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Abstract

The World Wide Web is the most popular information dissemination channel in the world. Such information space grows by

an estimation of at least 10% every month. Many newspapers take the advantage to expand their services by providing real time

electronic versions of news information on the Web in contrast to the traditional ‘‘ink-on-paper’’ newspapers. The timely

financial news is very important for decision-making of investors. However, the tremendous amount of information releasing

simultaneously creates the problem of information overloading, which reduces the decision-making capabilities significantly.

As most of the investors are not experienced users of information retrieval systems, they spend extensive amount of time to

identify the relevant information. Software agents act as intermediaries between the users and the information providers to

notify users of recently published relevant information. In this paper, we present an intelligent agent that monitors the posting of

the Web information providers and utilizes user profiles and user feedback to learn user preference and search for the Chinese

Web financial information on behalf of users.
D 2003 Elsevier B.V. All rights reserved.
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1. Introduction there are search engines available on the Web, most
The World Wide Web has become a major channel

for information dissemination. It has been estimated

that the amount of information on the Internet doubles

every 18 months. Many traditional newspapers are

also expanding their services by providing on-line

news on the web. Such information on the web is

updated frequently. For these reasons, information

overload becomes a significant problem. Although
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commercial search engines take keywords as inputs

and suffer in low precision and recall. Besides, users

without much experience in text retrieval may also

have difficulties in choosing the right keywords for

their query. Given the information needs of users and a

good information retrieval system, the result of re-

trieval may still be poor if the users do not provide a

query that represents the information needs. The re-

trieval system may return many documents where only

a few of them are relevant (i.e. low precision), if the

keyword is too general. On the other hand, some other

relevant documents that do not use the exact keyword

will not be returned (i.e. low recall), if the keyword is
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too specific. Query represented by keywords is rather

passive. It requires users to properly present their

information needs. Intermediaries equipped with intel-

ligent agents that are able to learn user preferences and

search on behalf of the users without users taking too

much effort to make the query are desired.

Personalized intermediaries are delegated to mon-

itor the Web sites of the information providers or

electronic stores and search for relevant information

or products. For example, Inktomi Shopping Engine is

a B2C price comparison engine and a search engine of

online stores that find best price of online products

and search contextual information, such as user com-

ments and reviews of products. MySimon is an

intermediary equipped with the Virtual Learning

Agentk to search the best online store or the products

with the best price. Junglee Shopping Guide, acquired

by Amazon, uses the virtual database technology and

carries more than 15 million items. Such intermediar-

ies help to meet and match the common needs

between the huge and rapidly growing consumer base

and supplier base [8]. They provide physical infra-

structure, economies of scale, and human interaction

and transfer information about demand patterns to

suppliers for improving inventory management and

sharing risk [6,7]. Infomediaries, or information

intermediaries, provides informational services to the

clients. They create and add value for the clients

during several critical phases: initial search, informa-

tion or product comparison, and transaction or service

delivery. Since they aggregate a large number of

information providers, the infomediaries save the

clients a lot of time and reduce the client’s effort in

the tedious piecemeal searches. In this paper, we

present a personalized infomediary that search for

the timely Chinese financial information on behalf

of the users based on the user profile and relevance

feedback.

Internet search engines have been a hot topic since

the beginning of World Wide Web. There are two

major approaches of Internet search engine, online

database indexing and searching, and client-based

searching agents. Online database indexing and

searching is the traditional approach. Systems using

this approach collect complete or partial Web docu-

ments and then index these documents by keywords on

the host server. Searchable interfaces are provided for

users to submit their queries. For examples, Lycos,
Alta Vista, and Yahoo are using this approach. Most

recent research in Web searching focuses on develop-

ing client-based intelligent searching agents to search

for relevant web pages on behalf of users. TueMosaic

[4], WebCrawler (purchased by American Online in

1995) [15], and Repository Based Software Engineer-

ing (RBSE) spider, investigate different conventional

best first search. Smart Itsy Bitsy Spider [3,25]

employs the genetic algorithm and hybrid simulated

annealing for searching. Other searching agents focus

on learning user preferences and recommending Web

pages. WebWatcher [1], Anatagonomy [9,18], Syskill

and Webert [13,14], Leitizia [10,11], and CiteSeer [5]

are some prominent examples. Although several tech-

niques have been investigated to capture the user

information needs and preference from user feedbacks,

there are still many shortcomings. The implicit feed-

backs, such as scrolling and enlarging operations, are

not necessary representing the user preferences. Many

of them are not using full text for retrieval. Only

anchor text and headings are used. Some of them even

require users’ effort to extract keywords from the

documents. In order to reduce user efforts to represent

their information needs, full text analysis and auto-

matic keywords extraction must be employed. Inaccu-

rate implicit feedback should be avoided. In the

proposed work, semantics of the documents with user

feedbacks are automatically extracted and document

similarity between the rated documents and newly

fetched documents will be computed to improve the

performance of the search engine.

In this paper, we present an intelligent infomediary

for searching Chinese financial information on the

Web. Such Chinese Web financial infomediary is

a software agent that transforms meaningful infor-

mation from Internet content providers to users. It

functions as human agents, which take account of user

preferences and desires and interact with users to

accomplish tasks. User profiles are designed to cap-

ture the basic knowledge on user preferences, areas of

interest, and reading habits. User feedback is utilized

to capture more specific user preferences based on the

semantics of the rated news articles. The search

engine will then search for the financial news articles

that users are most interested in based on the user

profiles, user feedback, and the indexed news articles.

Comparing to the traditional database indexing and

searching approach, our system requires less effort



Fig. 1. System architecture of the intelligent Chinese financial news retrieval system.
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from users to specify their query. It learns user

preferences from their profiles and their daily feed-

back of the rated articles. In the rest of this article,

Section 2 describes the system architecture and the

five major modules, including fetching, indexing, user

profile, relevance feedback, and search engine. Details

of the algorithms will be presented in Section 3.

Section 4 describes the experiment that measures the

performance of the proposed system. Statistical anal-

ysis is conducted to investigate the impact of user

profiles and user feedback on Chinese financial news

articles.
2. System architecture

The personalized infomediary system consists of

five major modules: fetching, indexing, user profile,

relevance feedback, and search engine. The fetching

and indexing components fetch the daily financial

news articles from the newspaper Web sites and index

each fetched document. The user profile captures the

knowledge of user preference on the financial news.

The user feedback captures the semantics of the user-

interested documents obtained by the search engine.
Table 1

Chinese newspaper sources
The search engine retrieves the relevant documents

based on the indexing of the documents, the user

profile, and the user feedback. Fig. 1 illustrates the

system architecture. Further elaboration of each mod-

ule is presented in the following sub-sections. The

details of algorithms used in each module are pre-

sented in Section 3.

2.1. Fetching module

The system monitors the sources of Chinese finan-

cial news on the Web and downloads the most recent

published information. The sources of the financial

information that are currently monitored by our sys-

tem are listed in Table 1. The number of sources is not

limited and is easily expanded in our system.

Several fetching programs, such as Lynx and

HtmlGobble, are available on the Web to fetch and

display HTML documents (Fig. 2). In order to make

our system more portable and integrate with other

components, we implement a generic fetching pro-

gram in Java. It takes the Universal Resource Loca-

tion (URL) of the Web page and uses the Hyper Text

Transfer Protocol (HTTP) to make the connection to

the corresponding Web site.
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2.2. Chinese indexing module

A Chinese indexer recognizes and selects essence

of a document and represents the document. Chinese

indexing is more difficult than English indexing

because Chinese text has no delimiter to mark word

boundaries as English text. There are three major

approaches on Chinese indexing, (a) statistical ap-

proach, (b) lexical rule-based approach, and (c) hybrid

approach based on statistical and lexical information.

Keywords used in financial information are usually

unknown terms such as company names, product

names, event names, etc. Lexical approach, which

relies on dictionary, is not able to extract such un-

known words. In this system, we apply the boundary

detection [22–24] based on the statistical approach.

Details are presented in Section 3.1 Experimental

result shows that it can extract over 90% of the

unknown terms in documents. Fig. 3 depicts the

Chinese indexing module.

2.3. User profile module

Most financial investors are not experienced users

of computers or information retrieval systems. They

may be knowledgeable in using the financial infor-

Fig. 2. Fetching robot.
Fig. 3. Chinese inde
mation to make decision in their investment; how-

ever, they may not be proficient in using the Web

search engines. A search engine that requires mini-

mum user effort in specifying their information

needs is desired.

In order to obtain the information needs of the less

experienced users, agents are utilized to build their

profiles. User profile captures basic knowledge on

user preferences, areas of interest, and reading habits.

A good user profile not only increases the precision of

retrieval but also narrows down retrieval scope that

directly reduces processing time. Our system builds

an initial profile by asking users to answer a few

questions and explicitly state their preferences for

filtering.

User profiles can be categorized into cognitive

profiles and sociological profiles [21]. The cognitive

profiles represent the user’s areas of interest based on

the content of information. The sociological profiles

represent the personal and organizational interrela-

tionships of individual in a community [12]. Most

of the existing systems use the cognitive profiles

representing by a set of feature vectors where each

element is a keyword. For example, Pazzani et al. [14]

develop their Syskill and Webert’s user profile by

selecting a set of informative words using an infor-

mation-based approach. In our system, we focus on

building a user profile that captures user preference on

Chinese financial information published in Hong

Kong based on cognitive profile. Therefore, we con-

struct user profiles by (i) sources of news articles, (ii)

regions of news, (iii) categories of industries, (iv)

listed companies in HK stock market, and (iv) user

specified keywords. In addition of using keywords to

represent user’s areas of interest, we also capture the

user’s preference on the information source and user’s

investment profile.
xing module.
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2.4. User feedback module

The user profile captures the initial knowledge of

user preference in general; however, the user prefer-

ence on the specific content obtained from each news

article is not captured. In our system, we use the user

feedback to obtain additional information on user

preference. Such feedback provides more specific

information of users interest in news topics, events,

names, and other relevant knowledge. It has been

reported that user relevance feedback provides large

improvement on information retrieval performance

[20].

2.5. Search engine module

The search engine takes inputs from indexing, user

profile, and user feedback. The indexing component

determines the keywords for each newly fetched

article. The user profile component captures the

knowledge of user interest. The user feedback com-

ponent records the user interest based on the content

of each rated article. Based on these inputs, the search

engine will rank all the fetched financial news articles

on the day and report them to users. However, on day

0, the search engine has inputs from indexing and user

profile only. No articles have been read and rated yet.

Starting from day 1, the search engine will rank all

articles based on indexing, user profile, and user

feedback.

C.C. Yang, A. Chung / Decisio
3. Algorithms used in the system

In this section, we describe the details of algo-

rithms and user interfaces in each of the five mod-

ules.

3.1. Chinese text segmentation and indexing

In the Chinese Indexing Module, boundary detec-

tion approach is utilized to segment Chinese text. We

detect the boundary of a word by determining if the

value of mutual information between two adjacent

Chinese characters is lower than a threshold and/or if

there is any abrupt change in mutual information.

Mutual information I(ci, cj) is the statistical measure-

ment of association between two characters, ci and cj.
Therefore, characters that are highly associated are

considered to be grouped together to form words.

Iðci; cjÞ ¼ log2
f ðci; ciÞ=N

f ðciÞ=N f ðcjÞ=N

� �

¼ log2
Nf ðci; ciÞ
f ðciÞf ðcjÞ

� �
ð1Þ

where f(ci)and f(cj) correspond to frequencies of ci and

cj, respectively, N corresponds to the total number of

characters in corpus.

Before we apply the boundary detection algorithm

to detect word boundaries, we remove the HTML tags

of the HTML documents and use the punctuation to

segment the document into strings of Chinese char-

acters. The boundary detection algorithm will then be

used to segment the strings of characters.

After word segmentation, term weighting heuris-

tics are then computed. Term frequency, tfij, represents

the numbers of occurrences of term j in document i.

The document frequency, dfj, represents the number

of documents in a collection of n documents in which

the term j occurs. The combined weight of term j in a

document i, dij is computed as follows:

dij ¼ tf ij � log
N

df i

� �
ð2Þ

The term that occurs more frequent indicates itself

as a good descriptor of the document. On the other

hand, the term that occurs frequently on many docu-

ments implies itself as a general term that does not

have any specific meaning. Therefore, a term, which

has a high tfij and low dfj, corresponds to a good

keyword of the documents.

3.2. User profiles

In the user profile module, user profile is divided

into five categories: by (i) sources of news articles, (ii)

regions of news, (iii) categories of industries, (iv) listed

companies in HK stock market, and (iv) user specified

keywords. Details of each category are as follows:

3.2.1. Sources of news articles (ws)

Different users have different preferences on the

information providers. Although similar content are

reported by different information providers, investors
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find some of the authors in some particulars news-

papers more reliable and these authors’ comments are

more helpful in their decision making. Therefore,

these investors prefer to read articles from particular

newspaper Web site in certain financial issues. Our

system currently uses six newspaper sources on the

Internet (Table 1). As shown in Fig. 4, users may use a

slider to submit their confidence level ranged from

excellent to very bad for each newspaper source.

3.2.2. Preference on regions of news (wr)

Since Hong Kong is an international financial

center, besides local financial news, news from China

and international (such as, south east Asia, Pacific

region, North America, and Europe) will affect the

Hong Kong stock market. In most of the newspaper

sources, the financial news is categorized into three

regional categories: (i) local, (ii) China, and (iii)

international. For different users, news from different

regions may affect their investment by different de-

gree. The user profile of our system captures the

importance of the news from different regions for

each user by the user interface, as shown in Fig. 5.

3.2.3. Categories of industries (fi)

There are several major industries in Hong Kong.

In our systems, we select 10 industries to focus on: (i)
Fig. 4. Preferences on sour
finance, (ii) banking, (iii) real estates, (iv) technology,

(v) manufacturing, (vi) services, (vii) tourism, (viii)

entertainment, (ix) food and beverage, and (x) insur-

ance. For each industry, we select a list of keywords

(shown in Table 2) that are most significant in the

corresponding industry. Users may select the preferred

industries by checking the appropriate check box in

the panel as shown in Fig. 6.

3.2.4. Listed companies in Hong Kong stock market

In our system, user can configure the agent to

monitor news articles that are particularly related to

a listed company. Our agent provides a list of com-

pany names and their stock codes in the Hong Kong

Stock Exchange for users to select, as shown in the

interface in Fig. 7. The first column is a checkbox for

user to select the listed company. The second column

is the code of the listed company. The third column is

the name of the listed company.

3.2.5. User specified keywords (fu)

Besides the categories of industries and the listed

companies, users may also specify his or her interests

by supplying specific keyword. These interest terms

can be person names, locations, or company names,

etc. in any number of Chinese character or English

words. The system provides an interface for the user to
ces of news articles.



Fig. 5. Preference on regions of news.
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edit their keyword list in their profile (Fig. 8). Users

may type keywords in the textfield and click the ‘‘Add’’

button to submit keywords to the system or select

keywords in the selection menu and click the ‘‘Re-

move’’ button to remove the selected keywords from

the system. The agent will then match the user-speci-

fied keywords with the news articles and count their

frequency in each news articles. However, if user did

not enter any keyword in this list, the agent will disable

this function.
Table 2

List of predefined keywords in industry items
3.2.6. User profile score (sp)

In order to determine the goodness of a news

article in terms of the user profile, a formulation

(Sp) as shown in Eq. (3) is adopted. The User Profile

Score (Sp) is the accumulation of the relative weight

scores obtained from preference on sources of news-

papers, regions of news and keywords matching score

obtained from categories of industries, listed compa-

nies and user-specified keywords. ws and wr are the

weights of the sources of newspaper and the regions



Fig. 7. Listed companies in Hong Kong stock exchange. In the interface, the first column is a checkbox for user to select the listed company; the

second column is the code of the listed company; and the third column is the name of the listed company. For example, the user has selected the

listed companies, Cheung Kong (Holdings) Limited (1), HSBC Holdings (5), and HKT (8). The translations of the rest of listed companies are

CLP Holdings (2), HK and China Gas (3), Wharf Holdings (4), HK Electric (6), Hang Lung Group (10), Hang Seng Bank (11), and Henderson

Land (12).

Fig. 6. Categories of industries.
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Fig. 8. User-specified keywords. In the interface, users may type keywords in the textfield and click the ‘‘Add’’ button next to it to submit

keywords to the system or select keywords in the selection menu and click the ‘‘Remove’’ button to remove the selected keywords from the

system. For example, the keyword in the textfield is ‘‘Li Tzar Kai Richard’’, which is also the selected keyword on the second row of the

selection menu. The keywords on the selection menu are ‘‘Cyberport’’, ‘‘Li Tzar Kai Richard’’, ‘‘Pacific Century’’, ‘‘high technology’’,

‘‘Chinese medicine’’, ‘‘HSBC Holdings PLC’’, ‘‘Hong Kong Telecommunications’’, ‘‘telecommunications’’, ‘‘HSBC’’ (from top to bottom).
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of news for a particular news article provided by the

user through the user interface as shown in Figs. 4 and

5, respectively, where 0Vws, wrV 1. The score of

categories of industries and the score of listed com-

panies and user-specified keywords are calculated by

dividing the frequencies of the corresponding key-

words, fi and fu, by their cardinalities, Ci and Cu, and

multiplying to their corresponding weights, wi and wu.

The higher the frequencies of the selected keywords

for the industries, listed companies and user-defined

keywords appear in a particular news article, the more

relevant the article is to the interest of the user. The

frequencies are then normalized by the number of

selected keywords.

Sp ¼ wswr wi

X
j

fij

Ci

þ wu

X
j

fuj

Cu

0
BB@

1
CCA ð3Þ

where ws is the weight of the sources of newspaper, wr

is the weight of the regions of news, wj is the weight
of categories of industries, fij is the frequency of

keyword j in categories of industries, Ci is the cardi-

nality of keywords in categories of industries, wu is

the weight of listed companies and user specified

keywords, fuj is the frequency of keyword j in listed

companies and user specified keywords, and Cu is the

cardinality of keywords in listed companies and user

specified keywords.

3.3. Relevance feedback

In the user feedback module, relevance feedback of

the retrieved document is obtained from the users.

Relevance feedback (RF) is a controlled automatic

process for query formulation [20]. RF is designed to

produce improved query formulation following an

initial retrieval operation. Documents are retrieved

from a given collection based on the initial operation

and then examined for relevance. Improved query

formulations could then be constructed in order to

retrieve additional relevant documents in the subse-

quent search operations. Two major methods, vector

processing methods [17,19] and probabilistic feed-



Fig. 9. User relevance feedback Window.
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back methods [16,26], are the typical methods being

used in RF.

In the vector processing methods, both the collec-

tion of documents and queries are represented as t-

dimensional vector, D={d1, d2, . . ., dt} and Q={q1,

q2, . . ., qt}, respectively. The inner product between Q

and D is typically used as the similarity measure.

After effective feedback, the query will be modified as

a summation over the previous query, known as

relevant and non-relevant documents. In the probabi-

listic feedback methods, ranking of documents is

based on the probabilities of a vector representation

given a relevant or irrelevant item. In this paper, we

use the Jaccard’s similarity function to measure the

relevance of the recently fetched documents and the

documents with user feedbacks of degrees of rele-

vance.
Fig. 10. Window for adjusting the weightings o
After reading the ranked articles by our system,

users may provide feedback to our agent by rating the

relevance of the articles. The interface for such

feedback is shown in Fig. 9. The feedback will then

be used in the learning mechanism, which is based on

the latent semantic structures of the news articles and

the past accessed history.

We measure the relevance of a newly fetched news

article based on the latent semantic structure in terms

of the usage of words across documents. If two

documents are similar in content, the usage of words

between these two documents should be similar.

Many statistical techniques have been used to estimate

this latent structure. In our system, we adopt the

Jaccard’s similarity function [3,25] to measure the

similarity between the financial news articles that

has been rated by user in the previous days and the

newly fetched financial news articles. The Jaccard’s

score between two news articles, A and B, is com-

puted as follows:

JðA;BÞ ¼

XL
j¼1

dAjdBj

XL
j¼1

d2Aj þ
XL
j¼1

d2Bj �
XL
j¼1

dAjdBj

ð4Þ

where dAj and dBj are the combined weights of term j

in article A and the combined weight of term j in
n user profile and semantic measurement.
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article B, respectively, based on the term frequency

and inverse document frequency

dAj= tfAj� log(N/dfj)

dBj= tfBj� log(N/dfj)

N is the total number of news article fetched

L is the total number of keywords.

The combined weights, dAj and dBj, are computed

in terms of the term frequency and inverse document

frequency to measure the significance of keyword j in

article A and B, respectively. If the keyword frequen-

cy is high, the keyword is representative for the

article. However, if the document frequency is high,

the keyword is too general.
Fig. 11. Result of ranked financial news on a particular day. In the interf

second column is the score of the document. The third column is the title o

Chinese. The fifth column is the date of the document (year, month, day). T

cue for the retrieval of news articles on the next day. For example, on the fi

Club’’ from singtao.com. The rest of the retrieved articles are all related t
The rating score of newly fetched articles by our

agent also relies on the rating score on each rated article

in user feedback. In other words, if user provides a high

rating for an article in user relevance feedback, he/she

finds this article interesting and likes to receive more

news articles with similar content. Therefore, the se-

mantic relevance score, Ss, is computed as follows:

Ss ¼
Xn
i¼0

wB � JðA;BiÞ ð5Þ

where wBi is the rating of article Bi by user, J(A,Bi) is

the Jaccard’s score between the newly fetched article A

and the rated article Bi, n is the total number of articles

that have been rated.
ace, the first column is the ranking of the retrieved document. The

f the document in Chinese. The forth column is the News source in

he sixth column is a checkbox for user to select the document to be a

rst row, the document is ‘‘Beautiful Scenery at the Gold Coast Yacht

o the real estates market.
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3.4. Ranking by search engine

For each fetched article, the search engine compute

a score based on the user profile score, Sp, and the

semantic relevance score, Ss, as follows:

S ¼ wpSp þ wsSs ð6Þ
where wp is the weighting of user profile score, ws is

the weighting of semantic relevance score, Sp is the

normalized user profile score, Ss is the normalized

semantic relevance score.

The default values of wp and ws are 0.5; however,

users are allowed to set their values by the interface

shown in Fig. 10.

The search engine ranks the daily fetched news

article based on the score computed by Eq. (6). Fig.

11 shows the result of the ranked financial news articles

on a particular day. In the interface, the first column is

the ranking of the retrieved document. The second

column is the score of the document. The third column

is the title of the document in Chinese. When users

click on a news title, a news browser will pop up and

display the article. The forth column is the News source

in Chinese. The fifth column is the date of the docu-

ment (year, month, day). The sixth column is a check-

box for user to select the document to be a cue for the

retrieval of news articles on the next day. A check box

next to the news article indicates if the users have read

and rated the article. If users prefer not to use such

article to be a cue for the retrieval of news article on the

next day, they can simply remove the check in the box.
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4. Experiment

We have conducted an experiment, aimed at ex-

amining the following issues.

Issue 1: the impact of using user profiles and user

feedback on Chinese financial news articles

retrieval separately.

Issue 2: the impact of combining user profiles and

user feedback on Chinese financial news articles

retrieval. Does it produce better performance than

applying user profiles or user feedback only?

We are interested to compare the performance of

applying user profiles and applying user feedback on
the infomediary. User profiles capture the basic know-

ledge of user preferences but user feedback learns the

user preferences through interaction with the users.

Using user profiles, information retrieval on each day is

performed independently although users may update

their profiles any time. However, using user feedback,

the knowledge of user preferences is accumulated. We

are also interested to see if the combination of user

profiles and user feedback can improve the overall

performance.

The experiment is a user evaluation involving 50

subjects, 20 subjects from the University of Hong

Kong and 30 subjects from the Chinese University of

Hong Kong. Each subject is asked to provide his/her

user profile and/or feedback and use the system for 5

consecutive days. Approximately, 170 news articles

from the six sources of newspapers are fetched ev-

eryday. Twenty top ranked news articles are returned

on each day based on the input submitted by users,

each subject is asked to provide feedback to each of

the retrieved news articles. An article is considered

relevant if the feedback for the article is ‘‘Good’’ or

‘‘Excellent’’ as shown in Fig. 9. The performance is

measured by precision [2,3] of retrieval. Precision is

the fraction of the retrieved documents that is relevant,

which is computed as follows:

Precision ¼ # of news articles retrieved by the system that are relevant

# of news articles retreived by the system

ð7Þ
To compare the performance of user profiles, user

feedback, and combination of two, three setups were

used. In the first setup (Setup 1), subjects only provide

their user profiles, but the feedback of the ranked

articles are not submitted. In the second setup (Setup

2), subjects only provide the ratings of the daily ranked

articles, but the initial user profiles are not recorded. In

the third setup (Setup 3), subjects provide both user

profile and user feedback. Table 3 shows the average

precision obtained by the three setups over five conse-

cutive days. The comparisons of the average precision

of three setups on each day are also presented in Fig. 12.

The result shows that combining both user profiles

and user feedback obtains the best performance. Using

only user profiles has very close precision on each day

with the difference between the maximum precision

and minimum precision as 0.03. However, using only

user feedback has consistent improvement in precision

on each consecutive day, increasing from 0.28 to 0.66.



Table 3

Average and standard deviation of precision for three setups on five consecutive days

Day 0 average

(standard deviation)

Day 1 average

(standard deviation)

Day 2 average

(standard deviation)

Day 3 average

(standard deviation)

Day 4 average

(standard deviation)

User Profiles 0.43 (0.1014) 0.45 (0.1330) 0.45 (0.1037) 0.42 (0.0970) 0.44 (0.1092)

User feedback 0.28 (0.1719) 0.42 (0.1884) 0.54 (0.1923) 0.65 (0.2142) 0.66 (0.2169)

User profiles +

user feedback

0.43 (0.1014) 0.54 (0.1256) 0.65 (0.1631) 0.67 (0.1797) 0.66 (0.2247)

Number of subjects = 50.
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On the first 2 days, using only user profiles has better

performance than using only user feedback. However,

on the last 3 days, using only user profiles has poorer

performance than using only user feedback. Combin-

ing both user profiles and user feedback produces the

best performance on each day. Similar to using only

user feedback, the precision of combining both is

increasing on each consecutive day. The precision of

combining both is the same as the precision of using

only user profiles on day 0. It is because the input on

day 0 is only the user profiles even if we are combining

both user profiles and user feedback.

We have conducted a two-way analysis of variance

(ANOVA) to identify if there are any significant effects

of the factors, setups and days, and their interaction. As

shown on Table 4, all the p-values are 0.000. The

results highlight that each of the main factors has a

significant effect on the performance of the infome-

diary. In addition, a significant positive interaction
Fig. 12. Average precision of Setup 1, Setup
effect occurred between the two independent factors

on the performance.

In order to determine if the factor of consecutive

days has effect on the performance of the infomediary

for each of the setups, we conduct the ANOVA tests

for each of the setups. Table 5 shows the ANOVA

results of each setup over the 5 consecutive days. The

p-values for the three setups, user profiles (Setup 1),

user feedback (Setup 2), and combination of both

(Setup 3), are 0.6215, 0.000, and 0.000, respectively.

There is no significant difference in the performance

over the 5 consecutive days using user profiles (Setup

1) for retrieving financial information. However, there

are significant differences in the performance using

user feedback (Setup 2) or the combination of user

profiles and user feedbacks (Setup 3). Based on this

observation, the user feedback makes significant im-

provement on the performance of retrieving financial

information. However, simply using the user profiles
2, and Setup 3 on 5 consecutive days.



Table 6

p-value of ANOVA for setup 2 and setup 3 between each

consecutive days

Between day

0 and day 1

Between day

1 and day 2

Between day

2 and day 3

Between day

3 and day 4

Setup 2 0.000* 0.003016** 0.04137*** 0.714083

Setup 3 0.000* 0.000* 0.508657 0.980643

Number of subjects: 50.

* Significant at p< 0.001.

** Significant at p< 0.005.

*** Significant at p< 0.05.

Table 4

Two-way ANOVA examining the effects of setups and days, and

their interaction

Degree of

freedom (df)

Mean sum of

squares (MSS)

F p-value

Effect: setups 2 0.6992 26.187 0.000*

Effect: days 4 1.6778 62.839 0.000*

Interaction effect 8 0.7892 29.071 0.000*

Within 735 0.0267

Number of subjects: 50.

* Significant at p< 0.001.

C.C. Yang, A. Chung / Decision Support Systems 38 (2004) 65–8078
does not make any significant changes on the perfor-

mance over the 5 consecutive days. The continued

interaction between the user and the system allows the

system to learn more about the user preferences and

search on behalf of the users.

To better understand the significance of improve-

ment between the consecutive days, we conduct

ANOVA between each pair of successive days from

day 0 to day 5 for Setup 2 and Setup 3. Table 6 shows

the p-values of ANOVA and the computation of the p-

values can be found in Table A.1 in Appendix A. For

Setup 2, the difference between day 0 and day 1,

between day 1 and day 2, and between day 2 and day

3 are significant at the significant level of 0.001,

0.005, and 0.05, respectively. However, there is no

significant difference between day 3 and day 4. For

Setup 3, the difference between day 0 and day 1 and

between day 1 and day 2 are significant at the

significant level of 0.0005. However, there is no

significant difference between day 2 and day 3 and
Table 5

ANOVA of each of three setups on five consecutive days

Degree of

freedom (df)

Mean sum of

squares (MSS)

F p-value

Setup 1: User Profiles

Between 5 days 4 0.008069 0.6584 0.6215

Within days 245 0.012257

Setup 2: User Feedback

Between 5 days 4 1.1427 28.7221 0.000*

Within days 245 0.0398

Setup 3: User Profiles +User Feedback

Between 5 days 4 0.5508 19.9265 0.000*

Within days 245 0.02764

Number of subjects: 50.

* Significant at p< 0.001.
between day 3 and day 4. Based on these observa-

tions, we find that there are significance improve-

ments from day 0 to day 3 when only user feedback is

applied, but the significance level decreases. There are

also significant improvements from day 0 to day 2

when both user profiles and user feedback are applied.

We also observe that either using only user feedback

or using both user profiles and user feedback will

reach an optimal performance after a few days of

improvements (3 days for Setup 2 and 2 days for

Setup 3). Even if we continue to provide user feed-

back on the consecutive days, it does not increase the

precision any higher than the optimal precision

(f 0.67). The optimal precision is the maximum

performance of the system. Unless more news articles

are collected from the information providers or the

mechanism of the search engines is improved, it may

not be able to get better performance than the current

maximum performance. From the ANOVA, it shows

that the user feedback improves the retrieval perfor-

mance significantly on each consecutive day starting

from the first day until it reaches the optimal preci-

sion. The effectiveness of learning user preference

based user feedback is impressive. Given the user

profile, Setup 3 is able to reach the optimal perfor-

mance earlier than Setup 2. In addition, the user

preferences may change from time to time, if the

system does not continue to learn the user preference

and capture the changes in user preference, the preci-

sion on the consecutive days may decrease. However,

there is not any decrease in precision observed in the

results of Setup 2 and Setup 3.

As a conclusion, the user profiles help to provide

initial knowledge of user preference to obtain a rea-

sonable precision for retrieval of financial information.

However, the learning power of user profile is limited

because it only captures the general information of user
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preference. It cannot learn the user preference contin-

uously and the performance of retrieval cannot be

improved from time to time. The user feedback helps

to learn specific user preference based on the continu-

ous interaction with users. The learning of user prefer-

ence is effective for user feedback. Interaction on each

day will improve the retrieval performance significant-

ly until it reaches the optimal performance. Combining

both user profile and user feedback takes the advantage

of both to learn the general information and specific

information of user performance. Therefore, it has the

best performance among the three setups.
Degree of

freedom (df)

Mean sum of

squares (MSS)

F p-value

Setup 2: User Feedback

Between day 0

and day 1

1 0.5112 15.4047 0.000

Within days 98 0.03319

Between day 1

and day 2

1 0.3422 9.2538 0.003016

Within days 98 0.03698

Between day 2

and day 3

1 0.1806 4.2727 0.04137

Within days 98 0.04227

Between day 3

and day 4

1 0.0064 0.1350 0.714083

Within days 98 0.04740

Setup 3: User Profiles +User Feedback

Between day 0

and day 1

1 0.3025 22.7595 0.000

Within days 98 0.01329

Between day 1

and day 2

1 0.2873 13.2922 0.000

Within days 98 0.02161

Between day 2

and day 3

1 0.01323 0.4405 0.508657

Within days 98 0.03005

Between day 3

and day 4

1 2.5� 10� 05 0.000592 0.980643

Within days 98 0.04225

Number of subjects: 50.
5. Conclusion

Intelligent infomediary is important as the problem

of information overloading becomes more and more

serious on the World Wide Web. Such intermediaries

provide users with more efficient and effective infor-

mation retrieval to support their decision-making. In

this paper, we develop a system utilizing user feedback

and user profiles to learn the user preferences so

thathigher precision of information retrieval can be

achieved. User profiles capture the general knowledge

of user preferences based on sources of news articles,

regions of news reported, categories of industries

related, listed companies in HK stock market, and user

specified keywords. User feedback captures the se-

mantics of the user-rated news articles to obtain

specific information of user performance. The search

engine searches for the Web news articles based on the

user preferences and indexing on behalf of users. We

have conducted an experiment to compare the perfor-

mance of retrieval based on different setups of user

profiles and user feedback. It shows that user profiles

only capture the general information of user preference

but it does not help in improving the retrieval perform-

ances continuously. User feedback helps in improving

the retrieval performances continuously. It continues to

learn the user preference and the changes of user

preference. The optimal precision is reached after a

few days of learning. Combining both user profiles and

user feedback captures the general information and

specific information of user preference and produces

the best performance. In the future research, we shall

develop a collaborative support of Web retrieval. Users

with similar user profiles are grouped together and the
user feedback of the similar users can support each

other’s information searching.
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