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ABSTRACT

The amount of non-English information has proliferated rapidly in recent years. The
broad diversity of the multilingual content presents a substantial research challenge in the
field of knowledge discovery and information retrieval. Therefore there is an increased
interest in the development of multilingual systems to support information sharing across
languages. The goal of this dissertation is to study how different techniques and
algorithms could help in multilingual Internet searching and browsing through a series of

case studies.

A system development research process was adopted as the methodology in this
dissertation. In the first part of the dissertation, I discuss the development of CMedPort, a
Chinese medical portal to serve the information seeking needs of Chinese users. A
systematic evaluation has been conducted to study the effectiveness and efficiency of
CMedPort in assisting human analysis. My experimental results show that CMedPort
achieved significant improvement in searching and browsing performance compared to

three benchmark regional search engines.

The second and third case studies aim to investigate effective and efficient techniques
and algorithms that facilitate multilingual Web retrieval. An English-Chinese

multilingual Web retrieval system in the business IT domain was developed and
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evaluated. It was then extended into five languages: English, Chinese, Japanese, German
and Spanish. A dictionary-based approach was adopted in query translation. Corpus-
based co-occurrence analysis, relevance feedback, and phrasal translation algorithms
were used for disambiguation purposes. Evaluation results showed that the system’s
phrasal translation and co-occurrence disambiguation led to great improvement in
performance. The last part of this dissertation studies proper name translation problem.
Proper names are often out-of-vocabulary terms and are critical to multilingual Web
retrieval. This study proposes a combined Hidden Markov Model and Web mining model
to automatically generate proper name translations. The approach was evaluated on two
language pairs: English-Arabic and English Chinese. My results are encouraging and

show promise for using transliteration techniques to improve multilingual Web retrieval.

This dissertation has two main contributions. Firstly, it demonstrated how information
retrieval, Web mining and artificial intelligence techniques can be used in a multilingual
Web-based context. Secondly, it provided a set of tools that can facilitate users in their

multilingual Web searching and browsing activities.
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CHAPTER 1

INTRODUCTION

1.1 Background

Rapid growth of the World Wide Web has produced a wealth of information in almost
every major language, making the Internet a truly multilingual world. A report published
by Internet World Stats (http://www.internetworldstats.com/stats7.htm) in March of 2006
showed that the majority of total Internet users are from non-English speaking areas
(69.4%). Furthermore, the population of non-English-speaking Internet users is growing
much faster than that of English-speaking users. Asia, Africa, the Middle East and Latin
America are the areas with the fastest growing online population. As a result, study of
Internet searching and browsing support has become an interesting and challenging

research problem in a multilingual world.

Internet users often face an information overload problem (Blair and Maron, 1985). A
search employing a general-purpose search engine such as Google can result in thousands
of hits. This problem is particularly serious for non-English-speaking users because most
Internet searching and browsing techniques are developed for speakers of English. The

wealth of information available on the Internet has led to much research directed toward
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developing techniques to support non-English information retrieval and knowledge

discovery.

On the other hand, it is often difficult for an English speaker to access non-English
content on the Web. In general, it is difficult for a user to retrieve documents written in
a language that is not spoken by that user. As a result, retrieval from the Web of
documents in different languages presents a very interesting and challenging research

problem.

1.2 Web Search in Non-English Languages

Because the number of non-English resources available on the Web is increasing rapidly,
developing information retrieval techniques for non-English languages is becoming an

urgent and challenging issue.

Major search engines have provided search support in both English and non-English
languages. Several Web search engines such as Google, Yahoo!, and AltaVista can
handle multiple languages in addition to English and can specify the target language of
the documents to be retrieved. Google currently supports searching in more than 100
languages. Yahoo has local sites in 25 different languages or regions. AltaVista provides
searching in 25 languages. Google and AltaVista also provide machine translation

services for certain languages. In addition to providing easy access to more than 3 billion
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Web pages, Google has many special features such as cached links, site search, link
search, Web page translation, stock quotes, and more. Yahoo, the first human-compiled
directory-based search engine, offers search results with directory-category links that
have been reviewed by human experts. Microsoft’s MSN Search provides a blend of
human-powered directory information and crawler coverage different from any of the
other top choices listed. It uses a Looksmart-powered directory, with secondary results
from Inktomi. Other popular search engines in English include AltaVista

(http://www.altavista.com), AOL (http://search.aol.com/), Ask Jeeves

(http://www.askjeeves.com), HotBot (http://www.hotbot.com), etc. A number of these,

such as Google, AltaVista, and Yahoo, have gradually expanded their services to non-

English speakers.

However, there still exists a technology gap between systems in English and those in
other languages which contributes to an information gap in various areas. Many Internet
searching and browsing support techniques have been shown to be effective for English
search engines, including meta-search (Chen et al., 2001; Meng et al., 2001; Selberg and
Etzioni, 1995), document categorization (Chen et al., 2001; Hearst and Pedersen, 1996;
Zamir and Etzioni, 1999), and summarization returned (McLellan et al., 2001; McDonald
& Chen, 2002). Similar technologies for non-English languages are not as well developed.
This is mainly due to the fact that non-English content brings many challenges that
existing English-based information retrieval techniques do not address. For example,

there are no explicit word boundaries in Chinese, making existing English indexing and
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searching techniques not directly applicable in Chinese information retrieval systems.
There is a desire to study how to generalize these techniques to non-English languages to

support human information seeking.

1.3 Multi-lingual Web Retrieval

Although some online search engines have moved toward offering multilingual support,
from the user’s perspective these search engines are essentially a collection of
monolingual search engines. There are a wide variety of circumstances in which a reader
needs to search for documents in totally unfamiliar languages, for example, companies
seeking international business opportunities, researchers seeking references and
information on a particular topic, intelligence agencies researching global intelligence,

etc.

Multilingual information retrieval (MLIR) appears to be a promising approach to
addressing that problem. Multilingual Information Retrieval is the study of responding to
a query by searching for documents in other languages (Hull and Grefenstette, 1996).
MLIR is an extension of Bilingual Information Retrieval (BLIR), where target documents
are in a single language that is different from the query (Chen et al., 2002). Both
multilingual and bilingual retrieval are sometimes referred to in a broad sense as Cross-
lingual Information Retrieval (CLIR). While bilingual information retrieval has been

studied more extensively in different-language pairs such as English-Spanish, English-
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Chinese, and English-Arabic, multilingual information retrieval has not been widely

considered.

Most reported approaches translate queries into the document language, and then perform
monolingual retrieval. There are three main approaches in MLIR: using machine
translation, a parallel corpus, or a bilingual dictionary. The machine translation-based
(MT-based) approach uses existing machine translation techniques to provide automatic
translation of queries. The MT-based approach is simple to apply, but the output quality
of MT is still not very satisfying, especially for western and oriental language pairs
(Sakai, 2000; Aljlayl et al. 2002). A corpus-based approach analyzes large document
collections (parallel or comparable corpora) to construct a statistical translation model
(Xu & Weischedel, 2000; Nie et al., 1999). Although the approach is promising, the
performance relied largely on the quality of the corpus. Also, parallel corpora are very
difficult to obtain, especially for western and oriental language pairs. In a dictionary-
based approach, queries are translated by looking up terms in a bilingual dictionary and
using some or all of the translated terms (Ballesteros & Croft, 1996; 1997; Oard and
Wang, 2001). This is the most popular approach because of its simplicity and the wide
availability of machine-readable dictionaries. Much research work has been reported and

evaluation results have, in general, been satisfactory.

Most MLIR research has used standard Text REtrieval Conference (TREC) collections,

predominately news articles, as their test set, but little research has investigated Web-
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based MLIR systems. Because, as several researchers (Kando, 2002; Oard, 2002) have
suggested. operational applications will be the next step in MLIR research, a need to
study how to integrate MLIR techniques into a multilingual Web retrieval system has
arisen. While traditional MLIR techniques are promising, they cannot be employed
directly in Web applications. Several factors make multilingual Web retrieval different
from traditional MLIR research. First, Web pages are more unstructured and are very
diverse in terms of document content and document format (such as HTML or ASP). As
a result, Web pages are typically much “noisier” than such standard collections as news
articles and therefore need extensive work in document pre-processing. Second,
traditional MLIR usually focuses on effectiveness, measured in recall and precision,
whereas efficiency also is important to end users in Web retrieval scenarios. If a single

search were to last for more than a few minutes, a user would probably lose interest.

1.4 Translation of Proper Names

In multilingual retrieval, queries often involves unknown words that cannot be found in
dictionaries, known as out-of-vocabulary (OOV) terms (Chen and Lee, 1998). Most of
these OOV phrases are proper names and are some of the most difficult phrases to
translate (Al-Onaizan and Knight, 2001). Proper names, such as organizations, company
names, product names, and person names, play an important role in search queries (Bian
& Chen 2000). It was reported that 67.8%, 83.4%, and 38.8% of queries to Wall Street

Journal, Los Angeles Times, and Washington Post respectively involved name searching
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(Thompson and Dozier 1997). During translation between language pairs which employ
the same alphabets (e.g., English/Spanish), proper names stay the same. For language
pairs employ different alphabets (e.g., English/Arabic), proper names are translated
phonetically, referred to as transliteration. For example, President “George Bush” is

transliterated into Chinese as “7¥ i Afiff” and the company name “SONY” is

transliterated into Arabic as “s+.” Being able to identify correct transliterations of
proper names as well as identifying the origin of transliterated words would largely affect
the precision of multilingual Web retrieval and would be beneficial in machine
translation systems or Question Answering systems as well. While the identification of
proper names has received significant attention, transliteration of proper names has not

(Al-Onaizan and Knight, 2002).

Previous transliteration models can be categorized into four approaches: a rule-based
approach (Darwish et al., 2001; Kawtrakul et al., 1998; Wan and Verspoor, 1998), a
machine learning approach (Arbabi et al., 1994), a statistical approach (Knight and
Graehl, 1997; Meng et al., 2001; Al-Onaizan and Knight, 2002; AbdulJaleel and Larkey,
2002) and a Web mining approach (Goto et al., 2001; Lu et al., 2004). A statistical
approach is the most promising approach. It does not rely on rules or heuristics; training
data can be obtained fairly easily; and it has achieved reasonably good accuracy in

previous research.
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Several research gaps have been identified in transliteration. First, little transliteration
research has considered context information in the transliteration model. Second, most
previous research studied only one pair of languages. However, alphabet-based languages
and character-based languages have many different features that need to be considered in
transliteration process. It is a challenge to develop a generic approach for name

transliteration to support knowledge discovery in a multilingual content.

1.5 Research Framework

Traditional MLIR techniques have not been widely used and evaluated in Web

applications. To address these issues, three research questions have been posed:

1. How can I develop a generic approach to facilitating Internet searching and
browsing by integrating selected search engine and post-retrieval analysis
techniques for non-English content?

2. How can I develop a generic approach for a multilingual Web retrieval system
that incorporates both European and Asian languages?

3. How can I develop a translation model that addresses out-of-vocabulary proper

nouns in multilingual Web retrieval?

The system development research process described in Nunamaker et al. (1991) has been
adopted to study these research questions. Following this methodology, several prototype

systems were developed and evaluated. Each system investigates the research questions
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by studying how users interact with them and the techniques incorporated. Chapters 2, 3,
4, and 5 will present several system prototypes that have been designed, implemented and

evaluated to address those research questions.

In Chapter 2, I present my work in CMedPort, a Chinese Web portal in the medical
domain that not only allows users to search for Web pages from local collections and
meta-search engines but also provides encoding conversion between simplified and
traditional Chinese to support cross-regional search and document summarization and
categorization. User studies were conducted to compare the effectiveness and efficiency

of CMedPort with those of three major Chinese search engines.

Chapter 3 presents my research in developing and evaluating a multilingual English-
Chinese Web portal that incorporates various CLIR techniques for use in the business
domain. A dictionary-based approach was adopted and combines phrasal translation, co-
occurrence analysis, and pre- and post-translation query expansion. The portal was

evaluated by domain experts, using a set of queries in both English and Chinese.

Chapter 4 extends techniques and algorithms used in Chapter 3. I present the design and
evaluation of a multilingual Web portal in the business domain in English, Chinese,
Japanese, German and Spanish. Web pages relevant to the domain were collected. Search
queries were translated using bilingual dictionaries while phrasal translation and co-

occurrence analysis were used again for query translation disambiguation. Western and
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Eastern language features and influence of linguistic resources on performance are

discussed.

In Chapter 5, I describe a generic proper name transliteration framework which
incorporates an enhanced Hidden Markov Model (HMM) and a Web mining model. I
improved the traditional statistical-based transliteration in three areas: 1) incorporated a
simple phonetic transliteration knowledge base; 2) incorporated a bigram and a trigram
Hidden Markov Model (HMM); 3) incorporated a Web mining model that uses word
frequency of occurrence information from the Web. The framework was evaluated on

two different language pairs, English-Arabic and English-Chinese.

Chapter 6 summarizes contributions of this dissertation and suggests future directions.
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CHAPTER 2

SUPPORTING MULTI-REGIONAL INFORMATION SEEKING:

A STUDY IN THE CHINESE MEDICAL DOMAIN

2.1 Introduction

As discussed in Chapter 1, the Web is growing exponentially and information on it has
become increasingly diverse and comprehensive. Online information in languages other
than English is growing even faster. A recent report shows that the non-English online
population has exceeded the English online population [Global Internet Statistics.
http://www.glreach.com/globstats/]. Globalization has been a major trend of the Internet.
However, most research in information retrieval (IR) has involved only English language
programs. As non-English speakers wish to access information in their native languages,
there is a need to study how to facilitate information seeking in a multilingual world. As
the second most popular language online, Chinese occupies 10.8% of Internet languages
(China Internet Network Information Center, 2003). It would be desirable to take
Chinese as an example to study how techniques used in English IR could facilitate IR in

other languages, because Chinese differentiates from English in many aspects.

While the Web provides convenient information searching, users often face an

information overload problem (Blair and Maron, 1985); a search employing a general-
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purpose search engine such as Google can result in thousands of hits. This problem is
even more serious for non-English-speaking users because most Internet searching and
browsing techniques are developed for speakers of English. A generic approach to

facilitating Internet searching and browsing in any language is sorely needed.

Other than information overload, there are also some additional problems specifically
faced by non- English speakers. As the second most often used language on the Web,
Chinese provides a good example. Chinese users in mainland China, Hong Kong, and
Taiwan make up 12.2% of the total world online population. Although Internet users in
these 3 regions share enormous common information needs, Chinese search engine
developers usually find it difficult to provide information from all regions because of
problems such as the diversity of data sources and encoding differences. This greatly
hinders information sharing among users from different regions. A generic Internet

searching and browsing approach is needed to address these problems.

In this research, I propose an integrated approach to facilitating Internet searching and

browsing in non-English languages. I developed an experimental Chinese medical Web

portal, called CMedPort (http://ai30.eller.arizona.edu:8080/gbmed), based on my
proposed approach. I also conducted user studies to evaluate the performance of the

proposed approach in assisting human information seeking behavior.
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The remainder of the chapter is structured as follows. Section 2.2 reviews related
research, including studies on information seeking behavior, technologies that support
searching and browsing, and search engines and medical portals in English and Chinese.
In Section 2.3, I present my research questions. Section 2.4 describes my research
testbed. In Section 2.5, I propose a generic framework to support information seeking
and present the architectural design and major components of a prototype system:
CMedPort. Section 2.6 describes my experimental design. In Section 2.7 I discuss
experimental results and lessons learned. Finally, in Section 2.8, I conclude my study

and suggest some future directions.

2.2 Related Work

In this section, I review various issues related to Internet searching and browsing in a
multilingual world. These include different information-seeking behaviors on the Internet,
different Internet searching techniques, and some special issues in supporting Chinese

Internet searching and browsing.

2.2.1 Information Seeking Behaviors on the Internet: Searching and

Browsing

Information seeking can be viewed as a “process in which humans purposefully engage

in order to change their state of knowledge” (Marchionini, 1995). A significant amount
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of research contributes to more recent information-seeking models on the World Wide
Web. Ellis (1989) proposed a general model of information seeking behaviors with six
categories: starting, chaining, browsing, differentiating, monitoring, and extracting.
Kuhlthau (1991) provided a model that focuses on the information search process from
the user’s perspective. Belkin’s model (Belkin et al., 1993) addresses the idea of
cognitive and situational aspects as the reason for information seeking. More recently,
Meho and Tibbo (2003) further expanded Ellis’ model and identified four additional
information seeking behaviors: extracting, verifying, networking, and information
management. These studies show that users’ particular patterns of information seeking
enter into users’ mental models of search. Among all the information seeking behaviors
identified, two typical types of Internet behavior have received the most attention from
researchers: searching and browsing (Marchionini and Shneiderman, 1988; Carmel et al.,

1992; Chen et al., 1998).

Internet searching is a process in which an information seeker uses a query to describe a
request for information and the system must locate information that matches or satisfies
that request (Chen et al., 1998). Through searching, individuals seek to retrieve either
specific information on a given topic or a specific piece of information. In other words,
he or she has a specific object or target in mind. Internet browsing has been defined by
Marchionini & Shneiderman as “an exploratory, information seeking strategy that
depends upon serendipity” and is “especially appropriate for ill-defined problems and for

exploring new task domains” (Marchionini and Shneiderman, 1988). Through browsing,
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individuals explore an information space to gain familiarity with it or to locate something
of interest to them (Chen et al., 1998). Browsing reflects a mental model in which the

target is comparatively unfocused.

2.2.2 Techniques Facilitating Information Seeking

Understanding of the information seeking process helps researchers develop tools and
techniques to augment the process. The wealth of information available on the Internet
has led to much research directed toward developing techniques to support Internet
searching and browsing. In this section, I briefly review some of their strengths and

weaknesses.

2.2.2.1 Web Search Engines

General-Purpose Search Engines. General-purpose search engines are the most popular
tools to help users locate information on the Web. A search engine usually consists of the
following components: (1) Spiders (a.k.a. Crawlers) to retrieve Web pages by recursively
following URL links, (2) an Indexer to tokenize Web pages into words or phrases, (3) a
Query and Ranking Engine to retrieve search results, and (4) a User Interface (Chau and

Chen, 2003).

Currently, many general-purpose search engines are available on the Web, each having

its own characteristics and preferred algorithm for indexing, ranking, and presenting Web
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documents. For example, AltaVista and Google allow users to submit queries and retrieve
Web pages in a ranked order, while Yahoo groups Web sites into categories, creating a
hierarchical directory of a subset of the Internet. Most prevailing search engines, such as
Google, are keyword-based (Arasu et al., 2001). Although their search speeds are fast,
their results are often overwhelmingly numerous and imprecise. It is often difficult to

obtain specialized, domain-specific information from them.

Domain-Specific Search Engines. Many domain-specific search engines (or vertical
search engines) seek to support more effective searching by providing precise search
results in particular domains and extra functionalities that are not possible with general
search engines (McCallum et al., 1999). For example, LawCrawler

(http://www.lawcrawler.com) allows users to search for legal information. CampSearch

(http://www.campsearch.com) searches for summer camps for children and adults and

Excite NewsTracker (http://nt.excite.com) searches for news articles.

A good domain-specific search engine should contain as many relevant, high-quality
pages and as few irrelevant, low-quality pages as possible. To address this need, domain-
specific search engines collect Web pages by using intelligent spiders that can predict
whether a URL is likely to point to relevant material and thus should be fetched first.
Some examples of algorithms that have been developed to guide spiders to locate Web

pages relevant to desired domains include HITS (Charkrabarti, 1999), PageRank (Cho et
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al., 1998), Hopfield Net (Chau & Chen, 2003), and Reinforcement Learning (McCallun

etal., 1999).

Meta-Search Engines. Selberg and Etzioni (1995) suggested that by relying on a single
search engine, users could miss over 77% of the references they would find most relevant.
A study by NEC Research Institute drew some similar conclusions, revealing that
Internet search engines cannot keep up with the Internet’s growth and that each search
engine studied covered only about 16% of total available Web sites (Lawrence & Giles,
1999). However, meta-search engines leverage the capabilities of multiple Web search
engines and other types of information sources, providing a simple, uniform user
interface and relieving the user of having to deal with different search engines and
information overload (Chen et al., 2001; Meng et al., 2001; Selberg and Etzioni, 1995).

For instance, SavvySearch (http://www.savvysearch.com) supports up to 100 engines and

allows wusers to customize a selection of search engines. MetaCrawler

(http://www.metacrawler.com) searches the Internet's top search engines, including

Google, Yahoo, AltaVista, and Ask Jeeves. Copernic Agent (http://www.copernic.com)

collates results from more than 1000 search engines and provides filtering,
summarization, and analysis on search results. MedTextus (Leroy and Chen, 2002) and
HelpfulMed (Chen et al., 2003a) are two medical search engines that meta-search Web

pages as well as online medical databases and journals.
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2222 Post-retrieval Analysis

In most current search engine systems, returned results are presented as lists of ranked
URLs. Post-retrieval analysis can be performed on a result list to help users quickly
locate the information needed. Document categorization and summarization are the two

major techniques used in post-retrieval analysis.

Summarization—Document Preview. Summarization is a post-retrieval analysis
technique that provides previews of documents (Greene et al., 2000). It can reduce the
size and complexity of Web document lists by offering concise representations of the
documents returned (McLellan et al., 2001; McDonald & Chen, 2002). In a browsing
scenario, summarization provides an efficient way to allow users to judge the relevance
of a document and let the users decide whether or not the full text is worth viewing (Rush

et al., 1964).

Two major approaches to text summarization are text abstraction and text extraction.
Text abstraction, which generates grammatical sentences that summarize a document,
involves a great degree of document processing and computation. Text extraction utilizes
sentences from an original document to form a summary. It usually involves assigning
importance scores to sentences, based on term frequency and other characteristics of the
document, and top-scoring sentences are selected as a summary. Recent research in text
summarization has focused on the text extraction approach (Hovy and Lin, 1999;

McDonald and Chen, 2002).
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Categorization--Document Overview. Users are often frustrated by long-list results
returned by search engines. In a browsing scenario, it is highly desirable for a search
system to provide an overview of the retrieved document set so that a user can explore a
specific topic and gain a general view of a particular area of interest. Categorization has
been shown to be a powerful post-retrieval document processing tool that can cluster
similar documents and present the resulting clusters to the user in an intuitive and
sensible way (Chen et al., 2001). Hearst and Pedersen (1996) and Zamir and Etzioni
(1999) demonstrated that document categorization has the potential to improve

performance in document retrieval.

Document categorization is based on the Cluster Hypothesis: “closely associated
documents tend to be relevant to the same requests” (Rijsbergen, 1979). There are two
approaches to categorization (Zamir and Etzioni, 1999). It can be based on individual
document attributes, such as query term frequency, size, source, topic, or author for each

document. NorthernLight (http://www.northernlight.com) is an example of this approach.

Categorization can also be based on inter-document similarities. This approach usually
includes some machine learning techniques. For example, the self-organizing map
(SOM), which uses a neural network algorithm to cluster documents, has been
incorporated in several information retrieval systems (Chen et al., 1998). In both

approaches, documents need to be systematically segmented and indexed so that key
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phrases can be identified. Examples of key phrase extraction techniques include AZ

Noun Phraser (Tolle & Chen, 2000) and Mutual Information (Ong & Chen, 1999).

2223 Chinese Text Processing

Textual information collected from the Web must first be processed by document
indexing techniques. Indexing techniques have been widely studied for English
documents, but these techniques do not apply to languages such as Chinese in which
there are no explicit separators to indicate word boundaries (Chien & Pu, 1996). Kwok
(1999) investigated three indexing techniques for Chinese that can be applied to virtually
any languages without explicit boundaries: character-based (or 1-gram), bi-gram, and
lexicon-based indexing. His results showed that character-based indexing is good and
efficient while bi-gram and simple word-based indexing achieved higher precision.
However, bi-gram indexing led to a large indexing term space and was not efficient.
Lexicon-based indexing usually matched text to an existing word lexicon, but many

valuable words could be missed if they were not included in the matching lexicon.

2.2.3 Information Seeking in a Multilingual World: Research Gaps

The Web provides convenient information searching and browsing. As more and more
users on the Internet are from non-English-speaking countries, major search engines have
attempted to provide search support in non-English languages. However, search engines

originally designed for English speakers usually cover a very limited amount of non-
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English content and cannot serve the information need of the fast growing non-English-
speaking online population. Although some English online search engines have moved
toward offering multilingual support, there still exists a technology gap between systems
in English and those in other languages which contributes to an information gap in
various areas. This is mainly due to the fact that non-English contents bring many
challenges that existing English-based information retrieval techniques do not address.
For example, there are no explicit word boundaries in Chinese, making existing English
indexing and searching techniques not directly applicable in Chinese information

retrieval systems.

2231 Comparison between General-purpose Search Engines

A report from  Nielsen/NetRatings in  January 2003 rated Google

(http://www.google.com), Yahoo (http://www.yahoo.com), and MSN

(http://www.msn.com) as the most popular search engines in the United States (Sullivan,
2003). In addition to providing easy access to more than 3 billion Web pages, Google
has many special features such as cached links, site search, link search, Web page
translation, stock quotes, and more. Yahoo, the first human-compiled directory-based
search engine, offers search results with directory-category links that have been reviewed
by human experts. Microsoft’s MSN Search provides a blend of human-powered
directory information and crawler coverage different from any of the other top choices

listed. It uses a Looksmart-powered directory, with secondary results from Inktomi.
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Other popular search engines in English include AltaVista (http://www.altavista.com),

AOL (http://search.aol.com/), Ask Jeeves (http://www.askjeeves.com), HotBot

(http://www.hotbot.com), etc. A number of these, such as Google, AltaVista, and Yahoo,

have gradually expanded their services to non-English speakers.

Chinese is spoken by most people in mainland China, Hong Kong, and Taiwan, and most
Chinese search engines have been developed to serve one of these regions. The most

popular are Baidu (http://www.baidu.com) and Sina (http://www.sina.com) in mainland

China, Yahoo Hong Kong (http://hk.yahoo.com) in Hong Kong, and Yam
(http://www.yam.com.tw) and Openfind (http://www.openfind.com.tw) in Taiwan.
Baidu has indexed 200 million Chinese Web pages and is the backend engine for over
half of the major Chinese portals. In addition to basic Boolean search, it provides cached
links and Chinese character encoding conversion. Sina, the most popular Web Portal in
mainland China, offers directory-based searching with over 10,000 subcategories and
recently adopted Google’s search technology. However, advanced features such as
encoding conversion were not provided in Sina. Yahoo Hong Kong, another directory-
based search engine, returns results in both simplified and traditional Chinese. Openfind
provides cached links and term suggestion functions, while Yam integrates encoding
conversion to support cross-regional search. Compared with English search engines,
Chinese search engines face more challenging issues, have fewer indexed pages, and
provide fewer features. Contents focus on their own regions and contain much local

information related to people’s daily life.
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2232 Comparison between Medical Domain Search Engines

I further compared vertical search engines in the medical domain in two languages,
because medical information is among the most popular resources on the Web.
Supporting medical information searching on the Web also has attracted much attention
from researchers and search engine builders, so a comparison of tools and search engines
developed to support English and Chinese medical information seeking on the Web can

help further illustrate the research gaps between them.

Numerous sites have been built to provide access to medical information over the Internet
in  English. For example, the National Library of Medicine’s Gateway

(http://gateway.nlm.nih.gov/gw/Cmd) and CliniWeb (http://www.ohsu.edu/cliniweb/)

provide access to Web pages from reputable organizations and institutions. In Gateway,
Web pages are indexed according to the UMLS Metathesaurus, and in CliniWeb, the

MeSH tree hierarchy.  MDConsult (http:/www.medconsult.com) and Medscape

(http://www.medscape.com) aggregate journals, books, news, clinical symposia, and
continuing medical education resources. MedTextus

(http://ai.bpa.arizona.edu/go/medical/MedTextus.html) (Leroy and Chen, 2001) and

HelpfulMed (http://ai.bpa.arizona.edu/helpfulmed) (Chen et al., 2003a) are two systems

that search Web pages as well as medical databases and provide automatic thesaurus and

document clustering functions to lower the requirement for human intervention. .
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For Chinese, the major Chinese medical portals include 999 (http://www.999.com.cn),
MedCyber (http://www.medcyber.com), and WSJK (http://www.wsjk.com.cn) from
mainland China, and TrustMed (http://www.trustmed.com.tw) from Taiwan. These
portals have quite diverse content, ranging from general health to drugs, industry,
research conferences, etc. However, surprisingly few of them incorporate a search
function. Most medical portals serve as a medical content provider and their contents are
manually updated. Only 999 provides a basic search function for Chinese medical
information on the Internet. MedCyber and TrustMed provide a search function only
within their own sites, while WSJK has no search ability. Most of these portals maintain
a small collection of fewer than 10,000 pages and provide only the Chinese character
version for their own region. Although there is a lot of medical information available on
the Internet, few medical domain search engines have been developed. Most researchers
need to rely on medical search engines in English which contain little Chinese

information or they have to use general-purpose Chinese search engines.

My comparison shows that in the medical domain, the gap between English and Chinese
search engines is even greater than that of general-purpose search engines. English
medical domain search engines have incorporated plenty of advanced features such as
meta-search, medical thesaurus, and document clustering, while there exist few medical

domain search engines in Chinese.
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2.3 Research Questions

Many Internet searching and browsing support techniques have been shown to be
effective for English search engines, including meta-search, document categorization, and
summarization. However, technologies for non-English languages are not as well
developed. There is a desire to study how to generalize these techniques to non-English

languages to support human information seeking.

Based on my review, I believe developing a generic framework with various searching
and browsing support techniques promises to narrow the information gap between the
English and non-English languages. In this study, I aimed to address the following

research questions:

1. How can I develop a generic approach to facilitating Internet searching and browsing
by integrating selected search engine and post-retrieval analysis techniques for non-
English content?

2. Would this integrated approach be more effective and efficient in facilitating
information searching and browsing than other existing Internet systems for non-
English content?

3. What is the users’ level of satisfaction toward this integrated approach in comparison

with existing systems for non-English content?

The remainder of the chapter presents my work in studying these three questions.
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2.4 A Research Testbed in the Chinese Medical Domain

Because of the importance of the Chinese language on the Web and the popularity of
medical information, I selected the Chinese medical domain as my research testbed to

investigate various issues in supporting Internet searching for non-English content.

As the largest non-English-speaking Internet population, the Chinese-speaking users in
Mainland China, Hong Kong, and Taiwan make up 12.2% of the world online population

(Global Internet Statistics. http://www.glreach.com/globstats/). A recent report from

China Internet Network Information Center (CNNIC, 2003) shows that Internet
population in mainland China grew at a rate of 68% half-yearly, from 45.8 million in late
2002 to 68 million in early 2003, while Hong Kong and Taiwan are among the few
regions in the world that have the highest Internet penetration rates. With the rapid
growth of the Chinese online population, the need for information service is increasing

dramatically.

Medical Web sites are among the most frequently visited Web sites on the Internet
(Shortliffe, 1998). A tremendous number of Chinese medical information resources have
been created on the Web, ranging from scientific papers and journals to general health
topics and clinical symposia. These medical resources are of widely varied quality.
However, Internet users are often frustrated when they try to look for Chinese health
information online. The sheer volume of results returned by general Chinese search

engines often overwhelms the users and there are few medical domain-specific search
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engines built for Chinese users. Compared to the wide availability of English medical
information services such as MEDLINE, CANCERLIT, and HelpfulMed (Chen et al.,
2003a), Chinese medical information services are under-developed to meet the growing

medical information needs of the Chinese users.

Various factors contribute to the difficulties of supporting Chinese information-seeking in
the medical area. One important problem is the regional differences between mainland
China, Hong Kong, and Taiwan. Although the populations of all three regions speak
Chinese, they use different Chinese characters. People from mainland China, where
simplified Chinese is used, usually find it difficult to read traditional Chinese that is used
in Hong Kong and Taiwan, while people from the latter two areas also have similar
problems in reading simplified Chinese. Moreover, simplified Chinese and traditional
Chinese are encoded differently in computer systems. Simplified Chinese is usually
encoded using the GB2312 system and traditional Chinese is encoded using the Big5
system. When searching in a system encoded one way, users usually cannot get

information encoded in the other.

Furthermore, Chinese medical search engines in mainland China, Hong Kong, and
Taiwan usually keep only information from their own regions, while it is desirable for
users to track medical information in all regions. For example, during the SARS
epidemic, users who wanted to find detailed information about SARS outbreaks and

control in all regions had to use different systems. These factors greatly hinder the
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medical information sharing among mainland China, Hong Kong, and Taiwan and result

in information gaps between these regions.

2.5 Proposed Approach

2.5.1 An Integrated Knowledge Portal Approach

I propose to use an “integrated knowledge portal” approach to supporting Internet
searching and browsing in a multilingual world. My portal approach adopts the common
architecture of most search engines that collects Web documents, indexes them, and
makes them searchable to information seekers. In addition, I add three key extensions to
this basic structure: the generic language process ability, the integration of multiple

information resources, and post-retrieval analysis ability.

2.5.1.1 Generic Language Process Ability

Based on my review in Section 2.2.3, I adopted the character-based indexing technique in
my research. In addition, the positional information on the words or characters within a
document was captured and stored such that when the query was a phrase, documents
containing the exact phrase could be retrieved and given higher ranking than pages with

separated words.
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In addition to the basic character-based indexing, the ability to extract meaningful
phrases from documents is also desired because such phrases are often useful for other
analyses. For this purpose, I adopted a mutual information approach. The mutual
information approach is a statistical method that identifies significant patterns as
meaningful phrases from a large amount of text in any language (Church & Hanks, 1989;
Chien, 1997; Ong & Chen, 1999). The approach is an iterative process of identifying
significant lexical patterns by examining the frequencies of word co-occurrences in a
large amount of text. I experimented with this approach in processing Chinese, Spanish,

and Arabic text collections and got satisfactory results.

2.5.1.2 Integration of Multiple Information Resources and Post-Retrieval

Analysis

As reviewed in a previous section, relying on a single document collection could result in
low information coverage. In the proposed approach, my own collections were
complemented by information collated from different regions and resources using meta-
searching. Such an integration of multiple information resources has been shown to offer
precise and diverse information and facilitate efficient information seeking (Chen et al.,

2001).

Post-retrieval analysis is another important feature in my design that provides added

value to searching and browsing. I adopted text summarization technique to provide a
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preview of the search results and document categorization techniques to provide an
overview of the search results. These techniques have been successfully applied in

previous research (Greene et al., 2000; Chen et al., 2003a).

2.5.2 A Research Prototype in the Chinese Medical Domain: CMedPort

Based on my proposed approach, I developed CMedPort as a research prototype to
investigate whether integrated techniques can help improve Internet searching and
browsing in languages other than English. It uses a three-tier architecture (as shown in
Figure 1). The main components are: (1) Content Creation; (2) Meta-search Engines; (3)
Encoding Converter; (4) Chinese Summarizer; (5) Categorizer; and (6) User Interface. In

this section, I discuss each major component in depth.
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2.5.2.1 Content Creation

As a cross-regional search engine that covers medical information from mainland China,
Hong Kong, and Taiwan, CMedPort needs to be able to collect information from all three
regions. The Al Lab’s SpidersRUs toolkit (http://ai.bpa.arizona.edu/spidersrus/), a digital
library development tool developed by our research group, has been used to build
collections for the Web portal. The toolkit contains components that support document
fetching, document indexing, collection repository management, and document retrieval.
It is able to deal with different encodings of Chinese (GB2312, Big5, and UTFS8) and
index different document formats, including HTML, SHTML, text, PDF, and MS Word.

SpidersRUs also supports other languages, including English, Spanish, Arabic, etc.

Spidering

Based on suggestions from medical domain experts in the regions, 210 starting URLs
were manually selected, including 87 from mainland China, 58 from Hong Kong, and 65
from Taiwan. They cover a large variety of medicine-related topics, from public clinics
to professional journals, and from drug information to hospital information. Beginning
with these medically related URLs, the SpidersRUs toolkit searched the Internet using a
breadth-first search algorithm. It is assumed that medical pages included in the list will
be likely to point to sites that they consider useful (Chen et al., 2003a). The three
regional Web page collections created contain more than 300,000 Web pages in total.

Web pages from mainland China, Hong Kong, and Taiwan were collected separately in
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order to differentiate among sources and identify encoding schemes. During the
spidering process I found more medical Web sites in mainland China and Taiwan than in
Hong Kong. This observation is reasonable because mainland China and Taiwan have
much larger online populations than Hong Kong, and Hong Kong residents very often use

English medical Web sites.

Indexing

In CMedPort I used character-based indexing with positional information for document
retrieval. Character-based indexing is known to be efficient and achieve high recall. In
my approach, the positional information about words or characters within a Web page
was captured and stored such that, when the query was a phrase, Web pages containing
the exact phrase could be retrieved and given higher ranking than pages with separated
words. This also ensures the precision of Chinese document retrieval and could be useful

in working with languages lacking explicit word boundaries.

To perform advanced information retrieval techniques, such as document categorization
and summarization, I need to extract meaningful Chinese phrases from textual
information. In order to capture up-to-date phrases in mycollection, I adopted the mutual
information approach, a statistical method to identify significant lexical patterns
examining the frequencies of word co-occurrences in a large amount of text (Ong & Chen,
1999). This approach computes how frequently a pattern appears in the corpus, relative to

its sub-patterns. Based on the algorithm, the MI of a pattern ¢ (MI.) can be found by
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)

MI, = c
f‘left + fright - f;

where f stands for the frequency of a set of words. Intuitively, MIc represents the
probability of co-occurrence of pattern c, relative to its left sub-pattern and right sub-
pattern. Phrases with high MI are likely to be extracted and used in automatic indexing.
For example, if the Chinese phrase “ ZJHJ#:” (hepatitis B virus, HBV) appears in
the corpus 100 times, the left sub-pattern (£ i) appears 110 times, and the right sub-
pattern (/97§ £) appears 105 times, then the mutual information (MI) for the pattern

“LIFIREE” is 100/ (110 + 105 — 100) = 0.87. Phrases of all lengths were examined in
the MI program. Furthermore, Stop words like “[]” (of), “T” (function word, no
meaning), and “ &” (and) are removed. The included word list, which has priority over
the stop-word list, allows users to have the flexibility to retain words that appear in the
stop-word list. For example, the Chinese phrase “ H¥]” (aim) can be listed in the
included words although the word “[I']” (of) appears in the stop-word list. Using this

approach I created simplified and traditional Chinese lexicons. Indexing against MI
lexicon were then saved into a separate index file and later used by the CMedPort

Categorizer.

The indexed files were loaded into a MS SQL Server database in which the data were
separated into the three regions such that, during retrieval, the system could tell which

region a Web page came from. Pages from each region were ranked by tf*idf during



48

retrieval. Tf*idf combines the frequency of occurrence of every word in a document as
well as the word’s total occurrences in the collection, which indicated correlation

between documents and a particular keyword.

2.5.2.2 Meta-search Engines

In addition to the regional collections, CMedPort also integrates information from
different sources by meta-search engines. As discussed, few reputable medical-domain
Chinese search engines are available for incorporation as information sources. Although
some medical databases have been developed, online versions such as China Academy

CBM (Chinese Biomedical Database) (http://www.imicams.ac.cn/cbmdisc/cbmdisc.html)

are not stable. Based on suggestions from domain experts, six key Chinese search engines
were chosen for meta-searching, two from each region (as shown in Table 2.1). These
search engines contain a large portion of medically related information, usually from
different parts of the Internet. Access to these systems provides a richer representation
and a fresh coverage of information to supplement mylocal collection. More meta-search

engines could be incorporated into CMedPort as they become available on the Internet.
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Region Information Source Description
Mainland Baidu The biggest Internet search service provider
China (www.baidu.com) in mainland China and has indexed millions
of medical Web pages.
Sina China The biggest Web portal in mainland China,
(www.sina.com.cn) containing more than 100,000 manually
classified medical and health related Web
sites.
Hong Kong | Yahoo! Hong Kong The most popular directory-based search
(hk.yahoo.com) engine in Hong Kong. Its “Health and
Medicine” directory contains both public
health and professional medical
information.
Hong Kong A high quality search engine provided by
Government the Hong Kong government, providing
Information Center information including Hong Kong Health
(search2.info.gov.hk) Department news, policies, etc.
Taiwan Yam (www.yam.com) | The biggest Chinese search engine in

Taiwan with a Health directory of more
than 100,000 manually classified Web sites.

Sina Taiwan
( www.sina.com.tw)

One of the biggest Chinese Web portals in
Taiwan containing information about
hospitals, traditional Chinese medicine, etc.

When searching for information via CMedPort, a user is able to choose which meta-

search engines are of interest and indicate how many results from each search engine he

or she would like the system to retrieve. The default is 20 results from each source, but

the user can choose up to 100. This gives the user some control over the retrieval process

and lessens the effects of information overload. By sending queries to the search engines

listed in the table, users could get results from all three regions, thus alleviating the

problem of regional variations. While most meta-search engines merge the search results

from the various data sources into a single list and re-rank the results using their own
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heuristics, I decided to leave the results in separate categories (still in a single HTML
page shown to the users) without merging them into a re-ranked list. The reason is that
the meta-search results come from a diverse set of data sources as well as different
regions. Merging these together may make it more difficult for users to locate the

information they need.

2523 Encoding Converter

In order to share medical information in different forms of written Chinese (simplified
Chinese and traditional Chinese) among all three regions, an encoding conversion
program is employed in CMedPort. The encoding converter uses a dictionary of 6,737
entries that map between simplified and traditional Chinese characters. Since some
simplified characters map to multiple traditional equivalents, the conversion from
simplified characters to traditional ones is sometimes ambiguous. I have picked the

candidate character that is most frequently selected as equivalent to the original one.

In the simplified Chinese version of CMedPort, when a user enters a query in simplified
Chinese the query is sent to all mainland China information sources using simplified
Chinese. At the same time, the query is converted into traditional Chinese and sent to all
information sources from Hong Kong and Taiwan that use traditional Chinese. When
displaying results, the encoding conversion program is invoked again to convert results

from traditional Chinese into simplified Chinese. The whole process is transparent to the
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user. The encoding conversion program enables cross-regional search and addresses the

problem of dissimilar Chinese character forms.

2.5.2.4 Chinese Summarizer

Automatic summarization has been applied as a document preview tool in many English
retrieval systems. In CMedPort, a Chinese Summarizer was developed based on the
sentence extraction approach. The Chinese Summarizer is a modified version of the Al
Lab TXTRACTOR, a summarizer for English documents developed in myprevious
research (McDonald and Chen, 2002). Its major components include: 1) sentence
evaluation, 2) segmentation or topic boundary identification, and 3) segment ranking and
extraction. First, a sentence evaluation component parses the original Web page and
extracts all sentences. These sentences are evaluated based on linguistic heuristics

including presence of cue phrases (e.g. “&M 5 < (in summary), “FTEA” (therefore)),

tf*idf score normalized for the sentence length, sentence position, and sentence length.
Second, the TextTiling algorithm (Hearst, 1994) is used to analyze the Web page and
determine where the topic boundaries are located. The Web page is thus segmented into
its main topics. Third, the Summarizer ranks the document segments based on the scores
given to the sentences and extracts high-ranking sentences from different segments as

summary sentences.
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The Chinese Summarizer was embedded in the CMedPort system and can be invoked at
real time. Users can start the summarizer by choosing the number of sentences to be
summarized under each returned result. The Chinese Summarizer dynamically retrieves
the Web page on the Internet, processes the content, and presents a summary in a pop-up
summarizer window. On the summarizer page, summary sentences are displayed on the
left-hand side and the original Web page is displayed on the right-hand side with
summary sentences highlighted. Users can click on any summary sentence on the left-
hand side and go to the location of that sentence in the original page on the right-hand
side. This feature is especially useful for browsing long documents where the

Summarizer can help a user quickly determine whether or not a Web page is of interest.

2.5.25 Categorizer

Another component of CMedPort is the categorizer, which organizes returned results into
various folders labeled by key phrases. When the categorizer is invoked all returned
results are processed, and key phrases that have appeared in their titles and summaries are
extracted by matching to the Chinese lexicons obtained from the Mutual Information
program. As described in Section 2.5.2.1, the lexicons were constructed from fresh Web
page collections and are more up-to-date and highly related to the medical domain than
previous Chinese lexicons. Key phrases with high occurrences in returned results are
extracted as folder topics. Web pages that contain a folder topic are included in that

folder. One Web page may appear in multiple folders if it contains multiple folder topics.



53

I are using only title and summary to extract keywords because it is practical and permits
dynamic categorization. Previous research has shown that clustering based on snippets is

almost as effective as clustering based on a whole document (Zamir and Etzioni, 1999).

2.5.2.6 User Interface

CMedPort has two versions of User Interface to accommodate users from different
regions: the traditional Chinese version and the simplified Chinese version. They look
the same and provide the same functionalities, except that they use different encoding

schemes and Chinese characters (simplified vs. traditional).

On the search page (see Figure 2.2.a), users can begin searching by typing keywords in
the search box and indicating which local database and meta-search engines are to be
searched. Multiple keywords can be entered into the search box at the same time, one
keyword per line. Available information sources are organized into three columns by the
region to which they belong and can be chosen by selecting the checkbox in front of a

name.

On the result page, the top 20 results from each information source are displayed as
ranked lists. Results from the CMedPort local collection are displayed in sorted order of
relevancy to the query as measured by tf*idf score. For each result in the lists, the title

and a short summary are displayed (see Figure 2.2.b). All results of different encodings
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are converted into the same encoding as the interface and displayed together (see Figure
2.2.c). By clicking on the name of a particular information source in the navigation bar at
the top right-hand side of the page, users can go to the first result from that information

source.

There is a drop-down box beneath each result in the list that users can use to select a
sentence length and let the system automatically generate a 1-to-5-sentence summary of a
Web page (see Figure 2.2.d). Users can also click on the ‘Analyze Results’ button to go
to the analyzer page where all the results are categorized into folders with extracted
topics. Clicking on the folders of interest produces a list of URL titles that is displayed

under the relevant folder for him/her to browse (see Figure 2.2.e).
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2.6 Evaluation Methodology

In order to evaluate my system’s performance in assisting Internet searching and
browsing, a user experiment was designed and conducted. My study mainly addressed
the following questions: (1) whether the integrated approach in CMedPort can facilitate
searching and browsing of Chinese medical information more effectively and more
efficiently than other existing Chinese search engines; (2) whether the summarizer and
categorizer in CMedPort are effective and efficient support tools for browsing; and (3)
whether CMedPort generates higher user satisfaction than other Chinese search engines.

In this section, I discuss the experimental design and the results of my study.

2.6.1 Search and Browse Tasks

Consistent with the Interactive track in TREC (Text Retrieval Conference) evaluations
(Voorhees & Harman, 1997), I gave users a list of questions. They are required to find
answers using the given systems with their own queries. During the experiment, they
were allowed to change their query words and do multiple retrievals. Since CMedPort has
been designed to facilitate both searching and browsing, two types of tasks were designed:

search tasks and browse tasks.

Search tasks in my user study were short questions that required specific answers. This
type of task was designed to have just one correct answer. An example of a searching

task would be “Which disease was Cocktail Therapy FIRST used on?” Since there is
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always just one correct answer to the question, accuracy was used as the primary measure

of effectiveness in searching tasks as follows:

Number of correct answers given by the subject
Total number of questions asked

Accuracy =

In browse tasks, subjects were given a topic that defined an information need
accompanied by a short description regarding the task. Subjects were expected to
summarize the findings of their Web browsing session as a number of themes. A theme
was defined as “a short phrase, which describes a certain topic” (Chen et al., 2001).
Different from search tasks, there are always multiple themes that a user needs to address

in browse tasks. An example of a browse task would be:

Topic: Liu Wei Di Huang Wan (A traditional Chinese medicine)
Description: Please summarize the effect of Liu Wei Di Huang Wan and diseases that it

can be used on.

Theme identification has been used to evaluate performance of browse tasks (Chen et al.,
2001; Chen et al., 2003b). Theme precision and theme recall were used as the primary

measures of effectiveness in browsing tasks. They are defined as follows:

Theme precision = Number of correct themes identified by the subject
Number of all themes identified by the subject

Theme recall = _Number of correct themes identified by the subject
Number of correct themes identified by expert judges
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A theme is considered correct if it matches any of the themes identified by experts. By
examining the themes that subjects came up with using different searching tools, I was
able to evaluate how effectively each system helped a user locate relevant information

from the Web.

Efficiency in both tasks was directly measured by the time that subjects spent on the tasks

using different systems.

2.6.2 Benchmarks

To compare the performance of CMedPort with existing Chinese Search Engines, I
selected one search engine from each region as a benchmark system. Existing Chinese
medical portals were not considered suitable for benchmarks because they do not have
adequate search functionalities and they usually search only inside their own Web sites.
Thus, CMedPort was compared with three major commercial Chinese search engines
from the three regions: Sina, Yahoo! Hong Kong, and Openfind. Although their content
is not focused on the medical domain, their indexes of Chinese Web pages cover a large
variety of medical information. Among the existing Chinese search engines they are the
ones having the most functions comparable with those of CMedPort and are the most

popular Chinese search engines in their respective regions.
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2.6.3 Hypotheses

I tested three groups of hypotheses in my Chinese medical-domain search engine,

CMedPort.

In hypothesis 1, I hypothesized that CMedPort would be more effective and efficient than
benchmark search engines in search tasks where specific information is needed.

H1a: CMedPort is more effective than the existing benchmark Chinese search engines in
searching.

H1b: CMedPort is more efficient than the existing benchmark Chinese search engines in

searching.

In hypothesis 2, I hypothesized that CMedPort would be more effective and efficient than
benchmark search engines in browse tasks where users need to become familiar with a
topic. CMedPort integrates information sources from three regions and provides broad
coverage of results. At the same time, I believed Chinese summarization and
categorization would be post-retrieval analysis tools that would further improve

effectiveness and efficiency in CMedPort.

H2.1a: CMedPort is more effective than the existing benchmark Chinese search engines
in browsing.
H2.1b: CMedPort is more efficient than the existing benchmark Chinese search engines

in browsing.
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H2.2a: CMedPort’s Chinese summarization further improves effectiveness in browsing.
H2.2b: CMedPort’s Chinese summarization further improves efficiency in browsing.
H2.3a: CMedPort’s Chinese categorization further improves effectiveness in browsing.

H2.3b: CMedPort’s Chinese categorization further improves efficiency in browsing.

In hypothesis 3, I hypothesized that CMedPort would achieve higher user satisfaction in
terms of usability. CMedPort provides a user-friendly interface with clearly organized
information sources. The ability to do cross-regional search, summarization, and

categorization would ease the process of information seeking.

H3: CMedPort achieves higher user satisfaction than existing benchmark Chinese search

engines.

2.6.4 Experimental Design

Forty-five subjects, 15 from each region, were recruited for the experiment. Each subject
was required to perform four search tasks and eight browse tasks. I specified more
browse tasks because I also were interested in the performance of post-retrieval analysis
tools in browsing. A time limit of 10 minutes was given for each task. Among the search
tasks, two were performed using CMedPort and another two using the benchmark search
engine from the subject’s own region. Among the browse tasks, two were performed

using CMedPort with general search function without summarizer or categorizer, two
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used CMedPort with summarizer, two used CMedPort with categorizer, and two used the
benchmark search engine. The order of the questions used in the tasks and the systems
used in the experiment were rotated to avoid any potential bias. During the experiment,
the tasks performed by subjects were timed and their answers were judged by domain
experts. In order to test the CMedPort system as a whole, I did not specify the queries.
The users chose their own query words. They could modify their query words anytime

during the experiment.

At the end of each experiment, subjects were required to fill out a user satisfaction
questionnaire. ~ The questionnaire included 1) 19 Computer System Usability
Questionnaire (CSUQ) items from Lewis (1995), specifically designed to assess aspects
of usability, (Table 2.2); 2) questionnaire on individual components of CMedPort to
evaluate the user perspective on cross-regional search, summarizer, and categorizer; and

3) open-ended positive or negative comments on CMedPort.

Three Chinese graduate students from the medical school at the University of Arizona,
one from each region, were recruited as domain experts. They helped design the tasks
used in my experiment and provided the standard answers for search and browse tasks. I
did not control the type of websites experts got the answers from. They can use any
search engines that they are comfortable with to provide the correct answers. The final

version of standard answers was an agreed-upon version from the experts.



Table 2.2: Computer System Usability Questionnaire (Lewis, 1995)

Overall

Overall, I am satisfied with this system

Easiness of Use

Overall, I am satisfied with how easy it is to use this system

It was simple to use this system

I feel comfortable using this system

It was easy to learn to use this system

The information provided for the system is easy to understand

The information (such as online help, on-screen messages, and other documentation)
provided with this system is clear

It is easy to find the information I needed

Effectiveness and Efficiency

I can effectively complete my work using this system

I am able to complete my work quickly using this system

I am able to efficiently complete my work using this system

I believe I became productive quickly using this system

The information is effective in helping me complete the tasks and scenarios

Error Recovery

The system gives error messages that clearly tell me how to fix problems

Whenever | make a mistake using the system, I recover easily and quickly

Interface

The organization of information on the system screens is clear

The interface of this system is pleasant

I like using the interface of this system

Functionality

This system has all the functions and capabilities I expect it to have

2.7  Experimental Results

In this section, I report the evaluation results and observations based on the user study.
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2.7.1 Results from Search Tasks

Table 2.3.1 summarizes the systems’ search-task performance by regions. In order to
determine whether there were significant differences among the performances of the
systems, paired t-tests were performed for each pair of methods. The statistical results (p-
values) are shown in Table 2.3.2. Table 2.3.3 shows average improvement achieved in

CMedPort compared to benchmark systems.

The results of testing hypotheses Hla and H1b showed that in terms of effectiveness
CMedPort performed significantly (at 0=0.05) better than Sina and comparably to Yahoo
HK and Openfind in search tasks. In terms of efficiency, CMedPort was significantly (at
a=0.05) better than Sina and Openfind and comparable to Yahoo HK. On average
CMedPort achieved 20% higher accuracy and was 30% more efficient than the

benchmark systems.

Table 2.3.1: Searching Performance of CMedPort and Benchmark Systems by

Regions

Region System Used Accuracy Time Spent (Sec)

Mainland China Sina China 0.625 149.039
CmedPort 0.917 97.962

Hong Kong Yahoo HK 0.857 117.967
CMedPort 0.929 95.033

Taiwan Openfind 0.846 114.767
CMedPort 0.962 72.433
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H1: Search Task | Hypotheses p-value Result

Hla: Effectiveness | CMed > Sina 0.008* Confirmed
CMed > Yahoo 0.163 Not Confirmed
CMed > Openfind | 0.092 Not Confirmed

H1b: Efficiency CMed > Sina 0.040* Confirmed
CMed > Yahoo 0.194 Not Confirmed
CMed > Openfind | 0.045* Confirmed

Table 2.3.3: Searching Performance of CMedPort and Benchmark Systems with
Combined Regions

Accuracy Improvement | Time Spent | Improvement
Benchmark 0.776 - 127.3 -
Systems
CMedPort 0.935 20.5% 88.5 30.5%

2.7.2 Results from Browse Tasks

Table 2.4.1 summarizes the system performance in browse tasks. Hypotheses test results

are shown in Tables 2.4.2 and 2.4.3.

The results of testing hypotheses H2.1a and H2.1b (Table 3.4.2) showed that CMedPort

achieved significantly (at a=0.05) higher theme precision than Yahoo HK and Openfind,

and significantly (at 0=0.05) higher theme recall than all three benchmark systems for

browse tasks. Meanwhile, users spent significantly (at 0=0.05) less time in CMedPort

than in Sina and Openfind. On average I found 22.2% improvement in theme precision,

113% improvement in theme recall, and 19.5% improvement in efficiency comparisons

between CMedPort and benchmark Chinese search engines.

The results from browse
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tasks are very encouraging. The high theme precision probably resulted from my focused
collection building technique, including my character-based indexing approach for
Chinese. The theme recall achieved is greater than I expected. This probably is because
CMedPort has the ability to search information in all three regions and integrates results

from different search engines by meta-searching.

The results of testing hypotheses H2.2a and H2.2b (Table 2.4.3) showed that there were
no significant (at 0=0.05) differences in theme precision and recall when using or not
using CMedPort’s summarizer. No significant (at a=0.05) differences in efficiency were
found. Surprisingly, the Chinese summarizer did not further improve performance. I
observed that the Chinese summarizer is not always fast. Before processing the page, the
summarizer needs to fetch Web pages from remote servers and processing time is largely
affected by the length of the Web page. Users usually lost patience after 10 seconds of
waiting and would try other results. These factors affected the performance of the

Chinese summarizer as a browsing support tool.

The results of testing hypotheses H2.3a and H2.3b (Table 3.4.3) showed that there were
no significant (at 0=0.05) differences in theme precision and recall when using or not
using CMedPort’s categorizer. However, using CMedPort’s categorizer was significantly
(at 0=0.05) more efficient than not using the categorizer. Results suggested that, as a
document overview tool, the categorizer could help users identify topics of interest more

quickly when browsing.
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Table 2.4.1: Browsing Performance of CMedPort and Benchmark Systems by

Regions
Region System Used Theme Theme Time
Precision | Recall Spent (Sec)
Mainland Sina China 0.675 0.250 412.231
China CMedPort Basic 0.819 0.472 312.961
CMedPort Summarizer 0.849 0.385 270.231
CMedPort Categorizer 0.859 0.510 265.039
Hong Kong | Yahoo HK 0.651 0.228 376.700
CMedPort Basic 0.790 0.524 360.400
CMedPort Summarizer 0.878 0.517 454.800
CMedPort Categorizer 0.825 0.506 286.133
Taiwan Openfind 0.636 0.215 318.267
CMedPort Basic 0.789 0.480 218.100
CMedPort Summarizer 0.739 0.450 255.933
CMedPort Categorizer 0.845 0.514 230.733

Table 2.4.2: Hypotheses Testing for Browse Tasks of CMedPort and Benchmark

Systems
H2: Browse Tasks Hypotheses p-value Result
H2.1a: Theme CMed > Sina 0.071 Not Confirmed
Effectiveness | Precision CMed > Yahoo 0.050* Confirmed
CMed > Openfind | 0.031* Confirmed
Theme CMed > Sina <0.001* Confirmed
Recall CMed > Yahoo <0.001* Confirmed
CMed > Openfind | <0.001* Confirmed
H2.1b: Efficiency CMed > Sina 0.003* Confirmed
CMed > Yahoo 0.290 Not Confirmed
CMed > Openfind | <0.001* Confirmed
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Table 2.4.3: Hypotheses Testing for Browse Tasks of CMedPort Summarizer and

Categorizer
H2: Browse Tasks Hypotheses p-value Result
H2.2a: Theme CMed Summ> 0.214 Not Confirmed
Effectiveness | Precision CMed Basic
Theme CMed Summ> -0.201 Not Confirmed
Recall CMed Basic
H2.2b: Efficiency CMed Summ> -0.290 Not Confirmed
CMed Basic
H2.3a: Theme CMed Categ> 0.073 Not Confirmed
Effectiveness | Precision CMed Basic
Theme CMed Categ> 0.307 Not Confirmed
Recall CMed Basic
H2.3b: Efficiency CMed Categ> 0.022* Confirmed
CMed Basic

2.7.3 Results from Usability Questionnaire

The results of testing hypotheses H3 show that CMedPort was rated significantly higher
than all benchmark systems. CMedPort achieved an average rating of 5.83 out of 7, while
all three benchmark Chinese search engines were rated below 5. Among all the
evaluation criteria, CMedPort consistently gained higher ratings than benchmark Chinese
search engines. Users appreciated the easiness, effectiveness, and interface of CMedPort.
Among the three benchmark systems, Yahoo HK and Openfind were rated higher than
Sina. This is consistent with what I observed in the performance of search and browse

tasks.

Questionnaires on easiness and usefulness of featured tools in CMedPort showed that the

categorizer achieved 6.174 out of 7, the highest among the three features, while the cross-
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regional search feature was rated 5.949 and the summarizer was rated 5.665. No paired t-
tests were performed on individual tools in CMedPort because benchmark systems do not

provide functions comparable to those in CMedPort.

Table 2.5.1: User Satisfaction Rating of CMedPort and Benchmark Systems

Sina Yahoo HK Openfind CMedPort
(Avg)
Overall 4.040 5.069 4.857 6.033
Easiness 4.813 5.322 5.402 6.081
Effectiveness 4.078 4.372 4.804 5.890
Error Recovery | 4.440 4.552 4.750 5.363
Interface 5.026 5.477 5.095 5.988
Functionality 4.083 4.643 4.571 5.626
Average 4.413 4.906 4.913 5.830
Cross-regional | - - - 5.949
Search
Summarizer - - - 5.665
Categorizer - - - 6.174

Table 2.5.2: Hypotheses Testing for User Satisfaction

H3: User Satisfaction p-value Result

CMedPort > Sina <0.001* Confirmed
CMedPort > Yahoo HK | 0.003* Confirmed
CMedPort > Openfind 0.001* Confirmed

2.7.4 Subjective Feedback

The results of the searching and browsing experiments and usability questionnaire show
that CMedPort achieved significant improvement on three regional benchmark systems.
Users’ subjective feedback provides further information about the differences in the

system performance. I summarize several aspects that received the most comments.
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Information Quality and Coverage: Twenty-one out of 45 subjects indicated that
CMedPort gave more relevant results compared to benchmark systems. They expressed
that “it is easier to find useful information using CMedPort,” while “Sina provides a lot
of commercial company information as top results.” One Taiwanese student said,
“CMedPort is especially useful when looking for information from other regions
(mainland China and Hong Kong).” Two users pointed out that the benchmark systems

gave few results when they searched for “§i/ifJ8 25> (anti-tumor drug), while CMedPort

gave plenty of useful results.

Categorizer: Among the 45 subjects, 32 subjects expressed that they liked the
Categorization function. One subject said, “Categorizer is very powerful and useful. I
like this function very much.” Others said, “It (categorizer) makes searching more
quickly. I can skip a lot of irrelevant information in results and focus on relevant ones.”
Four subjects mentioned that the categorizer topics were not very relevant to what they
were looking for sometimes. I observed that category topics sometimes contain noise

from advertisements.

Summarizer: Twenty-five subjects expressed their preference for CMedPort’s Chinese
summarizer. For example, one subject claimed that “I also like summary function. It
becomes more useful when the article is very long.” Four of them mentioned that they
liked the feature that summary sentences are highlighted in the original Web page. Eight

subjects gave neutral comments on the summarizer. One said, “summarizer is useful
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sometimes, but not all the time.” Nine subjects complained about the processing speed of

the summarizer, although some of them liked the idea of summarizing Web pages.

Cross-regional Search: Eleven subjects commented that cross-regional search is useful.
They complained that “it is difficult to find information from other regions in Openfind.”
Similar comments were made on the other benchmark regional search engines. One Hong

Kong user said: “It is helpful to convert simplified Chinese into traditional Chinese.”

User-Interface: Seventeen users mentioned that they liked the clear user-interface of
CMedPort. They commented that “CMedPort looks professional and is easy to
understand,” while benchmark search engines “always have advertisements floating

around and make me lose focus.”

Speed: Nine subjects commented that benchmark search engines had faster processing
speed when compared to CMedPort, which saved them information seeking time.
However, as CMedPort is still a research prototype and does not have a powerful server

to support the process, it would not be difficult to improve the speed of the system.

In general, subjects’ overall opinion on CMedPort tended to be positive, although some
complained about its speed. In contrast, benchmark systems received relatively fewer

positive comments.
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2.8 Conclusions and Future Directions

In this Chapter, I have proposed a general framework for supporting multilingual Internet
searching and browsing on the Web. The framework is consistent with the architecture of
most search engines. However, my approach features three extensions to this basic
structure: generic language processing ability, integration of multiple information

resources, and post-retrieval analysis.

I have discussed the development of CMedPort, a Chinese medical portal to serve the
information seeking needs of Chinese users. A systematic evaluation has been conducted
to study the effectiveness and efficiency of CMedPort in assisting human analysis. My
experimental results show that CMedPort achieved significant improvement in searching
and browsing performance compared to three benchmark regional search engines, Sina,
Yahoo! Hong Kong, and Openfind. I believe that CMedPort’s collection building
method, meta-searching, and cross-regional searching contributed to the improvement in
information seeking. Although post-retrieval analysis methods, such as categorizer and
summarizer, did not further improve browsing performance significantly, users’
subjective evaluation and verbal comments revealed that they appreciated these analysis

functions. Overall, the experimental results are promising.

However, this research has several limitations. Since my study is based on subjects from
different Chinese-speaking regions, a large sample size is infeasible. I therefore reported

results based on a limited number of 45 subjects. Additionally, because there are few
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medical domain Chinese search engines available, I was only able to compare with
general Chinese search engines that contain medical content as my benchmark systems.
Since these Chinese search engines do not have post-retrieval analysis components in
them, I were only able to compare basic functions in CMedPort with existing search

engines.

In the future I plan to study the semantic differences between Simplified and Traditional
Chinese to provide cross-regional information search functionalities for Chinese users. I
am also in the process of applying my integrated approach to search engines in more
languages such as Spanish and Arabic. Meanwhile, I plan to add multilingual
information retrieval function to these portals. In addition, a dynamic, graphic knowledge
map that could categorize multilingual documents retrieved from the Web is in

development.
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CHAPTER 3

FACILITATING CROSS-LINGUAL WEB RETRIEVAL:

AN EXPERIMENT IN ENGLISH-CHINESE BUSINESS INTELLIGENCE

3.1 Introduction

As I discussed in Chapter 2, there are Web pages in almost every popular non-English
language including various European, Asian, and Middle East languages. Consequently,
it is often difficult for an English speaker to access non-English content on the Web and,
in general, it is difficult for a user to retrieve documents written in a language that is not
spoken by that user. As a result, retrieval from the Web of documents in different

languages presents a very interesting and challenging research problem.

Cross-language information retrieval (CLIR), the study of retrieval information in one
language through queries expressed in another language, appears to be a promising
approach to addressing that problem. CLIR has been studied widely in different
languages, such as English, Chinese, Spanish, and Arabic. Much research work has
been reported and evaluation results have, in general, been satisfactory. Most systems
have demonstrated performance similar to that for monolingual retrieval, i.e., traditional

document retrieval in one language. Most CLIR research has used standard TREC
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collections, predominately news articles, as their test set, but little research has
investigated Web-based CLIR systems. Because, as several researchers (Kando, 2002;
Oard, 2002) have suggested. operational applications will be the next step in CLIR
research, a need to study how to integrate CLIR techniques into a multilingual Web

retrieval system has arisen.

While traditional CLIR techniques are promising, they cannot be employed directly in
Web applications. Several factors make multilingual Web retrieval different from
traditional CLIR research. First, Web pages are more unstructured and are very diverse
in terms of document content and document format (such as HTML or ASP). As a result,
Web pages are typically much “noisier” than such standard collections as news articles
and therefore need extensive work in document pre-processing. Second, traditional
CLIR usually focuses on effectiveness, measured in recall and precision, whereas
efficiency also is important to end users in Web retrieval scenarios. If a single search
were to last for more than a few minutes, a user would probably lose interest. In
addition, queries on Internet have an average length of 2.21 (Spink & Xu, 2000), which
is considered as short queries in information retrieval. In this study, I posed the
following research questions: 1) Can CLIR techniques achieve satisfactory performance
for retrieving Web documents that are much “nosier” than traditional text collections?
2) Can I combine existing CLIR techniques to build a multilingual Web portal with both

satisfactory effectiveness and efficiency?
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To address these problems, my research has investigated the feasibility of applying
CLIR techniques to Web applications by developing and evaluating an English-Chinese
cross-language Web portal that utilizes various techniques. The rest of the Chapter is
structured as follows. Section 3.2 reviews related research, including three fundamental
approaches to CLIR, translation ambiguity problems and query expansion techniques. I
also discuss problems in using existing CLIR techniques in Web applications and
present my research questions. In Section 3.3, I propose my Web-based multilingual
retrieval prototype. Section 3.4 discusses the system architecture and implementation
details of a prototype English-Chinese Web portal called ECBizPort. I also show an
example of how a search query will be translated and expanded by my system, using
different CLIR techniques. Section 3.5 reports the setup and results of an experiment
designed to evaluate the performance of the prototype. Finally, in Section 3.6 I conclude

my work and suggest some future directions.

3.2 Literature Review

In this section, I review CLIR techniques that are related to my research. Because CLIR
involves finding documents in languages other than the query language; it has relied
heavily on different techniques for translating the search query from the source
language to the target language. Most research approaches translate queries into the
document language, and then perform monolingual retrieval. In section 3.2.1, I review

three major query translation approaches, namely a machine-translation approach, a
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corpus-based approach, and a dictionary-based approach. In section 3.2.2, I review
several translation disambiguation techniques that have been used to reduce errors
introduced during query translation. I also review, in Section 3.2.3, applications of

CLIR in Web-based systems.

3.2.1 Query Translation Approaches

Salton (1972) discussed the “controlled vocabulary” approach, one of the earliest
practical CLIR approaches, but its requirement to index a document collection manually
makes it unsuitable for high-volume applications (Oard, 1997). Other than the use of
controlled vocabulary, most research has studied free text retrieval systems, in which
there are three main approaches: using a machine translation (MT) system, using a

parallel corpus, or using a bilingual dictionary.

3.2.1.1 Machine Translation-based Approach

The machine translation-based (MT-based) approach uses existing machine translation
techniques to provide automatic translation of queries. Sakai (2000) used MT Avenue, a
free web-based Japanese-English translation service, and achieved reasonable
effectiveness with the aid of pseudo-relevance feedback. Aljlayl et al. (2002) used
ALKAFI, a commercial Arabic-English MT system and studied the effects of query

length on MT-based CLIR. This approach is simple to apply, but the current output
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quality of machine translation is still not very satisfactory, especially for western and
oriental language pairs, because typical Web search queries lack the contextual
information which is necessary for MT to perform word sense disambiguation correctly
(Sakai, 2000). Off-the-shelf MT systems may miss the correct translation for a word
even when it is among the original candidates in the MT dictionary (Jones et al., 1999).

This also affect the effectiveness of MT-based approach.

3.2.1.2 Corpus-based Approach

A corpus-based approach analyzes large document collections (parallel or comparable
corpora) to construct a statistical translation model. Landauer and Littman (1991)
developed a corpus-based technique called Cross-language Latent Semantic Indexing
(CL-LSI), which is a language-independent approach. Although the approach is
promising, the performance relied largely on the quality of the corpus. Davis and
Dunning (1995) applied evolutionary programming on a parallel Spanish-English
collection, and reported 75% of monolingual IR performance. Sheridan and Ballerini
(1996) applied thesaurus-based query expansion techniques on a comparable Italian-
English collection. More recently, in TREC 9, the BBN group used two parallel corpora
(Hong Kong News and Hong Kong Law) to translate English query words into Chinese
(Xu & Weischedel, 2000). A corpus-based approach does not depend on manually built
bilingual dictionaries and is good for emerging domains where bilingual dictionaries are

not available. However, a parallel corpus is very difficult to obtain, especially for



78

western and oriental language pairs such as e English and Chinese. Even those that are
available tend to be relatively small or to cover only a small number of subjects. To
deal with this problem, Nie et al. (1999) investigated the possibility of automatically
gather parallel text from the Web. Their Web mining approach showed the feasibility

of using the Web as potential corpus.

3.2.1.3 Dictionary-based Approach

In a dictionary-based approach, queries are translated by looking up terms in a bilingual
dictionary and using some or all of the translated terms. This is the most productive area
in CLIR because of its simplicity and the wide availability of machine-readable
dictionaries. Ballesteros & Croft (1996; 1997) investigated dictionary-based Spanish-
English CLIR and reported that using both pre-and post-translation query expansion
was more effective than using either one separately. Later, they applied co-occurrence
analysis with a query expansion technique and achieved 91% of monolingual retrieval
precision. Hull and Grefenstette (1996) studied the Spanish-English pair using
structured queries. Oard and Wang (2001) discussed Pirkola’s structured queries and
balanced translation. Chen et al. (2000) focused on short-query translation by
combining multiple English-Chinese sources. Dictionary-based approaches are
relatively easy to implement, and bilingual machine-readable dictionaries (MRDs) are
more widely available than parallel corpora. However, there are always unknown words

that are not covered in dictionary and much research studied translations of these out-
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of-vocabulary words (Lu et al.,, 2003). Researchers have also identified several
challenges to this approach: (1) multiple definitions of a word could introduce noise
into the translated query (a.k.a., ambiguity); (2) failure to translate technical/new
terminology which is often not found in general dictionaries; (3) failure to translate

multi-term concepts as phrases (Ballesteros & Croft, 1996).

3.2.2 Reducing Translation Ambiguities and Errors

It has been shown that when simple dictionary translations are used without addressing
the problem of translation ambiguity, the effectiveness of CLIR can be 60% lower than
that of monolingual retrieval (Ballesteros & Croft, 1998). Several techniques proposed
to reduce the ambiguity and errors introduced during query translation have been used
with each of the translation approaches discussed earlier. In the following, I briefly
review three of them, i.e., phrasal translation, co-occurrence analysis, and query

expansion.

3.2.2.1 Phrasal Translation

Phrasal translation techniques are often used to identify multi-word concepts in a query
and to translate them as phrases. Hull and Grefenstette (1996) and Chen et al. (2002)
showed that effectiveness of CLIR is significantly improved when phrases in queries

are manually translated. It has also been reported that the effectiveness of CLIR can be
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improved by using phrase information in machine-readable dictionaries (Davis &
Ogden 1997; Ballesteros & Croft 1998). Kwok (2000) reported his successful
experience in extracting phrase information from a Chinese/English bilingual wordlist.
The major problem of using phrasal translation is that many phrases are not covered by

dictionaries and thus cannot be translated correctly.

3.2.2.2 Co-occurrence Analysis

In order to improve the correctness of query translation, it is also popular to use co-
occurrence statistics to select the best translation(s). The assumption here is that the
correct translations of query terms tend to co-occur more frequently in target language
documents than incorrect translations. Co-occurrence analysis techniques rely on
corpora for target word selection. Some recent research has investigated using
collection of Web search engines as the corpus (Wang et al., 2004) and achieved
promising results. Co-occurrence analysis has been successfully used to resolve
translation ambiguity in many previous studies (Ballesteros & Croft, 1998; Maeda et al.,
2000; Gao et al., 2001; Sadat et al., 2002) and some improved co-occurrence analysis
methods have been suggested (Nie et al., 1999). All previous studies using co-
occurrence analysis disambiguation have reported dramatic improvement in CLIR
performance. However, the heavy computational and storage requirements of co-
occurrence analysis have limited its practical use in retrieval systems where efficiency

is a major concern.
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3.2.2.3 Query Expansion

Query expansion has been considered in many CLIR studies. The assumption of query
expansion is that additional terms that are related to the primary concepts in a query are
likely to be relevant and that adding these terms to the query can reducethe impact of
incorrect equivalents generated during the translation (Ballesteros & Croft, 1996).
McNamee and Mayfield (2002) studied the effectiveness of query expansion for various
resource qualities. They strongly recommended using query expansion when high
quality resources are not available. When such resources are available, however, query

expansion does not help a lot.

Query expansion may be local, as in the local feedback method (also known as pseudo
relevance feedback). The local feedback method is often used for query expansion in
CLIR. It involves only the top ranked documents retrieved by the original query. The
most frequently appearing terms and phrases from those top ranked documents are
added to the query. Queries are both reweighed and expanded based on this information
(Attar & Fraenke, 1977; Croft & Harper, 1979). Other query expansion methods also
may use both local and global information, such as local context analysis (LCA) method

(Xu and Croft, 1996).

Expansion may take place before query translation, when it is referred to as pre-
translation query expansion, or after translation, when it is known as post-translation

query expansion. In a combined pre- and post-translation query expansion, queries are
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first expanded before translation, the expanded queries are then translated, and the
translated queries are expanded again, after which the final expanded queries are used
for retrieval. Research has arrived at different conclusions about query expansion.
While some achieved significant improvement when using pre- and post-translation

query expansion, others gained very little change for the better (Gey & Chen, 2000).

3.2.3 CLIR for Web applications

As discussed earlier, most research has focused on the study of technologies that
improve retrieval precision on standard TREC collections, rather than on real-world,

interactive Web retrieval applications.

In addition to CLIR systems designed for general text documents, some Web-based
CLIR systems also are available. Some of them are Keizai, Arabvista, ECIRS, and
MULINEX. Keizai, developed at the New Mexico State University, is an interactive
Web-based CLIR system, which accepts English queries and returns Japanese and
Korean documents (Ogden et al.,, 1999). It provides a user-aided translation
disambiguation, which allows the user to select a translation from the candidates.
ECIRS (http://www.cs.nmsu.edu/~sliu/cgi-bin/e-c_search/index concord.pl) is an
English-Chinese Web-based system with a relatively small collection of Chinese
documents (Liu, 2001). It uses a simple dictionary-based approach without further

translation  disambiguation @ and  query  expansion  support.  Arabvista
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(http://www.arabvista.com/) is a commercial search engine developed by Emirates
Internet and Multimedia for Middle East users. With an English or Arabic query, it
could retrieve Web pages in multiple languages, including Chinese, French, and
German. However, the collection favors some languages. A simple query like
“computer system” could not get any results from Chinese or Japanese. MULINEX is a
comparatively more mature multilingual Web search and navigation tool for English,
French and German, developed in DFKI Language Technology Lab (Capstick et al.,
1998). It incorporates Web spiders, concept-based indexing, relevance feedback,
translation disambiguation, document categorization, and summarization functionalities.
It also translates retrieved documents into the users’ language such that the users can

read them.

Among these systems, MULINEX uses a more comprehensive approach than the
others. However, the major problem for most of these systems is that no systematic

evaluations are available, leaving the effectiveness of these systems uncertain.

3.2.4 Summary

The Web has become a major information source world-wide for people in any
knowledge field. Although the use of CLIR techniques in Web retrieval is expected to
address the multilingual information needs of Web users. Each of the three CLIR

translation approaches has some drawbacks, such as availability of required resources.
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A corpus-based approach often suffers from a lack of high-quality parallel or
comparable corpora. A machine translation-based approach has limited effectiveness
especially when short queries are involved. A general dictionary-based approach cannot

deal with new terminologies that often are used in Web documents.

Another major problem is that traditional CLIR techniques have not been widely used
and evaluated in Web applications (Oard, 2002). Although a few systems exist, most
provide only simple translation functions and do not provide comprehensive evaluation
results. In addition, most previous studies were conducted using document collections
provided by TREC or other similar organizations. These collections usually consist of
documents carefully selected for evaluation purposes. Web pages are much more
diverse and dynamic, distributed on many servers. They contain extensive html meta
tags, however these meta data are not standardized and are often missing. For instance,
many Web documents do not have meta information of the coding system it uses, which
could cause problem in indexing. Different from traditional text documents, Web page
typically contains many information blocks. Apart from the main content blocks, it
usually has such blocks as navigation panels, copyright and privacy notices, and
advertisements. Information contained in these noisy blocks can harm retrieval
performance. Thus, making using of CLIR techniques on a highly diverse and
sometimes “noisy” Web page collection is still questionable. It would be interesting to

study the performance of different CLIR techniques in Web-based applications.
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Based on my review, I believe CLIR techniques are a promising response to the
challenge of development of practical multilingual Web retrieval systems and Web
portals, especially when query translations are combined with various translation

disambiguation techniques. In this study, I posed the following research questions:

e Can CLIR techniques achieve satisfactory performance for retrieving Web
documents that are much “nosier” than traditional text collections?
e Can I combine existing CLIR techniques to build a multilingual Web portal with

both satisfactory effectiveness and efficiency?

The remainder of the chapter presents my work in studying these two questions.

3.3 Proposed Approach to Multilingual Web Retrieval

Aiming to apply an integrated set of CLIR techniques to the Web environment, I
propose an architecture for multilingual Web portal development. The proposed system

architecture is shown in Figure 3.1.

My system architecture consists of five major components: (1) Web Spider and Indexer,
(2) Pre-translation Query Expansion, (3) Query Translation, (4) Post-translation Query
Expansion, and (5) Document Retrieval. In the following, I describe each component in

detail.
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Figure 3.1: CLIR System architecture

3.3.1 Web Spider and Indexer

Web spiders, or Web crawlers, are programs that retrieve pages from the Web by
recursively following URL links in pages using standard HTTP protocols (Cheong,
1996). The Web Spider component is responsible for document collection building.
Document collections in two or more languages are needed for a multilingual Web
portal not only as an information resource for users but also as a comparable corpus that
can be used for translation disambiguation and query expansion. The second purpose is
especially important because it is difficult to obtain parallel or comparable corpora for

particular domains.
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There are high requirements for quality of the collections; every Web page in the
collection has to be highly relevant to the selected domain and, at the same time, must
be diverse enough to cover multiple topics and interests in the domain. Focused Web
spiders — spiders that focus on collecting pages in specific domains or Web sites —
can be used to build domain-specific Web collections (Chau & Chen, forthcoming).
However, although traditional focused Web crawling methods can be used to create
Web page collections that meet the relevance requirement, the scope of collections built
by these methods is usually restricted to the topics to which the starting URLs relate
(Bergmark et al., 2002). As a result, simple focused crawlers often fail to provide
comprehensive coverage of the different topics within the domain. To address this
problem, I proposed a collection-building method that extends the capability of
traditional focused crawling by meta-searching multiple large search engines. The
process of my method can be described as follows: Similarly to traditional focused
crawlers, I start the “probing” of the Web with a set of starting URLs and fetch relevant
Web pages. At the same time, new starting URLs are being identified by querying
multiple search engines (e.g., Google, Yahoo, AltaVista, etc.) and combining their top
results. Using this method, the diversity of the collection meets the requirement by
combining the top results from multiple search engines (Lawrence & Giles, 1998) while

the relevance of the collection is retained.

Web pages also must be indexed differently from traditional text documents.

Documents from the Web can be in various formats, such as HTML, ASP, or JSP. Web-
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specific indexers are designed to work with specific Web page structures (e.g.,

removing markup tags from HTML documents).

3.3.2 Pre-translation Query Expansion

In my Web portal I undertook pre-translation query expansion to expand users’ queries
in the original language. As discussed earlier, there are two common ways to perform
pre-translation query expansion, namely local feedback and local context analysis. |
chose to use the local feedback method because of its higher efficiency, an important
factor for Web applications. My approach followed the method reported by Ballesteros
and Croft (1997). The Pre-translation Query Expansion component takes a search query
and sends it to the local document collection to perform a search. The top n documents
retrieved are analyzed. All terms from these documents are extracted and their tf*idf
scores calculated. tf*idf is term frequency multiplied by inverse document frequency, a
measure widely used in information retrieval applications. The expanded query is then

reweighed with the Rocchio formula (Xu & Croft, 1996).

3.3.3 Query Translation

The Translation component is the core of the system. It is responsible for translating
search queries in the source language into the target language. Among the three

translation approaches, the dictionary-based approach seems to be most promising for
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Web applications for two reasons. First, compared with the parallel corpora required by
the corpus-based approach, MRDs used in dictionary-based CLIR are much more
widely available and easier to use. The limited availability of existing parallel corpora
cannot meet the requirements of practical retrieval systems in today’s diverse and fast-
growing Web environment. Second, compared with MT-based CLIR, the dictionary-
based CLIR approach is more flexible, easier to develop, and easier to control. While it
is impractical to build a complex MT system just for CLIR, existing commercial MT
software is either packaged as a black box, leaving little space for users to modify it for
their specific purposes, or it is too costly. According to a previous study (Gao et al.,
2001), dictionary-based CLIR with a combination of disambiguation techniques can
achieve even better performance than high-quality MT systems. I proposed to use a
dictionary-based approach combined with phrasal translation and co-occurrence

analysis for translation disambiguation.

In the dictionary lookup process, I first conducted maximum phrase matching on
English queries. Sequence of English words that matches a dictionary entry was
identified as a phrase. If such phrase was identified, it would be assigned a higher score
than individual words. The longest sequence identified was assigned the highest score
as a phrase. In addition, the entry with the smallest number of translations were
preferred over other candidates, because such translation candidates are less ambiguous
than entries with large number of translations. Translations containing more continuous

keywords were ranked higher than those containing discontinuous keywords.
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Co-occurrence analysis also was used to help choose the best translation among

candidates. For each pair of terms {p, ¢} in the query, all possible definition pairs {D,, D,}
in the dictionary were extracted such that D, is a definition of query term p in the target

language and D, is a definition of query term ¢ in the target language. Each pair was used

as a query to retrieve documents in the indexed collections. The co-occurrence score

between two definitions D; and D, then could be calculated as follows:

N12
N, +N,

Co —occur(D,,D,) =
where N;; is the number of Web pages returned when performing an “AND” search
using both D; and D, in the query and N;, N;are the numbers of documents returned
respectively when using only D; or D, in the query. My method is similar to that of
(Maeda et al., 2000) in which they sent definition pairs to other search engines and used
the number of returned documents to calculate the co-occurrence scores. What
differentiates my proposed method from theirs is that they calculated the co-occurrence
score “on the fly” which may greatly lower system efficiency; I calculated co-

occurrence scores in advance to avoid affecting run time efficiency which are extremely

important for Web applications.

3.3.4 Post-translation Query Expansion

The Post-translation Query Expansion component is responsible for expanding the

query in the target language. Similarly to pre-translation expansion, I followed the
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method described by Ballesteros and Croft (1997). The translated query is sent to the
local document collection in the target language to retrieve the relevant documents. All
terms from the top n documents are extracted and ranked by tf*idf scores. The top terms

are then combined with the translated query and reweighed to build the final query.

3.3.5 Document Retrieval

The Document Retrieval component is responsible for taking the query in the target
language and retrieving the relevant documents from the text collection. This
component can be designed based on similar the retrieval component in traditional
information retrieval systems. Different ranking methods, such as frequency-based

ranking or PageRank, also can be incorporated in this component (Arasu et al., 2001).

3.4 ECBizPort: An English-Chinese Web Portal for Business Intelligence

In this section, I report my experience in implementing a multilingual Web retrieval
system using the dictionary-based CLIR approach. The Web portal, called ECBizPort,
is an English-Chinese Web portal for business intelligence in the information
technology (IT) domain. I found that the whole building process can be done relatively
quickly and easily by making maximum use of monolingual retrieval system
development techniques and tools. I will also discuss some important issues in

multilingual Web retrieval system development.
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Figure 3.2 shows two sample screenshots of the ECBizPort prototype. A user can enter
a search query in the box provided and choose among different translation methods. The
query will be passed to the system for query translation and query expansion. A set of
relevant documents will be retrieved by the system and returned to the user. The
translated and expanded query is also displayed to the user so he/she may use the terms

to refine the query manually.
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Figure 3.2: Sample screenshots of ECBizPort
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3.4.1 Domain Selection

I decided to implement an English-Chinese Web portal for IT business intelligence
because I believe that such a multilingual Web portal will be very useful; English and
Chinese are the most popular languages on the Web and a strong business partnership
between the U.S. and China has given rise to a great IT business information need
between the two countries. Another reason is that Chinese is the second most popular
language online. Chinese and Chinese users represent 10.8% of the Internet (Global
Reach, 2002), making it desirable to study English-Chinese as a language pair in CLIR,

where English queries are used to match against Chinese documents.

3.4.2 Web Spider and Indexer

The AI Lab SpidersRUs toolkit (http://ai.bpa.arizona.edu/spidersrus/), a digital library
development tool developed by my research group, is used to build the English and
Chinese collections for the Web portal. The toolkit contains components that support
document fetching, document indexing, collection repository management, and

document retrieval. It can also build collections in different languages and encodings.

To address the limitation of most existing focused crawlers which use local search
algorithms in Web searching, I used a meta-search enhanced focused crawling approach
(Qin et al., 2004) to build the ECBizPort collections. Similarly to traditional focused

crawlers, my crawler starts with a set of starting URLs and fetches relevant pages back



94

based on the content- and link-based analysis results. Outgoing links in the relevant
pages are extracted and put into the URL queue. At the same time, a meta-searching
component keeps drawing queries from a domain-specific lexicon, retrieving diverse
and relevant URLs by querying multiple search engines, and combining their top results.
For the Chinese collection, I used 20 IT/Business-related starting URLs suggested by

my domain expert, such as http://www.zgcsc.com/ and http://www.csdn.net/. A domain

lexicon of 100 typical IT/business-related kewords were created. During the spider
process, these keywords identified by the expert were sent in Chinese to five major
search engines, Google (http://www.google.com/), Yahoo China (http://cn.yahoo.com/),
Sina  (http://www.sina.com.cn/)  Sohu  (http://www.sohu.com/), and Baidu
(http://www.baidu.com/). The top results returned from each search engine were used as
new starting URLs. Spiders were set to fetch 100,000 pages. Running on a Pentium-4
PC, the spiders spent about six hours collecting 100,000 Chinese Web pages. Similarly
to the Chinese collection, the English collection consisted of 100,000 pages and was
built in about five hours with 16 expert-identified starting URLs, a 100-keyword
lexicon and five major general search engines, namely Google, Yahoo
(http://www.yahoo.com/), AltaVista (http://www.altavista.com/), Infoseek
(http://infoseek.go. com/), and Hotbot (http://www.hotbot.com/). By using this meta-
search enhanced spider algorithm, I obtained two IT/Business domain specific

collections, one in English and the other in Chinese.
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To support document retrieval, English Web pages in the ECBizPort were indexed
using a word-based indexing approach; Chinese Web pages were indexed using a
character-based indexing approach. In both approaches, the positional information on
the words or characters within a Web page was captured and stored such that when the
query was a phrase, Web pages containing the exact phrase could be retrieved and given

higher ranking than pages with separated words.

3.4.3 Query Translation

3.4.3.1 English-Chinese Dictionary Translation

Query term translations were performed using the LDC (Linguistic Data Consortium)
English-Chinese bilingual wordlists as dictionaries
(http://www.ldc.upenn.edu/Projects/Chinese/ LDC_ch.htm). The LDC wordlists include
two specific lists: the English-to-Chinese wordlist (“ldc2ec”) and the Chinese-to-
English wordlist (“ldc2ce”), each contains around 120,000 entries. The main reason for
choosing the LDC wordlists was that the Chinese-to-English wordlist could be used as a
comprehensive word dictionary as well as a phrase dictionary. Taking advantage of the
phrasal translations, Kwok (2000) reported that using the Chinese-to-English wordlist
alone improved the effectiveness of CLIR by more than 70%. Similar phrasal

translation techniques were adopted in my Web portal.
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Each entry in the dictionary was indexed. For example, the indexer could interpret the

information of the English term “IT” having three Chinese translations “'&”, “f5H$:

K>, and “fg BH A

= lit/
IEELES%N / (military) Intelligence Technology / IT /
EISET N / Information Technology / IT /

The relationships between the English term (IT) and the Chinese translations (“‘&”, “I#

WELAR” and “f5 B $ R ”) were captured and recorded. Some other important

information, such as the number of English terms found in one dictionary entry and the
positions of the term located in the entry, also was captured and stored for

disambiguation purposes.

Given the indexed dictionary, definitions of English terms could be quickly and easily
retrieved. The Web page ranking function of the retrieval component could be used to
perform further disambiguation. For example, assume the follow dictionary entries have
been indexed:

TR R / intelligence /
THIRFA / (military) Intelligence Technology / IT /

B / wisdom / knowledge / wits / intelligence /
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Es) / information /
BAR / technique / technology /
& BEAR / Information Technology /IT/

{5 BB/ Information Technology industry / IT Industry /

For the English term “intelligence”, three definitions were retrieved: “If i £ K>
EZXH

(intelligence technology), “Z 5> (wisdom, intelligence), and “[# i (spy intelligence).

The definitions then were sorted according to the number of English terms found to be
related to each definition. The Chinese definition with the smallest number of English

translations was ranked first. In this way, “/##” was selected as the best definition of

“intelligence” since each was the only translation for the other. Maximum phrase
matching was also incorporated in my system by ranking Chinese translations
containing more continuous key words higher than those containing discontinuous key

words. For example, for the English terms “information technology”, the definition “f5
FH: K> containing continuous keywords “information” and “technology ” was
selected as a phrase translation, rather than the two separated definitions “{5E” and
“Fi K>. Similarly, the English terms “information technology industry” would be
translated into “{F S H AR\, a three-word phrase rather than three separated terms

or a single word and a two-word phrase.
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As discussed earlier, co-occurrence analysis also was incorporated in my system. It was
implemented by extracting all the terms that appeared in my dictionary from the
documents in the ECBizPort collections. The co-occurrence scores were calculated in a

batch process and stored in a database.

3.4.3.2 Query Expansion

To get good and meaningful expansions, the two collections had to be indexed using a
comprehensive and up-to-date lexicon to get as many good phrases as possible. As
SpidersRUs uses word-based indexing (character-based indexing for Chinese) to avoid
information loss, it did not capture phrases in either language during my general
indexing process. This led to loss of semantic meaning since in most cases a meaningful
term contains more than two characters in Chinese. Although the LDC wordlist can
alleviate the problem by providing some phrases, it is not sufficiently up-to-date and

comprehensive or the IT business domain, which involves a lot of new terminologies.

To address that problem, I decided to extract key phrases from my collection to build
my own lexicon. Arizona Noun Phraser (AZNP), developed by my research group, was
used to extract phrases from the English collection (Tolle & Chen, 2000). AZNP has
three components: a word tokenizer, a part-of-speech tagger, and a phrase generation
module. Its purpose is to extract all noun phrases from each document based on

linguistic rules. The Mutual Information (MI) technique, also developed by my group,
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was used to extract key phrases from the Chinese collection (Ong & Chen, 1999). The
MI program uses a statistical PAT-tree approach to extract key phrases from Chinese
documents. The English collection, with 100,000 Web pages, was sent to AZNP to
build the English lexicon, while the Chinese collection of the same size was sent to MI
to build the Chinese lexicon. These two collections were indexed based on their two
respective lexicons. The indexed terms were used for both pre- and post-translation

query expansion.

The local feedback method was implemented for both pre- and post-translation query
expansion in my system. For pre-translation expansion, the top ten English Web pages
were retrieved by the original English query, and the five English terms/phrases with
the highest tf*idf scores were added to the original query. In post-translation expansion,
the top ten Chinese Web pages were retrieved, and the top five Chinese terms/phrases
were added to the translated Chinese query. In both pre- and post-translation expansion,
the terms in the expanded query were reweighed using the Rocchio formula (Xu &

Croft, 1996).

3.4.4 Document Retrieval

The document retrieval component was supported by the Al Lab SpidersRUs toolkit
and the design was relatively straightforward. After a target query had been built, it was

passed to the search module of the toolkit. The search module searched the document
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indexes and looked up the documents that were most relevant to the search query. The
retrieved documents then were ranked by their tf*idf scores and returned to the user

through the Web-based interface.

3.5 An Example of Query Translation and Expansion

In this section I give an example of a typical user session in which a user tries to find
some Chinese Web pages related to the English key phrases “IT industry” and
“development environment”. So, he typed “IT industry development environment” into

ECBizPort and clicked the “Search” button.

If the user had chosen the word-by-word translation method, the system would first look
up all the translations for each English word. The results are shown as follows with each

translation separated from the next by a space:

IT: Z e BRI B A B Aoy R IEL M
e R E R L AR R BOR X AER 15 B IRt SR SR sE
HRPEANG 2 BORR AT 220 Al vl Ol vl IL ml i w1 98 s
BB BKEKBRELE B LS BRI B m 2 KA
PR UG IR L AN AR Xk AR B AR AT TZ A

S ANEIR AT ANt AN ANE A e AN E M AR AR
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AR ALFBE AIA AIE AHCY AR AL e A Ak ik
EIAT AR EETAT AT I HReK 9k 2K Al % Lt

industry: M Bt 7 AT SRR b FARAE ATk SEIRATE FA R R B
an I Y AV AR ol il TR ®ESL T B Ak T
RS Dk Ok Sk KA Al KA Al 7l

development: A Ji& JTARLRE JFAIAET TR AN H R AN 25 kg SiR K 3)
& Kk

environment: J& [l VRMEIAE I8 SHOAET WHEIRLAE KESUIAEE ERIAET SETHR AR

B BRI T AT IAET I3 A A 3R

The word-by-word translation method then picked the first match from each translation,

resulting in the following query (the English explanations are given in parentheses):

2 (it) ML Ft (industry) & & (development) J& [# (surroundings)

Although each translated Chinese term is one possible correct translation of the
corresponding English word, none of them is the correct translation in the context of
this query. For example, although “MV5'” can be translated into “industry”, it is not
common to use this word as part of the translation of the phrase “IT industry” in
Mandarin Chinese. Also, “ i [ ” often refers to surroundings as in “natural

surroundings” rather than “environment” as in “development environment”.
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This translation method certainly did not satisfy the user. So, he tried again using the

phrasal translation method. The returned translations were listed as follows:

2 (it) Mk H¢ (industry) FF &34 5% (development environment)

The phrasal translation method greatly improved the translation results and the two-
word concept, “development environment”, in the original query had been successfully

identified and translated as the phrase “Jf & ¥45%5”. However, the translation for “IT”

still was incorrect, and the translation for “industry” still did not fit well into the context
of the original query. Therefore, the user tried again, using the phrasal translation
method with co-occurrence analysis disambiguation. The returned translation is shown

below:

i B (information technology) f=\b. (industry) FF A& 5% (development

environment)

At this point, all the phrases have been correctly translated and fitted well into the
context of the original search query. To further improve the retrieval performance, the
user also chose to perform pre- and post- translation query expansion. The results are

shown below:
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Microsoft, database system, Operating System, software development, computer

engineering

The pre-translation query expansion is incorporated into the original query which then
could be translated together to get the following query:

& B BA (information technology) f= )b (industry) &35 (development
environment) f#{#X (Microsoft) (4 &= 24t (database system) #4F R4;

(operating system) 1} (software) JF & (develop) T & HL (computer) T.FE2#

(engineering)

Then, the post-translation query expansion results also could be added into the query.

13 (market), /2 7] (enterprise, firm), ¥/ (development), Hiixi (computer),

BAF (software)

Therefore, the final query was:

FOREOR Pk R RIAET S Bl PR R ST BRATE AR S WA T THEHL DR

g

Wi AW JT A I
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I can see that all new expanded query words were IT-related terminologies and could

improve precision of retrieving Web pages using the translated query.

3.6 System Evaluation

In order to evaluate the performance of my system, an experiment was designed and

conducted. In this section, I discuss the experimental and results of my study.

3.6.1 CLIR Evaluation Methodologies

CLIR evaluation aims at testing the effectiveness, measured by precision and recall, of
retrieval systems. To make effectiveness comparable across systems, the tests usually

are carried out on a common data set.

Three major evaluation workshops that have provided test collections for CLIR
experiments are: the Cross-Language Evaluation Forum (CLEF) covering many
European languages, the NTCIR Asian Language Evaluation covering Chinese,
Japanese and Korean, and the TREC Cross Language Track from 1997-2002. In all
workshops, the task was to match topics in one language against documents in another
language and return a ranked list (Gey & Chen, 2000; Chen et al., 2002; Peters, 2002).
In these tasks, a set of documents from the subject collection was pre-judged by human

experts to be relevant to the original query. Sometimes, since it would have been
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unrealistic to expect every document in the collection to be judged, precision is often of
more interest than recall, and is usually reported at low recall levels. In other words,
precision rate is often reported for the top n retrieved documents (n usually being
between 5 and 1000). Once relevance judgments had been established, precision could

be computed upon the ranked list of each entry.

Since CLIR always yields precision loss compared to traditional monolingual
information retrieval, researchers are often interested in how well CLIR performs as
compared with the corresponding monolingual run. In a monolingual run, original
queries were manually translated into the target query, and retrieval was performed on
this translated query. When precisions for both CLIR and monolingual retrieval are

obtained, the precisions of CLIR and of the monolingual retrieval can be compared.

The average precision for simple CLIR runs, such as word-by-word query translation
without using any translation disambiguation or query expansion, are often compared
with runs under other conditions to show the superiority of different techniques

(Ballesteros & Croft, 1996; Oard & Wang, 2001).

3.6.2 Experiment Design and Measure

In general, I followed the TREC evaluation process in my experiment design. However,

because my study used Web pages instead of standard collections, no established
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relevance judgment was available for precision and recall. Therefore, I decided to create
relevance judgment by recruiting human experts and adopting the precision at top-n
retrieved documents (n = 10 in my experiments) as my primary performance measure.
Since I were particularly interested in how well these techniques would work for Web
content in a business intelligence portal, I recruited experts in the business domain.
Three business school graduate students, all fluent in both English and Chinese, served
as domain experts. They identified seven Chinese queries of interest in the business/IT
domain and translated these queries into English as the base queries. These 7 base
queries were: China IT industry development, database management system, quality
control, electronic signature, high speed Internet, hardware interface, and Web
application. The average length of these queries is 2.43, which is pretty close to the
average Web query length of 2.21 (Spink & Xu, 2000). The original Chinese queries
were used to get monolingual runs. As discussed, such monolingual retrieval represents
the performance of traditional information retrieval. The English base queries were used
to get cross-lingual runs based on five settings: word-by-word translation (WBW),
phrasal translation with co-occurrence analysis (Ph-Co), Ph-Co with pre-translation
expansion, Ph-Co with post-translation expansion, and Ph-Co with both pre- and post-

translation expansion.

The experts individually submitted each query to the system under the different settings.
Because it was not practical for the experts to read all the 100,000 Web pages in the

collection, I emphasized precision only for the top ten retrieved Web pages for each
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query and setting, which is referred to as target retrieval (Eguchi et al., 2002). The
results were compared with the two standard benchmark settings: (1) monolingual
information retrieval (the best-case scenario), and (2) word-by-word translation (the
worst-case scenario). Word-by-word translation picks the first translation in the
dictionary and ignores all the other translation candidates. With seven queries and six
different settings, each expert performed a total 42 searches using the system. Each
expert went through the top 10 Web pages returned for each query and gave each page a
score of 0 or 1, with 0 meaning irrelevant and 1 meaning relevant to the search. The

time spent for retrieval was also recorded as a measure of the efficiency of the system.

3.7 Experimental Results and Discussions

Table 3.1 shows the experimental results. The different settings and methods are shown
in the first column of the table. The second column shows the top-10 precision scores
for each method averaged across the 21 searches performed by each of the three experts.
The third column shows a method’s performance compared with that of the
monolingual retrieval. The fourth column shows how much each method’s precision
was improved in comparison with the WBW translation. The last column shows the

average time used for the retrieval.
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Table 3.1: Precision and time

Performance Improvement .
Method AV;rligctibsti(;ﬁ-IO compared with coml;)ared with Tlr?SeeIcJ)sed

Monolingual WBW
Monolingual 0.671 100.0% - 7.1
WBW 0.283 41.8% 0.00% 14.0
Phr-Co 0.491 73.1% 74.6% 25.1
Phr-Co-Pre 0.491 73.1% 74.6% 45.1
Phr-Co-Post 0.500 74.5% 78.0% 52.1
Phr-Co-Pre-Post 0.500 74.5% 78.0% 71.8

Monolingual: monolingual retrieval

WBW: word-by-word translation

Phr-Co: phrasal translation with co-occurrence disambiguation

Phr-Co-Pre: phrasal translation with co-occurrence disambiguation and pre-translation query expansion
Phr-Co-Post: phrasal translation with co-occurrence disambiguation and post-translation query expansion
Phr-Co-Pre-Post: phrasal translation with co-occurrence disambiguation and both pre- and post-
translation query expansion

3.7.1 Precision

In Table 3.1, it can be seen that all methods except word-by-word translation achieved
over 70% of the performance level of the monolingual system. In other words, when
using English queries to retrieve Chinese documents, the experts were able to achieve a
top-10 precision rate of more than 70% of the top-10 precision obtained when using
Chinese queries to search for Chinese documents. The results were encouraging and
comparable with what others have reported for traditional CLIR systems and
improvement in the range of about 60% to 90%. The results demonstrated that CLIR
techniques assisted users in searching for documents in a different language in a noisy

Web portal setting.
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In order to identify any significant differences among the performances of the various
translation techniques, paired ¢-tests were performed for each pair of methods. The

statistical results (p-values) are shown in Table 3.2.

Table 3.2: Paired 7-test results

VS. Phr-Co Phr-Co-Pre Phr-Co-Post Phr-Co-Pre-Post
'WBW 0.0002%* 0.0002%* 0.0001* <0.0001*
Phr-Co 1.0000 0.1623 0.6487
Phr-Co-Pre 0.6657 0.1623
Phr-Co-Post 1.0000

*The difference is statistically significant at the 0.1% level.

As shown in Table 3.2, all four methods based on phrasal translation and/or query
expansion performed significantly better than word-by-word translation, the baseline
translation method. However, there were no significant differences among the four
methods. Phrasal and co-occurrence disambiguation performed much better than word-
by-word translation, achieving a 74.6% improvement, more than I expected. This
probably resulted because co-occurrence disambiguation in the focused business IT
domain is likely to perform better than it does with general news articles, although it
achieves significant improvement with both sets. Using phrasal and co-occurrence

disambiguation, 72% of the query words were correctly translated.

Surprisingly, when combined with phrasal and co-occurrence disambiguation, pre-
translation expansion did not further improve performance. Post-translation expansion,
used alone or combined with pre-translation expansion, slightly improved performance,

but the improvement was not as significant as I had expected. I suspect the noisy factor
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of Web pages might caused the limitation of query expansion results. Commercial
content, advertisement, menu bars, etc. are mixed with the relevant business intelligence
content on each page, the expanded words were not from the page content, but those
advertisements. This will affect the retrieval performance. I observed that Chinese Web
pages were usually noisier than English Web pages, which made it difficult to obtain
high-quality terms for expansion. Acronyms of companies and products that appeared
frequently in English Web pages were often added to the query, but most of them

remained un-translated and did not improve performance.

3.7.2 Efficiency

Efficiency is another important aspect of Web retrieval. Long system response time
(time elapsed between the moment when the search button is clicked and the results
finally appear on the screen) can cause users to lose their patience and thus lower user
satisfaction. To investigate the effect of CLIR techniques on system efficiency, I
conducted a simulation in which system response times for performing various CLIR
tasks were recorded and compared. As system response time also depends on factors
such as hardware performance and network traffic, I analyzed the processes of different
CLIR techniques and made a baseline estimation of their effect on system efficiency.
My results showed that phrasal translation with co-occurrence disambiguation took 3.5
times longer than monolingual translation. When both pre- and post-translation

expansions were used, the retrieval time increased to 10 times that of monolingual
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retrieval, which reached 70 seconds. It should be noticed that my prototype was run on
a personal computer which is much less powerful than machines used in commercial
search engines. The retrieval time would be much shorter on a powerful machine in a
real Web retrieval system. With most calculations done during indexing time, the

efficiency of the prototype is satisfactory.

In summary, the prototype multilingual Web retrieval system achieved 74% to 78%
performance improvement when compared with word-by-word translation. Phrasal
translation with co-occurrence disambiguation greatly improved precision, while query
expansion translation did not further improve the performance. In terms of efficiency, a
multilingual retrieval took 25 to 71 seconds. This result was not as good as had been
expected, but I believe it could be greatly improved if the system were to be run on a

high-performance server.

3.8 Conclusions and Future Directions

Relatively large-scale test collections for CLIR experiments are available for evaluation
of different retrieval approaches. However, few Web-based systems for online cross-
lingual information retrieval are available. In this Chapter, I have presented my
experiences using an English-Chinese multilingual Web retrieval system in the business
IT domain that combines our knowledge of Web retrieval, system building, and CLIR

techniques to address the need for multilingual Web retrieval. An experiment was
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conducted to measure the effectiveness and efficiency of my Web portal following
TREC evaluation procedures. My results showed that my system’s phrasal translation
and co-occurrence disambiguation led to great improvement in performance, while
query expansion techniques did not improve results further. The Web portal was
reasonably efficient on a PC and should achieve better efficiency on a more powerful
machine. In sum, my study demonstrated the feasibility of applying CLIR techniques to

Web applications and the experimental results are encouraging.

I plan to expand my research in several directions. First, I plan to integrate more CLIR
techniques into the Web portal to make it more robust. My techniques in ECBizPort is
my first step to study Web-based CLIR. I am also investigating how to improve the
speed of the system to achieve faster response time, which is necessary for a Web portal.
In addition, I plan to expand the Web portal to more languages, such as Spanish and
Arabic. Such expansion will allow us to study whether CLIR techniques will perform
differently for a multilingual Web portal when more than two languages are involved.
Because I believe that different domains might have different effects on the
performance of CLIR techniques, I am interested in testing my approach in other
domains, such as medicine. Lastly, I plan to extend my system evaluation and user
study. On the system performance aspect, a more systematic comparison on the
performance of Web-based CLIR systems versus a traditional CLIR system is
undergoing. User study on usability and information accessibility of interactive Web-

based systems will be conducted in the future.
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CHAPTER 4

DEVELOPING A MULTILINGUAL WEB RETRIEVAL SYSTEM:

EXPERIMENTS ACROSS WESTERN AND EASTERN LANGUAGES

4.1 Introduction

In Chapter 3, I present an English-Chinese cross-lingual Web retrieval system. In this
Chapter, I extend it to a multilingual Web retrieval system which involves five languages:
English, Chinese, Japanese, German and Spanish. Multilingual Information Retrieval
(MLIR) is the study of responding to a query by searching for documents in other
languages (Hull and Grefenstette, 1996). MLIR is an extension of Bilingual Information
Retrieval (BLIR), where target documents are in a single language that is different from
the query (Chen et al., 2002). Both multilingual and bilingual retrieval are sometimes
referred to in a broad sense as Cross-lingual Information Retrieval (CLIR). While
bilingual information retrieval has been studied more extensively in different-language
pairs such as English-Spanish, English-Chinese, and English-Arabic, multilingual
information retrieval has not been widely considered. While much MLIR research has
focused either on European or Asian languages, retrieval between European and Asian
languages is made more challenging by different linguistic structures. Such an East-West

language retrieval issue has not been well explored.
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In this research I aim at exploring research and system issues of relevance to multilingual
Web retrieval. The Chapter is structured as follows. Section 4.2 reviews related research,
including fundamental approaches to MLIR: addressing translation ambiguity and
linguistic resource problems and issues related to designing a Web-based MLIR system.
In Section 4.3 I discuss problems that arise from using existing MLIR techniques in Web
applications and present my research questions. In Section 4.4 I propose the Web-based
multilingual retrieval system design. Section 4.5 discusses the system architecture and
implementation details of a prototype Multilingual Web Portal in the business domain.
Section 4.6 reports the setup and results of an experiment designed to evaluate the
performance of the prototype. In Section 4.7 I discuss the findings of my experiments

and finally, in Section 4.8, I conclude my work and suggest some future directions.

4.2 Literature Review: MLIR on the Web

Similar to what I reviewed in Chapter 3, in multilingual information retrieval, most
MLIR research is based on free text retrieval systems, in which three main approaches
were adopted: using a machine translation (MT) system, using a parallel corpus, or using
a bilingual dictionary. All three approaches relies on some kind of linguistic resources. In

this section I review resources that support MLIR and Web-based MLIR systems.
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4.2.1 Resources to Support MLIR

4.2.1.1 Availability of Resources

Query translation and translation disambiguation often require extensive machine
translation or linguistic resources. Automatic machine translation systems are well
developed between English and the world’s major languages, such as Chinese, French,
German, Italian, Japanese, Portuguese, and Spanish. However, such systems between

other pairs of languages are rare (Larson et al., 2002).

Of the linguistic resources, bilingual dictionaries between major languages are more
prevalent than parallel texts in a general domain. However, even relatively widely
available bilingual dictionaries exist only for certain language pairs (in most cases
between English and another language). Very often, the available dictionaries have
different vocabulary coverage for different language pairs, which significantly affects

translation quality (McNamee & Mayfield, 2002).

4.2.1.2 Addressing Issues of Scarce Resources

Several efforts have been made to investigate the scarce resources problem in MLIR.

Obtaining Resources from the Web. The Web is becoming the largest data repository in

the world. In a new trend arising in natural language processing, some breakthroughs
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have resulted from effectively using Web data for linguistic purposes (Brill et al, 2001).
Recently several research groups have looked at the WWW as a source for multilingual
corpora. Lu et al. (2004) experimented with anchor-text-based Web mining to extract
equivalent word pairs in different languages. Nagata et al. (2001) collected a partial
parallel corpus between English and Japanese on the web to create a translation
dictionary. Other researchers also have taken various Web mining approach and machine
learning algorithms to construct parallel corpus (Young et al., 2001; Nie et al., 1999;
Yang and Li, 2003; Resnik and Smith, 2003). Although the Web has become a promising
resource for MLIR research, the diversity of Web pages means significant work is

necessary to construct reasonable MLIR resources from Web collections.

Combining Available Resources. Previous research has shown that by combining
multiple resources, MLIR achieves higher precision than that of any single resource.
Chen et al. (2000) used two large dictionaries and the Yahoo Chinese search engine to
translate Chinese queries into English and achieved great improvement in query
translation with the combined resources. Kwok (1999) found that using a bilingual
wordlist and found the bilingual wordlist complemented the machine translation. In
TREC 2001, the BBN group achieved considerable improvement when combining three
Arabic-English bilingual wordlists (one derived from a parallel corpus) (Fraser et al.,
2001). Qu et al. (2005) combined various resources for their Japanese-English retrieval,

including proper name translations extracted from parallel corpus, bilingual dictionaries
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and hand coded person names. Different MLIR resources often complement each other

and could improve MLIR system performance.

4.2.2 MLIR for Web Applications

4.2.2.1 Features of Web-based MLIR Systems

As discussed earlier, much research on the technologies that improve retrieval precision
has used standard TREC collections, rather than on real-world, interactive Web retrieval
applications. While traditional MLIR techniques are promising, they cannot be adopted
directly in Web applications. Web-based MLIR differs from traditional MLIR in the

following aspects.

Collection building: Traditional MLIR systems are often tested on standard, readily
available collections (mostly news articles). Web-based MLIR requires an extensive

crawling (spidering) process to build multilingual collections.

Collection size: Traditional MLIR systems are often tested on smaller collections
(usually less than 1 GB of data), while Web-based MLIR usually deals with larger
collections (more than several GBs). Taking the document collection in TREC 2002 as
an example, the collection for the Cross-language Track is 869 MBs, but the Web Track

in TREC contains 18.1 GBs of data.
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Text format: Traditional MLIR uses standard collections, where all the documents are
tagged in structured data format. Web-based MLIR needs to deal with different

document formats of documents, including HTML, ASP, PDF, PS, Word, etc.

Efficiency: Traditional MLIR usually focuses on effectiveness, but efficiency is often

ignored. However, efficiency is important for end users in Web retrieval scenarios.

Query length: Traditional MLIR often uses long query texts, a sentence description, or
sometimes a narrative paragraph. Queries on the Internet are much shorter and have an
average length of 2.21 words (Spink & Xu, 2000). Short queries offer less context
information for translation disambiguation and thus are more challenging in MLIR

research.

4.3 Research Questions

The Web has become a major information source for people worldwide in any
knowledge field. The use of MLIR techniques in Web retrieval is expected to address the
multilingual information needs of Web users; however, the diverse and fast-growing
nature of the Web makes some techniques unsuitable. Traditional MLIR techniques have
not been widely used and evaluated in Web applications (Oard, 2002). Although a few
systems exist, most provide only simple translation functions and do not provide

comprehensive evaluation results. Most research has been based on document collections
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carefully selected for evaluation purposes. There is a need to study the performance of

MLIR in Web-based applications.

Each of the three MLIR translation approaches has some drawbacks and the performance
of each approach is limited by the availability of natural language resources. As the
largest knowledge repository, the Web offers extensive resources that could be used in
MLIR. Some researchers have experimented with Web mining approaches to compensate
for limited existing resources. For non-English language pairs, pivot languages
translation shows potential to achieve reasonable performance, but it has not been widely
studied yet. MLIR research that involves more than two languages often has studied

either European or Asian languages, but not both.

Based on my review, I believe MLIR techniques offer a promising solution to the
problems of practical multilingual Web retrieval systems and Web portals, especially
when query translations are combined with various translation disambiguation techniques.

In this study, I posed the following research questions:

1. How can I develop a generic approach for a multilingual Web retrieval system

that incorporates both European and Asian languages?

2. How can I mine the Web for useful linguistic resources to improve multilingual

Web retrieval performance?
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3. Can a multilingual Web retrieval system achieve satisfactory performance (in

effectiveness and efficiency) in the Web context?

4.4 A Proposed Multilingual Web Retrieval (MWR) Approach

Aiming to apply an integrated set of MLIR techniques in the Web environment, I
propose a framework for multilingual Web portal development. The proposed system

architecture is shown in Figure 4.1.

My MWR system architecture consists of three major components: (1) Multilingual
Collection Building, (2) Query Translation, and (3) Document Retrieval. In the following,

I describe each component in detail.
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4.4.1 Multilingual Collection Building

The multilingual collection building process has rarely been addressed in traditional
MLIR research. However, it is a crucial component if a Web-based MLIR system is to
leverage the increasing availability of information in different languages on the Web. The

collection building process consists of two parts, the Web spider and indexer.

4.4.1.1 Web Spider

Web spiders, or Web crawlers, are programs that retrieve pages from the Web by
recursively following URL links in pages using standard HTTP protocols (Cheong, 1996).
The Web Spider component is responsible for document collection building. Document
collections in two or more languages are needed for a multilingual Web portal, not only
as the information resources provided by the portals to their users but also as a
comparable corpus that can be used for translation disambiguation and query expansion.
The second purpose is especially important because it is difficult to obtain such parallel

or comparable corpora for particular domains.

There are high quality requirements for the collections. Every Web page in the collection
has to be highly relevant to the selected domain and, at the same time, they have to be
diverse enough to cover multiple topics and interests in the domain. Focused Web spiders
— spiders that collect pages in specific domains or Web sites — can be used to build

domain-specific Web collections (Chau & Chen, 2003). Although traditional focused
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Web crawling methods can be used to create Web page collections that meet the
relevance requirement, the scope of collections built by these methods is usually
restricted to the topics to which the starting URLs relate (Bergmark et al., 2002). As a
result, simple focused crawlers often fail to provide comprehensive coverage of the
different topics within a domain. To address this problem, I have proposed a collection-
building method that extends traditional focused crawling by meta-searching multiple
large search engines. My method can be described as follows. Similarly to traditional
focused crawlers, I start my “probing” of the Web with a set of starting URLs and fetch
relevant Web pages. At the same time, new starting URLs are being identified by
querying multiple search engines (e.g., Google, Yahoo, AltaVista, etc.) and combining
their top results, thereby combining the top results from multiple search engines
(Lawrence & Giles, 1998) while maintaining the relevance of the collection. Documents
in different languages are collected separately to allow language specific processing in

other components.

4.4.1.2 Indexer

Web pages must be indexed differently from traditional text documents. Because
documents from the Web can be in various formats, such as HTML, ASP, JSP, PDF, or
MSWord, Web-specific indexers are designed to work with a specific Web page structure

(e.g., removing markup tags from HTML documents).
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Encoding is another problem to be considered when indexing multilingual documents.
Hundreds of different encoding systems represent diverse languages. Different encoding
systems even exist for the same language. For example, EUC-JP and Shift-JIS are both
used in Japanese Web pages; Big5 and GB2312 are both used in Chinese Web pages.
These encoding systems often conflict. The indexer needs to be informed of the Web

page encoding in order to perform indexing accordingly.

For languages with a rich morphology, stemming is frequently used in indexing to
improve retrieval performance. The Porter stemmer is a standard tool for English which
achieves normalization by chopping off suffixes (Porter, 1980). Some languages, such as
German, have more complex morphologies and a simple stemming algorithm does not
achieve successful performance. In these cases a more comprehensive algorithm, such as

language decompounding, is needed (Chen et al., 2002).

In general, the proposed multilingual indexer needs to deal with different Web pages
formats, different encoding systems, and language specific stemming algorithms. Indexes
of Web pages serve two purposes: 1) to generate a co-occurrence analysis matrix for

translation disambiguation; 2) to generate tf*idf scores for document retrieval.
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4.4.2 Query Translation

The Query Translation component is the core of the system. It is responsible for
translating search queries in the source language into each of the target languages.
Among the three translation approaches, the dictionary-based seems to be most promising
for Web applications for two reasons. First, compared with the parallel corpora required
by the corpus-based approach, MRDs used in dictionary-based MLIR are much more
widely available and easier to use. The limited availability of high-quality parallel
corpora makes the approach problematic for multilingual Web retrieval. Second,
compared with MT-based MLIR, the dictionary-based MLIR approach is more flexible,
easier to develop and easy to adopt. It is often impractical to build a complex MT system
just for MLIR. Existing commercial MT software is either packaged as a black box,
leaving little space for users to modify it for their specific purposes, or it is available only
for certain language pairs. According to a previous study (Gao et al., 2001), a dictionary-
based MLIR with a combination of corpus-based disambiguation techniques can achieve
better performance than high-quality MT systems. In my research, I propose a dictionary-
based approach that combined with phrasal translation and corpus-based co-occurrence
analysis for translation disambiguation. Figure 4.2 illustrates the four major steps in
query translation: 1) Dictionary Lookup, 2) Maximum Phrase Matching, 3) Phrasal
Translation, and 4) Co-occurrence Analysis. An example of how an English query

“Security Intelligence Technology” is translated into a Chinese query “#% 4> [EF A

is given on the right-hand side of Figure 4.2.
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Figure 4.2 Query translation steps with an example in English-Chinese translation
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4.4.2.1 Dictionary Lookup

I first prepare the dictionary in the [query language -> target language] format. The
dictionary is indexed such that information about the number and type (word or phrase)
of translations is recorded for each word. In the dictionary lookup process, I retrieve all
possible translations of each query word. Note that this includes both word-to-word
translations and phrase translations that are associated with the original query. Since each
word is often associated with 5 or even 10 different translations, the next step focuses on
translation disambiguation. The example in Figure 5.2 shows that each of the individual

query words generates more than 7 translations, which brings a high level of ambiguity.

4.4.2.2 Maximum Phrase Matching and Phrasal Translation

Maximum phrase matching is the process of identifying the longest substrings in the
query that can be translated into the target language as a whole. In this process, all query
words are parsed from left to right and possible substrings of different length are
generated. The program identifies the substrings with all adjacent query words sharing
the same translation. These substrings are then treated as a phrase, and phrasal translation
is performed. The remaining words still keep their word-by-word translation from the
first step. The example in Figure 2 illustrates that maximum phrase matching identified
“intelligence technology” as a phrase translation from the original query, and that phrase

is translated as a whole into “[%$$5 K” rather than the two separate translations. Phrasal
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translation is an effective way to eliminate translation ambiguity. However, its

performance relies heavily on the completeness and quality of the dictionary.

4.4.2.3 Corpus-based Co-occurrence Analysis

Existing MLIR approaches for query translation often require a target-language corpus
for the disambiguation of translated query terms. However, such domain-specific
resources are not always available. I propose to retrieve Web documents as a corpus and
use co-occurrence information between terms within that corpus. The corpus extracted

from the Web could provide a good basis for translation disambiguation.

Co-occurrence analysis is used to help choose the best translation among candidates. A
co-occurrence matrix was calculated from the extracted corpus beforehand. The indexer
program described in Section 4.1.2 first extracts all terms from the corpus. For each pair
of terms {Q;(Q;}, all possible translation pairs {7,, 7.} in the bilingual dictionary are
extracted. The co-occurrence score between two translations 7, and 7, then can be

calculated as follows:

N(T,,T,)

Co —occur(T,,T,) =
N(T, )+ N(T,)-N(T,,T,)
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where N(T,,, T,) is the number of documents that contain both 7,, and 7,,, and N(T,,), N(T,,)
are the numbers of documents contain 7, or 7, in the query. My method is similar to that
of (Maeda et al., 2000), in which they sent translation pairs to other search engines and
used the number of returned documents to calculate co-occurrence scores. What
differentiates my proposed method from theirs is that they calculated a co-occurrence
score “on the fly,” which may greatly lower system efficiency. I calculated co-occurrence
scores in advance to avoid affecting run-time efficiency, which is extremely important for

Web applications.

In the last step, I retrieve the highest-scored translation for all possible translation
combinations and select the final translation. When there are more than two words in the
query, co-occurrences analysis is performed on all possible word pairs. The combination
that achieves highest summed score is then selected. In the example in Figure 2, the

second translation for “security,” the second translation ““4>” achieved the highest

score with the phrase translation result of “intelligence technology.” Thus, this translation

of “ZZ4>” is selected over other translations.

4.4.3 Document Retrieval

The Document Retrieval component uses the translated queries in each target language
and retrieves documents from each collection. This component is similar to the retrieval

component in monolingual information retrieval systems. Different ranking methods,
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such as frequency-based ranking or PageRank, can also be incorporated in this
component (Arasu et al., 2001). The retrieved results are grouped by languages when

presented to the end user. I do not investigate result merging strategies in this Chapter .

4.5 A Multilingual Web Portal for Business Intelligence: An Experiment

In this section, I report my experience in implementing a multilingual Web retrieval
system using the proposed MLIR approach. The prototype system five major
representatives of Western and Eastern languages: English, Chinese, Japanese, German
and Spanish, which are the five most popular languages on the Web. I chose international

IT as the testbed because of its emerging roles and globalization trend.

4.5.1 Multilingual Collection Building

The AI Lab SpidersRUs toolkit (http://ai.bpa.arizona.edu/spidersrus/), a digital library

development tool developed by my research group, was used to build multilingual
collections for the Web portal. The toolkit contains components that support document
fetching, document indexing, collection repository management, and document retrieval.

It can also build collections in different languages and encodings.
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4.5.1.1 Spidering

As mentioned earlier, to ensure the relevance and coverage of the Multilingual Business
Intelligence Portal collections, a meta-search-enhanced focused spidering method was
used. For each collection, a list of business-related starting URLs and a list of typical
business-related queries were selected by domain experts. During the spidering process,
pages were fetched from the Web by recursively following URL links. At the same time,
the queries identified by the experts were sent to four major search engines, Google

(http://www.google.com/), Yahoo! (http://www.yahoo.com/), AltaVista

(http://www.altavista.com/), and HotBot (http://www.hotbot.com/). These four search

engines were chosen for their ability to search documents in the chosen languages. The
spider program was set to stop after collecting 100,000 pages to make collections
comparable in size. Running on a Pentium-4 PC, the spiders spent about 6-10 hours
collecting 100,000 IT/business-related Web pages for each language. Table 4.1 illustrates

my spidering details.

Table 4.1: Spider program settings and number of pages collected for each language

Language # of Starting # of Business # of Web
URLSs Keywords pages Spidered

English 31 242 100,000

Chinese 40 135 100,000

Japanese 33 164 100,000

Spanish 20 115 100,000

German 33 127 100,000
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4.5.1.2 Indexing and Stemming

Indexing
My collections were indexed in two ways: first by employing a character-based/word-

based index, and then using dictionary translations as indexing terms.

To support document retrieval, English, Spanish, and German Web pages in the
Multilingual Business Intelligence Portal were indexed using a word-based indexing
approach; Chinese and Japanese Web pages were indexed using a character-based
indexing approach. In both approaches, positional information on the words or characters
within a Web page was captured and stored such that when the query was a phrase, Web
pages containing the exact phrase could be retrieved and given higher ranking than pages

with separated words.

Using word-based indexing and character-based indexing during my general indexing
process avoided information loss, but did not capture phrases in any of the languages.
This led to loss of semantic meaning, especially in Chinese and Japanese, since in most
cases in Chinese and Japanese a meaningful term contains more than one character.
These semantic meanings are useful in translation disambiguation, where the system
needs to pick the right translation phrase among several candidates. Therefore, I indexed
all the pages against their analogous dictionaries. The indexed terms are potential
translations from bilingual dictionaries and would be used in co-occurrence calculation

for translation disambiguation purposes.
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Stemming
Word normalization will lead to much greater improvement in retrieval effectiveness for
morphologically rich and lexically complex languages. The indexing procedure uses

stemming algorithms for English, Spanish, German, and Arabic.

As a standard, the Porter stemmer is used for the English collection (Porter, 1980). For
Spanish, I implemented the Snowball stemming algorithm, a description of which is

available at http://snowball.tartarus.org/spanish/stemmer.html.

In German, compound words are widely used and this causes more difficulties than
English compound words. For example, the word Entwicklungsumgebung (development
environment) is derived from Entwicklung (development) and Umgebung (environment).
According to Chen (2002), including both compounds and their composite parts during
indexing would improve the performance. I took a completely dictionary-based approach
to German word normalization. If a word was not found in the dictionary, I would then
search for substrings of the word to see if I could find a match for the word through

matching a series of substrings.

In Chinese and Japanese, noun phrases do not have morphological variations, so no

stemming algorithm was applied to these two languages.
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4.5.2 Query Translation
Query term translations were performed using bilingual dictionaries. Table 4.2

summarizes the dictionaries I used for each language pair.

Table 4.2: Bilingual dictionaries used in query translation

Language Pair Bilingual Provider # of Entries in
Dictionary Used Dictionary
Chinese/ English LDC Wordlist LDC 120,000
Japanese/English EDICT Monash University 106,012
English/Spanish EFN Wordlist EFN Organization 25,535
(http://www.efn.org/ )
English/German TravLang TravLang 18,554
Dictionary

As I proposed in Section 4.4.2.1, each entry in these dictionaries was first indexed. The
relationships between the English term and the Chinese translations were captured and
recorded. For further disambiguation purposes some other important information, such as
the number of English terms found in one dictionary entry and the positions of the term
located in the entry, also was captured and stored. Given the indexed dictionary,
definitions of English terms could be quickly and easily retrieved. Maximum phrase
matching was also incorporated in my system by ranking Chinese translations containing
more continuous key words higher than those containing discontinuous key words. Word
co-occurrence information trained from a target language text collection was used to
disambiguate the translations of query terms. Co-occurrence analysis was implemented
by extracting all the terms that appeared in corresponding dictionaries from the

documents in the Multilingual Portal collections. The co-occurrence scores were
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calculated in a batch process based on the procedure described in Section 4.4.2.3 and

stored in a database.

4.5.3 Document Retrieval

The document retrieval component was performed as in monolingual retrieval. It was
supported by the Al Lab SpidersRUs toolkit. After a target query had been built, it was
passed to the toolkit’s search module, which searched the document indexes and looked
up the documents that were most relevant to the query. The retrieved documents then
were ranked by their tf*idf scores and returned to the user through the Web-based

interface.

4.5.4 Sample User Sessions

Figure 4.3 shows sample user sessions on the Multilingual Business Intelligence Web
Portal prototype. The interface is in UTF-8 encoding. On the search page (Figure 4.3.a),
users can choose among five languages as their query language by checking the boxes.
They can input multiple keywords in the search box above. The left-side of the search
page provide five target languages. Under each language, users can choose among three
query translation approaches: word-by-word translation, phrasal translation, a combined

phrasal and co-occurrence analysis approach.
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The query is passed to the system for query translation. A set of documents is retrieved
by the system. On the result pages (Figure 4.3.b-4.3.d), I display top 20 returned results
from each target language. Results are organized according to their languages. The title
and a one-sentence summary of each document are displayed. Users can browse the set of
results from a particular language. The translated queries are also displayed to the user so

he/she may use the terms to refine the query manually.
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4.6 System Evaluation

I designed and conducted an experiment to evaluate the performance of my multilingual
system. In this section, I discuss MLIR evaluation methodologies, experiment design and

measures, and my hypotheses.

4.6.1 MLIR Evaluation Methodology

MLIR evaluation aims at testing the effectiveness of retrieval systems, often measured by
precision and recall. To make effectiveness comparable across systems, such tests usually

are carried out on a common data set.

Three major evaluation workshops that have provided test collections for CLIR
experiments are: the Cross-Language Evaluation Forum (CLEF) covering many
European languages, the NTCIR Asian Language Evaluation covering Chinese, Japanese,
and Korean, and the TREC Cross Language Track from 1997-2002. In all these
workshops, the task was to match topics in one language against documents in another
language and return a ranked list (Gey & Chen, 2000; Chen et al., 2002; Peters, 2002). A
set of documents from the subject collection was pre-judged by human experts to be
relevant to the original query. Since it would have been unrealistic to expect every
document in the collection to be judged, precision often was considered of more interest

than recall and usually was reported at low recall levels. In other words, precision rate
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often was reported for the top n retrieved documents (n usually being between 5 and
1000). Once relevance judgments had been established, precision could be computed

upon the ranked list of each entry.

Since MLIR always yields precision loss compared with traditional monolingual
information retrieval, researchers are often interested in how well MLIR performs in
comparison with a corresponding monolingual run. In a monolingual run, original queries
were manually translated into the target query, and retrieval was performed on this
human-translated query. When precisions for both MLIR and monolingual retrieval had
been obtained, the precisions of MLIR and of the monolingual retrieval could be

compared.

Besides multilingual and monolingual comparison, comparisons are often made among
different translation approaches. The average precision for simple MLIR runs, such as
word-by-word query translation without using any translation disambiguation or query
expansion, are often compared with runs under other conditions to show the superiority

of different techniques (Ballesteros & Croft, 1996; Oard & Wang, 2001).

4.6.2 Experiment Design and Measures

In general, 1 followed the TREC evaluation process in my experiment design (Voorhees,

1998). However, because my study used Web pages instead of standard collections, no
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established relevance judgment was available for precision and recall. I decided to create
relevance judgment by recruiting human experts. Since I was particularly interested in
how well these techniques would work for Web content in a business intelligence portal,
I recruited five bilingual business school students as domain experts, all fluent in English
and one of the target languages (Chinese, Japanese, Spanish, and German). They
identified 10 English-based queries of interest in the business/IT domain and translated
these queries into the target language as a standard translation. These English queries
contained 2-4 words (2.4 words on average) and resembled queries often submitted by an
end-user of a Web search engine in terms of length. The human-translated queries were
used to retrieve monolingual runs. As discussed, such monolingual retrieval represents
the best-case scenario performance of multilingual information retrieval, where all the

words are perfectly translated.

To obtain multilingual runs, the original English queries were sent to my multilingual
system based on four settings: 1) word-by-word translation (WBW), 2) phrasal
translation, 3) co-occurrence analysis translation, and 4) phrasal translation with co-
occurrence analysis (Ph-Co). Word-by-word translation picked the first translation in the
dictionary and ignored all the other translation candidates, which was considered as a

worst-case benchmark for the multilingual runs.

During the experiment, the experts individually submitted each query to the system under

the five different settings (one for monolingual and four for multilingual). The results of
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the target retrieval were compared with the two benchmark settings: (1) monolingual
information retrieval (the best-case scenario), and (2) word-by-word translation (the
worst-case scenario). With ten queries and five different settings, each expert performed
a total of 50 searches using the system. Each expert went through the top 10 Web pages
returned for each query and gave each page a score of 0 (irrelevant ) or 1.0 (relevant to
the search). To compare the effectiveness of the system, I used precision only for the top
10 retrieved documents for each query and setting, a measurement referred to as target
retrieval in the NTCIR workshop (Eguchi et al., 2002). Precision measures how well the

system can find relevant results for a user’s query. It is calculated as

number of relevant documents retrieved by the system
number of all documents retrieved by the system

Precision=

Efficiency refers to the amount of time the system took to retrieve documents. During the
experiment it was recorded as the time needed, since users hit the search button until the

results were returned.

4.6.3 Hypotheses

I tested three groups of hypotheses in my multilingual Web retrieval system.

H1: Web-based multilingual information retrieval could achieve a performance level

reasonably comparable to that of monolingual retrieval.
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H2.1: Co-occurrence analysis trained from Web documents could significantly improve

multilingual retrieval effectiveness over word-by-word translation.

H2.2: Phrasal translation could significantly improve multilingual retrieval effectiveness

over word-by-word translation.

H3.1: When phrasal translation and co-occurrence analysis are applied together,

effectiveness is further improved over using co-occurrence analysis translation alone.

H3.2: When phrasal translation and co-occurrence analysis are applied together,

effectiveness is further improved over using phrasal translation alone.

In Hypothesis 1, I believed the overall performance of the Web-based multilingual
retrieval system could achieve 2/3 of monolingual retrieval performance, which is

considered to be reasonable performance in multilingual information retrieval

(Grefenstette, 1998).

For Hypotheses 2.1 and 2.2, I compared the extent to which each technique could push

performance in multilingual Web retrieval.
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For Hypothesis 3.1 and 3.2, I believed that by applying both co-occurrence analysis and
phrasal translation, the ambiguity created by simple translation is reduced and the

effectiveness could be further improved.

I did not emphasize system efficiency in my hypotheses because it is obvious that
monolingual retrieval was most efficient, while applying both co-occurrence analysis and
phrasal translation was the least efficient. However, I provided experiment results on
efficiency measures in the next section to study whether these techniques are practical in

real world applications.

4.7 Experiment Results and Discussions

In this section, I describe and analyze the results of my study comparing five
experimental settings in four different language pairs. Table 4.3 summarizes the average
precision of each experiment setting for each language pair. The language pairs are
shown in the first column and the different settings and methods are shown in the second
column of the table. The third column shows the top-10 precision rates of each method
averaged across the 10 searches performed by each of the 5 experts. The fourth column
shows a method’s performance compared with that of the monolingual retrieval. The fifth
column shows how much each method’s precision was improved when compared with

WBW translation. Table 4.4 shows the p-value of various #-tests in testing the hypotheses.
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Hypotheses tested are listed in the first column and the next four columns are p-values of

t-tests for four different language translation pairs.

Table 4.3: Summary of system effectiveness performance

Performance Improvement

Experiment Average compared with  compared with
Settings Precision Monolingual WBW

English- Monolingual 0.68 100%

Chinese WBW 0.13 19.12% -
Co-occurrence 0.41 60.29% 215%
Phrasal 0.39 57.35% 200%
Co+Phr 0.52 76.47% 300%

English- Monolingual 0.54 100%

Japanese WBW 0.04 7.41% -
Co-occurrence 0.37 68.52% 825%
Phrasal 0.33 61.11% 725%
Co+Phr 0.46 85.18% 1005%

English- Monolingual 0.58 100%

Spanish WBW 0.31 53.45% -
Co-occurrence  0.36 62.07% 16.13%
Phrasal 0.34 58.62% 9.67%
Co+Phr 0.36 62.07% 16.13%

English- Monolingual 0.75 100%

German WBW 0.07 10.29% -
Co-occurrence  0.53 70.59% 586%
Phrasal 0.07 10.29% 0%
Co+Phr 0.53 70.59% 586%

WBW: Word-by-word translation

Co-occurrence: Co-occurrence analysis-based translation

Phrasal: Phrasal-based translation

Co+Phr: Combined co-occurrence analysis and phrasal-based translation

Bold figures indicates the best performance achieved during multilingual retrieval
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Table 4.4: Summary of system effectiveness performance

English-  English- English- English-
Hypotheses Chinese Japanese Spanish German
H1: Multilingual > 2/3 <0.001* <0.001* 0.060 0.001*
Monolingual
H2.1: Coo > WBW <0.001* 0.002* 0.060 0.001*
H2.2: Phr > WBW 0.008* 0.020* 0.172 1.000
H3.1: Co-Phr > Coo 0.030* 0.060 1.000 1.000
H3.2: Co-Phr > Phr 0.006* 0.030* 0.080 0.001*

An asterisk (*) means that t-test results was significant at a 95 percent confidence level.
Sample size: 50

4.7.1 Overall Comparison Between Multilingual and Monolingual

Table 4.5 compares the precision achieved in monolingual retrieval and the best
multilingual retrieval performance in my experiments. On average, multilingual
performance achieved 73.57% of monolingual performance. Monolingual precision level
for the four languages varied between 0.54 (Japanese) and 0.75 (German). Because I used
a generic word-based (character-based for Japanese and Chinese) index and a generic
tf*idf ranking schema for all languages, this variation range is considered to be
reasonable. Japanese yielded the lowest precision in monolingual retrieval, and I believe
it is because of its morphological complexity and lack of standard orthography (Halpern,
2003). The precision can be improved if these problems are addressed. The best
monolingual performance was a 0.75 precision of German. I believe that the
decompounding stemming algorithm I used for the German language contributed to the

precision performance.
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When comparing multilingual performance with monolingual performance, the best
multilingual retrieval performed from 62.07% (Spanish) to 85.18% (Japanese) of the
corresponding monolingual precision. HI was supported for English-Chinese, English-
Japanese, and English-German multilingual retrieval, but was not supported for English-
Spanish retrieval. Although English-Spanish retrieval was not as good as other language
pairs, it is comparable to two-third of the monolingual precision with a p-value of 0.060
(see Table 4.4). In general, I conclude that Web-based multilingual information retrieval
could achieve a performance level reasonably comparable to that of monolingual retrieval

when appropriate techniques are used.

Table 4.5: Comparison between monolingual and best multilingual performance

Best Multilingual Performance
Monolingual Performance Compared with

Language Pair Precision Precision Monolingual
English-Chinese  0.68 0.52 76.47%
English-Japanese 0.54 0.46 85.18%
English-Spanish 0.58 0.36 62.07%
English-German  0.75 0.54 70.59%
Average 0.64 0.47 73.43%

4.7.2 Phrasal and Co-occurrence Translation Comparison

4.7.2.1 English-Chinese Language Pair

For the English-Chinese language pair, I found that both phrasal translation and co-
occurrence analysis significantly improved performance over word-by-word translation.

By applying phrasal translation alone the performance improved from 19.12% to 57.35%
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of monolingual retrieval, and co-occurrence analysis alone improved the performance to
60.29%. Both improvements were statistically significant at the 95% confidence level
(Table 4.4). Thus I concluded that H2.1 and H2.2 were both confirmed for the English-

Chinese language pair.

When phrasal translation and co-occurrence analysis were combined, the performance
was boosted to 76.47%, significantly better than using phrasal translation alone or using

co-occurrence translation alone. Both H3.1 and H3.2 were confirmed.

4.7.2.2 English-Japanese Language Pair

Similar to the English-Chinese pair, H2.1 and H2.2 were confirmed for the English-
Japanese language pair: The multilingual retrieval resulted in significantly better
performances when phrasal translation or co-occurrence analysis translations were used
in comparison to word-by-word retrieval. The two methods reached 61.11% and 68.52%
of monolingual performance, which greatly exceeded the 7.41% effectiveness obtained

from the word-by-word approach.

When looking at the combined approach, H3.2 was confirmed, but H3.1 was not. I
concluded that using phrasal and co-occurrence translation together performed
significantly better than using phrasal translation alone, but not significantly better than

using co-occurrence alone. Compared to other language pairs, a combined approach for
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English-Japanese retrieval achieved the highest improvement over word-by-word
translation. I believe that phrasal translation and co-occurrence analysis are extremely
helpful when morphologically complex or orthographically irregular languages are

involved.

4.7.2.3 English-Spanish Language Pair

There was no significant difference between using simple word-by-word translation and
phrasal translation. Using co-occurrence analysis alone did not significantly improve the
performance; neither did the combination of the two techniques. I observed that the
word-by-word translation in this language pair performed quite well: 53.45% of
monolingual retrieval while the other three languages achieved less than 20% of
monolingual retrieval. I believe that because Spanish is closer to English a word-by-word
translation could often pick the correct translation. However, because of the good
performance in word-by-word translation, the co-occurrence analysis approach did not
significantly improve the performance, despite the fact that I still observed a 16.13%
increase when co-occurrence analysis is used. Phrasal translation enhanced the word-by-

word translation by only 9.67%.

Using phrasal and co-occurrence analysis together did not significantly improve the
effectiveness over using phrasal or co-occurrence analysis alone. Thus H3.1 and H3.2

were not confirmed for English-Spanish retrieval. That the phrasal-based approach had
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little impact on English-Spanish cross-lingual retrieval is mainly due to the fact that the
English-Spanish dictionary contains very few phrase entries. Unlike co-occurrence
analysis which can be built on Web collections, phrasal translation is dependent on the
coverage of the bilingual dictionary. The English-Spanish dictionary is much smaller
than the dictionaries for the two Asian languages, with only one-fourth the number of

entries and most of them are word-to-word translations.

4.7.2.4 English-German Language Pair

In my experiments with the English-German language pair, I found that H2.1 was not
confirmed: phrasal translation did not perform better than word-by-word translation.
While phrasal translation did not improve the effectiveness, co-occurrence analysis
significantly enhanced the effectiveness from 10.29% to 70.50% of monolingual retrieval.
Again, I noticed that the English-German dictionary that I used contains limited phrases,
resulting in the failure of phrasal translation. The decompounding stemming approach
successfully segmented most German compounds during indexing such that during co-
occurrence analysis, the translated German words can be identified from my index of the

Web collection.

In testing the combined approach performance I concluded that while H3.1 was not

confirmed, H3.2 was supported again. Because no phrases were identified in the query,
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phrasal translation did not have a positive impact on the effectiveness. Therefore a

combined approach benefited from co-occurrence analysis but not phrasal translation.

4.7.2.5 Discussion

I observed performance differences between European languages (Spanish and German)
and Asian languages (Chinese and Japanese). For the two Asian languages, phrasal
translation alone and co-occurrence alone both significantly improved performance, and
using both co-occurrence and phrasal translation further improved performance. For the
two European languages phrasal translation alone did not significantly improve the
performance, while co-occurrence significantly improved German translation but not

Spanish translation.

This result could be explained by looking at the different resources used for each
language pair. English-Chinese and English-Japanese dictionaries are more
comprehensive and contain significantly more phrase information than German and
Spanish dictionaries. The English-Chinese (E-C) dictionary contains 120,000 entries and
the English-Japanese (E-J) dictionary contains 106,012 entries, compared with 18,554
entries in the English-German (E-G) dictionary and 25,535 entries in the English-Spanish

(E-S) dictionary.
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In all cases, co-occurrence analysis quite consistently improved translation performance.
I found improvement larger than that in traditional MLIR, which could have resulted
from the high quality of my Web page collections. In traditional MLIR, general news
articles are used as the co-occurrence training set and the query terms and their
translations are less sensitive to that general training set. In a domain specific
multilingual Web retrieval, the corpus is built to be highly relevant to the domain. This
helps co-occurrence analysis assign high scores to translations that are most relevant to
the domain. My experiment results showed that in domain-specific multilingual Web
retrieval, corpora mined from the Web provide a good training set for co-occurrence
analysis. These comparable corpora have potential to replace some linguistic resources

that are not widely available and could serve in various corpus-based approaches.

4.7.3 Efficiency

Besides effectiveness, efficiency is another important aspect of Web retrieval. Long
system response time (time elapsed between the moment when the search button is
clicked and the results’ final appearance on the screen) can cause users to lose patience
and thus lower user satisfaction. To investigate the effect of MLIR techniques on system
efficiency, system response times for performing various MLIR tasks were recorded and
compared. System response time depends on factors such as hardware performance and
network traffic. Since my experiments were run on PCs, I emphasize the response time of

multilingual retrieval in comparison to monolingual retrieval. Thus, I consider
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monolingual retrieval as my baseline performance. Table 4.6 summarizes the average

time spent under each system setting.

Table 4.6: Efficiency of Multilingual Business Intelligence Portal

English- | English- English- English- Average | Comparison
Chinese | Japanese Spanish German (seconds) | with
(seconds) | (seconds) (seconds) | (seconds) monolingual
Monolingual 6.87 7.12 4.32 5.05 5.84 1
WBW 8.14 8.87 5.86 6.13 7.25 1.24
Co-occurrence | 20.47 23.18 10.89 11.34 16.47 2.82
Phrasal 8.98 9.76 6.55 6.99 8.07 1.38
Co+Phr 22.04 24.26 11.47 12.15 17.48 2.99

My results showed that compared to monolingual retrieval, simple word-by-word
translation took 1.24 times as long as monolingual retrieval. When phrasal translation
was involved, the retrieval time increased to 2.82 times that of monolingual retrieval.
However, phrasal translation did not decrease the efficiency much, at 1.38 times the
reponse time of monolingual retrieval. When phrasal translation and co-occurrence
analysis were used together, the performance dropped to 2.99 times the response time of
monolingual systems. Co-occurrence analysis was the component which took the most

computation and efficiency could drop a lot when it was applied.

I also observed that although Chinese and Japanese performed better than Spanish and
German in effectiveness, the efficiency was lower. There are two possible reasons for the
slower response of the two Eastern languages. First, Chinese and Japanese words are

multi-character words with an average word length of 2-3 characters. When Japanese
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words are spelled in Katakana or Hiragana, the average length is more than 2-3 characters.
I adopted a character-based index in order to capture those multi-character words
precisely. However, this approach could slightly hurt the efficiency compared to a word-
based index. Second, the dictionaries I obtained for Chinese and Japanese contained
many more entries than the ones for Spanish and German, which resulted in a much
larger co-occurrence table for the two Eastern languages. This also increased the

computational time in co-occurrence analysis.

It should be noticed that my prototype was run on a personal computer that is much less
powerful than machines used in commercial search engines. The retrieval time would be
much shorter on a powerful machine in a real Web retrieval system. With most

calculations done during indexing time, the efficiency of the prototype is satisfactory.

4.8 Conclusions and Future Directions

Relatively large-scale test collections for MLIR experiments are available for evaluation
of different retrieval approaches. However, few Web-based systems for online cross-
lingual information retrieval are available. In this Chapter, I presented my experience in
using a multilingual Web retrieval system with five languages (English, Chinese,
Japanese, Spanish, and German in the business IT domain. The system combines my

knowledge of Web retrieval, system building, and MLIR techniques to address the need
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for multilingual Web retrieval. An experiment was conducted to measure the
effectiveness and efficiency of my Web portal, following TREC evaluation procedures.
The prototype multilingual Web retrieval system achieved 62% to 85% of the
performance level of monolingual retrieval. 1 also found that co-occurrence analysis
improved performance for translation between English and any other language, while
phrasal translation only improved performance for two Asian languages that had
comprehensive bilingual dictionaries. In terms of efficiency, a multilingual retrieval took
6.13 to 12.15 seconds, or 1.24 to 2.99 times that of monolingual retrieval. The Web portal
was reasonably efficient run on a PC and should achieve better efficiency on a more
powerful machine. In summary, my study demonstrated the feasibility of applying MLIR

techniques in Web applications and the experimental results are encouraging.

I plan to expand my research in several directions. First, I plan to conduct an interactive
user evaluation of the usefulness of this multilingual Web retrieval system to real users.
In such an interactive user evaluation, all the retrieved documents will be translated into
the user’s familiar language using a commercial machine translation product. I am also
investigating how the speed of the system can be improved to achieve faster response
time, which is necessary for a Web portal. In addition, I plan to expand the Web portal to
more languages. Such expansion will allow us to study whether MLIR techniques will
perform differently for a multilingual Web portal when more than two languages are

involved. Lastly, because I believe that different domains might have different effects on
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the performance of MLIR techniques, I am interested in testing my approach in other

domains, such as public health and bioinformatics.
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CHAPTER 5

NAME TRANSLITERATION BY COMBINING THE PROBABILITY

MODEL AND THE WEB MINING MODEL

5.1 Introduction

The previous two Chapter described development of multilingual Web retrieval systems
using a dictionary-based approach. However, in multilingual retrieval most proper names
are unknown words that cannot be found in dictionaries, known as out-of-vocabulary
(OOV) terms (Chen and Lee, 1998). Proper names, such as organizations, company
names, product names, and person names, play an important role in search queries (Bian
& Chen 2000). It was reported that 67.8%, 83.4%, and 38.8% of queries to the Wall
Street Journal, Los Angeles Times, and Washington Post respectively involved name
searching (Thompson and Dozier 1997). Those OOV proper names are some of the most
difficult phrases to translate because they come from nowhere and are often domain
specific (Al-Onaizan and Knight, 2001). During translation between language pairs
employing the same alphabets (e.g., English/Spanish), proper names stay the same. For
language pairs employing different alphabets (e.g., English/Arabic), proper names are
translated phonetically, referred to as tramsliteration. For example, President “George

Bush” is transliterated into Chinese as “Fv¥fi fiiff”>” and the company name “SONY” is
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3

transliterated into Arabic as “s.” Being able to identify correct transliterations of
proper names as well as identify the origin of transliterated words would largely affect
the precision of multilingual Web retrieval and would also be beneficial in machine
translation systems or Question Answering systems. While the identification of proper

names has received significant attention, transliteration of proper names has not (Al-

Onaizan and Knight, 2002).

In this Chapter, I aim to develop a generic approach to enable automatic transliteration of
Arabic proper names which combines an enhanced Hidden Markov Model (HMM) and a
Web mining model. The rest of the Chapter is structured as follows: Section 5.2 reviews
related research, in automatic transliteration and provides a taxonomy of existing
approaches. In Section 5.3, I identify research gaps and present my research questions. In
Section 5.4, I propose my transliteration framework, ArizonaNameTran. Section 5.5
discusses my experiment design and measures. In Section 5.6 I report and discuss
experiment results. Finally, in Section 5.7 I conclude my work and suggest some future

directions.

5.2 Related Works

5.2.1 Transliteration Problem

Transliteration is the representation of a word or phrase in the closest corresponding

letters or characters of a language with different alphabet so that the pronunciation is as
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close as possible to the original word or phrase (AbdulJaleel and Larkey, 2003). It can be
classified in two directions: forward transliteration and back transliteration (Lin & Chen
2002). Consider a name pair (s, t) where s is the original proper noun in the source
language and ¢ is the transliterated word in the target language. Forward transliteration is
the process of phonetically converting s into ¢. Back transliteration is the process of
correctly finding or recovering s given f. Forward transliteration is a one-to-many
mapping. Forward transliteration is a one-to-many mapping. For example, the Arabic
name “ig«” can be back-transliterated into “Muhammed,” “Mohammed,” “Muhamed,”
etc. Some transliterations might be more popular than others, but it is difficult to define
one “correct” transliteration. On the other hand, back transliteration is a many-to-one
mapping and has been identified as a more difficult task than forward transliteration for

some language pairs (Stalls & Knight, 1998).

Furthermore, both directions have been explored with different language pairs in previous
research. When (s, #) are both alphabet-based languages, such as English/Arabic,
mapping can be applied from s->¢ directly. When (s, ¢) contains both alphabet-based and
character-based languages, such as English/Chinese, a two-stage mapping is needed and a
phonetic representation ¢’ is often introduced. Transliteration is first performed from s-
>¢’, and then from ¢’->¢. For example, when translating the English name “Clinton” into
Chinese, it is first transliterated into Chinese Pinyin form as “Ke Lin Dun” (Pinyin is a

type of phonetic representation of Chinese). “Ke Lin Dun” is then transliterated into
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Table 5.1 classifies previous research according to

transliteration directions and type of languages studied.

Table 5.1: Transliteration problems studied in previous research

Direction Forward transliteration Back transliteration
Process Phonetically convert to a foreign Recover the original name
language
Feature One-to-many Many-to-one
Clinton-> 57, FKifii i MR > Clinton
>FA] ARAH LN
dige -> Muhammed Al Qa'ida >l
Examples -> Mohammed Al Qaeda >
Al Quieda >
328 > Al Qa'ida
-> Al Qaeda Muhammed -> digs
-> Al Quieda Mohammed
) . Arabic->English
Arabic->English Stalls & Knight (1998)
Arbabi et al. (1994)
. . Thai->English
English->Arabic Kawtrakul et al. (1998)
Previous AbdulJaleel & Larkey (2002)
Research Darwish et al. (2001) Japanese->English

Al-Onaizan & Knight (2002)

English->Chinese
Wan & Verspoor (1998)
Virga & Khudanpur (2003)

Knight & Graehl (1997)
Goto et al. (2001)

Chinese->English
Lin & Chen (2002)




160

5.2.2 Transliteration Models Overview

Previous transliteration models can be categorized into four approaches: a rule-based
approach, a machine learning approach, a statistical approach and a Web mining

approach.

5.2.2.1 Rule-based Approach

A rule-based approach maps each letter or a group of letters in the source language to the
closest sounding letter or letters in the target language according to pre-defined rules or
mapping tables. Darwish et al. (2001) described a hand-crafted English to Arabic
transliteration system. Each English letter was mapped to the closest sounding Arabic
letter or letters. All the mappings rules were decided manually. Kawtrakul et al. (1998)
presented a Thai-English back transliteration using an English phonetic dictionary. Wan
and Verspoor (1998) described a two-step English to Chinese transliteration, which maps

English into Pinyin and then map Pinyin into Chinese characters through table lookup.

The rule-based approach is straight forward and easy to implement. It does not rely on
any training data. However, it requires manual identification of all transliteration rules
and heuristics, which is a time-consuming process and sometimes error-prone (Darwish
et al., 2001). Transliteration accuracy depends on the completeness of the rules. Due to
the ambiguity of some rules, noise is often introduced. Moreover, this approach is not

expandable to different languages pairs.
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5.2.2.2 Machine Learning Approach

The machine learning approach has been adopted in previous research to improves rule-
based mapping by filtering out unreliable translations trained from target language
patterns. Arbabi et al. (1994) used a hybrid neural network and knowledge-based system
approach in forward transliteration of Arabic personal names into the Roman alphabet.
The neural network was trained on Arabic name samples, and it protects against

inaccurate names generated by the rule-based system.

The machine learning approach helps eliminate some ambiguity in transliteration and can
be generalized to multiple languages. However, transliteration improvement is often
achieved based on a rule-based system. Although some ill-formed transliterations can be

removed, it occasionally filters out good transliterations.

5.2.2.3 Statistical Approach

A statistical approach is the most promising approach. Instead of relying on a large set of
language heuristics, a statistical approach obtains translation probabilities from a training
corpus: pairs of transliterated words. This step also requires alignment of training pairs
before calculating the probability model. Once the model is trained, on arriving at a new
word, the statistical approach picks the transliteration candidate with the highest

transliteration probability to generate as the correct transliteration.
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Phoneme-based approach. Most previous statistical-based research used phoneme-based
transliteration, relying on a pronunciation dictionary. Letter sequences in the source
language are first mapped to a phonetic representation acquired from a dictionary, then
mapped to letter sequences in the target language. Knight and Graehl (1997) described a
phoneme-based probabilistic model for an English-Japanese back-transliteration system.
Their probability model first transformed written English into English pronunciation,
then to a Japanese sound inventory, and finally into written Japanese words (katakana).
Using a similar approach, Stalls and Knight (1998) developed a probabilistic model of
English->Arabic transliteration. The phoneme-based approach fails when such a
dictionary is not available. Meng et al. (2001) reported 47.5% syllable accuracy during
English-Chinese transliteration where 2,233 name pairs were used as the training corpus.
More recently Virga and Khudanpur (2003) relied on a text-to-speech system to obtain
phonemic pronunciation of each English name in English-Chinese name transliteration.

Their training sample size was the same as in Meng’s work.

Phoneme-based mapping is quite effective when a pronunciation dictionary is available.
It handles multi-letter combinations successfully. However, only words with known
pronunciation can be produced and it cannot deal with OOV terms. It could fail in back
transliteration, since many foreign names, such as Muhammed, are not likely to be in a

dictionary (Al-Onaizan and Knight, 2002).
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Grapheme-based approach. The grapheme-based approach directly maps letter
sequences in a source language into letter sequences in the target language with a
probability model. This approach is often used for transliterations between two alphabet-
based languages, such as English/Arabic, English/Russian, etc. Al-Onaizan and Knight
(2002), in a study involving Arabic-English transliteration, showed that a grapheme-
based model achieved better accuracy than a state-of-the-art phoneme-based model, and
the mixed phoneme- and grapheme-based approach only slightly improved the accuracy
over the grapheme-based approach. To filter out ill-formed name strings, they added a
Web-based filtering step which eliminated candidates with zero Web counts. However,
their transliteration model did not consider the context information of alphabets, which
could harm performance. AbdulJaleel and Larkey (2002) also presented a grapheme-
based statistical method for English to Arabic forward transliteration. They concluded
that a bigram model outperformed a unigram model in English->Arabic transliteration,
because the bigram model considers the context to some degree. They used 5,000, 10,000
and 50,000 name pairs respectively as training data, and reached 43.4% accuracy with a
training sample of 50,000. But no significant differences were found with varied training

sample sizes.

Unlike the phoneme-based approach, the grapheme-based approach does not require a
phonetic dictionary or linguistic rules. However, it is likely that a given letter sequence in
a source language might generate an ill-formed phoneme sequence in a target language in

a solely grapheme-based mapping. It remains unknown whether the grapheme-based
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statistical approach can be applied between alphabet-based and character-based

languages, such as English-Chinese.

5.2.2.4 Web Mining-based Approach

The Web mining-based approach takes a very different view of the transliteration
problem. This approach does not rely on transliteration heuristics or probability model.
Instead, it searches the Internet for transliteration using relevant context words of the
source name. Goto et al. (2001) proposed such an Internet-based technique for finding
English equivalents for Japanese names. They first searched the Internet for relevant
context words of the original name, and then used the translated context words as a query
to obtain relevant Web documents. The assumption here was that the two name
equivalents should share similar relevant context words in their languages. Correct
transliteration is then extracted from the closest matching proper nouns. Similarly, Lu,
Chien and Lee (2004) presented an approach to finding translation equivalents of query
terms and constructing multilingual lexicons through the mining of Web anchor texts and

link structures, which was shown to be effective on English-Chinese Web documents.

The Web mining approach is applicable to any pairs of languages. No rules, dictionaries,
or training corpora are needed . However, the performance depends on the ability to
identify proper names and accuracy in translating relevant context words. This approach

works well for hotspots in news articles, but not normal names.
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5.2.3 A Taxonomy of Transliteration Research

Proper name transliteration is an important problem in many applications. However, it
was not widely studied. Based on my previous review, I present a taxonomy of
transliteration approaches in Tables 5.2.1. A statistical approach shows the most promise.
It does not rely on rules or heuristics; training data can be obtained fairly easily; and it

achieved reasonably good accuracy in previous research.

Table 5.2.2 summarizes major research in statistical approach transliteration. The
phoneme-based method was often used; however it fails when a pronunciation dictionary
is not available. Al-Onaizan and Knight showed that a grapheme-based approach always

outperformed a phoneme-based approach in Arabic-English transliteration.
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Table 5.2.1: Taxonomy of Transliteration Research

Models Resources Descriptions Examples
. . Darwish et al. (2001
. . Transliteration is based on ( )
Mapping heuristics . Wan & Verspoor
Rule-based heuristics of source and target
and knowledge laneuases (1998)
guag Kawtrakul et al. (1998)
Machine Training samples of Machine learning algorithms
. . such as Neural Network are .
learning words in target . Arbabi et al. (1994)
used to filter out ill-formed
enhanced language . )
transliterations
. Translation probabilities are
. Training samples .
Statistical . learned from a training
(list of . See Table 5.2.2
approach . . . sample of transliterated words
transliteration pairs) | .
in two languages
Extract proper names from
- Comparable Web relevant context in both Goto et al. (2001)
Web mining | context of proper .
. languages, and then compare | Lu, Chien and Lee
approach names in both

languages

their pronunciation similarity
to match transliterations

(2003)

Table 5.2.2: Taxonomy of Transliteration Research using Statistical Approach

Statistical Approach
Models Resources Descriptions Examples
Directly maps letter AbdulJaleel & Larkey
Grapheme- . . . .
based Pairs of transliteration | sequences in source language | (2002)
samples into letter sequences in target | Al-Onaizan & Knight
language (2002)
Letter sequences in source 2;;%2)& Khudanpur
- languag§ are mapped .to their Knight & Grachl
Phonetic dictionary; phonemic representations
Phoneme- ) . . . (1997)
Pairs of training acquired from a dictionary .
based Stalls & Knight
samples first, and then mapped to (1998)
letter sequences in target Meng et al.(2001)

language
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5.3. Research Questions

Based on my review, several research gaps have been identified. Statistical approaches
are the most promising, but little of the research has considered context information in
the transliteration model. Although Al-Onaizan & Knight (2002) used Web counts to
filter out unreliable transliteration, it remains unknown how and to what extent a Web
mining model could enhance the probability model. It is a challenge to develop a generic
approach for name transliteration to support knowledge discovery in multilingual content.

I propose the following research questions.

1. How can I build a generic model for proper name transliteration for different
language pairs?

2. Can context information and a Web mining component improve the transliteration
performance (measured in accuracy)?

3. Can a generic name transliteration model achieve similar performance with

different types of languages (character-based vs. alphabet-based)?

5.4 Proposed Framework: Arizona NameTran

Aiming to develop a generic framework with less human intervention and more easily
obtained resources, I propose to adopt a grapheme-based statistical approach in proper

name transliteration. Most previous research used a simple statistical approach with
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independent probability estimation, assuming that transliteration of letters is context-
independent. Correct transliteration is dependent on both source and target word context.
I propose to use the Hidden Markov Model, which is one of the most popular probability
models and has been used in speech recognition, the human genome project, consumer
decision modeling, etc. (Rabiner, 1989), yet has seldom been explored in proper name
transliteration. HMM fits the transliteration problem well. Since the model translates the
current grapheme based on the observation of the previous grapheme transliterated, it
captures context information. Furthermore, by examining the popularity of all possible
transliterations on the Internet, bad transliterations can be filtered and their online

popularity can serve as an indicator of transliteration correctness.

The proposed framework makes improvements in three aspects: 1) incorporating a simple
phonetic transliteration knowledge base, 2) incorporating a bigram and a trigram HMM,
and 3) incorporating a Web mining model to identify the most popular transliteration. It
is composed of a training process and a transliteration process as shown in Figures 5.1

and 5.2. I explain the detailed components in each process in Sections 5.4.1 and 5.4.2.



169

mmmmm e e e e e m e m— - -
I Training
1
: Construct Align Pairs of Generate Statistical Model
| Knowledge —} Transliterations —} (HMM)
I Base
1 »
| [ — S N - — _+_ - _._'... _____ % _______ A — -
v “‘ : .'.A n :
| |
| |
Phonetic Name Aligned .
- - [ |
Knowledge Transliteration Corpus .
n
Base Corpus .
| |
n n L]
n n
a | alawi $ sthe
=~ i atis A tne
. | hachim b ls
e atwa i gl
& £ matwali T
u e shafiq Goah
i ladin o
Figure 5.1: Training Statistical Model
_______________________________________ -
Transliteration :
Calculate Analyze 1
Parse . :
Sous top-N Optimal Candidates Target |
Name -) Transliteration P Occurrence on the Name |
Candidates Web :
1
e e e e Fmanat
[ ] ‘0‘ .0. [ ]
Trained Viterbi Web Search
Phonetic HMM Algorithm Engine
Knowledge
Base . .
- n
| |
(0.6 hdnan —-= 5lsac, 18999
EhER S [oEelh drast (0.75) | lwaman —-> 5 isar, 11
IRE S leeie e (0710 | ladnan ——3 guae, 1
Cheal pelelt s soae (0,601 | lidman —-»> poal, 2
amrp,STrp 0.034E dazne  [0.60) lbdnan —-»> Ll 0
a-rp, kord 0.0035 s ithe (0. 64) Ldnan —-> geiae, O
—I (D.61)
alsl (0.63)

Figure 5.2: Transliteration Process




170

5.4.1 Training Statistical Model

The training process generates transliteration probabilities based on a training corpus
(Figure 5.1). There are three steps in the training process: 1) to Construct a Knowledge

Base, 2) to Align Pairs of Transliteration, and 3) to Generate the Statistical Model.

5.4.1.1 Phonetic Knowledge Base

The first step in training is to Construct a Simple Phonetic Knowledge Base (KB), which
consists of general phonetic rules for name parsing and alignment. In this step, multi-
letter phonemes are identified as one transliteration unit. For example, “ow,” “th,” and
“ee” are multi-letter phonemes in English. Restriction rules for alignment are also
identified. For example, the English letter “a” can map to ““I,” “g,” “5,” or “&” in Arabic.

This is the component where some language specific features are captured. Note that the

knowledge base is much less complex than what is used in a rule-based system.

5.4.1.2 Alignment

The second step is to Align Pairs of Transliterations. Alignment is a drawing that
connects each letter or transliteration unit in the source language with a letter or
transliteration unit in the target language. Different text alignment approaches have been
proposed in Machine Translation and Cross-lingual Information Retrieval research, such

as Finite State Automata (FSA), backtracking methods, the EM-algorithm, etc. Most of
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them deal with complex linguistic context. Since word context is less complex than that
of texts, I use a simple and efficient left-to-right, one-step-backtracking method to

produce optimal alignment.

The alignment step starts from the first letter (or letter group) in the source name and
assumes a mapping with the first letter (or letter group) in the target name if no
restrictions are found in the KB. If KB violations are found, the program either jumps to
the second letter in the target name for a potential mapping with the first letter in the
source name, or it jumps to the second letter in the source name for a potential mapping
with the first letter in the target name, and so on. An unmapped letter in the target name is
considered to be an omitted pronunciation during transliteration, and an unmapped letter
in the source name is considered to be an over-generalized pronunciation during

transliteration.
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For each pair of transliteration S, T {
if (multi-letter phonemes are identified in knowledge base) {
Tokenize transliteration pairs against multi-letter phonemes
h
leti=1, j=1 //Start from first letter sl in s
for each letter/unit in s {
if ((map s(i) to t(j)) && no restrictions in KB are violated){
Record s(i)=2>t(j) //aligned
§
elseif ((map s(i) to t(j+1)) && no restrictions in KB are
violated) {
Record s(i)=> t(j+1); €0 t(j) //overgeneralized
pronunciation
}
elseif ((map s(i++) to t(j) && no restrictions in KB are
violated) {
Record s(i)=> ¢; s(it++)0t(j) //omitted pronunciation

}

i+ j++

Figure 5.3: Pseudo-codes for word alignment process

5.4.1.3 Statistical Model

The last step in the training process is to Generate the Statistical Model, or the
probability model. The model is derived from frequency counts of letter mappings
observed in the aligned training corpus. Most previous research used a simple statistical
model with independent probability estimation and I use this approach as my benchmark.
I also investigate three more advanced statistical models: a bigram HMM, a trigram

HMM and a combination of bigram and trigram HMM.
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All statistical models try to find the candidate transliteration with the highest

transliteration probabilities:

argmax P(t|s) = argmax P(t,t,..t, | s,s,....5,,)

Where s is the source name to be transliterated, which contains letter string s;s>... $,;

t is the target name, which contains letter string #;¢,... t,

In a simple statistical model, transliteration probability is estimated as:

#of times s, translates to t, in corpus

Where P(z, |s,) =

#of times s, appears in corpus

The bigram HMM improves the simple statistical model in that it incorporates context
information into a probability calculation. The transliteration of the current letter is
dependent on the transliteration of ONE previous letter (one previous state in HMM).

Transliteration probability is estimated as:

Pttt s £ | S1585,85 00y 8,) = P(t, | )P, | $5,8 )5 | S35t ) (8, |5, 52, 1)

_ #of times s, translates tot,

1920 = #of times s, occurs , and
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#of times s, translates tot, given s, ,—>t, |

P(tn |Sn’tn—1) =

#of times s, | translates tot,_,

In some cases, the translation probability of the current letter depends not only on one
state before the current state (or one letter/transliteration unit before the current character),
but on two or more states. The trigram HMM intends to capture even more context
information by translating the current letter dependent on the TWO previous letters.

Transliteration probability is estimated as:

Pt 1, eyt | 81585583500y §,) = P8, | 8) p(t, | $,,8)P(t; | 85,8,,8))eeece. (2, | S, 58, 158, )

_ #of times s, translates tot,

P, |s,)=
Where B #of times s, occurs ,
#of times s, translates tot, given s, ,—>t,
P(tn | Sn’tn—l) = # . l
of times s, | translates tot, ,
and #of times s, translates tot, given s, ,—>t, ,and s, ,—>t, _,

P(tn |Sn’tr171’tr172) =

#of times s, translates to t, and s, , translates to t,_,

n

The combined bigram and trigram model estimates the probability based on a weighed

bigram and trigram probability.

5.4.2 Transliteration Process

The transliteration process transliterates proper names using the probability model

obtained from the training process (Figure 5.2). It contains three steps: 1) to Parse Source
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Names, 2) to Generate Top-N Transliteration Candidates and 3) to Analyze Candidates’

Occurrences on the Web (Web mining approach).

5.4.2.1 Source Name Parsing

The first step in the transliteration process is to Parse Source Names. Source names are
first tokenized against letters or multi-letter phonemes identified in the Phonetic
Knowledge Base. These tokenized unites, most of which are single letters, are used as

input for the statistical model.

5.4.2.2 Top-N Optimal Transliterations

The next step is to Calculate Top-N Optimal Transliteration Candidates based on trained
probabilities. When feeding the model with a new proper name in the source language,
the most probable transliteration is a letter sequence path that maximizes P(t|s). As I
described in Section 5.4.1, P(t|s) is evaluated as a sequence of consecutive letter
mappings and the conditional probability of each letter mapping can be estimated from
the training corpus. In other words, P(t|s) is calculated as the multiplication of sequences

of conditional probabilities according to the statistical model used.

However, calculating all the possible sequences with such a large number of parameters

is overwhelming. Thus, I use Viterbi’s search algorithm for finding the most likely
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sequence of target transliteration letters that result in a sequence of given source names.
Viterbi’s algorithm is a dynamic programming algorithm which is often used in the
context of Hidden Markov Models (Viterbi, 1967). Instead of keeping one optimal path, I

keep the top-N optimal paths as my transliteration candidates.

5.4.2.3 Web Occurrence Analysis

To boost the transliteration performance I propose to use the Web mining approach,
which Analyzes Candidates’ Occurrence on the Web. Each one of the top-N
transliterations obtained from the previous step is sent to a Web search engine using a
meta-search program which records the number of documents retrieved, referred to as
Web frequency. This information is an indicator of the candidate transliteration’s online
popularity. The more often the candidate transliteration appears in online documents, the

more likely it is a correct transliteration.

Unlike Al-Onaizan and Knight’s work (2002), I do not throw away candidates with zero
Web counts. Both Web frequency information and transliteration probability of top-N
candidates contribute to the final score formula that is used to rank transliteration

candidates.

Final score = a*normalized probability score + [3*normalized Web frequency,

where a+ f=1.
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This final rank of transliterations is derived from a weighed score of the normalized Web
frequency and a probability score. On the one hand, even though I am using Web mining
for disambiguation, I do not want to treat all the top-N transliteration candidates equally.
Instead, I retain information from the probability model. In this way, if two
transliterations have a similar Web frequency score (e.g. 128,000 vs. 128,001) their
probability scores will play a major role in selecting the best transliteration. On the other
hand, I still want to distinguish between different Web frequency counts if the difference
is big enough. In transliteration the occurrence difference between 128,000 and 1 should
have a much bigger effect than the difference between 128,000 and 127,000,, in which
case the Web frequency score will play a more important role in the final ranking score.
In my framework, I chose a=0.5and (=0.5 to generate the final score. All the

transliteration candidates are then ranked by their final scores.

5.5 Experiment Design and Hypotheses

I designed experiments to study the performance of my proposed research framework
using different statistical models and using a Web mining model. In this section, I present

the hypotheses and experimental design.
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5.5.1 Hypotheses

I am interested in the performance of five experimental settings: 1) A simple statistical
approach, 2) A bigram HMM approach, 3) A trigram HMM approach, 4) A hybrid HMM
approach (bigram + trigram) and 5) A Web-mining-enhanced approach (all four previous

settings + Web mining).

In H1.1- H1.3, I studied the performance of the probability model alone. A simple
statistical approach has been adopted in previous transliteration research, and I used it as
my benchmark. A bigram HMM is a traditional HMM, which predicts the grapheme
transliteration based on the conditional probability of one previous grapheme
transliteration observed in training data. I believe that incorporating the Hidden Markov
Model would improve performance. A trigram HMM is an improved HMM which
integrates a more complex conditional probability model and captures two previous
grapheme transliterations. It provides a stronger relation between word graphemes.
Furthermore, I believe that a combined bigram and trigram model could complement
each other and further improve the performance over a trigram model alone. Thus, I

hypothesized that:

HI1.1: A bigram HMM approach performs better than a simple statistical approach.
H1.2: A trigram HMM approach performs better than a bigram HMM approach.
H1.3: A hybrid HMM approach performs better than a trigram HMM or a bigram

HMM alone.
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In H2.1-2.4, I looked at the effect of integrating a Web mining model with probability
models. A Web mining model provides additional information on transliteration online
popularity. I believed that a combined model would always outperform a single

probability model. Thus, I hypothesized that:

H2.1: Integrating a Web mining model improves a simple statistical approach
significantly.

H2.2: Integrating a Web mining model improves a bigram HMM approach
significantly.

H2.3: Integrating a Web mining model improves a trigram HMM approach
significantly.

H2.4: Integrating a Web mining model improves a hybrid HMM approach

significantly.

5.5.2 Experiment Measure

5.5.2.1 Rigid and Relaxed Accuracy

Previous transliteration research has used “accuracy” to measure performance which is

defined as:

Number of Correct Translitemations

Accuracy = - :
Total Number of Translitenations
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As I discussed in Section 5.2.1, back transliteration is a many-to-one mapping. Although
one Arabic name can have as many as forty English variations, a given English
transliteration of Arabic name only has one origin in Arabic. Thus, there is only one

correct transliteration for a given name in back transliteration.

However, it is difficult to judge correct transliteration during forward transliteration,
which is a one-to-many mapping. One English name could have more than five Chinese
transliterations that are acceptable to human. In this case, there are two ways to define
“correct transliterations” (Al-Onaizan and Knight, 2002). In a rigid accuracy, there is one
and only one correct transliteration. A transliteration is considered correct if it matches
the pre-defined gold-standard. Gold-standard can be translations extracted from a
dictionary. Or it can be judged by human experts as the most widely used or most
acceptable transliteration. In a relaxed accuracy, a transliteration is considered correct if
it is acceptable to human experts. A relaxed accuracy allows multiple correct answers.
However, it is often difficult to generate all the possible translations in advance. Relaxed

accuracy can be done by judging the machine-generated transliterations afterwards.

For example, President Clinton is transliterated as “%& A in most Chinese news
articles, which is considered a gold-standard transliteration. The transliteration system
could generate a different name “# #Ki1”, which has the same pronunciation as the gold-

standard, and is actually used in many contexts as well, yet not as dominant. My expert

could decide that it was acceptable. In a rigid accuracy judgment, the machine-generated
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“f] A1 will not be considered as a correct transliteration, while in a relaxed accuracy it

will be treated as a correct one.

Since rigid accuracy is a more stringent test which avoids human judgment variations, I
chose to use rigid accuracy for my measure. Note that a relaxed accuracy is always higher
than a rigid accuracy, and a rigid accuracy can be viewed as the lower bound of system

accuracy.

5.5.2.2 Top-N Accuracy

Besides measuring the accuracy for the highest ranked transliteration, identifying a set of
top-N transliteration candidates are of interest. Top N accuracy is defined as the
percentage of names whose selected top N transliterations include correct transliterations.

Among all the ranked transliteration candidates, top-N accuracy is defined as

Top-N Accuracy = Number of Times Correct Transliterations appeared in the first N Candidates

Total Number of Transliterations Performed

In my experiments, I chose N=1, 2, 4, 8.

5.5.3 Language Pairs and Dataset

In order to study languages with diverse features, I selected two pairs of languages,

English-Arabic back transliteration and English-Chinese forward transliteration. English
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and Arabic are both alphabet-based languages and Arabic is well known for its large
number of transliteration variations. I chose back transliteration in this language pair
because it is more challenging and of practical interest. On the other hand, Chinese is a
character-based language. When transliterating from an alphabet-based language to a
character-based language, two-phase transliteration is conducted: English->Chinese
phonetic representation (Pinyin) followed by Chinese phonetic representation->Chinese

character.

My English-Arabic transliteration dataset is a list of 1000 unique Arabic names extracted

from http://www.ummah.net/family/masc.html. An Arabic-speaking expert manually

translated all Arabic names into English transliterations according to his knowledge.
Because I focus on back transliteration from English to Arabic, each English
transliteration was translated into one and only one correct Arabic origin. My English-
Chinese dataset is a list of 2000 unique English names and their transliterations extracted
from a bilingual dictionary. These dictionary-provided translation are considered to be

gold-standard in my experiments. Both datasets are unaligned.

5.5.4 Experiment Methodology

I used the 10-fold cross validation method, commonly used in testing data mining
algorithms and models, to test system accuracy. I first randomly divided the data into 10

subsets of equal size. I trained the model 10 times, each time leaving out one of the
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subsets, to compute the system’s top-N accuracy. Accuracy scores obtained from each

subset were then averaged.

5.6 Experiment Results

In this section I describe and analyze the results of my experiments. I present results from
English-Arabic back transliteration and English-Chinese forward transliteration

respectively.

5.6.1 English-Arabic back transliteration

Table 5.3 presents the overall transliteration performance results (measured by top-N
accuracy) under five experiment conditions and their improvement over a simple
statistical model. The best performance was achieved using a combined hybrid HMM and
Web mining model (column 9), a 0.38 top-1 accuracy and a 0.72 top-8 accuracy. Bigram
HMM, hybrid HMM, and a combined hybrid HMM and Web mining model enhanced a
simple statistical approach by 20.87%, 62.09%, and 79.05% respectively for top-1
accuracy. Surprisingly, trigram HMM degraded the performance by 81.59%.
Improvements in the top-2, top-4 and top-8 accuracy were not as tremendous as that of
the top-1, ranging from 3.88% (top-8 accuracy for bigram) to 25.88% (top-8 accuracy for

Web mining enhanced).
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Table 5.3: Summary of system performance (accuracy) with different models and

their improvement over a Simple Statistical model

(English-Arabic)

Top-
Top-
Top-

Top-

Simple
0.21
0.41
0.57
0.66

Impr.
over

Bigram Simple

0.26
0.44
0.59
0.69

20.87%
5.20%
3.09%
3.88%

Trigram
0.04
0.08
0.12
0.22

Impr.
over
Simple

-81.59%
-79.84%
-78.58%
-66.72%

Hybrid
0.34
0.50
0.63
0.72

Impr.
over
Simple

62.09%
20.54%
9.94%
8.26%

Web
mining

Impr.
over

enhanced Simple

0.38
0.52
0.64
0.72

79.05%

25.88%
11.34%
8.26%

Simple: simple statistical model

Bigram: bigram Hidden Markov Model
Trigram: trigram Hidden Markov Model
Hybrid: Hybrid Hidden Markov Model (bigram + trigram)
Web-mining-enhanced: Hybrid Hidden Markov Model + Web mining model
Impr. Over Simple: Improvement achieved over simple statistical model

5.6.1.1 Comparison of Probability Models

Table 5.4 reports top-N (N=1, 2, 4, 8) accuracy achieved from four different probability

models. I provide my paired #-test results in testing and Figure 5.3 illustrates the

difference among all four approaches.

The results for my hypotheses showed that H1.1 and H1.3 were supported, but H1.2 was

not. There were significant improvements from the simple statistical approach to the

bigram HMM approach. However, the performance significantly decreased when using

trigram HMM alone. There are two possible causes for drop in accuracy. First, I believe

that overall bigram HMM is a better model for English-Arabic transliteration. Most

Arabic name transliteration processes depend on just one letter ahead of the current one,

instead of two letters ahead. Second, I observed that because trigram HMM is a strong
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relation, it needs a large training dataset to obtain all possible triple-letter sequences. My
training data of 900 Arabic names might not be sufficient. The hybrid model performed
significantly better than a bigram model, which implied that when trigram probability
existed in training data it helped improve the performance. I concluded that a hybrid
HMM which combines bigram and trigram information yielded best performance in my

experiments and the top-8 accuracy reached 0.72 with a relatively small training dataset.

Table 5.4: Summary of average accuracy achieved and z-test results
(English-Arabic)
Summary of results (Probability models)

Simple Bigram Trigram Hybrid
Top-1 0.21 0.26 0.04 0.34
Top-2 0.41 0.44 0.08 0.50
Top-3 0.57 0.59 0.12 0.63
Top-4 0.66 0.69 0.22 0.72
Paired t-test (2 tail, a=0.05)
Psimpie 1.09E-05 2.2E-20 2.13E-11
Pigram 1.29E-22 1.14E-10
Ptrigram 9.62E-28
Comparison of Probability Models
0.80 -
0.70 -
—4— Simple
0.60 -
—— Bigram
& 0.50
o —— Trigram
3 0.40 A
< 0.30 - Hybrid
0.20 -
0.10 -
0.00 ; ‘ ‘
Top 1 Top 2 Top 4 Top 8

Figure 5.3: Performance comparison of probability models (accuracy)
(English-Arabic)
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5.6.1.2 Performance of Web Mining Model

Table 5.5 summarizes the average accuracy achieved and paired #-test results of
comparing probability model alone and a combined probability and Web mining model.

Figure 4 illustrates the improvements obtained from the Web mining model.

As I hypothesized in H2.1 to H2.4, Web mining always advanced the performance of the
probability model significantly, no matter which probability model I use. H2.1-H2.4 were
all supported. This confirmed that online occurrence information obtained from search
engines is an effective way to identify the correct transliterations. There is a pattern of
larger enhancement on lower accuracy, and smaller enhancement on higher accuracy.
The improvements achieved on top-1 and top-2 accuracy were more obvious than that
obtained on top-4 and top-8 accuracy. Similarly, the boosting effects on simple, bigram

and trigram models were more noticeable than that in a hybrid model.

Table 5.5: Summary of average accuracy achieved and z-test results using combined
Probability and Web mining model
(English-Arabic)

Summary of results (Probability + Web miming models)

Simple Bigram Trigram Hybrid
+Web +Web +Web +Web

Simple mining Bigram mining Trigram mining Hybrid mining
Top-1 0.21 0.34 0.26 0.37 0.04 0.13 0.34 0.38
Top-2 0.41 0.48 0.44 0.51 0.08 0.18 0.50 0.52
Top-4 0.57 0.62 0.59 0.63 0.12 0.21 0.63 0.64
Top-8 0.66 0.68 0.69 0.69 0.22 0.22 0.72 0.72

Paired t-test (2 tail, a=0.05)

H2.1 H2.2 H2.3 H2.4

P value 2.44E-08 2.76E-08 2.76E-08 0.0001




187

Simple Statistical Approach Bigram HMM Approach
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Figure 5.4: Performance comparison of combined probability and Web mining
models (accuracy) (English-Arabic)

5.6.2 English-Chinese forward transliteration

Table 5.6 presents the overall transliteration performance results (measured by top-N
accuracy) under five experiment conditions and their improvement over a simple

statistical model. English-Chinese transliteration achieved extremely good performance.
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The best performance was achieved using a combined hybrid HMM and Web mining
model (column 9), a 0.64 top-1 accuracy and a 0.96 top-8 accuracy. Bigram HMM,
Trigram HMM, hybrid HMM, and a combined hybrid HMM and Web mining model
enhanced a simple statistical approach by 244.08%, 325.81%, 414.24% and 415.01%
respectively for top-1 accuracy. Improvement reached in top-2, top-4 and top-8 accuracy
were not as tremendous as that of top-1, yielded from 69.58% (top-8 accuracy for bigram)

to 142.43% (top-8 accuracy for Web mining enhanced).

Table 5.6: Summary of system performance (accuracy) with different models and
their improvement over a Simple Statistical model
(English-Chinese)

Impr. Impr. Impr. Web Impr.

over over over mining over

Simple | Bigram Simple Trigram Simple Hybrid Simple | enhanced Simple
Top-

1 0.12 0.43  244.08% 0.53 325.81% 0.64 414.24% 0.64 415.01%
Top-

2 0.20 0.55 170.21% 0.65 218.97% 0.75 267.48% 0.80 293.37%
Top-

4 0.30 0.63  109.99% 0.73 144.00% 0.81 169.70% 091 202.61%
Top-

8 0.40 0.67 69.58% 0.77  94.76% 0.85 114.30% 0.96 142.43%

5.6.2.1 Comparison of Probability Models

English to Pinyin and Pinyin to Chinese Characters

English to Chinese transliteration is a two-step process, which involves 1) English to
Pinyin and 2) Pinyin to Chinese character transliterations. Tables 5.7 and 5.8 report top-N
(N=1, 2, 4, 8) accuracy achieved from the four different probability models during
English to Pinyin and Pinyin to Chinese character transliteration. H1.1, H1.2 and HI1.3

were all confirmed in these two individual steps (Bigram+Trigram>Trigram>Bigram).
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All enhancements were significant. Figures 5.5 and 5.6 illustration the accuracy
performance. During English to Pinyin transliteration, Bigram, Trigram and Hybrid
Hidden Markov Model achieved great performance improvements over simple statistical
approach. But during Pinyin to Chinese character transliteration, the difference between
those models were not as obvious. This is due to the fact that alphabets mapping between
English and Pinyin has a stronger correlation between letter sequences. The correlation

between letter to character mapping and character sequence is weaker.

Table 5.7: Summary of average Table 5.8: Summary of average
accuracy achieved and #-test results accuracy achieved and #-test results
Yy y
(English to Pinyin) (Pinyin to Chinese)
Summary of results (Probability models) Summary of results (Probability models)
Simple Bigram Trigram Hybrid Simple Bigram Trigram Hybrid
Top-1 0.20 0.40 0.47 0.54 Top-1 (.58 0.83 0.87 0.91
Top-2 0.32 0.53 0.60 0.67 Top-2 0.80 0.95 0.96 0.98
Top-3 0.41 0.61 0.68 0.75  Top-3 0091 0.99 0.99 1.00
Top-4 050 0.65 073 081 Top-4 97 100 100 1.0
Paired t-test (2 tail, =0.05) Paired rtest (2 tail, ¢=0.05)
Pvimple 77E-3O 5 14E'37 155E'38 Psimple 247E-1 1 899E-1 1 284E-10
Prigram 32E-26  32E-26 Py, 1.63E-05 1.63E-05
Ptrigram 32E—26 Ptrigram 163E-05
Comparison of Probability Models Comparison of Probability Models
(English to Pinyin) (Pingyin to Chinese)
1.00 1.20
0.80 - 1.00 - — A
. ——Simple 7 -
§ 0.60 1 -/./"' —8—Bigram g 0807 = :z:rﬁ2§
S:; 0.40 Trigram § 060 1 Trig:;ram
0.20 1 Hyprid = 0401 Hybrid
’ 0.20 - yori
0.00 ‘ ‘ 0.00 : : :
Top 1 Top2  Top4  Top8 Top1 Top2 Top4 Top8

Figure 5.5: Performance comparison of  Figure 5.6: Performance comparison of
probability models (accuracy) probability models (accuracy)

(English-Pinyin) (Pinyin-Chinese)
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English to Chinese Characters
Table 5.9 reports top-N (N=1, 2, 4, 8) accuracy achieved from four different probability
models. I provided my paired #-test results in Table 5.10. Figure 7 illustrates the

difference among all four approaches.

The results of 10-fold experiments again showed that H1.1, H1.2 and H1.3 were all
supported. There were significant improvements from simple statistical approach to
bigram HMM approach, from trigram to bigram HMM, and from Hybrid HMM to
trigram HMM alone. I concluded that a hybrid HMM which combines bigram and

trigram information yielded best performance in my experiments.

Table 5.9: Summary of average accuracy achieved and z-test results
(English to Chinese)
Summary of results (Probability models)

Simple Bigram Trigram Hybrid
Top 1 0.12 0.43 0.53 0.64
Top 2 0.20 0.55 0.65 0.75
Top 3 0.30 0.63 0.73 0.81
Top 4 0.40 0.67 0.77 0.85
Paired t-test (2 tail, a=0.05)
Psimpio 6.14E-36 2.15E-41 4.4E-44
Pbigram 2.74E-54 8.79E-32
Ptrigram 8.32E-21
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Comparison of Probability Models
(English - Chinese)
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c 0.60 - ;
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Figure 5.7: Performance comparison of probability models (accuracy)
(English-Chinese)

5.6.2.2 Performance of Web Mining Model

Table 5.10 summarizes average accuracy achieved and paired #-test results of comparing
probability model alone and a combined probability and Web mining model. Figure 5.8

illustrates the improvements obtained from Web mining model.

I observed in English-Arabic back transliteration that no matter which probability model I
used, Web mining always advanced the performance of probability model significantly.
H2.1-H2.4 were all supported. This again confirmed that online occurrence information

obtained from search engines is an effective way to identify the correct transliterations.
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Table 5.10: Summary of average accuracy achieved and #-test results using
combined Probability and Web mining model
(English-Chinese)

Summary of results (Probability + Web miming models)

Simple Bigram Trigram Hybrid
+Web +Web +Web +Web
Simple | mining | Bigram | mining | Trigram | mining | Hybrid | mining
Top 1 0.12 0.17 0.43 0.47 0.53 0.58 0.64 0.64
Top 2 0.20 0.25 0.55 0.61 0.65 0.71 0.75 0.80
Top 4 0.30 0.37 0.63 0.70 0.73 0.81 0.81 0.91
Top 8 0.40 0.49 0.67 0.76 0.77 0.86 0.85 0.96
Paired t-test (2 tail, a=0.05)
P value 2.29E-15 1.38E-15 1.41E-16 4.37E-10
Simple Statistical Approach Bigram HMM Approach
1.00 1.00
0.80 +
0.80 A : —&—Bigram
—&o—Simple -
g 0.60 - g 0.60
5 —m—Web § +Wep
g 040 | mining < 040 1 minng
0.20 A 0.20 4
0.00 \ \ \ 0.00 ‘ ‘
Top 1 Top 2 Top 4 Top 8 Top1 Top2 Top4 Top 8
Trigram HMM Approach Hybrid HMM Approah
1.00 1.00
0.80 | . 0807
=—&— Trigram § =&— Hybri
3 060 | g 060 d
5 —#—Web < —8—Web
$ 040 - mining 0.40 minin
0.20 - 020 -
0.00 0.00 ‘ ‘ ‘
Top 1 Top 2 Top 4 Top 8 Top1 Top2 Top4 Top8

Figure 5.8: Performance comparison of combined probability and Web mining
models (accuracy) (English-Chinese)
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5.6. Conclusions and Discussions

In this research I proposed a generic proper name transliteration framework which
incorporated the Hidden Markov Model and Web mining approaches. I evaluated the
framework in two pairs of languages, English-Arabic and English-Chinese. For English-
Arabic transliteration, I found that when using HMM alone, a combination of a bigram
and a trigram HMM method performed best. While a bigram model achieved fairly good
performance, a trigram model alone did not. The combined HMM and the Web mining
approach boosted the performance of simple statistical model by 79.05% for top-1
accuracy. For English-Chinese transliteration, again I concluded that a combination of the
bigram and the trigram HMM method performed best when using the HMM approach
alone. The combined HMM and Web mining approach boosted the performance over
simple statistical model by 415.01% for top-1 accuracy. Trigram was a better model for
Chinese transliteration, out-performing the bigram approach. Frequency information
obtained from the Web proved an effective way to identify the correct transliteration.
However, the boosting effect was not as big as in English-Arabic back transliteration.

Compared to previous research, my framework achieved better performance.

My framework of transliteration has several practical applications. For example, it could
improve the performance of current multilingual Web retrieval by transliterating out-of-
vocabulary proper nouns. It could also be adopted in machine translation systems. In the
future, I plan to test my framework on more language pairs and incorporate a

transliteration component into multilingual Web retrieval systems.
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CHAPTER 6

CONCLUSIONS AND FUTURE DIRECTIONS

The Internet provides the largest knowledge repository across disciplines, countries, and
languages. It is desirable for researchers, managers, and government agencies to access,
understand, analyze and share such multilingual information. This dissertation
investigates effective and efficient approaches that support multilingual Internet
searching and browsing. In this Chapter, I summarize the main conclusions and
contributions of this dissertation, discuss the relevance of this research to Management

Information Systems research, and suggest future directions.

6.1 Conclusions

The first case study of this dissertation explores an effective framework to support non-
English Web retrieval. The framework is consistent with the architecture of most search
engines. It features three extensions to this basic structure: generic language processing
ability; integration of multiple information resources; and post-retrieval analysis. Various
techniques and algorithms that could facilitate Internet searching and browsing were
adopted and evaluated in a Chinese search engine in the medical domain. A systematic
evaluation has been conducted to study the effectiveness and efficiency of CMedPort in

assisting human analysis. The experimental results show that CMedPort achieved
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significant improvement in searching and browsing performance compared to three
benchmark regional search engines, Sina, Yahoo! Hong Kong, and Openfind.
CMedPort’s collection building method, meta-searching and cross-regional searching
contributed to the improvement in information seeking. Although post-retrieval analysis
methods, such as categorizer and summarizer, did not further improve browsing
performance significantly, users’ subjective evaluation and verbal comments revealed

that they appreciated these analysis functions.

The second study of the dissertation investigates a more complicated problem: Web
retrieval across two languages, English and Chinese. Web retrieval and Cross-lingual
information retrieval techniques were adopted in an English-Chinese multilingual Web
retrieval system in the business IT domain. An experiment was conducted to measure the
effectiveness and efficiency of my Web portal following TREC evaluation procedures.
My results showed that my system’s phrasal translation and co-occurrence
disambiguation led to great improvement in performance, while query expansion
techniques did not improve results further. The Web portal was reasonably efficient on a
PC and should achieve better efficiency on a more powerful machine. In sum, my study
demonstrated the feasibility of applying CLIR techniques to Web applications and the

experimental results are encouraging.

The third study of the dissertation further extended the Web-based Cross-lingual retrieval

into five languages: English, Chinese, Japanese, Spanish and German. The system again
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combines the knowledge of Web retrieval, system building, and Cross-lingual
information retrieval techniques to address the need for multilingual Web retrieval. The
prototype multilingual Web retrieval system achieved 62% to 85% of the performance
level of monolingual retrieval. I also found that co-occurrence analysis improved
performance for translation between English and any other language, while phrasal
translation only improved performance for two Asian languages that had comprehensive
bilingual dictionaries. This study provides a comprehensive study of multilingual Web
retrieval applications. The system framework can be extended to other languages and

other topical domains.

The fourth study of the dissertation investigates an important problem in cross-lingual
Web retrieval: transliteration of out-of-vocabulary (OOV) proper nouns. I proposed a
generic proper name transliteration framework which incorporated a Hidden Markov
Model and a Web mining model. The framework has been evaluated with two pairs of
languages, English-Arabic and English-Chinese. For English-Arabic transliteration, I
found that when using HMM alone, a combination of a bigram and a trigram HMM
method performed the best. While the bigram model achieved fairly good performance,
the trigram model alone did not. For English-Chinese transliteration, again, a
combination of the bigram and trigram HMM method performed the best among all
probability models. Trigram is a better model for Chinese transliteration, out-performing

the bigram approach. In both language pairs, a Web mining model greatly boosted the
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performance of simple statistical model. This work contributes to the field of name

transliteration by combining a Hidden Markov Model and a Web mining model.

6.2 Future Directions

I plan to expand my research in several directions. First, I plan to continue development
of effective and efficient techniques and algorithms that support multilingual systems. In
particular, the out-of-vocabulary problem in multilingual Web retrieval can be further
investigated. Secondly, I plan to conduct large scale interactive user evaluations of such
multilingual Web retrieval systems. This is an area that has not been widely investigated.
I am also interested in studying the Human-Computer Interaction (HCI) design issues and
examining the behavioral, organizational, and social impacts of multilingual knowledge
discovery systems. In addition, I plan to expand the Web portal to more languages,
especially languages that have not been widely studied in previous research. Lastly, I will
experiment with my techniques in more application domains. This dissertation covers
only a few domains where multilingual Web retrieval techniques can apply. I will apply

the techniques in other domains such as bioinformatics.

6.3 Relevance to Business and MIS Research

The major application domain of this research is in business intelligence. As discuss in

the introduction, there are a wide variety of circumstances in which a user totally
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unfamiliar with the language of the document collection might find multilingual retrieval
useful. For instance, intelligence agencies seeking global intelligence, national security
agencies seeking terrorism information, researchers seeking to determine who has
conducted research on a particular topic, companies seeking international business
communications and opportunities, and so on. My research framework can contribute to
various needs of multilingual business applications. It is especially important to
businesses relying on the Internet. Managers of international organizations may find a
number of new opportunities for business and management by employing multilingual

Web retrieval techniques presented in this dissertation.

This research also contributes to the MIS research in general by introducing additional
reference disciplines including cross-lingual information retrieval and Web mining to
business and information systems applications. A wide range of complex systems in the

business world can benefit from such multilingual research.
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