SIGKDD Explorations

. Copyright

ã 2000 ACM SIGKDD, July 2000. Volume 2, Issue 1 ˘ page 1

Web for Data Mining: Organizing and Interpreting the

Discovered Rules Using the Web

YimingMa

SchoolofComputing

NationalUniversityofSingapore

3ScienceDrive2,Singapore117543

maym@comp.nus.edu.sg

BingLiu

SchoolofComputing

NationalUniversityofSingapore

3ScienceDrive2,Singapore117543

liub@comp.nus.edu.sg

Ching KianWong

SchoolofComputing

NationalUniversityofSingapore

3ScienceDrive2,Singapore117543

wongck@comp.nus.edu.sg

ABSTRACT

The web not onlycontains a vast amount of useful information,

but also provides a powerful infrastructure for communication and

information sharing. In this paper, we present a system(called

DS-Web) that uses the web to help data mining. Specifically, we

use the web to facilitate delivering and interpreting the discovered

rules. Interpreting the discovered rules to gain a good

understanding of the domain is an important phase of data mining.

It is also a verydifficult task because the number of rules involved

is often verylarge. This problemhas been regarded as a major

obstacle to the use of data mining results. DS-WEB assists the

user in understanding a set of discovered rules in two steps. First,

it finds a special subset (or a summary) of the rules that represents

the essential relationships of the domain to build a hierarchical

structure of the rules. It then publishes this hierarchyof rules via

multiple web pages connected using hyperlinks. Byusing the

web, we inherit the advantages of the web, e.g., accessibility,

multi-user communication and friendlyinterface. DS-WEB not

onlyallows the user to browse the rules easily, but also allows us

to create a virtual workspace where multiple users can share

opinions on the rules. This ultimatelycontributes towards

comprehension of the domain. Our application experiences show

that DS-WEB is much more powerful than a conventional system.

Keywords

Rule understanding, the Web, post-processing, interestingness ,

association rules.

1. INTRODUCTION

Interpreting the discovered rules to gain a good understanding of

the domain is one of the important phases of the KDD process. It

usuallyrequires the user to browse a large set of discovered rules.

Typical techniques (commonlycalled post-processing techniques)

that assist the user in the process include templates [9],

expectations [11, 21], summarization [13], and visualization [20].

In this paper, we focus on using the web to help the user to

interpret a set of association rules. Finding interesting/useful

knowledge froma set of association rules is a particularlyhard

problemas the number of rules is usuallyverylarge. This is

because association rule mining aims to discover all rules that

exist in the data. Furthermore, there is no logical ordering of the

rules other than a ranking based on the confidence or the support

level of the rules. Using confidence and support might not be a

good wayof organizing the set of rules, as theyare not directly related to how interesting a rule is to the user. It is , however, very

important to interpret and to understand the large set of rules

since it contains the complete knowledge of the domain [1, 2].

One wayof overcoming the problemis to employsome formof

summarization so that onlythe essential subset of the rules are

presented to the user at the beginning. Several research efforts

have been focused on trying to find a summarized subset of the

rules. In [13], the authors proposed a novel method to summarize

the complete set of rules to onlythe essential relationships in the

domain. The rules in this subset are called direction-setting rules

(DS rules). In this paper, we propose to use DS rules to organize

the discovered rules into a hierarchical structure to facilitate

browsing. At the top of the hierarchyare the DS rules with

bottomlevels made up of following non-DS rules. Non-DS rules

provide additional details of the domain. This technique will be

discussed in section 3.

In recent years, the Internet has become the single most important

mediumfor communication and information sharing. Among all

its applications, the world-wide-web is the most popular. The web

owes its popularityto its accessibilityand also its intuitive

interface. We can easilyinherit some of the web´s advantages if

we can deliver our rules for post-analysis via the web.

1) Contents published on the web can be accessed fromany

computer in the world. This eliminates the need for a distant

partyto re-execute the mining systemin order to get access

to the same rules.

2) The web offers a familiar interface environment to browse

the discovered rules. This vastlyreduces anylearning curve

that might otherwise be required for other formats like

graphs or maps of a conventional interface.

Rules can be easilypublished as web pages since rules, in its

natural form, are alreadysentence-like. Our proposed hierarchical

structure can be implemented byutilizing hypertext links to

simulate the next level of rules. Users can start fromthe top level

DS rules and then interactivelydrill down to access the non-DS

rules. This aids the analysis and interpretation process.

Besides offering a web interface for easybrowsing of the rules,

the Internet also provides a basic infrastructure for co-operative

work to be performed through its interconnected network. Users

can individuallybrowse, evaluate and comprehend the rules while

browsing the web pages and at the same time choose to share

whatever comments, insights or ideas about the rules with others.

This creates a virtual multi-user workspace. It is both logical and

realistic to have multiple users to analyze the complete set of

rules because

SIGKDD Explorations

. Copyright ã 2000 ACM SIGKDD, July 2000. Volume 2, Issue 1 ˘ page 2

(1) manyusers maybe interested in the same set of rules (each

maybe interested in a different subset), and

(2) the size of the rule set could overwhelma single user, and

(3) bycombining the expertise of different users, we could

eliminate anybias a single user might have towards certain

domain knowledge.

In this paper, we present our web-based post-processing

framework and the DS-WEB systemthat implements the

framework. The paper is organized as follows: Section 2

discusses the related work. Section 3 describes the direction

setting rules used in building our hierarchical structure. Section 4

presents the proposed framework and the DS-WEB system.

Section 5 gives an account of our application experiences.

Section 6 concludes the paper.

2. RELATED WORK

Several commercial products offer the capabilityof performing

post-processing of discovered association rules. Association rule

miners in, e.g. SGI MineSet [20], IBM Intelligent Miner [8],

Clementine [5], DBMiner [6] etc., present discovered association

rules either in a graphical or text form. Typically, the association

rules are ranked bytheir confidence and support levels. This

usuallyled the user to focus onlyon the high confidence and high

support rules. However, high confidence or support level maynot

implyhigh importance or interestingness of a rule. We feel that

this simple strategydoes not fullyexplore the potentials of the

discovered association rules. Users should be allowed to browse

and to analyze the rules more comprehensivelywithout being

overwhelmed bytoo manyrules. Our framework proposes to use

direction-setting rules to summarize the discovered rules and then

use themto create a logical hierarchical structure so that users can

interactivelydrill down to an interesting aspect.

There are a number of reported research works on the topic of

finding interesting association rules in the KDD literature [e.g.,

21, 11, 12, 13, 14, 17]. The focus is to use some interestingness

measures to prune the discovered associations and/or to use the

user´s domain knowledge to help him/her to identifyinteresting

rules. We can easilyadapt these algorithms into our proposed

framework. Since this paper mainlyfocuses on how to use the

web to deliver the discovered rules and to help the user identify

interesting rules, we will not discuss these works further.

Interested readers, please refer to [e.g., 21, 11, 12, 13, 14, 17].

DS-WEB basicallyuses the summarization technique in [13] to

organize the discovered rules. It then employs the web to believer

this organization for user browsing and understanding.

Manyexisting systems have adopted a visual approach to

analyzing discovered knowledge, most notably, the MineSet

systemfromSGI [20]. In MineSet, an innovative method is used

to offer a visual tour of a wide varietyof concept descriptions

(e.g. decision trees, decision tables, regression trees, scatter

graphs, etc). Users can interact with these visual models to

incrementallyextract interesting knowledge. Our work promotes

a similar idea of allowing users to interact directlywith the

concept description for incremental understanding. However, we

also activelyhelp the user bydoing post-processing, i.e.

summarization and organization. In addition, our framework

builds an infrastructure to allow for collaborative work between

users via the web.

There are also a number of vendors that offer web-based analysis

tools. JWAVE [22] fromVisual Numerics is a web-based

software that can be used to produce visuallycomprehensive

models of a company´s data. It differs fromour work in that it

analyses attributes but not concept descriptions discovered froma

mining process. WebSemba [3] fromASOC also utilizes the web

as an infrastructure for delivering derived knowledge. However, it

focuses on utilizing the knowledge and not on performing post-

processing in order for the user to understand the domain.

3. SUMMARIZING THE DISCOVERED

ASSOCIATIONS

In this section, w e present a systematic wayof summarizing the

discovered associations. The technique summarizes the

associations to a small set of direction setting rules (DS rules).

The DS rules give the essential behavior of the discovered

associations. In other word, theyrepresent the essential

relationships or structure of the domain. The non-DS rules simply

give additional details. Using the DS rules as a summary, the user

can interactivelyfocus on the keyaspects of the domain and

selectivelyview the relevant details (non-DS rules) .

3.1 General ideas

In this work, we focus on association rule mining froma relational

table, which consists of a set of records described bya number of

attributes. An itemis an attribute value pair, i.e., (attribute =

value) (numeric attributes are discretized). Association rule

mining in such data is typicallytargeted at a specific attribute

because the user normallywants to know how other attributes are

related to this target attribute (which can have manyvalues) [12,

4]. With a target attribute, we can express an itemset as follows

(instead of a set of items as in [1, 2]):

X ® y

where y is an item(or a value) of the target attribute, and X is a set

of items fromthe rest of the attributes. For simplicity, we call this

itemset a rule hereafter, regardless of whether it is significant or

not. We also saya rule is large if it meets the minimumsupport.

The proposed technique first prunes the discovered associations to

remove those insignificant ones, and then finds a special subset of

the unpruned associations to forma summaryof the discovered

associations. In the following subsection, we use an example to

brieflyintroduce how we summarize the set of unpruned

associations. The detailed descriptions of the technique and also

how pruning is performed can be found in [13].

3.2 Summarizing the unpruned rules

P runing can reduce the number of rules substantially. However,

the number of rules left can still be verylarge. We then find a

subset of the rules, called direction-setting rules (or DS rules), to

summarize the unpruned rules. Essentially, DS rules are

significant association rules that set the directions for non-DS

rules to follow. The direction of a rule is the type of correlation it

has, i.e., positive correlation or negative correlation or

independence , which is computed using c 2 test (see [13]). Let us

see an example.

SIGKDD Explorations

. Copyright ã 2000 ACM SIGKDD, July 2000. Volume 2, Issue 1 ˘ page 3

Ex ample: We have the following discovered rules:

R1: Job = yes ® Loan = approved

[ sup = 40%, conf = 70%]

R2: Own_house = yes ® Loan = approved

[ sup = 30%, conf = 75%]

c 2 analysis shows that having a job is positivelycorrelated to the

grant of a loan, and owning a house is also positivelycorrelated to

obtaining a loan. Then, the following association is not so

surprising to us:

R3: Job = yes and Own_house = yes ® Loan = approved

[ sup = 20%, conf = 90%]

because it intuitivelyfollows R1 and R2. We can use R1 and R2

to provide a summaryof the three rules. R1 and R2 are DS rules

as theyset the direction (positive correlation) that is followed by

R3. In real-life data sets, a large number of associations are like

R3.

Fromthe example, we see that the DS rules give the essential

relationships of the domain. The non-DS rule is not surprising if

we alreadyknow the DS rules. However, this, byno means, says

that non-DS rules are not interesting. Non-DS rules can provide

further details about the domain. For example, the non-DS rule

above (R3) gives a higher confidence, which maybe of interest to

the user. Using DS rules to forma summaryis analogous to

summarization of a text article. Fromthe summary, we know the

essence of the article. If we are interested in the details of a

particular aspect, the summarycan point us to themin the article.

In the same way, the DS rules give the essence of the domain and

points the user to those related non-DS rules. Non-DS rules are

combinations of DS rules. In the above example, R3 is a

combination of R1 and R2.

Experiment results, including real-life applications, show that

although the number of discovered rules can be huge, the number

of DS rules is verysmall [13]. Theycan be analyzed manuallyby

the human user to obtain the essential relationships in the data.

He/she can then focus his/her attention on those interesting

aspects of the relationships, and to see the relevant non-DS rules.

The user can now obtain a complete picture of the domain without

being overwhelmed bya huge number of rules.

4. DS-WEB

In this section, we present the web part of DS-WEB. The

framework exploits the web-based client/server architecture. It

basicallyconsists of a set of dynamicallygenerated web pages that

describe the discovered knowledge. These pages can be mounted,

through a web server, onto either the Internet or a corporate

intranet to enable sharing and collaboration between users. In the

rest of this section, we introduce our server programin the sub-

section 4.1, and client programin the sub-section 4.2.

4.1 Server program

Our server-client architecture is given in Figure 1. There are two

servers in the diagram:

1) Application Server: Responsible for organizing the mining

results and the user information.

2) WEB server: Responsible for presenting the mining results to

different groups of users.

(Figure 1. High-level view of DS-WEB)

4.1.1 Application server

Application server mainlyorganizes the following three types of

information:

1) User information: Different users have different access rights

to the mining results. On the server, we define the task

groups, and store themin a user information database.

2) DS rules and non-DS rules (mining results): Based on the

task groups, the server further filters the rules, and set up task

group folders (a virtual folder to dynamicallyprovide the

relevant DS, non-DS rules to different task groups).

3) User feedback information: A user in a task group can write

his/her comments on the rules and also rate the rules. These

are kept in a database, and organized bythe server.

4.1.2 Web server

The group folder basicallystores a set of rule indexes to the rule

databases. Based on the requests fromdifferent task groups, Web

server dynamicallyretrieves the relevant rules fromthe respective

task group folder and presents themas a set of HTML pages to the

users.

4.1.3 Implementation details

We implemented our server control programs on the Windows NT

server platform. SQL server controls the rule, feedback and user

databases. SQL server makes the concurrent rule access possible

for the multiple users environment. The Internet Information

Server (IIS) publishes the Active Server P age (ASP ) to the

SIGKDD Explorations

. Copyright ã 2000 ACM SIGKDD, July 2000. Volume 2, Issue 1 ˘ page 4 respective users. DB-WEB uses the following database tables:

1) Application table: It keeps all the ongoing applications. It

has three attributes:

· Application ID: It is the primarykey.

· Application name

· Application start time

2) Rule set table: It keeps all the rules (DS, and non-DS). It has

five attributes:

· Rule ID: it is the primarykeyfor other tables to refer

· Application ID: it keeps track of different applications.

· Bit flag: it is used to differentiate the DS and non-DS

rules. We index this attribute to achieve fast DS and

non-DS rules access.

· Support and confidence: it records down the support

and confidence measures.

3) DS and non-DS dependencytable: It keeps relations among

DS and non-DS rules. It has two attributes:

· DS rule ID: foreign keyto the Rule set table

· Non-DS rule ID: foreign keyto the Rule set table. It is a

follower of the DS rule

4) Attribute table: It keeps all the attribute information, and user

access privileges. It has three attributes:

· Attribute ID: it is the primarykey.

· Application ID: it is a foreign keyof the application

table. It shows this attribute belongs to which

application.

· Attribute name

· User access string: it links to the User Group and User

tables to check who has access to this attribute.

5) Attribute value table: It keeps all the attribute value

information. It has four attributes

· Attribute value ID: it is the primarykey.

· Attribute value name

· Attribute ID: it is the foreign keyto the Attribute table.

· Frequency: it records the number of appearances of each

attribute value.

6) User Group Information table: It keeps all the group

information. It has three attributes:

· Group ID: it is the primarykey.

· Group name

· Application access string: it is used to check the

applications that this group is working on.

7) User Information table: It keeps all the user information. It

has two attributes:

· User ID: it is the primarykey.

· User Group String: it marks which group the user

(Figure 2. Attribute distribution page)

SIGKDD Explorations

. Copyright ã 2000 ACM SIGKDD, July 2000. Volume 2, Issue 1 ˘ page 5 belongs to, and also the position in the group.

8) Comments table: It keeps all the comments fromusers. It has

three attributes:

· Comments ID: it is a primarykey.

· User ID

· Rule ID: it is a foreign keyto the Rule set table. We

index on this field to speed up queryprocessing.

· Update Time

· Ratings

· Comments String

With this set of database tables, we can dynamicallymanage the

mining results in a multi-user environment. In the rest of this

section, we discuss DS-WEB froma user´s (client) point of view.

4.2. Client program

Once the client programconnects to the server, all the accessible

task group folders are shown to the users based on the Application

table (see section 4.1.3). Users can open these task group folders,

and retrieve the relevant rules fromeach folder. Based on the DS-

rules and non-DS rules on the WEB server, we present a set of

web pages to users. In the following sub-sections, we introduce

the process for a systematic analysis and understanding of the

association rule space.

4.2.1 Browsing the attribute distribution

Attribute distribution information can be veryuseful to the users.

Fromthis information, the user is able to get a basic feel of the

data. All our real-life applications showed that users would like to

understand the attribute distribution before other mining results

are presented.

Therefore, the first web page presented to the user is the attribute

distribution information of the database. We dynamicallypull out

the relevant attribute information fromthe Attribute and Attribute

value tables (see section 4.1.3). Simple graph plots are provided

to help users understand the attribute distributions. The user also

can export the information to other statistical packages.

More importantly, this page provides a starting point to the DS-

rules. After analyzing the attribute distributions, the user can

directlygo to the DS rules, and start to explore the relevant

knowledge. All the DS-rules are indexed. The set of DS-rule links

are properlyplaced under relevant attribute-value pairs or

conditions (Figure 2, previous page) (the sample used in this

section is taken from German Credit dataset [15]).

4.2.2 Exploring a DS-rule and its non-DS

rules

To help users understand a rule (DS or non-DS) , we present our

rules in two forms, one for expert users and the other for novice

users. The expert rule format (Figure 3) presents a rule in a

conjunctive form. The advantage of this format is that expert users

can view the relevant information quickly. In Figure 3, the first

number within the brackets is the support, the second is the

confidence, the third is the support count of the conditions and the

fourth is the support count of the conditions and the consequent.

However, a novice user might encounter problems in

understanding the rule in this form. To overcome this, we offer a

novice format, which is presented in a more understandable form

(Figure 4). Bymaking use of the support and confidence

information fromthe rule, we rewrite the rule, and add in some

qualitative measures (i.e. Large portion of data, High confidence

etc., which are suggested bydomain experts).

As we mentioned earlier, non-DS rules are the followers of the DS

rules with more conditions and higher confidences. Some of the

high confidence non-DS rules could also be important for

understanding the domain. We use the HTML page (Figure 5,

next page) to explore the non-DS rules. This information can be

obtained byjoining DS rules ID with DS and Non-DS

dependencytable.

In column 1 of the sample HTML page of Figure 5, we present the

DS rules in the expert format (Figure 3). The user can directly

jump to the relevant non-DS rules fromthe non-DS rule

hyperlinks. He/she can also switch to the novice rule format

(Figure 4) byfollowing the Explanation hyperlink. At the bottom

of each DS rule, we provide the overall user belief rating of the

rule. This rating gives the user some ideas of how believable this

rule is to other users in the same task group. A user can see the

detailed ratings and give his/her own views of the rule byclicking

the Rate/Comment it button, which leads to Figure 6 (see the next

sub-section).

Fromour application experiences, the users typicallywould like

to focus on a few important attributes in exploring the non-DS

rules. Hence, in column 2 of Figure 5, we present the additional

conditions (attribute value pairs) that non-DS rules have. They

give a rough knowledge of what conditions are involved in the

non-DS rules. The user can easilychoose the interesting

conditions to start off.

Column 3 (Figure 5) contains a hyperlink to the set of all such

non-DS rules. We also let the user know how manysuch non-DS

rules there are in total and give the highest confidence, and

support level in of the non-DS rules. Byviewing the highest

confidence and support information, users will have some ideas

on the qualityof the non-DS rules involved.

It is also interesting to understand the relationship between DS

rules. In our system, we group the similar DS rules together. By

carefullycomparing and contrasting the DS-rules, we could

provide the user more useful information.

On top of these features, we also have rule search utilities to help

the user search for the relevant rules that match certain criteria.

(Figure 3. Rule format

for expert)

(Figure 4. Rule format for

novice)

Þ

Housing = own

Employment = over-

seven-years