Discovering Unexpected Information from Your

Competitors´ Web Sites

BingLiu

SchoolofComputing

NationalUniversityofSingapore

3ScienceDrive2

Singapore117543 liub@comp.nus.edu.sg

YimingMa

SchoolofComputing

NationalUniversityofSingapore

3Sci enceDrive2

Singapore117543 maym@comp.nus.edu.sg

PhilipS.Yu

IBMT.J.WatsonResearchCenter

Yorktown Heights, NY 10598

USA psyu@watson.ibm.com

ABSTRACT

Ever since the beginning of the Web, finding useful information fromthe Web has been an impor tant problem. Existing approaches include keyword - based search, wrapper - based information extraction, Web queryand user preferences. These approaches essentiallyfind information that matches the user´s explicit specifications. This paper argues that this is insufficient.

There is another type of information that is also of great interest, i.e., unexpected information, which is unanticipated bythe user.

Finding unexpected information is useful in manyapplications.

For example, it is useful for a company to find unexpected information about its competitors, e.g., unexpected services and products that its competitors offer. With this information, the companycan learn fromits competitors and/or design counter measures to improve its competitiveness. Since the number of pages of a typical commercial site is verylarge and there are also manyrelevant sites (competitors), it is verydifficult for a human user to view each page to discover the unexpected information.

Automated assistance is needed. In this pap er, we propose a number of methods to help the user find various types of unexpected information fromhis/her competitors´ Web sites.

Experiment results show that these techniques are veryuseful in practice and also efficient.

Keywords

Information intere stingness, Web comparison, Web mining.

1. INTRODUCTION

The Web is increasinglybecoming an important channel for conducting businesses, for disseminating information, and for communicating with people on a global scale. This is not only true for businesses, b ut also true for individuals. More and more companies, organizations, and individuals are publishing their information on the Web. With all this information publicly available, it is natural that companies and individuals would like to find useful/interest ing information fromthese Web pages.

Existing research has proposed manyapproaches for web information finding. Most of themare also widelyused. These approaches include keyword - based search, manual browsing, wrapper - based information extraction, We b queries, and user preferences. Keyword - based search [e.g., 5] using search engines, such as Yahoo, Alta Vista, Google, and others, is perhaps the most popular method. A search engine allows the user to specify some keywords, and the systemthen finds tho se Web pages that contain the keywords. In manual browsing, a Web browser such as Netscape or Internet Explorer is used bythe user to browse specific Web pages to manuallyfind interesting information.

Wrapper - based approaches [e.g., 2, 13, 9, 15] enable the user to extract specific pieces of information fromtargeted Web pages.

Web querylanguages [e.g., 19, 12, 6] give the user the opportunityto querythe Web. In the user preference approach

[e.g., 26], information is given to the user according to his/ her preferences. In essence, all these approaches are based on explicit specifications of the user. Theyare onlyable to find information that matches the user´s specifications.

The drawback of these approaches is that it is hard for the user to find une xpected information. Theycan onlyhelp the user find anticipated information because what the user specifies can only be derived fromhis/her existing knowledge space. In this paper, we argue that finding onlywhat the user explicitlyspecifies is not suf ficient. Those pieces of information that have not been specified bythe user mayalso be of great interests. It is just that the user does not know about them, or has forgotten about them.

Such information maybe unexpected and can be of great importance in practice. For instance, it is important for a company to know what it does not know about its competitors, e.g., unexpected services and products that its competitors offer. With this information, the companycan learn fromits competitors and/or design counter measures to improve its competitiveness.

Such business intelligence information is increasinglybecoming crucial to the survival and growth of anycompany. Existing web information extraction techniques cannot find such unexpected information, as it is unlikely(or impossible) for one to specify something that one has no idea of.

Currently, to find such information the user has to manually browse the Web pages of the competitors. However, manual browsing of everyWeb page can be verytime consumi ng because a typical commercial Web site can have hundreds of pages or more. There mayalso be manyrelevant sites (i.e., many competitors) to be analyzed. Automated assistance is thus needed.

To appear in Proceedings of The Seventh ACM SIGKDD International Conference on

Knowledge Discovery and Data Mining ( KDD - 2001 ) , August 26 - 29, 2001 , San Francisco , USA .

Using a computer systemto find unexpected information froma

Web page (or site) is not a simple task. A piece of information can

be unexpected to one company(or user), but not unexpected to

another. Hence, whether a piece of information is unexpected is

essentiallysubjective. It depends on the current operations o f the

company(or the interests of the user), and what it (or he/she)

alreadyknows about the competitors.

This problemis analogous to the interestingness problemin data

mining [e.g., 21, 25, 17, 18, 20], which is described as follows:

Manydata mining algorithms often generate a large number of

rules froma database, and most of the rules are actuallynot

interesting to the user. But due to the large number of rules, it is

verydifficult for the user to inspect them manuallyto identify

those trulyinte resting ones. In the context of the Web, the

situation is similar. With a large number of Web pages, finding

interesting or unexpected information manuallyis also a difficult

task. In this paper, we propose an approach to help the user find

unexpected inf ormation fromhis/her competitors´ Web sites.

1.1 Unexpectedness of Information

In the context of the Web, the unexpectedness of a piece of

information is defined as follows:

Unexpectedness : A piece of information is unexpected if it is

relevant but unkn own to the user, or it contradicts the user´s

existing beliefs or expectations.

Note that in this definition, the condition "it is relevant" is

important. Not everypiece of unknown information is interesting.

A piece of information must first be relevant to the user. For

example, if the user is a marketing executive, in his/her

professional capacityhe/she will not be interested in a piece of

information on how to plant a tree, although the piece of

information maywell be unknown to him/her. However, a p iece

of information on a new marketing strategywill certainlybe of

interest as it is relevant and unknown to him/her.

1.2 Summary of the Proposed Approach

The proposed approach aims to find interesting/unexpected

information froma Web site, which can be a companysite (e.g.,

the site of one´s competitor) or a personal home page. This Web

site is supplied bythe user, and is relevant to the user. We call this

site the competitor site . Fromthe definition above, we see that to

find unexpected information f roma Web site, we need to know

the user´s expectations (or existing knowledge) about the site.

Fromthese expectations, the systemcan find unexpected

information fromthe site. In this work, we use the information

contained in the user´s own Web site (wh ich can be a company

site or the user´s home page) and some additional knowledge of

the user about the competitor as the existing knowledge or

expectations. Our task of finding interesting information fromthe

competitor site thus becomes a problemof comp aring the two

sites to find similar and different information.

Using the user´s own site to represent part of the user´s existing

knowledge or expectations is appropriate as it allows him/her to

find similar and different (or unexpected) information that exist in

the competitor site, which is what one is often interested in.

The basic idea of the proposed approach is as follows: Given a

user site U , a competitor site C , and some existing knowledge or expectations E about the competitor fromthe user, our system

(called WebCompare) first analyzes U to extract all its key

information. It then analyzes C , and compares the information

contained in C with that in U and E to find various types of

unexpected information from C .

In this work, we onlyuse the text ual information in a Web page.

Two schemes are used to represent the information in the page 1 :

(1) Vector space representation: This representation is

commonlyused in the information retrieval community[23,

24, 3, 8]. The assumption of the representation i s that

similarities, differences and the main contents of text

documents can be represented by keywords (also called index

terms ) that appear in the documents.

(2) Concepts: These are combinations of keywords that occur

frequentlyin the sentences of a Web pa ge. Such word

combinations often represent significant information that the

owner wants to emphasize.

In this research, we have designed a number of methods to

compare two Web sites to help the user find different types of

unexpected information. The prop osed techniques are general.

Theycan be used in anydomain and for anyapplication. Our

implemented system(WebCompare) is also highlyinteractive due

to its efficiency. So far, a number of experiments and application

tests have been performed. It is show n that the proposed

techniques are useful in practice.

2. RELATED WORK

Although there are manyexisting techniques that help one find

useful information fromthe Web, to the best of our knowledge,

there is still no technique that helps one find unexpected

inf ormation. Existing approaches to finding useful information on

the Web all focus on what the user wants or specifies explicitly.

These approaches include keyword - based search, wrapper - based

information extraction, user preference specifications, Web and

XM L queries, and resource discovery. In keyword - based search,

the user specifies some keywords, and a search engine (e.g.,

Yahoo, Excite, Alta Vista, and Google) finds those Web pages

that contain the keywords, and ranks themaccording to various

measures. I n Web information extraction [e.g., 2, 13, 9, 15, 8], a

wrapper or a specific extraction procedure is built automatically

or manuallyfor a Web page to extract some specific pieces of

information requested bythe user, e.g., extracting the prices of

some p roducts. User preference based approaches are commonly

used in push type of systems [e.g., 26], where the user specifies

what categories of information are interesting to him/her. The

systemthen gives him/her onlythose types of information in the

user - sp ecified preference categories. In Web querybased

approaches, database querylanguage such as SQL is extended and

modified so that it can be used to querysemi - structured

information resources, XML documents and Web pages [e.g., 19,

12, 6, 8]. Web resource discoveryaims to find resources (Web

pages) related to the user requests [e.g., 16, 7, 8, 9, 10, 13]. This

approach uses techniques such as link analysis, and text

1 So far, we have not given extra considerations to metadata [11, 22] and

hyperlinks [16], which will be studied in our future work . Even without

such considerations, the proposed methods are alreadyshowing very

promising results.

classification algorithms to find relevant pages. The pages can

also be grouped into autho ritative pages, and hubs.

All these existing approaches essentiallyview the process of

finding useful information fromthe Web as a query - based

process , although the queries maybe of different forms, search

query, information extraction query, preferenc e query, Web, XML

or semi - structured data query, and resource query. These

approaches suffer fromthe following problems.

1. It is hard to find unexpected information. Theycan onlyfind

anticipated information because queries can onlybe derived

fromthe us er´s existing knowledge space. Yet, a lot of

information that does not meet the user´s requirements or

queries mayalso be of interest to the user. These pieces of

information are often unexpected and/or novel.

2. The user often does not know or is unable to specify

completelywhat interest him/her. He/she needs to be

stimulated/reminded. The above approaches do not actively

performthis task as theyonlyreturn the requested

information. In contrast, our approach also gives those pieces

of unanticipated i nformation. If some of themare not truly

unexpected, theyserve to remind the user what he/she has

forgotten, and to stimulate his/her thoughts.

In summary, the proposed technique not onlyhelps the user

identifythe required information, but also helps him/her find

different types of unexpected information. The user is thus

exposed to more possible interesting aspects of the Web pages

rather than onlyfocusing on his/her current interests (which

he/she maynot be completelysure).

Our work is related to the interestingness research in data mining.

The issue of interestingness of discovered rules has long been

identified as an important problem[21, 25, 17, 18, 20]. This is

due to the fact that data mining algorithms often produce too

manyrules, and most of the rules are of no interest to the user. A

number of approaches [21, 25, 17, 18, 20] have been proposed to

help the user deal with the problem. These approaches are,

however, not suitable for the Web. The reason is that rules are

structured and have c lear syntax and semantics, while information

on the Web is semi - structured. Different methods are thus needed

for finding unexpected/interesting information fromWeb pages.

3. VECTOR SPACE REPRESENTATION

In this work, we onlyuse textual information in a Web page to

find interesting information. Each page is thus treated as a text

document. One of the representation schemes that we employis

the widelyused vector space model. Here, we review this model.

In vector space representation, each document is descr ibed bya

set of keywords called index terms (or simply terms ) . An index

termis simplya word whose semantics helps to remember the

document´s main themes. An index termis also associated with a

weight. Let p be the number of index terms in the collectio n of

documents, and k

i be an index term. K = { k

1

, k

2

, ..., k

p

} is the set

of all index terms. A weight w

i,j

> 0 is associated with each term k

i

of a document d

j

. For an termthat does not appear in the

document d

j

, w

i,j

= 0. A document d

j is represented wi th an index

termvector = ( w

1,j

, w

2,j

, ..., w

p,j

). In information retrieval, the

objective is to find a set of relevant or similar documents of a

given querydocument (which is also represented as a vector).

Let the queryvector be . The similari tyof and can be

computed using the popular cosine measure

A number of schemes have been proposed for assigning

weights to index terms. P erhaps, the most widelyused weighting

scheme is the TF - IDF scheme [23, 3], where TF is the term

frequency and IDF is the inverse document frequency .

Definition : Let N be the total number of documents in the system

and n

i be the number of documents in which the index term k

i

appears at least once. Let f

i,j be the raw frequency(or count) of

term k

i in document d

j

. Then the normalized frequency tf

i,j of

term k

i in document d

j is given by:

where the maximumis computed over all terms that appear in

document d

j

. If term k

i does not appear in d

j then tf

i,j

= 0. idf

i

,

inverse document frequencyfor k

i

, is given by :

The TF - IDF termweighting scheme uses the following

computation:

For querytermweights, Salton and Buckley[24] suggest

where f

i,q is the raw frequencyof the term k

i in the query

document q .

4. THE PROPOSED TECHNIQUES

We are now readyto present the proposed methods. We will use

both the vector space model and keyword combinations (or

concepts) to represent the text in a Web page. Below, we first

discuss our comparison methods based on these representations.

We then describe how the user´s previou s knowledge can be

incorporated in the comparison process.

4.1 Comparing Two Web Sites

We have designed 5 methods to compare the user site U and the

competitor site C to help the user find various types of interesting

and/or unexpected information fromthe com petitor site. Let U

={ u

1

, u

2

, ..., u

w

} be the set of pages in the user´s Web site, and C =

{ c

1

, c

2

, ..., c

v

} be the set of pages in the competitor´s Web site.

The 5 methods are discussed below.

1. Finding the corresponding C page(s) of a U page : Here, th e

user is interested in finding some pages in C that are similar to

a page in U . This is useful when the user wants to perform

detailed analysis on a specific topic. For example, a

newspaper site that has published an article on a particular

topic maywant to know what has been published on a

competitor´s site on the same topic.

å å å

= =

=

´

´

=

´

·

=

p

i q i p

i j i p

i q i j i j

j

w w w w

q d q d

q d sim

j

1

2

, 1

2

,

1 , ,

| | | |

) , (

& &

& & j l l

j i j i f

f tf

,

,

, max

= i

i n

N idf log = i q l l

q i q i n

N f

f w log max

5 . 0

5 . 0

,

,

,

´ ÷ ÷ ø

ö ç ç è

æ´

+ =

i

j i j i n

N tf w log , ,

´ =

j d

&

q

& q

&

Our comparison is done as follows: Given a U page u j

, we use the cosine measure to compute the similaritybetween u j

and each page in C . After the comparison, the pages in C are r anked according to their similarities in a descending order.

Ex ample : In this example, we have 4 pages in U and 3 pages in C , which are shown in Figure 1 (the number in each pair is the raw frequencycount of the keyword in the page).

U pages: Upage 1: (data, 1), (predict, 1)

Upage 2: (information, 2), (extraction, 1), (data, 2)

Upage 3: (classify, 2), (probability, 2)

Upage 4: (cluster, 2), (segment, 1)

C pages: Cpage 1: (data, 2), (predict, 2), (classify, 3)

Cpage 2: (association, 3), (m ine, 2), (rule, 1)

Cpage 3: (cluster, 3), (segment, 2), (data, 2)

Figure 1: Example U pages and C pages

If we want to find the corresponding page(s) of Upage 1, we obtain the following ranking:

Rank 1: Cpage 1

Rank 2: Cpage 3

Cpage 2 is not shown in t he ranking as its similarityvalue with Upage 1 is 0.

Time complex ity: This computation consists of two steps.

The first step computes the weight for each termin each C page. Let the maximal number of terms in c i

be G .

Computing all the weights takes O ( G | C |) time, where | C |is the size of the set C . The second step is the similarity computation, which takes O (| u j

|| C |) time (without considering the final ranking). We store the termweights of each page c i

in a hash table. It is reasonable to assume that ac cessing each termin a hash table takes O (1) time. Thus, the whole operation takes O ( G | C |+ | u j

|| C |) time.

2. Finding unex pected terms in a C page w ith respect to a U page : In manycases, the user wants to know unexpected terms given two similar pages, a C pa ge and a U page (e.g., corresponding pages in method 1 above). These terms allow the user to obtain keydifferences of the two pages. These differences can help him/her decide whether to browse the C page to find further details.

Given a U page u j

and a C page c i

, we compare the term weights in both documents to obtain those unexpected terms in c i

with respect to the terms in u j

. The unexpectedness value of each term k r

in c i

with respect to u j

, denoted by unexpT r,i,j

, is computed with:

where tf r ,i

is the tf value of the r th termin c i

, and tf r,j

is the tf value of the same termin u j

. unexpT r,i,j

is set to 0 if tf r,j

/ tf r,i

>

0, as we are not interested in how a termis unexpected in u j with respect to c i

. Note that the idf value is not used here as it gets canceled. The algorithmfor computing unexpT r,i,j

is straightforward, and will not be discussed here.

After the unexpectedness value for each term k r

is computed, all the terms in c i

are ranked according to their unexpT r,i,j

values in a desce nding order. Note that if we reverse the ranking, those top ranking terms are the most expected terms.

Let us continue with our example. We are interested in unexpected terms in Cpage 1 with respect to Upage 1. Note that in the example for method 1, we identified that the two pages are similar. Here, we want unexpected terms. We obtain the following ranking:

Rank 1: classify

The unexpectedness value for term classify is 1, as it is not in

Upage 1. The terms data and predict are not shown in the rank ing as their termunexpectedness values are both 0.

Time complex ity: Without considering the final ranking, the computation is linear in the number of terms in c i

.

Note that this method can be performed between anysubset

U sub

of the pages in U and anysu bset C sub

of the pages in C .

For instance, the user maybe interested in the comparison of product related pages in both sites. To performthis comparison, we first combine the terms in U sub

and the terms in C sub

respectively. The combination is done as fo llows: For each termwe sumup the counts of the termin all the pages of

U sub

(or C sub

). After that, we applythe above formula.

3. Finding unex pected pages in C w ith respect to U : The aim of this method is to find the pages in C that are most unexpected with respect to the U site. These pages are often veryinteresting, as theytell the user that the competitor site mayhave some useful pages that the user site does not have.

For this comparison, we first combine all the pages in U to forma single doc ument D u

, and all the pages in C to form another single document D c

. We then compute the unexpectedness value of each term k l

in D c

with respect to D u

, i.e., unexpT l,c,u

. The unexpectedness of a page c i

Î C with respect to U , denoted by unexpP i

, is defined as the amount of termunexpectedness contained in c i

. Let the set of terms in c i be { k

1

, k

2

, �, k m

}. unexpP i

is computed as follows:

It is important to note that it is not satisfactoryto compute termunexpectedness based on individual pages as info rmation on a topic in a Web site can be concentrated in one page, or distributed over a set of pages. It is thus more appropriate to measure the unexpectedness of a termusing aggregate contents of the Web sites, D c

and D u

, for the purpose of finding unexp ected pages 2 .

After all unexpP i

values are computed, we rank C pages according to their unexpP i

values. Using the C and U pages in

Figure 1, we obtain the following ranking:

Rank 1: Cpage 2

Rank 2: Cpage 3

Rank 3: Cpage 1

Cpage 2 is veryunexpected with respect to D u

. Such a page is often veryuseful.

2 We have also studied a fewother formulations for computing unexpP i in this work but with less satisfactoryresults.

m

unexpT unexpP

m r

u c r i

å

= = 1

, , otherwise

tf tf tf

tf expT un r,i j r r,i

j r j i r ï î

ï í

ì

£ -

=

0

1 1

,

,

, ,

Time complex ity: This computation consists of two steps.

The first step combines the terms in all U pages and in all C pages to form D u

and D c

respectively. Let the maximal number of terms in a U page be M u

, and the maximal number of terms in a C page be M c

. Then, the time complexityof the computation is O ( M u

| U |+ M c

| C |). The second step computes all unexpP i

. The time complexityof this computation is O ( M c

| C |). Without considering the final ranking, the computation complexityof the whole operation is O ( M u

| U |+ M c

| C |). Again, we assume that the terms in each page (including D u

) are stored in a hash table.

4. Finding unex pected concepts in a C page w ith respect to a

U page : In manycases, keywords alone maynot reveal some important information of a Web page. A combination of words or concept maybe veryinformative. For example, in a page we find 100 keywords. Within the 100 words we have the words "information" and "extraction". The two words maybe pla ced quite far fromeach other. If we see themseparately among the 98 other words, we maynot notice anything interesting. However, if we know that the two words occur together frequentlyin the page, it reveals something significant, and maybe worth inve stigating.

Definition: A concept is a set of keywords that occur together in the sentences of a page above a certain user - specified minimumsupport (or frequency).

According to this definition, the words sequence in a sentence does not matter. The words also do not have to be next to one another. This definition is reasonable, as we believe it has the advantage of finding more interesting keyword combinations.

For example, "information extraction", "extraction of information" and "information is extracted " basicallyexpress the same concept of "information extraction".

In this work, we make use of an existing algorithmfor association rule mining [1] to discover frequent word combinations in a page. Association rule mining is defined as follows [1]: Let I = { i

1

, �, i n

} be a set of items , and T be a set of transactions (the dataset). Each transaction consists of a subset of items in I . An association rule is an implication of the form X ® Y , where X Ì I , Y Ì I , and X Ç Y = Æ . The rule

X ® Y holds in T with confidence c if c % of transactions in T that support X also support Y . The rule has support s in T if s % of transactions in T contains X È Y . The problemof mining association rules is to generate all association rules in T that have support and confidenc e greater than the user - specified minimumsupport and minimumconfidence.

A typical association rule algorithmworks in two steps: In the first step, it finds all frequent itemsets (a set of items, or a set of terms in our context) fromthe data that satis fythe user - specified minimumsupport requirement. These itemsets are concepts in our application. In the second step, it generates all if - then rules fromfrequent itemsets. We do not need this step, as in our application we are onlyinterested in those fr equently occurring keywords or terms.

We use the well - known Apriori algorithm[1] for association mining to discover all concepts. In our context, keywords in each sentence of a page forma transaction. The set of all sentences in the page gives the datas et. If a keyword occurs

more than once in a sentence, we consider it onlyonce.

After all concepts are discovered, the same comparison as that in method 2 above is performed. Here, we simplytreat each concept as a termor keyword. We can also use concept s

(instead of individual terms) to find unexpected pages in C with respect to U using a similar formulation as in method 3.

It is worth noting that we mine frequent itemsets fromeach page in C (or in U ) separately . We do not concatenate all pages in C (o r U ) into one dataset and mine concepts fromit.

The reason is that each page of a Web site typicallyfocuses on a specific topic. If we mix it with other pages, we maynot be able to find some interesting concepts in a page because of the minimumsupport requirement. For example, a concept may be frequent in one page, but maynot be frequent when it is combined with another page as the minimumsupport is normallyspecified in percentage.

5. Finding unex pected outgoing links: This method finds all outgoing links fromthe C site. This is useful as these links mayindicate some useful resources that are of additional help to their customers. For example, a travel companymayhave links to sites that provide currencyexchange rates, and sites that offer intern ational weather information.

The outgoing links can be collected bythe crawler during crawling (see Section 5). Let the set of outgoing links from U be L u

and the set of outgoing links from C be L c

. The set of unexpected outgoing links in C with respect t o U is L c

˘ L u

, which are the links that occur in C but not in U .

4.2 Incorporating User´s Existing Knowledge

In almost all situations, the user has some existing knowledge about the application domain and its competitors. Our system allows him/her to expres s this knowledge, which is then used in comparison. User´s existing knowledge serves two purposes:

1. It allows the systemto discover trulyunexpected information.

2. It allows the user to check whether his/her expectations are correct. For example, the user m ayexpect that a particular data mining companyprovide clustering tools. However, it mayturn out that the companydoes not have anysuch tools.

In our framework, user´s knowledge is also expressed as keywords, concepts, and hypertext links. Let E be the set of user - specified keywords, concepts and links. E consists of two parts,

E g

, and E s

. E g

contains all the general items (keywords, concepts or links) of the domain that the user knows about and does not want themranked high. E s

contains specific items of the site that the user knows about and does not want themranked high.

Note that the two sets, E g

, and E s

, are quite different. E g

contains those common items of a domain, which the user does not want themranked high. E g

can be reused in comparison w ith anysite of the application domain. For example, in the travel domain,

"departure" and "date" are verycommon. Theyshould not be ranked high in anysituation. Thus, theyshould be put in E g

. In the case of a particular site, the user mayknow some ite ms in it and he/she does not want themranked high. The user can put themin

E s

. For example, if the user knows that a travel companyoffers

"free and easy" tours, he/she can put "free and easy" in E s

in comparing the site. "free and easy" maynot be put i n E g

because not all companies offer such a service, and the user maywant to know those that do and those that do not. E s

is onlyapplicable to the pages of the particular C site.

In computation, items in E are added to the set of items in U .

Keywords in E are used in method 2 and 3, concepts in method 4 and outgoing links in method 5. When a weight is needed for an item, it takes the maximumweight, as we want it to be ranked the lowest and/or to be least significant in comparison. Note that E is not use d in method 1, as we believe that similarities should be computed objectively. E reflects subjective knowledge of the user.

5. SYSTEM ARCHITECTURE

We have implemented a web site comparison systembased on the proposed methods. The systemis called WebCompar e, coded in

Visual C++ under the Window´s environment. It consists of 4 main components (the systemarchitecture is shown in Figure 2):

1. A multi - thread information collector: It crawls a Web site to download all its pages. During the process, it also recor ds those outgoing links. After crawling, a sitemap is built to allow the user to choose pages for comparison.

2. A keyword extractor and an association miner: It extracts keywords froma Web page, and performs the standard operations of eliminating stopwords , and word stemming . We use the Smart system[23] for this purpose. After keywords are extracted froma page, the association miner is executed to find all the concepts fromthe page.

3. A comparison component: It uses the functions discussed in

Section 4 to analyze pages fromthe user site and the competitor site to help the user find various types of unexpected information. (Note that unexpected termand concept finders are combined into one).

4. A user interface: It allows the user to interact with the system .

6. A RUNNING EXAMPLE

We now use a running example to show the working of the system. In this example, we compare two sites, our own DM - II data mining site, http://www.comp.nus.edu.sg/~dm2, and the

SGI´s MineSet data mining site, http://www.sgi.com/software/mineset.

The crawling interface of our systemis shown in Figure 3. The upper part is the starting page of DM - II. Its sitemap is on the right. The lower p art is the corresponding information of MineSet.

We can click on anylink fromthe two sites for comparison. We can also delete irrelevant links so that theywill not appear in the comparison. Throughout the example we use DM - II as the user

(or U ) site and MineSet as the competitor (or C ) site.

To start comparison, we first select sites (or pages) as the user and competitor sites (or pages). After that, we obtain a screen (not shown here) that has all the comparison functions discussed in

Section 4. We can click different buttons for different comparisons. Our systemis also connected to Microsoft Excel for reporting the comparison results.

Let us start to compare the two sites. Note that our existing knowledge about data mining is not used in this example.

· Finding unex pected pages in

C w ith respect to U : Here w e want to find those most unexpected pages in MineSet with respect to DM - II. The resulting ranked pages are given in

Table 1 (onlythe top 15 pages are shown). We can see that these pages are MineSet ´s documentation pages. This is quite interesting to us, as we do not have anyhtml documentations for our system. We plan to add such pages to our site to help our users.

· Finding corresponding C pages of a U page : We now want to focus on a specific topic for detailed analysis. We are interested in technologycomparison of MineSet and DM - II.

Our technologypage is the research project page,

Figure 2: The WebCompare systemarchitecture

Unex pected term& concept finder

The Comparison Component

Unex pected page finder

Corresponding page finder

Unex pected linkfinder

U - Sitemap C - Sitemap

U - Outgoing links

Information collector

Keyw ord ex tractor & association miner

C - Outgoing links

U - Site pages C - Site pages

User interface

The Web http://www.comp.nus.edu.sg/~dm2/research_proj.html. We would like to know where the technologypages of MineSet are. After execution, we obtained the ranked MineSet pages in

Table 2. Again onlythe top 15 pages (their URLs and similarityvalues) are shown.

These top pages indeed describe the MineSet tec hnologies.

Although the MineSet job page (ranked 2) does not specifyits technologies, their personnel needs do reflect their technologies. P ages ranked 1 and 3 clearlydescribe the technologies of MineSet. These pages were all unknown to us before. This s hows our systemis able to allow the user to quicklyfocus on those interesting pages.

· Finding unex pected terms and concepts in a C page w ith respect to a U page: After finding corresponding C pages

(normallya few pages) of a U page, the user typicallyw ants to know what are unexpected terms and concepts so that he/she can decide whether or not to performfurther analysis by browsing the pages. Let us continue with our example. We would like to know what are unexpected terms and concepts in the first page of Table 2, i.e., churn.html, with respect to our research_proj.html page.

The top ranking keywords and concepts found in churn.html are given in Table 3 (onlythe top 15 items) 3 . Since these

3 The keywords here are given in full words rather than their stems, which can be hard to understand in some cases.

terms and concepts do not exist in our page, theyare ranked based on their frequencycounts in churn.html. After scanning through the whole list (including those not shown in Table 3), we found nothing interesting, as we were veryfamiliar with the topic. Hence, we did not need to browse the page.

However, when we compared moreproductdetails.html with our research_proj.html page. We found many unexpected/interesting concepts (see the top ranking 15 keywords and concepts in Table 4). Although we knew that

MineSet had verygood visualization capabilities, voice - annot ation and the splat visualizer and scatter visualizer were quite unexpected to us. This page warranted further analysis.

Fromthe page, we found manyinteresting features and capabilities of MineSet that we were not aware of before.

Note that for concepts , which are frequent itemsets, we only report the longest itemsets, but not their subsets. A longest itemset is defined as a frequent itemset that is not a subset of anyother frequent itemset. A longest itemset is also called a border in association rule mining [4]. Each longest itemset summarizes its subsets. For example, if we have the longest itemset {a, b, c, d}, we will not report anysubset of it, although everysubset of it must be frequent [1, 4]. This reduces the number of concepts, which facilita tes user inspection. We are aware that there are algorithms for finding long itemsets directlyfromthe data [e.g., 4]. We will consider implementing one of themin the future.

Figure 3: The crawler interface of WebCompare

· Finding unex pected outgoing links: We found 31 outgoing

links in MineSet that we were not aware of before. Table 5

lists 15 of them. We have decided to include some of these

links (e.g., 4, 5, 8 and 10) on our own Web site. Although the

old article, jul98_50.htm, is no longer there, the site

http://www.dmreview.comstill contains a lot of u seful data mining related information. Site 7 is also interesting as it has

all the standard benchmark data sets for classification

research. Although we knew this site before, we did not point

to it. We actuallyused manyof the data sets there to compare

the accuracyof our systemwith some existing systems. Thus,

we should point to this site.

Table 1: The most unexpected C pages

Table 2: P ages that are simil ar to our research_proj.html

Table 3: Unexpected keywords and concepts Table 4: Unexpected keywords and concepts

in churn.html in moreproductdetails.html

U R Ls U ne xpP i

1 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-1 5.htm l 0.734

2 http:/ /www .s gi.c om /s of twar e/m inese t/docs /tut/M ineS e tN T _T -1.htm l 0.731

3 http:/ /www .s gi.c om /s of twar e/m inese t/docs /r ef /M in eS et_R ef - 9.htm l 0.726

4 http:/ /www .s gi.c om /s of twar e/m inese t/docs /tut/M ineS e tN T _T -7.htm l 0.723

5 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-9 .htm l 0.712

6 http:/ /www .s gi.c om /s of twar e/m inese t/docs /r ef /M in eS et_R ef - 7.htm l 0.709

7 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-8 .htm l 0.695

8 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-9 .htm l 0.687

9 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-1 .htm l 0.683

10 http:/ /www .s gi.c om /s of twar e/m inese t/docs /r ef /M in eS et_R ef - 1.htm l 0.665

11 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-1 1.htm l 0.656

12 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-1 0.htm l 0.643

13 http:/ /www .s gi.c om /s of twar e/m inese t/docs /r ef /M in eS et_R ef - 10.htm l 0.623

14 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-1 6.htm l 0.621

15 http:/ /www .s gi.c om /s of twar e/m inese t/docs /int/M ineS et_Int er-1 7.htm l 0.612

U R L s S im . V a lu e

1 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /t e c h _ in f o /c h u r n . h t m l 0 .1 9 0 5

2 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /j o b s . h t m l 0 .1 8 6 1

3 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /m o r e p r o d u c td e ta ils .h tm l 0 .1 6 0 8

4 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /d o c s /tu t /M in e S e t N T _ T - 4 . h t m l 0 .1 5 9 3

5 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /o v e r v ie w .h t m l 0 .1 5 5 1

6 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /d o c s /tu t /M in e S e t N T _ T - 3 . h t m l 0 .1 5 0 9

7 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /d m s . h tm l 0 .1 4 5 3

8 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /s u c c e s s .h tm l 0 .1 4 3 4

9 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /d o c s /tu t /M in e S e t N T _ T - 6 . h t m l 0 .1 3 8 8

1 0 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /t r a in in g _ f a q .h t m l# c o m m e n t s 0 .1 3 6 0

1 1 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /t r a in in g _ f a q .h t m l 0 .1 3 6 0

1 2 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /d o c s /r e f / M in e S e t_ R e f - 4 . h tm l 0 .1 3 5 2

1 3 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /m in e s e t _ d a t a .h t m l 0 .1 3 0 6

1 4 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /t e c h _ in f o /b illin g .h t m l 0 .1 3 0 1

1 5 h tt p :/ /w w w . s g i. c o m /s o f tw a r e /m in e s e t /d o c s /r e f / M in e S e t_ R e f - 9 . h tm l 0 .1 2 4 9

Keywords No. Concepts No.

1 customer 60 customerchurn 6

2 churn 56 customerprofile 6

3 management 34 telecommunicationcompany 6

4 warehouse 29 highperformance 5

5 analyst 25 referentialintegrity 4

6 information 23 segmentcostomerbase 4

7 technology 22 churnmodel 3

8 visualizer 19 consistentformat 3

9 relate 18 costeffectively 3

10 telecommunication 15 effectivechurnmanagement 3

11 understand 12 hiddenpatterntrend 3

12 time 11 highvaluecustomer 3

13 large 10 hundredmillion 3

14 profile 10 largevolume 3

15 trend 10 longdistance 3

Keywords No. Concepts No.

1 visualizer 66 click voiceannotated 4

2 tree 22 optiontree 4

3 map 21 piechart 4

4 animate 19 sizecolor 4

5 display 16 visualizer movie 4

6 dimension 15 visualtool 4

7 bar 14 bar chart 3

8 color 14 heightcolor 3

9 evidence 13 peopleearn 3

10 relate 13 recordview 3

11 analysis 12 splatvisualizer scatter 3

12 show 12 unitedstates 3

13 information 11 addtoolanalysis 2

14 pointing 11 animationcontrolpanelshow 2

15 variable 11 animationcontrolpaneltracce 2

7. EVALUATION

Since the proposed technique deals with subjective interestingness

of information, it is difficult to have an objective mea s ure of its

performance. There is also no existing systemthat is able to

performour task. Thus, we could not do a comparison. We have

carried out a number of experiments involving domain users to

check whether the systemis useful in prac tice. In this section, we

first discuss our application experiences and then report

experiment results on the time efficiencyof the system.

7.1 Application Experiences

Our users are fromthree different organizations: a travel

company, a private educati onal institution, and a diving company.

Each of themcompared their companysite with a competitor site.

Before using our system, our users all knew something about their

competitors, and had browsed their competitor´s Web pages

before. Interestingly, our systemhelped themfind a lot of

information that theydid not find previously. The main reason is

that their competitors´ sites all have a large number of pages. For

example, the competitor´s site of the travel companyhas more

than 250 pages. Our user d id not go through manyof thembefore.

Our systemhelped himfind manypreviouslyundiscovered

interesting pages. Manyof these pages describe some tourist

attractions in a number of countries that he had never heard of

(mainlyin those newlyopened - up cou ntries). The systemalso

helped himfind some previouslyunknown educational travel

destinations. Manyinteresting (unexpected) links to tourist

information services, entertainment companies and small hotels at

different destinations were uncovered. The us er was also a little

surprised to find that their competitor guides their customers to

some medical care groups in a number of small destinations. This

information is of immediatelyuse to the user company. In the

cases of education and diving applications , manypieces of

unexpected information were also discovered.

Our systemhelped the users perform much better analysis due to

the following reasons:

· It allowed themto quicklyfocus on those potentially

interesting pages, terms and concepts. Without the system, it

was verytedious to browse through manypages to fish for

something interesting.

· Due to the difficulties of manual analysis, the users often gave

up after browsing some top - level pages. Theymainlyused

anchor texts as a guide to decide whethe r to visit deeper

pages. This heuristic frequentlyresults in manyinteresting

pages not visited. Our systemwas able to help themperforma

more complete analysis of a site.

· If a page is long, the users often do not read it carefully, and

thus maymiss s ome useful information. Our system

summarizes each page with keywords and concepts, which is

much smaller in number and thus easier to inspect manually.

· Our systemis able to attract the users as it always provides

something unexpected, which can be quite tempting, i.e.,

people are always curious about unexpected things.

7.2 Efficiency

If we assume that the length (i.e., the number of keywords) of a

Web page is constant, all our algorithms are essentiallylinear in

the number of pages involved. It is reas onable to assume the

length of a Web page as constant because the average length of a

page does not varya great deal fromone site to another.

We have performed manyexperiments using a number of Web

sites. All the experiments were run on a P entiumII 35 0 P C with

64MB of memory. Table 6 shows the running times for computing

different values using 5 Web sites. The time for association

mining in each page is given in the final column. Note that

association mining is onlyperformed once for each page at the

beginning. The results are used in each subsequent comparison.

Since the time complexities of all algorithms are basicallylinear

in the number of pages, Table 6 gives the average running time (in

sec.) per page for computing different values. Column 1 lis ts the

URLs used as the C sites. The U site is our DM - II site. The

number next to each URL is the number of pages fromthe site

(dead links are not counted) used in our experiments. Column 2

gives the average execution time per C page in computing cosine

s imilaritymeasures for finding corresponding C pages of a U

page. Column 3 gives the average time for computing unexpT

r,i,j

for a U page and a C page (both keywords and concepts

comparisons are done at the same time). Column 4 gives the

average time for co mputing unexpP

i per page. The final column

gives the average execution time for mining concepts per page

Table 5: Unknown links to outside

1 h t t p : / / w w w . c u t t e r . c o m / c o p yr i g h . h t m

2 h t t p : / / w w w . c u t t e r . c o m / d m s / in d e x . h t m l

3 h t t p : / / w w w . d a t a - m in e r s . c o m /

4 h t t p : / / w w w . d m r e v i e w . c o m / is s u e s / 1 9 9 8 / j u l/ a r t ic l e s / j u l9 8 _ 5 0 . h t m

5 h t t p : / / w w w . d m r e v i e w . c o m / m a s t e r . c f m ? N a v I D = 7 1 & E d I D = 5 6 8

6 h t t p : / / w w w . h u m m in g b i r d . c o m

7 h t t p : / / w w w . ic s . u c i. e d u / ~ m l e a r n / M L R e p o s i t o r y. h tm l

8 h t t p : / / w w w . in f o r m a t io n w e e k . c o m / 7 5 3 / d a t a m in e . h t m

9 h t t p : / / w w w . p k w a r e . c o m / s h a r e w a r e / p k z ip _ w in . h t m l

1 0 h t t p : / / w w w . s t a t t r a n s f e r . c o m /

1 1 h t t p : / / w w w . t w o c r o w s . c o m

1 2 h t t p : / / w w w . t e c h w e b . c o m / s e / d i r e c t l in k . c g i ? I W K 1 9 9 8 0 8 1 0 S 0 0 3 8

1 3 h t t p : / / w w w . v i m . o r g /d i s t . h t m l

1 4 h t t p : / / w w w . zd n e t . c o m / p c w e e k / s t o r i e s / n e w s / 0

1 5 h t t p : / / w w w 1 . f a tb r a in . c o m / a s p / b o o k in f o / b o o k in f o . a s p ? t h e is b n = D M 1 0 0 0 1 8 0 1 using association mining. Here, the minimumsupport is set to 1%.

Since a small page mayhave fewer than 100 sentences, then any

keyword combination wi ll forma frequent itemset. Hence, we also

use a minimumcount threshold. In our experiment we set it to 2,

i.e., anyfrequent itemset must appear in a page at least two times.

Note that we have also experimented with other sites as U sites.

The average ex ecution times per page are roughlythe same.

FromTable 6, we observe that all the computations can be done

veryefficiently. The systemcan easilyhandle a large number of

pages in a short time. The time for crawling is not reported (which

is done onlyonce), as its efficiencydepends on a number of

factors, which are well understood. For keyword extraction, we

used the Smart system[23]. Outgoing links of each site are

recorded during crawling. Comparing the outgoing lists of two

sites is straightforward and fast.

8. CONLUSION

In this paper, we argued that onlyfinding information that

matches the user´s specifications is insufficient for Web

information discovery. In manyapplications, finding information

that the user has no idea of is also of great importance. This paper

proposed a number of methods to help the user find unexpected

information fromhis/her competitors´ Web sites. Experiment

results and real - life applications show that the proposed

techniques are very useful in practice and efficient.

In our future work, we will studythe use of metadata and

ontologyto provide more information related to keywords to

create a more intelligent system. We will also studyhow links can

be used to infer more unexpected inf ormation. This research may

be extended as a methodologyfor monitoring a competitor´s Web

site. In this context, we can treat the old web pages of the site as

the existing knowledge. Anyunexpected changes to the old pages

bythe competitor will be report ed to the user.

9. REFERENCES

[1] R. Agrawal and R. Srikant. Fast algorithms for mining

association rules. VLDB - 94, 1994.

[2] N. Ashish and C. Knoblock. Wrapper generation for semi -

structured internet sources . SIGMOD Record , 26(4), 1997.

[3] R. Baeza - Yayes, and B. Ribe iro - Neto. Modern Information

Retrieval . Addison Wesley, 1999.

[4] R. Bayardo. Efficientlymining long patterns from

databases. SIGMOD - 98, 1998.

[5] S. Brin, and L. P age. The anatomyof a large scale

hypertextual Web search engine. WWW7, 1998.

[6] S. Ceri, S. Comai, E. Damiani, P . Fraternali, and L. Tanca.

Complex Queries in XML - GL . SAC (2) 2000: 888 - 893

[7] S. Chakrabarti, M. van den Berg, and B. Dom. Focused

crawling: a new approach to topic - specific Web resource discovery . WWW8, 1999.

[8] W. Cohen. Integration of heterogen eous databases without

common domains using queries based on textual similarity.

SIGMOD - 98 , 1998.

[9] M. Craven, D. DiP asquo. D. Freitag, A. McCallum, T.

Mitchell, K. Nigamand S. Slattery. Learning to construct

knowledge bases fromthe World Wide Web . Artific ial

Intelligence, 118(1 - 2), 2000.

[10] J. Dean and M. R. Henzinger. Finding related pages in the

World Wide Web. WWW8, 1999.

[11] Dulin Core Home P age, http://purl.org/DC.

[12] D. Florescu, A. Levy, A. Mendelzon. Database techniques

for the World - Wide Web: a survey . SIG MOD Record

27(3): 59 - 74 (1998).

[13] R. Feldman, Y. Liberzon, B. Rosenfeld, J. Schler and J.

Stoppi. A framework for specifying explicit bias for

revision of approximate information extraction rules . KDD -

2000, 2000.

[14] D. Gibson, J. Kleinberg, P . Raghavan. Infer ring web

communities fromlink topology. P roc. 9th ACM

Conference on Hypertext and Hypermedia, 1998.

[15] T. Guan and K. F. Wong. KP S - a Web information mining

algorithm . WWW8, 1999.

[16] J. Kleinberg. Authoritative sources in a hyperlinked

environment. ACM - SIAM S ymposiumon Discrete

Algorithms , 1998.

[17] B. Liu, and W. Hsu. P ost - analysis of learnt rules. AAAI - 96.

[18] B. Liu, W. Hsu, and S. Chen. Using general impressions to

analyze discovered classification rules. KDD - 97 , 1997.

[19] A. Mendelzon, G. Mihaila, T. Milo. Queryin g the World

Wide Web, Journal of Digital Libraries 1(1): 68 - 88, 1997.

[20] B. P admanabhan, and A. Tuzhilin. Small is beautiful:

Discovering the minimal set of unexpected patterns . KDD -

2000, 2000.

[21] G. P iatesky - Shapiro & C. Matheus. The interes t ingness of

deviati ons. KDD - 94, 1994.

[22] Resource Description Framework (RDF) Schema

Specification, W3C proposed recommendation. 22 Feb,

1999. http://www.w3.org/TR/P R - rdf - schema/

[23] G. Salton and M. J. McGill. Introduction to Modern

Information Retrieval . McGraw - Hill, 1983.

[24] G. Sa lton and C. Buckley. Term - weight approaches in

automatic retrieval . Information P rocessing and

Management, 24(5):513 - 523, 1988.

[25] A. Silberschatz, and A. Tuzhilin, What makes pa t terns

interesting in knowledge discoverysystems. IEEE Trans. on

Know. and Data Eng., 8(6), 1996.

[26] G. Underwood, P . Maglio and R. Barrett. User - centered

push for timelyinformation delivery . WWW7, 1998.

Table 6. Execution times

s im . u n e x p T r ,i ,j u n e x p P i a s s o c . m i n in g

1 h t t p : // w w w . b l u e m a r t in i. c o m / ( 1 4 3 ) 0 . 0 1 2 8 0 . 0 1 5 6 0 . 0 2 3 2 0 . 0 3 7 9

2 h t t p : // w w w . d a ta m i n in g . c o m / ( 2 1 ) 0 . 0 1 3 4 0 . 0 1 8 9 0 . 0 2 1 3 0 . 0 1 8 2

3 h t t p : // w w w . m in e it .c o m / ( 6 6 ) 0 . 0 1 1 3 0 . 0 1 7 7 0 . 0 1 9 8 0 . 0 2 0 6

4 h t t p : // w w w . s g i .c o m / s o f tw a r e / m in e s e t / ( 1 2 7 ) 0 . 0 0 9 7 0 . 0 2 0 1 0 . 0 2 2 4 0 . 0 1 1 5

5 h t t p : // w w w . s p s s . c o m /c l e m e n t in e / ( 4 6 ) 0 . 0 1 4 3 0 . 0 1 5 3 0 . 0 1 8 8 0 . 0 1 0 5