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ABSTRACT OF DISSERTATION

AGENTS FOR PERSONALIZED CLIENT-SIDE INFORMATION GATHERING
FROM THE WEB

We present the design, implementation, and evaluation of a personalized Web informa-
tion gathering agent, intended to address several shortcomings of today’s centralized
search engines. The potential privacy issues are addressed by a standalone client-side
implementation, placing the agent under its users’ administration. For personalization,
we build on current text filtering and machine learning research, enabling the agent to
adapt to its users’ dynamic information needs. We also explore the tradeoff between
performance and user friendliness, which arises due to the limited resources available to
a client-side implementation.

As a key improvement over existing Web agents, we separate the treatment of rele-
vance prediction from that of document gathering, and approach each problem using the
most appropriate tools. For relevance prediction, we compare two main classes of text
filtering algorithms: TF-IDF (for term frequency, inverse document frequency), which
measures term-count distributions within and across documents, and Bayesian, which
learns individual term contributions to the overall probability of relevance. Several ver-
sions of these algorithms are implemented to assess how performance is impacted by
factors such as the amount of training, availability of negative feedback, and availability

of topic-labeled training samples. For document gathering, we offload the brute-force

i
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work to a large centralized search engine (e.g., Google), and focus on higher-level tech-
niques, including generation of search queries from the agent’s user profile, change
detection between subsequent document versions, and tracking persistent user interests
over time.

We approach the problem of evaluating Web information agents from two perspec-
tives. We use benchmark datasets for speed, convenience, and statistical significance.
We also conduct user studies to assess how the aggregate system behaves in a live situ-
ation, with limited training from real users.

Our main conclusions are that it is possible to build high-performance, lightweight
text filters, especially when the operating environment facilitates users providing nega-
tive feedback; fast and efficient methods exist to detect whether a document changes in
a relevant way or is made redundant by a previous document; and that relevant search
engine queries can easily be extracted from a TF-IDF profile and used to supplement the

incoming document stream for significantly improved recall.

Gabriel L. Somlo

Department of Computer Science
Colorado State University

Fort Collins, CO 80523

Fall 2005
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Chapter 1

Introduction

The World Wide Web (WWW or Web) is perhaps one of the most visible applications
of the Internet, to the point where many people equate it with the Internet itself. Created
by Tim Berners-Lee in 1990 [11], the Web is a hypertext space consisting of a huge
amount of documents that reference each other via unique addresses named Universal
Resource Locators (URLs). Typically, Web documents are retrieved via their URL,
and most browsers allow users to collect and organize URLs for future reference (i.e.,
“bookmarks”).

In the early days of the Web, new documents were found by following URLs in
documents whose address was already known; if found interesting or relevant, they
could be added to the user’s bookmark list. However, with the exponential growth of
the Web during the 1990s, this method of finding information became overly limiting
due to scaling issues. In spite of the fact that HTTP, the underlying protocol of the Web
[46], still uses URLs to reference documents, users today prefer to reach Web resources
based on content, a method made possible by search engines.

Search engines allow users to describe content of interest via queries containing
a few relevant keywords. Using Information Retrieval (IR) techniques (and, more re-
cently, other optimizations based on, e.g., Web topology), search engines respond with

long lists of URLs ordered decreasingly by their expected relevance to the query.
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Query (i.e., content) based access via a search engine quickly became the standard
way to locate documents of interest on the Web, and remains so to this day. However,
weaknesses in this method became apparent in the late 1990s. Search engines that were
popular during that time (e.g., AltaVista[2], Lycos[90], Yahoo[144]) became technically
unable to cover the entirety of the Web in a useful amount of time [79], and were also
falling victim to commercialism, both from without (commercial pages “doctored” to
score high when certain keywords were being searched) and from within (search pages
cluttered with ads, pay-for-placement links returned without being clearly marked as
such, etc.). This also brought to light the divergence between the interests of users on
one hand, whose goal is to find information relevant to their interests in privacy, and the
search engine operators on the other hand, who, for reasons of expediency and scala-
bility gear their systems toward the average user modeled from a very large population
(numbering in the millions or more). Also, users’ private data may be viewed as a valu-
able commercial resource, and exploited in a way which does not necessarily benefit the
users. Doing a “good enough” job for the largest possible number of users is advan-
tageous for the search engine operator but happens at the expense of addressing users’
personal information needs once they begin to diverge from the mainstream.

Modeling such large user populations also leads to problems with query ambiguity.
Viewing queries as a content-based addressing mechanism for the Web, collisions will
inevitably occur when many concepts are identified by short lists of keywords. The
result is either a noisy list of returned documents (documents containing the concept of
interest are intermingled with documents containing other concepts matching the same
query), or the less popular concept being drowned out by the mainstream one.

Another problem is that search engines operate in a stateless fashion: users submit
a query, and immediately receive the list of results currently available from the search

engine. There is no obvious temporal component to this interaction, i.e., long-term user
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interests can only be satisfied by repeatedly visiting the search engine to see if/what
new information has become available. Search engine operators and online newspapers
(such as the New York Times) have recently began to address this issue, by providing
services that alert users when the top hits matching a query change [56], but the effort

expended on maintaining a user profile for true personalization is typically limited.

1.1 Techniques Addressing Parts of the Problem

One of the proposed solutions, mainly intended to address search engines’ inability
to completely index the Web, 1s Meta-search [123, 44, 77]. The idea is to offer users a
clean, simple interface where they may type in their queries, and then, to turn around and
submit these queries to a set of “real” search engines. Results gathered from all search
engines are then integrated and presented to the user in a uniform way. Meta-search
was a great way to deal with the shortcomings of early search engines, but became less
widely used with the advent of the latest generation of search engines, such as Google.
Today, meta-search engines are successfully used by specialized search services, such
as comparison shopping sites, although general-purpose sites such as Dogpile[40] are
still viable (as shown by Search Engine Watch[143]).

Researchers from the Machine Learning and Agents communities proposed solu-
tions for tailoring Web search to the needs of individual users. Web information agents
(e.g., Letizia[84], WebWatcher[5], WebMate[29], and Copernic[36]) are designed to
learn the interests of a user (i.e., build a user profile), and, once a sufficiently good pro-
file is learned, assist users with their information gathering tasks. These systems address
the problem of centralized services’ excessive user abstraction, lack of personalization,
and potential for privacy abuse by being implemented as stand-alone systems placed
under the users’ direct control.

Existing Web agents typically lack a distinction between the task of gathering Web
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documents, and that of predicting their relevance. The first task (locating documents)
is addressed by focused crawlers [25, 67, 100], which support document collection on
behalf of “mini” search engines dedicated to a specific topic of interest (a form of per-
sonalization). The second task (discriminating between relevant and non-relevant doc-
uments) has been studied extensively by the IR community, in the form of text filtering
[20, 71, 117, 148]. Although the main focus of text filtering is to deal with a different
type of document source (dynamic incoming stream, as opposed to fixed, random-access
collection or corpus), there are important lessons in how filtering systems learn to make
binary predictions on document relevance with respect to a topic of interest.
Continuous query systems [28, 87, 138], originated from the database research com-
munity, are a good example of systems that address the temporal (stateful) component
of users’ need for information. Users register their information needs with the contin-
uous query system, which then notifies them asynchronously once relevant information

becomes available.

1.2 OQOur Solution and Lessons Learned

The goal of our research is to facilitate the construction of Web agents that help individ-
ual users find documents relevant to their own personal interests, while preserving user
privacy, and without sacrificing ease of use. Personalization is achieved through the use
of machine learning techniques borrowed from both agents and text filtering research.
User privacy is protected mainly by a design that allows the entire agent to be placed
under the end users’ control, with no requirement for pooled or centralized resources.
User friendliness is accomplished by reducing the amount of work required from users
to train their Web agent, which sometimes happens at the expense of the agent’s per-
formance. A typical example of the tradeoff involved is whether or not to require users

to provide negative feedback (i.e., examples of non-relevant documents) when train-
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monitor

Figure 1.1: SurfAgent: Typical architecture of a Web information gathering agent

ing the agent’s machine learning component. Negative feedback often leads to better
performing algorithms, but may be inconvenient for users to provide. One of our key
contributions is to assess the tradeoff between performance and user convenience of the
various building blocks of a personalized Web information agent.

Another key contribution of this dissertation is that our Web agent design ex-
plicitly approaches document relevance prediction separately from document gather-
ing, which is an improvement over current practice. We accomplish relevance as-
sessment by adapting, implementing, and fine-tuning algorithms for text filtering.
SurfAgent[130, 129, 132] is our first practical implementation of a Web agent, and
is mainly used as a testbed for our filtering experiments. With an architecture out-
lined in Figure 1.1, SurfAgent operates as an HI'TP proxy with access to a user’s entire
Web browsing activity. Training occurs only at the user’s initiative, and consists of
relevant/non-relevant judgments on downloaded Web documents. This feedback leads
to the construction of a user profile, which may subsequently be used to request and filter
more Web documents. Using SurfAgent as a testbed, we implemented and experimented
with various algorithms for learning user profiles and filtering new documents. Our ex-
periments used simulated user interaction based on pre-judged benchmark document
collections to study the tradeoff between optimizing filtering performance, reducing re-
source use (e.g., storage), and limiting the required amount of user-provided training for

optimized user friendliness. Our main results include an adaptive mechanism for learn-
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Figure 1.2: QueryTracker: Document gathering and long-term monitoring of user inter-
ests
ing TF-IDF dissemination thresholds, and a thorough comparison of TF-IDF and Bayes
filtering algorithms with respect to their applicability to personalized Web agents.
Document gathering services are essential in ultimately deciding the usefulness of a
Web agent. With our second testbed agent, QueryTracker[131, 133], we implemented
a document gathering technique where a query is constructed from the user profile and
submitted to a search engine. By repeating this process periodically, we offer the addi-
tional feature of tracking user interests over time. QueryTracker (see Figure 1.2) benefits
from the filtering techniques developed and perfected using SurfAgent. Implemented as
a Web service to support experimentation, QueryTracker is intended to be deployed as a
stand-alone system where users register queries describing their interests. These queries
are repeatedly submitted to a search engine, and returned documents are filtered for rel-
evance. After learning a user profile for each registered query, the agent automatically
uses it to construct additional queries intended to be a better reflection of the users’
real information needs (personalization). Change/redundancy detection is employed to
eliminate duplicate (aliased or mirrored) documents, as well as to detect when an old
document was modified with relevant information. By monitoring queries over time, and
by using change detection on previously seen documents, QueryTracker addresses the
lack of statefulness (temporal component) of current search engines. Our results based

on QueryTracker include comparative evaluations of change relevance and redundancy
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detection algorithms, query generation from user profiles, and a study on the interaction
between filtering and query generation in a real-world situation.

We provide a detailed evaluation for each of our agents’ building blocks, both by
simulating user interaction with benchmark data, and by collecting real-world data from
user studies. Our filtering techniques are evaluated by simulating SurfAgent’s interac-
tion with hypothetical users simulated using standard IR benchmarks. Our document
gathering technique (and its interaction with the filtering subsystem) is evaluated by
collecting live usage data from QueryTracker.

Our research shows that it is possible to build high-performance, lightweight text
filters that also reduce inconvenience to their users. Topics of interest may be learned
automatically, thus further reducing the users’ effort in training the system. However,
negative feedback may not be as big an inconvenience as we originally believed, at least
not with the proper usage scenario (e.g., QueryTracker). Existing algorithms for detect-
ing semantic redundancy are more than adequate at eliminating mirrored and aliased
Web content; however, we also demonstrate a much cheaper method which takes ad-
vantage of the underlying filtering algorithm, with promising results. Generating search
engine queries from user profiles learned by our agent improves performance over sim-

ply monitoring original user queries.

1.3 Chapter Organization

This dissertation begins by reviewing fundamental concepts of IR and text filtering
(Chapter 2), and their application to the Web (search engines and Web agents, respec-
tively, in Chapter 3). The experiments described in this dissertation were performed
over the course of several years. They are presented in a logical sequence (filtering,
change/redundancy detection, and, finally, query generation), but bits and pieces of each

were conducted at different points in time, which may explain some inconsistencies in
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data sets used, experiment methodology, etc. Our experiments on text filtering from the
perspective of a Web agent, including learning user profiles, multiple topics, and the
tradeoff between performance and convenience is presented in Chapter 4. Techniques
for assessing the relevance of changes between subsequent document versions and for
detecting redundancy are explored in Chapter 5. One of the possible ways an agent may
use to gather documents is by automatically generating and submitting a search engine
query based on the learned user profile; considerations on how to extract such queries
from the profile are presented in Chapter 6. A user study designed to evaluate the inter-
action of filtering and query generation in a live deployment is presented in Chapter 7.
Finally, Chapter 8 offers a summary of our key contributions, ideas for future work, and

conclusions.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Chapter 2

Information Retrieval Techniques

Our interest in IR stems from its being a crucial component of the typical search en-
gine model. Just like libraries, search engines collect a huge number of documents
by periodically crawling the Web. Between subsequent crawls, these documents are
treated as a static, random-access collection, on which traditional IR is performed in
response to user-supplied queries. Today, Google’s [55] success 1s owed to augment-
ing the traditional search engine model with topology-derived knowledge and massive
parallelization, but the basic model still applies.

Relevance feedback [118] was an early attempt at providing personalization to users
of large, centralized IR systems. Relevance feedback consists of the iterative refine-
ment of queries, by having users point out relevant documents returned during previous
iterations.

Text filtering, a relatively recent offshoot of IR, takes further steps toward the per-
sonalization of document retrieval in two major ways: first, it builds on the concept of
relevance feedback by maintaining complex, long-running queries (sometimes referred
to as user profiles). Secondly, filtering does not require random access to collected doc-
uments, and instead limits itself to sequentially accessing documents which arrive one
at a time from an incoming stream. This technique is interesting because it parallels the

behavior of client-side Web information agents which, due to limited resources, cannot
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afford to collect large numbers of documents and must examine them one at a time as
they are encountered.

Finally, we review evaluation techniques for IR and filtering systems. Recall and
precision are the standard metrics by which IR systems are traditionally judged. We
examine various other metrics (some which are derivatives of recall and precision, and
some alternatives which are not), as well as existing benchmarks used for a more or less

uniform and unbiased comparison of performance between unrelated IR systems.

2.1 Classic Models of Information Retrieval

In general, text retrieval methods operate on large, fixed collections of documents (cor-
pora), from which they attempt to select useful items that best match (are most relevant
to) a user’s need for information, as described by a set of keywords (query). The typical
application would be retrieval of documents from a library or database. The success
of an information retrieval task is traditionally assessed using two metrics: precision,
measuring the relevance of the retrieved items, and recall, measuring the completeness
of the list of retrieved items. Ideally, all retrieved documents should be highly relevant
with respect to the query (maximizing precision), and no relevant document should be
omitted from the list of results (maximizing recall). In practice, these two goals seem
to have an adverse effect on each other: high precision usually results in failure to re-
trieve some documents that are still relevant, and high recall results in the inclusion of
documents of little relevance.

According to Gudivada et al.[59], methods for text retrieval and indexing can be
based on the processing of single or multiple terms. Single-term methods are generally
based on counting the frequency of occurrence of individual words in a text document.
Multiple-term methods can either be extensions of single-term methods to groups of co-

occurring words (phrases), or based on Natural Language Processing (NLP) techniques.

10
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Since NLP methods applied to IR problems have been faced with mixed success
[128], we will restrict our further analysis to term-frequency (bag-of-words, or TF)
methods, such as the Vector Model, Latent Semantic Indexing (LSI) — based on Sin-

gular Value Decomposition (SVD), and the Probabilistic Model.

2.1.1 Vector Model: TF-IDF

The vector model proposed by Salton et al.[121, 119] is currently the most widely
used text retrieval method. Each text document is represented as a vector in a multi-
dimensional space, with each dimension corresponding to a distinct word (term). Each
document vector is built such that its projection along each dimension represents the
importance of the corresponding term in describing the content of the document.

Let us consider a corpus consisting of D documents. To each term ¢, we attach a
number DF;, which is equal to the number of documents in the corpus that contain it
(referred to as the document frequency of term t). Each document d in the corpus will
be described by a TF-IDF vector containing one weight for each term ¢ in the corpus,

defined as follows:
D
—=TF,. -log —
Wq r dz 108 DF,

where TF;, is the number of occurrences of term ¢ in document d, referred to as Term
Frequency, and the logarithm is a factor referred to as the Inverse Document Frequency
of term ¢. The intent behind the above formula is to emphasize terms that have a high
term frequency within a document as good indicators of the document’s content, while
also de-emphasizing terms that are very common across all documents and therefore
poor indicators of a particular document’s content (hence the acronym TF-IDF for “Term
Frequency — Inverse Document Frequency™).

Note that if # does not occur in a document d at all, its term frequency is TF;; =0,

which causes its corresponding weight in the document vector to also be zero (wg, = 0).

11
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In practice, each document contains a small subset of all the terms that occur across the
corpus, and therefore document vectors are usually sparse.

A good predictor of the similarity between two documents is the amount of over-
lapping terms they contain. It is reasonable to expect that if two documents are on the
same topic, they will share many terms used to describe that topic. Because the indi-
vidual components of a TF-IDF vector are also affected by the document size (longer
documents will have higher term frequencies than shorter ones), simply computing the
Euclidean distance between two document vectors is not sufficient in order to assess
their similarity. Instead, the cosine of the angle between the directions of the two vec-

tors is used:

Wy, - Wa, D Wi g Way

similarity(Wy,,Wy,) = cos(ZL(Wy,,Wy,))

= Wol-w 2
| d1| l d2| \/Z,WSI’,'Zthz,t

where Wy, and Wy, are the document vectors corresponding to documents d; and d re-

spectively, and ¢ is an iterator over all terms that appear across the corpus from which
the documents originated. The intuition behind cosine similarity is that collinear docu-
ment vectors represent similar term distributions in the compared documents, whereas
orthogonal document vectors indicate that few common terms are shared. The heuristic
assumption is that term distribution within a document can be used as a substitute for
the document’s topic.

A query to a vector-based IR system is treated the same way as a document: its
corresponding TF-IDF vector is built and compared to all document vectors in the corpus
using the cosine similarity metric. Matching documents are retrieved in decreasing order

of their similarity to the query.
2.1.2 Latent Semantic Indexing

Introduced by Furnas et al. [50], Latent Semantic Indexing (LSI) organizes a corpus

containing d documents and a total of # terms into a ¢ X d matrix of term frequencies,

12
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X. Each element x;; of this matrix represents the number of times the term i appears
in document j. A Singular Value Decomposition (SVD) operation is performed on the
matrx X,

X = T § D

txd txm mxm mxd
resulting in matrices 7 and D, with orthonormal columns, containing the left and right
singular vectors, and diagonal matrix S, containing the singular values. In order to retain
only the significant structure of the data and to filter out noise and the high dimensional-
ity, only the k (where k < m) largest singular values from the total of m present in matrix
S (where m = min(¢,d)) are kept along with their corresponding columns in 7' and D:

X ~ TI S/ D/t
txd txk kxk kxd

The similarity between two documents (columns of matrix X) is given by their inner
product. Theoretically, to obtain similarities for all possible pairs of documents, we
could perform the matrix multiplication X'X, resulting in a d x d matrix in which any
cell (i, j) would be the similarity between documents i and j. Using the component

matrices obtained from the SVD, this operation would be equivalent to:
X'X = (TSD")'TSD' = DST'TSD" = DSSD' = (DS)(DS)"

In other words, the similarity between documents i and j can be computed by taking
the inner product of rows i and j from the product matrix DS. Analogously, similarities
between terms (in the context of the corpus) can be computed by taking the inner product
of rows from the product matrix T'S. These operations are made very efficient if the
dimensionally reduced matrices (77, §’, and D', where we assume k < d and k < t) are
used instead of the originals.

Queries posted to an LSI-based IR system are treated as pseudo-documents by being
appended as new columns to matrix X. In order to use the efficient comparison features

offered by LSI, a corresponding row in matrix D’ needs to be computed. We know that
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_ ' ! t
X, = T § D
tx1 txk kxk kxl1

and we compute the pseudo-row of matrix DY’ that corresponds to our query (Dq):
tt i —1

The similarity between an arbitrary document i from the corpus and our query is then
computed by taking the inner product of row i from matrix D'S’ and the row vector given
by DyS' = X;T'. Note that there is no need to compute the inverse of matrix S'.

A comparison between LSI and TF-IDF [89], performed as part of an experiment
intended to locate experts within an organization based on their publications, shows
the two methods have roughly the same performance, with LSI better suited to detect
terms that are synonyms. Lately, LSI has been used with a fair amount of success
in applications that almost (but not quite) require NLP, such as automated evaluations
of essays and summaries [76]. While LSI’s design makes it an excellent solution for
traditional IR, it also prevents it from being easily maintained in an incremental fashion.
This makes it a poor choice for filtering systems, where, as we will show later in this

chapter, ease of incremental maintenance of learned information is crucial.

2.1.3 Probabilistic Model

This approach is based on the observation that some terms are better than others in their
ability to discriminate between the documents in a collection. Salton [122] initially
attempted to improve performance of the TF-IDF vector-model system by limiting the
vocabulary to terms with document frequency (DF) between 1/10 and 1/100 of the
collection size. The intuition is that terms with higher DF were too common, and terms
with lower DF were too specialized to be useful discriminators.

Eventually, probability theory was used to pick the best terms with the highest ac-
curacy. Two main approaches emerged: the 2-Poisson method, and a method based on

Bayes’ formula.
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2.1.3.1 The 2-Poisson Model

Probabilistic indexing [14, 64, 115, 92, 116] is based on the observation that for any
term in a corpus, the number of documents in which the term has a given term frequency
follows a multiple Poisson distribution (a weighted sum of Poisson distributions, one for
each subclass of documents that are similarly described by the term in question):

N

f®)=> pi

i=1

e Mipx
1
x!

where A; is the average number of documents containing the term for the ith Poisson
distribution in the sum; x is the term frequency, f(x) is the percentage of documents
in the corpus with term frequency x, and p; are the different weights attached to each
subclass of documents, and Zf"z 1 pi= L

Most frequently, as pointed out in [64], the distribution contains only two Poisson
components: one for the documents that are relevant with respect to the query term, and

the other for the remaining documents in the corpus:

e“)‘lk)l‘ e_}‘27»’2‘

10 =+ (1-p)

The two degenerate cases where either A; or A, are equal to 0 (leading to a single
Poisson distribution) occur for terms that only have one corresponding document “sub-
class” that spans the entire corpus. These terms are either poor indicators of document
content, or good indicators of content for all documents in the corpus — of little use for
indexing purposes in either situation. Examples for the first case include stopwords,
such as “the”, which occur in all documents but have no bearing on any document topic.
For the second case, an example could be the term “computer” in a corpus in which
all documents are about computers and computer science. While such terms do have
a strong relationship to the document topic, they contribute no information to help us

discriminate between sub-topics of the corpus, which is our ultimate goal.
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In order to build an index, a histogram of document count by term frequency is
built for each word. Then, the parameters of the underlying 2-Poisson distribution (A,
A2, and p) are inferred from the histogram using either the method of moments [111],
or the more modem method of maximum likelihood (of which a good example is the
Levenberg-Marquardt method implemented in [107], pp.683-688). Each term is as-
signed a weight based on the Poisson parameters, and other factors such as document
length [116]. If the parameters indicate only a simple Poisson distribution, the term is
not used for indexing (i.e., it is assigned a weight equal to 0). The relevance of a doc-
ument with respect to a query is computed by summing the weights of the query terms

contained in the document.
2.1.3.2 The Bayesian Model

A simpler approach to probabilistic indexing uses Bayes’ Rule as proposed by Robertson
etal. [114, 113] and Croft et al. [37]. However, these systems are not fully automated as
they depend on manually supplied training examples of relevant and non-relevant doc-
uments for each topic. Each term ¢ is assigned a weight proportional to its contribution

to the relevance of the documents in which it appears:

P(t|relevant)

1) = log — e VA
w(t) = log P(t|nonrel)

We assume the training set consists of D documents, R of which are relevant and D, of
which contain the term ¢. R; is the number of documents in the training set that are both

relevant and contain term ¢. We have
P(t|relevant) = R, /R

P(t|nonrel) = (D; —R;)/(D —R)

which results in

w(t) =lo Ri/(R—R)
(1) =log (RS (D =R) - B =R))
16
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Again, the relevance of a document is computed by summing the weights of all terms
that also occur in the query.

In contrast with the vector space model, where documents were ranked based on
similarity to a template of what is relevant, the Bayesian mode] ranks documents based
on their probability of relevance. However, this probability is computed based on indi-
vidual terms’ probabilities of appearing in a relevant or non-relevant training example,
which ends up being a roundabout way of computing similarity between a new docu-
ment and a model of the positive or negative document classes.

A better formal explanation of this process is provided in Mitchell’s description
of the Naive Bayes Classifier (NBC) [95](pp.177-184). Given a document d, and a
number of possible classes ¢; into which this document could be classified, we wish
to assign the document to the most likely class cpax, i.€., the one for which P(cpax|d)
is maximized. As applied to IR, there are typically two classes: the relevant class,
containing documents that are relevant to a chosen topic, and the non-relevant class,
containing all other (non-relevant) training samples. In other words, we seek

Cmax = argmax P(c;|d)
¢
Given Bayes’ theorem,
P(cld) =

we then have

Cmax = argmax Pldle) - Plci)
e Ci P (d)
and since P(d) is constant with respect to the class,

Cmax = argcmaX[P(d |ci) - P(ci)]

The NBC is called naive because it assumes conditional independence of the document

terms given the target class c¢;. In other words, the document is treated as a bag-of-words,
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just like in the vector space model. This approach also ignores phrases or separated co-

occurrences of terms. If a document consists of a string of n terms
d=ty,t,..,1y
then the NBC assumption is that for any class c¢;,
P(dle;) = P(t1,t2, -, talcs) = [ [ P(¢)le:)
J
Returning to the search for our most probable class, we have
cmax = argmax P(c;) - [ [ P(¢jlc:)
Ci .

J
In our particular situation, we have ¢1 = relevant and ¢ = nonrel. Given the D training

documents as mentioned earlier in this section, we have
P(relevant) =R/D
P(nonrel) = (D—R)/D

For each term ¢ occurring in the training set, we compute P(t|relevant) and P(t|nonrel)
as described earlier.
If we rank each candidate document dyey, by how much more likely it is to be relevant

than non-relevant
rank(dpew ) = 10g P(dyew|relevant ) — log P(dpew |nonrel)

we observe that this is equivalent to ranking by

rank(dpew ) = Z w(t)

with w(t) as proposed by [114]. Note that terms that didn’t occur in the training set are
ignored when they appear in new documents.

Such a system requires a training set that includes both negative and positive ex-
amples, which is why this model is not so widely used in traditional IR, but is rather

popular for text filtering (discussed later in this chapter).

18

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



2.2 Relevance Feedback

Rocchio [118] observed that users’ queries to an information retrieval system range from
the very well informed, used to verify the presence of a document in the collection, to
exploratory, where users need information on an unfamiliar topic, and hence do not
know what they are looking for. The latter case may also include users lacking the skills
to express their information need by submitting a good query. Relevance feedback is
introduced as a solution for the latter type of user. The process is inspired from feedback
loops in control theory and consists of iteratively refining and expanding queries based
on the user-provided relevance of the documents retrieved during the previous iteration.

First, Rocchio proved that for any subset R of a document collection, there exists
an optimal query Q,, that would separate R from its complementary subset of the

collection, N:

_ ZReRSim(Q:R) _ ZNeNSim(QaN)
IR| IN|

Given that sim(A,B) = cos(Z(A,B)) = A - B (assuming all TF-IDF vectors have been

OQopt = argglaxf(Q)

normalized), we can rewrite f(Q) as

[2rerR  2nenWN
R| IN|

fl@Q)=0

Since f(Q) is a dot-product of two vectors, it is maximized when the two vectors (Q
and the expression in square braces) are collinear. Without loss of generality, it can be

said that

Qo ;= ZRERR o ZRENR
¢ R| IN|

In other words, the optimal query is the vector difference between the centroid of the

relevant subset R and of its complementary subset (of non-relevant documents) N.
Obviously, there is no realistic expectation that users would submit optimal queries,
since having the ability to do so implies knowledge of the relevant set R, which pre-

cludes the need to search for information in the first place. Therefore, a method is
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suggested to allow users to start with an arbitrary query Qp and iteratively refine it using

the following formula:

ZRERF,‘ R _ ZNGNF,’ N
|RF;| INF;|

Qir1 = f(Qi,RF;,NF;) = Q; +

where RF; and NF; are the sets of relevant and non-relevant documents identified by
the user during iteration i of the process. As i increases, Q; converges toward Q,p. In
Rocchio’s original experiment, significant improvements in retrieval performance were
observed even after one single iteration of relevance feedback.

Salton [120] compares relevance feedback performance on vector vs. probabilistic
IR systems and concludes that the vector-model outperforms probabilistic models (such
as used by [114]) by a significant margin. Harman [62] offers another comparison of the
vector and probabilistic models; the article underlines the importance of using relevance
feedback to also expand queries by adding new terms, in addition to simply re-weighting
existing ones. When multiple iterations of relevance feedback are performed, feedback
should continue within an iteration until all relevant documents in that iteration have
been seen.

Buckley et al.[18] suggest a method for automatic relevance feedback, by which per-
formance 1s improved by simply using all retrieved documents from the first iteration to
modify the query submitted in the second iteration. The downside to this is that, when
casual users type short and sub-optimal queries, the many non-relevant documents re-
trieved in the first iteration tend to cause topic drift by being included in the automated
relevance feedback process. Mitra [96] proposed a solution based on manually or au-
tomatically constructed Boolean filters that exclude from automated relevance feedback
documents that do not contain enough query terms and thus are likely to cause topic
drift. Harman [61] introduced interactive relevance feedback, where potential terms
that would be used in query expansion were first shown to the users. Users picked

which terms they would like to use. This method significantly increased performance,
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but often at significant cost of slow response time and extra effort requirements from
users. A later study [91] measured performance improvements given the experience
level of the users and found that inexperienced users not only didn’t benefit, but actually
experienced degraded retrieval performance.

More recent research on relevance feedback is usually performed within the con-
text of text filtering (discussed in the following section). Relevance feedback is one of
the several main mechanisms used by filtering systems to learn models of the relevant

documents they are looking for.

2.3 Text Filtering

Text filtering has evolved from traditional IR, as an adaptation to changes in the envi-
ronment in which document retrieval systems are expected to operate. Filtering moves
away from the model of a centralized, static document repository, on which one-time,
stateless queries induce a ranking in decreasing order of relevance. Instead, filtering
systems operate on a dynamic document stream (such as Usenet news, email, or Web
documents encountered during browsing or crawling). Information needs persist over a
longer period of time, and binary decisions must be made as soon as each document is
encountered.

Differences from traditional IR make text filtering suitable for use on the client-side
instead of as a centralized server. For the same reasons, filtering has great potential
for privacy and personalization, which makes it an excellent basis for building Web
information agents (discussed in the next chapter).

According to [9, 80, 1, 10], the main distinguishing factors between traditional IR
and text filtering are the source of documents, the level of involvement of the user into
the process, and the time-frame of document retrieval.

Information source. Traditional IR systems are designed to operate on a theo-
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retically static document collection or database. In practice, documents are added or
removed from the collection all the time, but at a frequency that is negligible when com-
pared to how often the system accepts user queries. Filtering systems, on the other hand,
are designed to operate on a stream of documents, which is dyramic. Space for storing
individual documents (or data structures representing them) for future reference is at a
premium, and storage is generally discouraged. In essence, the difference is that tradi-
tional IR systems have random access to the documents on which they operate, whereas
filtering systems access their documents in a sequential manner.

Dissemination decision. An immediate consequence of the nature of their respec-
tive information sources is that, by having random access to documents, traditional IR
systems have tended to rank all documents they return in response to a query by their
similarity to said query. Due to the lack of random access to documents, filtering sys-
tems must make immediate binary decisions on whether or not to disseminate each new
document they encounter. This decision must usually be made without the ability to
compare the document to any other previously encountered one.

User involvement. Querying a traditional IR system requires active user partici-
pation. The user normally types in a number of query terms, submits the query, and
receives a list of documents in response. The user’s information need may or may not
be fulfilled, and the user has the option of continuing to use the system by submitting
another query, modifying and re-submitting the original one (with or without the assis-
tance of a relevance feedback feature of the system). In other words, using a traditional
IR system is necessarily a user-supervised, interactive operation. With filtering sys-
tems, the user is not necessarily required to perform any activities beyond setting up an
original query. The system monitors the incoming document stream on its own, and oc-
casionally sends the user a document it decided to disseminate. Filtering systems may,

therefore, be more or less unsupervised and non-interactive, where the user is assigned
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a passive role. From the user’s point of view, traditional IR systems use a pull model,
whereas filtering systems operate according to a push model.

Retrieval time-frame. Because of the difference between levels of interactivity,
traditional IR systems are used on a much shorter time-frame than filtering systems.
When a user submits a query to a traditional IR system, they expect to either fulfill their
information need right away, or give up (a document that would fulfill their need for
information cannot be found in the collection). On the other hand, a filtering system is
used on a long-term basis, with only optional training and/or user supervision.

Query complexity. Again, because of differences between levels of interactivity,
queries submitted to traditional IR systems tend to be short and simple. It is rare that
relevance feedback is used for more than one iteration beyond the original query. Fil-
tering systems, on the other hand, tend to use multiple iterations of relevance feedback,
causing queries to grow ever more complex over time, as the system receives feedback
on its dissemination decisions. Filtering queries are sometimes referred to as user pro-
files, models of the user’s information needs that are much more accurate than the usual
IR query.

Personalization. Since traditional IR requires a large document repository, its obvi-
ous implementations use large, centralized databases and offer access to simple, passive
clients that are required to trust the server with whatever information they provide, in-
cluding the submitted queries. On the other hand, filtering systems can be implemented
as smart, active clients, which are perfectly capable of doing their job while remaining
under the total control of the users. This property makes filtering systems very well

suited for application where the privacy of users and personally-tailored service are es-

sential.
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2.3.1 User Feedback

To improve the filtering system’s performance, users may provide training (feedback) by
rating disseminated documents as relevant or non-relevant, and, possibly, by providing
examples of relevant documents to be incorporated into the filtering query or user profile.
This is an extension of the Relevance Feedback mechanisms used with traditional IR
systems. Some filtering systems require that both positive and negative examples be
used in the construction of the user profile. These systems are usually probabilistic
(Bayesian) [81, 101], but, theoretically, vector-based models such as TF-IDF could also
be implemented this way. When a new document is considered for dissemination, it
is classified into either the positive or negative category, by comparing its distances to
the center of the positive and negative classes, respectively. For Bayesian systems, the
probabilities of the document being positive or negative are compared. For a vector-
based system, the cosine similarity between the document and the centroid vectors of
the positive and negative classes could be compared. The document is disseminated if
it is more likely to be positive (or closer to the centroid of the positive class than to that
of the negative class).

Needless to say, systems that require negative feedback in addition to positive feed-
back force the user to expend extra effort in training. For this reason, some filtering
systems (mostly vector-based ones [21, 148, 4, 45]) are designed to require only positive
examples to be incorporated into the user profile. In order to facilitate binary dissemi-
nation decisions, a dissemination threshold is used along with the representation of the
positive class in the user profile. This dissemination threshold indicates the minimum
value of similarity between any new document and the centroid of the positive class for
the new document to be disseminated.

Essentially, the dissemination threshold forms a cone around the vector represent-

ing the centroid of the positive class. Any document that falls inside this cone is likely
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a)

Figure 2.1: Single positive centroid with dissemination threshold (a), and positive and
negative centroids with separation plane (b)

relevant and will therefore be disseminated. Documents outside the cone are likely non-
relevant, and will be ignored by the system. In the case where both a positive and a neg-
ative class are learned, we can imagine a plane that separates the two centroid vectors;
documents on the same side of this plane as the positive centroid will be disseminated,
whereas documents on the negative centroid’s side will not. Figure 2.1 graphically il-

lustrates these scenarios.

2.3.2 Profile Construction and Filtering

Most filtering systems are implemented using either the vector-space model (TF-IDF),
or the probabilistic model (Bayesian classifier). We review some of the main works in
each of these categories, as well as some novel, experimental techniques that do not

follow either of the established models.
2.3.2.1 TF-IDF Filtering

TF-IDF based filters build and maintain one or more TF-IDF vectors representing topics
of interest. Document vectors are compared against these topic vectors using the cosine
similarity metric.

Allan [1] presents a method for incremental feedback for filtering, based on the idea
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that documents can’t be stored for future reference. The method consists of selecting 100
terms from each set of feedback documents (at each intermediary point) and adding them
to the original user query. Precision and recall are consistent with most TF-IDF results
seen so far (their harmonic mean appears to be approximately 0.4). A small number of
past judgments are kept across iterations for context, which addresses changes in user
interests (query drift) by measuring relevance not only against the original query, but
also against recently learned positive examples.

Callan [21] proposes a filtering system based on TF-IDF vectors, with no negative
feedback, and introduces the concept of an adaptively learned dissemination threshold.
The threshold starts out low, and increases as non-relevant judgments indicate lack of
precision. Recall was between 0.2 and 0.4, and precision between 0.2 and 0.3. These
low values are a consequence of the overly restricted approach allowing the dissemina-
tion threshold to change in only one direction.

Zhai et al.[148, 147] propose an improved method of learning an adaptive threshold
that can both increase and decrease as dictated by feedback. Their technique was based
on storing documents between instances of feedback and adjusting the threshold to a
value that would have maximized performance given the latest set of cached feedback
documents.

Arampatzis [4] and Zhang [149] set thresholds based on the assumption that scores
for relevant documents follow a Gaussian distribution and scores for non-relevant docu-
ments follow an exponentially decreasing distribution. Parameters of such distributions
are learned from training documents and used to set dissemination thresholds that signif-
icantly boost filtering performance. These methods determine the optimal dissemination
threshold for a given training set, but require storing all training data before the threshold

is calculated.
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2.3.2.2 Bayesian Filtering

Bayesian filtering is a straightforward application of the Naive Bayes Classifier (NBC)
to text filtering. Documents are classified into one of two classes, positive and negative.
A new document is disseminated if its probability of being positive is higher than that
of it being negative.

Lewis and Gale [81] propose using uncertainty sampling to improve a classifier, by

iterating through the following steps:
1. Build initial classifier;
2. While receiving feedback:

(a) classify unlabeled examples;
(b) pick subset of least certain documents, and ask user to label them;

(c) train new classifier.

This approach requires considerable user interaction for the training phase and also
requires an algorithm-driven interaction: the algorithm determines the documents for
which additional feedback is required. In a later study, Lewis et al. [82] compare Roc-
chio against two other algorithms (Widrow-Hoff, and Kivinen-Warmuth EG) on a super-
vised (i.e., interactive) filtering task. Both algorithms outperform Rocchio’s relevance
feedback algorithm in this scenario.

Nigam [101] proposes the use of expectation maximization (EM) to iteratively im-
prove the performance of NBC by repeatedly classifying unlabeled samples with the
previous iteration’s classifier, and using them to build a new classifier. Liu [86] and Li
[83] propose a method of selecting the most likely negative documents, in order to limit
requirements for labeling documents to positives only. So-called “spies” (a small ran-

dom sample of positive documents) are used between iterations to measure if a classifier
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adequately separates positive documents from negative ones. The most certain nega-
tives and labeled positives are then used to build a final classifier, which is used to filter
new incoming documents with a high degree of accuracy (precision, recall, and their

harmonic mean all score above 0.6).
2.3.2.3 Other Filtering Methods

Several other methods have been used in filtering experiments: Latent Semantic Index-
ing (LSI , an alternative vector-space method), evolutionary algorithms used to train
populations of simple filtering “agents”, and approaches based on information theory.
Foltz [47, 48] proposed a filtering system based on LSI and k-nearest neighbors. Based
on singular value decomposition (SVD) and a list of relevant examples, the system can
identify which new items are close enough to a sufficient number of relevant examples
to be also considered relevant. Hull [70] compares filters based on LSI and those based
on the vector model using the Cranfield [35] document collection. His findings are that
while LSI can yield better performance, it does so at a significant computational and
storage cost.

Sheth and Maes [127] use a genetically evolved population of agents to filter Usenet
newsgroup feeds; their system (NewT) starts out with an internal representation contain-
ing several fields, among which the most important are the name of the newsgroup and
a set of keywords. During the operation of the GA, agents trade keywords to improve
their version of the user’s profile. The agents are evaluated based on how much positive
feedback was generated on articles they helped disseminate, and achieve performance
consistent with other filtering systems: precision and recall are in the neighborhood of
0.5, and each drops off severely when the other is optimized. Clack et al. [33] uses a
more complex internal representation for their agent population, based on parse trees.
This approach yields high accuracy (authors report better than 95%), but only on a small

test collection and with questionable potential for scalability to larger collections.
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Amati [3] proposes a framework for a filtering system (ProFile) based on information
theory. Weights are computed for terms based on the expected relevance of documents
containing them. This approach is conceptually similar to using a Bayesian classifier,

and reported results are also consistent with other Bayesian filtering systems.

2.4 Evaluation of IR Systems

The performance of an IR system depends on a large number of factors, many of them
subjective. However, given that an IR system’s purpose is to maximize relevant results
and minimize non-relevant ones, a formal evaluation methodology has evolved based on
collections of documents with known relevance to one or more topics. This approach
is also suitable for filtering systems, and may also be used for evaluation of filtering
components of Web information agents discussed in subsequent chapters. We review
the basic performance metrics of an IR system: precision and recall. We also look at
alternative metrics that have been proposed in the literature and conclude with a review

of a few standardized document collections frequently used by IR researchers.

2.4.1 Recall and Precision

Typically, IR systems are evaluated in conjunction with a known document repository
(or corpus) by submitting queries for which all documents in the corpus have been rated
as relevant or non-relevant by expert judges. The relationship between the system’s
behavior and the expert judgments can be represented by a contingency table [80], such
as the one in Figure 2.2. Expert judgments are marked either R for relevant or N for
non-relevant. System predictions are either F' for found, or M for missed. Thus, RF
is the number of relevant documents found by the system. RM is the number of false
negatives, 1.e., relevant documents missed by the system. NF is the number of false

positives, 1.€., non-relevant documents mistakenly retrieved by the system.
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Expert judged
relevant | non-rel.

relevant RF NF
System
predicted

non-rel. RM NM

Figure 2.2: Contingency table of system predictions vs. expert judgments

The most frequently used performance metrics for IR systems are recall:

RF
recall = ————
RF +RM
and precision:
. RF
precision = ————
RF +NF

Recall measures how good the system is at identifying relevant documents, while preci-
sion indicates how well the system can avoid retrieving non-relevant documents.
Other metrics mentioned in the literature, but less frequently used in practice are

fallout [112, 80]:
NF

fallout = ——
NF +NM

which estimates a pseudo non-relevant recall, and error rate [80]:

RM +NF
RF +RM +NF +NM

error rate =

Well-performing IR systems would have both high recall (find most of the relevant doc-
uments in a collection) and high precision (find as few non-relevant documents as possi-
ble); ideally, both recall and precision should have value 1.0. Metrics such as fallout and
error rate should have value 0.0. Typically, however, recall and precision are optimized
at each other’s expense. Systems tuned for high recall may include many false positives,

and thus have low precision. When optimized for precision, systems may leave out
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Figure 2.3: Harmonic mean of precision and recall

many relevant documents, leading to poor recall. In order to capture both precision and
recall in a single metric, an effectiveness or E-measure has been proposed by Rijsbergen

[139] and Shaw [125]:
(B +1)PR
BZP+R

The parameter 3 allows one to specify the relative importance assigned to precision

E=1-

versus recall: sub-unit values of B indicate that recall is more important. When 3 > 1,
the user values precision more. Sometimes, the E-measure is used in its complement
form [81, 126]:

F=1-E

For the special case where 8 = 1, both precision and recall are valued equally, and we

end up with their harmonic mean:

2PR 2.RF
P+R 2.-RF+RM+NF

HM =Fy_; =

With both precision and recall varying in the interval [0,1], the harmonic mean is a
surface like the one depicted in Figure 2.3.
As IR systems don’t usually select documents from their corpus to be retrieved in

response to a query, but rather rank documents in decreasing order of their similarity to
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the query vector, it is possible to imagine (at least in theory) that all documents in the
corpus are ranked. If an imaginary cut-off is set after the top n ranked documents, recall
and precision can be computed as if the system had selected these top n documents. As
we increase n, recall increases as more relevant documents are included above the cut-
off, and precision decreases as more non-relevant documents are also included above
the cut-off. A method of representing IR system performance proposed by Baeza and
Ribeiro [7] consists of plotting precision values corresponding to standard recall points
0f 0.0,0.1,0.2,...,1.0.

IR systems are usually evaluated based on multiple different queries. Precision val-
ues computed at standard recall points are averaged across all queries, resulting in aver-

age precision-recall graphs used extensively in literature on traditional IR systems.

2.4.2 Benchmarks and Alternative Metrics

TREC (Text REtrieval Conference) [63, 141] offers a venue to support meaningful com-
parison of the various systems that are being developed. The benchmarks used at TREC
consist of a large (and growing) collection of documents (currently distributed on six
CD-ROMs), and a set of several hundred evaluation queries (also referred to as topics).
For each query, a subset of the existing documents has been rated as relevant or non-
relevant by a human judge. We are particularly interested in the TREC filtering track, in
which filtering systems are compared by being supplied with a chronological stream of
documents from the benchmark collections. Recently, filtering systems at TREC have

been evaluated using utility functions [71]:
utility =ul - RF —u2-NF

which reward finding relevant documents (with a 1 reward each) and penalize retrieval
of non-relevant documents (with a u2 penalty each). Some of the reward/penalty values

used at TREC conferences were (ul =3,u2 =2) and (ul =4,u2 =1).
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Recall, precision, and their derivatives have been criticized [109, 136] for requiring
full knowledge of all candidate documents and their relevance to all queries used, which
is frequently not available in practice. Another point is that these metrics have been
designed for traditional, batch-mode IR systems, and are not well suited for evaluation
of modern techniques (such as text filtering systems).

Simpler metrics designed to work with partial knowledge of the test corpus are de-
scribed in [7]. Assuming only a subset of the existing relevant documents in a collection
is known to the user, the values from which recall is computed (RF and RM) are further

divided into known and unknown. One metric used is coverage:

knownRF
knownRF + knownRM

coverage =

which is the equivalent of recall on the known subset of relevant documents. Another

metric is novelty:
unknownRF

[ty =
novetty knownRF + unknownRF

which measures the ratio of relevant documents retrieved that were previously unknown.

Coverage, novelty, and utility are metrics specifically geared toward filtering sys-
tems, designed as workarounds to the lack of control over the test data (i.e., lack of
comprehensive knowledge of relevance values for all documents in the data set). The
downside of these metrics is that they are much less portable than recall and precision:
scores given to filtering systems by these metrics are only relevant in the context of
comparing systems to each other given one particular data set. For example, utility
completely disregards the number of relevant documents missed by a filtering system. If
full knowledge of relevance values with respect to the topics used is available, precision

and recall remain the more meaningful performance metrics.
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Chapter 3

IR on the Web: Search Engines and
Web Agents

While text filtering provides a way to move IR systems away from centralized systems
and toward personalization, search engines provide a move away from IR systems based
on proprietary, local information collections and toward applying IR to the widely avail-
able, public information repository which is the World Wide Web. The first part of this
chapter provides a brief overview of the evolution and shortcomings of search engines,
as well as a series of techniques that help optimize their behavior. The second half is
an overview of related work in the field of Web information agents. We draw the same
parallel between search engines and Web agents as between traditional information re-

trieval and text filtering in the previous chapter.

3.1 Search Engines and Related Optimization Tech-
niques

In the early 1990s, the Web was at the beginning of its extremely rapid growth, and
locating information of interest was becoming a problem. Several “directory” sites were
built, but with no real chance at scalability. Thus, search engines were born. Sites
such as AltaVista[2] and Lycos[90] originally started out by using straightforward IR

methods (as discussed in Section 2.1) on a corpus collected by programs known as
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crawlers. Crawlers were originally simple depth- or breadth-first traversals of the Web
(possibly several instances seeded at various different locations), collecting pages into a
corpus that would then be searched in response to user queries.

In the late 1990s, the growth of the Web became even more explosive, and simple
straightforward search engines such as the ones described above could no longer keep
up [78]. According to Lawrence et al.[79], it was taking too long (months) before a
new site would be crawled and added to the corpus, and none of the crawl/IR search
engines were indexing more than cca. 16% of the available documents on the Web.
Users were submitting poorly formulated (usually, one- or two-word long) queries, and
last, but not least, site designers and search engine operators started manipulating their
implementations to skew results. For instance, many sites contained huge amounts of
keywords invisible to the viewer (either fonts using the background color, or keywords
hidden in meta tags) in order to skew the rating received from the search engine. Also,
many search engines were accepting payment for higher ranking, without necessarily
disclosing this bias to their users.

In order to deal with the limitations of early search engines, several directions of
research were pursued. Searches were distributed across multiple search engines to im-
prove recall (meta-search); search results were post-processed and clustered by topic,
to help users quickly find the topic they were really looking for; smaller, topic-specific
search engines were built using focused crawlers that would only index documents re-
lated to the given topic. Also, search engines began exploiting the additional informa-
tion that came hidden in the documents’ link topology [16, 103], leading to the highly
successful Google search engine [55].

Currently the most popular search engine, Google’s status was achieved through
a clean, clutter-free interface, and use of link popularity derived from Web topology

[16, 103] in addition to traditional IR methods. Google also offers various personal-
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ized services, such as WebAlerts [56], which sends users email when changes to their
queries’ top-10 results are detected. However, there are still open questions [142] re-
garding Google’s privacy policies, tracking of users through permanent cookies, and the
inherent fairness of topology-driven rankings. A recent study by Cho[31], performed
over a period of seven months, indicates that the top 20% most linked Web pages will
receive over 70% of new links, regardless of content.

Shifting control toward users by minimizing the information disclosed to third par-
ties is a major step toward privacy and personalization. An example is Copernic[36] — a
personal, client-side agent offering services such as meta-search (farming out searches
to multiple search engines and integrating returned results), notification of new search
results, and change monitoring. Being a proprietary closed-source application, the algo-

rithms and inner workings of Copernic are difficult to evaluate or audit.

3.1.1 Meta-Search

The concept of meta-search on the Web has been inspired by GIOSS[58, 57], a sys-
tem for simultaneously querying multiple text databases. Meta-search engines like
MetaCrawler[123, 124], SavvySearch[43, 44, 69], NECI[77], and Vivisimo[140] are
placed one step above standard search engines in the Web information food chain. They
do not search the Web themselves, but rather send off queries to other search engines,
and then integrate those results and present them to the user in a consistent fashion.
The added value of meta-search engines consists in potentially more complete coverage
of the Web, leading to improved recall — while individual search engines only covered
small portions of the Web[79], querying several of them simultaneously offered access
to the union of these portions. Meta-search engines can also learn to associate specific
types of queries to search engines that are the most likely to come up with good results
for them, a technique called query routing [135]. Thus, meta-search can be improved

by only querying search engines expected to be able to find relevant information.
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A meta-search system generally consists of the following components:
e a user interface that allows the entering of queries and displaying of results,

e multiple interfaces (or wrappers) to search engines, used for conversions between
the formats required by the search engines and the internal format of the meta-

search system,

e and, in systems which implement query routing, a learning module which uses
past experiences to identify which search engines are most likely to find relevant

documents with respect to a new user query.

The meta-search concept has been applied to other Web-related activities, most no-
tably comparison shopping [41]. For a certain set of products (e.g., books, CDs, videos,
etc.), the service looks up prices on a variety of vendor websites and lists the results in
decreasing order of their extended price. The main problem confronting meta-search
services is wrapper maintenance. Vendors change their user interfaces more frequently
than search engines, which requires the comparison-shopping site operator to rewrite

the wrappers. Proposed approaches to this problem are presented in [34, 99].

3.1.2 Clustering of Search Results

Based on the assumption that relevant documents are more similar to each other than to
non-relevant ones, studies [66, 146] have suggested that search results should be clus-
tered into categories instead of being ranked according to how well they match the user
query. This is one of the possible ways to deal with the problem of vague user queries.
An additional user-specified number of keywords can be extracted from the categories
resulting from the clustering operation and used to help users decide which documents
to examine first. The preferred distance metric used by the clustering algorithm is the

TF-IDF based cosine metric. Users in both studies have claimed improved satisfaction
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and ease of finding relevant information when search engine results were presented in
a clustered form. Examples of search engines which cluster search results are North-
ern Light[85] and Vivisimo[140], which automatically cluster the list of hits when it

becomes available, and Yahoo[144] which is based on human-generated categories.

3.1.3 Directed Crawling

Large, centralized search engines attempt to perform exhaustive crawls of the entire
Web, which can cause large delays before new information is made available to the
users. Smaller-scale search engine implementations can be designed to crawl the Web
on an as-needed basis, given instructions as to what information to look for. As an
example, Shark-Search[67] will start with a user query and an initial “seed” document
and will perform a width and depth bounded heuristic search for information with high
relevance with respect to the query. The expectation of finding relevant information is
increased by an incoming link from a relevant document and decreased by the distance
(both in width and depth) from the origin of the search. Shark-Search brings about
a two-fold improvement in performance over Fish-Search[39], the original client-side
Web crawling algorithm. Performance is measured using “sum of information”, ob-
tained by adding together the similarity between each encountered document and the
query on which the system is currently focused. A similar system has been developed
by Chakrabarti et al.[25, 24], consisting of three components: a classifier which as-
sesses the relevance of encountered pages, a distiller which determines visit priorities,
and the crawler itself, which performs a personal search for the user based on informa-
tion from the other components. The focused crawler maintained an average relevance
between 0.4 and 0.6, while the baseline, unfocused crawler’s relevance quickly dropped
to 0. Another example is given by Mukherjea[100], where a small-scale, topic-specific
search engine is proposed based on a topic-focused crawler and a user interface to allow

searching the collected topic-specific documents.
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These approaches exhibit a tendency to personalize the services offered to the par-
ticular needs of individual (groups of) users. The systems are typically running locally,

serving individuals or small groups rather than large masses of off-site users.

3.1.4 Refinement Based on Link Topology

In addition to traditional Information Retrieval techniques, search engines have access
to a wealth of information hidden in the hypertext link structure of the web pages they
collect [15]. Such information has a tremendous potential to improve the quality of
returned results.

An early example of a system which leverages topology information is

ParaSite[134], which classifies links on a Web page into one of the following types:

Upward: leading to a page with more general information, or to a superset of the cur-

rent page;
Downward: leading to more specialized information, or a subset;
Crosswise: links to equally specialized but different members of the same superset;
QOutward: links to off-site pages on the same topic.

The type of a link can be inferred using the URLs: if the host is the same, then a
shorter, longer, or equally long path would predict upward, downward, or crosswise
links, respectively. Otherwise, we are dealing with an outward link.

Another approach, with more solid mathematical underpinnings, is used in the HITS
algorithm [75, 53, 23]. HITS is based on the assumption that a link to a Web document
represents an implicit acknowledgment of its relevance to the document containing the
link, by the authors of the latter. Thus, the algorithm is designed to find two kinds of
Web documents: authorities which contain highly relevant information with respect to

a certain query, and Aubs which contain links to many strong authorities. According to
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Gibson et al.[53], hubs and authorities exhibit a “mutually reinforcing relationship”: the
quality of a hub is given by the number and quality of the authorities it points to, and
the quality of an authority is indicated by how many good hubs are pointing to it. In
order to isolate the best hubs and authorities on a given topic, the authors describe the

following algorithm:

1. Submit a query to a search engine; the set of retrieved documents will form the

root set.

2. Gather documents pointed to by members of the root set, and documents that point
to members of the root set. The latter can be accomplished by querying a search
engine with a URL: the retrieved documents will be the ones containing a link to
this URL. The union of these new documents and the root set will form the base

set.

3. Each document d in the base set will be assigned a hub weight 4(d) and an au-
thority weight a(d), all initialized to 1. The weights are then updated iteratively

as follows:

a(d) =y _ h(p)

p—d

d—p

where p — g means that document p has a link to document g. Both the authority

weight vector and the hub weight vector are normalized after each iteration.

4. After the weights converge, the highest ranking hubs and authorities are presented

to the user.

While highly effective, this algorithm has several weaknesses, as identified by Bharat et
al.[12]:
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Mutual reinforcement: if a set of documents on a site all point to a single document
(e.g., a table of contents), they drive up its authority score, which in turn drives up
their own hub score, thus giving disproportionately high importance to the opinion
of a single information source. This can also happen with automatically generated
pages, where a standard set of links is always inserted in every page (e.g., a link

to the front page of the site).

Topic drift: Sometimes the neighborhood of the root set contains non-relevant docu-
ments that are very well connected, and the highest ranking hubs and authorities
will be about a different topic than originally requested. The example given by
Bharat et al.[12] is the query “jaguar and car”, where the algorithm settled into the
more general topic “car” and returned the homepages of various car manufacturers

as the top authorities.

The authors suggested further weighting of authority and hub scores during the iterative
computation for those pages that are prone to the mutual reinforcement problem: an
extra multiplicative weight of 1/k should be introduced, where & is the number of doc-
uments on the same site linking to or being linked to by another single document. For
the topic drift problem, the suggested fix is to prune the base set of those nodes that do
not pass a threshold of similarity with the original user query. The authors’ experiment
suggests that these fixes improve precision over the original HITS algorithm by 45%.
PageRank[103] (used by Google[16, 55]) is to date the most successful published
link-topology based ranking scheme for web pages. Web pages are ranked according to

the following formula:

R(u):cZI%

vEB, v

where By, 1s the set of pages linking to document u, and N, is the number of pages

pointed to by document v, and ¢ is a damping factor designed to deal with pages that
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have no outgoing links. The R PageRank values are computed iteratively, and converge

in a matter of hours for sets of millions of Web documents.

3.1.5 Continuous Queries

Continuous queries are a push technology originally proposed in the database research
community. The term was coined by Terry et al.[138], authors of the Tapestry system.
Tapestry allows users to register queries with a database server, which then compares
every new document added to the database to all existing queries upon insertion. All
owners of matching queries are immediately notified of the availability of a new poten-
tially relevant document. Tapestry supports append-only databases exclusively, which
makes the system functionally identical to a filtering system implemented server-side.
The similarities between filtering (discussed in Section 2.3) are also noted by Babu
and Widom[6]. Barbara[8] extends the theoretical foundation for continuous queries to
databases that allow deletion and modification to already existing documents.

Several web-related applications of continuous queries have been proposed.
Chawathe et al.[27] present a system for monitoring and reporting changes in semi-
structured HTML documents, such as restaurant listings. Changes are not checked for
relevance, but the system offers a mechanism to display and query the detected changes.
OpenCQ[87] uses wrappers to access information available on various Web sites and
prompts users when certain conditions specified in their continuous queries are met. The
main application consists of monitoring meteorological data such as temperatures, water
levels, etc., and notifying users when certain values are reached. NiagaraCQ[28] opti-
mizes the time and computational expense of executing continuous queries, by grouping
them together based on similarity.

Continuous queries could be viewed as a server-side step towards personalization.
However, comparing each newly crawled document against a potentially large list of

registered user queries does not scale well, which is why services such as Google’s
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WebAlerts[56] typically run the user’s query through the search engine and email out
new links that appear in the top 10. Rather than a true implementation of a continuous
query service (e.g., using triggers), these methods are based on polling. When many re-
sources with varying change frequencies must be monitored, an adaptive technique may
be used. For instance, CAM (Continuous Adaptive Monitor) [104] adaptively schedules
polling for different resources based on their update frequency learmed during a tracking
phase. CAM’s resource allocation policy leads to performance an order of magnitude

better than that of a baseline uniform policy.

3.2 Web Information Gathering Agents

Search engines mainly operate on the principles of traditional IR: gather a huge reposi-
tory of documents, and assume random access to them when responding to simple user
queries. Retumed documents are ranked by decreasing order of expected relevance.
Similar to the way text filtering allows for personalization in the field of IR, Web in-
formation gathering agents personalize Web document search and retrieval. In fact, the
type of Web information agent that is the scope of this dissertation is based on text
filtering. Machine learning [97] and IR/filtering techniques [108] are used to build and
maintain complex filtering queries or user profiles that help improve future performance.
Methods to gather candidate documents vary widely, from crawling the Web just like a
search engine [94], to generating and sending queries to search engines [19], to moni-
toring online newspaper front pages for interesting new articles [29], etc.

The remainder of this section reviews several well-known Web information agents
and the techniques on which they are based: methods for generating incoming docu-
ment streams for the filtering component, maintaining user profiles via clustering, and
detecting redundancy in addition to document relevance. Finally, we explore techniques

used in evaluating the performance of Web information agents.
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| Agent | Purpose  Profile Representation  Learning  Doc. Gathering |
Letizia Rate Links TF-IDF Rocchio Crawl/Rank
Winnow
WebWatcher | Rate Links Wordstat Supervised ~ Rank Links
TE-IDF
Amalthaea | Collect docs TF-IDF GA Gen. Query
Decision Tree
3\},’:& i'lt & Rate Links Ne;r:;;all\lle\}f:]b' Supervised Crawl
TF-IDF
WebAce Collect docs TE-IDF Clustering Gen. Query
WebMate Collect docs TF-IDF Clustering Crawl
Watson Collectdocs ~ Weigh. Term Vec. Clustering Gen. Query
InfoSpiders | Rate Links Neural Net GA Crawl
NewsAgent | Collect docs TF Clustering Crawl

Table 3.1: Summary of example Web information agents

3.2.1 Web Information Agent Examples

Because of our main objectives (personalization and privacy), our focus is on agents that
are capable of running as standalone systems on the users’ local machines. The ability
to take advantage of serving multiple users for increased performance is a bonus, but
should by no means be a requirement. The following agent prototypes (listed in chrono-
logical order) allow us to review some examples of how user profiles are represented
internally, what learning mechanisms are used, and which methods are used to collect
potentially relevant documents. This information is also summarized in Table 3.1.
Letizia [84] learns a profile (based on TF-IDF) from heuristically assessing user
interest in browsed Web documents (based on indications such as bookmarking a doc-
ument, time spent viewing, etc). Breadth first search is used to crawl documents linked
from the page currently being viewed. These documents are then compared to the
learned profile, and ranked according to their relevance. Upon request, Letizia will then

make recommendations as to which link is the most worth following. The advantage
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of profiling based on indirect factors is that it minimizes the burden on the user; unfor-
tunately, it also severely reduces accuracy since these factors may also be significantly
influenced by causes other than user interest.

WebWatcher [5, 73] compares several methods of learning a user profile for a Web
browsing assistant, which is supposed to recommend the most interesting link to follow
given a document the user is currently viewing. The methods compared were Winnow
(a linear threshold function over a set of Boolean features), Wordstat (a probabilistic
approach based on computing the conditional probability of a link being followed), and
TF-IDF. Their performance is similar, and clearly better than the random baseline. One
large drawback to WebWatcher is the necessity of conducting off-line training sessions
on the user’s information request (goal) before testing the performance of the agent.
In our experience, users are unlikely to put up with such inconvenience in a real-life
scenario.

Amalthaea [98] evolves a population of information agents using a genetic algo-
rithm. The purpose of the system is to have a subset of the agents gather documents
from search engines by generating queries, and another subset filter these documents
and submit the relevant ones to the user for review. The agents contain TF-IDF vec-
tors representing portions of a user profile, and are evaluated based on their filtering
ability or the quality of results from the search queries they generate. The population
is bootstrapped based on an initial profile built from positive examples supplied by the
user. The system was tested using synthetic data: manually built profiles were fed into
the system, and returned documents were scored based on their similarity to the pro-
file. As expected, the agent population converged towards high-performing individuals
retrieving documents similar to the profile.

Syskill&Webert [106, 105] is a link-recommender system used as a test-bed for

comparing several different machine learning techniques (decision trees, nearest neigh-
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bors, neural nets, and naive Bayes) to a TF-IDF relevance feedback technique for learn-
ing user profiles. The authors’ main conclusions are that a Bayes classifier and TF-IDF
Rocchio relevance feedback compete for the top spot for best learning performance, and
that good predictions could be made based on only the initial portions of Web pages.
Also, pre-loading the profile with user-supplied relevant documents was found to sig-
nificantly increase its usefulness.

WebAce [60] learns a set of TF-IDF vectors by clustering positive examples of doc-
uments supplied by the user. It then generates queries automatically to retrieve new
documents on behalf of the user. Two novel clustering mechanisms (AHRP and PCDP)
are specifically targeted for efficient operation in high-dimensional term vector spaces.
Association Rule Hypergraph Partitioning (ARHP) clusters documents by maximizing
the number of terms shared by documents within each cluster. Principal Component Di-
visive Partitioning (PCDP) is similar to Hierarchical Agglomerative Clustering (HAC)
in that it starts with one cluster encompassing the whole set and splits leaf nodes with
the largest scatter factor according to the direction of maximum variance into two new
sub-nodes. WebAce caches documents and uses a non-incremental clustering algorithm
on the accumulated cache at regular intervals. The clustering algorithms were evaluated
using entropy as a measure of performance. Lower values for entropy indicate better
performance, as clusters contain fewer different classes of documents. PCDP scores
best with entropy 0.69, compared to ARHP (entropy 0.79) and the baseline given by a
Bayesian classifier with entropy 2.05.

WebMate [29] learns a set of clusters (represented via TF-IDF vectors) from posi-
tive feedback provided by the user. The clustering algorithm uses an incremental-greedy
approach, merging the two closest clusters when running out of space. The agent keeps
a list of user-supplied Web pages as starting points for searching for new documents, and

uses its profile to filter and disseminate relevant documents encountered along the way.
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Disseminated documents are collected into a “personal newspaper” which is shown to
the user periodically. By using an incremental clustering algorithm, the agent can learn
without requiring storage to cache copies of relevant training examples.

Watson [19] uses a set of heuristics such as term placement within the document,
count, and typeface to compute a set of term weights for documents currently being
read or worked on by users in their word processor. User profiles are built using a
greedy incremental clustering algorithm similar to WebMate. Top weighted terms from
the profile are used to generate queries to a search engine, and search results are then
organized and displayed in a window next to the one containing the document currently
being worked on.

InfoSpiders [94] uses a genetic algorithm to represent and learn a user profile based
on neural networks. Each agent in the population has a genotype consisting of a set of
keywords. A feed-forward neural net is used to predict a document’s relevance based on
the term frequency of terms contained both by the document and by the agent’s geno-
type. The weights of the neural net are learned during the lifespan of the agent, when-
ever feedback is made available by the user. During reproduction, two-point crossover
is used on the keyword list, and random noise is added to each term’s corresponding
weights in the neural network. The individual members of the population act like minia-
ture crawlers and are evaluated based on the relevance of the documents they chose to
follow. The entire population of agents is used to recommend links worth following by
the user. The system is evaluated on the online version Encyclopedia Britannica (EB),
taking advantage of the known relevance of EB documents with respect to a given set of
topics.

PersonalSearcher/NewsAgent [54] uses TF vectors to store profiles. Terms ap-
pearing in titles or links are given extra weight. Training samples are stored explicitly,

and k-nearest-neighbors clustering is used to identify the user’s topics. The application
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is building a “personalized newspaper” by filtering items linked from a set of online
newspapers. The system’s performance, evaluated via F-measure (or harmonic mean of
precision and recall) was in the range of 0.4 to 0.6. Data was collected by asking users
to monitor online newspapers such as the New York Times and offer feedback on the

documents collected by NewsAgent on their behalf.

3.2.2 Generating an Incoming Document Stream

Although not explicitly addressed as a separate issue by current research, a Web agent
can be viewed as two separate components: a text filter similar to those studied by IR
research, and a method of document gathering which supplies the filter with an incoming
document stream.

One document gathering technique, used by Letizia[84] and WebWatcher[5, 73],
is to extract links available within the current document and use some variant of best-
first search to follow these links in a manner similar to a directed crawler (see 3.1.3).
Documents encountered during such crawls are supplied as an incoming stream for the
agent’s filtering algorithm. Another technique, used by WebMate[29], is to regularly
extract links from a user-supplied list of hub sites (such as online newspaper front pages)
and treat the collected set of documents as a source for the filtering algorithm. Last, but
not least, agents such as WebAce[60] and Watson[19] build a query based on the user
profile and submit it to one or more search engines. The documents returned by the

search engine are then forwarded to the filtering algorithm for further examination.
3.2.2.1 Query Generation

Generating search engine queries is a promising and inexpensive way to increase the po-
tential relevance of the documents submitted to the filtering component of a Web infor-
mation agent (i.e., the quality of the incoming stream of documents). Well-formulated

queries have the potential to off-load significant effort to search engines, which should
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provide the agent with a stream of documents with high likelihood of relevance. Using
a search engine should save effort both in terms of filtering performed by the agent, and
in terms of the cost of the Web crawl that would be required to gather the documents in
the first place.

Query generation has evolved from the more general technique of relevance feed-
back [118], which modified the users’ original queries with the purpose of improving
the quality of returned results. Filtering queries (a.k.a. the agent’s user profile) are not
directly suitable for submission to a general-purpose Web search engine, in part due to
the large number of terms and complex weighting schemes. Even without weighting,
too many terms would overly restrict the range of potential results the search engine
might return. Query generation refers to the technique of extracting relevant terms from
the user profile, and using them to augment (or construct from scratch) a query suitable
for a search engine.

In order to generate a new search engine query from scratch, only a few highly
representative terms are typically extracted from the user profile. For WebAce[13], the
authors propose that queries be generated from a cluster of documents based on the
average term count (or term frequency — TF) across all documents within the cluster
and on the number of documents in the cluster that contain a term (i.e., the document
frequency of the term — DF). One set of documents with the highest TF and another
one of the same size based on highest DF are selected. The intersection of these sets is
used as the final query that is sent to the search engine (Yahoo[144], in this particular
study). Only anecdotal performance information is provided for this query generation
method (the authors generated and submitted a few queries and were satisfied with the
results), since the study mainly focuses on building user profiles using various clustering
algorithms.

CorpusBuilder[52] uses automatic query generation to collect relevant Web docu-
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ments. Query generation is used to avoid a brute-force crawl and expensive filtering to
isolate documents of interest. Queries are generated from the corpus collected so far,
hoping to significantly increase the chances that search results would be relevant, thus
speeding up the collection process. The authors use several different query generation

methods:

uniform — select n terms from the relevant documents with equal probability;
o term-frequency — select n most frequent terms from the relevant documents;

e probabilistic term-frequency — select n terms from the relevant documents with

probability proportional to their term frequency;

e odds-ratio — select n terms with highest odds-ratio scores, as given by the formula:

P(t|rel)- (1 — P(t|nonrel))

OR; =1
* = %2 Bltlnonrel) - (1 - P(t]rel))

where 7 is the term, and P(t|rel) and P(t|nonrel) are the conditional probabilities

of ¢ appearing in a relevant and non-relevant document, respectively;

e probabilistic odds-ratio — select n terms with probability proportional to their

odds-ratio score;

Best results were obtained with queries of size n = 4 and the simple odds-ratio method.
Since the relevance criterion in this study was that documents must be in a particular
language (Slovenian), the applicability of these results to other systems (where rele-
vance has a semantic component) is not guaranteed. Filtering for topical relevance is

necessarily more difficult and subtle than determining whether a document is written in

any particular language.
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3.2.3 Filtering Techniques for Web Agents

Several issues related to filtering have an important influence on the user-friendliness of
a Web information agent: whether negative feedback is required in addition to positive,
whether explicit topic information is required with each training instance, and whether
the system can detect (and avoid disseminating) relevant but redundant documents.

For traditional IR, we have discussed the tradeoff between either requiring both pos-
itive and negative training examples, or using a dissemination threshold with positive-
only feedback earlier (see Section 2.3). Thresholding was largely ignored by ear-
lier research on Web agents, even when positive-only feedback was specified (e.g.,
Letizia[84], WebMate[29], etc.). We explore learning mechanisms for dissemination
thresholds in more detail in Chapter 4.

In this section, we focus on simplifying the user’s involvement with the process
of training a text filter by automatically classifying training samples. Only relevance,
but no topic label is required from the user. This is accomplished by using incremental
clustering algorithms that automatically maintain a set of clusters representing the user’s
topics of interest, but without the need to explicitly store previous training examples.

We also examine techniques for detecting redundancy within newly encountered
documents. Some of these documents may be relevant to one of the user’s topics of
interest, but have no additional relevant information compared to previously dissemi-
nated documents. As such, it is the filtering system’s job to avoid disseminating these

documents to the user.
3.2.3.1 Incremental Document Clustering

Franz et al.[49] emphasize the contrast between learning users’ topics of interest (topic
detection), and filtering relevant documents once the topics are known (topic tracking).

Topic detection involves:
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e Unsupervised learning: relevant training samples will not have associated topic

labels.

e Hard decisions: each training sample must be assigned to one cluster representing

a new or existing topic (n-ary classification).
For topic tracking, we have:

e Supervised learning: new documents are compared to a set of existing topics (sup-

plied by either a topic detection algorithm, or explicitly by the user)

e Soft decisions: new documents may be assigned to more than just one topic, or to

neither. There are n separate binary classifiers, one for each existing topic.

In practice, we observe that these modes of operation frequently coexist. While un-
known new documents are encountered by the agent, their relevance is predicted using
topic tracking. If the user points out a relevant training sample (but without naming
an applicable topic), topic detection comes into play, and the agent updates its list of
learned topics automatically.

Web agents such as WebMate[29] and Watson[19] are capable of automatically
learning to identify topics of interest by clustering positive training samples supplied
without an associated topic label. The overall profile is learned in a supervised manner
(since users are required to provide training examples). However, learning the list of top-
ics of interest is unsupervised, since no topical information is expected or required from
the users. This is an extra step towards making such agents user friendly, by minimizing
the amount of effort required for training.

Typically, an upper limit is set on the number of allowable clusters k. New docu-
ments must be partitioned into up to k clusters so as to minimize the maximum clus-
ter size. Most frequently, IR systems use hierarchical agglomerative clustering (HAC)

[110]. This method assumes that all n documents are available a priori and starts out
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by assigning each document to its own cluster. Pairs of clusters are merged iteratively,
based on the distance between their centroids, until only & clusters are left. These clus-
ters can then be treated as automatically learned models of the user’s “topics” of interest.

Unfortunately, a clustering algorithm that requires the presence of all documents
on which it is supposed to operate is not practical for client-side, personalized filtering
systems or Web agents. First, there are storage considerations: a filtering system would
need to store all training samples it has ever received explicitly, so it can re-cluster
them periodically when updating its information on the user’s current topics of interest.
Secondly, re-clustering a growing number of training samples from scratch can become
quite expensive as more and more samples are collected.

The solution is to use incremental clustering algorithms. Only information about the
current cluster centroids is stored, and explicit document information is discarded after
it has been used to update the cluster centroids. An incremental clustering algorithm
maintains up to k clusters: every time a new training sample is received, it is either
added to one of the existing clusters, or it becomes the seed of a new cluster. If the
maximum number of k clusters is exceeded, two or more existing clusters are merged
together, such that the resulting number of clusters never exceeds the limit k.

The ARAM clustering algorithm [137] incrementally modifies the appropriate clus-
ter if a match criterion is met, or else adds a new cluster. There is no upper limit on
the number of allowed clusters, and documents are stored explicitly to allow splitting of
clusters when necessary. Clusters are labeled with the top few terms by TF-IDF weight
and presented to the user as a means of automatically categorizing relevant documents.
Although no quantitative performance information is provided, ARAM offers an inter-
esting graphical interface allowing users to visualize the main keywords and weight of

each learned cluster.
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Charikar et al.[26] present a set of incremental clustering algorithms suited to such
a hybrid approach, along with mathematical performance analysis based on a metric
called performance ratio. This metric is computed as the ratio between the maximum
cluster diameter obtained by the incremental algorithm in the worst case (i.e., assuming
the most inconvenient update sequence), and the maximum cluster diameter size ob-
tained by an optimal algorithm with random access to all points. Lower performance
ratios indicate better algorithms, and 1.0 is the theoretical optimum. Three incremental
algorithms are compared: greedy, doubling, and clique partition.

Greedy Algorithm. A fixed number of k clusters are maintained. The first £ doc-
uments are assigned each to their own new cluster. Once k clusters have been formed,
each new document is treated as a (k + 1)st cluster, and the closest two existing clusters
are merged in order to bring the total back to k. Thus, a new document may either be
assigned to an existing cluster, or it may form a new cluster and force two existing clus-
ters to be merged. Greedy incremental clustering is the simplest of the three methods
and captures existing practice in personal Web agents (e.g., WebMate and Watson). Ac-
cording to Charikar et al.[26], the performance ratio of the greedy algorithm is at least
2k — 1, which is rather poor when compared with the other two algorithms.

Doubling Algorithm. As with greedy clustering, initially, each feedback document
up to the kth is placed into a separate cluster. However, merging allows for multiple
clusters to be joined, such that the total number of clusters may well be lower than &
(while still never being allowed to exceed it). The clusters to be merged are found based
on a distance threshold, d. When the number of clusters first exceeds k, d is initialized
to twice the distance between the closest two clusters. A merging stage is entered, in
which groups of clusters close to each other are joined by picking an arbitrary cluster and
merging it and every cluster that is closer to it than d. This process is repeated until all

groups of close-enough clusters have been merged. New documents are added during
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the update stage, in which the algorithm normally operates while the cluster count is
below k. A document is added to the closest cluster if the distance between them is less
than 2d; otherwise, a new cluster is created. Whenever the limit of &k clusters is exceeded,
the algorithm doubles the distance threshold d (hence the name of the algorithm), and
enters another merging stage. The doubling algorithm has a constant performance ratio
of &, independent of the number of clusters k.

Clique Partition Algorithm. This algorithm differs from the doubling algorithm
only by its merging stage. Instead of picking clusters at random, and merging them
with every other cluster within distance d, the set of existing clusters becomes the set
of vertices of a graph, with edges connecting any pair of clusters that are closer than
d. A minimum clique partition is performed on this graph, and members of each clique
are merged. A detailed description and solution of the clique partition problem (and
its complement, the graph coloring problem) is presented by Mehrotra and Trick[93].
Although the minimum clique partition problem is NP-hard, solving it may not be too
inefficient for reasonable values of a user’s maximum number of topics k (expected to
be in the tens or single digits). The performance ratio of the clique partition clustering

algorithm was proven to be 6, slightly better than that of the doubling algorithm.
3.23.2 Redundancy Detection

The field of Topic Detection and Tracking (TDT) has been concerned with detecting
novelty [145, 51] —i.e., finding the first occurrence of a document on a new topic. Re-
searchers of Web information agents (and filtering systems) are becoming interested in a
related problem: detection of redundancy. When a large number of relevant documents
1s disseminated from an incoming stream of Web documents, it is increasingly likely
that some of them will be duplicates of each other due to aliasing and mirroring on the
Web. Kelly et al.[74] report that duplicate Web traffic accounts for cca. 36% of data

transferred over the Web. A somewhat harder problem is detecting whether different
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documents make each other redundant. Broder et al.[17] propose a measure of con-
tainment between pairs of documents based on the intersection between sets of n-grams
sampled from each document. This measure can be used to a certain extent to verify
whether a document is a super or subset of another document. Crouch et al.[38] point
out that, in order to be redunant with respect to an earlier document, a new document
must necessarily be similar to it. Their approach for detecting redundancy is based on
Natural Language Processing (NLP), by mapping document text to a knowledge base of
concepts specific to the application at hand (copier machine repair notes, in the authors’
particular application). This approach is hence unlikely to scale up to a general-purpose
redundancy detection system for Web agents.

Carbonell et al.[22] propose “maximal marginal relevance” (MMR) as a measure for
picking out new relevant documents from a set New, which are the least redundant with
respect to already selected documents (Sel) with respect to a profile or query g:

d = argmax {?» (Sim(d,-,q) — (1 —A) max sim(dj,d,-))}
di€New d;cSel
where parameter A allows the user to control focus between maximizing relevance with
respect to the existing profile (A = 1) and maximizing exploration (A = 0). Values of A €
[0.3,0.7] have been found particularly effective in detecting relevant and non-redundant
documents.

Zhang et al.[150] propose several different approaches to redundancy detection.
One is based on TF-IDF similarity: a regular similarity threshold is used to determine
whether two documents are on similar topics, and another (higher) threshold to predict
whether the earlier one makes the later one redundant. The heuristic assumption is that
documents which are too similar are in fact highly likely to be redundant, and that non-
redundant documents on the same topic have pairwise similarities within a range given
by the two thresholds. Another approach is to compute the size of the set difference

between terms appearing in the new document and those from the earlier one, which
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measures the novelty of the new document. The approach using a second dissemination
threshold has an 18% error rate, while the one based on set difference exhibits a slightly

higher, 28% error rate.

3.2.4 Evaluation of Web Information Agents

Individual building blocks of a Web agent can usually be evaluated using automated ex-
periments. For example, the filtering subsystem described in Section 2.4 can certainly
be evaluated using automated experiments as demonstrated at the TREC conferences
[63, 141, 71]. Haveliwala et al.[65], demonstrate the use of the Open Directory Project
(ODP) [102] in the evaluation of various similarity metrics for Web documents. The
ODP is a collaborative effort whereby Web pages on a great many topics are manu-
ally classified into a hierarchy of categories by human volunteers. Documents from
within the same category, or from related categories should be rated more similar by
a metric than documents from different, unrelated categories. Similarity metrics that
give the highest score to pairs of similar documents (selected based on their ODP cat-
egory) should work best in practice. The authors use the derived similarity metrics to
implement “Related Pages” functionality — i.e., to find Web pages that are similar to the
current document being viewed by the user.

However, the overall functionality and usefulness of a Web agent can only be val-
idated by its users. Some of the agents reviewed earlier in this chapter did go past an
evaluation of individual subsystems, and showed results collected from a user study.
For example, WebMate[29] was evaluated by asking users to rate documents collected
in the personal newspaper. Generally, users found that between 50% and 60% of the
collected documents were relevant to their interests. Similarly, Watson[19] asked 10
users to submit one of their papers, and then rate the relevance of documents collected
by the agent based on these papers. 80% of the users indicated that at least one of the

collected documents was useful.
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None of these studies attempted to compute IR-style metrics such as precision and
recall, demonstrating the disconnect that still existed at the time between the Web agent
and IR communities. While it is true that recall cannot be computed in practice (due to
the impossibility of having full a priori knowledge of all relevant documents that should
have been retrieved), precision values could have been easily computed from the data
available to these studies, and would have nicely complemented the supplied results.

A thorough evaluation of a personalized Web agent must deal with several issues.
First, an appropriate corpus must be made available to the agent. If the agent is being
tested on the Web directly, we must deal with the potential lack of adequate knowledge
of document relevance. Finally, the frequency and detail of training solicited from users
must be taken into account. We address these issues throughout the subsequent chapters
of this dissertation, but mainly in Chapter 7, where we present an overall user study of

our QueryTracker Web agent.
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Chapter 4
Lightweight Filtering for Web Agents

Filtering is one of the principal building blocks of our personalized Web information
agent (Figure 1.2). As the agent encounters various documents on the Web, its filtering
component must decide when a document is relevant to the user’s interests. This chapter
describes our efforts to build and optimize a filtering algorithm for use with personal
Web information agents. To be consistent with our design goals outlined in Chapter 1,
filtering must be fast, lightweight, and unobtrusive.

Our desired filter must only maintain an aggregate model of the ideal relevant docu-
ment, and avoid storing past training samples. In other words, we are looking for a fil-
tering algorithm capable of updating its filtering queries incrementally. While physical
storage and disk access time have greatly improved in recent years, managing individu-
ally stored documents would add significant complexity to the design, and should there-
fore be avoided. Also, the filtering algorithm should preferably require only positive
training samples. Requiring negative training poses a potentially significant burden on
the users, requiring them to provide documents that are non-relevant with respect to their
topic(s) of interest, and thus violating our goal of making the system user friendly. We
study the theoretical implications of constructing a filtering query (or user profile), and
the implications of relying on negative (in addition to positive) training in Section 2.3.

We begin by constructing a new filtering algorithm that meets all our requirements

59

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



outlined above in Section 4.1. This algorithm uses TF-IDF vectors as representation for
documents, queries, and user profiles. Only positive feedback is expected, and, there-
fore, a dissemination threshold is associated with the vectors modeling the user profile.
We perform a factorial experiment in which several parameters of the algorithm are
tuned to optimize filtering performance. In Section 4.2, we implement the incremental
clustering algorithms reviewed in Section 3.2.3, to allow automatic learning of users’
topics of interest. This further reduces the obtrusiveness of the system by eliminating
the requirement that users explicitly associate a topic with each relevant training sample
they provide. This is the first empirical study on how much filtering performance is im-
proved by using more advanced clustering algorithms over the simple greedy technique
currently employed by other Web agents. We compare our TF-IDF filtering system with
a Naive Bayes Classifier (NBC) in Section 4.3. NBCs require negative training samples
in addition to positive ones. We examine various techniques that work around the re-
quirement to provide explicit negative training to a NBC, as well as various scenarios
in which a NBC could fit into the design of a Web information agent. In addition to
the NBC, we explore a hybrid TF-IDF based algorithm which uses two vectors to repre-
sent both positive and negative document classes. Finally, we compare these algorithms
and assess their relative merits and suitability for use with a Web information agent in

Section 4.4.

4.1 Implementing and Tuning a TF-IDF Filter

Of all filtering algorithm classes studied in Section 2.3, TF-IDF best fits our design
goals. Vectors representing filtering queries can be maintained incrementally by adding
together all training document vectors supplied by the user during operation. By main-
taining a dissemination threshold associated with the filtering query, we can avoid asking

users for non-relevant training examples.
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This section presents our implementation of such a TF-IDF based filtering system,
along with an experiment used to fine-tune various parameters, such as query and thresh-
old learning rates. Our experiments also measures how gracefully filtering performance

degrades when the available training is limited.

4.1.1 Filtering Algorithm

As documents arrive from the incoming stream, they are first transformed into TF vec-
tors by counting the number of occurrences for each distinct term. TF-IDF vectors are
then obtained by weighing each term by its current IDF value (see Section 2.1).

New documents are compared against accumulated query vectors using the cosine
similarity metric. The similarity between two vectors ranges between 1, when the vec-
tors are perfectly collinear (and thus heuristically considered to be on the same topic),
and O, when the vectors are orthogonal, and have no common terms.

Filtering query vectors (maintained as part of the user profile) generalize topics of
interest to a user. Our algorithm only requires relevant examples to construct a TF-IDF
vector representing each topic (i.e., positive feedback only). In addition to this vector,
each topic entry in the profile also contains a dissemination threshold, the minimum
similarity between the vector of an incoming document and the topic’s query vector
required for disseminating the document. Dissemination thresholds range between [0, 1].
When a new document arrives, its vector is compared to each topic query vector; if the
similarity exceeds the dissemination threshold for at least one topic, the document is
shown to the user.

Filtering algorithms start with profile queries created by converting a description
of each topic into a TF-IDF vector; the vectors are updated based only on feedback
from documents that have been disseminated [71]. Our algorithm starts with an empty
profile. Topics are maintained explicitly by the user; new topic vectors are created from

the first document submitted by the user under a new topic name. The document’s TF-
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IDF vector forms the initial query vector for the topic. When different initial values are
chosen for the dissemination threshold, differences in measurements quickly disappear
after only a few (less than ten) training samples. We therefore conclude that the initial
value is not important, and set it to 0.5, in the middle of its allowable range.

For existing topics, the query vector is learned using a mechanism inspired by rel-
evance feedback [118]. The query vector is initialized to the first submitted training
sample. Both the query vector and the current document vector are always normalized
to eliminate the influence of document length. Before being added to the query vector,
the document vector is also weighted by a query learning rate w which controls how
much influence the original query vector and the new document vector will each have
on the updated query.

Like the query vector, the dissemination threshold also needs to be adapted.
Callan[21] proposes a dissemination threshold that starts low and grows in time to im-
prove precision. The system presented by Zhat et al.[147, 148] features dissemination
thresholds that can both increase and decrease, but the algorithm heavily relies on nu-
merous cached documents to periodically optimize the dissemination threshold.

To keep our filtering system lightweight, we prohibit the algorithm from caching
past document vectors. Keeping around old training samples introduces a storage bur-
den! which might be manageable on a modern workstation, but also causes additional
algorithmic complexities, such as deciding how long to keep such samples around, and
whether to assign less weight to older samples than to newer ones, what weighting
scheme to use, etc. Instead, our threshold tracks the similarity between the original
query vector and the latest feedback document only. We can imagine the original query
vector to be at the center of a “bubble”, with a radius given by the dissemination thresh-

old. If the new feedback document falls inside this bubble, we can raise the threshold

!QueryTracker, one of our testbed systems, encountered approx. 200 documents per topic per day.
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radius = (1— threshold)
radius = (1— threshold)

query
query

feedback document
eedback document

raise threshold for more precision lower threshold for more recall

Figure 4.1: Learning the dissemination threshold

AddDocToTopic(doc, topic)
s = similarity(doc.vector,topic.vector);
normalize(doc.vector);
normalize(topic.vector);
topic.vector + = w-doc.vector;
normalize(topic.vector);
topic.threshold + = o.- (s —topic.threshold);

Figure 4.2: Topic learning mechanism

(shrink the bubble), to improve precision. For feedback documents falling outside the
bubble, we must lower the threshold to improve recall. This process is illustrated graph-
ically in Figure 4.1. Unlike Callan’s method, ours permits non-monotonic changes to
the threshold vector. The learning algorithm, for both the query vector and the dissem-
ination threshold, is presented in pseudocode in Figure 4.2. The pseudocode includes

two critical parameters: w (query learning rate) and o (threshold learning rate).

4.1.2 Performance Evaluation

The purpose of this study is to determine the optimal combination of query and threshold
learning rates, as well as the sensitivity of the filter to the amount of available training.
The experiment proceeds as follows: For each new incoming document, the system
predicts relevance based on the current user profile. The new document is compared to

each internal topic vector, and a record is made when any of the dissemination thresholds
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have been passed. Then, the simulated “user” provides feedback for relevant documents,
which is simulated with the Boolean relevance judgments included with the datasets.
The new document is added to all topics for which it is known to be relevant. Our

independent variables are:

e w—query learning rate that controls how much influence the new document vector
exerts on the updated query. Values below one favor the original query vector. Our

experiments use: 0.1,0.15,0.2,0.25, 0.5, 1.0, 2.0, and 4.0.
e ¢ — threshold learning rate, with values of 0.1, 0.3, 0.5, 0.7, and 0.9.

e U, — the maximum number of training samples for each topic, with values of 5,

10, 20, 30, 40, 50, 60, 70, 100, 200, and = (as many as available).

We use two datasets: the Foreign Broadcasting Information Service (FBIS) collec-
tion, and the Los Angeles Times (LATIMES) collection from TREC disk #5. The FBIS
and the LATIMES collections consist of 48527 and 36330 news articles respectively,
classified into 194 topics which span both datasets. Because the first relevant document
under a topic is used to create an entry for the topic in the user profile, we only use
topics with more than one relevant document, which reduces the total number of topics
to 186.

For each combination of independent variables, we computed recall, precision, their

harmonic mean (HM), and the TREC-8 linear utility functions [71]
LF1 =3RF —2NF

LF2 =3RF —NF
as described in Section 2.4. We compute utility functions in this experiment to ascertain

that our algorithm has performance comparable to other established research in the field.
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FBIS LATIMES
Metric a  w Best Value | o0 w Best Value
Recall 09 0.5 0.511 09 05 0.493
Precision | 0.1 0.5 0.516 0.1 10 0.510

HM 0.1 02 0.453 03 05 0.386
LF1 0.1 05 4533 0.1 10 1012
LF?2 0.1 0.25 8441 0.1 0.25 2097

Table 4.1: Optimal parameter values for each metric

First, we test parameter influence under ideal conditions (all available feedback used,
Usnax = =°). We also evaluate how a filtering algorithm optimized for the “long haul” be-
haves when training is limited to smaller values of U,,,,. Since individual users building
profiles cannot be expected to provide thousands of training samples per topic, it is

important that performance degrades gracefully with limited feedback.
4.1.2.1 Impact of Parameters o and w when U,,,;; = o

A two-way Analysis of Variance indicates that both o and w, individually and jointly,
strongly influence recall (p < 0.00001). Recall is consistently good for values of o > 0.7
and w < 0.5, but strongly decreases outside this region. A surface plot as well as an
ANOVA table for each dataset are shown in Figure 4.3. Performance depends primarily
on o and is close to optimal as long as w is within a range of values. The best parameter
values are in Table 4.1. These values are comparable to the performance of other filtering
systems evaluated at TREC-8 [71], with the caveat that different datasets were used
there, and that the best coefficients for use with TREC linear utility functions are still up
for debate within the filtering research community.

Precision depends strongly on o (p < 0.00001). Precision is highest for the smallest
tested value of oo = 0.1, the most conservative update. The query leaming rate w also
has a significant effect on precision, albeit much smaller (p < 0.01). The best values for

precision seem to occur for w € [0.25, 1.0]. The interaction effects are negligible.
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ANOVA| F p

o 403.36  0.00001
w 142.44 0.00001
ow 27.59 0.00001

a) Dataset: FBIS

ANOVA | F p

o 435.12 0.00001
w 96.07 0.00001
ow 8.43 0.00626

b) Dataset: LATIMES

Figure 4.3: Effects of threshold (o) and query (w) learning rates on recall

precision precision

0.55
0.45
035
0.25

0.55

025 0.5
T A S or Y T T 0.t
01761 0.2 g :__ ______________ alpha 01 0.5 aipha
: T 00 7T
ANOVA| F p ANOVA | F p

o 613.63 0.00001 o 427.54 0.00001
w 9.52 0.00389 w 3.53 0.06824

aw 0.99 0.32598 ow 241 0.12896

a) Dataset: FBIS b) Dataset: LATIMES

Figure 4.4: Effects of threshold (o) and query (w) learning rates on precision

The previous analysis considers recall and precision in isolation, which is clearly
unrealistic for our application. The measures that encompass both recall and precision
(HM, LF1, LF?2) show strong effects of w and o (see Figures 4.5,4.6,4.7). HM and LF'1
show interaction effects. HM shows best performance within the interval, oo < 0.3 and

w <0.5.
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ANOVA | F p ANOVA | F p

o 348.49 0.00001 o 127.47 0.00001
w 209.67 0.00001 w 99.41 0.00001

ow 17.58 0.00017 ow 6.42 0.01574
a) Dataset: FBIS b) Dataset: LATIMES

Figure 4.5: Effects of threshold (o) and query (w) learning rates on HM

ANOVA| F p ANOVA| F p
a 1736.64 0.00001 o 1070.65 0.00001
w 36.18 0.00001 w 10.36 0.00272
ow 6.23 0.01726 ouw 5.06 0.03063
a) Dataset: FBIS b) Dataset: LATIMES

Figure 4.6: Effects of threshold (o) and query (w) learning rates on TREC8 LF1

In conclusion, with unlimited training, the best learning parameters for our algorithm
arew € [0.2,1.0], and a < 0.3 for everything except recall, where values of o > 0.9 give
the best results. Fortunately for our application, there was no statistical difference be-
tween the two datasets; thus, we would expect our best parameter settings to generalize

to other data sets as well.
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ANOVA | F p ANOVA | F p

a 643.15 0.00001 o 426.38 0.00001
w 109.24 0.00001 w 29.97 0.00001

aw 0.11 0.73996 ow 0.99 032714
a) Dataset: FBIS b) Dataset: LATIMES

Figure 4.7: Effects of threshold () and query (w) learning rates on TRECS8 LF2

Having established that the performance of our lightweight algorithm is comparable
to other existing research in the field, we continue our subsequent studies by focusing
on recall, precision, and HM, as they are more established and their meaning is better

understood.
4.1.2.2 Robustness with Less Feedback (U,.x)

The two datasets vary wildly in the number of relevant documents per topic. Histograms
of the distribution of topics according to the number of known relevant documents they
contain are given in Figure 4.8. To determine the effects of limiting training, we had to
focus on topics for which many documents were available. We used the topics in the
fourth quartile of the distributions in Figure 4.8: this includes 36 topics from the FBIS
dataset, with 75 or more known relevant documents, and 36 topics from the LATIMES
dataset, with 31 or more known relevant documents. These topics include the majority
of known relevant documents in our datasets: 7,678 for FBIS, and 2,368 for LATIMES.

We plotted recall, precision, and HM against U,,,, for each combination of o and
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Figure 4.8: Distribution of known relevant documents across topics

w in Figure 4.9. These plots show that the interaction effects between U,,,, and the
two parameters are small for both datasets. Additionally, the effect of Upgy is non-
monotonic, and, while no parameter combination dominates all values of Uy, some
are consistently among the top few.

ANOVA tests indicate that U, strongly influences recall: F = 128.34, p < 0.00001
for FBIS, and F = 36.30, p < 0.00001 for LATIMES. In comparison, the influence on
precision is significant only on the FBIS dataset (F = 47.36,p < 0.00001 for FBIS,
F =1.02,p <0.31 for LATIMES). The U,,,x on HM is significant for both datasets: F =
100.59, p < 0.00001 for FBIS, and F = 31.07, p < 0.00001 for LATIMES. In contrast
to the unlimited updates, limited updates favor high values of o, while w remains in the
same range. This result follows from the need to make the most out of the available
data.

Interestingly, our plots show that very good results can be obtained after as few as
10 updates per topic. After 10 updates per topic for FBIS, we reached 0.4489 recall and
0.4501 precision, resulting in 0.4495 HM at oo = 0.9 and w = 0.5 (99% of the value
at Uygx = o0); LATIMES showed 0.4055 recall, 0.3818 precision, and HM of 0.3933

(102% of the value at Uy = <= in Table 4.1, which suggests a slight overfitting when
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Figure 4.9: Influence of U, on recall, precision, and HM for combinations of o and
w. These plots are intended to convey general, common trends across the studied topics.

more training is supplied), at o = 0.7 and w = 1.0. As an example, Figure 4.10 displays

the surface plots of HM at U, = 10 and U,,,, = . Both data sets exhibited similar

performance, and therefore we expect these results to generalize for other data as well.
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a) Dataset: FBIS b) Dataset: LATIMES

Figure 4.10: Influence of U4, on HM for the FBIS dataset

Performance seems robust within a relatively wide interval of parameter values. Im-
portantly for our target application, it turns out that the algorithm is robust against lim-
ited training information; we observe a slow degradation in performance as the amount
of feedback was reduced down to 10. When used in a Web information agent, we ex-
pect our algorithm to be trained with up to 10 or 20 positive examples per topic. In

consequence, the algorithm must start out with a large threshold learning rate.

4.2 Automatically Learning Implicit Topics

The filtering algorithm introduced in the previous section does not deal with the manage-
ment of user’s topics of interest. It defaults to the most straightforward option, which is
to expect users to completely control the creation and maintenance of their topics. Each
time the user provides a training document, it must be accompanied by the identifier of a
topic for which it is relevant. This topic will be updated if it exists already, or otherwise
newly created.

Unfortunately, the maintenance of a user profile containing explicit topics can be-
come burdensome, and therefore violates our design requirement for unobtrusiveness.

Therefore, in a departure from the methods employed for text filtering, authors of per-
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sonal information agents usually choose to automate the maintenance of the user profile.
Under this paradigm, there is no longer a strict mapping between the components of the
user profile and a user’s designated topics of interest. For example, WebMate[29] only
requires the user to indicate when a document is interesting, without the need to provide
a specific topic. An incremental clustering algorithm is used to automatically select the
component of the user profile (pseudo-topic) that will receive the update.

In this section, we implement two incremental clustering algorithms proposed by
Charikar et al.[26] (described in Section 3.2.3): Greedy and Doubling. We use these
algorithms with our filtering system to automatically learn and maintain users’ topics
implicitly, and compare the performance tradeoffs between the original and modified

filtering systems.

4.2.1 Incremental Clustering Methods

Incremental clustering algorithms typically set an upper limit £ on the number of al-
lowed clusters. Periodically, clusters must be merged to maintain the established limit.
The merging operation acknowledges that two clusters may have moved close enough
together to be better captured as a single generalization. Established clustering algo-
rithms usually assume that clusters are represented by their center of mass and a diame-
ter. When clusters are merged, the new center of mass is computed from all points now
contatned in the resulting cluster, and the diameter is set to the distance between the two
points in the cluster that are the farthest apart.

In order to adapt this principle to TF-IDF vectors, when two clusters are merged
in our implementation, the query vector becomes the sum of the two original query
vectors, weighted by their mass (the number of points contained in each original cluster).
The same is true for the dissemination threshold, which is set to the weighted sum of
the dissemination thresholds of the original clusters. This operation is described in

Figure 4.11. Note that if the second cluster involved in the merging operation consists
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MergeClusters(cl1,cl2)
if(cl2_npoints) is 1 then
AddDocToCluster(cl2,cl1);
return(cl1);
else
normalize(cl1 vector);
normalize(cl2_vector);
newcl _vector = cll_npoints - cll vector+
cl2_npoints - cl2 vector;
normalize(newcl vector);
newcl threshold = (cl1_npoints - cl1 threshold+
cl2 npoints - cl2 threshold)/
(cll_npoints + cl2_npoints);
newcl_a.= (cll_npoints-cll_ o+
cl2_npoints-cl2_ o)/
(cl1_npoints + cl2_npoints);
newcl_npoints = cl1 _npoints + cl2 _npoints;
return(newcl);

Figure 4.11: Merging two clusters

of a single point, we consider this to be a document addition to the first cluster. The
merging thus defaults to the AddDocToCluster procedure from Figure 4.2, described in
the previous section.

The following paragraphs describe the three filtering systems in this study: Explicit
Topic Feedback (XPL), using the Greedy Algorithm (GRD - standard practice with
other existing Web agents), and the Doubling Algorithm (DBL - theoretically shown to
outperform DBL).

Explicit Topic Feedback (XPL). Our baseline is given by the unmodified filtering
algorithm described in the previous section. Explicit topic IDs accompany each (positive
only) training sample. One cluster is maintained for each distinct topic ID and is initial-
ized to the TF-IDF vector of the first training sample provided for that topic. Subsequent
documents are added to the topic vector with a query learning rate w, and the dissemina-

tion threshold (initialized to 0.5) is updated with a learning rate o. This method serves
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FeedbackGRD(document )
cluster[k + 1] = newcluster(document );
(i, j) = closest two clusters, with i < j;
newcl = MergeClusters(cluster][i], cluster|j]);
delete(clusterli]);
delete(cluster|(j));
insert(newcl);

Figure 4.12: Agent feedback using greedy incremental clustering

as an example for the best performance that could be achieved, even though we do not
view it as ultimately viable for Web information agents, due to its excessive requirement
for user interaction. Pseudocode for this algorithm was given in Figure 4.2.

Greedy Algorithm (GRD). This algorithm initially assigns each of the first k doc-
uments offered as feedback to its own cluster. Once k clusters have been formed, each
new document is treated as the (k+ 1)st cluster, and the algorithm then proceeds to
merge the closest two clusters in order to bring the number of clusters back to k. Thus a
new document may be placed in an existing cluster or may form its own cluster forcing
existing clusters to merge. The pseudocode for this algorithm is in Figure 4.12. This is
the simplest of the two incremental clustering algorithms in our study, and captures the
current practice in personal WWW agents (e.g., WebMate [29]).

Doubling Algorithm (DBL). As with greedy clustering, initially, each feedback
document, up to the kth, is placed in a separate cluster. Once the limit of k clusters
is reached, the algorithm enters a merging stage, during which multiple clusters may
be combined together. Merging stages alternate with update stages, during which new
training samples are either added to existing clusters, or lead to the creation of new ones,
eventually forcing a new merging stage.

Merging is based on a distance threshold d, which is periodically increased accord-

ing to two parameters, a and b. When the number of clusters first exceeds k, d is initial-
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FeedbackDBL(doc)
i = closest cluster to doc_vector;
if dist(cluster[i] _vector,doc_vector) < a-d then
AddDocToCluster(doc, cluster]i]);
else
insert newcluster(doc);
while number of clusters > k do merging stage :
d=b-d;
build graph G: for all pairs (i, j) do
if dist(clusteri] vector, cluster|j| vector) < d
then connect i and j;
repeat
pick arbitrary node n in G;
foreach neighbor m of n do :
MergeClusters(n,m);
disconnect node m from G;
disconnect node n from G;
until empty(G);

Figure 4.13: Agent feedback using doubling incremental clustering

ized to b times the distance between the closest two clusters. The subsequent merging
stage combines groups of clusters that are separated by a distance less than the current
value of d.

During an update stage, a training document is added to an existing cluster if the
distance between their TF-IDF vectors is less than a - d, or else it forms a new cluster.
After each feedback document is inserted, the algorithm checks whether the number of
clusters exceeds k, and, if so, executes another merging stage. Before each merging
stage, d is multiplied by b. Typically, a and b are set to 2, hence the name doubling
algorithm. The pseudocode for this procedure is presented in Figure 4.13. Because the
threshold is b times the known minimum, several pairs of clusters may be merged during
the process.

The doubling algorithm was originally developed for points in a metric space [26],

and therefore it assumes that the distance between two points can take values anywhere
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in the interval [0, o). However, for IR applications such as this, we compute similarity
between two TF-IDF vectors using the cosine measure, which ranges from O for dissim-
ilar to 1 for a perfect match. Therefore, for our application, we convert similarity into
distance using the following formula:

1
dist(vectorl,vector2) = —— -1
similarity(vectorl,vector2)

which maps a similarity of 1 to a distance of 0, and a similarity of O to a distance of ee.
This algorithm has been theoretically proven [26] to perform better than the greedy
algorithm (by building tighter clusters). The metric used was the performance ratio of
the incremental algorithm, which is the ratio of its maximum cluster diameter to that
of the optimal clustering for a given set of points. The doubling algorithm is proven to
have a performance ratio of 8, whereas the greedy algorithm has a performance ratio of
(2k — 1), which degrades with the number of clusters. Thus, we include the doubling
algorithm in the set because it would appear to offer a superior alternative to current

practice.

4.2.2 Empirical Evaluation of Incremental Clustering
Our study is intended to answer the following questions:

e Does filtering performance suffer when the topic information associated with

training documents is unavailable ?

e Which of the two proposed incremental algorithms (GRD or DBL) performs better

in practice, and how can it be optimized?

e How does performance degrade when the amount of feedback is limited?

We present a factorial experiment for each of the three algorithms described above
(XPL, GRD, and DBL), computing recall, precision, and HM. The following indepen-

dent variables are used:
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e Datasets: FBIS and LATIMES

e Query learning rate w: the weighting factor by which document vectors are scaled
before being added to a cluster’s query vector. Sub-unit values of w are used to
assign more weight to the original cluster’s query vector, whereas values greater
than one are used to favor the new document vector. This parameter controls the

relevance feedback process.

e Threshold learning rate o and decay factor 8: XPL, GRD, and DBL all feature
dissemination thresholds that track the cluster’s similarity to the latest feedback
document with a decaying learning rate. Both o and § are allowed values in the
interval [0, 1]. Using information from earlier pilot experiments we decided to use
o = 1.0 when varying 8, and & = 1.0 when varying o (i.e., it only makes sense to

start with a high o when using decay).

e Maximum number of allowed clusters k: applicable to the incremental clustering

cases (GRD and DBL) only.

e Doubling algorithm settings: a, b: Parameters only applicable to the doubling

algorithm (see Figure 4.13).

In addition to the variables used previously for our filtering experiment (see Section 4.1),
our threshold learning rate o is now allowed to decay with a factor 8. We also added k,
the maximum number of allowed clusters for GRD and DBL, as well as doubling pa-
rameters a and b for DBL. Value sets for these parameters change as we move from one
experiment to the next, focusing on value ranges which are found to be more promising

with respect to performance.
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4.2.2.1 Explicit Topics vs. Incremental Clustering

Our first question is whether automatically learning topics using incremental clustering
is detrimental to filtering performance as compared to XPL, where clusters are provided
explicitly by the user. While convenient, incremental clustering has the potential to
negatively impact the agent’s filtering performance. To find out just how much perfor-
mance is lost, we compare our explicit-topic algorithm (XPL) with GRD and DBL. Our

independent variables (introduced above) are given the following values:
e Datasets: FBIS and LATIMES.
e we {0.1,0.15,0.2,0.25,0.5,1,2,4}.
e 00€{0.1,0.3,0.5,0.7,0.9} with & = 1.0, and oe = 1.0 with § € {0.1,0.5,0.9}.

e For GRD and DBL, k € {10,20,30,40,50}. Since topics are provided explicitly

by the user, & is not applicable to XPL.
e For DBL only, a,b € {1.5,2,3}.

When comparing XPL against GRD and DBL, which both use incremental clus-
tering, we compute XPL’s metrics the same way as if it had also been an incremental
clustering algorithm: A document is added to RF if it was judged relevant to any topic
and XPL found it relevant under any topic, even if the topics don’t match. If a document
judged relevant under any topic is not found relevant by XPL under at least one topic,
RM is incremented instead. NF is incremented when a document with all non-relevant
judgments is found relevant by XPL under any topic.

When measuring HM for each of the three algorithms, across all combinations of
the other parameters, we obtain the results given in Figure 4.14. We use two-sample
t-tests to compare the algorithms against each other. As expected, XPL is better than

both GRD (¢ = 3.9425, p < 0.0001) and DBL (¢ = 7.0205, p < 0.0001). Surprisingly,
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Algorithm Best HM Mean HM  Std. Dey.
XPL 0.4586 0.2932 0.0817
GRD 0.3726 0.2652 0.0714
DBL 0.4257 0.2062 0.1397

Figure 4.14: Best and mean HM, and standard deviation for XPL., GRD, and DBL

GRD seems to have better average performance than DBL (r = 10.546, p < 0.0001).
However, DBL has a best value that comes very close to the best value of XPL, and
a much higher variance than both of the other algorithms. We suspect this variance to
be caused by our choice of values for the doubling parameters a and b. A two-way
ANOVA with a and b as the independent variables, and HM as the dependent, indicates
that both a and b have strong influence on HM: F = 44.629 for a, F = 4698.292 for b,
and F = 41.789 for their interaction effect, all three with p < 0.0001. Looking at the
box plot of HM versus a and b in Figure 4.15, we observe that runs with b = 1.5 cause
a steep degradation in performance.

Once all runs with b = 1.5 are discarded, the HM results for DBL have a mean of
HM = 0.2940 and 6 = 0.0714. The average is slightly better and the variance tighter
than even those of XPL, while the samples are statistically indistinguishable (t = 0.1178,
p =0.9063). Without being hampered by a bad parameter setting (b = 1.5), DBL clearly
beats GRD (r =9.0205, p <0.0001). Also, re-running the two-way ANOVA shows that
neither a nor b have a significant effect on HM.

We now have empirical verification of the theory presented by Charikar et al. [26],
that DBL clearly outperforms GRD in terms of clustering, leading to better filtering
performance. In some situations, the performance obtained by DBL can even equal that

of XPL.
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Figure 4.15: Influence of the Doubling algorithm (DBL) parameters a and b on HM

4.2.2.2 Optimizing DBL

So far, we have shown that DBL’s performance approaches that of XPL, without asking
users to provide explicit topic labels for feedback documents. We now proceed to find
the optimal settings DBL’s parameters (w, Q., k, a, and b).

First, we split our dataset on DBL into two components: one for decaying a. (i.e., ot is
always initialized to 1.0 and we vary the decay J), and another for non-decaying o (i.e.,
we vary o and keep & constant at 1.0). A two-sample t-test on the two subsets (¢ = 3.023,
p <0.01) shows that runs with non-decaying o have a slightly better average HM =
0.2968 and less variance 6 = 0.0723 than runs with decaying & (average HM = 0.2892,
6 = 0.0794). However, the best run is obtained using decaying oo (HM = 0.4257); the
best run using fixed o has HM = 0.4189. A box plot of HM for each of the two subsets

is given in Figure 4.16.
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Figure 4.16: Box plots of DBL’s HM, comparing performance of decaying vs. fixed o

Using ANOVA studies, we find that & has a strong individual effect (but no interac-
tion effects) on HM, both for decaying o (F = 21.4027, p <0.0001), and for fixed o
(F =23.3866, p <0.0001). A graphical representation of these effects is given in Fig-
ure 4.17. From both graphs, it appears that an upper limit of k£ = 30 clusters seems to be
enough to optimize DBL’s performance. This emphasizes an added benefit of DBL over
XPL: in addition to not requiring explicit topics from the user, DBL reduces memory
use, by tracking up to 30 clusters at a time, rather than 194 explicit topics.

When using decaying a, the decay J has a very strong individual effect on HM (F =
93.64454, p < 0.0001), and also an interaction effect together with the query learning
rate w (F = 7.53013, p < 0.01). The individual effect of w on HM is almost negligible
(F =3.62280, p = 0.0572). We plot the influence of & and w on HM in Figure 4.18.
Evidently, slow decay (8 = 0.9) is better, and w should be between 0.2 and 0.5.

When fixed o is used, both o and w have significant individual effects on HM:
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Figure 4.18: Influence of decay d and query learning rate w on DBL’s HM

F =75.3278, p < 0.0001 for o, and F = 48.9528, p < 0.0001 for w. No significant

interaction effects could be found. Plots of this behavior are available in Figure 4.19.

Small o and w between 0.2 and 0.5 lead to the best performance.

In conclusion, when using DBL on filtering problems with a relatively large number
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Figure 4.19: Effects of o (a) and w (b) on DBL’s HM

of topics (we analyze DBL’s behavior for a smaller set of topics in our next experiment),
a small fixed o or a slowly decaying one are preferable. The query learning rate w
should have values between 0.2 and 0.5. Our best result with DBL was HM = 0.4257,
obtained with initial &« = 1.0, 6 = 0.9, w = 0.2, a =3, b = 2, at k = 30 on the FBIS
dataset. Our best non-decay result was HM = 0.4189, obtained with o = 0.1, 3 = 1.0,
w=0.2a=3,b=23,at k=50, also on FBIS.

4.2.2.3 Influence of Limited Feedback on DBL

In our previous experiment we optimized the performance of DBL filtering assuming
feedback after every disseminated relevant document. While significantly less obtrusive
than XPL, we would like the filtering component of our Web agent to perform well after
a limited number of relevant training samples. We first test the behavior of DBL under
limited feedback in the presence of the entire dataset, and then proceed with a small
subset of topics in an attempt to simulate the behavior of a single user.

Limiting the Total Amount of Feedback on the Full Dataset. First, we examine
the effects of limiting the total number of feedback instances on performance for the
entire dataset. To save time, we restrict the range of parameters to known good values, as

determined in the previous subsection. An extra parameter Uy, controls the amount of
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feedback updates received by the algorithm. Since relevant documents on all monitored
topics are scattered uniformly throughout the document collections, we simply limit the
total number of documents which can be supplied as training examples to the algorithm,
and expect that subsequent documents be identified correctly without further training.

The parameter values used in this experiment are:

o Datasets: FBIS and LATIMES.

w € {0.2,0.25,0.5}.

e o0=0.1 withd=1.0,and o« = 1.0 with 8 = 0.9.

k € {20,30,40,50}.

a€ {1.5,2,3},b€{2,3}.

Unmax € {500,1000, 1500,2000,2500,3000,4000, 5000, 6000, 7000,8000,9000};
Since LATIMES has 3297 relevant documents, any value of Uy, of 4000 or more
amounts to unlimited feedback. Same goes for FBIS and its 8544 relevant docu-

ments for Uy, = 9000.

When only the best combinations are used for decaying and fixed o respectively,
the decaying version scores slightly better (+ = 4.8044 at p < 0.0001) at mean HM =
0.3050, maximum HM = 0.4257, and ¢ = 0.0706 than the fixed o version, at mean
HM =0.2917, maximum HM = 0.4198, and 6 = 0.0740. In addition, an ANOVA study
with HM as the dependent shows strong influences from w (F' = 18.5182, p < 0.0001),
and k (F = 12.1850, p <0.001). The best values for these parameters (which optimize
HM) are w = 2 and k = 30.

When restricting our focus to the FBIS dataset (it has more than twice the number
of known relevant documents present in LATIMES), U, is found to have both a direct

influence on HM (F = 2766.415, p < 0.0001), as well as a strong interaction effect
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with the threshold learning mechanism (F = 68.493, p < 0.0001). The boxplots of HM
for each value of Uy, and each of the two mechanisms for learning the dissemination
threshold are presented in Figure 4.20. It can be observed that for decaying o, perfor-
mance decreases gracefully when the amount of feedback given by Uy, is decreased.
For LATIMES, the situation is similar: F = 1405.667, p < 0.0001 for the direct effect
of Upax on HM, and F = 42.478, p < 0.0001 for the interaction effect of U,,,, and the
threshold learning mechanism.

From Figure 4.20 we observe that HM increases approximately logarithmically with
the amount of feedback. For instance, with decaying @ on FBIS, the average HM ob-
tained at Uy,q = 3000 is cca. 90% of the average HM at Uy, = °o. More importantly,
best HM values degrade even more slowly when U,,,y is limited.

Per-Topic Limits in Simulated Single User Study. For our second study, we sim-
ulate the behavior of a single user, who is expected to have a smaller number of topics
of interest. We picked nine topics randomly from the FBIS dataset (which contains a
total of 194 topics), with the only requirement that the number of relevant documents
be between 90 and 110 for each topic. We simulate a user who would be interested in
these topics, willing to provide a limited amount of feedback for each topic, and then
expect the agent to find the remaining relevant documents. Our “user” is aware of the
nine topics and is only willing to give feedback to the agent on the first U,,,, documents
encountered on each individual topic. Internally, DBL is still free to maintain clusters

the way it sees fit. The parameter values used in this study are:

e Datasets: subset of 9 topics selected from FBIS (with 90 to 110 known relevant
documents each; known non-relevant documents were used in the computation of

the results, but not in the selection of the dataset).
e we {0.2,0.25,0.5}.
e 00=0.1 withd=1.0, and o« = 1.0 with § = 0.9.
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Figure 4.20: DBL’s HM by o learning mechanism and by amount of feedback Uy,
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Figure 4.21: Effects of the learning mechanism and Uy, on DBL’s HM (single user
study)

e k€{4,5,6,7,8,10,15}.
e ac{15,2,3},be {23}
o Upax € {1,2,3,4,5,6,7,8,9,10,15,25,50,75,100}.

We observe that decaying o favors moderate amounts of feedback, whereas extensive
feedback works best with fixed a. Also, fewer clusters work best with moderate feed-
back, whereas more clusters help optimize performance with extensive feedback.
Using ANOVAs with HM as the dependent variable, we observe that the parame-
ters with strongest effects are the learning mechanism (F = 832.327), query learning
rate w (F = 72.658), cluster limit k (F = 30.586), and the amount of feedback U,
(F =3201.379), all at p < 0.0001. There are also interaction effects between Uy, and

the learning mechanism, and between U,,4, and the cluster limit k. As with our previous
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Figure 4.22: Effects of the cluster limit k& and U,,4, on DBL's HM (single user study)

experiments, the optimal query learning rate is w = 0.2. We present box plots of the
effects on HM of the combination between Uy, and the learning mechanism in Fig-
ure 4.21 and of the combination between Uy, and & in Figure 4.22. The discontinuities
present in the graphs are most likely caused by topic drift and/or overtraining, followed
by an adaptation of the user profile if more training is made available.

We conclude that an incremental clustering algorithm of good quality (such as DBL
— the doubling algorithm) can learn topics automatically such as to yield comparable
performance to an explicit algorithm where users provide the topics. Thus, the conve-
nience of using a Web information agent may be significantly improved. Also, after
analyzing the effect of various parameters on the performance of DBL, we find several
parameter combinations that optimize filtering performance as measured by HM, the
harmonic mean of precision and recall. Last, but not least, HM performance degrades

gracefully when reducing the amount of training samples supplied to DBL.
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4.3 Advantages of Negative Feedback

We started out by using TF-IDF vectors to represent user profiles, because, in combi-
nation with a dissemination threshold, they allow the user to avoid having to provide
negative feedback (see Figure 2.1a). How much could performance be improved if
restrictions against negative feedback were lifted? We compare our TF-IDF filter pre-
sented earlier [129] against the Naive Bayes Classifier (NBC) with Expectation Max-
imization (EM) [101], which is another popular method used in both IR/filtering and
machine learning, and which, by design, requires both positive and negative training
samples (see Figure 2.1b).

We also present a new method that is a variant on NBC. Inspired by the method for
automatic selection of pseudo-negative training samples used by Liu et al.[86] (see Sec-
tion 2.3.2.2), our version does not require explicit negative feedback. With this version,
we can assess whether negative feedback is worth the additional user effort. While all
methods are capable of achieving good performance, we find that each incurs a differ-
ent penalty with respect to our requirements. TF-IDF requires more training than NBC,
which in turn requires negative training samples. The version of NBC modified to elim-
inate explicit negative feedback requires storage of previous training documents. We
show how each method behaves When the amount of training is limited: while precision
remains relatively constant (between 0.4 and 0.6) for all methods, their overall HM per-
formance is dictated by recall. While methods using Bayes start out with recall above
0.6 after as little as 50 positive training samples, it takes the more performant TF-IDF
based methods at least three times as much training to achieve comparable recall.

Finally, we briefly present the results of a user study on QueryTracker showing that
if users are willing to provide negative feedback, filtering performance significantly
improves. The study also shows that combining filtering decisions by disseminating

based on either NBC or TF-IDF leads to improved recall.
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Topic | Relevant Non-rel.  Position of

No. | Documents Documents medianrel. Dataset
189 584 695 62595 FBIS
301 339 433 50695 FBIS
354 175 715 64424 FBIS
374 109 315 58943 LATIMES
422 98 840 70875 LATIMES
426 145 626 67988 LATIMES

Table 4.2: Topics used in TF-IDF vs. NBC comparison

4.3.1 Comparing TF-IDF and the Naive Bayes Classifier

For each dataset, we picked the topics with the best balance between relevant and non-
relevant documents. The topics include low, medium, and high numbers of relevant
documents from each of the two collections. Relevant documents are distributed uni-
formly throughout the collections. The topics are shown in Table 4.2

For each topic and method, a profile is built from the first half of the available rele-
vant documents (up to and including the median relevant document). Once the position
of the median relevant document is reached in the document stream, the remaining doc-
uments are used to test the filtering performance of the profile. Similarly to the previous
sections in this chapter, we use the harmonic mean of precision and recall (HM) to
evaluate filtering performance. The slight differences in evaluation methodology are

required to allow for a fair comparison between TF-IDF and Bayes filtering systems.

4.3.2 TF-IDF Results

We use the TF-IDF filtering system and parameter settings derived in Section 4.1. The
only additional variation introduced in this experiment is a more detailed exploration
of the dissemination threshold learning mechanism. In addition to the adaptive leamn-
ing rate o used earlier, we explore setting the threshold at a fixed fraction between the

similarities of the documents which were most, and least, similar to the user profile,

90

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



06 —|

04 —

0.2 —

0.0 —

adapt minmx
method

Figure 4.23: Discrepancy between average and best results for adaptive and min-max
on HM across all parameter settings

respectively. The latter method will be referred to as min-max, and the parameter con-
trolling where the threshold is set will be named fraction. The motivation behind trying
to set the dissemination threshold to a fixed value is to verify how well adaptive thresh-
old learning approaches the values (and filtering performance) of a system that benefits

from the “hindsight” of knowing the distance range of all its relevant training samples.
4.3.2.1 Comparing Thresholding across All Parameters

In this experiment, we assess the impact on each thresholding method described above
(adaptive and min-max) by its thresholding parameter (learning rate and min-max frac-
tion, respectively). This first experiment is exploratory in nature, as we search over a
wide range of values for the regions where each parameter optimizes performance.
Both adaptive learning rate and min-max distance fraction are given values in the

interval [0.05..0.7], in 0.05 increments. A two-sample t-test of the results yields ¢ =
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Figure 4.24: Effects of min-max fraction on HM performance across all other parameter
settings.

5.642, p < 0.0001, showing that adaptive results are better on average than min-max
results (adaptive mean HM was 0.369, min-max mean HM was 0.275). However, the
best value for min-max exceeds the best value for adaptive (as shown in Figure 4.23).
This suggests that the range of the min-max fraction parameter that leads to optimal min-
max HM performance is different, possibly narrower, than the range for the adaptive
learning rate that optimizes adaptive HM.

A one-way ANOVA on min-max HM results by min-max fraction shows significant
effects (F = 122.921, p < 0.0001). A box-plot of HM by min-max fraction is shown in
Figure 4.24. The variability is caused by difference in performance across the multiple
topics. Over this range of the min-max fraction parameter, the performance decreases
almost linearly, with a slight reduction at the lowest value. This suggests that min-max

may be optimized by a value even smaller than 0.05.
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Figure 4.25: Effects of learning rate on adaptive HM performance across all other pa-
rameter settings

A one-way ANOVA on adaptive HM results by learning rate also shows significant
effects (F = 9.980, p < 0.0001). A box-plot of HM by learning rate is shown in Fig-
ure 4.25. The performance variability is much smaller over the range of learning rates,
which explains why adaptive results were better on average than min-max ones. The
best adaptive results occur for a learning rate of 0.1, again, a relatively low, conservative
value, consistent with the results from Section 4.1.

When we pick the best empirical min-max fraction (0.05) and the best adaptive
learning rate (0.10) and compare results only on these restricted data sets, min-max
obtains better performance (mean HM = 0.501) than adaptive threshold learning (mean
HM = 0.438). However, the difference is not significant; a two-sample t-test yields

= 1.625, p <0.118.
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Figure 4.26: Effects of learning rate on adaptive HM performance (narrower parameter
range)

4.3.2.2 Comparing Thresholding on Focused Parameter Settings

The previous experiment suggests that min-max may outperform adaptive learning given
the right parameter setting. We repeat the experiment, this time using a narrower range
focused around values of min-max fraction and adaptive learning rate which respectively
optimized performance in the previous experiment. Both parameters will take values in
the interval [0.01..0.15], with 0.01 increments. This experiment should be viewed as a
“zoom-in” operation on the behavior of our algorithms over the parameter value ranges
that did well the first time around.

For the adaptive method, the learning rate over the interval of lower values also has
a significant effect on HM (F = 36.091, p < 0.0001), as shown in Figure 4.26. The
learning rate leading to the best mean HM performance (0.446) seems to be 0.09.

For min-max, the distance fraction over the interval of lower values also has a sig-
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Figure 4.27: Effects of min-max fraction on HM performance (narrower parameter
range)

nificant effect on performance (F = 10.911, p <0.001), as shown in Figure 4.27. Best
results (HM = 0.509) are obtained when the distance fraction between least and most
similar feedback documents is set to 0.04.

A comparison of the two methods shows that min-max clearly outperforms the adap-
tive method (both mean and max value is higher for min-max, as shown in Figure 4.28).
A two-sample t-test on the HM performance of min-max vs. adaptive yields t = 6.065,
p <0.0001. Clearly, storing documents and using the benefit of hindsight to set the dis-
semination threshold to a fixed value allows min-max to outperform adaptive threshold

learning.
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Figure 4.28: Comparison between adaptive and min-max methods over a more relevant
range of learning rates and min-max distance fractions

4.3.2.3 Analysis of Results

Although the best min-max settings outperform the best adaptive thresholding, the min-
max method requires the availability of all of the feedback documents, stored as TF-IDF
vectors. Should that not be the case (e.g., due to storage constraints), we need to fall
back on adaptive threshold learning. To figure out just how much of a performance hit
we should expect in such a situation, we compared the best adaptive run (at learning rate
0.09) to the best min-max run (at distance fraction 0.04). A two-sample t-test across the
quertes yields ¢ = 1.813, p = 0.084, which is perhaps marginally significant. The results
are presented graphically in Figure 4.29 (two leftmost bars); the means differ, but the
variance is about the same for both, suggesting that performance of both vary somewhat
with queries. The low value of the min-max fraction (0.04) suggests that recall is much

more sensitive to this parameter than precision.
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Figure 4.29: HM, precision, and recall for best runs of adaptive and min-max. X-labels
consist of metric, filtering method (min-max or adaptive), and the value of either o (for
adaptive) or distance fraction (for min-max).

To assess the amount of training required, we plot the evolution of the threshold
after each new known-relevant document was added to the profile for a subset of the
studied topics. Rather than stopping after exhausting the training samples, we continue
adjusting the threshold and plotting its value until the end of the corpus was reached.
The results are shown in Figure 4.30. Note that graphs for each topic have different
lengths on the x axis, reflecting different numbers of positive training samples.

Adaptive thresholds fluctuate within ranges specific to each topic. Min-max thresh-
olds quickly stabilize after approximately 25 positive training examples with only minor
changes after that. Interestingly, for all topics, min-max thresholds end up in a narrow
range in the proximity of 0.1. This stability suggests that we may not need to learn min-

max thresholds at all, and instead simply use TF-IDF with a hard-coded dissemination
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Figure 4.30: Dissemination threshold for topics 189, 301, and 354: a) best adaptive o =
0.09, and b) best min-max ratio = 0.04

threshold of 0.1. This situation is common across all six of the topics we used. If hard-

coding the TF-IDF dissemination threshold proves viable outside of our tested topics, it

would eliminate the need to store the document vectors.
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As expected, due to higher thresholds, the adaptive results have better precision than
min-max, but min-max has better recall (see the last four bars in Figure 4.29.) Precision
for min-max degrades less due to its lower threshold than recall degrades for adaptive
thresholds due to its higher threshold. When combined, the HM values for min-max
are better than those for adaptive thresholds, mainly due to min-max maintaining and
leveraging more information in the form of explicitly stored training samples used to set

the dissemination threshold.

4.3.3 NBC Results

We implement the Naive Bayes Classifier in order to test how much of a performance
penalty we incur with TF-IDF by not requiring users to supply negative training. Since
an NBC profile mainly consists of conditional probability values associated with terms
in the vocabulary, we first test whether we should limit the vocabulary to terms occurring
in labeled training samples only, or whether it would be advantageous to use all terms
encountered during training, just like using such terms helps build better corpus-wide
statistics for TF-IDF (e.g., the IDF component). Then, we consider a new filtering

algorithm based on the NBC, which does not require explicit negative feedback.
4.3.3.1 Limiting Vocabulary to Labeled Training Samples

Some documents in the TREC test collection have no relevance judgments for any of the
existing topics. With TF-IDF, including these documents into the IDF corpus-wide cal-
culations helps gain a better overall view of the collection, and improves performance.
We are interested in determining whether this still holds true for NBC: in other words,
does including terms occurring only in unlabeled documents into the vocabulary help or
hurt the filtering performance of a Bayesian classifier?

A paired t-test between profiles using all terms from the training set on one hand and

profiles using only terms from the labeled training samples on the other, resulted in ¢ =

99

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



0.8

0.6

04 -

HM

0.2

0.0

T T

all docs labeled only

Figure 4.31: Impact of restricting vocabulary to labeled training samples on NBC’s
filtering performance

5.596, p < 0.0001. The mean and standard deviation were 0.27 and 0.32 for all terms,
and 0.56 and 0.16 for terms from labeled training samples only. Clearly, including terms
from the unlabeled training documents decreases performance, as shown in Figure 4.31.

The worst effects are observed on topic 354 from the FBIS corpus and all three topics
from LATIMES. The differences in performance coincide with the fact that the affected
topics have several times more labeled negative training samples than labeled positives
(715 and 175, respectively). Considering the computation underlying NBC, we recall
that the conditional probability of a term ¢ given class C (where C is either the positive

or the negative class) is:
occurrences(t) + 1
npos(C) +nterms

p(|C) =

where occurrences(t) is the number of times # shows up in class C, npos(C) is the num-

ber of word positions in class C, and nterms is the total number of terms in the vocabu-
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lary. Terms that do not show up in the labeled examples will have occurrences(t) =0,

and their conditional probabilities will all be equal to:

1
npos(C) + nterms

p(tlC) =
When the negative class contains many more documents than the positive class, we have
npos(—) > npos(+), and, as a consequence, p(t|+) > p(t|—) for all terms ¢ that do not
appear in labeled training samples. Since we know that:

Y plo)=1

t

it follows that all those terms that never appear in labeled training samples will diminish
the conditional probabilities of those terms that do, and, moreover, diminish the con-
ditional probabilities given the positive class more than those given the negative class.
This process is illustrated in Figure 4.32. The net effect of this phenomenon is a signifi-
cant decrease in recall for the affected topic: the probability of a document belonging to

the positive class, as perceived by the algorithm, is diminished.
4.3.3.2 Need for Negative Feedback

One of the desirable characteristics for a filtering algorithm used with a Web information
agent is that negative feedback should not be required. We implemented a simplified
version of S-EM [86] (described in Section 2.3.2.2) which requires only positive samples

to be labeled within the training set, as follows:

1. Assume all unlabeled training documents are negative, and build an initial NBC

based on this assumption.

2. Classify all unlabeled training documents using the classifier in Step 1, and sort

them according to the difference in their conditional probabilities:
A = [p(doc|—) — p(doc|+)]
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Figure 4.32: Effects of adding terms from unlabeled training samples on conditional
probabilities of existing terms

3. Pick the npdocs unlabeled documents with the largest A, where npdocs is the
number of labeled positive documents. Use these documents as pseudo-labeled

negatives.

4. Using the labeled positive and pseudo-labeled negative training samples, build a

new NBC.

5. Optionally, use EM[101]: classify the rest of the unlabeled training samples, and

rebuild the NBC once again.
6. Test the final classifier on the test documents.

This algorithm is based on the assumption that the unlabeled documents are mostly neg-
ative. If we stopped after Step 1 of the algorithm, we would find similar problems as

encountered when labeled negative training samples vastly outnumbered labeled posi-
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Figure 4.33: Decaying HM due to overfitting caused by EM with modified NBC

tives: the conditional probability given the positive class for terms contained by positive
documents would become unfairly low, leading to extremely poor recall. This is avoided
by picking a number of negative documents equal to the number of known positives.
The original S-EM mixes known-relevant documents into the unlabeled set (so-called
“spies”) in order to compute a threshold intended to help avoid selection of unlabeled
relevant documents as pseudo-negatives.

The only variable parameter of this experiment was the number of EM iterations per-
formed in Step 5 of the algorithm. Unlike with the “regular” NBC, using EM does not
help with the modified algorithm. HM either stays constant or decreases with the num-
ber of additional EM iterations. The explanation is that, since we are already “guessing”
the negative training samples, adding EM steps leads to overfitting the training data

and, ultimately, to poor performance on the test data. We illustrate this phenomenon in

Figure 4.33.
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4.3.4 TF-IDF and Negative Feedback: A Hybrid Algorithm

NBC-based filters are not the only way to leamn a linear separation over the document
space. It is also possible to represent positive and negative document classes within a
topic using two TF-IDF vectors instead of sets of conditional probabilities. This hy-
brid approach will later be compared to both the NBC and single-vector thresholded
TF-IDF, and will help clarify the source of their different learning speeds and overall
performance.

Two vectors are learned for each topic of interest, consisting of the sum of document
vectors representing positive and, respectively, negative training samples encountered by
the algorithm. Decisions on whether to classify a document as relevant or nonrelevant
are made based on which of the two profile vectors are closer to the document vector,
as measured by the cosine metric. In other words, we implemented a classifier that uses
TF-IDF as its underlying representation rather than Bayes conditional probabilities.

We wish to determine whether performing an EM step on the training data, or re-
stricting the vocabulary to rated documents has any effect on filtering performance, sim-
ilarly to the way these optimizations helped improve the performance of our Bayesian

filter. For this hybrid algorithm, EM is implemented as follows:

1. Aninitial pair of positive and negative TF-IDF vectors is built from labeled train-

ing samples.

2. Unlabeled training samples are classified using cosine similarity to the positive

and negative vectors from Step 1.

3. A new pair of positive and negative TF-IDF vectors is built using both originally

labeled training samples and the newly classified ones from Step 2.

4. Test documents are classified using cosine similarity and the class vectors com-

puted in Step 3.
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Figure 4.34: Effects of using EM and restricting the vocabulary (RDF) on NBC’s filter-
ing performance

A paired t-test indicates that, unlike with the NBC, two-vector TF-IDF does not benefit
from EM (t = 2.496, p = 0.03; mean HMs are 0.512 when EM is not used, and 0.436
when using one EM iteration). Another paired t-test indicates that restricting the vo-
cabulary to terms in labeled training samples is also not helpful (r = 3.563, p = 0.005;
mean HMs are 0.501 for all terms included, and 0.447 when vocabulary is limited to
terms in labeled documents). The interaction effect between EM usage and vocabulary
restriction is negligible, as shown by an ANOVA test (F = 0.003, p = 0.956). The ef-
fects of EM usage and vocabulary restriction on performance as measured by HM are

illustrated in Figure 4.34.
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. Adapt. Min-Max NBC w. Pos-Neg

st 0PI | TEipE  TRIDE “PC  automeg.  TE-IDF
189 | 0481 0607 0632 0.644 0.668
FBIS 301 | 0.495 0579 0692 0628 0.738
354 | 0321 0352 0479 0450 0.407

374 | 0450 0.614 0608 0462 0.509

LA 422 | 0405 0.406 0366 0210 0.218
426 | 0477 0451 0641 0351 0.688

Table 4.3: Comparison of HM performance, topics X optimized algorithms
4.4 Trading Between Performance and Convenience

We identify three desired characteristics of filtering algorithms for Web information
agents. First, the method should use only positive feedback, as that is more easily ob-
tained from users. Second, the method should work well given limited feedback (train-
ing examples). Third, the filtering algorithm should be incremental, so that it best uses
available storage. In other words, given an existing classifier C,, learned from docu-
ments dj..dy, it should be possible to derive C,4+1 = f(Cy,,d,41) without the need to
store explicit information on documents di..d,.

After having optimized a series of filtering methods, we now assess their relative
merits with respect to performance and ease of use. We first compare our filtering algo-
rithms for performance. Next, we discuss tradeoffs in learning speed, and show a typical
example on topic 189. The desired features (incremental learning, no need for negative
training) are also compared. We briefly discuss the applicability of each method to Web
information agents, and show a pilot study, which will be the basis of a larger user study
presented in Chapter 7.

We compare HM values obtained by each method’s optimized settings on each of
our tested topics in Table 4.3. One-way ANOVAs with the method as the independent

variable, and recall, precision, and, respectively, HM as the dependents indicate that
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Figure 4.35: Comparison of optimized filtering methods: recall (top-left), precision
(top-right), and HM (boxplot bottom-left, scatterplot bottom-right)

the method used does not significantly impact HM (F = 0.901, p = 0.479) or preci-
sion (FF = 2.098, p =0.111), but does impact recall (F = 9.156, p < 0.001). From the
boxplots in Figure 4.35, we observe that the impact on recall originates from the rel-
atively poor performance of adaptive TF-IDF, and the unusually high performance of
the modified NBC auto-negative method. The relatively worse recall exhibited by adap-
tive TF-IDF is caused by the dissemination threshold oscillating within higher ranges
than, e.g., min-max TF-IDF (see Figure 4.30). The high recall obtained by the modified
Bayesian classifier is due to the way negative documents are picked to be farthest away
from the positive ones, thus making new documents easier to classify as relevant. From

the HM boxplots in Figure 4.35, the best performer on average seems to be the unmodi-
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Figure 4.36: Leaming speed of optimized filtering methods on Topic #189: recall (top-
left), precision (top-right), and HM (bottom)

fied NBC, closely followed by min-max TF-IDF. Hybrid (two-vector, pos-neg) TF-IDF
yields average performance values close to those of the NBC (and comes out on top for
more of the topics than NBC), but suffers from higher variability which originates from
the precision component of HM.

To assess how quickly each method learns to separate relevant from non-relevant
documents, we plot the evolution of precision, recall, and HM for topic #189 as we var-

ied the amount of training data in increments of one tenth (from one tenth of the avail-
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Method Increm§ntal Positiye'—only Comments
Learning Training

Bayes yes no —

Bayes (auto-neg.) no yes —
2-vector TF-IDF yes no —

2-vector TF-IDF (auto-neg.) no yes not tested
min-max TF-IDF * yes possibly incremental
adaptive TF-IDF yes yes slow learning recall

Table 4.4: Summary of features for each algorithm

able training samples all the way to the complete training set). Results on topic #189 are
fairly representative of the average case. It can be observed how adaptive TF-IDF is slow
at improving its recall, which hurts its overall HM performance. All methods are com-
parable as far as precision is concerned. Figure 4.36 presents a comparison of learning
speeds for the various methods using topic #189 as an example. The graphs also illus-
trate how, after cca. one third of the training samples are processed, HM performance
remains relatively flat for most methods. Methods which use negative feedback reach
their best performance faster, after only two tenths of the training data has been learned.

A summary of the user profiling/filtering methods considered in this study is pre-
sented in Table 4.4. The two methods that use both a positive and a negative class
(NBC and hybrid TF-IDF) can have the profile updated incrementally, without requir-
ing the storage of past training samples. The downside of these algorithms is that they
require negative feedback in addition of relevant examples. When modified to auto-
matically infer which unlabeled training documents are most likely to be negative, the
resulting algorithms require access to all past training examples, and can no longer be
updated incrementally (i.e, the classifier must be recomputed after a new set of likely-
to-be-negative documents has been extracted, every time the set of positive examples is
modified).

Thresholded TF-IDF requires no negative feedback. However, when adaptive thresh-
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old learning is used to make the process incremental, performance (recall) is slow to
improve with training. Setting the threshold using min-max precludes incrementality, as
it requires access to previous training examples. The promising news is that min-max
thresholds have consistently ended up in the 0.05 — 0.1 range. With more data sets and
topics, it may turn out that setting the dissemination threshold to a constant will give
similar performance while also preserving the incremental nature of the algorithm. An-
other modification that could make min-max TF-IDF incremental would be to maintain
most current values for minimum and maximum similarity of a relevant training doc-
ument to the topic vector. While these values would not always apply to the current
topic vector (due to the latter being updated by relevant training samples that are neither
minimally or maximally similar), this may turn out to be a good enough approximation
to preserve the min-max algorithm’s performance while achieving incremental updates
without explicit storage of training samples.

To summarize, all methods studied in this chapter achieve filtering performance con-
sistent with current practice, but each of them incurs a different penalty. TF-IDF meth-
ods require more training. NBC requires negative feedback, and our version of NBC
without explicit negative feedback requires storage of past documents. Given that users
apparently can be cajoled into providing negative feedback (see Chapter 7), we advocate
NBC as the best performing method, on both a pre-judged corpus and in a user study,
for applications, such as Web information agents which provide restricted feedback and

storage.
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Chapter 5

Detecting Relevant Changes and
Redundancy

Sometimes, Web agents repeatedly encounter the same document. For instance, Query-
Tracker (Figure 1.2 in Chapter 1) monitors users’ queries over time by repeatedly
submitting them to a search engine. Returned lists of documents have a high degree
of overlap between subsequent iterations. The simplest approach (used by Google’s
WebAlerts[56]) is to identify new, previously unseen documents (by URL), within the
top ten returned hits. This, however, does not account for possible modifications made
over time to old, previously encountered documents.

A related problem [74] is that, frequently, content is either mirrored (i.e., exact
copies of the same document appear at multiple different addresses), or aliased (e.g.,
when multiple online newspapers copy the same article or press release, but with their
own surrounding “boilerplate” formatting). These documents may be identified by em-
ploying redundancy detection techniques [22, 150].

In this chapter, we present the technique used by QueryTracker to determine if rele-
vant changes were made to a previously encountered document. We also compare two

methods of redundancy detection, assessing their relative merits and ease of use.
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5.1 Change Relevance Detection

When is a new version of a previously encountered document worth examining anew?
Changes between versions occur quite frequently (often on a daily basis), but, most of
the time, they are not relevant to any user interest or information need. We wish to ignore
changes in advertisements, banner ads, and counters, but detect when the useful content
is modified in a meaningful way. We disseminate a new version of an old document
only when the changes are themselves relevant to the users’ profile.

Utilities such as UNIX diff (which is based on the detection of longest common
subsequences [68, 72]), or its HTML-ized variants [42, 30] are focused heavily on point-
ing out the location where changes occur within a document. Since our techniques are
based on IR and text filtering, we end up judging the relevance of changes via bag-of-
words (TF-based) methods such as TF-IDF or NBC. Therefore, we are only interested
in converting the text of the changes into a TF vector, and would be discarding the loca-
tion information. As such, a more direct and efficient approach is to simply perform a
vector difference between the TF vectors representing the new and original documents,
respectively. This method loosely resembles the set difference technique used by Zhang
et al.[150] for redundancy detection (see Section 3.2.3). However, the specific details
differ as the intended applications are different (redundancy detection vs. prediction of
change relevance).

The difference vector is an aggregate representation of the modifications made to the
original:

Viitt = Vnew — Vorig
Terms with positive weights in Vg represent content added to the original, and may be
represented separately as Vygq. Terms with negative weights in Vg represent removed

content, and may be represented separately as a positive-only vector Vg, such that
Vadd — Vael = Vaitr
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We may now compute the relevance of additions and deletions to the original document
independently of each other. This allows for more fine-grained dissemination decisions
based not only on the relevance of the changes, but also on their direction (addition vs.
deletion). Based on our observations, users are typically more interested in cases when
relevant content is added.

This section presents a user study which is used to evaluate the adequacy of using

Vadd and Vg to predict the relevance of changes to Web documents.

5.1.1 Experimental Setup

The purpose of our study is to measure how well QueryTracker is able to predict the
relevance of changes made to previously encountered documents. QueryTracker users
were asked to submit queries matching their ongoing interests, and to provide feedback
on the relevance of disseminated documents. We received a total of six queries from

four users:

flushots flu+shot+pregnancy — effects and interactions of flu shots during pregnancy;

harry harry+potter+order+phoenix+book — news on the (at that time) yet to be re-

leased 5th Harry Potter book;

graves graves+thyroid+disease —news and information on Graves’ hyperactive thyroid

disease;

romania romania-+integration+european+union+nato — articles and news on Roma-

nia’s progress toward integration into the E.U. and NATO;

scheduling oversubscribed+scheduling — news and articles on oversubscribed schedul-

ing research;

vorticity potential+vorticity+coordinate — news and articles on a subdomain of atmo-

spheric science research.
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% -somlo/QueryTracker/ushots.

SRR,

html

i

Google Query Tracker Report for 10-23-02

Query: flushots (flu+shot+pregnancy)
[Rnk| Sts | R/N || Link |
65 |New| ¢ @ |[http:/fsrarsr.bmhec.org/BaptistOnl ine/health/FluFx. asp |
1201 |New|| ¢ @ |[nitp://enquirer com/editions/2002/10/20/loc_kyflushot20.html]

Figure 5.1: Daily survey on relevance of newly found documents

Each day over the period of one month, users were presented with a list of new doc-
uments (disseminated daily from the top 100 results returned by sending the original
query to Google) and asked to identify the ones they found relevant. An example of this
daily survey is shown in Figure 5.1.

During the trial, QueryTracker saved the modified versions of documents previously
marked as relevant by users. A document was considered to have changed if its TF-IDF
vector changed.

At the end of the trial, users were asked to fill out a final survey: documents they had
identified as relevant and for which changed versions were later detected were offered
to them side by side with the changed version. Users were asked to indicate whether
significant additions or deletions were made between the original and changed versions
of the document. An example of the final survey form is shown in Figure 5.2.

For each pair of documents listed in the final survey (relevant original and its subse-
quent changed version), we extracted V,qq and Vg, as described earlier, and used them

to predict change relevance using one of three methods:
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http://www.bmhcc.org/BaptistOnLine/health/FluFx.asp
http://enauirer.eom/editions/2002/l0/20/loc

& AueryTrackerMushots-survey html

Change Relevance Survey

You have found the following original documents relevant. Please have another
look at them, and also at the changed version listed in the second column. Please
check Yes under Relevant Additions if any relevant content was added in the
changed version, and under Relevant Removals if any relevant content was
removed in the changed version.

Thank you for your help !

Query Name: flushots

| Original | Changed |Relevant Additions ?|[Relevant Removals ?|
[09-30-02/234][10-01-02/244] Cyfn | Cyfn |
[10-01-02/27910-02-02/279] €yén | €y€n |

Figure 5.2: Final survey on relevance of changes between document versions

profile Based on all positive user-provided training examples. For each query, a topic
profile vector was built by adding together the TF-IDF vectors of all documents
identified as relevant to that query during the trial. V,gq and Vg, were compared

to this profile vector to predict change relevance.

orig Based on the original document. V,gq and Vg| were compared to the TF-IDF vector

of the original.

query The user query was converted into a TF-IDF vector and compared to V44 and

Vael to predict change relevance.

The first method (profile) is the most expensive and inconvenient, as it requires users to

provide constant feedback to QueryTracker during its normal operation. On the other
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Query New NR NRC RelAdd RelDel
graves 469 164 20 3 2
harry 542 109 29 7 5
romania 515 63 18 5 7
scheduling | 384 49 4 1 0
flushots 508 9 2 0 0
vorticity 510 33 0 0 0

Table 5.1: Summary of new documents retrieved

hand, we expect this method to be the most accurate in predicting change relevance. The
other two methods are designed to allow the unsupervised operation of QueryTracker by
eliminating the need for user-supplied feedback and training. The second method (orig)
is based on the fact that the original document itself is an example of relevant text on the
user’s topic of interest and assumes that relevant changes would occur along a similar
direction in TF-IDF space. The third method (query) compares changes against the
continuous query itself and depends on the query being descriptive enough, i.e., having
sufficient terms to be convertible into a halfway decent TF-IDF vector. We expect the

last method to be the least accurate.

5.1.2 Results

During the course of our experiment, we collected a total of 8071 distinct documents,
which were either new hits or contained changes from their previous versions. For each
query, we collected the information shown in Table 5.1. The significance of each column

is as follows:

Query a keyword identifier for the query;

New number of new documents disseminated for the query, over the period of the trial;
NR subset of new documents which were rated relevant by the user;

NRC subset of NR for which changed versions were retrieved during the trial;
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RelAdd, RelDel subset of NRC for which the changed version contained additions (and

deletions) considered relevant by the user.

Based on this information, it became apparent that we did not have sufficient data on

three of our six queries:

vorticity No new relevant document detected over the trial period had a subsequently

changed version.

flushots Only two of the new relevant documents had subsequently changed versions,

but none of these changes were rated relevant by the user.

scheduling Only four new relevant documents had changed versions, and only one of

these had relevant additions.

We observe that documents representing general interest queries, such as graves, harry,
and romania, will receive both a higher hit rate from search engines (e.g., Google), and
a higher rate of change than documents representing more narrow research interests,
such as flushots, scheduling, and vorticity.

We begin by establishing a baseline score for change relevance between pairs of
unrelated documents. Ten random pairs of relevant (but unrelated) documents from
each topic were selected. In order to convert one member of such a pair into the other,
one would have to make relevant deletions (practically, delete the entire original), and
relevant additions (add the text of the latter document). We used each of our three
methods (profile, query, and orig) to compute addition and deletion relevance scores
for these pairs, and averaged them over the ten trials within each topic (see the column
named “base” in Table 5.2). Since in practice we wish to detect the relevance of changes
between related documents (i.€., subsequent versions of the same document), we expect
this baseline change relevance to be an upper bound. Related documents are expected

to be more similar to each other, and therefore the changes between them less relevant.
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Query method | base ¢ p< rel nrel threshold fp frn recall precision
profile | 251 5.18 0.001 3 17 .058-.190 2-0 0-1 .600-1 1-.667

graves query |.143 528 0.001 3 17 .038-.161 1-0 0-1 .750-1 1-.667
orig |.056 0.84 041 3 17 .043-106 2-1 1-2 .500-.500 .667-.333
profile | .208 5.85 0.001 7 22 .092-.135 2-0 0-3 .778-1 1-.571

harry  query |.084 3.07 0.005 7 22 .042-.143 2-0 0-3 .778-1 1-.571
orig |.037 3.11 0.005 7 22 .081-212 50 1-5 .545-1 .857-.286
profile {.263 290 001 5 13 .040-.162 5-0 0-3 .500-1 1-.400

romania query |.115 121 024 5 13 .032-.059 1-1 2-2 .750 .600
orig |.030 035 073 S5 13 .003-.160 9-2 04 .357-.333 1-.200

additions

Query method | base ¢ p< rel nrel threshold fp fn recall precision
profile | 248 5.38 0.001 2 18 .053-.077 2-0 0-1 .500-1 1-.500

graves query |.142 5.01 0001 2 18 .019-.067 2-0 0-1 .500-1 1-.500
orig |.909 7.13 0001 2 18 .407-591 0-0 0-0 1 1
profile [.223 7.88 0.001 5 24 .061-.067 0-0 0-0 1 1

harry  query |.112 7.04 0001 5 24 .047-048 00 00 1 1
orig |.945 157 0.13 5 24 .158-.688 11-0 0-4 .313-1 1-.200
profile |.252 3.84 0.002 7 11 .052-.058 2-0 0-1 .778-1 1-.857

romania query |.091 2.53 0.022 7 11 .015-015 0-0 0-0 1 1
orig |.948 6.23 0.001 7 11 .259-437 1-0 0-2 .875-1 1-.714

deletions

Table 5.2: Study of threshold ranges for change relevance prediction; fp, fn, recall, and
precision ranges are shown for meaningful ranges of the dissemination threshold.

One interesting anomaly can be observed for the orig method, where relevant addi-

tions receive a disproportionately low score when compared to deletions. This method

is heavily biased in favor of the original document. When the original is converted

into a different document, a large portion of its content needs to be removed (hence the

large relevance of deletions, essentially a comparison of the original document to itself).

Also, a significant portion of the new document needs to be added, which explains the

low score of the addition vector (the result of comparing the original document to its

mostly unrelated “new version”). Because of this bias, we expect this method might

still prove useful for predicting deletion relevance.
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To establish how well our methods distinguish between pairs with relevant and non-
relevant changes, we performed a two-sample ¢-test for each method, query, and direc-
tion of change, with the null hypothesis that QueryTracker’s computed change relevance
was similarly distributed regardless of the actual, user-supplied judgment. Results are
shown in the ¢ and p columns of Table 5.2. In general, all methods made a clear distinc-
tion between relevant and non-relevant changes, with the exception of orig, which had
most trouble with predicting addition relevance, and the query romania on additions,
which posed the most difficulties for all three methods (although p < 0.01 for profile,
this is an order of magnitude less significant than results obtained for other queries).

‘We must now set dissemination thresholds for the change relevance predictions made
by QueryTracker. Our data show that such thresholds need to be specific to each query
and direction of change. First, we sort the document pairs by their predicted change
relevance. Then, we set the lower limit of the threshold range to the score of the first
pair with known relevant changes, and the upper limit to the score of the last pair with
changes known to be non-relevant. At the lower limit of the threshold range (“threshold”
column in Table 5.2), we will have no false negatives (all relevant changes correctly
identified), but we may have false positives (non-relevant changes may be mistakenly
classified as relevant). Setting the threshold here would optimize recall. At the upper
limit of the range, there will be no false positives, but false negatives may exist, and
precision will be optimized. Values outside this range are not meaningful, as recall and
precision are only influenced by variations of the threshold within the interval. Given the
number of relevant changes rel, and the number of false positives fp and false negatives

fn, recall and precision are computed thus:

recall = _rfl_l
rel — fn+fp
precision = rel — fn
rel
119

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



T T ) T T T T T
graves +
+ * harry  x
R X XX X X X X romania %
* KK *
method: profile
HH+ + + +
N | >xm=x X X
O K * X * *
+ + +
RiIx xx X x X b
* oK *
method: query
+ + +
N | X X
*x % *
+ + +
R |x XX X X X X
* * X X *
method: orig
i+ + +
N | o 3 X X X X X
WK MK * *
] L L i | | 1 ]
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Change Relevance

Figure 5.3: QueryTracker predictions for relevance of additions: similarity between V,qq
and profile, query, and orig, respectively

The number of pairs with relevant changes rel and non-relevant changes nrel for each
query are shown in the respective columns of Table 5.2. We also present the threshold
ranges and subsequent ranges for the number of false positives fp, false negatives fn,
recall and precision.

Change relevance predictions generated by QueryTracker were plotted against user’s
Boolean relevance judgments: additions in Figure 5.3, and deletions in Figure 5.4. From
these results, it appears that relevant and non-relevant changes are relatively easy to sep-
arate, allowing QueryTracker to do a good job of predicting relevant changes in HTML
documents. Both the profile and query methods work well on predicting the relevance
of additions to the original document, while they yield mixed results on predicting the

relevance of deletions. On the other hand, the orig method works poorly on additions,
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Figure 5.4: QueryTracker predictions for relevance of deletions: similarity between Vg
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and profile, query, and orig, respectively

but yields better results on deletions. It has been our observation that users most fre-
quently care about the relevance of additions, where profile (or, in the absence of a user
profile, query) are the best choice. However, if both addition and deletion relevance de-
tection are important, some weighted combination of profile or query with orig seems
to be needed to fully address the problem of predicting the relevance of both directions
of change in HTML documents. Addition and deletion relevance detection are com-

plementary operations, as they base their predictions on different data (Va4 and Vg,

respectively).
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5.2 Redundancy Detection

Documents on the Web are often replicated at several different sites (mirroring), or
the same document is reproduced with slight variation in versions by multiple sites
(aliasing). Search engines do not typically check for the occurrence of mirroring and
aliasing, and, if a query matches, return all of them as different results. We are interested
in eliminating this type of redundancy before disseminating such documents to the users.

While also interested in true redundancy detection (in a semantic sense, where in-
formation contained in a more recent relevant document has already been covered in
earlier documents), our main goal is to eliminated mirrored and aliased Web pages. We
compare a redundancy detection algorithm proposed by Zhang et al.[150] (described in
Section 3.2.3) to our own lightweight method. Zhang’s method essentially consists of
learning two thresholds: one for dissemination of relevant documents, and a second,
higher one, for pruning documents which are too similar to other previously dissemi-
nated documents (and thus expected to be redundant).

Our proposed alternative method is based on the change detection technique out-
lined in the previous section. When a new document is encountered (and determined
to be relevant), we compute V,qq between it and a set of previously disseminated doc-
uments. If V,qq itself passes the relevance test, we assume the new document is novel;
otherwise, the new document is considered redundant. This method has the main ad-
vantage of transparently using the underlying filtering algorithm, without requiring a
similarity metric to compare two arbitrary documents to each other. Another advantage
is that we do not require a secondary threshold, with the added complexity of its learning

mechanism.
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5.2.1 Experimental Setup

Our experiment is designed to measure how well QueryTracker is able to predict
whether a newly encountered document is made redundant by a previously seen one. In
addition to our original six queries from the previous section (flushots, harry, graves,
romania, scheduling, and vorticity), we collected redundancy feedback on seven more

queries (from four more users) covering a wide range of user selected topics:
agents information+agent+filtering+tracking+text, 53 of 147 documents relevant,

multimedia text+image+information+retrieval+multimedia, 50 of 145 documents rel-

evant,
kidvac kid+friendly+resort+vacation+beach, 59 of 169 documents relevant,

mp3edu music+piracy+riaa+college+campus+user+education, 284 of 340 docu-

ments relevant,
scosuit linux+ibm+sco+lawsuit, 213 of 235 documents relevant,
diabetes gestational+diabetes, 124 of 230 documents relevant,
genre_ir genre+classification+information+retrieval, 13 of 84 documents relevant.

From all documents judged as relevant by our users, we constructed all possible pairs
of documents (dj,d3), both on the same topic, where d; was disseminated before ds.
After computing the similarity between all pairs, we sampled 90 documents from each
original query (only 78 pairs were available for flushots), and only 30 from each of
the additional queries (which received less feedback from their users). One third of
the sampled pairs were taken from among the most, median, and least similar pairs,
respectively. We then presented these pairs to our users in random order and asked them

to specify whether the second document in a pair is made redundant by the first one. The
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number of selected pairs was picked such as to make this task manageable for the users.
Two of our original queries (flushots and vorticity) yielded no examples of redundant
document pairs.

We measure the performance of redundancy detection using metrics introduced by
Zhang et al.[150], based on the concepts of precision and recall. Redundancy recall
(r_recall) is the fraction of redundant document pairs correctly identified by the system.
Redundancy precision (r_prec) is the fraction of the pairs predicted by the system to
be redundant that were actually correctly labeled as redundant. Redundancy mistake
(r_mistake) is the fraction of the total documents that were mis-classified. Knowing the
user-supplied number of redundant pairs red, and the number of false positives fp and

false negatives fn, we compute redundancy recall and precision thus:

r_recall = M
red
.. red — fn

r_precision = ——————
P red— fn+ fp

. _ fp+fn

r_mistake =

total _documents

Just as with regular recall and precision, we use r_HM (the harmonic mean of r_recall

and r_prec) as our overall performance metric to be optimized.

5.2.2 Results

User feedback regarding redundancy is plotted against similarity measured between doc-
ument pairs in Figure 5.5. Only topics containing at least one redundant pair are plotted.
This figure shows how diverse the similarity rankings are across the queries. Some of
the queries (e.g., kidvac and mp3edu) produced an almost bimodal distribution of sim-
ilarity values, while others (e.g., genre_ir and romania) covered most of the range for
non-redundant documents. This shows that similarities may vary widely across topics
in general, documents that are redundant still stay in a narrow range with high similarity

as measured by our metrics.
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Figure 5.5: Redundancy vs. similarity (R = redundant, N = not redundant) on pairs for
which users provided feedback

In Table 5.3, we present the number of redundant red and non-redundant nred pairs
for each remaining topic, and the applicable redundancy threshold ranges and subse-
quent ranges for false positives fp, false negatives fn, recall r_recl and precision r_prec
for Zhang’s method. The redundancy threshold ranges were computed similarly to the
dissemination thresholds in the previous experiment on change relevance. The data show
that redundancy detection is clearly an issue in a Web monitoring application; 3.33% to
33.3% (with a mean of 15%) of the documents were marked as redundant.

In Figure 5.6, we plot performance for both Zhang’s (similarity-based) and our add-
vector based method. Also shown on the plot is the filtering performance obtained when

separating relevant from non-relevant documents in the overall collection. Relevant and

125

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Query |red nred threshold fp fn r_recl r_prec r-HM r_mistake

graves |20 70 .599-858 9-0 0-11 1-0.450 0.690-1 0.816-0.621 0.100-0.122
harry 12 78 .430-.876 17-0 0-6 1-0.500 0.414-1 0.585-0.666 0.189-0.066
romania | 3 87 .575-934 12-0 0-2 1-0.333 0.200-1 0.333-0.500 0.133-0.022
scheduling | 12 61 .331-.850 12-0 0-8 1-0.333 0.500-1 0.666-0.500 0.164-0.109

agents 4 26 .900-993 0-0 0-0 1-1.000 1.000-1 1.000-1.000 0.000-0.000
multimedia| 2 28 .863-984 2-0 0-1 1-0.500 0.500-1 0.666-0.666 0.066-0.033
kidvac 3 27 .864-914 10 0-1 1-0.666 0.750-1 0.857-0.800 0.033-0.033
mp3edu | 3 27 .929-971 40 0-1 1-0.666 0.429-1 0.600-0.800 0.133-0.033
scosuit | 10 20 .220-980 0-0 0-0 1-1.000 1.000-1 1.000-1.000 0.000-0.000
diabetes | 9 21 .608-941 1-0 0-2 1-0.777 0.900-1 0.947-0.875 0.033-0.066
genredir | 2 28 .822-861 0-0 0-0 1-1.000 1.000-1 1.000-1.000 0.000-0.000

Table 5.3: Study of threshold ranges for detecting redundancy in selected document
pairs; metric ranges are given for meaningful redundancy threshold ranges

non-relevant documents are best separated (w.r.t HM) when the dissemination threshold
is between 0.2 and 0.35. Zhang’s algorithm would perform optimally when it learned
a redundancy threshold of 0.83 (r_-HM = 0.73743, r_recall = 0.81481, r_precision =
0.67346, r_mistake = 0.06225). Our add-vector method (implemented using TF-IDF)
is optimized when the dissemination threshold used for V,yq is close to 0.1 (r-HM =
0.40650, r_recall = 0.61728, r_precision = 0.30303, r_mistake = 0.19337).

At its best, Zhang’s method outperforms our add-vector algorithm. However, this is
partially explained by a bias in our data collection. Originally intended for the evalua-
tion of how Zhang’s method performs when used with QueryTracker, we collected top,
median, and bottom ranked document pairs by similarity between documents and saw
correlation between this similarity and document redundancy. However, data collected
this way has the potential of introducing a bias against the add-vector method, which
might be more fairly evaluated using a random sample of document pairs.

It is important to note that, with redundancy detection systems, false positives (non-
redundant, interesting document pairs mistakenly classified as redundant) cause the sys-

tem to discard information, whereas false negatives (redundant pairs mistakenly consid-
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Figure 5.6: Effect of threshold on Harmonic Mean, recall, and precision

ered non-redundant and disseminated to the user) will cause noise and annoyance to the

user. We examined the most similar non-redundant pairs and found the following:

o For graves, scheduling, and kidvac, the most similar non-redundant pairs consist
of unrelated hub-type documents, each containing a large number of links; many

of the links are identical, and technically, one of the documents could have been
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considered redundant. The users noted that even though much of the content
overlapped, they marked the pair as non-redundant because all the descriptions

associated with each reference were worded differently.

e For agents, multimedia, and genre_ir, many of the hits were CiteSeer [32] pages
reviewing various papers dealing with the respective topic. Many false —posi-
tives were papers with common authors, with very little difference between them.
These papers often were largely the same content published in different venues

(e.g., journal versions of workshop papers).

e For all queries, clusters of non-redundant documents with high similarity (> 0.6)
mostly consist of hub documents, containing several links to various articles, plus
a large amount of identical boilerplate website design material. While the links
are different (which is why the users chose to mark the pairs as non-redundant),
the high similarity is caused by the boilerplate content which is identical between

pairs.

Our data show that the redundancy threshold can be set between 0.8 and 0.9, without
risk of missing out on too many relevant, non-redundant documents; targeting for high
redundancy precision, we can obtain good redundancy recall, from 0.33 to 0.5, which
is consistent with the results in [150]. These results show that the method can be easily
adapted to Web documents (although with room for improvement). Additionally, the
method can deal with documents generated from individually biased streams; our docu-
ments were derived from search engine queries specified and judged by users based on

their own information need.
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5.3 Summary

From the three change detection methods we tested, profile and query are helpful in de-
tecting relevant additions to a document, and orig helps detect relevant deletions. Verbal
feedback indicates that users assign a higher importance to detecting new information
that is added to a relevant Web document. We also tested two second stage filtering al-
gorithms for detecting redundancy [150], which can successfully eliminate a significant
portion of duplicate documents posted to the Web under different addresses and also
identify differently worded, but extremely similar documents.

Our results show that these methods can carry over to the Web. However, future
work will address the Web specific discrepancies in the definitions of a “relevant” doc-
ument (e.g., whether to include hub pages with links to relevant articles, or only the rel-
evant articles themselves) and a “redundant” one (e.g., if the latter document is totally
different from the former, but provides the same information, should it be considered
redundant?). In order to further reduce false positives in redundancy detection, future
work should investigate methods of eliminating boilerplate HTML design elements and
focusing on structure based objects as in Liu et al.[88] before parsing the document text.
The false positives observed in academic articles, for example, might be further reduced

by automatically inferring query specific thresholds.
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Chapter 6

Generating Search Engine Queries

Up to this point, we have explored filtering techniques, including change and redun-
dancy detection. Another important component of a personalized Web information agent
is a document gathering mechanism, which is tasked with finding and supplying candi-
date documents to the filtering component, which then decides whether to disseminate
them to the user.

Web document gathering techniques currently in use include focused crawling (see
Section 3.1.3), monitoring well-known hub sites for links to interesting content, and
filtering through documents returned by a search engine query (see Section 3.2.1). Of
these, we find the latter to be most interesting, as they offload a significant portion of the
effort to a large, centralized entity, while still remaining able to preserve user privacy
and personalization. Documents are harvested from a larger pool than what could be
crawled by a client-side agent, and, if queries are well chosen, the returned document
set would still be richer in relevant items than a random crawl.

In this chapter, we explore techniques that generate a search engine query based on
a learned user profile (typically represented by a complex TF-IDF vector or set of Bayes
probabilities). The search engine query is expected to optimize the relevance of search
engine results with respect to the topic represented by the user profile. We evaluate the

quality of query generation mechanisms indirectly by evaluating the relevance of search
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engine results obtained using the generated queries. We are interested in answering the

following main questions:

1. How do different query generation methods perform relative to each other? For
our case, query generation involves constructing queries of specified length based
on a user profile; these are then submitted to a search engine for the purpose of

harvesting documents.

2. Is positive-only relevance feedback adequate to support the task? To minimize
user overhead, we prefer to solicit only positive relevance feedback. Obviously,
this provides relatively weak knowledge, requiring the profiling mechanism to

self-organize the categories of interest and to trade-off precision.

3. Can a user profile be learned independently of the service? In other words, the
profile may be built from documents collected via other means than by giving
feedback on the performance of the service in question (e.g, training documents
supplied a priori, or feedback on the performance of some other service). If so,
then user overhead can be minimized and multiple services provided as part of the

same agent.

Out of several query generation algorithms compared, we find three that perform well,
both by extracting sufficient numbers of documents from the search engine, and in terms
of the relevance of returned links. Positive-only relevance feedback does indeed incur a
performance penalty, which, however, may be worthwhile due to the increased conve-
nience for users.

We implement several different methods suggested by Ghani et al.[52] (described in
detail in Section 3.2.2). In addition, we use deterministic and probabilistic extraction of
highest weight terms from TF-IDF profile vectors. The complete list of methods used is

given below:
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Uniform (Unif) baseline case, select n terms with uniform probability;

Boley select n terms from the intersection of the & top ranking terms according to term

frequency, and k top ranking terms according to document frequency;
TF select n top ranking terms according to term frequency;

Probabilistic TF (P-TF) select n terms with probability proportional to their term fre-

quency;
OR select the top ranking n terms according to their odds-ratio score;

Probabilistic OR (P-OR) select n terms with probability proportional to their odds-

ratio score;
TF-IDF select n terms with the highest TF-IDF weight from the profile vector;

Probabilistic TF-IDF (P-TF-IDF) select n terms with probability proportional to their
TF-IDF weights;

The probabilistic versions are included because injection of small amounts of random-
ness was found to be helpful in related research by Ghani et al.[52]. Specifically,
they found that probabilistic TF outperformed straightforward TF in their early studies,
which motivated them to try a probabilistic version of their Odds-Ratio (OR) method.
For each topic, we collected and/or computed the following data, which was subse-

quently used to rank terms according to each query generation method:
e average term frequencies for terms in relevant documents;
o document frequencies for terms in relevant documents;

o TF-IDF vector built from relevant documents;
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Figure 6.1: Evaluation protocol for query generation techniques

e odds-ratio scores OR; for terms ¢ in relevant documents; odds-ratio scores are
based on both relevant and non-relevant documents related to the topic; the fol-
lowing formula shows how the odds-ratio score is computed:

P(t|rel) - (1 — P(t|nonrel))

R, =1
ORi 0g2P(z‘|nonrel)-(1—P(l‘|rel))

6.1 Comparing Query Generation Methods

We wish to find both the method and query length that would optimize the relevance of
the documents returned by the search engine with respect to the user profile. Methods
where the query length is computed on the fly (along with the query itself) may also work
well, although, according to our observations, increasing the query length too much (past
eight terms) might be detrimental to recall. We conduct a factorial experiment with
query generation method and query length as the independent variables, and response
consisting of the two evaluation metrics: return count and relevance. The basic protocol

for our study (illustrated in Figure 6.1) consists of the following steps:
L. construct user profiles,
2. generate queries from those profiles using each of the query generation methods,

3. submit queries of different lengths to Google, and evaluate results.

133

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



As in some of our other studies, we expedite experimental control and data collection
by constructing user profiles based on data from TREC disk #5. We hand-picked topics
with reasonable number of known relevant documents, consistent with the amount of
training expected to be provided by a user building a profile. Since the TREC #5 disk
contains two main document collections (FBIS and LATIMES), we selected one topic
from each collection. Our first topic is on airport security measures and was constructed
based on 46 relevant documents which appeared in the Los Angeles Times over the
course of two years (1989-1990); this topic will be referred to as LATIMES-412. The
second topic is on genetic research and was constructed based on 55 relevant documents
from the Foreign Broadcasting Information Service appeared in 1996; this topic will be
referred to as FBIS-82.

Having established the impact of negative feedback in Chapter 4, TREC data also al-
lows us to test the scenario in which negative feedback is available for query generation,
and assess how much performance might be sacrificed by restricting feedback to only
positive examples. The number of positive documents used in the construction of each
topic (46 and 55, respectively) is realistic compared to what users would have been ca-
pable of providing while building their profiles in real life. The method which requires
negative feedback (OR) is based on probabilities computed as part of the Bayes profile
(see Chapter 4).

From this information, we generated queries of seven lengths (two to eight terms)
for each of the eight methods. For the four probabilistic methods, we generated 10
queries of each length, which means their reported results will be averages over those
10 queries.

For Boley’s method, we iterated through increasing values of k, and intersected the
sets consisting of the top k ranking terms by TF and DF respectively. The resulting

intersection was used as the search engine query. We retained all distinct queries of
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length between two and eight. For FBIS, no value of k generated a query of length
n = 6. Similarly, for LATIMES, no value of k generated a query of lengthn ="7.

We generated a total of 488 queries (244 for each topic!). We submitted these queries
to Google and collected the top 10 returned hits (first pageful of results), which were
subsequently retrieved and stored locally.

We discarded (and decremented our hit count accordingly) all dead links and all hits
that were in a format other than ASCII (including all variants and versions of HTML,
XML, etc.) or PDF: atotal of 312 out of 2917 hits were discarded. The PDF documents
were converted into ASCII using the pdf totext utility. All resulting documents were

then converted into TF-IDF vectors.

6.2 Results

To avoid a manual relevance evaluation of each returned document, we use TF-IDF
cosine similarity between the document vector and the corresponding topic vector as a
heuristic measure of the document’s relevance. This decision introduces a bias in favor
of TF-IDF-based query generation (this bias will be removed in two subsequent studies).

For each combination of query generation method and query length, we recorded the
number of hits received, the relevance of the best hit, and the average relevance over all
hits received. For the probabilistic methods, these measurements represent average val-
ues obtained over the ten repetitions for each combination of parameters. The results are
summarized in Table 6.1 for the FBIS topic, and Table 6.2 for the LATIMES topic. The
three rows corresponding to each method indicate average relevance (top), maximum
relevance, and number of returned hits (bottom).

All methods return at least seven documents with query lengths of 2, but most taper

"Each probabilistic method had 7 x 10 queries/topic; non-probabilistic methods had 7 queries/topic
each, except for Boley, which had 6.
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query length

method 2 3 4 5 6 7 8
avg: .022 .046 .059 .018 — — 011
Unif max: .051 .077 .101 .019 — —  .011

ent: 77 43 32 04 0 0 0.1
avg: .026 .054 .044 053 .069 .091 .082
P-TF max: .059 .096 .079 .102 .120 .192 .138
ent: 89 77 79 52 65 72 63
avg: 039 047 — 019 — — —
P-OR max: .099 090 — 019 — — —
cnt: 9.0 3.2 0 0.1 0 0 0
avg: .045 .058 .088 .069 .035 .034 .030
P-TF-IDF || max: .100 .110 .178 .097 .054 .035 .055
ent: 91 6.1 84 24 27 06 14
avg: .053 .077 .090 .081 — .111 .088
Boley max: .120 .112 .136 .168 — .239 .239
cnt: 9 9 10 7 0 8 9
avg: .036 .031 .048 .082 .081 .087 .083
TF max: .065 .059 .129 .134 .103 .130 .135
cnt: 10 9 10 9 9 10 9
avg: 123 186 102 — — — @—
OR max: .155 .361 .190 — _— — —
cnt: 9 8 2 0 0 0 0
avg: .100 .144 .160 .176 .214 .278 .242
TF-IDF | max: .377 377 .377 279 .399 404 .242
cnt: 9 10 10 7 10 4 1

Table 6.1: Average relevance, Maximum relevance, and count of returned hits for the
FBIS topic on genetic technology

off in the number returned with longer query lengths. For the deterministic methods, the
relevance increases as the query length increases (until 7 or 8), but the relevance for the
probabilistic methods tends to plateau early.

All methods consistently outperform the baseline uniform term selection. Proba-
bilistic methods are outperformed by the non-probabilistic ones, which is consistent
with the observations in Ghani et al.[52]. The best results for the FBIS topic were ob-

tained using TF-IDF at query length 7: a total of 4 hits are returned, with an average
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query length

method 2 3 4 5 6 7 8
avg: .012 .012 .012 .013 004 — —
Unif max: .024 .024 028 .019 006 — —
cnt: 80 53 39 10 06 0 0
avg: .017 .026 .025 .028 .032 .024 .010
P-TF max: .042 .073 .062 .061 .046 .042 .011
ent: 91 95 60 65 20 40 0.7
avg: .017 .018 016 .011 — .007 —
P-OR max: .052 .039 029 013 — 007 —
cnt: 82 83 40 09 0 0.1 0
avg: .026 .036 .064 .063 .059 .020 .010
P-TF-IDF | max: .058 .103 .125 .156 .106 .036 .014
ent: 92 81 81 57 53 13 02
avg: .040 .098 .135 .193 199 — .167
Boley max: .086 .199 1299 343 359 — 299
cnt: 8 9 8 8 8 0 7
avg: .107 .058 .030 .048 .041 .069 —
TF max: .222 .093 051 .075 .069 .069 —
ent: 7 10 10 7 6 1 0
avg: 048 036 348 — — — —
OR max: .122 0% 402 — — — @—
cnt: 9 9 2 0 0 0 0
avg: 115 .144 155 .171 .144 153 .143
TF-IDF || max: .331 .331 .357 .299 .276 .349 .349
cnt: 9 7 8 8 9 9 9

Table 6.2: Average relevance, Maximum relevance, and count of returned hits for the
LATIMES topic on airport security

relevance of .278, and a maximum relevance of .404. The best results for the LATIMES
topic are obtained using OR at query length 4: two hits are returned, with average rele-
vance of .348 and maximum relevance of .402. The difference in results is likely caused
by a more narrower focus of the LATIMES topic, which also explains the better perfor-
mance of simple TF-based query generation on this topic.

Query lengths 2 and 3 are the only ones where all methods lead to non-empty returns

for both topics. To test whether the differences between methods are significant, we
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Figure 6.2: Box plot of relevance by method for FBIS topic at query length 2 and 3
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Figure 6.3: Box plot of relevance by method for LATIMES topic at query length 2

perform an ANOVA on each topic at query lengths 2 and 3, with the query generation

method as the independent variable, and relevance as the dependent. The effects are

significant in each case: for FBIS, we obtain F = 14.007, p < 0.001 at query length

2, and F = 8.692, p < 0.001 at query length 3; for LATIMES, we obtain F = 24.027,

p <0.001 at query length 2, and F = 20.277, p < 0.001 at query length 3, meaning that

the methods produce distinctly different resuits.

Box plots of relevance by method for query lengths 2 and 3 are given in Figure 6.2

for FBIS, and Figure 6.3 for LATIMES. Note that medians rather than means are marked

on the graph. These plots illustrate several points obscured by the previous table. First,
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while TF-IDF returns the best match and second best median in all cases, overall better
results are obtained using OR for FBIS, and TF and Boley for LATIMES. Second, each
method can show high variance in the results, although TF-IDF tends generally to higher
variance. Additionally, the results for query length 3 have higher variance than those
for query length 2. Finally, the distributions are often skewed. For example, Boley
consistently has a higher median than mean.

Because relevance for all returned documents is measured against the TF-IDF vector
of the corresponding topic, the experiments are biased in favor of the TF-IDF query
generation method. Our experiments cannot prove that TF-IDF query generation is
sufficient, but its good performance coupled with the not always good performance of
OR suggests that we do not incur a significant loss by leaving out negative feedback.

Both Boley and TF-IDF consistently result in many links being returned, even for
long query lengths. Many hits are desirable when the agent will be pruning out previ-
ously visited sites and filtering the returned links according to a filtering threshold.

When the length of the generated query increases, so does the “focus” of the returned
documents. If the correct terms are picked, the relevance of the results is increased.
When the selected terms are incorrect, result relevance is sharply decreased. The main
caveat of these conclusions is that they are based on the behavior observed for only two

queries. Chapter 7 presents a more detailed exploration of query generation behavior.

6.3 Removing TF-IDF Bias

To gain an understanding of the performance of TF-IDF query generation without the
bias present in our experiments with synthetically generated topics, we also conducted
a study with one topic built by a real user (a fellow CS graduate student), containing
34 documents on stress relief, obtained from the user’s bookmarks. The user profile

was limited to using a TF-IDF vector (to limit solicited feedback to positive documents
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query length

method 2 3 4 5 6 7 8
#rel: 8 3 4 4 4 —

TH-IDE ent: 10 10 10 10 9 0 O

avg. #rel: 1.0 1.8 07 04 00 05 —

avg.cnt: 95 81 7.7 41 13 13 00

P-TF-IDF

Table 6.3: Number of relevant documents and count of returned hits for the user-
generated topic on stress relief

only). Query generation was in turn limited to the TF-IDF and P-TF-IDF methods. We
followed the same protocol as in the previous section: query lengths were between 2
and 8, and results were averaged over ten trials for the probabilistic version P-TF-IDF.
A total of 369 documents were returned by Google, 343 of which were distinct (a 5.5%
overlap). We shuffled these documents and asked the user to examine each one of them,
marking the ones found to be relevant to the original topic. 56 documents out of the
total of 343 were found relevant. Table 6.3 presents the number of relevant documents
and the number of hits returned for each parameter combination.

This study supports the hypothesis that TF-IDF based queries will generate an ad-
equate incoming stream: queries of length up to six returned at least nine hits from
Google. A more comprehensive user study, which removes the bias introduced by the

evaluation metric used in this chapter, is presented in Chapter 7.

6.4 Summary

We studied several methods for generating queries from a user profile to answer three
questions related to the design of Web information agents. First, how do different query
generation algorithms perform relative to each other? In fact, we observed significantly
different performance among the eight methods tested. Overall, Boley, TF-IDF and to a

lesser extent TF provided a good number of hits and relatively high relevance.

140

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Second, is positive relevance feedback adequate to support the task? We found that
leaving out negative training examples does not incur a significant performance loss in
terms of expected relevance of returned documents. Odds-Ratio was found to excel
on one topic, but its competitive advantage does not appear to be worth the additional
overhead expected from the user. TF-IDF and Boley, requiring only positive relevance
feedback, generated queries that resulted in relevant hits.

Third, can user profiles be learned independently of the service? The results from
TEF-IDF and the pilot experiment are suggestive. However, the pilot study also suggests
that either user relevance judgments may be a bit lower (harsher) than the automated
method or that the profile may not adequately reflect the users’ interests. In fact, the
good performance of Boley and TF indicates that in some cases it might be worthwhile
to collect more than TF-IDF information from the user-supplied positive training exam-

ples. This last question will be examined in more detail in the future.
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Chapter 7

Filtering and Query Generation: a
User Study

Our prior experiments mainly used simulated user interaction, with newspaper articles
from benchmark collections in lieu of real Web documents. We must consider whether
those results generalize to our target application/context. This chapter presents a user
study where we obtain true relevance judgments, thus also eliminating the bias intro-
duced in our earlier query generation experiment, where similarity of new documents to
the user profile was used in lieu of their actual (unknown) relevance. We seek answers

to the following questions:

1. Which query generation methods works best, and how does it compare against
the original, user-supplied query? We expect Odds-Ratio to slightly outperform

TF-IDF, based on our earlier study from Chapter 6.

2. Which filtering method works best? Given our results in Chapter 4, we expect the

Naive Bayes Classifier (NBC) to outperform thresholded TF-IDF.

3. Is there an interaction between query generation and filtering, and, if yes, which

combination performs best?

4. Would performance be helped if users were allowed to supply their own training

samples (in addition to giving feedback on documents disseminated by Query-
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Tracker)? We expect additional user-supplied training to give an extra “‘jump-

start” to the user profile, leading to increased performance.

7.1 QueryTracker Test Setup

QueryTracker is configured to monitor multiple user queries over time. When users
submit training data (feedback to documents disseminated by the agent, or examples of
relevant documents found independently by the user), a profile is created. This profile
serves a dual purpose: query generation, and document filtering.

In addition to the original user-supplied query, the profile is used to build up to three
additional queries. We use Odds-Ratio and TF-IDF (described in Chapter 6), as well
a Bayesian method which selects top-ranking terms according to their prior probability
ratio (P(z|4+)/P(t]—)). In Chapter 6, Odds-Ratio came out slightly ahead of TF-IDF,
in spite of the evaluation being biased in favor of the latter. Since this time relevance
judgments are provided directly by the users, this study will remove the bias introduced
in our earlier experiment.

For text filtering, we use TF-IDF and the NBC when a corresponding profile already
exists, and SearchRank (a method based on the ranking of documents returned by the
search engine) in the absence of a user profile.

QueryTracker submits user queries to a search engine (Google, in this case) every
24 hours. For each query, the first 100 returned hits are filtered for relevance, and the
ones that pass through the filter are disseminated to the users. In turn, users may provide
feedback which is used to train a user profile. Before a profile is created (i.e., before the
first training sample is submitted by the user), filtering is performed using a document’s
search engine rank, based on the expectation that the search engine lists documents in
what it perceives to be their decreasing order of relevance to the query. In order to allow

rank-based filtering to use a threshold learning mechanism similar to the one employed
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with TF-IDF, the rank of each document is converted into a score ranging between 0 and

1, according to the following formula:

rank — 1
rank_score =1 — ——M —
max_rank — 1

where max_rank = 100 is the rank of the last returned search engine hit we accept for
consideration. The top returned document will have rank_score = 1, and the last (1001
one will have rank_score = 0. We set an initial dissemination threshold for this method
(henceforth referred to as SearchRank) to 0.9, guaranteeing the dissemination of the top
10 returned documents. This threshold is adaptively adjusted based on the rank of the
supplied training documents, just like the TF-IDF dissemination threshold is adapted
based on the similarity between training documents and the current TF-IDF profile vec-
tor.

Once positive feedback becomes available for a query, QueryTracker creates a TF-
IDF profile vector and starts using TF-IDF filtering in addition to SearchRank. TF-
IDF based generation of an alternative query is also started at this point. A separate
dissemination threshold set using the min-max method with a = 0.05, as recommended
by the results in Section 4.3.

Both SearchRank and TF-IDF filtering use probabilistic dissemination: a document
is disseminated with certainty if its score exceeds the threshold thr, and with a de-
creasing probability otherwise. The dissemination probability is computed using the

following formula:

if score > thr

1
P(dissemination) = { 1’_ N T p—

T , otherwise

where score is either rank_score for SearchRank, or similarity to the profile vector
for TF-IDF. Probabilistically disseminating documents that would otherwise be pruned
by the dissemination threshold allows for a certain amount of exploration and novelty

among the disseminated documents.
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When both positive and negative feedback are available, an NBC (see Section 4.3) is
built in addition to the TF-IDF profile, and is also used for filtering. Bayesian and Odds-
Ratio query generation is also started at this time. The NBC does not require a threshold,
but instead disseminates a document if its likelihood of being relevant is greater than that
of it being non-relevant. Our three filtering techniques are used in a logic-OR fashion:

a document is disseminated if either method supports its dissemination.

7.2 Filtering and Query Generation User Study

To answer the questions posed at the beginning of this chapter, we conduct a study
in which seven distinct users submitted a total of 19 different queries (summarized in
Table 7.1) to QueryTracker. Four of these users also participated in our previous ex-
periments. Queries were monitored over a period of approximately one month each.
Experiments were conducted in two installments, due to the availability of our test sub-
jects. First, we collected results on a set of ten queries (from four different users), using
only TF-IDF query generation in addition to the original user query. The second install-
ment contains nine queries (collected from five distinct users), and alternative queries
were generated using all three methods: TF-IDF, Odds-Ratio, and Bayesian. In both
cases, filtering was performed using SearchRank, TF-IDF, and NBC.

Users could access the QueryTracker Web service to monitor their queries at their
convenience. They were not required to judge their queries daily. When the users ac-
cessed their results, they were asked to provide feedback on the disseminated documents
by marking them either relevant or non-relevant. When documents were not marked one
way or the other, it was assumed that users had not read them yet, and they continued
to be treated as new rather than previously seen the next time they were returned by the
search engine (usually the following day when the query was re-submitted). An example

of the form used to solicit user feedback is shown in Figure 7.1.
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N

QueryTrackel" user—laura' view=swo

Note 1: Select Yes for Relevant? if vou thought the document was relevant and want it added 1o the query profile.
This will be used to help focus future searches on your topic of interest.

Note 2: Select No for Relevant? if vou didn't think the document was relevant. This will let QueryTracker know
that you did read the document and weren't interested.

Note 3: Unless vou select Yes or No for Relevant?, QueryTracker assumes you didn’t read the document,
and will keep disseminating it to you for as long us it is found by the search engine.

Note 4: When you are done making your selections, press the Feedback button at the bottom of the page to submit
them to QueryTracker. You can do this more than once. If you make multiple conflicting selections on the
same document, all but the last sclection for that document will be ignored.

Note 3: If you encounter the same document content under o differant URL. please give it the same rating you gave
to the original document. This will help future studies on redundancy detection.

Terms: squeaky wheel optimization; Generated on Jan 18, at 01:08

Relevant?|Status| Link
€Y €N |New ”httn -//citeseer.nj.nec.com/context/425569/107496
CY CNNew |

€Y € N|New [http://www.internetnews.com/IAR/article. php/2217391 B
Y O N |[New Hhttn//smw.mtr.mc-t.com/wmm/volu,z./bband/

CYCN iChg Hhm)://www.channc]sevcn.oom/uewsbem/cxecs/cxecs accounts0903.shunl

(Update profile with selected relevant documents)

Figure 7.1: View of disseminated documents and feedback input form

For each disseminated document, we recorded the type of query that led to its re-
trieval (Original, TF-IDF, Odds-Ratio, or Bayesian), and all filtering methods that voted
to disseminate the document (SearchRank, TF-IDF, or NBC). A document was dissem-
inated if at least one of the filtering methods’ vote was favorable.

For each query type and method described above, we computed the following values:

RF number of relevant documents disseminated via the query type or dissemination

method in question,

NF number of non-relevant documents disseminated (false positives),
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pseudo RM number of relevant documents missed by the query type or method in ques-

tion, that were found by some other method (false negatives).

Based on these numbers, we computed precision and (pseudo-)recall as:

recision = RE
P ~ RF +NF
d 11 RE
seudo_recall =
P RF + pseudo RM

Sound RM and recall cannot be computed without complete knowledge of (and random
access to) the entirety of the documents indexed by the search engine. The values we
compute using available data should, however, be sufficient to compare our query gener-
ation and dissemination methods to each other. Values for pseudo_recall and precision
were used to compute a pseudo_HM value, similar to what was used in our previous
experiments. For simplicity of notation, we will henceforth use recall and HM in our
notation, with the understanding that they are only meaningful for comparing methods

relative to each other, within the framework of this experiment.

7.3 Results

A list of the queries used, along with summary data such as number of days running,
total relevant/non-relevant documents collected, and overlaps (documents disseminated
by more than one filtering method) is presented in Table 7.1. We observe that only a

small fraction of documents were disseminated by more than one filtering method.

7.3.1 Should the original query be modified?

We wish to assess whether the generated query helps performance. As shown by the last
two columns in Table 7.1, the number of overlapping documents is a small percentage
of the total returned. Generated queries clearly produce documents not returned by the

original query, thus potentially contributing to increased overall recall. We first examine
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topic/area # days total overlap
batch query # of interest running rel non rel non
1 educ. softw. 10 39 98 1 1
2 agents 9 41 54 3 0
3 multimedia 10 39 62 O 0
4 scheduling 10 25 65 1 0
1 5 vacations 15 72 149 3 0
6 genetic alg. 14 198 8 18 3
7 optimization 16 76 161 0 O
8 audio 5 51 67 0 O
9 linux pda 21 39 286 0 O
10 copyright 23 343 72 1 0
1 multimedia 11 28 4 2 5
2 scheduling 13 37 64 1 2
3 veterinary 12 41 177 1 7
4 veterinary 10 35 241 3 14
2 5 veterinary 14 59 222 2 5

6 agents 9 77 34 13 7
7 multimedia 11 32 52 2 5
8 scheduling 13 30 63 1 1
9 agents 9 79 57 8§ 11

Table 7.1: Summary data on user queries

the latter batch of nine queries, to compare all our different query generation methods.
Boxplots comparing performance values obtained using each query generation tech-
nique are shown in Figure 7.2. To our (not unpleasant) surprise, TE-IDF query genera-
tion is the only method with reasonable performance, not only removing our earlier eval-
uation bias, but positioning TF-IDF as the clear winner in terms of recommended query
generation technique. Mean HM for TF-IDF query generation is 0.258, with standard
deviation 6 = 0.114. The original query results in mean HM = 0.539 with ¢ = 0.193.
For completeness, we confirm the strong effect of the choice of query generation method
on HM performance via a one-way ANOVA, resulting in F' =32.345 at p < 0.0001. Per-
formance is dominated by recall (ANOVA: F = 115.633, p < 0.0001), while precision
does not differ much across query generation methods (ANOVA: F =3.292, p =0.033).
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Figure 7.2: Performance comparison between query generation methods on first batch
of 10 queries

Having established TF-IDF as our most viable query generation method, we proceed
to examine the cumulative set of all 19 queries, since the use of Original and TF-IDF
query generation is common across all of them. A new boxplot is shown in Figure 7.3.
The relationship between Original and TF-IDF performance remains unchanged. Dif-
ferences remain significant (a two-sample t-test yields ¢t = 4.788 at p < 0.0001). Mean

HM and o are 0.279 (6 = 0.197) for TF-IDF, and 0.562 (¢ = 0.165) for Original.
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Figure 7.3: Performance comparison between Original and TF-IDF generated queries
on entire data set

While our analysis suggests that generated queries perform worse than original
ones, in four of the queries, the performance obtained using a TF-IDF generated query
matched and even exceeded the performance from the original query, mainly because of
improved recall. These queries also had more relevant feedback (i.e., “yes” judgments),
leading to the hypothesis that, over time, performance of the generated query improves

with training. An example using query #10 from our first batch (this query was supplied
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Figure 7.4: Evolution of original and TF-IDF-generated query performance (query #10)

with the most intensive training) is shown in Figure 7.4, where HM is plotted for both

Original and TF-IDF after each day. Indeed, after day 5, the performance of TF-IDF

query generation exceeds that of the user-supplied original.

In other cases, the performance of the generated query also improves with feedback,

but never manages to outperform the original. In looking at individual queries, it ap-

pears that queries on narrowly focused topics are more difficult to improve, although,

even then, the generated query leads to additional relevant documents to be found. To

determine how much query generation performance changed over time, we plotted HM,
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Figure 7.5: Performance comparison between Original and TF-IDF generated queries
during first and second half of experiment duration

recall and precision split by whether data was gathered during the first, or, respectively,
the second half of the query’s lifespan. These plots are shown in Figure 7.5. Paired

t-tests show that while the performance of the generated query increases significantly
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in the second half of a query’s lifespan, (t = 3.94, p < 0.001), the performance of the
original remains the same (t = 1.27, p = 0.219).

In conclusion, once a reliable TF-IDF user profile is learned, the automatically gen-
erated query built from its top-weighted terms can become quite useful. Also, there
is very little observed overlap between relevant documents found via the original query
and those resulting from the generated alternative. A hypothesis explaining this observa-
tion is that the generated query explores different areas of the search engine’s document
space than the original user query: at first, because the wrong terms are selected while
the user profile is still being learned; later, when a good profile is learned, the gener-
ated queries are focused on the truly relevant portions of the document space, which is
different than what the search engine focuses on when seeing the original query. Gen-
erating alternative queries is therefore useful because it extends the pool of candidates
from which the filtering algorithm can disseminate potential relevant documents.

When studying the evolution of generated queries over time, and comparing them
to their respective originals, a few interesting observations become apparent. Queries
generated using Odds-Ratio are frequently identical to those generated using Bayesian
prior probabilities, which suggests that the two methods are more or less equivalent.
For all query generation techniques, the query terms are completely unrelated to the
original query during the first two to four days. During the following five to ten days,
terms change frequently from one day to the other, and begin to include words which
are recognizably related to the topic of the query. After that, change is much reduced,
to possibly one term being replaced roughly every seven to ten days. This reflects the
stage in which a user profile has mostly stabilized, and new feedback documents mostly
solidify the agent’s learned model of the topic of interest.

Since TF-IDF outperforms other query generation techniques due to better recall,

we conclude that its term weighting scheme is better at picking out the really important
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keywords from a user profile, thus leading to better results from the search engine. It is
also worth noting that, for query generation, recall is more important than precision —
after all the purpose of query generation is to gather documents to be submitted to the

filtering mechanism.

7.3.2 Which filtering method is best?

Using the full set of 19 queries, we plot HM performance for all three filtering methods
in Figure 7.6. As expected (based on earlier results from Chapter 4), NBC filtering
performs best (mean HM = 0.512, 0 = 0.159). SearchRank also provides adequate
performance (mean HM = 0.388, o = 0.109), and may be quite useful when filtering
decisions must be made before users provide the necessary training to create a profile.
TF-IDF performs rather poorly (mean HM = 0.119, c = 0.092). A one-way ANOVA
on HM by filtering method produces F = 50.333 at p < 0.0001. As expected, filtering
performance is dominated by precision (ANOVA: F = 103.938, p < 0.0001), whereas
recall is fairly uniform across methods (ANOVA: F = 0.291, p = 0.748).

We illustrate the evolution of filtering performance over time in Figure 7.7. It can
be observed how Bayes learning is quite fast, SearchRank performance is relatively flat,
and TF-IDF improves, albeit very slowly. Compared to the other filtering methods,

TF-IDF suffers from low precision (too many false positives being disseminated).

7.3.3 How Do Query Generation and Filtering Interact?

To complete the picture, we search for an interaction effect between filtering method
and query generation. Running a two-way ANOVA with HM as dependent variable,
we obtain F' = 7.299 at p < 0.01 for the interaction effect between query generation and
filtering methods. Based on the boxplot in Figure 7.8, the overall winner is NBC filtering
applied to results from the original user query. SearchRank filtering does a decent job

in the absence of a user profile (which would then allow NBC to supersede it). TF-
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Figure 7.6: Performance comparison between filtering methods

IDF query generation provides a decent additional way of boosting recall, given the fact
that it generates documents that have little overlap with those generated by the original
query. We observe that, once again, precision is dominant (and mainly influenced by the
choice of filtering method), with a smaller influence from recall (mainly influenced by

the query generation method).
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Figure 7.7: Evolution of filtering method performance (query #10)

7.3.4 Does Extra Training Help?

Only two of our users (on three different queries) used the feature allowing them to
supply extra positive training for their QueryTracker profiles. Therefore, statistically
significant results are currently unavailable for this question. While most of the time
performance with extra feedback evolves similarly to the situation when extra feedback
was not used, there are instances where performance during the first few days in the
lifetime of a query is significantly boosted. As an example, HM performance for an ex-

ample query (NBC filtering on results from original user query) is shown in Figure 7.9.

156

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



0.8

0.6

0.2

0.0 1

T T T T T T
QueryGen: | Tiidf | | Orig.Query------------ |
Filtering.  Bayes Rank Tiidf Bayes Rank Tildf

0.5
0.8 1

0.6 1

recall
precision
o
IS
L

0.4

021
0.2 1

0.0 1 0.0 1

T T T T T T T

—e—
T T
Qi | Tl { ¢ Orig Query QueryGen: | Tiidf | Orig.Query

i |
yGen: (l 1 | 1
Filtering:  Bayes Rank Thdt Bayes Rank Thdt Fillering:  Bayes Rank Tiidt Bayes Rank Thdt

Figure 7.8: Performance comparison between combinations of filtering and query gen-
eration methods

The version of the query which received the extra feedback performed significantly bet-
ter for the first 5 days, while the version without extra feedback needed the extra time to
learn its profile from scratch. In general, TF-IDF generated queries differed on average
by two terms in the beginning (between versions with extra training and those without).
Towards the end of the trial, the average difference decreased to a single term out of a

total of four per query.
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7.4 Summary

Query generation based on a TF-IDF profile has good potential; the technique led to
relevant results that had not been obtained by the original query. However, it appears
to require significant amounts of feedback before becoming effective. Even so, we are
pleasantly surprised that, after having removed the evaluation bias favoring TF-IDF in
our earlier experiments, it not only didn’t lose ground as compared to Odds-Ratio, but
really turned out to outperform it significantly.

On filtering, we find that TF-IDF is rather slow-learning when compared to NBC
and is often outperformed by the search engine’s ranking. This is mainly due to TF-IDF
being slow to improve its precision as compared to the other filtering methods.

Jump-starting the profile by allowing users to submit relevant examples of docu-
ments independently appears to help boost performance early on in the lifetime of the
query, but more experiments would be required in order to achieve statistical signifi-

cance of this claim.
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Another interesting conclusion of this study is that negative training may be easier to
obtain from users than we originally anticipated. In QueryTracker’s usage scenario, in
particular, it makes it easier for users to mark read but non-relevant documents in order
to distinguish them from those remaining unread. Users expressed the requirement that
unread documents keep showing up as new during subsequent iterations of retrieval
from the search engine, until such a time when they are marked as either relevant or
non-relevant.

Why does TF-IDF perform well for query generation and poorly for filtering, while
the reverse is true for NBC? We think that, due to using negative feedback, NBC is
quickly learning a linear separation function over the document space, which seems an
adequate model for distinguishing between relevant and non-relevant documents. TF-
IDF, on the other hand, quickly learns the most relevant position in the document space
(which helps query generation), but needs a longer time to learn a boundary between
relevant and non-relevant documents (which is shaped as a hyper-cone, due to the use
of a dissemination threshold — see Figure 2.1).

To offer additional verification as to the adequacy of using linear separation to dis-
criminate between relevant and non-relevant documents, we compared the NBC with
an implementation of the k-nearest neighbors (kNN) classifier (with k € {1,2,...,9}),
on the six TREC benchmark topics we used throughout our other filtering experiments.
We chose kNN for its ability to learn non-linear boundaries between classes of docu-
ments, and thus offer insight into how much performance (if any) is lost due to our other
methods being limited to learning linear boundaries. NBC leads to slightly worse preci-
sion, significantly better recall, and overall better performance than kNN. The value of
k did not significantly influence performance across the observed range. kNN assumes
random-access to all training samples, and thus severely violates our requirements for

an incremental filtering system. However, the purpose of this comparison was to verify
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Figure 7.10: Comparing k nearest neighbors and the NBC on TREC data

whether a method capable of learning a non-linear separation function offers additional

filtering performance, which did not happen in our case. The performance comparison

is presented graphically in Figure 7.10.
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Chapter 8

Summary, Future Work, and
Conclusions

This dissertation describes a detailed approach to building a personalized Web informa-
tion agent. We build on the strong parallels between IR text filtering and the machine
learning techniques used with agents to offer personalized retrieval of Web documents.
The key contributions of this work include the development and evaluation of sev-
eral lightweight filtering techniques for personalized information retrieval, change and
redundancy detection in Web documents, and search engine query generation from a
user profile. These techniques are evaluated individually and as an integrated system.
Our design goals are centered around maximizing personalization, privacy, and user
friendliness (by reducing the amount of interaction originated by the agent) and min-
imizing the burden on local computing resources. The main conclusions we draw are
that it is possible to build high-performance, lightweight text filters, especially when the
operational environment facilitates the solicitation of both positive and negative training
samples; that lightweight and efficient methods can detect when a document undergoes
relevant content changes, or is made redundant by previously encountered documents;
and that relevant search engine queries can easily be extracted from a TF-IDF user pro-
file and used to supplement the incoming document stream for significantly improved

recall.
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8.1 User Profiles and Filtering

TF-IDF. Based on one of our main design goals (agent should require an absolute mini-
mum amount of attention from the user), we started out by selecting TF-IDF as our main
method for filtering and representation of the user profile. Only relevant training exam-
ples are required, and relevance of new documents is predicted based on similarity to
the profile and a dissemination threshold. We devised an adaptive mechanism for learn-
ing the threshold which, unlike other work in the area, does not require access to (and
storage of) past training samples. We conducted a factorial experiment to deduce the
optimal values of parameters such as threshold learning rate, weighting of documents
added to the profile TF-IDF vector, and to assess the evolution of filtering performance
as a function of the amount of training provided.

Implicit Topics. Another step toward improving the quality of the user experience
was to eliminate the requirement that users provide a topic for each relevant training
sample given as feedback to the agent. We implemented and empirically evaluated sev-
eral incremental clustering algorithms which were used as mechanisms to automatically
learn the appropriate user topics. We demonstrated that the Doubling algorithm outper-
forms Greedy incremental clustering (used with existing Web agents), experimentally
verifying existing theoretical results [26].

Bayesian Filtering. We compared TF-IDF filtering to a system based on the Naive
Bayes Classifier, to assess how much performance is lost by ignoring negative feedback.
We also presented and evaluated a modification allowing a Bayes classifier to automat-
ically select its negative class from unlabeled training samples (a simplified adaptation
based on [83]). We found that each algorithm has different strengths and weaknesses.
While Bayes learns much faster than TF-IDF, it does so by soliciting negative training
samples. When modified to automatically select pseudo-negatives from among unla-

beled samples, it requires access to (and, therefore, storage of) past training documents.
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8.2 Change Relevance and Redundancy

Web information agents often encounter the same document repeatedly, at different
points in time. Existing systems typically maintain a history list of previously encoun-
tered documents and ignore documents that are already on the list. The unfortunate side
effect of this is that potentially relevant changes to such documents are also ignored.
We devised a technique which efficiently evaluates the relevance of such changes, and
allows for previous documents to be re-disseminated if the changes are found relevant.
A related problem is the frequent mirroring and aliasing of Web documents. While
existing research on redundancy detection is mainly concerned with semantic redun-
dancy, we used one such technique to address the more immediate (and tractable) prob-
lem of duplicate content. We also proposed our own lightweight and efficient method
for detecting duplicate content, which uses the underlying filtering mechanism without

requiring an extra threshold and learning mechanism.

8.3 Query Generation

Frequently, Web agents will formulate and submit queries to search engines as an eco-
nomical way to generate a document stream from which to filter relevant documents
based on their user profile. We provided a systematic study of several existing methods
for extracting search engine queries from user profiles. Our experiment used pre-judged
benchmark data to build a profile, and TF-IDF similarity as a measure of the quality of
documents returned by the search engine. Our results showed that using both positive
and negative examples (Odds-Ratio) has a slight advantage over positive-only profiles
(TE-IDF). However, our quality measure introduced a bias in favor of TF-IDF, which

may have skewed our experimental results.
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8.4 Interaction of Filtering and Query Generation

We studied the interaction of filtering and query generation in a real-world, live deploy-
ment of the QueryTracker system. Users’ Web queries were monitored over a period of
several weeks, and new results were filtered based on profiles built from user feedback
on previous results. We devised a method allowing us to compare the performance of
various filtering and query generation methods based on precision, recall, and their har-
monic mean, even in the absence of full relevance knowledge of documents on the Web.
While true recall values cannot be computed without such knowledge, we used relative
recall computed with respect to relevant documents found by competing methods, which
was sufficient to compare all competitors to each other.

Our experiments not only removed the bias in comparing TF-IDF and Odds-Ratio
query generation, but, to our surprise, showed that TF-IDF generated queries are the
clear winners, trailing only the original user queries with respect to retrieval perfor-
mance. Query generation performance is dominated by recall, and generated queries
retrieve fewer relevant documents as compared to the original. While generated queries
do not typically outperform user’s originals, we showed a strong increase in perfor-
mance with the amount of training provided by users. Also, since there is very little
overlap between documents retrieved by the original query and the generated one, using
both will guarantee an improvement in combined recall values.

We also reconfirmed TF-IDF’s slow learning curve as compared to NBC filtering.
Our TF-IDF implementation was successfully used for filtering scenarios where hun-
dreds/thousands of documents were used for training. In a personalized Web agent,
users cannot be expected to provide this much feedback, which leaves the NBC as a
strong contender. Another observation made during this experiment is that negative
training may be easier to elicit from users than we originally thought. When presented

with a large number (tens) of disseminated documents daily, users will typically only
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manage to read (and rate) a few of them (cca. 10). If only positive feedback is required
(accepted) by the agent, unread documents become indistinguishable from non-relevant
ones. Allowing the users to mark a document as read (but non-relevant) allows unread
documents to keep showing up as newly disseminated in subsequent iterations, while at
the same time avoiding re-dissemination of the same non-relevant document over and

over again.

8.5 Limitations and Future Work

The filtering work described in Chapter 4 is heavily tilted toward TF-IDF, based on our
original assumption that users would be inconvenienced by having to provide negative
feedback. In retrospect, it turns out that users are willing to provide negative feedback
under the right circumstances. However, they are not willing to provide large amounts of
feedback. This illustrates another point of contrast between centralized systems which
process many (tens of thousands) of documents in one run on one hand, and personalized
filtering systems which deal with tens of documents at once (several orders of magnitude
fewer documents). Similarly, our work on incremental clustering was performed within
the same TF-IDF context.

Our Bayesian filtering was performed by building one classifier for each distinct
topic, with a positive (relevant) and negative (non-relevant) class. In a future experi-
ment, we plan to build a filter that uses a single Bayesian classifier for all topics. Each
topic will be assigned a class, which is where relevant documents for that topic will be
placed. Non-relevant documents will be assigned to a separate, additional class. Incre-
mental clustering may then be used to create, manage, and merge automatically learned
topics/classes. This technique will hopefully combine the learning speed of Bayesian
classifiers with the convenience of automatically inferred topics of interest contributed

by incremental clustering.
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We used a “bag-of-words” approach to feature extraction from documents. A term
frequency vector was built from each document, by simply counting how often each dis-
tinct term occurred within the document. Other approaches use more complex weight-
ing schemes which take into account the position and graphical characteristics (e.g., font
size, emphasis, etc.) of a term within a document. A generally applicable method which
takes cues from document layout in addition to simply counting terms may further im-
prove our systems’ performance.

It would also be interesting to gain more theoretical insight into the differences be-
tween TF-IDF and Bayesian profiles. So far, it appears that Bayesian filters outperform
thresholded TF-IDF by quickly learning a boundary between relevant and non-relevant
regions of the document space, but without having (or requiring) a high-quality rep-
resentation of the ideal relevant document. Thresholded TF-IDF learns such a repre-
sentation well, but has trouble separating relevant documents from non-relevant ones.
Future experiments will use dual-vector TF-IDF profiles which, according to our results
in Chapter 4, perform as well as Bayesian classifiers on filtering tasks, yet have the same
good representation of the relevant document class as thresholded TF-IDF.

Practical uses of this work might include organizations monitoring their own Web
presence for changes in relevant content or ratings, various types of intelligence gather-

ing (counter-terrorism, business, research, etc.).

8.6 Conclusion

This dissertation presents a framework for the design and implementation of a Web
information gathering agent. Although many different Web agents already exist, our
research goes one step further and provides a thorough analysis and evaluation of the
architecture, individual components and building blocks, and their overall interaction.

Drawing on the strong relationship between IR and text filtering on one hand, and ma-
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chine learning and agents on the other hand, we implement and evaluate a set of building

blocks required to build a personalized Web information agent.
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