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ABSTRACT

The rank aggregation problem aims to combine several ranked lists to obtain a fi-
nal “consensus” ranked list that gives better results than any one of the individual
ranked lists. With the emergence of the World Wide Web, the meta-search commu-
nity has studied the rank aggregation problem in order to aggregate search results
from multiple search engines and increase the coverage of the Web by accessing more
information. The existing aggregation methods address the problem of capturing
the user feedback accurately while minimizing the impact of outliers or spam. How-
ever, the prior work does not provide guidelines about when to use the aggregation
method in which problem setting as well as how to dynamically select an aggregation
method for that problem setting. In this thesis, we address these shortcomings in
the prior work. Since rank aggregation also appears in fields other than the Web,
we need a more general platform to examine an optimal ranking. We define two
factors that contribute to the performance of rank aggregation methods including
noise, such as spam, and misinformation, such as trustworthiness.

In meta-search, relevance of an object is difficult to decide since evaluation
depends on subjective expert judgments. To address this concern, we propose a
flexible statistical framework to model the possible different relationships between
the rankers, such as search engines, and the ground truth. Our model contains a
ground truth ranker, which corresponds to the correct ordering of objects, and the
input rankers that serve as approximations of the ground truth ranker. We also
develop several aggregation methods that capture different aspects of the rank in-
formation including precision optimal, iterative best flip and three algorithms that
are approximations to the minimum feedback arc set problem. We show that there is
a trade off between information and robustness when selecting the best aggregation
method and that none of the well-known rankers perform well uniformly in all dif-
ferent noise and misinformation conditions. We develop classification methods and
bayesian techniques to dynamically select the optimal aggregator based on classified

noise and misinformation.

xi



CHAPTER 1
INTRODUCTION

The rank aggregation problem aims to combine several ranked lists to obtain a fi-
nal “consensus” ranked list that gives better results than any one of the individual
ranked lists. The existing approaches in finding a solution to this problem include
devising algorithms to exploit different aspects of the ranked lists and using hu-
man evaluators or information from prior requests to test the accuracy of these
algorithms. The existing aggregation methods [53, 56, 60, 86, 97, 104] address the
problem of capturing the user feedback accurately, capturing the most useful infor-
mation in the rankings and suppressing outliers or spam. However, the prior work
only provides an ad-hoc definition of spam and does not provide any guidelines as
to which algorithm to use when. Furthermore, most of the algorithms developed in
the prior work are static and do not address the problem of automatically adopting
the aggregation methods to the specific problem setting. While the rank aggrega-
tion problem has been studied widely in the meta-search community, the problem
arises in many different fields where objects are ranked. Therefore, a more general
definition of optimal ranking in the presence of noise and also misinformation is
needed. This is the problem studied in this thesis. We define two factors related to
the performance of rank aggregation methods, namely noise (including spam) and
misinformation or trustworthiness. We then develop optimal aggregation methods
as a function of these factors. In this chapter, we formalize the problem and discuss

the motivation and contributions of this research.

1.1 Problem Setting and Scope

The hunt or search for relevant information is not new; however, the quality
and quantity of information has changed with the emergence of the World Wide Web.
In the information search domain, each ranked list (ranker) refers to a search engine
result of a specific query and the aggregator refers to the results of a meta-search

engine for that query. The aggregator only has access to the ranking of objects.



Even though the ranks may be obtained by a scoring system, this information is not
available to the aggregator. It is possible that the aggregator may have additional
information about each object, but we do not take this information into account.
In this thesis, we assume this information can be integrated in many different ways
to the optimal ranking algorithm.

One of the main stumbling blocks in search is deciding which information is
relevant. Relevance is usually considered a subjective notion. Hence, evaluation
methods tend to use real data and expert judgment to determine relevance. But,
this makes it hard to test methods on a large number of datasets in order to arrive
at significant, repeatable results.

In information retrieval, a number of factors are taken into account to deter-
mine relevance such as the number of times and the location of the occurrence of
each keyword. The correct way to incorporate these factors require understanding
the data collection and the importance of each factor with respect to this collection.
Another challenge of searching the Web is the open nature of the Web. Documents
are created and maintained by many different individuals with different standards
and styles. There is generally no way to certify the correctness of information pro-
vided on a Web site. In fact, the Web contains malicious agents that purposefully
misrepresent information. Furthermore, the data are updated in different intervals
in each site, hence the data contained at a Web site can be stale and therefore incor-
rect. To address some of the problems posed by such an environment, search engines
take into account a large number of factors to determine relevance in addition to
the content of a Web page. Examples of such factors are frequency of updates to a
Web page, number of incoming hyperlinks to a Web page and the text contained in
the hyperlinks.

Our focus is to find the best way to incorporate the rank information from
different sources. We investigate the problem of aggregating different rankers to
provide a single ranking that best represents the true ranking of objects. As experts
may evaluate their ranking with respect to various alternatives to solving a problem,
we may want to find the best ranking based on how much we trust or distrust certain

experts on various topics. We need to examine how we can factor these measures



into aggregation. To address our problem, we first examine the properties of rankers.

e Let’s assume there exists a ground truth of what the correct ranking should be.
We then have to find how each ranker’s rankings relate to this ground truth.
How much information and how much noise is contained in the rankings? Do

rankers make similar mistakes?

e Given these different criteria for characterizing rankers, what is the perfor-
mance of different rank aggregation methods? Are there different classes of
rank aggregation methods that perform well for different cases or do they

perform all the same?

e [f different aggregators perform well under different cases, how can this infor-

mation be leveraged to formulate an adaptive aggregation algorithm?

1.2 Motivation

Search is an inherently complex problem, requiring the information system
to assess the meaning of a user query, match it to a document’s content, such
as a Web page, and determine the relevancy of the document to the user query.
To determine the relevance of a document to a query consisting of keywords, the
system has to first locate the documents that contain the given keywords assuming
such documents exist. Note that in the absence of an exact match for the given
keywords, the query can be expanded to keywords with similar meaning. However,
due to the redundancy of information available in the World Wide Web, this is a
rare occurrence. Secondly, as the relevant documents are found, they have to be
ordered in terms of their match quality to the given keyword.

Even though the methods used by search engines proved to be quite effective
in eliminating irrelevant results, they are still open to manipulation. For example,
a document is regarded as spam if it does not contain relevant information but is
highly ranked. This may be due to one of many techniques such as text weaving
and link farms employed to fool the algorithm for computing these factors. Even
though search engines are a good filter for spam, aggregating results from multiple

search engines is usually a more effective method for suppressing spam. It is harder



to manipulate multiple distinct algorithms than a single one. This is one of the
main motivations for using meta-search engines, which aggregate search results from
multiple search engines to produce a new ranking. Another advantage of meta-search
engines is that they increase the coverage of the Web by allowing access to a larger
database consisting of all search engines it combines.

Aggregating many independent rankers generally improves the ranking quality.
However, this is only true if the rankers are simply noised versions of the ground
truth. It is possible that the rankers may also introduce misinformation to their
rankings for many reasons. For example, they may want to hide their ranking
method so they may choose to purposefully alter their ranking for different queries.
Similarly, malicious rankers may want to manipulate the final ranking of objects
by altering their ranking. In this case, it is not desirable to aggregate all rank
information, but to disregard some. Different aggregation methods may disregard
different types of information and hence the most appropriate aggregation method
should be chosen for a given scenario.

Rank aggregation is not only relevant to information search but in any field
where objects are ranked by different individuals or parties and a final ranking of
objects is needed. The work introduced in this thesis equally applies to these as

long as the ranking method is similar to the one studied here.

1.3 Contributions and Methodology

Given the above issues, the main objective is to examine the rank aggregation
problem from a different perspective, where the quality of the input rankers (not
simply the individualized results) is an important factor in aggregation but also
customization of search results can be achieved through effective aggregation. In

this dissertation, we provide the following contributions:

e develop a flexible statistical framework to model the possible different rela-

tionships between the rankers and the ground truth;

e develop several aggregation algorithms that capture different aspects of the

rank information including precision optimal, iterative best flip and three al-



gorithms that are approximations to the minimum feedback arc set problem;

e show a trade off between information and robustness when selecting the best
aggregator and that none of the well-known rankers perform uniformly well in

all different conditions; and

e how to identify misinformation of the input rankers and noise in which to

effectively customize the search results.

To fully understand the properties of the aggregation methods, we propose a statis-
tical model for aggregation which comprises of properties that are associated with
each ranker. Our model contains a ground truth ranker, which corresponds to the
correct ordering of objects, and the input rankers that serve as approximations of
the ground truth ranker. We assume the ranking of objects is based on a number of
factors and the rankers use a similar method to estimate the ground truth ranking.
However, they may make mistakes or give different weights to the factors. This
framework allows us to generate datasets with many different settings. Each set-
ting allows for rankers to make different types of errors. Using this framework, we
evaluate existing aggregation algorithms and introduce others, which are based on
algorithms that appear in the literature such as local Kemenization [53], Kernighan
and Lin graph partitioning [78] and bi-connected components.

We perform an extensive experimental evaluation of synthetic datasets to un-
derstand the quality of rankers. The experimental evaluation is useful for a theo-
retical study of the impact of the properties of rankers on the performance of the
aggregator. Our findings show that the choice of an optimal ranker is a balance of
robustness and information. An aggregator that disregards a lot of information is
robust to noise. We consider such aggregators as simple. However, as a simple ag-
gregator ignores a lot of information, it does not perform as well as a more complex
one in low noise cases. Another issue is the possible asymmetry between rankers,
which requires rankers that are robust to outlier ranks such as the median ranker.
The amount of robustness needed is a function of noise. As the noise becomes very
high, the information available in each ranker is reduced considerably. As a result,

more complex rankers become competitive again.



Given this complex equation involving the choice of the best aggregator, the
next question is how to determine the best aggregator for a specific scenario. To ad-
dress this problem, two metrics are introduced to measure noise and misinformation.
We show that these metrics can be used to correctly determine the specific noise and
misinformation scenario using the statistical framework. We show that by dynam-
ically determining the specific scenario and using the best ranker for this scenario,
we are able to improve over the performance of any of the known rank aggregation
methods. Our methods can be easily extended to real life settings where the ground
truth is not known. Our methods require very little user input for the training phase
and can be obtained implicitly by observing user behavior in a non-intrusive way.

We validate our results using real data in two different settings. First, we use
the TREC [69] data collection, which provides a large number of rankers that we
randomly sample. This data collection has relevance labels for each object. The
relevance judgments simply defines objects that are a possible match from those
objects that are not a match. However, as the relevance judgments are not ranked,
we can only evaluate them using the precision performance measure. The second
data set is collected from the Web by us using a large number of search engines.
In this case, we conduct a small user study to determine the relevance ordering of
select list of objects. We use this information to order the aggregation methods. In
both settings, we estimate the noise and misinformation and validate our ordering

of rankers.

1.4 Dissertation Outline

The rest of the thesis is organized as follows. Chapter 2 reviews the previ-
ous literature in searching, aggregation methods and user preferences. Chapter 3
outlines the appropriate background and terminology we use for the remainder of
this work. Chapters 4 and 5 describe rank-based and approximation aggregation
algorithms. In Chapter 6, we present the statistical framework for aggregation. An
evaluation of the statistical framework, which compares the algorithms presented in
Chapters 4 and 5, is conducted in Chapter 7. In Chapter 8, we develop methods to
dynamically adjust the rank aggregation method to the properties of the rankers.



Lastly, we summarize and conclude the dissertation.



CHAPTER 2
RELATED WORK

In this section, we review a selected collection of prior literature relevant to the study
of rank aggregation in information retrieval and database literature. A great deal of
work on merging ranked lists from different sources concentrates on the problem of
finding an aggregation method that performs well in a specific scenario. For example,
in information retrieval, the emphasis is on finding the best way to incorporate
information about different features of text into the final ranking [92, 108]. The
results are usually evaluated with respect to typical text collections and their specific
properties. Similarly, rank aggregation methods in meta-searching for the Web
concentrate on methods to capture the input rankers accurately or suppress noise
due to possible spam [53].

These aggregation methods typically treat all the rankers uniformly and do
not try to capture the differences among them. There is no work to our knowledge
that evaluates different ranking methods based on how well they behave with respect
to the characteristics of their inputs. Our work tries to capture the relationship of
input rankers to a possible ground truth. This approach allows the user to choose
between different and contradictory objectives of capturing the input rankers closely
or disregarding outliers. We also show that outliers exist in two dimensions of noise
and misinformation with different implications on performance. There is no known
work that approaches this problem.

In contrast with the existing work, we estimate the possible asymmetry or
difference of opinion between rankers explicitly and use this in aggregation. There
is some work on learning user preferences with respect to the input rankers [3, 75].
These methods typically require extensive training data for each user that may not
be available in many cases. In contrast, we develop aggregation methods that do
not require any user specific training data. To our knowledge, there is no work that
attempts to estimate and use the amount of noise and misinformation in the rankers

in rank aggregation.



In the following sections, we give the detailed description of the related work

in information retrieval, web search and personalization of rank aggregation.

2.1 Overview of Web Search

Ranking and rank aggregation are common methods employed in Web search.
The information accessible on the Web is normally considered as a set of documents,
each document containing a collection of text and other media elements that are
linked to it. There are two main types of web documents: static and dynamic.
A static web page is structured in a narrative style with possibly additional nav-
igational elements. Generally, a link in a page carries an anchor text, which has
relevant information about the page. A dynamic web page contains information
that is usually extracted from a database upon request. Many dynamic web pages
are part of the “Deep Web” [19], which is not indexable by search engines.

Web documents are described using the textual contents as well as its location,
such as title, author, meta tags or body. The importance of a keyword in a Web
document can be determined by the stylistic elements including its font size and
type. Any dynamic properties of the Web site, update frequency, amount of time
it has been online or number of hyperlinks pointing to the page from the outside
world, are used to judge the quality of the Web page. Generally, the content and
the importance of a Web page are considered to understand its relevancy when
answering a user query against a search engine.

The structure of the Web is generally considered to be a graph G = (V, E)
where the Web documents are vertices (V) and the hyperlinks between two Web
documents are edges (E). This directed graph may have parallel edges between two
nodes in contrast with usual graphs. The structure of the Web is a lot richer in
practice, each document contains text as well as many other types of objects. The
part of the Web that is indexable by search engines corresponds to a subset of this
structure that can be referred to as a collection of documents with links between
them.

Since Web documents can be constructed by any person for any reason, the

size of this graph G is very large and growing constantly. In order to facilitate the
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discovery of Web information, users can search the Web via search engines and meta-
search engines in finding the desired information. These engines normally allow a
user to enter a search query, comprising of at least one keyword, and locate the
Web documents that best match the search query and have the best quality. Search
engines and meta-search engines concentrate not only on relevance of a document
returned for the query, but also the underlying quality of the information that is
available.

With the possibility of multiple interpretations of keywords, search engines
have difficulty distinguishing which definition is desired and which documents to
return to the user. Some research on engines have incorporated clustering techniques
to separate and label the various meanings of the query. SnakeT [58] is a hierarchical
clustering search engine that organizes the query results such that the information is
easier to find for the user. The classification of a Web document is done through web
snippets. Labels or folders are constructed for the clustered Web documents based
on the common phrases observed. Their algorithm is able to construct a compact and
balanced hierarchy of folders that may be overlapping since Web documents can be
applicable in a number of settings [119]. Chakrabarti et al. [33] categorizes the query
results in a database by constructing a hierarchy of labels that the user can choose
to explore or ignore. The labels are organized automatically based on the contents
of the tuples in the answer set. The hierarchy is designed to be balanced in order to
minimize the information overload contained within each label. The authors develop
an extensive experimental methodology to examine the benefits of categorization
after defining the cost model and workload characteristics estimations.

The work in clustering search engine results has led to the emergence of
question-answering systems in which there exists a correct solution. The Tritus
system [2] is developed to transform questions to query phrases and learns how to

answer the questions.

2.1.1 Information Retrieval

The natural question in web search is how to retrieve documents matching

the keywords. This problem has many solutions developed into the research field of
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information retrieval. However, it also offers many new challenges specific to web
searching. Information retrieval (IR) is a mature research area that aims to index
and search a large corpora of text, image and other media. It has foundations in the
late 1960’s with the work of Salton [108] for determining the relevance of documents
to keyword queries. IR systems aim to rank documents in a text collection based on
their relevance to a query. The models used range from those that view documents
as bag of terms to those that consider the narrative style based on natural language
processing. In more recent prior research has extended to the search of multimedia
documents and other forms of media such as images and video.

One of the widely used models for information retrieval is the vector space
model [92]. This model represents documents and queries as vectors in high-
dimensional space, in which each dimension denotes a word in the collection. The
answers to the query, in sorted order, are determined by a distance function, e.g.
cosine, influenced by the frequency count for the keywords in those documents Not
all words in a document are represented in the vector space model. A stop list of
English grammatical words such as and and the can be ignored since they have high

occurrences and does not have semantics contributing to the retrieval.

Relevance Feedback. The amount of information available in information re-
trieval systems causes users to have difficulty discovering the data most relevant to
the query. In some cases, users know exactly what information they are looking for
but the query does not represent their interests well. The user can judge the re-
turned results as relevant or irrelevant. Then, the system alters its ranking strategy
based on the user input, which better aligns with the user’s judgment. Feedback
can be given explicitly by the user, however it may be very difficult to obtain a
large amount of useful feedback, or implicitly through observing user behavior to
infer which documents are relevant to the user. Relevance feedback learns how to
answer these queries uncovering the appropriate results through the training data
and performing experiments on the testing data.

The original relevance feedback algorithm initializes the initial query with a

set of terms and relevance judgments. Allan [5] investigates relevance feedback
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protocols under the assumption that there is a continuous arrival of documents,
queries are long-lived ,e.g. repeatedly executed, and the relevance of a document
is binary (either relevant or irrelevant). The author modifies the initial relevance
feedback algorithm by incrementally feeding back only a fraction of the training set
to the system. Each keyword that appears in the relevant documents are ordered
with respect to the number of times the keyword occurs in the relevant documents.
The re-ranking of the terms is computed using the Rocchio formula, which is wgyery +
2 % Wyep — % * Wyponrer Where wy is the weight of the term for the query, relevant or
irrelevant documents. The Rocchio formula is used in lieu of other better performing
algorithms since it is simple and relatively effective.

Chakrabarti [34] introduces a method to improve relevance feedback for Web
documents by means of a measure called the Jaccard coefficient. The objective of
the Jaccard coefficient is to remove the duplicate documents in the query results.
The degree of overlap between two documents is computed as a ratio of the number
of shared keywords to the number of keywords processed. If the overlap is large,
then the documents are similar to each other and only one document needs to be
returned for the relevance feedback.

User feedback is also a key component for Beitzel and Lewis [17] who develop
a rule-based automatic classifier using preferences to categorized queries in order to
more efficiently and effectively retrieve results to users. In addition to user feed-
back, exact matching is also applied to return more accurate results that can not
be retrieved from using either method individually. The preferences are head-tail
pairs of keywords for disambiguation and easier semantic interpretation even though
query lengths are a short 2 or 3 keywords. Another approach to learning how to
rank objects is done by Bifet et al. [24], which conducts a statistical analysis using
logic regression, support vector machines and binary classification. The properties
of search engine results are collected in which the method of learning results are
compared to Google. Their results showed that the binary classification approach
categorizes the results correctly for both the training and all experiments; however,

the dataset was small and needs to be tested more extensively.



13

Inclusion of Personalization. The personalization of queries, and their answers,
is a way to discover and remember the results that are useful to the user at a
specific time. Personalization allows users to restrict their search space and direct
the retrieval. Instead of processing the query and allowing the user to further search
for the results aligning with her interests, the user’s preferences are considered as
well so the results are hopefully fewer and more accurate.

Personalization can be achieved through leveraging the implicit user prefer-
ences and re-rank the query results within a relevance feedback system [113]. A
study of search algorithms of a user’s past actions is done to personalize the cur-
rent web search. The targeted queries are those with many interpretations and
prior research relies on well-formed user profiles and well-defined representation of
knowledge. The authors investigate the corpus representation, user representation
and document or query representation. The corpus representation estimates the
total number of documents in the collection and number of documents that include
a specific keyword. The user representation estimates the number of documents
which relevance feedback has been provided and the number of these documents
that contain the specific keyword. The document or query representation is what
keywords are summed over. The performance evaluation used the measures defined
in [74], called discounted cumulative gain. The results conclude that the more data
used to represent the user, the better the answers. The richer document or query
representations also provides better answers.

An ideal ranking consists of an ordering of the highly relevant, relevant, and
irrelevant results where ties are broken using a ranking distance function or error
measure, such as Kendall-tau, that we will discuss in a subsequent section. When
a comparison of the web ranking, personalized ranking and ideal ranking, both
the web and personalized ranking are close to the ideal ranking but not to each
other implying that the web and personalized rankings are good in their own way.
The relevance feedback system gives personalization “freshness” since interests may
change over time but the corpus, user and document or query representations are

difficult to estimate and depends on the sources of the information.
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2.1.2 Query-information need

Most search queries are simple list of keywords assumed to be connected by an
‘OR’ connective. Most search engines support more advanced search options ranging
from exact search phrase matching to other boolean connectives. The search results
are typically a list of web pages ordered with respect to their relevance. However,
some search engines distinguish resources that contain many useful links[114, 83].
It is also possible to create a summary of the search results by clustering them
into subject headings to help users locate the specific topic of interest from their
query [119].

Meta-search engines support the same type of queries as regular search engines
and may provide similar results. The main difference is that they may not have their
own index of the Web but access other search engines for their results. This has
the advantage of increasing the coverage over that of a search engine [122]. By
integrating the rankings of search engines, it is able to evaluate documents not
strictly based on the text content but also the similarities with other search engines.

One of the problems specific to Web searching is rank manipulation. The
notion of spam [47, 49, 59] or junk first referred to unsolicited emails and then
became synonymous with Web documents that appear relevant to a specific query
based on the ranking strategy but are judged irrelevant by users. Research has
concentrated on identifying spam either by the textual content, Web document
structure or by the structure of the Web graph surrounding the spam page. Fetterly
et al. [59] perform a rigorous statistical analysis of over 550 million Web pages by
recording information about each URL. Their results showed that some web spam
are machine-generated with easily identifiable distribution of in-degree and out-
degree from those of human-made Web documents. Most often sites manipulate
their page or site content to increase their prominence to gain a larger audience for
their site. Most quality judgments used by search engines are engineered to reduce

the probability of sites from achieving undeserved rankings such as [18, 110].
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2.1.3 Link Analysis

Before discussing merging algorithms that are designed specifically for ranks
or relevance scores, we would like to discuss a general technique, called link analysis,
that has been used to organize the information returned by search engines. Link
analysis is a feature used in ranking for Web documents. The algorithms that make
use of link analysis treat the Web as a structured graph of pages, edges indicating
hyperlinks between documents. They make use of methods found in social network-
ing [94] for analyzing social structures, citations of documents and modify these
methods to judge the importance of a page by the number of pages that link to
it. These methods can be roughly classified into general webpage ranking [28] and
query-dependent ranking [83] methods. They rely on the social nature of the Web
assuming that if a webpage is useful, it is likely that many people will link to it. In
this respect, a link is treated as a vote for a specific page over all the others.

The PageRank [28] algorithm ranks all documents to compute a single impor-
tance value called the pagerank of that page. This measure models the behavior
of a random surfer when at a specific page either chooses among the links on that
page uniformly at random, or stops navigating and jumps to a page on the Web
uniformly at random. The probability of navigation « determines how much the
graph structure influences the PageRank values. If a = 0, then all pages have the
same PageRank value. If 0 < o < 1, then PageRank value is determined by both
factors. Kleinberg [83] instead proposes a query-dependent method. In this method,
first a query specific subset of the Web is constructed by querying a given search
engine on that topic. This method assumes that there are two types of pages on
the Web called hubs and authorities. A hub page contains links to pages with good
content (high out-degree) and an authority page contains useful information (high
in-degree). Hence, if a hub points to good authorities, then it is a better hub. Simi-
larly, if many good hubs points to a page, then it is a good authority. Based on this
self-reinforcing assumptions, a measure of hub and authority quality is computed
for all pages in the given subgraph. Since the graph is constructed for each query,
this is a more costly approach.

Both approaches to ranking have their strengths and limitations. Bharat et
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al. [21] outline three prevalent problems associated with Kleinberg’s connectivity
analysis algorithm. The first problem encountered is the mutually reinforcing re-
lationships between hosts. The hub scores assigned to documents are based on
many interconnected documents linking to a single document. In the same man-
ner, some high authority scores are given since one document constructs links to
many interconnected documents. The Mutually Reinforcing Relationships Between
Hosts problem exploits a certain organization of documents that heavily dominate
the computation. The second problem is automatically generated links. Some Web
documents are generated by other web services and as a by-product the web service
will generate a link to itself from the the newly generated Web document. The
third problem concerns non-relevant nodes. The appearance of non-relevant nodes
tends to occur when popular documents are retrieved in the results but have little
connection with the query.

Similarly, it is generally hard to construct a topic-specific graph by following
the links in pages since the topic tends to shift quickly. In a more recent study,
Bharat et al. [22] propose their Hilltop ranking scheme for popular topics which
highly ranks the most authoritative pages on a query topic. The scheme operates
under the notion that the experts on a subject can be located, where an expert
provides unbiased recommendations and points to a number of documents with
maximal disjoint connected subgraphs on the query topic. Thus, the mutually
reinforcing relationships between documents would be minimized. These experts
are located during a preprocessing stage and become a subset of the documents
in the search engine’s index. A page is considered an authority if some threshold
number of experts on the query topic point to it. The results, in general, revealed
that a more detailed classification of authority documents returned the desired Web
document as rank 1. For the lower ranks, Hilltop performed similarly to one of the
commercial search engines.

Local link information, such as in [83], only retrieves and orders documents
associated with a specific search query whereas global link information orders doc-
uments based on the data collection first, such as in [28], then retrieves the relevant

documents accordingly. Calado et al. [32] examines and compares the use of local
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link information to global link information when answering a search query. The
authors address the precision of the top-10 documents and show that the global link
information improves precision while the local link information improves precision
for documents ranked greater than the top-10, in the general case. The experiments
only consider the precision error measure and gains that can be achieved in the
number of common Web documents. The authors also compare combinations of
local and global link information from the content of the web documents. The re-
sults show that a combination of content-based and linked-based sources give better
retrieval results than using the methods individually.

SALSA (Lempel et al. [87]) is a stochastic version of the Kleinberg’s connec-
tivity analysis and prevents the effects of the mutually reinforcing relationships.
Borodin et al. [26] expand upon the work of Kleinberg and introduce a theoreti-
cal framework for link analysis ranking. The authors present several link analysis
ranking algorithms that are compared and assess of the quality of these algorithms
through an extensive experimental evaluation. The algorithms proposed in this
work provide a range of methods such as selecting the best hub or authority at each
iteration, Bayesian methods or a simple in-degree operator.

PageRank is an algorithm that has been heavily researched to address specific
issues and the research that proceeded the introduction of PageRank uncovers cer-
tain limitations of this algorithm and make attempts to resolve them. For example,
Topic-sensitive PageRank [65] constructs a number of PageRank measures for each
page in advance based on some pre-determined topics. Then, at query time, the
relevance of each topic to a query is determined and used to combine these mea-
sures. The authors also claim that the topic sensitivity can be used to reduce the
impact of heavily linked documents receiving a higher rank. Tomlin [115] compares
its TrafficRank algorithm, which represents the traffic flow (incoming and outgoing
edges) of the Web to determine the hotness or entropy maximization of documents,
to the PageRank algorithm. The documents with large amounts of “traffic” are
deemed to be important. The TrafficRank concentrates on the outgoing links while

the PageRank focuses on the incoming links. When examining documents that are

found deeper in the hierarchy (level 1 = /X/Y/, level 2 = /X/Y/Z/, etc), Traffi-
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cRank produces comparable values to those observed by PageRank as more levels
are considered in the documents.

Eiron et al. [54] address the problem of dangling nodes or link rot associated
with documents that are linked to by other documents but have been moved or
no longer exist. The PageRank algorithm either disregards these nodes or assigns
an undeserved high PageRank value to these pages. To resolve this problem, a
penalty propagating backwards is applied for dangling links, hence decreasing the
importance of pages that contain such links. They also suggest variations of the
PageRank algorithm, called HostRank and DirRank, that assigns importance to
individual sites instead of webpages to address some of the issues associated with
the vulnerability of PageRank to manipulation of links. Other works on link analysis
can be found in [23, 89] where the stability of the PageRank values and the ranks

computed from these values are examined.

2.1.4 Evaluation

There are several evaluation techniques used to access the relevance of doc-
uments in both IR and Web search. The best methodology for evaluating search
engines is to perform experiments on the search engines themselves. Jansen et al. [73]
analyze logs of real user queries against the search engine Fzcite. The authors in-
vestigate a multitude of factors including the queries, sessions and keywords. Their
experiments reveal the mean number of search terms for a search engine (2.21) was
much lower than traditional information retrieval systems (7-15). In addition, users
only viewed the top-20 results in nearly 77% of requests. Queries that are not in-
dependent of each other should be viewed in tandem. The study also examines the
components of consecutive queries by the same user as well as keyword frequency.
Jansen et al. observe that Web search users are quite different from the traditional
information retrieval system users. The users of information retrieval systems are
usually aware of what information exists in the system and have a good idea of what
information they would like to retrieve. A Web information retrieval system needs
to be designed to cater to its search users.

The duration of a document in a search engine’s database provides a greater
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likelihood of this document to be returned. Search engines also have to consider how
to assess document popularity, which is also strongly connected to the document’s
quality. In Cho et. al. [41], the research concentrates on identifying the impact of
search engines on the popularity and evolution of Web documents. In addition, the
researchers estimate the time needed for a new Web document to become signifi-
cantly popular by search engines. As an extension of this research, page quality [42]
is proposed as a new ranking metric that finds the high quality pages early in the
execution in order to remove the popularity bias. The quality of a page is measured
by the conditional probability that a user likes the Web document when observed
the first time. Since the page quality is difficult to construct, the current popular-
ity of the document where its popularity contributes to the estimation of the page
quality. The authors consider their page quality definition and estimator as a third
generation ranking metric with an emphasis on understanding the evolution and
change in the link environment. In another approach, Pandey et al. [100] examine
the effects of performing partial randomization of query results. The newly-created
but highly relevant Web documents are not viewed by users since the focus is on
the top-10 results. An algorithm then interjects a percentage of these newly-created
but highly relevant Web documents randomly in the result set and shows that new

pages will be located faster over the traditional link building method.

Assessing Quality of Rankings. The quality of rankings can be evaluated typ-
ically using precision and recall measures [108]. Both of these measures are well-
known methods in information retrieval literature based on the notion that the
documents that are relevant to a query are known in advance. Precision is defined
as the proportion of received documents that are relevant. Recall is defined as the
proportion of relevant documents that will ever be returned. Researchers capture
the precision and recall of a search query through a precision-recall curve. The ob-
jective is to have precision and recall both equal to 1. However, these two measures
generally require balancing opposite trade-offs. Precision and recall are the basic
foundation methods of evaluating search. However, most search engines target pre-

cision as their primary objective since the number of relevant documents is usually
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too high for a user to process. TREC-style average precision (TSAP) as used by
Lu et. al. [91] considers the location of the relevant documents such that the i
Web document receives a value of % if it is relevant, otherwise the value is 0. The
values are then averaged. TREC-style average precision is similar to precision but
incorporates the positional information.

Jarvelin [74] introduces new evaluation methods, the cumulated gain and
cumulated gain with discount measures, and compare them with precision-recall
curves. The cumulated gain measure assigns a relevance score to each Web docu-
ment, which is the sum of ranks up to that particular document. The cumulated gain
with discount is a modified version of the cumulated gain measure that also incorpo-
rates a discounting function in the document’s score since a document becomes less
valuable if placed deeper in the ranked list. This discounting function is to divide
the document value by the logarithm of its rank. The case study demonstrates that
the cumulated gain-based measurements provide richer information for evaluation
and the tradition precision-recall curve, in which relevance scores are either 0 or 1,
may be too lenient and not able to properly distinguish relevant documents from
irrelevant documents.

Buckley [31] introduces bpref which makes use of the relevant documents asso-
ciated with a topic by computing the average number of documents that are ranked
above the set of relevant documents. They compare bpref with several variations of
the precision and recall measures and shows cases where it outperforms the tradi-
tional precision and recall. Bpref is developed for the cases when information is not
complete and considers incomplete and imperfect information.

Vaughan [118] tackles the definition of recall, which is a subjective measure
with many interpretations since the universe of relevant documents is unknown.
The discovery of additional relevant Web documents require deeper traversal of the
query results therefore adversely affecting the precision. Vaughan also proposes two
measures that are counterparts to the widely-used precision and recall. Vaughan’s
precision is the quality of result ranking, which is measured by the correlation be-
tween search engine and human ranking. The Spearman rank-order correlation

coefficient is computed, where the higher the correlation coefficient indicates that
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the search engine ranking is closer to the human ranking. The Spearman rank-order

correlation coefficient [50, 51], also known as the footrule distance, is defined as

»D?
L - Nx(N—1)

and N refers to the number of objects. Vaughan’s recall is the percentage of top

where D is the difference between an object’s ranks in two rankings

ranked documents that are retrieved. This modified recall makes an assumption
that a portion of the retrieved Web documents are relevant, then we can calculate
the top-K. This research assumes that the Web documents needed to accurately
compute the precision, recall or one of their variations is available to the search
engine for evaluation.

In addition to precision, recall and footrule, a popular method to evaluate
search engine rankings is through the Kendall-tau and footrule measurements. The
Kendall-tau distance compares two rankings and determines the degree of sorted-
ness. The Kendall-tau measure performs pairwise comparisons of the rankings where
a disagreement is assigned a penalty of 1 and 0 otherwise. Ideally, we would like to
have each document relevant to the query in its correct position. The objective is to
have the minimal number of disagreements between two rankings. A more elaborate
discussion of these evaluation methods will occur in a subsequent chapter.

The previously mentioned algorithms perform experiments on static result
sets and query logs. However, the content of the Web changes daily. This calls into
question the validity of the claims and observations over time. Bar-Ilan [11, 12]
conduct extensive experimentation of search engine performance on a weekly basis
and compare results to previous weeks. The results reveal how specific search engines
behave for the same set of queries on a weekly basis where the documents are no
longer viewed as static but may be altered over time, removed or newly introduced
to the search engine’s indexing system. The documents are analyzed over time where
properties are measured such as relevance, weekly precision changes and number of
forgotten or dropped documents. The tests did not provide significant insights of
search engines in a week-by-week comparison. However, the rankings on AlltheWeb
were, in general, stable during the weekly experiments. Google, on the other hand,
observed constant but local changes in the positional order of Web documents due

to the fluctuations of search engine’s index and influx of new Web information.
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Interestingly, the number of overlapping Web documents was low; hence difficult to
perform a proper analysis.

Vaughan [118] uses human subjects to evaluate search engine performance by
balancing the precision and recall measures. The author compares human ranking
to rankings returned by a search engine. The use of human subjects comes with
the caveat that humans are not experts for all search queries where their opinions
are subjective in which the definition of an expert is ambiguous. In the case of
Vaughan, human ranking is time-consuming, where the human ranking is an agreed
upon rank of each Web document. The quality of result ranking indicates that
the correlation between Google and the human ranking was the best when using
the Spearman correlation coefficient. Google is shown to be the best search engine
for retrieving the most relevant pages in this study and has the most stable search

engine performance.

Assessing Availability and Cost of Retrieval. All the algorithms we discussed
earlier consider the ranked list are already in memory before aggregation. In the
literature [36, 57, 116, 30, 52|, monotonic aggregation functions that incorporate
weights are used to represent different ranked lists. A monotonic aggregation func-
tion satisfies f(x1,2a,...,2n) < f(2],25,...,2,) wherever each z; < z,. However,
in some cases retrieving large ranked lists may be very costly. The following algo-
rithms approach this problem.

The medrank [56] algorithm approximates the median rank of a set of rankings
by first sorting the ranked lists with respect to arbitrary random vectors. Then,
these lists are read in sorted order and the median is calculated when the rankings
are found in 50% of the lists. The Threshold (TA) and No Random Access (NRA)
algorithms, which are improvements on Fagin’s Algorithm (FA) [90], operate on
systems where objects can be retrieved either with ranke