five links.
In other words, l7 should rank ahead of those five links in the target ranking.
Similarly, l10 should rank ahead of l2, l3, l4, l5, l6, l8, and l9 in the target ranking.
All preferences obtained using Joachims algorithm are shown in Figure 2.

Preference pairs Preference pairs Preference pairs
arising from l1 arising from l7 arising from l10

Empty Set l7 <r′ l2 l10 <r′ l2
l7 <r′ l3 l10 <r′ l3
l7 <r′ l4 l10 <r′ l4
l7 <r′ l5 l10 <r′ l5
l7 <r′ l6 l10 <r′ l6

l10 <r′ l8
l10 <r′ l9

Fig. 2. Preferences derived from the clickthrough of Figure 1 using Joachims algorithm

3 Learning Preferences from Clickthrough Data

We first discuss some inadequacies of Joachims algorithm. We then introduce a
new interpretation of clickthrough data, and based on that the SpyNB algorithm
for learning preferences from clickthrough data.

3.1 Inadequacy of Joachims Algorithm

As depicted in Section 2, Joachims algorithm is simple and efficient. However, we
argue that the assumption made by Joachims algorithm of how users scan search
results is too strong in reality, since users’ behaviors are diverse. Therefore, there
could be a problem in that Joachims algorithm assumes that the user scans search
results strictly from top to bottom, as in reality a user may leap over several
results. In short, the up-to-down scanning may not in reality be strict.

Moreover, we notice that Joachims algorithm is unfair to the high-ranking
links, which means that the high-ranking links (e.g. l1, l2) are more likely to
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be “penalized” than the low-ranking links (e.g. l9, l10). Consider the preference
example shown in Figure 2. Link l1 and l10 are both clicked links; however l1
appears on the left hand side of preference pairs (meaning it should be ranked
high in target ranking) much less than l10. (l1, 0 times; l10, 7 times.) On the other
hand, link l2 and l9 are both unclicked links; however, l2 appears on the right
hand side of preference pairs (means it should be ranked low in target ranking)
more than l9. (l2, twice; l9, 1 times.) Therefore, the high-ranking links (e.g. l1,
l2) are more likely to be ranked low after learning. We note the phenomenon
where Joachims algorithm is apt to penalize the high-ranking links.

3.2 New Clickthrough Interpretation

In order to address the above problems, we propose to interpret the clickthrough
data in a new manner. We note that the user typically clicks on the links whose
titles, abstracts or URLs are interesting to them. Therefore, we assume the
clicked links are liked by the user. Moreover, users in general are unlikely to click
all the links that match his interests. For example, after a user has obtained the
desired information, he stops scanning the results. Thus, we further assume that
the unclicked links contain both the links that the user likes and dislikes. Finally,
we assume that the disliked links are the links that are most different in content
to the clicked links.

Based on the new interpretation, we label the clicked links as positive and
the unclicked links as unlabeled samples. Then the problem of discovering user’s
preferences becomes how to identify the reliable negative samples from the unla-
beled set, where negative indicates that the link does not match user’s interests.
After the reliable negatives are identified, the user preference can be reflected
in the way that the user prefers all links in the positive set to those in the neg-
ative set. Let P denote the positive set, U denote the unlabeled set and RN
denote the reliable negative set, where RN ⊂ U . The pairwise preferences can
be represented as:

li <r′ lj, ∀ li ∈ P, lj ∈ RN (1)

Equation (1) indicates that all links in the positive set should rank ahead of
those from the negative set in the target ranking.

3.3 Spy Näıve Bayes

The problem now can be formulated as how to identify the reliable negative
examples from an unlabeled set using only positive and unlabeled data. Re-
cently, partially supervised classification [6,7,8,9] provides a novel paradigm for
constructing classifiers using positive examples and a large set of unlabeled ex-
amples. Finding reliable negative examples can be solved by partially supervised
classification techniques, such as Spy technique [8], 1-DNF [9], and the Rocchio
method [6]. In particular, we incorporate the spy technique with näıve Bayes to
design a Spy Näıve Bayes (SpyNB) algorithm for identifying the reliable negative
examples. We choose the spy technique, because it has been shown to be effec-
tive for common text classification [8]. However, clickthrough data have some
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unique characteristics compared to common texts. For instance, the titles and
abstracts are both very short texts, and the size of positive set (the number of
clicked links) is also very small. Consequently, the identified RN is not reliable
if only a small portion of positive examples are used as spies. Thus we further
employ a voting procedure to strengthen SpyNB. In this section, we elaborate
on the SpyNB algorithm in detail.

We first illustrate how the Näıve Bayes [10] (NB for short) is adapted in click-
through analysis as follows. Let “+” and “–” denote the positive and negative
classes, respectively. Let L = {l1, l2, · · · , lN} denote a set of N links (docu-
ments) in the search results. Each link li can be described as a word vector,
W = (w1, w2, · · · , wM ), in the vector space model [11], where we count the oc-
currences of wi appearing in the titles, abstracts and URLs. Then, a NB classifier
is built by estimating the prior probabilities (Pr(+) and Pr(−)), and likelihood
(Pr(wj |+) and Pr(wj |−)), as shown in Algorithm 1.

Algorithm 1 Näıve Bayes Algorithm
Input:

L = {l1, l2, . . . , lN} /∗ a set of links ∗/
Output:

Prior probabilities: Pr(+) and Pr(−);
Likelihoods: Pr(wj|+) and Pr(wj |−) ∀j ∈ {1, . . . , M}

Procedure:

1: Pr(+) =

∑N
i=1 δ(+|li)

N
;

2: Pr(−) =

∑N
i=1 δ(−|li)

N
;

3: for each attribute wj ∈ W do

4: Pr(wj |+) =
λ+

∑N
i=1 Num(wj ,li)δ(+|li)

λM+
∑M

j=1

∑N
i=1 Num(wj ,li)δ(+|li) ;

5: Pr(wj |−) =
λ+

∑N
i=1 Num(wj ,li)δ(−|li)

λM+
∑M

j=1

∑N
i=1 Num(wj ,li)δ(−|li) ;

6: end for

In Algorithm 1, δ(+|li) indicates the class label of link li. Its value is 1 if
li is positive; and 0 otherwise. Num(wj , li) is a function counting the number
of keywords wj appearing in link li. λ is the smoothing factor, where λ = 1 is
known as Laplacian smoothing [12], which we use in our experiments.

When testing, NB classifies a link l by calculating the posterior probability
using Bayes rule:

Pr(+|l) =
Pr(l|+)Pr(+)

Pr(l)

where Pr(l|+) =
∏|wl|

j=1 Pr(wlj |+) is the product of the likelihoods of the key-
words in link l. Then, link l is predicted to belong to class “+”, if P (+|l) is
larger than P (−|l); and “–” otherwise.

When the training data contain only positive and unlabeled examples, spy
technique is used to learn an NB classifier [8]. The idea behind spy technique
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is shown in Figure 3. First, a set of positive examples S are selected from P
and put in U , to act as “spies”. Then, the unlabeled examples in U together
with S are regarded as negative to train a NB classifier using Algorithm 1. The
obtained classifier is then used to assign probabilities Pr(+|l) to each example
in U ∪ S. After that, a threshold Ts is decided on by the probabilities assigned
to S. An unlabeled example in U is selected as a reliable negative example if
its probability is less than Ts, and thus RN is obtained. The examples in S
act as “spies”, since they are regarded as positive examples and are put into U
pretending to be negative examples. During classification, the unknown positive
examples in U are assumed to have comparative probabilities with the spies.
Therefore, the reliable negative examples RN can be identified.

R N i

negative positive

U

Spy i

N aive Bayes

Spy i

P

U

P

Fig. 3. Spy technique of SpyNB

Due to the unique characteristics of clickthrough data, we further employ a
voting procedure (Figure 4) to make Spy Näıve Bayes more robust. The idea of
voting procedure is as follows. The algorithm runs an n-time iteration, where
n = |P | is the number of positive examples. In each iteration, a positive example
pi in P is selected to act as a spy. It is then put into U to train an NB classifier
NBi. The probability Pr(+|pi) assigned to the spy pi can be used as a threshold
Ts to select a candidate for a reliable negative example set (RNi). That is, any
unlabeled example uj with a smaller probability of being a positive example than
the spy (Pr(+|uj) < Ts) is selected into RNi. Consequently, n candidate reliable
negative sets: RN1, RN2, · · · , RNn are identified. Then, a voting procedure is
taken to combine all RNi into the final RN . An unlabeled example is included
in the final RN , if and only if, it appears in at least a certain portion (Tv)
of RNi. The advantage of adopting the voting procedure in SpyNB is that the
procedure makes full use of all positive examples in P . Also, the procedure makes
decisions on RN by taking opinions from all possible spies and thus minimizes
the influence of a random selection of spies.



94 L. Deng et al.

P

U

R N1 R N3 R Nn

RN

Voting

one-step
SpyNB

Fig. 4. Voting procedure of SpyNB

Algorithm 2 Spy Näıve Bayes (SpyNB) Algorithm

Input:
P – a set of positive examples; U – a set of unlabeled examples; Tv – a voting
threshold; Ts – a spy threshold

Output:
RN – the set of reliable negative examples

Procedure:
1: RN1 = RN2 = · · · = RN|P | = {} and RN = {};
2: for each example pi ∈ P do
3: Ps = P − {pi};
4: Us = U ∪ {pi};
5: Assign each example in Ps the class label 1;
6: Assign each example in Us the class label -1;
7: Build a NB classifier on Ps and Us;
8: Classify each example in Us using the NB classifier;
9: Spy threshold Ts = Pr(+|pi);

10: for each uj ∈ U do
11: if Pr(+|uj) < Ts then
12: RNi = RNi ∪ {uj};
13: end if
14: end for
15: end for
16: for each uj ∈ U do
17: V otes = the number of RNi such that uj ∈ RNi

18: if V otes > Tv × |P | then
19: RN = RN ∪ {uj};
20: end if
21: end for
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The SpyNB algorithm is given in Algorithm 2. Steps 2 to 15 use the Spy
technique to generate n candidates of reliable negative example sets RNi. Steps
16 to 21 combine all RNi into the final RN using the voting procedure.

To analysis the time complexity of SpyNB algorithm, let |P | denote the num-
ber of clicked links (positive examples), |U | denote the number of unclicked links
(unlabeled examples) and N denote the number of all links. Training näıve Bayes
(Algorithm 1) requires only one time scan of all links, thus the time complexity
of training is O(N). The predication of näıve Bayes costs O(|U |) time, where
|U | < N . Thus the steps 2 to 15 of SpyNB algorithm cost O(|P | × (N + |U |)) =
O(|P |×N) time. With similar analysis, the time complexity of steps 16 to 21 of
SpyNB algorithm is O(|P | × |U |), which is smaller than O(|P | × N).

Thus overall, the time complexity of the SpyNB algorithm is O(|P | ×N). We
know that the time complexity of Joachims algorithm is O(N). It seems that
SpyNB algorithm is not as efficient as Joachims algorithm. However, we note that
in most realistic cases, |P | (the number of links clicked by the user) is usually very
small, and actually can be considered as having a constant bound. For example,
the empirical clickthrough data reported in [5] has merely an average of 2.94
clicks per query. Therefore, without losing the generality, we can assume no user
clicks more than 10 (or any large enough integer) links for a query. Then, |P | < 10
and the time complexity of SpyNB algorithm becomes O(10 × N) = O(N).

In short, although the SpyNB algorithm is more sophisticated than Joachims
algorithm, due to the characteristics of clickthrough data, the practical complex-
ity of SpyNB is still at the same level as Joachims algorithm, according to the
previous analysis.

4 Optimizing Ranking Functions

After preferences are identified by SpyNB, we employ a ranking SVM [4] to
optimize the ranking function using the identified preferences. We now briefly
revisit the basic idea of ranking SVM as follows.

For a training data set, T = {(q1, r
′
1), (q2, r

′
2), . . . , (qn, r′n)}, where qi in T is a

query and r′i is the corresponding target ranking, ranking SVM aims at finding a
linear ranking function f(q, d), which holds as many preferences in T as possible.
f(q, d) is defined as the inner product of a weight vector −→ω and a feature vector
of query-document mapping φ(q, d). φ(q, d) describes how well a document d of
a link in the ranking matches a query q (will be detailed in Section 5.2). −→ω gives
a weighting of each feature.

Given a weight vector, −→ω , retrieved links can be ranked by sorting the values:
f(q, d) = −→ω ·φ(q, d). Then, the problem of finding a ranking function, f , becomes
finding a weight vector, −→ω , that makes the maximum number of the following
inequalities hold:

For all (di, dj) ∈ r′k , (1 ≤ k ≤ n)
−→ω · φ(qk, di) > −→ω · φ(qk, dj) (2)
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where (di, dj) ∈ r′k is a document pair corresponding to the preference pair
(li <r′

k
lj) of qk, which means di should rank higher than dj in the target ranking

of r′k. Figure 5 illustrates the effect of different weight vectors on ranking three
documents, d1, d2 and d3, while the target ranking is d1 <r∗ d2 <r∗ d3. As we
can see, −→ω1 is better than −→ω2: the documents are correctly ranked as (d1, d2, d3)
by −→ω1, but are ranked as (d2, d1, d3) by −→ω2 in which d1 < d2 does not hold.

However, solving −→ω with the constraints in Equation (2) is NP-hard [13]. An
approximate solution can be obtained by introducing non-negative slack vari-
ables, ξijk , to the inequalities to tolerate some ranking errors. The inequalities
are rewritten as:

For all (di, dj) ∈ r′k , (1 ≤ k ≤ n)
−→ω · φ(qk, di) > −→ω · φ(qk, dj) + 1 − ξijk, ξijk ≥ 0 (3)

and ranking SVM is then formulated as a constrained optimization problem,
which is stated as minimizing the target function:

V (−→ω , ξ) =
1
2
−→ω · −→ω + C

∑
ξijk, (4)

subject to the constraints given in Equation (3).
The idea of solving the above optimization problem is: let δ be the distance

between the two closest projected documents along a weight vector. In Figure 5,
δ1 and δ2 are the distances between the two closest projections along −→ω1 and−→ω2, respectively. If there are several weight vectors that are able to make all the
rankings hold subject to the condition in Equation (3), the one that maximizes
the margin δ is preferred. This is because the larger value of δ, the more defi-
nite the ranking, and hence the better the quality of the weight vector −→ω . The
summation term,

∑
ξijk, of slack variables in target function (4) is the sum of

the errors in ranking pairs. Therefore, minimizing this term can be viewed as
minimizing the total training errors made. Finally, parameter C is introduced
to allow a trade-off between the margin size δ and the total training errors.

1ω

2ω

1d 2d

3d

1δ

2δ

Fig. 5. Ranking the documents d1, d2, and d3 with the weight vectors −→ω1 and −→ω2
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As output, ranking SVM gives a weight vector −→ω , which can be used to
rank future retrieved results by sorting the value: f(q, d) = −→ω · φ(q, d). The
ranking SVM algorithm is implemented in a SVM-Light software, which can be
downloaded from [14].

5 Experimental Evaluations

We conduct extensive experiments to evaluate our method. Section 5.1 describes
how we set up the experiment. Section 5.2 explains the specification of the imple-
mented ranking function. Section 5.3 introduces a baseline method mJoachims
algorithm and Section 5.4 reports the experimental results.

5.1 Experiment Setup

In order to evaluate the effectiveness of our method, we develop a metasearch
engine that comprises three search engines: MSNSearch1, WiseNut2 and Over-
ture3. At the time of this writing, MSNSearch is regarded as one of the best
major search engines in the world; WiseNut is a new and growing search engine;
and Overture is an advertising search engine which ranks results based on the
prices paid by the sponsors. We choose the three search engines that have differ-
ent strengths in terms of retrieval quality and focus, as we can test our methods
in a query-specific adaptation context.

Our metasearch engine works as follows. When a query is submitted to the
system, top 100 links from each search engine are retrieved. Then the combined
list presented to the user is produced in a round-robin manner [15] to ensure
that there is no bias towards any source. If a result is returned by more than
one search engine, we only present it once. The titles, abstracts and URLs of
the retrieved results are displayed in a uniform style. Therefore, the users do not
know which search engine a particular link is from.

To collect clickthrough data, we asked five graduate students in our depart-
ment to test the system. The users are considered to share the same interests
as they come from the same community. We gave the users three categories
of queries for searching: Computer Science (CS), news and shopping, and each
category contains 30 queries. This setting aims to test the methods in a query-
specific context. However, in essential, the result can also apply to user-specific
context. Figure 6 shows some statistics of the clickthrough we collected.

5.2 Linear Ranking Function

Our metasearch engine adopts a linear ranking function to rank search re-
sults. Suppose q is a submitted query, and d is a document (link) retrieved
from underlying search engines. The links are ranked according to the value
1 http://search.msn.com
2 http://www.wisenut.com
3 http://www.overture.com
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Query category Computer Science News Shopping

Number of queries 30 30 30

Number of clicks 123 87 130

Average clicks per query 4.1 2.9 4.3

Average rank clicked on 5.87 5.6 5.59

Fig. 6. Statistics of experiment data

f(q, d) = −→ω · φ(q, d), where φ(q, d) is a feature vector representing the match
between query q and document d, and −→ω is a weigh vector that can be learned
by our personalization approach. We then define the feature vector φ(q, d) as
three kinds of features, namely, Rank Features, Common Features and Similar-
ity Features :

1. Rank Features (3 numerical and 12 binary features).
Let search engine E ∈ {M, W, O} (M stands for MSNsearch, W for WiseNut,
and O for Overture) and T ∈ {1, 3, 5, 10}. We define numerical features
Rank E and binary features Top E T of document d as follows:

Rank E =
{

11−X
10 if d ranks X in E, X <= 10

0 otherwise.

Top E T =
{ 1 if d ranks top T in E;

0 otherwise.
2. Common Features (2 binary features).

Com 2 =
{ 1 if d ranks top 10 in two search engines;

0 otherwise.

Com 3 =
{ 1 if d ranks top 10 in three search engines;

0 otherwise.
3. Similarity Features (1 binary and 2 numerical features).

Sim U =
{ 1 if any word in query appears in URL;

0 otherwise.
Sim T = Cosine similarity between query and title.

Sim A = Cosine similarity between query and abstract.

Overall, φ(q, l) contains 20 features as shown below:

(Rank M, Top M 1, . . . , T op M 10, Rank W, . . . ,

Rank O, . . . , Com 2, Com 3, Sim U, . . . , Sim A) (5)

The corresponding weight vector −→ω contains 20 weight values, each of which
reflects the importance of a feature in Equation (5). There are other ways to
define φ(q, d) and −→ω . Our definition only reflects the intuition about what we
think are important for a metasearch engine to rank search results and still easy
for implementation.
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5.3 mJoachims Algorithm

As pointed out in Section 3.1, Joachims algorithm unfairly penalizes the high-
ranking links, which in practice may lead to problems. To verify this point, we
modify a bit the way of Joachims algorithm generating preference pairs, and call
it “mJoachims algorithm”. The mJoachims algorithm adds some preferences to
standard Joachims algorithm with the high-ranking links appearing in the left
hand side, for alleviating the penalty. In particular, suppose li is a clicked link,
lj is the next clicked link right after li (that is, none of clicked links exists
between li and lj), and lk is any skipped link ranks between li and lj , then the
preferences derived with mJoachims algorithm are those derived with standard
Joachims algorithm added with the pairs of li <r′ lk (i < k < j). Figure 7 shows
the preference pairs derived using mJoachims algorithm from the clickthrough
of Figure 1. The difference between Joachims and mJaochims algorithm can be
seen by comparing Figure 2 and Figure 7.

Preference pairs Preference pairs Preference pairs
arising from l1 arising from l7 arising from l10

l1 <r′ l2 l7 <r′ l2 l10 <r′ l2
l1 <r′ l3 l7 <r′ l3 l10 <r′ l3
l1 <r′ l4 l7 <r′ l4 l10 <r′ l4
l1 <r′ l5 l7 <r′ l5 l10 <r′ l5
l1 <r′ l6 l7 <r′ l6 l10 <r′ l6

l7 <r′ l8 l10 <r′ l8
l7 <r′ l9 l10 <r′ l9

Fig. 7. Preferences derived using mJoachims algorithm

5.4 Experimental Results

The experiment consists of three parts. We first compare the effectiveness of
SpyNB with Joachims and mJoachims algorithm on ranking quality. Secondly,
we analyze the effect of training data size on the performance of algorithms.
Finally, we make some interesting observation on the learned ranking functions.

Evaluation on Ranking Quality. In order to evaluate SpyNB algorithm on
ranking quality, we incorporate SpyNB, Joachims and mJoachims algorithms
with ranking SVM, and obtain 3 learned ranking functions. Particularly, we set
the voting threshold of SpyNB (Tv in Algorithm 2) as 50% just by random.
Then we evaluate the ranking functions by using them to rerank the original
clickthrough, and see if the ranking quality can be improved.

We measure ranking quality in terms of the average rank of users’ clicks,
denoted as Ψ . Intuitively, a good ranking function should rank the user desired
links high. Thus, the smaller the value of Ψ , the better the ranking quality. To
show the actual improvement, we define a metric relative average rank of users’
clicks, denoted as Ψr, as the Ψ derived from a personalized ranking function
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divided by the Ψ of the original search result. Ψr < 1 indicates that an actual
improvement is achieved.

The results are shown in Figure 8. First, the values of Ψr of SpyNB are
all about 0.8 < 1, which means the ranking function derived with SpyNB can
improve the ranking quality by about 20% for all 3 categories. This result in-
dicates that SpyNB algorithm can effectively discover user’s preferences from
clickthrough data.

Computer Science Social Science Finance
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Fig. 8. Comparison on Relative Average Rank of Users’ Clicks of three methods

Moreover, we find that Joachims algorithm and mJoachims algorithm fail to
achieve actual improvement after reranking the original search results, since their
Ψr values are greater than 1. We explain this finding as because their strong as-
sumptions do not hold on our empirical clickthrough data. Thus the preferences
identified by the existing algorithms are incorrect. Particularly, mJoachims al-
gorithm is relatively better than Joachims algorithm, which can be interpreted
that Joachims algorithm is apt to penalize high-ranking links, while mJoachims
algorithm alleviates this penalty. Finally, we can conclude that the preferences
discovered by SpyNB algorithm are much more accurate than those by Joachims
and mJoachims algorithms.

Effect of Varying Data Size. In order to study the impact of data set size
on the ranking function optimizer, we randomly select n queries to evaluate our
SpyNB algorithm and the Joachims algorithm, where n is set to 6, 12, 18, 24 and
30. The experimental settings are the same as those described in Section 5.4. We
also compute the Ψ r parameter and present the results in Figure 9.

From Figure 9, we can see that when the data size is small, the performance
of SpyNB is not satisfactory (i.e. Ψr > 1). The reason is that when the data
size is too small, the training data is not representative enough for learning an
effective ranking function. When the data size is growing, the performance of
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(a) “Computer Science” category
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(b) “News” category
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(c) “Shopping” category

Fig. 9. Relative Average Rank Ψr of SpyNB and Joachims algorithm on varying data
size

SpyNB is gradually improved, and when the training data szie increase to 30, the
Ψr value decreases to around 0.8, which means that SpyNB can achieve about
20% improvement compared with the original ranking. Moreover, we note that
the performance curves at point of 30 become quite flat, so we suppose the best
performance of SpyNB will converge at some level a bit samller than 0.8. On
the other hand, this result also indicates that the least number of clickthrough
data for training SpyNB is quite small: just 30 training clickthrough can train
an effective SpyNB ranking function optimizer.

Learned Weights of Ranking Functions. As detailed in Section 5.2, the
learned ranking function in our experiment is a weight vector comprising 20 com-
ponents. We list the weight vectors learned on the query categories of “Computer
Science”, and “Shopping” in Figure 10 and Figure 11 respectively.

Intuitively, the features with high absolute weights have a large impact on the
resulted ranking. In particular, a higher positive (negative) weight indicates that
the links with this feature would be ranked higher (lower) in the combined list.
As we can see, the weight vector of the “Computer Science” category and the
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Feature Weight Feature Weight

Rank M 1.811 Rank W 1.275

Top M 1 0.566 Top W 1 0.480

Top M 3 -0.003 Top W 3 0.229

Top M 5 0.063 Top W 5 -0.138

Top M 10 -0.021 Top W 10 -0.458

Rank O 0.415 Sim A 0.357

Top O 1 -0.677 Sim T 0.785

Top O 3 0.447 Sim U 0.288

Top O 5 -0.087 Com2 0.186

Top O 10 -0.440 Com3 -0.226

Fig. 10. Learned weight vector of the
“Computer Science” category

Feature Weight Feature Weight

Rank M 1.154 Rank W -0.217

Top M 1 0.108 Top W 1 0.355

Top M 3 0.563 Top W 3 0.362

Top M 5 -0.045 Top W 5 -0.364

Top M 10 -0.757 Top W 10 -1.429

Rank O 1.019 Sim A 0.025

Top O 1 0.718 Sim T 0.520

Top O 3 0.586 Sim U -0.106

Top O 5 0.528 Com2 0.240

Top O 10 -0.864 Com3 0

Fig. 11. Learned weight vector of the
“Shopping” category

“Shopping” category are quite distinguishable, which clearly indicates that the
underlying search engines have different strengths in terms of topical specialty.

We can also draw some user preference information of the group of users in our
experiment from the learned weight vector. Generally speaking, the numerical
Rank Features Rank M , Rank O and Rank W reflect the relative importance
of MSNSearch, Overture and WiseNut respectively. As we can see from Fig-
ure 10 and Figure 11, the values of Rank M are the largest for both the “Com-
puter Science” and the “Shopping” categories. The value of Rank O is small
for the “Computer Science” category, but large (almost equal to Rank M) for
the “Shopping” category. Moreover, the values of Rank W are relative small for
both categories. These observations indicate that MSNSearch are strong in all
the queries in both categories, Overture is particularly good at shopping queries,
and WiseNut does not perform outstandingly in any query category. These con-
clusions are consistent with the common knowledge that MSNSearch is one of
the best general search engines in the world, Overture is an advertising search
engine, and WiseNut is a growing search engine which still needs to perfect itself.

As another interesting observation, we can see that the similarity between
query and title seems to be more important than the similarity between query
and abstract, for the reason that the values of Sim T are larger than those of
Sim A in Figure 10 and Figure 11. This observation can be explained as follows:
the abstracts sometimes are not very informative and the titles usually have
larger influences on users’ relevance judgement than the abstracts. In short,
analysis of the learned weight vector can be useful to understand the users’
preferences and behaviors.

6 Conclusions

In this paper, we first identify some problems of an existing algorithm for dis-
covering user’s preferences from clickthrough data. We then introduce a new
clickthrough interpretation and propose a novel SpyNB algorithm for discover-
ing preferences based on analyzing the texts (titles, abstracts) of clickthrough
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data. Furthermore, we present an approach to adapting a search engine’s ranking
function using SpyNB algorithm plus a ranking SVM optimizer.

To evaluate our methods, we conducted controlled experiments, particularly in
a query-specific adaptation context. The experimental results demonstrated that
our method significantly improved the ranking quality in terms of the average
rank of users’ clicks by 20% compared with the original ranking and even more
when compared with existing Joachims algorithm.

There are several directions we are going to study in the future. First, we
would like to test a more sophisticated Spy Näıve Bayes technique by extending
current black-and-white (0 or 1) voting procedure to incorporate continuous
probability into vote values. Moreover, we plan to conduct online interactive
experiments to further evaluate our method and also evaluate our method in a
user-specific adaptation context.
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Abstract. Personalized search has gained great popularity to improve
search effectiveness in recent years. The objective of personalized search
is to provide users with information tailored to their individual con-
texts. We propose to personalize Web search based on features extracted
from hyperlinks, such as anchor terms or URL tokens. Our methodology
personalizes PageRank vectors by weighting links based on the match
between hyperlinks and user profiles. In particular, here we describe
a profile representation using Internet domain features extracted from
URLs. Users specify interest profiles as binary vectors where each fea-
ture corresponds to a set of one or more DNS tree nodes. Given a profile
vector, a weighted PageRank is computed assigning a weight to each
URL based on the match between the URL and the profile. We present
promising results from an experiment in which users were allowed to se-
lect among nine URL features combining the top two levels of the DNS
tree, leading to 29 pre-computed PageRank vectors from a Yahoo crawl.
Personalized PageRank performed favorably compared to pure similarity
based ranking and traditional PageRank.

1 Introduction

The explosive growth of documents in the Web makes it difficult to determine
which are the most relevant documents for a particular user, given a general
query. Recent search engines rank pages by combining traditional information
retrieval techniques based on page content, such as the word vector space [1,2],
with link analysis techniques based on the hypertext structure of the Web [3,4].

Personalized search has gained great popularity to improve search effectiveness
in recent years [10,12,29]. The objective of personalized search is to provide users
with information tailored to their individual contexts. We propose to personalize
Web search based on features extracted from hyperlinks, such as anchor terms or
URL tokens. Our methodology personalizes PageRank vectors by weighting links
based on the match between hyperlinks and user profiles. In particular, here we
describe a profile representation using Internet domain features extracted from
URLs.

B. Mobasher et al. (Eds.): WebKDD 2004, LNAI 3932, pp. 104–115, 2006.
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We identify two aspects of link analysis. One is the global importance of pages
as estimated from analyzing the Web link graph structure. There is a major
body of research exploring retrieval techniques based on link popularity such
as PageRank [3] and HITS [4]. Another aspect of link analysis is the structure
of the hyperlinks themselves. For example, anchor text has been shown to be
a very good predictor of content of the linked page [27,28]. One can expect
that keywords in the anchor text of a link might be highly related with the
content of that page. The accuracy and quality of a page can also be estimated
by looking at its URL. Web pages published under an educational institution
Web site might be deemed to have higher prestige compared to those published
under free Web hosting sites. In this research, we combine these two aspects of
link analysis: PageRank and hyperlink structure to improve search effectiveness
through personalized search.

The PageRank algorithm provides a global ranking of Web pages based on
their importance estimated from hyperlinks [5,3,6]. For instance, a link from
page “A” to page “B” is considered as if page “A” is voting for the importance
of page “B”. So, as the number of links to page “B” increases, its importance
increases as well. In PageRank, not only the number of inlinks but their sources
decide the importance of a page. In this scenario, the global ranking of pages is
based on the Web graph structure. Search engines such as Google1 utilize the
link structure of the Web to calculate the PageRank values of the pages. These
values are then used to rank search results to improve precision. Comprehensive
reviews of the issues related to PageRank can be found in [7,8,9].

The PageRank algorithm [5,3] attempts to provide an objective global esti-
mate of Web page importance. However, the importance of Web pages is sub-
jective for different users and thus can be better determined if the PageRank
algorithm takes into consideration user preferences. The importance of a page
depends of the different interests and knowledge of different people; a global
ranking of a Web page might not necessarily capture the importance of that
page for a given individual user. Here we explore how to personalize PageRank
based on features readily available from page URLs. For instance a user might
favor pages from a specific geographic region, as may be revealed by Internet
(DNS) domains. Likewise, topical features of Internet domains might also reflect
user preferences. A user might prefer pages that are more likely to be monitored
by experts for accuracy and quality, such as pages published by academic in-
stitutions. Current search engines cannot rank pages based on individual user
needs and preferences.2

In order to address the above limitations of global PageRank, we introduce a
methodology to personalize PageRank scores based on hyperlink features such
as Internet domains. In this scenario, users specify interest profiles as binary
feature vectors where a feature corresponds to a DNS tree node or node set. We
pre-compute PageRank scores for each profile vector by assigning a weight to
each URL based on the match between the hyperlink and the profile features. A

1 http://www.google.com
2 See Section 2 for an exception to this, currently under beta-testing by Google.
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weighted PageRank vector is then computed based on URL weights, and used at
query time to rank results. We present promising results from an experiment in
which users were allowed to select among nine hyperlink features combining the
top two levels of the DNS tree, leading to 29 pre-computed PageRank vectors.

In the next section we discuss work relevant to PageRank computation and
personalizing PageRank. Section 3 presents our method of computation for per-
sonalized PageRank vectors and outlines how user profiles are created based
on Internet domains. Section 4 details the design and architecture of our im-
plementation as well as a user study conducted to evaluate our methodology.
Experimental results are presented in Section 5.

2 Background

The idea of a personalized PageRank was first introduced in [5] and has been
studied by various researchers [10,11,12] as a query-dependent ranking mecha-
nism. If personal preferences are based on n binary features, there are 2n different
personalized PageRank vectors for all possible user preferences. This requires an
enormous amount of computation and storage facilities. In an attempt to solve
this problem, a method was introduced that computes only a limited amount of
PageRank vectors offline [12]. This method provides for a methodology where
personalized PageRank vectors can be computed at query time for all other
possible user preferences. The main concern of the work presented here is to
introduce a methodology for personalizing PageRank vectors based on hyper-
link features. To this end, we limit the choices of user preferences to topical and
geographic features of Internet domains.

Techniques for efficient and scalable calculation of PageRank scores are an
area of very active research [13,14,15,16]. While this is important and relevant
to the issue of personalized PageRank discussed here, it is outside the scope of
the present paper. For the experiments presented here we use a collection from
a relatively small crawl (∼ 105 pages, cf. Section 4), and it is not necessary to
recompute PageRank frequently. Therefore scalability is not discussed further.

Web personalization and customization are related, but distinct concepts.
The objective of personalization is to provide users with information tailored to
their individual contexts. Mostafa [21] defines customization systems as involving
more functionalities than personalization. This includes factors such as location
and time to identify the structure and presentation of information. Methodolo-
gies for the system to learn about the user’s informational context can be defined
as information request, use and demand patterns. Our system requires that the
user provides personal information by creating an individual profile based on do-
main profiles. Therefore we view our approach as an example of personalization
and not customization.

Personalization can be achieved in various ways. Erinaki and Vazirgiannis [20],
categorize personalization into four groups. In content based filtering the recom-
mendation is done based on the user’s individual preferences. In collaborative
filtering the information is sorted based on personal preferences of like-minded
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individuals [22]. In rule-based filtering the users are asked questions by the sys-
tem. The system extracts rules from the answers and then applies these rules to
deliver appropriate content to the users. At last, in Web usage mining person-
alized recommendation takes place by applying data mining techniques to web
usage data [22,23,24,25,26]. Our methodology for personalization falls into the
first category as we utilize static profiles defined by users for re-sorting search
results.

Search can be personalized in two ways: query augmentation and result
processing [19]. In the former method the query is compared against user pref-
erences. If the similarity between the query and user preferences is above a
threshold the query is augmented with metadata and submitted to the search
engine to obtain more precise results. In the latter method the results that are
returned by a search engine are re-ranked based on the user’s profile. Here, we
focus on personalizing search hits through result processing.

Google has recently started beta-testing a personalized Web search service
based on topical user profiles.3 It appears that user profiles are based on hier-
archical topic directories (á la Open Directory Project4), however due to lack of
documentation we are unable to discuss the similarities or differences between
that work and the methodology proposed here.

“Topic-sensitive” web search, introduced by Haveliwala [10], is similar to our
work. The method suggests pre-computation of topical PageRank vectors prior
to query time. The idea is to minimize the jumping probability to pages that are
considered as irrelevant to the topic. Topic-sensitive PageRank vectors are then
combined at query time based on the similarity between topics and query. In our
approach we personalize PageRank scores by assigning weights to URLs based on
matched hyperlink features. At query time the user’s profile is matched with the
corresponding personalized PageRank vector. As in the traditional PageRank,
our method does not require the content of pages since we are only interested in
URLs.

We also note that Baeza-Yates and Davis [30] introduce a variant of PageR-
ank that gives weights to link based on a) relative position in the page, b) tag
where the link is contained and c) length of the anchor text. Here, we focus
on personalizing PageRank scores based on hyperlink features such as Internet
domain features extracted from URLs.

3 Personalized PageRank Based on Hyperlink Features

3.1 Traditional PageRank Computation

PageRank is one of the most well known algorithm that is based on global popu-
larity of web pages. It was first introduced by Brin and Page [3]. The computation
of plain PageRank vectors is done as described below.

3 http://labs.google.com/personalized
4 http://dmoz.org
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R(p) = (1 − d) + d ·
∑

{q:q→p}

R(q)
|s : q → s|

where d is the traditional jump probability (or damping factor) and the sum over
pages q that link to p has each element normalized by the number of outlinks
from page q.

3.2 Personalized PageRank Vectors

Personalized PageRank vectors provide a ranking mechanism which in turn cre-
ates a personalized view of the Web for individual users. The computation of
personalized PageRank vectors is done prior to search time. When calculating
the PageRank vectors, predefined user profiles are taken into consideration.

We use the following recursive definition for personalized PageRank compu-
tation:

RU (p) = (1 − d) + d ·
∑

{q:q→p}

WU (q) · RU (q)
|s : q → s|

where U is the user profile, d is the traditional jump probability (or damping
factor), the sum over pages q that link to p has each element normalized by
the number of outlinks from page q, and WU (q) is the weight of page q based
on profile U . The reader will immediately note that it is the weight vector that
generalizes PageRank to the personalized case, and that the definition readily
reverts to the traditional PageRank in the special case where WU (q) = 1 irre-
spective of users or pages.

3.3 User Profile from Internet Domains

In this paper we study user profiles based on hyperlink features. Profiles can be
based on any hyperlink features such as path keywords, protocols, host names,
etc. Let us focus on Internet (DNS) domains. A user is expected to input his/her
interests as a set of domain features, before query time. When a query is sub-
mitted by the user, we retrieve the personalized PageRank vector corresponding
to his/her profile in order to rank the hits satisfying the query.

Alternatively, one could extend the profile by adding features associated with
the protocols (say, if a user was interested mainly in FTP sites) or with keywords
(say, if a user was interested in certain organizations such as webMD). Figure 1
shows the hyperlink feature space.

A domain profile is a binary feature vector. Domain features are divided into
N groups or categories, such as geographic or topical features (N is a parameter).
When assigning a weight to a URL based on its features we use the following
algorithm, which takes a URL in input and returns a corresponding normalized
weight. We first analyze the fully qualified domain name of the server host. This
domain analysis creates a URL feature vector. Let n be the number of matched
feature groups between the user profile vector U and the feature vector of page
p’s URL. The normalized weight for this URL and user profile is then defined
by WU (p) = 2n−N .
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Fig. 1. Various kinds of profiles can be used on hyperlink features. Here we focus on
domain-based features.

Let us illustrate the above algorithm with an example. Consider a site p that
belongs to the United Kingdom’s government, http://www.direct.gov.uk; and
a user profile U with geographic domain features (America, Europe) and topical
domain features (Educational, Commercial). Let us also assume that N = 2,
i.e. we consider only the two groups of geographic and topical domain features.
In this example the domain analysis yields a URL feature vector (Europe,
Government) from the domains uk and gov. As a result n = 1 feature groups are
matched, namely the geographic feature Europe, and therefore WU (p) = 0.5.

4 Evaluation

To evaluate our methodology we carried out a Web crawl and implemented an
extension of the Nutch5 open-source search engine to combine similarity and
PageRank computations. We then conducted a user study to explore the im-
provement in precision/recall when applying our idea of personalizing PageRank
based on hyperlink features.

4.1 Design and Architecture

For our experiment we used a collection of pages obtained by crawling the Web
in April 2004, starting from three seed categories (“Education,” “Region,” and
“Government”) of the Yahoo Directory6. The resulting crawl data consists of
107,890 URLs and 468,410 links forming a Web graph. When calculating the
PageRank scores, one must deal carefully with the problem of danglink links
— nodes that don’t have known outlinks — as explained in [5,17]. It has also

5 http://www.nutch.org
6 http://dir.yahoo.com
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been showed that it is possible to compute PageRank scores with missing outlink
information and keep PageRank errors under control [18]. To minimize error rate
in PageRank calculations and maximize the size of our Web graph, we used an
additional imaginary node to distribute the PageRank from danglink links back
to the graph. Each dangling link node was linked to the imaginary node, and this
was linked to all of the nodes without known inlinks. This approach is similar
to the one described in [14,17].

Table 1. Domain features used in the profiles

Number Feature Category Domains

1 Commercial Topical com

2 Military Topical mil

3 Government Topical gov

4 Non-Profit Organizations Topical org

5 Network Organizations Topical net

6 Educational Topical edu

7 America Geographic ca,us,...

8 Asia Geographic jp,tw,...

9 Europe Geographic it,uk,...

Offline, we pre-computed 29 − 1 = 511 personalized PageRank vectors in-
cluding a plain PageRank vector (the case where all features are selected and
the case where no features are selected are considered identical and equivalent
to plain PageRank). Personalized PageRank vectors were computed based on
predefined domain profiles. In our design, a domain profile may consist of 9
features: 6 topical and 3 geographic domain features as illustrated in Table 1.
PageRank vectors are computed once and stored prior to query time. We used
the compressed sparse row (CSR) data structure to store the adjacency matrix
representation of our Web graph. The CSR data structure stores its row and
column index for each entry. Entries are listed one row after another. This is
simply done by a data structure which is a triplet (i,j,value). We defined a
Java object to represent a triplet and a global array to store the triplet objects.
This way we do not store non-zero values unnecessarily. Also, to avoid increasing
the online query time, we updated the Nutch index system so that it can also
accommodate PageRank scores along with the existing information such as an-
chor text, keywords, and similarity score. This prevents the heavy I/O overhead
of reading the PageRank scores from an external database or file store. We used
global parallel arrays for vertices and PageRank vectors.

For online query processing and to manage our user study, we implemented
various user interfaces using Java Server Pages. When a query is submitted, we
use the Nutch search mechanism to retrieve the hits. Nutch uses a TFIDF based
similarity metric [1,2] to rank hits satisfying a query, returning a similarity score
with each hit. We reorder the hits based on plain and personalized PageRank
scores — the latter based on the profile of the user who submitted the query.
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Fig. 2. Web-based interface to conduct our user study. Top: User Profile Page. The
user enters his/her identification information and choices of topical and geographic
domain interests to create a user profile. Bottom: Web Search Page. The user submits
a query and selects any relevant results, which are saved with each query.
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We use three global arrays to store the ranking scores of the hits based on these
three different ranking mechanisms. We then multiply the similarity-based Nutch
score by the plain PageRank score to obtain the final ranking score of each hit
for ordinary PageRank. Likewise, we compute the final ranking score for per-
sonalized PageRank by multiplying the Nutch score by the weighted PageRank
scores corresponding to the user profile.

4.2 User Study

We conducted a user study to compare the performance of the three ranking
methods based on pure similarity, plain PageRank and weighted (personalized)
PageRank. We asked each volunteer to use our personalized search facility after
they input their domain profiles into our system. There were 30 human subjects
who contributed to our user study with a total of 30 queries. We realize that
recall and precision values are dependent on whether the human subjects in a
study are experienced searchers or not. An experienced searcher may bias recall
and precision by composing queries that result in very many or very few relevant
results. To this end, we did not give out any information about the main goal
of the search engine. Volunteers were only expected to select relevant URLs
satisfying their choice of preferences.

After submitting a query, a volunteer was shown a single screen with the search
results from the three ranking mechanisms mixed together. For each query, the
top 10 results from each ranking method were merged and then randomly shuffled
before being shown to the volunteer. As an example, suppose that Nutch returns
at least 30 results satisfying a query. These hits are reranked based on the two
PageRank methods (each combined with similarity). If the top 10 hits from the
three ranking mechanisms turn out to have no overlap with each other, then the
volunteer would be shown 30 hits in random order as a result of his/her query.
If the top hits from the different ranking mechanisms overlap with each other,
then the number of results shown to the user would range from 10 to 30.

The Web-based user study interface was designed to be easy to use and re-
duce possible mistakes in user evaluations. Our interface consists of three stages.
In the first stage, users provide identification information (to associate users
with queries across sessions) and choices of interests in topical and geographic
domains. This is illustrated in Figure 2. The second stage is the Web search facil-
ity, through which users are expected to submit their queries. The third stage of
the user interface is where the shuffled top hits of the three ranking mechanisms
are displayed to the user. Here we also provide facilities for displaying the hit
pages and selecting relevant pages satisfying the user query. The third stage of
our user interface is also shown in Figure 2.

5 Results

Once a user submits the evaluation for the results of a query, we calculate preci-
sion/recall pairs for that query as follows. For each hit h we have the rank from
each of the three ranking scores, and the user’s binary (0/1) relevance assessment
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u. Therefore for each ranking mechanism r and query q we compute precision
and recall at rank i:

precisionr(i, q) =
1
i

i∑

j=1

u(h(r, j, q))

recallr(i, q) =
1

|h : u(h(q)) = 1|
i∑

j=1

u(h(r, j, q))

where h(r, j, q) is the hit ranked j by ranking mechanism r for query q.
Precision-recall plots for the three ranking mechanism and for i = 1, . . . , 10

are shown in Figure 3. The measurements are averaged across the 30 queries
posed by the users.
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Fig. 3. Precision-recall plots of three different ranking mechanisms

Both PageRank based ranking methods outperform pure similarity based
ranking; this is not surprising — it is quite established that link analysis helps
to identify important pages. The more important question here is the difference
between the two PageRank based methods. The plots suggest that personal-
ized PageRank vectors can help improve the quality of results returned by a
search engine. While these results are not highly significant statistically, they
are promising. Domain-based personalization seems to provide us with a mech-
anism to adjust the estimated importance of pages based on user preferences.
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6 Conclusions

In this paper we introduced a methodology for personalizing PageRank based
on user profiles built from hyperlink features such as server host domains. We
outlined the implementation of a simple personalized Web search engine based
on these ideas, and on a small set of URL domain features. Results based on a
limited Web crawl suggest that personalized PageRank vectors can improve the
quality of results.
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Abstract. Information retrieval systems, based on keyword match, are
evolving to question answering systems that return short passages or di-
rect answers to questions, rather than URLs pointing to whole pages.
Most open-domain question answering systems depend on manually de-
signed hierarchies of question types. A question is first classified to a fixed
type, and then hand-engineered rules associated with the type yield key-
words and/or predictive annotations that are likely to match indexed
answer passages. Here we seek a more data-driven approach, assisted by
machine learning. We propose a simple log-linear model over a pair of
feature vectors, one derived from the question and the other derived from
the a candidate passage. Features are extracted using a lexical network
and surface context as in named entity extraction, except that there
is no direct supervision available in the form of fixed entity types and
their examples. Using the log-linear model, we filter candidate passages
and see substantial improvement in the mean rank at which the first
answer is found. The model parameters distill and reveal linguistic arti-
facts coupling questions and their answers, which can be used for better
annotation and indexing.

1 Introduction

A Question Answering (QA) system responds to queries like Who is the Greek
God of the Sea? with a precise answer like Poseidon. An important first step,
which we focus on here, is to identify short snippets or passages of up to several
words which contain the answer.

Traditionally, Web search engines have not rewarded queries that are gram-
matical and coherent. Users have adapted by translating their information need
(e.g., When was the Space Needle built?) into telegraphic keyword queries (e.g.,
"Space Needle" history). However, this process remains a tentative one.

Meanwhile, the QA community, building on top of Information Retrieval (IR)
systems, part-of-speech and named-entity (NE, e.g., people, place, time) taggers,
and shallow parsers, has made substantial advances in building high-accuracy
QA systems [2,7,8,10,4,17,26,5,15].

However, the success comes at a price: significant human effort is needed
to study the corpus and typical questions and their answers, and turn that
experience into elaborate pattern matching and extraction strategies. The best

B. Mobasher et al. (Eds.): WebKDD 2004, LNAI 3932, pp. 116–134, 2006.
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QA systems incorporate expert input based on manual analysis of large corpora
and a large collection of questions (over 27600 in one case).

Expert input is coded in at least two forms. The first is a question typology
with several hundred question types, such as location (Where is John Wayne air-
port?), events (When is Bastille Day?), creation-time (When did World War 1
start?), population (What is the population of Venezuela?), why-famous (Who
was Galileo?) and so on. Further wisdom is embedded in routines that produce
the final ranking of passages short-listed by a conventional IR engine. The best-
performing ranking routines exploit well-tuned heuristic that set rewards, dis-
counts, and penalties for exact matches, case-insensitive matches and stemmed
matches between words.

Our goal: We wish to harness robust data mining and machine learning tools to
ease—and ideally automate—the process of mapping ad-hoc questions to likely
answer passages, without having to fashion and maintain a question taxonomy,
or to tune passage ranking heuristics through manual intervention.

We draw on two kinds of resources. First, we use a database of is-a relations
(e.g., a horse is a mammal). WordNet1 is a source of is-a relations widely used in
natural language analysis. Moreover, recent research has enabled the bootstrap-
ping of is-a databases, largely automatically, from the Web [6]. Many focused
domains have already created ontologies suited to their use, e.g., the MeSH hier-
archy for medical abstracts and the UNSPSC taxonomy for e-commerce catalogs.
These knowledge bases feed naturally into our system.

Second, we borrow basic feature extraction strategies from the named entity
(NE) extraction and information extraction (IE) communities. Unlike IE, we
do not have a fixed set of labels. Ground features on both the question and
answer sides must be abstracted into “soft labels” which allow for probabilistic
matching. Intuitively, if a test question is “similar” to a sufficient number of
training questions, we should be able to predict the kind of features we wish to
see in an answer passage directly, without first embedding the question into a
type system.

Consider questions that are answered with the name of a place. There are
several ways to ask such questions, starting with “Where . . .” or “In which city
. . .” etc. Likewise, there are several ways in which the answer can be embedded
in the context of a passage, where the answer

– Almost always has token/s starting with an uppercase letter and continues
with lowercase letters

– Is almost always flagged as a noun or noun phrase by a POS tagger
– Tends to be preceded by in or at
– Is often a specialization (“hyponym”) of the compound noun geographical

location in WordNet.

Similar comments hold for most common types of factual questions. Note that
accumulation of “soft” evidence for a match can happen at both the question
and the answer end.
1 http://wordnet.princeton.edu/
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To be sure, machine learning is already heavily used inside many QA mod-
ules, such as part-of-speech (POS) and named entity (NE) taggers, and shallow
parsers. These modules demand training data for different tasks in diverse forms,
so it is no wonder that most modules are used as black boxes, pre-trained with
generic data which we can only hope suffices for our application. We have often
seen BBN’s Identifinder2 flag Japanese person names as organization; m.p.h. and
Gaffney, SC as person; and telephone, all in all, and look as work of art. The
gazetteer in GATE3 regards 2000 as possibly representing a year, but not 1803.
Moreover, as described above, these modules are put together via engineered
bias rather than learning the weight of their evidence for specific QA instances.
Clearly, the black-box mode of usage can be improved upon.

Our contributions: To a first approximation, we represent questions and an-
swers using feature vectors in the style of modern information extraction systems
like MALLET4 or Minor Third5, and then learn high-density regions in the joint
distribution of these features. More specifically, given a new query and a candi-
date answer, we estimate if their combined feature vector is sufficiently close to
a high-density region to accept the candidate answer. We argue that many QA
ranking strategies are “hard” approximations to such “soft” scoring. As we shall
see, the high-density zones can also be conditioned on questions to yield eminently
meaningful passage features, which can be used as predictive annotations [16].

In this paper, we start by showing that useful high-density regions are in-
deed recoverable from the joint distribution of question and answer features.
We then propose a log-linear model to predict if there is enough evidence that
a candidate passage is likely to answer a given question. We fit the model to
features extracted from TREC QA data in conjunction with WordNet, with
no customization whatsoever. The model reveals feature correlations which are
intuitive and useful in retrospect.

Our trained model can be used to filter candidate response tokens from a
passage-level IR system. Experiments with TREC 2000 and TREC 2002 show
significant improvements in the earliest rank at which an answer passage is found.
Owing to the simplicity of our model, applying our classifier to a passage span is
very fast, allowing us to scale up the filtering step to 300 responses from the IR
system in 1–2 seconds. Our results move us closer to shrink-wrapped, trainable
QA systems which are as easy to deploy as a basic IR system.

2 Preliminaries and Related Work

In this section we set up our problem more formally, and review some related
work.

A factual question is a sequence of tokens, such as Who wrote “20,000
Leagues Under the Sea”, possibly containing quoted strings (which are regarded
2 http://www.bbn.com/speech/identifinder.html
3 http://gate.ac.uk
4 http://mallet.cs.umass.edu
5 http://sourceforge.net/projects/minorthird



Discovering Links Between Lexical and Surface Features 119

as single tokens). A corpus is a set of documents; each document is a sequence
of sentences; and each sentence is a sequence of tokens. The QA system returns
a ranked list of passages. Working definitions of a passage range from a 50- or
250-byte text window, some number of consecutive tokens, or a small number
(1–3) of consecutive sentences.

In this work we address queries which seek as answer an entity of a type that
is specified only indirectly, where the entity satisfies some constraints expressed
in the question. We call the desired answer type the atype of the question. In
the question above, the answer entity is Jules Verne, the atype is person, and
the constraint is that the answer entity must have written the specified book.

The constraint is expressed in two parts. First, there are ground constants
(like the book title) which we expect to occur essentially unchanged in an an-
swer passage. Constants are matched reasonably easily using an IR system. But
enforcing the second part, the relation “wrote,” generally requires a parse and
quite some engineering; this is where many QA systems avoid “NLP complete-
ness” for simplicity and speed. At this stage, we will do likewise, and think of
the IR probe as being derived from the template

FIND x NEAR GroundConstants(question)
WHERE x IS-A Atype(question)

For starters, NEAR may mean linear proximity in text, and as we see later, this is
already surprisingly effective. But the stage is wide open for introducing diverse
evidence of nearness, including chunking and parsing, and this is an exciting
area of future work. The focus of this paper is the predicate

x IS-A Atype(question).

Most QA systems use a two-step approach to evaluate this predicate. First,
they build a question classifier to evaluate Atype(question). This classifier is
usually completely supervised, and uses a taxonomy of question types [19,24].
Second, they map the estimated atype to tokens expected to be found in an
answer passage [16,18]. Notable departures from the standard paradigm include
inferring paraphrases [12], predicting answer tokens from question features [1,5],
and using a language model conditioned on the question type [23]. A key feature
of our approach is that we do not have a small, fixed system of atypes, and we
do not know how to materialize Atype(question) in a deterministic manner.
Instead, we evaluate the soft predicate DoesAtypeMatch(x,question).

As we shall see next, DoesAtypeMatch(x,question) is estimated as a function
over a joint feature space extracted from x and question. Given a question,
the results in this paper enables us to predict features of x that make it a likely
answer, in a soft or probabilistic manner. These desirable features may involve
lexical networks or surface patterns. Apart from regular words and phrases, the
corpus is indexed under these features. E.g., wherever Jules Verne occurs in
the corpus, we pretend that person#n#1 and hasCap (has uppercase letters)
also occur. As shown in Fig. 1, this helps the specially-designed IR subsystem
(“IR4QA” i.e. IR for QA) score passages in terms of a two-part question: one part
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hasDigit
number#n#2

Query or
question

Query
Analysis

Atype
IR4QA

Search Engine

Selectors

Inverted Index

Lexical network
Shortlisted
passages

How many dogs pull a sled…

dogs, sled, pull

…finishers must arrive in Nome with
at least five dogs in the Iditarod…

Fig. 1. This paper focuses on the “query analysis” module shown in the system diagram
above

providing atype clues, the other matching words literally. The job of the IR4QA
module is to return the top-scoring passages as if the whole corpus were scored
with respect to DoesAtypeMatch(.,question), while making few and efficient
index probes. Summarizing, this paper presents a machine learning approach to
implementing the module labeled “query analysis.”

3 Features

Each token in a question or passage may be associated with a variety of features.
We will use surface features such as orthography and specific word forms, and
taxonomy features which help us recognize that a passage token is an instance
of the atype that the question seeks. Inspired by Yarowsky and others, we will
adopt the “kitchen sink” approach [22]: include as many useful-looking features
as we can find, use learning techniques robust to redundant features, and exploit
the ones that float to the top.

Our approach is to generalize each passage token to many levels of detail,
in a redundant fashion. If a token is a noun found in WordNet, the hypernym
paths (definitions are in the next section) to noun roots provides one kind of
generalization. Words not found in WordNet are generalized to surface context
patterns.

Individually, each feature thus derived can be unreliable. E.g., both place and
person names tend to start with an uppercase letter and continue with lowercase
letters. But person names are rarely preceded by a preposition. Our hope is that a
robust learning algorithm can combine such noisy evidence to give high accuracy.

3.1 Lexical Network-Based Features

We start this section with a brief WordNet primer. For our purposes, WordNet
[14] is a graph where nodes are concepts and edges are relations between con-
cepts. A concept is called a synset because it is described by a set of synonyms,
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also called lemmas. A synset may be described by many lemmas. Conversely,
a lemma (like match) can describe many synsets, in which case it is highly pol-
ysemous. A lemma, a part-of-speech, and a (standardized) sense number to-
gether defines a synset uniquely, and is written as match#n#1 (first noun sense of
match). We only consider hypernym and hyponym edges in WordNet, which
represent IS-A relations. E.g., in this chain of generalization:

horse, Equus caballus → equine, equid → · · · → ungulate, hoofed mammal
→ placental, placental mammal, eutherian, eutherian mammal → mammal
→ · · · → animal, animate being, beast, brute, creature, fauna → · · · → entity

beast and brute are synonyms, equid is a hyponym of ungulate, horse is a
hyponym descendant of mammal, equid is a hypernym of horse, and entity
is a hypernym ancestor of horse.

Each passage token is mapped to one or more synsets in the WordNet noun hi-
erarchy. Holding extreme faith in the kitchen sink approach (and mainly because
it would be computationally expensive), we perform no word sense disambigua-
tion. From each synset we walk up the noun hypernym hierarchy and collect
all hypernym ancestor synsets as features associated with the given token. We
do not consider non-noun hypernym hierarchies because they are known to not
be as usable as the noun hierarchy, and because most answers are nouns or
noun-related entities.

WordNet is only a representative example; we can use the occurrence of a
token in any precompiled dictionary, and any available sources of instance-of
and part-of information as features. E.g., in a medical application, we can use
the extensive MeSH hierarchy, and if wanted to support QA on product reviews,
we might use the UNSPSC product taxonomy6.

3.2 Surface Context Features

Lexical features work only for finite domains, and surface context features are one
way to supplement lexical features to handle infinite domains (e.g., quantities).

Surface features for questions currently include (lowercased) token sequences
of length up to three tokens, starting from standard wh-word question leaders:
when, what, how, where, which, who, whom, whose, why, name, and define. This
set is language-specific, and is designed to capture clues about the desired atype.

Surfacefeaturesofpassagetokensareextractedinamannersimilartoinformation
extraction systems. We flag if a token has some uppercase letter (hasCap), is
all uppercase letters, is an abbreviation (uppercase letters and periods), has an
uppercase letter followed by two or more lowercase letters (hasXxx), has a digit
(hasDigit), and is entirely digits. (Later, we intend to use the part of speech of the
token and its adjacent tokens; our current POS tagger is not as fast as our indexer.)

3.3 Proximity Features

Most QA systems reward linear proximity between candidate answers and
matched question tokens, and some provide a reasonably formal justification [4].
6 http://www.eccma.org/unspsc
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In our setup, when we consider a passage token as (part of) a candidate answer,
we also measure the linear distance (number of intervening tokens) between the
candidate token and each matched question token. To make proximity features
compatible with all other boolean features, we combine the reciprocal of the dis-
tances, in two ways: take their average or take their maximum.

4 Likelihood Ratio Tests

We start with some exploratory data analysis: are there indeed consistent, de-
tectable patterns that can be extracted from the feature classes we collect? We
limit our study to pairs of features, one from the question and one from the an-
swer. Searching for larger correlated itemsets would be prohibitive in such high
dimensional spaces.

Fig. 2 shows some pairs of features (only surface features from question and
passage tokens) that pass the well-known likelihood ratio test with the highest
scores, showing strong association between the feature pairs.

Q-feature A-feature Score
whom hasCap 159
whom hasXxx 162
who wrote hasCap 164
where are hasXxx 166
who wrote hasXxx 167
who invented hasXxx 181
who invented hasCap 200
what year hasDigit 280
what city hasCap 373
what city hasXxx 378
how many hasDigit 449
of hasXxx 480 *
what hasXxx 540 *
what hasCap 555 *
name hasXxx 897
name hasCap 911
is hasXxx 1110 *
is hasCap 1115 *
where hasXxx 1196
where hasCap 1205
when hasDigit 1367
who hasXxx 1594
who hasCap 1707

Fig. 2. The most strongly associated pairs of surface features in questions and answer
tokens are highly intuitive. The score shown is the standard −2 log Λ score which is
χ2-distributed. (Meaningless and/or useless pairs are marked “*” and commented upon
in the text.)

Can we simply retain some of the top-scoring pairs in Fig. 2 in a question-
to-answer mapping table and achieve our objective? Perhaps, but any score
threshold would be rather arbitrary. A χ2 table shows almost all pairs as signif-
icantly associated. Even pairs which are meaningless or too general to be useful,
like (who, hasDigit), (what, hasXxx), (what, hasCap), and (is, hasXxx), get sig-
nificant scores (see “*”). The problems are obvious: the likelihood ratio test
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Q-feature A-feature Score
who painted artist#n#1 12
how much definite quantity#n#1 24
how much metric unit#n#1 25
how far nautical linear unit#n#1 26
how far mile#n#1 26
how much metric weight unit#n#1 33
how many definite quantity#n#1 37
how many number#n#2 55
how many large integer#n#1 60
when is time period#n#1 79
when is calendar day#n#1 98
who wrote writer#n#1 103
when is day#n#4 135
city state capital#n#1 236
what city state capital#n#1 236
king sovereign#n#1 275
where is region#n#3 283
where location#n#1 288
king king#n#1 294
who person#n#1 316
where region#n#3 370

Fig. 3. Strong associations between surface features of questions and WordNet-
derived features of answers are also intuitive. Synsets are written in the standard
lemma#pos#sense format. Note that region#n#3 is chosen naturally over other senses
because many answers to where questions (like cities) are hyponyms of region#n#3

but not other senses of region.

does not discriminate among token labels, and does not capture redundancies in
correlation information across different pairs.

In other words, a measure of association does not, in itself, tell us how to
combine evidence from multiple pairs, because they are often highly redun-
dant. Apart from redundancy among surface features, there is much redundancy
among IE and WordNet features. Consider Fig. 3, which shows strongly asso-
ciated pairings between surface features in the question and WordNet synsets
derived from the answer passage. These are also by-and-large meaningful, but
it is not clear how to discount evidence from one source against evidence from
another, based purely on measures of association.

5 Passage Scoring and Filtering

Current practice in mapping questions to likely answer passages amounts to the
following procedure. Given a question q, extract from it a suitable feature vector
q. Using precompiled mapping tables (and/or an automatic classifier) predict
some properties of a feature vector p that is likely to be generated by an answer
passage, and then look for passages p that generate or satisfy p.

Here we seek to avoid a fixed classification of q by inducing a two-class
(yes/no) classifier on the joint distribution of q and p. I.e., we concatenate q and
p into a single feature vector x = (q, p), and let y be a boolean prediction. Many
classifiers will output not only a boolean prediction but also a score (which may
be an estimated probability of belonging to the “yes” class). We can use the
score in at least two ways:
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Rerank: Use the score given by the classifier to rerank passages, ignoring their
original rank as returned by the IR engine.

Eliminate: The original IR ranking is retained, but passages with scores less
than a threshold are eliminated, reducing the ranks of true answer passages.

5.1 Non-linear Learners

A linear classifier such as a linear SVM will fit a weight vector w = (wq, wp)
from the training data, and then predict y ∈ {−1, +1} as sign(w ·x) = sign(wq ·
q + wp · p). A linear classifier is unlikely to be suitable. Ideally, we would like
different questions to substantially modulate the kinds of features we should
seek in passages. But, in case of a linear classifier, fixing the question merely
materializes the wq · q part into a constant, and the portion wp that scores p
remains unchanged. Thus the discriminant will assign static notions of positive
or negative importance to passage features, irrespective of the question.

The study of pairwise likelihood ratio suggests that our model should directly
capture pairwise interactions between features. In kernel classifiers, this can be
done using a quadratic kernel K(x1, x2) = (x1 ·x2 +1)2, which will potentially
capture all pairwise interaction of attributes. For training instances xi, 1 ≤ i ≤ n,
the SVM will estimate dual variables αi, 1 ≤ i ≤ n, mostly zero, such that the
prediction for a new feature vector x = (q, p) is

∑
i αiyiK(xi, x).

Because the αi’s, xi’s and yi’s are known, given q (the question part of x),
we can “materialize” the discriminant

∑
i αiyiK(xi, x) explicitly as a linear

(because q is known and fixed) function of p. E.g., if q switches on the feature
how many, we expect the coefficient of the features hasDigit and number#n#2
to be large in a positively-labeled p, and we can use this information to look for
and score promising passages more effectively.

5.2 A Log-Linear Model

In our prototype, we retain the discriminative learning strategy, but we use a log-
linear model with our feature-pairs explicitly materialized instead of a SVM with
a quadratic kernel. In our experience, the log-linear model is faster to train given
the very large number of instances created in our QA application. Moreover, in
this application, SVM cannot really give us the benefit of kernelization, because
during query time, the kernel has to be materialized in any case.

We explicitly model pairwise feature interactions between feature vectors q
and p by assigning one model parameter for each pair of scalar features, one (qi)
drawn from the question and the other (pj) drawn from the passage, as shown
in Fig. 4. We express our model as

Pr(Y = +1|q, p; w) = logit
(
w0 +

∑
i,j wi,jqipj

)
,

where logit(a) = ea/(1 + ea). (1)

and Pr(Y = −1|q, p; w) = 1 − Pr(Y = +1|q, p; w).
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Fig. 4. Our model potentially assigns a parameter to each pair of features, one derived
from the question and the other derived from the answer (Not all edges are shown)

Our overall goal is to maximize the total conditional (log) probability over all
(q, p) instances over choices of parameters w, i.e.,

w∗ = arg max
w

∑

(q,p);y

log Pr(y|q, p; w). (2)

To avoid over-fitting and improve numerical stability, we use a Gaussian prior
in our optimization [3]:

max
w

⎧
⎨

⎩

∑

q,p,y

log Pr(y|q, p; w) − γ
∑

i,j

w2
i,j

⎫
⎬

⎭

involving a smoothing parameter γ which is chosen by cross-validation. Exper-
imental data suggests that careful tuning of γ can help the log-linear model
compete favorably with SVMs [25]. We use L-BFGS, a sparse, limited-memory,
quasi-Newton numerical solver7 to search for the best w.

Note that each parameter wi,j (except the offset w0 and parameters associated
with proximity features, which we avoid discussing for simplicity) is associated
with one question feature and one answer feature. Therefore, inspection of these
parameters can reveal interesting and possibly unexpected structures in the re-
lationship between question and passage features.
7 http://riso.sourceforge.net



126 S. Chakrabarti

1: Index sliding passage windows of three sentences using an IR system.
2: Randomly partition QA pairs for training and testing (5–10 folds were used).
3: for each training question q do
4: Collect question features into a feature vector q as described.
5: Send the question to the IR system and get top 300 response passages
6: Using the regular expressions provided by TREC, mark token spans where the

correct answer appears. Keep each answer span as tight as possible.
7: end for
8: for each token over all passages do
9: Collect surface features from token.

10: Map token to noun synset(s) in WordNet if possible, and collect all hypernym
ancestors.

11: Together, these features give p, the feature vector derived from the passage.
12: q and p together define an instance.
13: The label y for the instance is +1 if the passage token is inside an answer span,

and −1 otherwise.
14: end for

Fig. 5. Collection of training instances for the log-linear classifier

1: Collect question features into a feature vector xq as described.
2: Send the question to the IR system and get top 300 response passages
3: for each token over all candidate passages do
4: Obtain passage features xp and combined feature vector x as during training
5: Using the log-linear classifier, get a boolean prediction for the token
6: end for
7: if all tokens in a passage are eliminated then
8: Eliminate the passage
9: end if

10: Present surviving passages in the order originally provided by the IR system.

Fig. 6. Using the classifier to prune the passage list

6 Experiments

We experimented with two years of TREC QA data (2000 and 2002) and got
broadly similar results. The corpus was chopped up into sentences. Three consec-
utive sentences were defined as a passage. Passages were indexed using Lucene8,
which implements a standard TFIDF search.

The training process is shown in Fig. 5, and the testing process is shown in
Fig. 6. Each token may typically trigger up to half a dozen surface features.
Roughly half to two-thirds of the tokens scanned from candidate passages will
connect to some WordNet noun (less if we could afford to disambiguate), and
we would follow a hypernym chain of typical length 5–10. Thus each feature on
average would fire roughly 5–20 features on the right hand side of Fig. 4.

8 http://jakarta.apache.org/lucene/
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TREC 2000 yielded a training set with 198496 instances and 674631 (largely
boolean) features, where the average instance had only 42 features turned on. For
TREC 2002 the corresponding numbers were 170264 instances, 540901 features
and average fill of 43.6. Convergence was declared when ‖∇(w)‖/‖w‖ dropped
below 0.001; this happened between 500 and 2000 iterations (10–40 minutes on
a 1GHz 1GB P4) depending on γ.

TREC 2002

0

0.2

0.4

0.6

0.8

1

0 0.05 0.1 0.15 0.2
False positive

T
ru

e
po

si
tiv

e

Linear
Quadratic

TREC 2002

0

0.2

0.4

0.6

0.8

0 0.2 0.4 0.6 0.8 1
Recall

P
re

ci
si

on

Linear
Quadratic

Fig. 7. The quadratic representation enables a much better fit to the data and conse-
quent accuracy on test data. ROC and recall-precision curves are shown. The breakeven
F1 value is 0.44 for the linear model and 0.61 for the quadratic model.

There are two related design choices during testing where more exploration
is warranted in future work. First, we eliminate passages rather than rerank
them (see §5). We also tried reranking, but the actual value of the logistic score
was not reliable enough. Second, a passage survives if any of its tokens cannot
be eliminated. I.e., token scores are not combined into a passage score in any
sophisticated fashion.

6.1 Linear vs. Quadratic

For many applications, dependencies between features are not well-understood,
and the choice of a kernel is an experimental art. In our application, however,
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verifying that a quadratic representation gave much greater accuracy was an
important part of vindicating our model. Fig. 7 confirms our intuition. In both
ROC and recall-precision measures, the quadratic model is far superior.

Our positive experience with the quadratic representation may have impli-
cations for setting up log-linear models in IE and shallow parsing. Efforts to
synthesize non-linear combinations of raw features to strengthen the log-linear
model in these domains are relatively recent [13].

A. where B. who

hasXxx 0.27
region#n#3 0.25
location#n#1 0.25
hasCap 0.18
country#n#1 0.17
district#n#1 0.17
hasDigit -0.1
artifact#n#1 -0.13
measure#n#3 -0.14
abstraction#n#6 -0.16
act#n#2 -0.16

hasXxx 0.38
hasCap 0.31
entertainer#n#1 0.16
leader#n#1 0.14
artist#n#1 0.14
performer#n#1 0.13
person#n#1 0.09
poet#n#1 0.08
location#n#1 -0.18
entity#n#1 -0.21
hasDigit -0.21
abstraction#n#6 -0.31

C. when D. how many

hasDigit 0.65
time period#n#1 0.08
holiday#noun#2 0.06
day#noun#4 0.06
calendar month#n#1 0.05
calendar day#n#1 0.05
hasXxx -0.09
hasCap -0.12
object#n#1 -0.13
entity#n#1 -0.18

hasDigit 0.16
integer#n#1 0.07
twelve#n#1 0.06
number#n#2 0.06
definite quantity#n#1 0.06
measure#n#3 0.03
cognition#n#1 -0.03
relation#n#1 -0.03
object#n#1 -0.05
act#n#2 -0.05
entity#n#1 -0.07

E. how far F. linear unit#n#1
nautical mile#n#2 0.02
hasDigit 0.02
linear measure#n#1 0.02
linear unit#n#1 0.02
measure#n#3 0.01
hasXxx -0.004
hasCap -0.005
object#noun#1 -0.006
entity#n#1 -0.007

how far 0.02
where is 0.009
what speed 0.005
how long 0.003
whom -0.002
when -0.004
what city -0.004
how many -0.005
what -0.007

G. location#n#1 H. hasDigit

where 0.249
city 0.109
province 0.029
country 0.015
state 0.012
tourist 0.004
year -0.0230
how -0.0314
when -0.043
name -0.113
who -0.178

when 0.65
what year .18
how many 0.16
how much 0.09
which date 0.05
how hot 0.02
how far 0.02
company -0.03
city -0.05
name -0.09
where -0.10
who -0.21

Fig. 8. Fixing features of questions and watching answer parameters, and vice versa
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6.2 Model Parameter Anecdotes

Each component (except for w0) of the parameter vector w estimated by the
classifier corresponds to a question feature and a passage feature. We can set a
feature in the question (respectively, answer), sort the model parameters, and
look for the answer (respectively, question) features with the smallest and largest
coefficients.

Fig. 8(A–E) shows the results. Where and who questions share hasCap and
hasXxx, but differentiate answers based on WordNet features. Similarly, the
sharing of hasDigit does not confound when, how many, and how far.

In all cases, very generic features (e.g., the noun roots) get negative coef-
ficients. Why not zero? A little thought shows this is necessary for rejecting
false positives. As a by-product, the sign may help us decide which predictive
annotations to index.

In (F–H) we set answer features to reveal abstraction of question features.
Again, we see intuitive question classes which require answers of the set type.

6.3 Rank Improvement Via Filtering

As shown in Fig. 6, passages are considered in the order returned by Lucene.
We scan the top response passages, convert each token to a feature vector, and
subject the token to the trained classifier. The classifier returns a score Pr(Y =
+1|x) for each token. We eliminate tokens that have scores lower than a fixed
threshold and eliminate a passage if all its tokens are eliminated. Surviving
passages are presented in their original order. If the passage contains the TREC-
specified answer as a substring, it is an answer passage.
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Fig. 9. Scatter plot of ranks of first correct passages before (x) and after (y) filtering.
Points below the diagonal are good news.

In Fig. 9 we plot a scatter of ranks before and after filtering. We see that
filtering is very effective at improving the ranks of answer passages, often drop-
ping them from 200–300 down to less than 50. The comparison with the IR
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Fig. 10. By using a suitable threshold on Pr(Y = +1|x), we can prune away large num-
ber of non-answer passages and increase MRR beyond the IR baseline (threshold=0)

baseline demonstrates that our model is good at discriminating answer tokens
from non-answer tokens.

It is possible that we mistakenly eliminate a correct answer token. If another
correct answer token is available ranked lower in the original list, we might
pick that one up. If all answer tokens are mistakenly eliminated, we regard the
true answer as being reported at infinite rank. Therefore, filtering can both
improve and hurt accuracy in principle, but the aggregate effect in practice is
very favorable.

Why use an IR baseline which is worse than the best QA systems reported?
Ideally, we should start with the best system, enhance it with our new feature
representation and learning ideas, and make standard end-to-end MRR5 mea-
surements. In practice, hardly any QA system is available for downloading, and
even demos are rare. LCC9, among the best QA systems, is an exception, but
the exact corpus is not known and the results must be scraped from HTML.
Unless code is available, it is impossible to replicate the myriad undocumented
details of tokenization, compound word detection, chunking, POS tagging, query
formulation, and so on.

9 http://www.languagecomputer.com/
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For all these reasons, it is very common [9,20] for researchers to use an IR
baseline, change very few things at a time, and make careful assessments of the
effect of each enhancement. Katz and Lin [9] claim that an extensive recent
study [11] presents “substantial empirical evidence that boolean-based passage
retrieval techniques are sufficient to obtain reasonable performance in question
answering tasks.”

In the QA literature the mean reciprocal rank (MRR) is commonly used
as an aggregated figure of merit. Suppose nq ≥ 1 is the earliest rank of the
passage at which the answer to question q ∈ Q is found. Then MRR is defined
as (1/|Q|)∑

q(1/nq). MRR is between 0 and 1, and a higher MRR is better.
TREC contestants are required to report MRR5, where any value of nq > 5
must be regarded as ∞.

MRR and MRR5 (while perhaps reasonable as final figures of merit) offer little
guidance in diagnosing the strengths and weaknesses of the many components of
QA systems. MRR assigns the same penalty for dropping an answer from rank 1
to rank 2 as the penalty for dropping the answer from rank 2 to rank ∞ (i.e.,
not reporting it at all). MRR5 will ignore a rank reduction from 20 to 6, just
as it would ignore a rank reduction from 20 to 10, even though the first system
is probably better. Both MRR and MRR5 conflate many critical measurements
into single end-to-end numbers.

In Fig. 10 we plot MRR and MRR5 against the posterior probability threshold
at which a passage token is accepted as (part of) an answer. As we assert larger
acceptance thresholds, we filter out non-answers and increase MRR beyond the
IR baseline. Beyond some acceptance threshold, we get too demanding and start
losing the true answer tokens. As can be seen, the peak MRR is substantially
larger than the IR baseline (+46% for TREC 2000, +49% for TREC 2002). MRR
and MRR5 differ only slightly; in many cases we do not get an answer because
there is no answer in the top 300 passages, and query expansion or back-off
techniques will likely help. To give an impression of where we stand relative to
highly-engineered champion systems, for TREC 2001, where our MRR5 is 0.463,
the top scores are 0.76, 0.46, 0.46, and 0.31 [21]. Our “clean-room” approach to
QA is therefore quite promising, at least considering rank order. (We could not
obtain MRR5 scores for other systems for TREC 2002.)

6.4 Ablation and Drill-Down Studies

We also did ablation experiments with features. For TREC 2002, filtering pas-
sages with the known BBN IdentiFinder tag gave us an MRR which was several
percent lower. Clearly, the log-linear model is learning something extra from all
those features. As Fig. 11 shows, features derived from WordNet turn out to be
more important than surface patterns, but for one of our two data sets, surface
patterns have visible marginal benefits.

Fig. 12 shows how MRR gains for specific question types compared with the
average gain (scaled to 1). The most visible deviations from the mean are for
what, which and who. Questions with who are doing very well by combining
evidence from orthography and WordNet. Questions with what and which are
doing relatively poorly (even as the absolute improvement is 30–40%).
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Features Recall Precision F1

TREC 2000

Surface 0.024 0.497 0.047
WordNet 0.427 0.634 0.510
Surface+WordNet 0.447 0.619 0.519

TREC 2002

Surface 0.035 0.492 0.066
WordNet 0.383 0.662 0.485
Surface+WordNet 0.451 0.653 0.533

Fig. 11. Effect of including/excluding feature subsets
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Fig. 12. MRR gain ratio of various question types relative to average overall MRR
gain ratio

We found two distinct factors that explain our observation. First, sequences
of 1–3 tokens starting with what are not enough to capture enough clues about
the atype. Second, for both what and which questions, the atype space is, in
principle, unbounded. In ongoing work, we are adding a synthesized “test for
equality” feature for what and which questions. Summarizing, we feel that we
can retain the simplicity of our basic approach and perform better with some
more work on feature extraction and representation.

7 Conclusion

We have presented a very simple but promising log-linear model coupling ques-
tion and passage features for the QA problem. Our results move us closer to
shrink-wrapped, end-user trainable QA systems. We believe that such indirect
supervision of language tasks will become increasingly important, and compo-
nents must plug into a global probabilistic infrastructure rather than be engi-
neered black boxes.

Our work opens up some obvious avenues for exploration. We should explore
higher order kernels with maximum margin learners. We should improve feature
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extraction, especially for what and which, possibly using chunking on the ques-
tion. It would be nice to integrate disambiguation naturally into the framework,
rather than as a preprocessing step. Finally, it would be promising (but compu-
tationally challenging) to extend the flat feature space in our log-linear model
to a more elaborate graphical model involving some salient parts of the lexical
network.
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Abstract. We present a case study about the application of the in-
ductive database approach to the analysis of Web logs. We consider rich
XML Web logs – called conceptual logs – that are generated by Web appli-
cations designed with the WebML conceptual model and developed with
the WebRatio CASE tool. Conceptual logs integrate the usual informa-
tion about user requests with meta-data concerning the structure of the
content and the hypertext of a Web application. We apply a data mining
language (MINE RULE) to conceptual logs in order to identify different
types of patterns, such as: recurrent navigation paths, most frequently
visited page contents, and anomalies (e.g., intrusion attempts or harmful
usages of resources). We show that the exploitation of the nuggets of in-
formation embedded in the logs and of the specialized mining constructs
provided by the query languages enables the rapid customization of the
mining procedures following to the Web developers’ need. Given our
on-field experience, we also suggest that the use of queries in advanced
languages, as opposed to ad-hoc heuristics, eases the specification and
the discovery of large spectrum of patterns.

Keywords: Association Rules, Inductive Databases, MINE RULE, Web
Log, Web Structure Mining, Web Usage Mining.

1 Introduction

In this paper we present a case study on mining Web log files of a University
Department. The analysis has been conducted over WebML conceptual logs [14],
which are Web logs enriched with additional information with respect to stan-
dard Web logs. Indeed, they have been obtained by integrating the (ECFL) Web
server logs with information on the composition of Web pages in terms of atomic
units of contents, the information entities such units refer to, the entity instances
they publish dynamically, and some other meta-data about the organization of
the overall hypertext.

The analysis has exploited a query language for association rule mining –
MINE RULE – and has used it in a fashion typical to inductive databases.
Inductive databases were proposed in [15] to leverage decision support systems
by applying specific mining languages to the analysis of data stored in databases.

B. Mobasher et al. (Eds.): WebKDD 2004, LNAI 3932, pp. 135–148, 2006.
c© Springer-Verlag Berlin Heidelberg 2006
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According to this paradigm, the user/analyst can interact with the system during
the knowledge discovery process in a similar way as with a DBMS, that is, by
specifying interesting data mining patterns with queries that in turn retrieve
and store in the database the discovered information.

The aim of our study is manifold: (i) analyzing the Web logs and extract-
ing interesting, usable and actionable patterns; (ii) evaluating the usability (in
practical cases) and the expressive power of the mining query language, by itself
and inside the context of an inductive database approach; (iii) verify and experi-
ment the suitability of some knowledge discovery (KDD) scenarios for inductive
databases. In particular, KDD scenarios have been produced as a set of char-
acteristic queries solving some frequently asked questions (mining problems) by
users/analysts (Web site administrators and/or information system designers)
in order to recover from frequently occurring problems.

We have identified three main typologies of mining problems for which asso-
ciation rules could constitute an aid:

1. the identification of frequent crawling paths by the users (Web structure and
Web usage analysis),

2. the identification of user communities, and
3. the identification of critical situations (anomalies, security attacks, high traf-

fic) in which the information system could be placed.

The first task enables both the customization and construction of adaptive
Web sites and recommender systems, as well as the quality analysis of Web ap-
plications [14,10]. The analysis of user crawling paths has been used also in [1]
to model the likelihood that a page belongs to a specific topic. This is a relevant
problem in the construction of crawlers’ indices and in Web resources discov-
ery. Thus, mining of collective user experiences, has been applied successfully
to find resources on a certain topic, though this issue is typically related to
the second task, i.e. the identification of user communities. The discovery and
management of user communities is an important aim for customer relation-
ship management and business applications (e.g, e-commerce). Finally, the third
task, the identification of critical situations in an information system is essential
for the management of computer security, for developing reliable and efficient
information technology systems and their Web front-end.

The paper is organized as follows. Section 2 provides the rationale and the
background that justify the proposed approach. Section 3 describes the process
of generation of conceptual logs. Section 4 provides the KDD scenarios made of
queries and for each of them describes the obtained results. Finally Section 5
draws the conclusions.

2 Rationale and Background

Current Web applications are very complex and highly sophisticated software
products, whose quality can heavily determine their success or failure. A num-
ber of methods have been proposed for evaluating Web application quality. In
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particular, Web usage mining methods are employed to analyze how users ex-
ploit the information provided by the Web site [23,2]. For instance, showing
those navigation patterns which correspond to high Web usage, or those which
correspond to early leaving [16].

Web usage mining is mainly performed on the server side, and therefore is
based on information found in log files, containing data about single user page
access requests, represented in one of the available standard formats [5,22]. Ac-
cordingly, Web usage mining approaches rely heavily on the preprocessing of
log data as a way to obtain high level information regarding user navigation
patterns and ground such information into the actual data underlying the Web
application [24,13,6].

Preprocessing generally includes four main steps.

– Data cleaning, for removing information that is useless for mining purposes
(requests for graphical contents, such as banners or logos; webspiders’ navi-
gation).

– Identification of user sessions, for extracting full users navigation paths.This
step can be very demanding [24], especially due to the adoption of proxy
servers by applications, which do not allow the unique identification of users.

– Content and structure information retrieval, for mapping users page requests
into the actual information of visited pages [3].

– Data formatting, for preparing data obtained through the previous three
steps for being processed by the actual mining algorithms.

Notwithstanding the preprocessing efforts, in most of the cases the information
extracted is usually insufficient and with much loss of the knowledge that is
embedded in the application design. For example, among the previous steps,
the retrieval of content structure requires the adoption of expensive methods for
Web Structure Mining [12]: since any assumption can be made on how the Web
application was designed, these methods consist of navigating the Web site to
analyze the content and the structure of all the pages found, so as to exploit this
information during the Web log mining step [7]. Even more, such approaches are
ineffective on Web applications which are heavily based on dynamically created
Web pages, since the navigation provides only a static view of the site. Accord-
ingly, although these projects have demonstrated the usefulness of exploiting
the knowledge about the structure and content organization of a Web applica-
tion [21,8], the necessary preprocessing activities are rarely taken, as proved by
the limited results reported in the literature (see [13] for a review).

The first proposals to incorporate in the Web logs implicit knowledge about
the conceptual structure of a Web site used a similarity measure. The purpose
is to infer an implicit content hierarchy from the URLs of most Web sites which
tend to be hierarchically organized [18,19].

Some efforts have been recently undertaken for enriching Web Log files, using
Semantic Web techniques. [20] exploits RDF annotations of static pages for map-
ping page URLs into a set of ontological entities. Within dynamic applications,
the same mapping is achieved by analyzing the query strings enclosed within
page URLs. [9] exploits domain ontologies with the aim of Web personalization.
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It wants to automatically characterize usage profiles with a set of structured Web
objects. [11] proposes the use of concept logs, an extended form of Web usage
logs that encapsulates knowledge derived from the link semantics by means of
the incorporation of keywords from an ontology.

3 Integrating Web Conceptual Modeling and Web Usage
Mining

The approach we present in this paper has the advantage of integrating Web us-
age mining goals directly into the Web application development process. Thanks
to the adoption of a conceptual modelling method for Web application design,
and of its supporting case tool, the generated Web applications embed a logging
mechanism able to produce semantically enriched Web log files - the conceptual
log [14]. Therefore, no extra effort is needed during or after the application de-
velopment, for the extraction of meta-data about page semantics, or even for
the construction of a Web site ontology. Furthermore, additional information
included in the conceptual logs refers also to the identifier of the user crawling
session, the identifier of specific instances that are published within dynamic
pages, as well as to some data concerning the topology of the hypertext.

In the rest of this section, we will shortly illustrate the main features of the
adopted design model, WebML (Web Modeling Language), and of the rich logs
that WebML-based applications are able to produce.

3.1 The WebML Model and Its Supporting CASE Tool

WebML (Web Modeling Language) is a visual language for specifying the content
structure of a Web application, as well as the organization and presentation of
such a content in a hypertext [4]. It mainly consists of the Data Model and the
Hypertext Model.

The WebML Data Model adopts the Entity-Relationship primitives for repre-
senting the organization of the application data. The WebML Hypertext Model
then offers some primitives for describing how data specified in the data model
are published within the application hypertext, and consists of:

– a composition model, concerning the definition of pages and their internal
organization in terms of elementary pieces of content being published, called
content units. Content units offer alternative ways of arranging data dynam-
ically extracted from entities and relationships of the data schema.

– A navigation model, describing links between pages and content units, which
have to be provided to facilitate information location and browsing.

– A content management model, which consists of a set of units for specifying
operations for creating and updating content.

Besides the visual representation, WebML primitives are also provided with an
XML-based representation, suitable to specify those properties that would not
be conveniently expressed by a graphical notation. Figure 1 reports a simplified
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01 <PAGE id="page3" name="Research Area">
02 <CONTENTUNITS>
03 <DATAUNIT id="dau84" name="Research Area"
04 entity="ent4" entity_name="Research_Area">
05 <DISPLAYATTRIBUTE attribute="att51" name="Area Title"/>
06 <DISPLAYATTRIBUTE attribute="att57" name="Area Description/>
07 <SELECTOR>
08 <SELECTORCONDITION attributes="att58" att_name="OID"
09 id="cond90" sel_name="Area Selection"
10 predicate="eq" value="Selected_Area_OID"/>
11 </SELECTOR>
12 </DATAUNIT>
13 <INDEXUNIT id="inu9" name="Research Fields"
14 entity="ent19" entity_name="Res_Area_Field" >
15 <SORTATTRIBUTE attribute="att60" name="Field Title"
16 order="ascending"/>
17 <DISPLAYATTRIBUTE attribute="att60" name="Field Title"/>
18 <SELECTOR>
19 <SELECTORCONDITION relationship="rel7" rel_name="Area2Field"
20 id="cond40" sel_name="Fields_Selection"
21 predicate="in"/>
22 </SELECTOR>
23 </INDEXUNIT>
24 ... ...
25 </PAGE>

Fig. 1. Simplified XML representation of the WebML schema of a page in the DEI
Web application

XML specification of a hypertext page, named Research Area, taken from the
WebML specification of the application we analyze here (see Section 4.1).

The Research Area page publishes the description of a DEI research area,
and the list of the current research fields covered by the area. Among others,
it includes two content units. The first one is a data unit(lines 3-12) publishing
the title (att51) and the textual description (att57) of a single instance of the
Research Area entity of the data schema. The instance is retrieved from the
database according to a selector condition (lines 7-11). The second content unit
is an index unit. It lists some instances of the entity Res Area Field (lines 14),
extracted from the database according to a condition (lines 18-22) based on the
data schema relationship Area2Field that associates each research area with a
set of correlated research fields.

WebRatio is the CASE tool supporting the WebML-based development1. It is
able to process WebML conceptual schemas, by translating their visual specifi-
cation into concrete page templates. The core of WebRatio is a code generator,
based on XML and XSL technologies, which is able to generate automatically
the application code to be deployed on J2EE or .NET platforms. It covers all
the relevant dimensions of a dynamic application: queries for data extraction
from the data sources, code for managing the business logic, and page templates
for the automatic generation of the front-end. The Web applications generated
by WebRatio feature a three-tier architecture, whose application server enables
an efficient execution of business components and the construction of dynamic
pages.

1 http://www.webratio.com
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3.2 WebML Conceptual Logs

Conceptual logs [14] are standard log files enriched with information available in
the WebML conceptual schema of the Web application, and with knowledge of
accessed data. They are generated thanks to some modules, developed as exten-
sions to the WebML/WebRatio framework, that are responsible for extracting
and integrating logs from the Application Server, the WebML application run-
time, and the application conceptual schema.

The use of conceptual logs introduces many advantages over the approaches
usually followed in Web Usage Mining. First of all, they offer rich information
that is not available with most traditional approaches. Also, they eliminate the
typical Web Usage Mining preprocessing phase completely. In fact, we note that
according to our approach:

– data cleaning is mainly encapsulated within the procedure that integrates
the different log sources;

– the identification of user session is done by the WebML at runtime, through
the management of session IDs;

– the retrieval of content and structure information is unnecessary since all
these information are available from the WebML conceptual schema.

Finally, since mining methods are applied specifically to a type of rich log
files, it is possible to tailor these methods to improve their effectiveness in this
particular context.

4 Mining Conceptual Logs

In this Section we describe the structure of information contained in the Web
logs we processed and analyzed, and the KDD scenarios, i.e., the sequences of
queries in a constraint-based mining language (MINE RULE) which allowed us to
obtain interesting and actionable patterns for Web administrators, application
designers and analysts.

4.1 DEI Web Application Conceptual Logs

The Web logs of the DEI Web site2 record accesses on a very large application
collecting one fourth of the overall clickstream directed to Politecnico di Milano,
Italy. We collected the Web logs for the first consecutive 3 months in 2003. The
original Web log stored by the Web server (Apache)was 60 MBytes large and is
constituted by a relation that has the following information.

RequestID: the identifier of the request made by the user of a Web page;
IPcaller: IP address from which the request is originated; very often it is a

proxy IP, that masks the real identification of the user.
Date: date of the request,
2 http://www.elet.polimi.it
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TS: time stamp of the request,
Operation: the kind of operation request (for instance, get or put)
Page URL: URL of the page to be transfered as a consequence of the request,
Protocol: transfer protocol used (such as TCP/IP),
Return Code: code returned by the Web server to the user,
Dimension: dimension in bytes of the page,
Browser: name of the browser from which the request is originated,
OS Type: type of the Operating System.

The additional data deriving from the WebML application design and from
the application runtime debugging module include the following items:

Jsession: identifier of the user crawling session that spams over the single page
requests. User crawling sessions are identified by an enabled Java browser
by the Java thread identifier of a Web crawling.

Page: identifier of the page generated by the application server. Very often a
page is generated dynamically but this identifier is always the same for each
page.

UnitID: identifier of an atomic piece of information contained in a page. This
identifier gives information on the type of content of a page.

OID: identifier of an object (for instance, a professor, a course, a publication)
whose content is shown in a page. This object identifier is used by the appli-
cation server to instantiate in a different way dynamic pages according to the
object itself. For instance, all professor pages conform to the same template
that shows personal data, photo, description of the curriculum vitae of the
person and of its research area. Instead, the real information that is shown
for each person changes according to the professor, and therefore to the OID
parameter that identifies the person.

Order: ordering number in which content units are presented in the page.

The Web Log contained almost 353 thousands user sessions for a total of
more than 4.2 millions of page requests. The total number of pages (dynamic,
instantiated by means of OIDs) was 38554. Each user session was constituted by
an average of 12 page requests.

4.2 MINE RULE

MINE RULE is an SQL-like operator for mining association rules in relational
databases. A detailed description can be found in [17]. This operator extracts a
set of association rules from the database and stores them back in the database
in a separate relation.

Let us explain the operator with the aid of a simple example on WebLogTable,
containing the information of the conceptual log described in Section 4.1. The
following MINE RULE statement extracts rules that aim to provide a descrip-
tion of the situations that generate frequently an error in the Web server (a
favorite situation for attacks). WebLogTable has been grouped by RequestId;
requested rules associate values of 〈Operation, Browser, PageURL〉 with values
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of Returncode. Selected rules will have a value of returned code corresponding
to an error (WHERE clause). Rules will have a support and a confidence greater
than the minimum requested values (respectively 0.2 and 0.4).

MINE RULE SituationsReturnCodes AS
SELECT DISTINCT 1..n Operation, Browser, Page Url AS BODY,

1..n Return Code AS HEAD, SUPPORT, CONFIDENCE
WHERE HEAD.Return Code LIKE ’%error%’
FROM WebLogTable
GROUP BY RequestId
EXTRACTING RULES WITH SUPPORT:0.2, CONFIDENCE:0.4

This statement extracts each rule as an association of attribute values occurring
within single tuples. In other statement cases, rule elements are constituted by
values of the same attribute (e.g., Page URL) occurring in different tuples (e.g.,
requests) of the same group (e.g., date).

The main features of MINE RULE are:

– Selection of the relevant set of data for a data mining process. This feature
is applied at different granularity levels, (row level or at the group level, with
the group condition).

– Definition of the structure of the rules (single or multi-dimensional associa-
tion rules) and cardinality of the rule body and head.

– Definition of constraints applied at different granularity levels. Constraints
belong to different categories: constraints applied at the rule level (mining
conditions instantiated by a WHERE clause), constraints applied at a group
level (instantiated by a HAVING predicate) and constraints applied at the
cluster level (cluster conditions). For lack of space we will not make use of
cluster condition in this paper.

– Definition of rule evaluation measures. Practically, the language allows to
define support and confidence thresholds.3 Support of a rule is computed on
the total number of groups in which it occurs and satisfies the given con-
straints. Confidence is analogously computed (ratio between the rule support
and the support of the body satisfying the given constraints).

4.3 Analysis of Conceptual Logs with MINE RULE

We have imported into a relational DBMS (MySQL) conceptual logs obtaining
a table named WebLogTable. In this Section we describe in detail the KDD
scenarios, composed of a sequence of pre-processing, mining and post-processing
queries that we have designed for discovery of useful patterns in the Web logs.
These queries can be conceived as a sort of template that can be used to gather
descriptive patterns from Web logs useful to solve some frequent, specific or
critical situations.
3 Theoretically, also other measures, based on body and head support, could be used.
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Analysis of Users that Visit the Same Pages. This analysis aims at dis-
covering Web communities of users on the basis of the pages that they frequently
visited.

Pre-processing Query. The mining request could be preceded by a pre-processing
query selecting only those page requests that occurred frequently (above a certain
threshold) thus allowing to neglect the rare page requests.

Mining Query. This query finds the associations between sets of users (IP ad-
dresses) that have all visited a certain number of same pages. In particular this
number of pages is given in terms of support of the rules. (In this example,
support is computed over the requested pages, since grouping is made according
to the requested pages). It is an open issue whether the discovered regularities
among IP addresses occur because these IP addresses have been commonly used
by the same users in their pages crawling. Indeed, this phenomenon could put
in evidence the existence of different IP addresses dynamically assigned to the
same users.

MINE RULE UsersSamePages AS
SELECT DISTINCT 1..n IPcaller AS BODY,

1..n IPcaller AS HEAD, SUPPORT, CONFIDENCE
FROM WebLogTable
GROUP BY Page Url
EXTRACTING RULES WITH SUPPORT:0.2, CONFIDENCE:0.4

In practice, in our experiments we discovered that the most frequently co-
occurring IP addresses belong to web crawlers engines or big entities, such as
universities. In the immediately lower support association rules we discovered
(of course) the members of the various research groups. A similar query would
occur if we wish to discover user communities which share the same user profile
in terms of usage of the network resources. In this case, we would add constraints
(in the mining condition, for instance) on the volume of the data transferred as a
consequence of a user request. Examples of discovered patterns are the requests
of frequent download of materials for courses, or documentation provided in user
home pages.

Post-processing Query. As a post-processing query instead we could be interested
in finding those pages that have been all visited most frequently by certain sets
of users. This is a query that crosses-over extracted patterns and original data.
With this request we could discard from the discovered patterns those belonging
to web crawlers.

The following two query scenarios aim at performing Web structure mining.

Most Frequent Crawling Paths

Mining Query. This query returns sequences of pages (ordered by date of visit)
frequently visited.



144 R. Meo et al.

MINE RULE FreqSeqPages AS
SELECT DISTINCT 1..n Page Url AS BODY,

1..n Page Url AS HEAD, SUPPORT, CONFIDENCE
WHERE BODY.Date < HEAD.Date
FROM WebLogTable
GROUP BY IPcaller
EXTRACTING RULES WITH SUPPORT:0.3, CONFIDENCE:0.4

You can notice that in this case we grouped by user (IPcaller) and searched
for sets of pages frequently occurring in the visits of a sufficient number of users
(support). Notice also that we used a mining condition to constrain the temporal
ordering between pages in antecedent and consequent of rules, thus ensuring
the discovery of sequential patterns. In practice, examples of resulting patterns
showed that requests of a research center page, or research expertise area, were
later followed by the home page of a professor. This pattern was later used by
Web administrators as a hint for restructuring the Web site access paths.

Units that Occur Frequently Inside Users Crawling Sessions. The fol-
lowing query extracts associations between two sets of content units that ap-
peared together in at least a certain number of crawling sessions.

MINE RULE UnitsSessions AS
SELECT DISTINCT 1..n UnitID AS BODY,

1..n UnitID AS HEAD, SUPPORT, CONFIDENCE
FROM WebLogTable
GROUP BY Jsession
EXTRACTING RULES WITH SUPPORT:0.05, CONFIDENCE:0.4

With this query we discovered patterns that helped Web designers to redesign
the Web application. In fact, we obtained that the units that most frequently
co-occurred in visits are the structural components of the Web site (indexes,
overview pages, and so on).

Anomaly Detection. This query tries to determine the associations between
pages and users that caused a bad authentication error when making access to
those pages. Therefore, this query wants to determine those pages that could be
effectively used by callers as a way to enter illegally into the information system.

Pre-processing Query. The mining request was preceded by a pre-processing
query selecting only those page requests that occurred a sufficient number of
times. This discards those requests that have been mistakenly submitted by the
user (a wrongly typed password), that if not repeated many times, cannot be
considered an intrusion attempt.

MINE RULE BadAuthentication AS
SELECT DISTINCT 1..1 IPcaller AS BODY,

1..n Page Url AS HEAD, SUPPORT, CONFIDENCE
WHERE BODY.IPcaller = HEAD.IPcaller
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FROM WebLogTable WHERE Return Code=’bad authentication’
GROUP BY Date
EXTRACTING RULES WITH SUPPORT:0.03, CONFIDENCE:0.4

In this query we grouped source data by date, thus identifying patterns (asso-
ciation of users to page requests) that are frequent in time. Notice that mining
condition WHERE BODY.IPcaller = HEAD.IPcaller ensures that page requests
(head) effectively were originated by the callers associated to them (body). Ex-
amples of most retrieved patterns are attempts to change passwords, or down-
loading some reserved information.

High Traffic Users

Pre-processing query. Similarly to previous queries, also this data mining query
could be preceded by a pre-processing step, selecting only the frequent page
requests. (Indeed, rare page requests can be neglected).

Mining query. This query returns the associations between two sets of user IP
addresses from which a request of pages is characterized by a large volume of
data. This constraint is enforced by means of a preprocessing predicate WHERE
dimension>=1024 that selects only those requests generating high volume of
traffic on the network.

MINE RULE HighTrafficUsers AS
SELECT DISTINCT 1..n IPcaller AS BODY,

1..n IPcaller AS HEAD, SUPPORT, CONFIDENCE
FROM WebLogTable

WHERE dimension>=1024
GROUP BY date
EXTRACTING RULES WITH SUPPORT:0.03, CONFIDENCE:0.4

Notice that we grouped the input relation by date thus identifying the users
that request high volume pages frequently in time.

Post-processing query. A cross-over query can discover those pages originating
the frequently occurring page requests.

As examples of discovered patterns there are the requests of frequent download
of materials for courses from remote locations, or documentation provided in user
home pages.

Errors Correlated to the Usage of an Operating System. This query
returns associations between the operating system and the error code frequently
returned by the Web server.

MINE RULE OSErrors AS
SELECT DISTINCT 1..1 OStype AS BODY,

1..n Return Code AS HEAD, SUPPORT, CONFIDENCE
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WHERE BODY.OStype=HEAD.OStype
FROM WebLogTable WHERE Return Code LIKE ’%error%’
GROUP BY Date
EXTRACTING RULES WITH SUPPORT:0.01, CONFIDENCE:0.4

Notice the pre-processing predicate (WHERE Return Code ..) that selects
only the page requests that result in some errors. This query is similar to query
named BadAuthentication for the discovery of anomalies. We launched another
similar query, requesting associations between a set of pages to an error and a
browser. Both of them can be useful to test the reliability and robustness of a
new Web application.

Users that Visit Certain Pages Frequently. This request aims at discov-
ering if recurrent requests of a set of pages from a certain IP exist. This puts in
evidence the fidelity of the users to the service provided by the web site.

MINE RULE UsersPages AS
SELECT DISTINCT 1..1 IPcaller AS BODY,

1..2 Page Url AS HEAD, SUPPORT, CONFIDENCE
WHERE BODY.ipaddress = HEAD.ipaddress
FROM WebLogTable
GROUP BY requestId
EXTRACTING RULES WITH SUPPORT:0.01, CONFIDENCE:0.4

Examples of patterns we discovered are provided by the pages that allow the
download of material (course slides, research reports).

One of the main advantages gained by the conceptual web logs is the knowl-
edge of the information content of the pages. These content units can give us
a more precise information on the reasons why certain pages are frequently re-
quested by the users. For this purpose we have also considered another query
(omitted here) retrieving associations between users and content units placed in
pages frequently visited by those users. Patterns resulting from this request con-
firm that the most recurrent requests are download requests of materials from
the Web site.

5 Conclusions

We presented a case study, the analysis of conceptual Web logs of the DEI De-
partment, in which we applied and evaluated the usability and expressive power
of a mining query language – MINE RULE. The Web log was a conceptual log,
obtained by integration of standard (ECFL) Web server logs with information
on web application design and web page content information. The adoption of
this case study also aims to verify and experiment the suitability of some KDD
scenarios developed for inductive databases, and proved the possibility to employ
them with the mining query languages in practice to solve real case problems.

The obtained patterns can be exploited for the definition of effective naviga-
tion and composition of hypertext elements to be adopted for improving the Web
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site quality. We also obtained some concrete examples of interesting or suspicious
event that are useful to the end-users (web and system administrators).

The query examples that we provided show that the mining language is pow-
erful, and at the same time versatile because its operational semantics seems to
be the basic one. Indeed these experiments allow us to claim that Mannila and
Imielinski’s initial view on inductive databases [15] was correct: “There is no
such thing as real discovery, just a matter of the expressive power of the query
languages”.
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Abstract. Current text classification systems typically use term stems for rep-
resenting document content. Semantic Web technologies allow the usage of fea-
tures on a higher semantic level than single words for text classification purposes.
In this paper we propose such an enhancement of the classical document repre-
sentation through concepts extracted from background knowledge. Boosting, a
successful machine learning technique is used for classification. Comparative ex-
perimental evaluations in three different settings support our approach through
consistent improvement of the results. An analysis of the results shows that this
improvement is due to two separate effects.

1 Introduction

Most of the explicit knowledge assets of today’s organizations consist of unstructured
textual information in electronic form. Here, users are facing the challenge of orga-
nizing, analyzing and searching the ever growing amounts of documents. Systems that
automatically classify text documents into predefined thematic classes and thereby con-
textualize information offer a promising approach to tackle this complexity [17]. During
the last decades, a large number of machine learning methods have been proposed for
text classification tasks. Recently, especially Support Vector Machines [9] and Boosting
Algorithms [16] have produced promising results.

So far, however, existing text classification systems have typically used the Bag-of-
Words model known from information retrieval, where single words or word stems are
used as features for representing document content. In this approach, words or word
stems are used as features and indicator variables, word frequencies or more elaborated
weighting schemes like TFIDF are used as feature values [15]. By doing so, the chosen
learning algorithms are restricted to detecting patterns in the used terminology only,
while conceptual patterns remain ignored. Specifically, systems using only words as
features exhibit a number of inherent deficiencies:

1. Multi-Word Expressions with an own meaning like “European Union” are chunked
into pieces with possibly very different meanings like “union”.

2. Synonymous Words like “tungsten” and “wolfram” are mapped into different fea-
tures.

B. Mobasher et al. (Eds.): WebKDD 2004, LNAI 3932, pp. 149–166, 2006.
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3. Polysemous Words are treated as one single feature while they may actually have
multiple distinct meanings.

4. Lack of Generalization: there is no way to generalize similar terms like “beef” and
“pork” to their common hypernym “meat”.

While items 1 – 3 directly address issues that arise on the lexical level, items 4 rather
addresses an issue that is situated on a conceptual level.

In this paper, we show how background knowledge in form of simple ontologies can
improve text classification results by directly addressing these problems. We propose a
hybrid approach for document representation based on the common term stem represen-
tation which is enhanced with concepts extracted from the used ontologies. For actual
classification we suggest to use the AdaBoost algorithm which has proven to produce
accurate classification results in many experimental evaluations and seems to be well
suited to integrate different types of features. Evaluation experiments on three different
text corpora, namely the Reuters-21578, OHSUMED and FAODOC collections show
that our approach leads to consistent improvements of the results. We also show that
in most cases the improvement can be traced to two distinct effects, one being situated
mainly on the lexical level and the generalization on the conceptual level.

This paper is organized as follows. We introduce some preliminaries, namely the
classical bag-of-words document representation and ontologies in section 2. A detailed
process for compiling conceptual features into an enhanced document representation
is presented in section 3. In section 4 we review the AdaBoost algorithm and its in-
ner workings. Evaluation Measures for text classification are reviewed in section 5. In
the following, experimental evaluation results of our approach are presented for the
Reuters-21578, OHSUMED, and FAODOC corpora under varying parameter combina-
tions. It turns out that combined feature representations perform consistently better than
the pure term-based approach. We review related work in section 7 and conclude with
a summary and outlook in section 8.

2 Preliminaries

The Bag-Of-Words Paradigm In the common term-based representation, documents are
considered to be bags of terms, each term being an independent feature of its own. Let
D be the set of documents and T = {t1, . . . , tm} the set of all different terms occurring
in D. For each term t ∈ T in document d ∈ D one can define feature values functions
like binary indicator variables, absolute frequencies or more elaborated measures like
TFIDF [15].

Typically, not the whole words are used as features. Instead, documents are processed
with stemming algorithms, e.g. the Porter stemmer for English [14], first. In addition,
stopwords, i.e. words which are considered as non–descriptive within a bag–of–words
approach, are typically removed. In our experiments later on, we removed stopwords
from T , using a standard list with 571 stopwords.

Ontologies. The background knowledge we have exploited is given through simple
ontologies. We first describe the structure of these ontologies and then discuss their
usage for the extraction of conceptual feature representations for text documents. The



Boosting for Text Classification with Semantic Features 151

background knowledge we will exploit further on is encoded in a core ontology. For
the purpose of this paper, we present only those parts of our more extensive ontology
definition [2] that we need within this paper.

Definition 1 (Core Ontology). A core ontology is a structure O := (C, <C) consisting
of a set C, whose elements are called concept identifiers, and a partial order <C on C,
called concept hierarchy or taxonomy.

Definition 2 (Subconcepts and Superconcepts). If c1 <C c2 for any c1, c2 ∈ C, then
c1 is a subconcept (specialization) of c2 and c2 is a superconcept (generalization) of
c1. If c1 <C c2 and there exists no c3 ∈ C with c1 <C c3 <C c2, then c1 is a direct
subconcept of c2, and c2 is a direct superconcept of c1, denoted by c1 ≺ c2.

These specialization/generalization relationships correspond to what we know as is-a
vs. is-a-special-kind-of, resulting in a hierarchical arrangement of concepts1. In on-
tologies that are more loosely defined, the hierarchy may, however, not be as explicit as
is-a relationships but rather correspond to the notion of narrower-than vs. broader-
than2

According to the international standard ISO 704, we provide names for the concepts
which we will call ‘sign’ or ‘lexical entries’ to better describe the functions for which
they are used.

Definition 3 (Lexicon for an Ontology). A lexicon for an ontologyO is a tuple Lex :=
(SC , RefC) consisting of a set SC , whose elements are called signs for concepts (sym-
bols), and a relation RefC ⊆ SC × C called lexical reference for concepts, where
(c, c) ∈ RefC holds for all c ∈ C ∩ SC . Based on RefC , for s ∈ SC we define
RefC(s) := {c ∈ C|(s, c) ∈ RefC}. Analogously, for c ∈ C it is Ref−1

C (c) :=
{s ∈ SC |(s, c) ∈ RefC}. An ontology with lexicon is a pair (O, Lex) where O is an
ontology and Lex is a lexicon for O.

Ontologies for the experimental evaluation. For the purpose of actual evaluation in the
experiments, we have used three different resources, namely WordNet and the MeSH
Tree Structures Ontology and the AGROVOC ontology.

Although not explicitly designed as an ontology, WordNet [13] largely fits into the
ontology definitions given above. The WordNet database organizes simple words and
multi-word expressions of different syntactic categories into so called synonym sets
(synsets), each of which represents an underlying concept and links these through se-
mantic relations. The current version 2.0 of WordNet comprises a total of 115,424
synsets and 144,309 lexical index terms. The noun category, which was the main focus
of our attention3, contains nearly 70 % of the total synsets, links from 114,648 index

1 Note that this hierarchical structure is not necessarily a tree structure. It may also be a directed
acyclic graph possibly linking concepts to multiple superconcepts at the same time.

2 In many settings this view is considered as bad practice as naturally leads to inconsistencies
and/or errors when actually reasoning with ontologies. Obviously, this problem does not arise
in the context of this work.

3 Beside the noun category, we have also exploited verb synsets, however, without making use
of any semantic links.
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terms to 79,689 synsets in a total of 141,690 mappings. The collection of index terms in
WordNet comprises base forms of terms and their exceptional derivations. The retrieval
of base forms for inflected forms is guided by a set of category-specific morphological
transformations, which ensure a high precision in the mapping of word forms to index
words.

The MeSH Tree Structures Ontology is an ontology that has been compiled out of the
Medical Subject Headings (MeSH) controlled vocabulary thesaurus of the United States
National Library of Medicine (NLM). The ontology contains more than 22,000 con-
cepts, each enriched with synonymous and quasi-synonymous language expressions.
The underlying hierarchical structure is in large parts consistent with real hypernym
relations but also comprises other forms of hierarchical arrangements. The ontology it-
self was ported into and accessed through the Karlsruhe Ontology and Semantic Web
Infrastructure (KAON) infrastructure4.

The third ontology that has been used is the AGROVOC ontology [11], based on
AGROVOC, a multilingual agricultural thesaurus5 developed by the United Nations
Food and Agricultural Organization (FAO). In total, the ontology comprises 17,506
concepts from the agricultural domain. The lexicon contains label and synonym entries
for each concept in English and six additional languages. The concept hierarchy in the
AGROVOC ontology is based on broader-term relationships thus not necessarily on
strict superconcept relations in some cases.

3 Conceptual Document Representation

To extract concepts from texts, we have developed a detailed process, that can be used
with any ontology with lexicon. The overall process comprises five processing steps
that are described in this section.

Candidate Term Detection. Due to the existence of multi-word expressions, the map-
ping of terms to concepts cannot be accomplished by querying the lexicon directly for
the single words in the document. We have addressed this issue by defining a candi-
date term detection strategy that builds on the basic assumption that finding the longest
multi-word expressions that appear in the text and the lexicon will lead to a mapping to
the most specific concepts. The candidate expression detection algorithm we have ap-
plied for this lookup procedure is given in algorithm 16.The algorithm works by moving
a window over the input text, analyze the window content and either decrease the win-
dow size if unsuccessful or move the window further. For English, a window size of 4
is sufficient to detect virtually all multi-word expressions.

Syntactical Patterns. Querying the lexicon directly for any expression in the window
will result in many unnecessary searches and thereby in high computational require-
ments. Luckily, unnecessary search queries can be identified and avoided through an
analysis of the part-of-speech (POS) tags of the words contained in the current window.
Concepts are typically symbolized in texts within noun phrases. By defining appropriate

4 see http://kaon.semanticweb.org/
5 see http://www.fao.org/agrovoc/
6 The algorithm here is an improved version of one proposed in [18].
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Algorithm 1 The candidate expression detection algorithm
Input: document d = {w1, w2, . . . , wn},

Lex = (SC , RefC) and window size k ≥ 1.
i← 1
list Ls

index-term s
while i ≤ n do

for j = min(k, n− i + 1) to 1 do
s← {wi . . . wi+j−1})
if s ∈ SC then

save s in Ls

i← i + j
break

else if j = 1 then
i← i + j

end if
end for

end while
return Ls

POS patterns and matching the window content against these, multi-word combinations
that will surely not symbolize concepts can be excluded in the first hand and different
syntactic categories can be disambiguated. Also, such patterns help to filter out expres-
sions of another syntactical arrangement that might match a lexical entry but do not
refer to a concept.

Morphological Transformations. Typically the lexicon will not contain all inflected
forms of its entries. If the lexicon interface or separate software modules are capable of
performing base form reduction on the submitted query string, queries can be processed
directly. For example, this is the case with WordNet. If the lexicon, as in most cases,
does not contain such functionalities, a simple fallback strategy can be applied. Here, a
separate index of stemmed forms is maintained. If a first query for the inflected forms on
the original lexicon turned out unsuccessful, a second query for the stemmed expression
is performed.

Word Sense Disambiguation. Having detected a lexical entry for an expression, this
does not necessarily imply a one-to-one mapping to a concept in the ontology. Although
multi-word-expression support and pos pattern matching reduce ambiguity, there may
arise the need to disambiguate an expression versus multiple possible concepts. The
word sense disambiguation (WSD) task is a problem in its own right [8] and was not the
focus of our work. In our experiments, we have used three simple strategies proposed
in [7] to process polysemous lexical entries:

– The ‘‘all” strategy leaves actual disambiguation aside and uses all possible con-
cepts.

– The ‘‘first” strategy exploits WordNet’s capability to return synsets ordered with
respect to usage frequency. This strategy chooses the most frequent concept in case
of ambiguities.
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– The ‘‘context” strategy performs disambiguation based on the degree of overlap
of lexical entries for the semantic vicinity of candidate concepts and the document
content as proposed in [7].

Generalization. The last step in the process is about going from the specific concepts
found in the text to more general concept representations. Its principal idea is that if a
term like ‘arrythmia’ appears, one does not only represent the document by the concept
corresponding to ‘arrythmia’, but also by the concepts corresponding to ‘heart disease’
and ‘cardiovascular Diseases’ etc. up to a certain level of generality. This is realized by
compiling, for every concept, all superconcept up to a maximal distance h into the con-
cept representation. Note that the parameter h needs to be chosen carefully as climbing
up the taxonomy too far is likely to obfuscating the concept representation.

4 Boosting

Boosting is a relatively young, yet extremely powerful machine learning technique. The
main idea behind boosting algorithms is to combine multiple weak learners – classifica-
tion algorithms that perform only slightly better than random guessing – into a powerful
composite classifier.

Although being refined subsequently, the main idea of all boosting algorithms can
be traced to the first practical boosting algorithm, AdaBoost [4], which we will con-
centrate on in this paper. AdaBoost and related algorithms have proved to produce ex-
tremely competitive results in many settings, most notably for text classification [16].
At the beginning, the inner workings of boosting algorithms were not well understood.
Subsequent research in boosting algorithms made them rest on a well developed theo-
retical framework and has recently provided interesting links to other successful learn-
ing algorithms, most notably to Support Vector Machines, and to linear optimization
techniques [12].

AdaBoost. The idea behind “boosting” weak learners stems from the observation that
it is usually much easier to build many simple “rules of thumb” than a single highly
complex decision rule. Very precise overall decisions can be achieved if these weak
learners are appropriately combined.

This idea is reflected in the output of the boosting procedure: for AdaBoost the aggre-
gate decisions are formed in an additive model of the form: f̂(x)=sign(

∑T
t=1 αt ht(x))

with ht : X → {−1, 1}, αt ∈ R, where αt denotes the weight of the ensemble member
ht in the aggregate decision and where the output values f̂(x) ∈ {1,−1} denote posi-
tive and negative predictions respectively. In such a model, AdaBoost has to solve two
questions: How should the set of base hypotheses ht be determined ? How should the
weights αt determined, i.e. which base hypotheses should contribute more than others
and how much ? The AdaBoost algorithm, described in algorithm 2 aims at coming up
with an optimal parameter assignment for ht and αt.

AdaBoost maintains a set of weights Dt over the training instances x1 . . . xi . . . xn.
At each iteration step t, a base classifier is chosen that performs best on the weighted
training instances. Based on the performance of this base classifier, the final weight
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Algorithm 2 The AdaBoost algorithm.
Input: training sample Strain = {(x1, y1), . . . , (xn, yn)}

with (xi, yi) ∈ X× {−1, 1} and yi = f(xi),
number of iterations T .

Initialize: D1(i) = 1
n

for all i = 1, . . . , n.
for t = 1 to T do

train base classifier ht on weighted training set
calculate the weighted training error:

εt ←
n∑

i=1

Dt(i) Iyi �=ht(xi) (1)

compute the optimal update step as:

αt ← 1

2
ln

1− εt

εt
(2)

update the distribution as:

Dt+1(i)← Dt(i) e−αt yi ht(xi)

Zt
(3)

where Zt is a normalization factor to ensure that
∑n

i=1 Dt+1(i) = 1
if εt = 0 or εt = 1

2
then

break
end if

end for
Result: composite classifier given by:

f̂(x) = sign
(
f̂soft(x)

)
= sign

(
T∑

t=1

αtht(x)

)

(4)

parameter αt is calculated in equation (2) and the distribution weights Dt+1 for the
next iteration are updated. The weight update in equation (3) assigns higher weights to
training instances that have been misclassified, while correctly classified instances will
receive smaller weights in the next iteration. Thereby, AdaBoost kind of “focusing in”
on those examples that are more difficult while the weight each base classifier receives
in the final additive model depends on its performance on the weighted training set at
the respective iteration step.

Weak Lerners for AdaBoost. In theory, AdaBoost can be used with any base learner
capable of handling weighted training instances. Although the base classifiers are not
restricted to belong to a certain classifier family, virtually all work with boosting al-
gorithms has used the very simple class of decision stumps as base learners. In this
presentation, we focus on simple indicator function decision stumps of the form

h(x) =
{

c if xj = 1
−c else.

(5)
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with c ∈ {−1, 1}. A decision stump of this form takes binary features (e.g. word or
concept occurrences) as inputs. The index j identifies a specific binary feature whose
presence either supports a positive classification decision, i.e. c = 1 or a negative deci-
sion, i.e. c = −1.

5 Evaluation Metrics

A standard set of performance metrics is commonly used to assess classifier perfor-
mance which we will review shortly in this section.

Classification Metrics. Given a set of test documents S = {x1, . . . , xn} with binary
labels {y1, . . . , yn} where yi ∈ {−1, 1} codes the membership in a class in question.
Given further a classifier f̂ trained on an independent training set with f̂(x) ∈ {−1, 1}
indicating the binary decisions of the classifier. Then the test sample can be partitioned
into sets S = S+ ∪ S−, i.e. the set of positive and negative test documents. These
partitions can be decomposed further into S+ = TP ∪FN and S+ = FP ∪TN with:
TP = {xi ∈ S|f̂(xi) = 1 ∧ yi = 1}, FP := {xi ∈ S|f̂(xi) = 1 ∧ yi = −1},
TN := {xi ∈ S|f̂ (xi) = −1 ∧ yi = −1} and FN := {xi ∈ S|f̂(xi) = −1 ∧ yi = 1}
called the sets of documents classified true positive, false positive, true negative and
false negative, often referred to as the classification contingency table.

Based on these definitions, different evaluation measures have been defined [19].
Commonly used classification measures in text classification and information retrieval
are the classification error, precision, recall and the Fβ measure:

1. Classification Error

err(f̂ ,S) :=
|FP | + |FN |

|TP | + |FP | + |TN |+ |FN | . (6)

2. Precision

prec(f̂ ,S) :=
|TP |

|TP |+ |FP | . (7)

3. Recall

rec(f̂ ,S) :=
|TP |

|TP |+ |FN | . (8)

4. F1 measure

F1(f̂ ,S) :=
2 prec(f̂ ,S) rec(f̂ ,S)

prec(f̂ ,S) + rec(f̂ ,S)
. (9)

Ranking Metrics. The ensemble classifiers produced by AdaBoost are capable of re-
turning a real-valued output f̂soft(x) ∈ [−1, 1]. The magnitude |f̂soft(x)| reflects the
“confidence” of the classifier in a decision and allows to rank documents. In such a sce-
nario, a ranking metric has to evaluate how close the ordered list defined by f̂soft(x) is
to an ideal ordering which should put every positive document in front of every nega-
tive document. Consequently, a parameterized classifier f̂k can be defined that returns
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f̂k(x) = 1 if f̂soft(x) ranks among the first k documents and f̂k(x) = −1 otherwise.
On this basis, values for precision and recall can be calculated and tuned with respect
to different values of k. When precision and recall coincide at some k, this value is
called the break-even point (BEP). It can be shown that this is necessarily the case at
k = |S+|7.

Micro- and Macro Averaging. To average evaluation results over binary classifications
on the per-class level, two conventional methods exist. The macro-averaged figures are
meant to be averages on the class level and are calculated as simple averages of the
scores achieved for the different classes. In contrast, micro-averaged figures are com-
puted by summing the cells of per-class contingency tables together and then computing
performance scores based on these global figures. These can consequently be seen as
averages on the document level.

Statistical Significance Tests. Statistical significance tests are useful in order to verify
to which extent the claim of an improvement can be backed by the observations on the
test set. For the experiments we report in this paper, we focused on two statistical sig-
nificance tests, a sign test (“S-test”) and a paired t-test (“T-test”) on an improvement of
individual F1 scores for the different classes that have been evaluated in each experi-
ment described in detail in [20]. Note that neither of these two tests is “perfect” as both
are based on different hypotheses. As a sign-test, the S-test is considered to be more ro-
bust against the influence of outliers, but may not be sufficiently sensitive as it ignores
the absolute differences among the individual F1 values. The T-test is much more sensi-
tive but could be overly sensitive when facing highly unstable F1 scores. Also note that
both tests evaluate only improvements on F1 values and on the macro level. Following
common statistical practice, we have required a significance level α = 0.05 is required
for claiming an improvement to be significant. The significance level of α = 0.01 was
used for the claim that an improvement was very significant.

6 Experiments

The focus of our evaluation experiments was directed towards comparing whether Ad-
aBoost using the enhanced document representation would outperform the classical
term representation.

6.1 Evaluation on the Reuters-21578 Corpus

A first set of evaluation experiments was conducted on the well-known Reuters-21578
collection. We used the “ModApte” split which divides the collection into 9,603 training
documents, 3,299 test documents and 8,676 unused documents.

7 This follows from the fact that if there are m negative documents among the first |S+| docu-
ments in the ranked list, there must also be exactly m positive examples in the remainder of
the list, thus: FPk = FNk = m, which guarantees precision and recall to be equal according
to the formulas given above.
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Experimental Setup. In the first stage of the experiment, terms and concepts were ex-
tracted as features from the documents in the training and test corpus. For terms, the
feature extraction stage consisted of the stages described in section 2, namely chunk-
ing, removal of the standard stopwords for English defined in the SMART stopword
list and stemming using the porter stemming algorithm, resulting in a total number of
17,525 distinct term features. Conceptual features were then extracted for noun and
verb phrases using WordNet as background ontology. Different sets of concept features
were extracted based on varying parameters for disambiguation strategy and maximal
hypernym distance ranging from 10,259 to 27,236 distinct concept features.

In the next stage of the experiment, classification was performed using AdaBoost. We
performed binary classification on the top 50 categories containing the highest number
of positive training documents. The number of boosting iterations for training was fixed
at 200 rounds for all feature combinations.

Results. As a general finding, the results obtained in the experiments suggest that Ad-
aBoost typically achieves better classification for both macro- and micro-averaged re-
sults when used with a combination of term-based and concept-based features. Table
1 summarizes the results of the experiments for different feature types with the best
values being highlighted. The relative gains on the F1 value, which is influenced both
by precision and recall, compared to the baseline show that in all but one cases the
performance can be improved by including conceptual features, peaking at an relative
improvement of 3.29 % for macro-averaged values and 2.00 % for micro-averaged val-
ues. Moderate improvements are achieved through simple concept integration, while
larger improvements are achieved in most cases through additional integration of more
general concepts.

The results of the significance tests allow us to conclude that these improvements are
significant in at least half of the cases. In general, the improvements of macro-averaged
F1 are higher than with micro-averaging which seems to suggest that the additional
concepts are particularly helpful for smaller classes.

6.2 Evaluation on the OHSUMED Corpus

A second series of experiments was conducted using the OHSUMED collection,
initially compiled by Hersh et al. [6]. It consists of titles and abstracts from medical
journals, each being indexed with multiple MeSH descriptors. We have used the 1987
portion of the collection containing a total of 54,708 entries. Two thirds of the entries
were randomly selected as training documents while the remainder was used as test set,
resulting in a training corpus containing 36,369 documents and a test corpus containing
18,341 documents.

Experimental Setup. Term stems were extracted as with Reuters-21578 resulting in a
total number of 38,047 distinct features. WordNet and the MeSH Tree Structures Ontol-
ogy were used to extract conceptual features. For WordNet, noun and verb phrases were
considered while for the MeSH Tree Structures Ontology, only noun phrases were con-
sidered. For WordNet, the same disambiguation strategies were used as in the Reuters-
21578 experiments. For the MeSH Tree Structures Ontology, only the “all” strategy
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Table 1. Experimental Results on the top 50 Reuters-21578 Categories. All numbers are percent-
ages. The three best values per column are highlighted.

macro-averaged (in percentages)
Feature Type Error Prec Rec F1 BEP
term 00.65 80.59 66.30 72.75 74.29
term & synset.first 00.64 80.66 67.39 73.43 75.08
term & synset.first.hyp5 00.60 80.67 69.57 74.71 74.84
term & synset.first.hyp10 00.62 80.43 68.40 73.93 75.58
term & synset.context 00.63 79.96 68.51 73.79 74.46
term & synset.context.hyp5 00.62 79.48 68.34 73.49 74.71
term & synset.all 00.64 80.02 66.44 72.60 73.62
term & synset.all.hyp5 00.59 83.76 68.12 75.14 75.55

micro-averaged (in percentages)
Feature Type Error Prec Rec F1 BEP
term 00.65 89.12 79.82 84.21 85.77
term & synset.first 00.64 88.75 80.79 84.58 85.97
term & synset.first.hyp5 00.60 89.16 82.46 85.68 85.91
term & synset.first.hyp10 00.62 88.78 81.74 85.11 86.14
term & synset.context 00.63 88.86 81.46 85.00 85.91
term & synset.context.hyp5 00.62 89.09 81.40 85.07 85.97
term & synset.all 00.64 88.82 80.99 84.72 85.69
term & synset.all.hyp5 00.59 89.92 82.21 85.89 86.44

Fig. 1. Bar Chart Illustration of the Relative Improvements of F1 Scores on the top 50 Reuters-
21578 Categories for combined Term-Synset Features vs. ‘term’. All numbers are percentages.

was used due to the observation that polysemy problems occur extremely rarely with
this ontology as descriptor terms are most naturally unique. For both ontologies, differ-
ent degrees of depth were used for hypernym or superconcept integration, resulting in a
total of 16,442 to 34,529 synset features and 11,572 to 13,663 MeSH concept features.
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Table 2. Experimental Results on the top 50 OHSUMED Categories with WordNet and MeSH
as Background Knowledge Resources. All numbers are percentages. The three best values per
column are highlighted.

macro-averaged (in percentages)
Feature Type Error Prec Rec F1 BEP
term 00.53 52.60 35.74 42.56 45.68
term & synset.first 00.52 53.08 36.98 43.59 46.46
term & synset.first.hyp5 00.52 53.82 38.66 45.00 48.01
term & synset.context 00.52 52.83 37.09 43.58 46.88
term & synset.context.hyp5 00.51 54.55 39.06 45.53 48.10
term & synset.all 00.52 52.89 37.09 43.60 46.82
term & synset.all.hyp5 00.52 53.33 38.24 44.42 46.73
term & mesh 00.52 53.65 37.56 44.19 47.31
term & mesh.sc1 00.52 52.91 37.59 43.95 46.93
term & mesh.sc3 00.52 52.77 38.06 44.22 46.90
term & mesh.sc5 00.52 52.72 37.57 43.87 47.16

micro-averaged (in percentages)
Feature Type Error Prec Rec F1 BEP
term 00.53 55.77 36.25 43.94 46.17
term & synset.first 00.52 56.07 37.30 44.80 47.01
term & synset.first.hyp5 00.52 56.84 38.76 46.09 48.31
term & synset.context 00.52 56.30 37.46 44.99 47.34
term & synset.context.hyp5 00.51 58.10 39.18 46.81 48.45
term & synset.all 00.52 56.19 37.44 44.94 47.32
term & synset.all.hyp5 00.52 56.29 38.24 45.54 46.73
term & mesh 00.52 56.81 37.84 45.43 47.78
term & mesh.sc1 00.52 56.00 37.90 45.20 47.49
term & mesh.sc3 00.52 55.87 38.26 45.42 47.45
term & mesh.sc5 00.52 55.94 37.94 45.21 47.63

On the documents of the OHSUMED dataset — as on Reuters-21578 — binary
classification with AdaBoost was performed on the top 50 categories that contained
the highest number of positive training documents. To cope with the on average larger
number of features and the much higher number of documents compared to the Reuters-
21578 corpus, the number of boosting iterations for all experiments with the
OHSUMED collection was set to 1000 rounds.

Results. Different runs of the classification stage were performed based on the different
features, leading to often substantially different results. Again, the general finding is
that complementing the term stem representation with conceptual features significantly
improves classification performance.

Table 2 summarizes the macro- and micro-averaged results. The relative improve-
ments for the F1 scores compared to the term stem baseline are depicted in figure
6.2 for WordNet as background knowledge resource. These range from about 2% to a
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maximum of about 7 %. The relative F1 improvements when using the MeSH Tree
Structure Ontology, were on the 3% to 5% level in all cases. The statistical signifi-
cance tests revealed that in virtually all cases, these improvements can be claimed to be
significant and actually even very significant in most cases.

Again, the integration of conceptual features improved text classification results.
The relative improvements achieved on OHSUMED are generally higher than those
achieved on the Reuters-21578 corpus. This makes intuitively sense as the documents
in the OHSUMED corpus are taken from the medical domain. Documents from this
domain typically suffer heavily from the problems described in section 2, especially
synonymous terms and multi-word expressions. But this is only a first effect. The even
better results achieved through hypernym integration with WordNet indicate that also
the highly specialized language is a problem that can be remedied through integration
of more general concepts.

A comparison between WordNet and the MeSH Descriptor Ontology is hard. On
the one hand, without generalization, the domain specific MeSH Tree Structures On-
tology is able to achieve slightly better results. Taking into account that the extraction
was here bases solely on noun phrases and that WordNet’s coverage is much broader,
this is a positive surprise. On the other hand, WordNet achieves much better results
when generalization comes into play. In contrast to WordNet, superconcept integration
for MeSH does not really improve the results and varying levels of superconcept inte-
gration lead to similar or even worse results. Apparently, the broader-term relation of
the MeSH thesaurus is indeed not well suited to improve the results. Also note that in
contrast to the Reuters-21578 experiments, “context” word sense disambiguation strat-
egy performs best in combination with hypernym integration. Apparently, it is easier to
disambiguate polysemous words in the medical context.

Fig. 2. Relative Improvements of F1 Scores on OHSUMED for combined Term-Synset Features
vs. Term Stems
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6.3 Evaluation on the FAODOC Corpus

The third and last series of experiments uses a collection of documents from the FAO
Document Online Catalogue (FAODOC)8, managed by the United Nations Food and
Agricultural Organization. The FAODOC database houses articles and other publica-
tions from the agricultural domain together with metadata information, including sub-
ject and category elements.

Experimental Setup. The FAODOC collection contains English, French and Spanish
HTML documents. All documents are indexed with one or multiple category codes,
each of which refers to one of 115 FAODOC subject categories (details in [11]). In
the experiments, only the subset of English documents has been used where each of
the categories has at least 50 positive documents. In total, this document set contains
1 501 HTML documents each indexed with one to three labels from 21 distinct subject
categories. From the total number of 1 501 documents, the first 1 000 documents were
used for training while the remainder of 501 documents were held out as test set.

The FAODOC dataset is very different from the other datasets encountered so far.
Besides being taken from a different domain, the total number of documents is much
smaller. The documents in the FAODOC dataset are typically much larger in size, rang-
ing from 1.5 kilobytes to over 600 kilobytes, which is also reflected in the resulting
feature representations with 68 608 word stems. Besides the extraction of term stems
as usual, conceptual features were extracted again, this time using the AGROVOC on-
tology as background knowledge resource. For both types of features, the documents
were first converted from HTML to plain text, then proceeding in the same way as with
the documents in the other corpora. Again as by the OHSUMED corpus only the all
strategy was apply to disambiguate word stems if necessary.

As in the other experiments, each of the 21 different labels resulted in a binary clas-
sification run of its own, each time using DiscreteAdaBoost.MH was as learning algo-
rithm with decision stump classifier based on the binary feature weights as base learn-
ers. The chosen number of 500 boosting iterations is based on a trade-off between the
smaller number of training documents on the one hand and a typically larger size per
document on the other. In all experiments, the results on the 21 individual labels were
eventually macro- and micro-averaged.

Results. Different runs of the classification stage were performed based on different fea-
tures: term stems and again combinations of both types of features. Table 3 summarizes
the results of the experiments with the FAODOC for the different feature representa-
tions, evaluation metrics and averaging variants. For each performance metric, the best
result is highlighted.

Again, combinations of terms and concepts as features also achieve considerable im-
provements over the classic term stem representation in all scores, most notably in re-
spect to precision. Figure 3 undermines the good performance of the term and ‘agrovoc’
concept representation achieving a maximum relative improvement of 10.54 % on the
macro-averaged F1 value compared to the ‘term’ representation. The maximum relative
improvement on the micro-averaged F1 lies at 4.33 %. Again, one observes a heavy

8 See http://www4.fao.org/faobib/index.html
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Table 3. Experimental Results on all 21 FAODOC Categories. All numbers are percentages. Only
the best values per column are highlighted.

macro-averaged
Feature Type Error Prec Rec F1 BEP
term 06.87 45.47 27.11 33.97 36.93
term & agrovoc 06.66 50.96 28.63 36.66 39.84
term & agrovoc.sc1 06.76 49.26 27.48 35.28 39.40
term & agrovoc.sc3 06.79 49.08 30.41 37.55 41.69

micro-averaged
Feature Type Error Prec Rec F1 BEP
term 06.87 50.44 31.22 38.57 44.29
term & agrovoc 06.66 52.91 32.46 40.24 48.01
term & agrovoc.sc1 06.76 51.75 32.60 40.00 46.77
term & agrovoc.sc3 06.79 51.47 31.36 38.97 47.73

Fig. 3. Bar Chart Illustration of the Relative Improvements of F1 Scores on all 21 FAODOC
Categories for combined Term-Concept Representations vs. ‘term’. All numbers are percentages.

discrepancy between the macro- and micro-averaged scores. Again, macro-averaged
performance gains are higher than those for micro-averaging, which makes sense tak-
ing into account the fairly unequal category sizes. In contrast to the other experiments,
the amount of deviation however varies considerably among the different feature rep-
resentations. Furthermore, the question which superconcept integration depth leads to
the best improvement cannot be answered easily because the effects vary considerably
between micro- and macro-averaging.

The inconsistent results on the FAODOC collection could be attributed to the fact that
random effects are much likelier compared to the other experiments as the number of
training and test documents is considerably smaller. This is one reason that significance
testing has not been conducted for the set of experiments with the FAODOC collection.
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Another reason is that the smaller number of categories would also lead to a worse
reliability of the tests.

7 Related Work

Representing document content through metadata descriptions is a well-known task
in the semantic web context, also known as annotation[5]. Typically, however, this is
a semi-automatic task that aims at precise metadata descriptions and not at creating
features for machine learning algorithms.

To date, the work on integrating semantic background knowledge into text classifica-
tion or other related tasks is quite scattered. Much of the early work with semantic back-
ground knowledge in information retrieval was done in the context of query expansion
techniques [1]. Feature representations based on concepts from ontological background
knowledge were also used in text clustering settings [7] where it could be shown that
conceptual representations can significantly improve text cluster purity and reduce the
variance among the representations of related documents. Recent experiments with con-
ceptual feature representations for text classification are presented in [18]. These and
other similar published results are, however, still too few to allow insights on whether
positive effects can be achieved in general. In some cases, even negative results were
reported. For example, a comprehensive comparison of approaches based on different
word-sense document representations and different learning algorithms reported in [10]
ends with the conclusion of the authors that “the use of word senses does not result in
any significant categorization improvement”.

Alternative approaches for conceptual representations of text documents that are not
based on background knowledge compute kind of “concepts” statistically. Very good
results with a probabilistic variant of LSA known as Probabilistic Latent Semantic
Analysis (pLSA) were recently reported in [3]. The experiments reported therein are
of particular interest as the classification was also based on boosting combined term-
concept representation, the latter being however automatically extracted from the doc-
ument corpus using pLSA.

8 Conclusions

In this paper, we have proposed an approach to incorporate concepts from background
knowledge into document representations for text document classification. A very
successful ensemble learning algorithm, AdaBoost, was proposed to perform the final
classifications based on the classical word vector representations and the conceptual
features. Boosting Algorithms, when used with binary feature representations, scale
well to a large number of dimensions that typically occur when superconcepts are used
as well. At the same time, AdaBoost is capable of integrating heterogenous features that
are based on different paradigms without having to adjust any parameters in the feature
space representation.

Experiments on three different datasets clearly showed that the integration of con-
cepts into the feature representation clearly improves classification results. The absolute
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scores achieved on Reuters and OHSUMED are highly competitive with other pub-
lished results and the reported relative improvements appear to be statistically signifi-
cant in most cases. A comparative analysis of the improvements for different concept
integration strategies revealed that two separate effects lead to these improvements. A
first effect that can be mainly attributed to multi-word expression detection and syn-
onym conflation is achieved through the basic concept integration. A second effect
building on this initial improvement is attributed to the use of the ontology structures
for generalization through hypernym retrieval and integration.

Outlook. The experiments that have been conducted show that the presented approach
appears to be promising in most settings. However it has also become obvious that
the results depend on the specific constellation of parameters. These include — most
importantly — the choice of the appropriate ontology. Further research and experiments
should investigate how the specific choice and setup of the used ontologies can lead
to even better results and wether other concept extraction strategies lead to a further
improvement in classification performance.

At the same time the focus of our approach can be extended towards including other
groups of ontological entities like relations and instances. It has been mentioned that
feature extraction for machine learning and metadata annotation[5] have many things
in common. Future work will also analyze, how results for documents that are already
enriched with metadata will evolve in the classification context. Future work will also
pay attention to the setup of the classification algorithm as the general nature of Ad-
aBoost would allow to integrate more advanced weak learners which might also exploit
background knowledge even more directly.
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Abstract. Extracting sentiments from unstructured text has emerged
as an important problem in many disciplines. An accurate method would
enable us, for example, to mine online opinions from the Internet and
learn customers’ preferences for economic or marketing research, or for
leveraging a strategic advantage. In this paper, we propose a two-stage
Bayesian algorithm that is able to capture the dependencies among
words, and, at the same time, finds a vocabulary that is efficient for the
purpose of extracting sentiments. Experimental results on online movie
reviews and online news show that our algorithm is able to select a par-
simonious feature set with substantially fewer predictor variables than
in the full data set and leads to better predictions about sentiment ori-
entations than several state-of-the-art machine learning methods. Our
findings suggest that sentiments are captured by conditional dependence
relations among words, rather than by keywords or high-frequency words.

1 Introduction

Traditionally, researchers have used surveys to collect limited amounts of data in
a structured form for their analyses. In recent years, the advent of the Internet,
and the widespread use of advanced information technologies in general, have
resulted in a surge of information that is freely available online in an unstruc-
tured format. For example, many discussion groups and review sites exist where
people post their opinions about a product. The automatic understanding of
sentiments expressed within the texts of such posts could lead to a number of
new applications in the fields of marketing and information retrieval, and could
enable the automated learning of elements of ontologies from online data, e.g.,
the “trustable level” of the trust ontology [1].

Researchers have been investigating the problem of automatic text categoriza-
tion for the past two decades. Satisfactory solutions have been found for the cases
of topic categorization and of authorship attribution; briefly, topics are captured
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by sets of keywords, whereas authors are identified by their choices about the use
of non-contextual, high-frequency words [2]. Pang et al [3] showed that such solu-
tions, or extensions of them, underperform when ported to sentiment extraction,
yielding cross-validated accuracies and areas under the curve (AUC) in the high
70%s to low 80%s. Even more worrisome is the fact that these performances are
obtained using large vocabularies, whose words’ discriminatory power is likely
to be due to chance for many of the words. We conjecture that one reason for
the failure of such approaches maybe attributed to the fact that the words used
in the classification are selected independently of one another, whereas we ar-
gue that their very interactions lead to the emergence of sentiments in the text.
The goal of this paper is to present a machine learning technique for learning
predominant sentiments of online texts, available in unstructured format, that:

– is capable of selecting words that are related to one another and to the
sentiment embedded in the texts significantly, i.e., beyond pure chance, and

– is capable of finding a minimal vocabulary that leads to good performance
in categorization and prediction tasks.

Our two-stage Markov Blanket Classifier (MBC) learns conditional dependen-
cies among the words and encodes them into a Markov Blanket Directed Acyclic
Graph (MB DAG) for the sentiment variable (first stage), and then uses a Tabu
Search (TS) meta-heuristic strategy to fine tune the MB DAG (second stage) in
order to yield a higher cross-validated accuracy. Learning dependencies allows us
to capture semantic relations and dependent patterns among the words, which
help us approximate the meaning of sentences with respect to the sentiment they
encode. Further, performing the classification task using a Markov Blanket (MB)
for the sentiment variable (in a Bayesian network) has important properties: (a)
it specifies a statistically efficient prediction of the probability distribution of
the sentiment variable from the smallest subset of predictors, and (b) it pro-
vides accuracy while avoiding over-fitting due to redundant predictors. We test
our algorithm on the publicly available “movie reviews” data set [4] and on
three proprietary corpora of online news with different degrees of topicality [5],
and achieve a cross-validated accuracy and AUC comparable to the best perfor-
mances of competing state-of-the-art classifiers, with an extremely parsimonious
vocabulary.

This paper is organized as follows: Section 2 surveys related work. Section
3 provides some background about Bayesian networks, Markov Blankets, and
Tabu Search. Section 4 contains details about our proposed methodology. Sec-
tion 5 describes the data and presents the experimental results. Last, Section 6
discusses of our findings and Section 7 concludes.

2 Related Work on Sentiments

The problem of sentiment extraction is also referred to as opinion extraction or
semantic classification in the literature. A related problem is that of studying
the semantic orientation, or polarity, of words as defined by Osgood et al. [6].
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Hatzivassiloglou and McKeown [7] built a log-linear model to predict the se-
mantic orientation of conjoined adjectives using the conjunctions between them.
Huettner and Subasic [8] hand-crafted a cognitive linguistic model for affection
sentiments based on fuzzy logic. Das and Chen [9] used domain knowledge to
manually construct lexicon and grammar rules that aim at capturing the “pulse”
of financial markets as expressed by online news about traded stocks. They cat-
egorized news as buy, sell or neutral using five classifiers and various voting
schemes to achieve an accuracy of 62% (random guesses would top 33%). Tur-
ney and Littman [10] proposed a compelling semi-supervised method to learn the
polarity of adjectives starting from a small set of adjectives of known polarity,
and Turney [11] used this method to predict the opinions of consumers about
various objects (movies, cars, banks) and achieved accuracies between 66% and
84%. Pang et al. [3] used off-the-shelf classification methods on frequent, non-
contextual words in combination with various heuristics and annotators, and
achieved a maximum cross-validated accuracy of 82.9% on data from IMDB.
Dave et al. [12] categorized positive versus negative movie reviews using support
vector machines on various types of semantic features based on substitutions and
proximity, and achieved an accuracy of at most 88.9% on data from Amazon and
Cnn.Net. Liu et al. [13] proposed a framework to categorize emotions based on
a large dictionary of common sense knowledge and on linguistic models.

3 Problem - Background

We introduce the problem and briefly discuss its scope in Section 3.1. We review
concepts relevant to our methodology in Sections 3.2 and 3.3; specifically we
review Bayesian networks, Markov blankets, and Tabu search.

3.1 Problem Definition

Our problem can be formally stated as a typical classification problem. Briefly,
our data consists of a collection of N documents, {yd, xd1, ...xdV }N

d=1, that is, of
N examples of the corresponding random variables, {Y, X1, ...XV }. The overall
sentiment of each document d is encoded by the variable Y = yd, which can
take one of a finite number of sentiment values (yd = s, s = 0, ..., S). The index
w identifies a unique word in the vocabulary, and V denotes the size of the
vocabulary observed in the collection of N documents. Each of the variables
{Xw}V

w=1 encodes the presence or absence of word w in document d, i.e., xdw ∈
{0, 1} for d = 1, ..., N .

Problem (Sentiment Classification). Given a collection of N documents,
{xd1, ...xdV }N

d=1 ∈ {0, 1}V , along with an indication of the corresponding senti-
ments they encode, {yd}N

d=1 ∈ [0, S], we want to learn a classifier that predicts the
overall sentiments of new documents, f : {0, 1}V → [0, S], with high accuracy.
Documents may show different degrees of topicality.

Note that, although the mathematical formulation of the problem is that of a
typical (supervised) classification problem, its most interesting characteristic is
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Fig. 1. (left) A sample Bayesian Network (S, P ), and (right) the Markov Blanket for
the variable encoding the overall sentiment of a document, Y

not expressed by the Xs and Y s alone: that is, sentiments are complex semantic
elements hardly expressible by mere independent presence/absence of words. We
develop a methodology to capture dependent word presence/absence patterns.

3.2 Bayesian Networks and Markov Blankets

A Bayesian Network is a graphical representation of the joint probability distri-
bution of a set of random variables. A Bayesian Network for a set of variables
X = {X1, ..., XV } consists of: (i) a directed acyclic graph (DAG) S that encodes
a set of conditional independence assertions among variables in X ; (ii) a set
P = {p1, ..., pV } of local conditional probability distributions associated with
each node and its parents. A Bayesian Network also has a causal interpretation:
a directed edge from one variable to another, X → Y , represents the claim that
X is a direct cause of Y with respect to other variables in the DAG [14,15].

Definition 1. P satisfies the Markov Condition for S if every node Xi in S
is independent of its non-descendants and non-parents in S, conditional on its
parents.

The Markov Condition implies that the joint distribution p can be factorized
as a product of conditional probabilities, by specifying the distribution of each
node conditional on its parents [15]. In particular, for a given structure S, the
joint probability distribution for X can be written as

P (X) =
V∏

i=1

Pi(Xi|pai), (1)

where pai denotes the set of parents of Xi; this is called a Markov factorization
of P according to S.

Definition 2. Given the set of variables X and target variable Y , a Markov
Blanket (MB) for Y is the smallest subset Q of variables in X such that Y is
independent of X\Q, conditional on the variables in Q.
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Assuming that there are no conditional independence relations in P other than
those entailed by the Markov condition for S, then for a given Bayesian Network
(S, P ), there is a unique Markov Blanket for Y consisting of paY , the set of
parents of Y ; chY , the set of children of Y ; and pa chY , the set of parents of
children of Y .

For example, consider the two DAGs in Figure 1. The factorization of p en-
tailed by the Bayesian Network (S, P ) is the following,

P (Y, X1, ..., X6) = PY (Y |X1)P4(X4|X2, Y )P5(X5|X3, X4, Y )P2(X2|X1)×
×P3(X3|X1)P6(X6|X4)P1(X1).

(2)

Instead, the factorization of the conditional probability entailed by the Markov
Blanket for Y , P (Y |X1, ..., X6), corresponds to the product of those (local) fac-
tors in equation 2 that contain the term Y ,

P (Y |X1, ..., X6) = C′ PY (Y |X1)P4(X4|X2, Y )P5(X5|X3, X4, Y ), (3)

where C′ is a normalizing constant independent of Y .

Definition 3. MBDAGs that entail the same set of conditional independence
relations are said to be Markov equivalent; and the set of all MBDAGs that are
Markov equivalent form a Markov equivalence class.

3.3 Tabu Search Heuristic

Tabu Search is a meta-heuristic search strategy that is able to guide traditional
local search methods to escape the trap of local optimality with the assistance
of adaptive memory [16]. Tabu search is viewed as “intelligent” search because
it makes use of adaptive memory. The adaptive memory feature of TS allows the
implementation of procedures that are capable of searching the solution space
economically and effectively. In its simplest form, Tabu Search starts with a
feasible solution and chooses the best move according to an evaluation func-
tion while taking steps to ensure that the method does not revisit a solution
previously generated. This is accomplished by introducing tabu restrictions on
possible moves to discourage the reversal and in some cases repetition of selected
moves. The tabu list that contains these forbidden move attributes is known as
the short term memory function. It operates by modifying the search trajectory
to exclude moves leading to new solutions that contain attributes (or attribute
mixes) belonging to solutions previously visited within a time horizon governed
by the short term memory. Intermediate and long-term memory functions may
also be incorporated to intensify and diversify the search.

4 Methods: A Markov Blanket for Word Patterns

In this section we describe our methodology and the intuitions behind it. A
sketch of the various algorithms described here can be found in Appendix A.
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LrnTSMBC ({xd1, ..., xdV }, {yd}, δ, α)

1. LY = Adj ({yd}, {xd1, ..., xdV }, δ, α)
2. for Xi ∈ LY

2.1. LXi = Adj ({xdi}, {xd1, ..., xdV }\xdi, δ, α)
3. G = Ornt (Y ∪ LY ∪i LXi)
4. {MBDAG(Y ), L} = Trsfm (G)
5. TabuSrch (MBDAG(Y ), L, MaxIter)

Fig. 2. Overview of the algorithm underlying the Tabu-Search-enhanced Markov Blan-
ket Classifier. The relevant parameters are: a data set with V words and N documents;
Y , the sentiment variable; δ, the maximum size of separating sets of words considered
for the conditional independence tests; α, the significance level for the G2 statistical
independence tests. See the text for more details.

4.1 Markov Blanket Classifier at a Glance

The goal of the Markov blanket classifier (MBC) is two-fold: (1) to find a parsi-
monious vocabulary that is expressive enough to capture the overall sentiment
of a document, and (2) to find a dependency structure among words in the vo-
cabulary and the sentiment variable that leads to good predictions of the overall
sentiment of a new document. Figure 2 presents an overview of the algorithm
that we employ to learn the Tabu-Search-enhanced Markov Blanket Classifier.

The learning algorithm can be divided into two stages. In the first stage
(steps 1. to 4.), the collection of training documents, D, is used to generate an
initial Markov blanket for the sentiment variable, Y . The first stage aims at
finding a parsimonious, yet expressive vocabulary, and the search for the “right”
vocabulary takes into account dependency patterns amongst words. The first
stage ends at step 4. with a subset of the words that is meant to be expressive
enough to describe word patterns that lead to the emergence of the overall
sentiment in the text (the MBDAG for Y ), as well as a list of words that are
not part of the Markov Blanket (L), but which the algorithm cannot exclude (in
step 3.) from being useful in expressing sentiments.

However, the initial MBDAG may be highly suboptimal due to the application
of repeated conditional independence tests [14], in steps 1. and 2., and propa-
gation of errors in causal orientation [17]. Hence, Tabu Search is applied in the
second stage (step 5.) to improve the predictive power of the structure of the
initial Markov blanket. The algorithm stops after a fixed number of iterations
or a fixed number of non-improving iterations.

These two steps are detailed in the rest of this section.

4.2 Description of the Algorithms

In the descriptions of the algorithms that follow, the relevant parameters are: a data
setwith V words and N documents; Y , the sentiment variable; δ, the maximum size
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of the separating sets (sets of words) considered for the conditional independence
tests; α, the significance level for the G2 statistical independence tests.1

Note that both the G2 test of independence and the use of binary variables
to encode presence/absence of words are choices dictated by our endeavor for a
parsimonious, topic-independent vocabulary. Intuitively, we can divide the words
into three groups: common words that are highly frequent in most documents
of a collection, topical words that are highly frequent in a few documents, and
rare words. Using presence/absence of words, rather than their frequency of
occurrence, dampens the discriminative power of topical words, while selecting
words with a statistically significant G2 statistic favors words that are highly
frequent overall. The composite effect is that words that are strongly associated
with sentiment are retained. In fact, we can think of sentiments as behaving like
“widespread topics” in terms of the frequency pattern of the words that lead to
their emergence. Our methodology aims at removing “topical” words associated
with narrow topics, while promoting those associated with sentiment, that is,
widespread topics. This intuition can be formalized by placing each word on the
“frequency spectrum” proposed in [18].

Search for an Initial Markov Blanket DAG. The first stage of LrnTSMBC
consists of the steps from 1. to 4. in Figure 2. It generates an initial MBDAG for
Y from the data that reflects dependency patterns among words in the collection
of training documents [17].

Searching for Adjacent Nodes. The core of the search for a parsimonious vocab-
ulary that is expressive enough to capture the overall sentiments of documents
consists of the steps 1. and 2. There, independence and conditional indepen-
dence G2 tests are carried out according to a breadth first heuristic. In step 1.
the function Adj is used to identify a list of words (corresponding to nodes of
a Bayesian network) related to the sentiment variable, LY , and then in step 2.
the function Adj is used to identify lists of words related to each word Xi in the
list LY .

Following the intuition of a Bayesian network, the algorithm starts with a
singleton graph containing the target node Y only. Then it selects those variables
among X1, ..., XV that are associated with Y within a path of length two in the
graphical representation, that is, it finds potential parents and children (LY )
of Y , and potential parents and children (∪iLXi) of nodes Xi ∈ LY , using
conditional independence tests.

Through steps 1. and 2., the adjacencies are represented by undirected edges.
At the end of step 2. we are left with an undirected graph over the words
Y ∪ LY ∪i LXi , which contains the MBDAG for Y in terms of paY , chY , and
pa chY —see Section 3.2 for the precise definition.

Orienting Edges. The algorithm Ornt in step 3. is responsible for the orientation
of the edges. The edges are oriented by repeatedly applying a set of four edge
1 Intuitively, G2 is a variation of the χ2 test for independence of random variables. For

a formal definition see [14].
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TabuSrch (MBDAG, L, MaxIter)

1. init: bestMB = currMB = MBDAG, bestScore = 0
2. repeat until (bestScore does not improve for k consecutive iterations)

2.1. form candidateMoves for currMB

2.2. find bestMove among candidateMoves according to function score
2.3. if (bestScore < score (bestMove))

2.3.1. update bestMB, by applying bestMove, and bestScore

2.3.2. add bestMove to TabuList // not re-considered in the next m
iterations

2.4. update currentMB by applying bestMove

3. return bestMB // an MBDAG

Fig. 3. Tabu search enhancement

orientation rules [14,19] described in detail in appendix A.2. These rules are
meant to recover the true, unobservable directed acyclic graph (DAG) over the
selected words. This algorithm provably guarantees to find the correct DAG in
the limit (of infinite documents) [17]. The assumption underlying the asymptotic
correctness argument is that every conditional independence statement that we
can derive from the data also holds in the true graph, which is a typical assump-
tion underlying methods for statistical learning of causal relations [15].

The edge orientation algorithm returns a (possibly) partially oriented DAG.
In fact, while the Ornt algorithm guarantees the correctness of the result in the
limit, it does not guarantee that all edges will be assigned a unique direction in
a finite sample.

Forcing a Markov Blanket DAG. The algorithm Trsfm at step 4. transforms
the output of step 3. into a proper MBDAG by simply removing the undirected
and bi-directed edges, along with the corresponding nodes, that is, words. These
words are not thrown away, but are stored in the list L; these are words which
were not removed from the battery of conditional independence tests, but for
which there is uncertainty as to what role they may have in the MBDAG.

Tabu Search Heuristic. In the final step the algorithm TabuSrch is applied to
improve the initial MBDAG and L in order to boost the predictive structure of
the DAG amongst the words in the selected vocabulary. Our algorithm searches
for solutions in the space of logical Markov Blankets, e.g., moves that result in
cyclic graphs are not valid. In particular, four kinds of moves are allowed in
TabuSrch: edge addition, edge deletion, edge reversal, and edge reversal with
node pruning, as illustrated in Figure 4.

The algorithm runs for a fixed number of iterations, or until there is no im-
provement in the scoring criterion for a predetermined number of iterations. At
each step, and for each allowed move, the corresponding MBDAG is computed,
its conditional probability factored, its predictions scored, and the best move
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Fig. 4. An example of the moves allowed in Tabu Search

is then selected and applied. The best solution and best score at each step are
tracked. The Tabu list keeps a record of m previous moves, so that moves in
the Tabu list will not be repeated until their corresponding Tabu tenure expires.
The value of m, called the Tabu tenure, is varied according to the complexity
of the MBDAGs in different problems. When the dependency structure of the
Markov Blanket is very dense, the number of neighboring states that need to be
considered may grow exponentially, so a larger Tabu tenure is preferred.

Implementations of simple versions of TabuSrch based on Tabu tenures be-
tween 7 and 12 have been found to work well in several settings where Tabu
restrictions rule out a non-trivial portion of the otherwise available moves [16].
Our setting appears to be of this nature since the structure of the expected
MBDAGs is not complex; in our experiments we use a static Tabu tenure of 7.

4.3 Performing the Classification

Once the LrnTSMBC algorithm learns the classifier on the training documents,
we need to perform the classification of all the documents in the testing set.
We approach the classification as a multiple-class classification problem directly,
i.e., we do not divide the problem into a series of binary classification problems.
The overall sentiment of a new document is assigned according to its posterior
probability given the words present in it. Formally, for each new document,
{x1, . . . , xV }, we compute: �i = log

[
P (Y =yi|{x1,...,xV })
P (Y =y0|{x1,...,xV })

]
, ∀i = 1, . . . , I, where the

yis represent the possible values of the sentiment variable, {yi}I
i=0. We choose

the sentiment that maximizes the log-odds, i∗ = arg max �i.
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The classification is carried out using logistic regression, whose performance
is comparable to more sophisticated methods and has the advantage of being
completely automated, i.e., no parameter tuning is necessary [20].

4.4 Theoretical Properties

The proposed Tabu Search Markov Blanket Classifier has two fundamental prop-
erties that add “theoretical guarantees” to its good empirical performance.

1. TS-MBC learns the correct Markov blanket in the limit.
2. The complexity of training an TS-MBC is O(N), i.e., linear in the number

of documents N .

For an in depth analysis of these properties we refer to [17].

5 Experiments

We tested our method on the data set used in Pang et al [3], and on three
proprietary collections of online news [5].

5.1 Movie Reviews Data

This data set contains approximately 29,000 posts to the rec.arts.movies.reviews
newsgroup archived at the Internet Movie Database (IMDb). The original posts
are available in the form of HTML pages. Some pre-processing was performed to
produce the version of the data we used. Specifically, only reviews where authors’
ratings were expressed explicitly (either by stars or by numerical values) were
selected. Then explicit ratings were removed and converted into one of three
categories: positive, negative, or neutral. Finally, 700 positive reviews and 700
negative reviews, which the authors of the corpus judged to be more extreme,
were selected for our study. Various versions of the data are available online [4].

Pre-Processing. For the purpose of our study, words are strings of letters
enclosed by non-letters to the left and to the right. Note that our definition ex-
cludes punctuation, even though exclamation signs and question marks may be
helpful for the task of classifying sentiments. Intuitively the task of sentiment
extraction is a hybrid task between authorship attribution and topic categoriza-
tion; we look for frequent words, possibly not related to the context, that help
express lexical patterns, as well as low frequency words which may be specific
to few review styles, but very indicative of an opinion. We considered all the
words that appeared in more than 8 documents as our input features, whereas
words with lower counts were discarded since they are too rare to be helpful in
the classification of many reviews. We were left with a total number of 7,716
words, as input features. In our experiments, we represented each document as
a vector, X := [X1, ..., X7716], of the size of the initial vocabulary, where each
Xi is a binary random variable that takes the value of 1 if the ith word in the
vocabulary is present in the document and the value of 0 otherwise.



Markov Blankets and Meta-heuristics Search 177

5.2 Online News Data

This collection consists of three sets of 600 news articles each on the following
topics: mergers and acquisitions (M&A, 600 documents), finance (600 docu-
ments), and mixed news (600 documents). These three corpora have been de-
signed to exhibit increasing levels of specificity; M&A is the most specific corpus,
Mixed News is the least specific one, and the news in the Finance corpus falls
somewhere in between. Furthermore, the sentiments we consider are three: pos-
itive, neutral and negative. Each corpus contains 200 articles of each sentiment
category. Articles were manually labeled with a document-level sentiment by
three independent annotators from a pool of seven trained annotators; all docu-
ments in the corpus have at least a two-way consensus for their sentiment rating.
The agreement rate between annotators was found to be consistently above 78%.

Online news aggregators2 and specialist news sites3 were used to identify
suitable articles for inclusion. Articles were selected to ensure that they were
not sarcastic and that they expressed sentiment concerning only one clearly
identifiable entity. Articles in the M&A corpus concern only real or speculated
mergers, acquisitions, take-overs or joint-ventures. The Finance corpus includes
articles concerning all other corporate financial matters, except those that would
merit inclusion in the M&A. Finally, the Mixed News corpus contains news
and editorial content concerning a broad range of topics. A number of manual
inspections of the corpora were conducted to ensure that all the above criteria
were met, and to remove any duplicate items.

More in detail, six sentiment categories were initially available for annotation,
as follows: (1,2) very positive or very negative: unreservedly or overwhelmingly
positive or negative; (3,4) positive or negative: unreservedly, but only mildly
positive or negative, or containing mixed sentiment which on balance was pos-
itive or negative; (5) neutral: entirely objective, expressing no sentiment; (6)
balanced: containing both positive and negative sentiment with no clear bias
towards either. All articles that did not have at least a two-way consensus, and
those that had a consensus of balanced, were removed. The resulting corpora
each contained 200 items of each of the remaining five sentiment categories. To
obtain the data used in this paper, the two positive and negative categories were
collapsed into a single positive and negative category, by randomly selecting 100
articles in each corpus from each of the four non-neutral sentiment categories.

Pre-Processing. For the purpose of our study, words are strings of letters
enclosed by non-letters to the left and to the right. Note that our definition ex-
cludes punctuation, even though exclamation signs and question marks may be
helpful for the task of classifying sentiments. We performed within-topic clas-
sification experiments for which we considered all the words in each corpus as
the starting pool from which to extract the final vocabulary. This led to starting

2 E.g. Google News (http://news.google.com).
3 E.g. Reuters (www.reuters.com), This is Money (www.thisismoney.co.uk),The Mot-

ley Fool (www.fool.co.uk) and The Register (www.theregister.com).
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Table 1. Characteristics of Online News Data

Data set Problem # Words Examples Variable Types

Movie Reviews Positive/Negative 7,716 1,400 Binary

Online News Positive/Neutral/Negative 8,492 600 × 3 Binary

vocabularies of sizes 11220, 10531, and 15685, for the Finance, M&A and Mixed
News corpora respectively.

5.3 Experimental Setup

As mentioned in section 4, the parameters relevant to our experiments were: δ,
the maximum size of the separating sets to consider for conditional independence
tests in Adj ; and α, the significance level of the tests used to decide whether to
accept or reject each of these tests. In Table 2 we show the specific values for δ
and α which we considered in our experimental design.

In order to estimate the predictive accuracy of our classifier on new documents,
we used a five-fold cross-validation scheme for the sentiment classification ex-
periments. In particular, we used a nested cross-validation scheme. That is, we
divided each of the five training sets of documents (one for each cross-validation
fold, consisting of 4/5 of the documents respectively) into a sub-training and
a sub-testing set of documents, at random, using 70% and 30% of the training
documents respectively. Steps 1. to 4. would then make use of the sub-training
set of documents, whereas step 5. would refine the MBDAG on the sub-testing
set of documents, with the objective of avoiding over-fitting. This process would
then be repeated for each pair (δ, α) of the configuration parameters in Table 2.

Table 2. Experimental Parameter Configurations

Performance Measures Depth of Search δ Significance Level α

AUC, Accuracy 1, 2, 3 0.001, 0.005, 0.01, 0.05

The dominant configuration of parameters (in terms of accuracy on the sub-
testing set of documents) would then be chosen as the best configuration. Then,
the best configuration MBDAG for the sentiment variable for a given cross-
validation fold, is used to measure the performance on the testing data for that
fold.

5.4 Results and Analysis

We compared the performances of our two-stage MB classifier with those of
four widely used classifiers: a näıve Bayes classifier based on the multivariate
Bernoulli distribution with Laplace prior for unseen words, discussed in Nigam
et al. [21], a support vector machine (SVM) classifier, discussed by Joachims [22],
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an implementation of the voted Perceptron, discussed in Freund and Schapire
[23], and a maximum entropy conditional random field learner, introduced by
Lafferty et al. [24].

The first two columns of Table 3 compare the two-stage MBC with the perfor-
mance of the other classifiers using the whole feature set as input. More features
did not necessarily lead to better performance, as the classifiers were not able to
distinguish discriminating words from noise. In such a situation it is reasonable
to expect a good performance of the SVM with respect to the other classifiers.
As shown in table 3, the two-Stage MB classifier selects 32 relevant words out
of 7,716 words in the vocabulary. The feature reduction ratio is 99.58%; the
cross-validated AUC based on the 32 words and their dependencies is 87.52%,
which is about 5% higher than the best of the other four methods; the corre-
sponding cross-validated accuracy is 78.07%, which is comparable to maximum
entropy but less accurate than SVM.4 The first stage of the MB classifier is able
to automatically identify a very discriminating subset of features (or words) that
are relevant to the target variable (Y , the label of the review). Specifically, the
selected features are those that form the Markov Blanket for Y . Other methods
need to be paired with a variable selection strategy.

Table 3. Average performances of various classifiers on all words, on the same number
of words selected by information gain, and on the same exact words selected by the
Markov blanket classifier. These are the results for the movie reviews data. Notes:
∗∗ The cross-validated AUC corresponding to the MBC is obtained performing the
classification on the subset of 32 selected words, rather than using all the input words.

Input All Words 32 Words by 32 Words by
Information Gain Markov Blanket

AUC Accuracy AUC Accuracy AUC Accuracy # Words
Method (%) (%) (%) (%) (%) (%) Selected

MBC 87.52∗∗ 78.08 87.52 78.08 32
Näıve Bayes 82.61 66.22 81.46 72.43 81.81 73.36
SVM 81.32 84.07 67.88 72.21 69.47 73.00
Voted perc. 77.09 70.00 78.68 71.71 80.61 73.93
Max. entropy 75.79 79.43 69.11 72.86 69.81 73.44

At this point, however, the source of the differential in the observed accura-
cies and AUC is not clear. A possibility could be that the competing methods
perform better on an optimized subset of words as it is the case for the two
stages of MBC classifier—we expect this to be not true for the SVM though,
which typically benefits from a large amount of predictors. To investigate this
point, we conducted two additional sets of experiments for the competing classi-
fiers. The corresponding results are reported in columns three to six. Both sets
of the experiments optimize the vocabulary that is used to perform predictions
4 Current SVM implementations are very sensitive to the capacity parameter.
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Table 4. Average performances of various classifiers on all words, on the same number
of words selected by information gain, and on the same exact words selected by the
Markov blanket classifier. These are the results for the financial, mergers & acquisitions
and mixed online news data, from top to bottom respectively. Notes: ∗∗ The cross-
validated accuracy corresponding to the MBC is obtained performing the classification
on the subset of 36 (43) selected words, rather than using all the input words.

Input All Words 36(43) Words by 36(43) Words by
Information Gain Markov Blanket

Kappa Accuracy Kappa Accuracy Kappa Accuracy # Selected
Method (%) (%) (%) (%) (%) (%) Words

MBC N/A 73.21∗∗ N/A 73.21 36
Näıve Bayes 41.99 61.33 10.00 40.00 23.75 49.16
Poisson 55.25 70.16 38.00 58.66 44.99 63.33
Voted perc. 0.75 33.83 19.75 46.50 22.25 48.16
Max. entropy 59.99 73.33 54.50 69.66 59.00 72.66

MBC N/A 75.32∗∗ N/A 75.32 43
Näıve Bayes 44.00 62.66 9.50 39.70 27.50 51.66
Poisson 59.75 73.16 46.75 64.50 48.75 65.84
Voted perc. 7.00 38.00 7.75 38.50 16.75 44.50
Max. entropy 66.25 77.50 58.25 72.16 58.25 72.16

MBC N/A 76.68∗∗ N/A 76.68 43
Näıve Bayes 47.75 65.16 12.25 41.50 28.50 52.33
Poisson 57.75 71.84 39.00 59.33 44.99 63.33
Voted perc. 1.50 34.33 9.25 39.50 10.50 40.33
Max. entropy 71.25 80.84 53.49 69.00 62.50 75.00

about sentiments using a feature selection criterion first, then feed optimized vo-
cabulary into the competing classifiers as predictor variables. In particular, the
first set of results is obtained by making predictions on words selected by infor-
mation gain. The second set of results is obtained by making predictions using
the words selected by MBC. A comparison between performances of competing
classifiers on vocabularies by information gain selection criterion versus those by
MBC tells us about the differential effect of MBC as a word selection criterion.
A comparison between performances of MBC and those of competing classifiers,
both on the full set of words and on two version of optimized vocabularies tells
us about the differential effect of MBC as a classifier.

Columns three and four in Table 3 compare the performance of the two-
stage MBC with others classifiers using the same number of features selected
by information gain. In fact, information gain allows us to rank the features
from most to least discriminating but gives no indication of how many words
are correlated with the sentiment variable, significantly beyond chance. In this
second comparison the two-Stage MB classifier dominates the other methods
both in terms of AUC and accuracy, though it is not clear (yet) whether the extra
performance comes form the different feature selection strategies, or from the
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dependencies encoded by the MB. To investigate this point, columns five and six
in Table 3 compare the performance of the two-stage MBC with others classifiers
using the same exact features. We find that the set of words selected as part of the
Markov blanket for the sentiment variable contains better discriminative words,
in fact all the four competing classifiers performed better on the set of features
in the Markov blanket. Further, these words are also significantly discriminative
beyond pure chance.

We repeated the same battery of experiments on the online news corpora and
obtained similar results. Notice that AUC is for binary class problems only thus
we report the Kappa statistics instead, which intuitively measures the incre-
mental performance of a classifier with respect to the baseline accuracy5. The
baseline accuracy is the accuracy of randomly guessing the sentiment class, and
in the three class problem the expected accuracy is 33.33%. We did not report
the results for the SVM because a multi-class implementation was not readily
available to us, we reported instead the accuracy of a Poisson classifier [26,18].

These experiments are in line with more results we have obtained on several
medical data sets [27]. Further, according to the empirical findings of Pang et al
[3], the baseline accuracy for human-selected vocabularies can be set at about
70%. Comparing the human intuition to our fully automated machine learning
technique (two-stage MBC), we observe a non-negligible improvement.

6 Discussion

The main findings that emerge from our experiments are as follows.
1. The problem of learning sentiments is essentially a word selection problem.

Pairwise dependencies amongst words, and dependent patterns, play a crucial
role in finding a parsimonious, yet expressive vocabulary. The two-stage MB
classifier leads to more robust predictions by: (i) selecting statistically discrim-
inating words with respect to the sentiment variable, and (ii) learning those
dependencies among the words that lead to the emergence of sentiments in the
texts. Although the Tabu heuristic search in the second stage may return a final
MBDAG where few dependencies are present amongst words, the initial MBDAG

always includes a rich dependency structure.

2. The accuracy of alternative methods can be improved by using the parsimo-
nious vocabulary selected in the first stage of TS-MBC.

Tables 3 and 4 present the performance of several widely used classifiers in ex-
tracting sentiments from movie reviews (two sentiments) and online news (three
5 The kappa statistic was introduced by Carletta [25] to assess the quality of a classifier

in terms of accuracy above a random baseline. It is defined as κ = A−R
1−R

, where A
is the empirical probability of agreement on a category, and R is the probability of
agreement for two annotators that label documents at random (with the empirically
observed frequency of each label). Hence kappa ranges from −1 to +1; positive
values indicate a performance better than the random baseline, whereas negative
values indicate a worse performance.
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Fig. 5. An example of the words in the final vocabulary and their connections

sentiments). Using the words selected by the TS-MBC as predictors improves
both cross-validated accuracy and AUC for all classifiers. See [28] for more de-
tails.

3. Words that are indicative of sentiments are not “rare.”

The starting pools of words corresponding to online news data contained ten to
15 thousand words. A sample of the words we used to perform the experiments
in Tables 3 and 4 is shown in Figure 5. Most of the words appear more than
eight times every ten thousand words, and several of them are non-contextual,
high-frequency words.

4. TS-MBC tends to select words that are relevant and “exportable.”

Words that are intuitively important in predicting sentiments, e.g. important,
success, positive, solid, expected, strong, as well as pair of non-contextual words,
e.g., no-but, or-not, POS-but, NEG-but and others (e.g., see Figure 5), were se-
lected in the final vocabulary by the TS-MBC procedure. These same words were
not deemed as important for predicting sentiments according to their informa-
tion gain score, which may be one of the reasons behind the poorer performance
entailed by the words selected according to it.

Furthermore, as we discussed in 4.2 in more detail, both the G2 test of inde-
pendence and the use of binary variables to encode presence/absence of words
are choices suited to creating a parsimonious, “topic-independent” vocabulary.
For example, words that capture linguistic issues such as negation, ifs, buts, how-
evers, and comparisons appear in the selected vocabularies. Our methodology
aims at removing words associated with latent concepts that span few docu-
ments, i.e., topics, while promoting those words associated with latent concepts
that span a large number of documents, i.e., sentiments.6.

In our experiments, however, we observed only a modest overlap between the
selected vocabularies for the three data sets. Given the small number of texts in
our data sets, it is possible that several different subsets of a small number of
words may lead to very good classification results (i.e., presence of several local

6 This intuition can be formalized by placing each word on the “frequency spectrum”
proposed in [18].
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optima), and that the TS-MBC may be finding a few of them, but different ones
for different collections. More experiments on a larger number of corpora, and
on more documents, are needed in order to draw stronger conclusions.

5. Tabu search improves the prediction performance.

6. The prediction performance is consistent on two and three class problems.

We note that our investigations generalize previous attempts particularly be-
cause we are working with both two-class and three-class problems, whereas
previous works have explored two-class problems. Further, our results are con-
sistent on both problem settings.

7 Conclusions

In this paper we have proposed the Tabu-search-enhanced Markov blanket clas-
sifier (TS-MBC) and we have shown that: (1) it is a fully automated system
able to select a parsimonious vocabulary, customized for the classification task
at hand in terms of size and relevant features; (2) it is able to capture and take
advantage of dependencies among words while selecting the vocabulary; (3) it
learns the correct Markov blanket in the limit and its complexity is linear in the
number of training documents.

Our experiments show that the problem of sentiment classification is essen-
tially a word selection problem, and our findings suggest that words that occur
often, along with their statistical dependencies and few strong adjectives, include
most of the vocabulary needed to express sentiments and perform reasonable pre-
dictions. As a feature selection method, our TS-MBC leads to vocabularies that
enhance the predictive performance of several popular classifiers with respect
to vocabularies selected with information gain. When paired with logistic re-
gression to perform classification, our TS-MBC leads to predictive performance
comparable to that of state-of-the-art classification methods. Most importantly,
the limited size of the vocabulary allows for interpretability and re-usability.

In conclusion, we believe that in order to capture sentiments we have to move
beyond the search for richer feature sets and the independence assumption.
Rather it is crucial to capture those dependencies amongst words that lead to
the emergence of context and meaning.

7.1 Future Work

In future work we plan to investigate: (1) strategies that allow TS-MBC to reach
close local optima starting from corpora with different degree of topicality, i.e.,
strategies to select overlapping, more consistent vocabularies for predicting sen-
timents; (2) the performance with larger data sets, more sentiment categories,
and on shorter texts, e.g., sentences; (3) cross-genre transferability; (4) the ef-
fect of pre-processing the starting pool of words, e.g., through the use of stem-
ming, POS tagging, lemmatization or thesauri, as well as the use of generalized
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features for non-word, e.g., numbers, dates and punctuation; (5) how performance
varies when reducing the size of the initial vocabulary, selected by frequency in
corpus.
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A Sketch of the Algorithms

Below we present a sketch of the algorithms used in 4.2.

A.1 Searching for Adjacent Nodes

Adj (Node Y , Node List L, Depth δ, Significance α)

1. AY := {Xi ∈ L: Xi is dependent of Y at level α}
2. for Xi ∈ AY and for all distinct subsets S ⊂ {AY \Xi}d

2.1. if Xi is independent of Y given S at level α
2.2. then remove Xi from AY

3. for Xi ∈ AY

3.1. AXi := {Xj ∈ L: Xj is dependent of Xi at level α, j �= i}
3.2. for all distinct subsets S ⊂ {AXi}d

3.2.1. if Xi is independent of Y given S at level α
3.2.2. then remove Xi from AY

4. return AY

The conditional independence tests are meant to test whether a pair of words
is independent conditionally on a set of words. The set of words in the conditional
statement is called the separating set, denoted as sepSet(X, Z), and formally
defined as a mapping of a set of nodes s.t. (X ⊥ Z | sepSet(X, Z)).
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A.2 Orienting Edges

Ornt (Graph G)

Apply the following 4 rules iteratively wherever it applies:

1. Rule 1 (Collider Orientation Rule): for each triple of vertices (X, V , Z)
in G, if pair (X, V ) and (V , Z) are adjacent, pair (X, Z) are not adjacent
(i.e. a pattern: X−V −Z ), and if V �∈ sepSet(X,Z), then orient X−V −Z
as X → V ← Z.

2. Rule 2: for each triple of vertices (X, V , Z) in G, if X → V and V , Z are
adjacent, X, Z are not adjacent (i.e. a pattern X → V −Z), and there is no
arrow into V , then orient V − Z as V → Z.

3. Rule 3: if (X → Z → V ), and ∃ (undirected edge between X and V , i.e.
pattern X − V ), then orient X − V asX → V

4. Rule 4: for any undirected edge connected to X (i.e.X − V ), if ∃ (Z, W )
s.t. Z adjacent to X, W is adjacent to X, Z is not adjacent to W , and there
is a pattern W → V ← Z, then orient X − V as X ← V

A.3 Forcing a Markov Blanket DAG

Trsfm (Graph G, Target Y )

1. for any X in G s. t. X ↔ Y or X − Y , reorient this edge as X → Y
2. for any X, Z in G s. t. Z − X → Y (Z �∈ {Y } ∪ ParentChild(Y )), remove

the edge Z −X
3. for any X , X �∈ {Y } ∪ ParentChild(Y ) ∪ ParentChild(ParentChild(Y ))

1.1. remove X and all the associated edges
4. return G
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