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Multi-Database Mining

Shichao Zhan$?, Xindong Wit and Chenggi Zhary

Abstract— M ulti-database miningisan important research area  each other. However, reality is much more inconsistent, and
because (1) thereisan urgent need for analyzing data in different  jnconsistency must be resolved before a mining algorithm can

sources, (2) there are essential differences between mono- and g gpplied. These observations generate a crucial requirement:
multi-database mining, and (3) there are limitations in existing .
data preparation.

multi-database mining efforts. This paper designs a new multi- . - .
database mining process. Some research issues involving mining The second fundamental problem is efficient algorithms for

multi-databases, including database clustering and local pattern identifying potentially useful patterns in multi-databases. Over
analysis, are discussed. the years, there has been a lot of work in distributed data
mining. However, traditional multi-database mining still uti-
|. INTRODUCTION lizes mono-database mining techniques. That is, all the data
from relevant data sources is pooled to amass a huge dataset

HE increasing use of multi-database technology, sugf, yiscovery. This can destroy useful patterns. For example, a

as computer communication networks and distributefl,yer |ike “80% of the 15 supermarket branches reported that
federated and homogeneous multi-database systems, hasyled ¢5jes increased 9% when bread and milk were frequently

to the development of many multi-database systems for reﬁll]rchased” can often assist in decision-making at a central

world appli_cations. For_decision—making,_lar_ge organizatio%mpany level. However, mono-database mining techniques
need to mine the multiple databases distributed throughgiit, " miss such a pattern in the centralized database. On the
their branches. In particular, as the Web is rapidly becoming gy o, hand, using our local pattern analysis, there can be huge

information flood, individuals and organizations can take intg ., nts of local patterns. These observations generate a strong

account low-cost information and knowledge on the InterneL, jirement for the development of efficient algorithms for

when making decisions. The data of a company is referred i@entifying useful patterns in multi-databases.

as internal data whereas the data collected from the Internet isrhare are other essential differences between mono- and

referred to as external data. Although external data assists iy ii_qatabase mining. Both data and patterns in multi-databases
improving the quality of decisions, it generates a significanfesent more challenges than those in mono-databases. For ex-
challenge: how to efficiently identify quality knowledge fromg 16 njike in mono-databases, data items in multi-databases

multi-databases [26], [30], [31]. Therefore, large compani€q,y have different names, formats and structures in different
may have to confront the multiple data-source problem. Rz 5pases. They may also conflict with each other.

cently, the authors have developed local pattern analysis, a newy, tnis paper we present a multi-database mining system
multi-database mining strategy for discovering some types gfrough defining a new process for multi-database mining.
potentially useful patterns that cannot be mined with tradirhe rest of this paper is organized as follows. Section Il
tional data mining techniques. Local pattern analysis disCOVE[igstrates the role of multi-database mining in real-world ap-
high-performance patterns from multi-databases. plications. Section Ill describes multi-database mining prob-
There are two fundamental problems that prevent local pjking. section IV analyzes the differences between mono- and
tern analysis from widespread applications. First, the data cQk,ti-database mining by demonstrating the features of data
lected from the Internet is of poor quality that can disguiSgy mono- and multi-databases. Section V recalls the research
potentially useful patterns. For example, a stock investor mighy multi-database mining. Section VI designs a process for

need to collect information from outside data sources wheg i database mining. Section VII discusses the features of
making an investment decision. If fraudulent information colg proposed multi-database mining.

lected on the Internet is directly applied to investment deci-
sions, the investor might lose money. In particular, much work Il. MULTI-DATABASE MINING IN REAL-WORLD
has been built on consistent data. With distributed data mining APPLICATIONS

algorithms it is assumed that the databases do not conflict W'thBusiness, government and academic sectors have all imple-
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{zhangsc, chengqi }@t . uts. edu. au distributed and thus becomes a multi-database problem (see
SState Key Laboratory of Intelligent Technology and Systems, Tsingh

University, China 'ﬁfg 2).' . . .
4Department of Computer Science, University of Vermont, Burlington, In Fig. 2, the top level is an interstate company (IC)- This

Vermont 05405, USAWI@s. uvm edu IC is responsible for the development and decision-making for
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an interstate company

consists of n branches
at different places

LB1 LB2 LBn branches

each branch has
its own database

\
“ multiple databases
DB1 DB2 distributed at different

places

IC: aninterstate (international) compay
LBi: the ith branch of a company
DBi: the database of ith branch

Fig. 2. An interstate company and its branches
the entire company. The middle level consistsnobranches

LB,, LB>, ---, LB,,. The bottom level consists of local
database®B;, DBs, ---, DB,, of then branches.

both a challenging and critical task.

Some essential differences between mono- and multi-database
mining will be demonstrated below. We will show that tra-
ditional multi-database mining techniques are inadequate for
two-level applications within large organizations such as in-
terstate companies.

IIl. M ULTI-DATABASE MINING PROBLEMS

An interstate company often consists of multi-level branches.
Without loss of generality, this paper simplifies each interstate
company as a two-level organization (a central company and
multiple branches), as depicted in Fig. 2. Each branch has a
database and the database is simplified as a relation or a table
for our mining purposes.

Fig. 2 can be used to demonstrate that there are funda-
mental differences between mono- and multi-database mining.
For example, multi-database mining may be restricted by re-
guirements imposed by two-level decisions: the central com-
pany’s decisions (global applications) and branch decisions
(local applications). For global applications and for corporate
profitability, central company headquarters are more interested
in patterns (rather than the original raw data) that have the sup-
port of most of its branches, and those patterns are referred to

Fig. 2 illustrates the structure of a two-level interstate con&s high-vote patterns hereafter. In local applications, a branch
pany. In the real world, the structure of an interstate compamnyanager needs to analyze the data to make local decisions.
is usually more complicated, and each branch may also havelwo-level applications in an interstate company are depicted

multi-level sub-branches.

Many organizations have a pressing need to manipulate
the data from their different branches rapidly and reliably. Thi
need is very difficult to satisfy when the data is stored in mar
independent databases, and the data is all of importance to
organization. Formulating and implementing queries requirt
data from more than one database. It requires knowledge
where all the data is stored, mastery of all the necessary int
faces and the ability to correctly combine partial results fror
individual queries into a single result.

To respond to these demands, researchers and practitior
have intensified efforts on developing appropriate techniqu
for utilizing and managing multi-database systems. Henc
developing multi-database systems has become an import
research area.

Also, the computing environment is becoming increasing|
widespread through the use of Internet and other compu
communication networks. In this environment, it has becon
more critical to develop methods for building multi-databas

in Fig. 3.
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systems that combine relevant Qiata from many sources 38¢ 3. Two level applications in an interstate company

present the data in a form that is comprehensible for users,

and provide tools that facilitate the efficient development and ) ]

maintenance of information systems in a highly dynamic and I" Fig- 3, the bottom level consists of local databases

distributed environment. One important technique within thi&

B,, DB,, .-+, DB, of n branches within an interstate

environment is the development of multi-database systenf9mpany. The middle level consists ofsetsRB1, BBy, - -,
This includes managing and querying data from the collectiod&D» Of local patterns discovered from databa#e8,, D Bs,

of heterogeneous databases.

--+, DB, respectively. These local patterns can be used for

While multi-database technology can support many multfiecision-making within branches (local applications). The top

database applications, it would be useful and necessary

leyel is a set of global patterns that are synthesized fromuthe

mine these multi-databases to enable efficient utilization §FtSEB1, BBz, -, }?Bn- These global patterns are used for
the data. Thus, the development of multi-database mining &€ overall company’s decision-making (global applications).
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One possible way for multi-database mining is to integrateometimes data items are broken into separate components in
all the data from these databases to amass a huge dataset database while the combination is recorded as a single
for discovery by mono-database mining techniques. Howeveyantity in another.
there are important challenges and difficulties involved in ap- Multi-database systems typically resolve format differences
plying this method to real-world applications. We will discus®y defining transformation functions between local and global
these challenges and difficulties in detail in Section V-B.  representations. Some functions may consist of simple numeric

In Fig. 3 each database has been mined at each branchdalculations such as converting square feet to acres. Others
use in local applications. While collecting all data togethenay require tables of conversion values or algorithmic trans-
from different branches might produce a huge database afmdmations. A problem in this area is that the local-to-global
lose some important patterns for the propose of centralizé@nsformation (required if updates are supported) may be very
processing, forwarding the local patterns (rather than the origpmplex.
inal raw data) to central company headquarters provides a fea3) Structural differencesDepending on how an object is
sible means of dealing with multiple database problems. The  ysed in a database system, it may be structured differ-
patterns forwarded from branches are callechl patterns ently in different local databases.

However, the number of forwarded local patterns may be o gata item may have a single value in one database and

so large that browsing the pattern set and finding interestipgsiple values in another. An object may be represented as
patterns can be rather difficult for central company headqua(-gingle relation in one location or as multiple relations in

ters. Therefore, it can be difficult to identify which of thegnother, The same item may be a data value in one location,

forwarded patterns (including different and identical ones) atg, attribute in another, and a relation in a third. So the data

really useful at the central company level. often has discrepancies in structure and content that must be
cleaned.

V. DIFFERENCESBETWEEN MONO- AND 4) Conflicting data Databases that model the same real-

MuLTI-DATABASE MINING . - o
) ] T ~world object may have conflicts within the actual data
The previous sections have indicated that there are essential \5)yes recorded.

differences between mono- and multi-database mining. Th|sone system may lack some information due to incomplete

ﬁi‘?dates, system errors, or insufficient demands to maintain
such data. A more serious problem arises when two databases
] ] record the same data item but assign it different values. The
A. Features of Data in Multi-databases values may differ because of an error, or because of valid
There are many ways to model a given real-world objedlifferences in the underlying semantics.
(and its relationships with other objects) in, for example, an 5) Distributed data In most organizations, data is stored
interstate company, depending on how the model will be used iy various formats, in various storage media, and with
[12]. Because local databases are developed independently various computers.

with differing local requirements, a multi-database system is Therefore, data is created, retrieved, updated and deleted
likely to have many different models, or representations, f‘Using various access mechanisms.

similar objects. Formally, a multi-database system is a fed- . . .
. . 6) Data sharing A major advantage of multi-database sys-
eration of autonomous, and possibly heterogeneous, databas ) .
tems is the means by which branch data and sources can

systems used to support global applications and concurrent be shared

accesses to data stored in multiple databases [12]. i . o
In an interstate company, each of its branches has individual

We now illustrate data features in multi-databases. ‘ >
. . Iuncnons, data and sources. These branches can interact and
1) Name differencesLocal databases may have differen :
share their data when they cannot solve problems that are

conventions for the naming of objects, leading to pro heyond their individual capabilities.,

lems with synonyms and homonyms. T ) )
. . 7) Data for two-level applicationsComprehensive organi-
A synonym means that the same data item has a different . N )
zations have two-level decisions: central company’s de-

name in different databases. The global system must recognize .. S .
. . : e cisions (global applications) and branch decisions (local
the semantic equivalence of the items and map the differing applications)

local names to a single global name. A homonym means that ) .
different data items have the same name in different databases! N® @bove features demonstrate that data in multi-databases
The global system must recognize the semantic differentieVery different from data in mono-databases.
between items and map the common names to different global
names. B. Features of Patterns in Multi-databases
2) Format differencesMany analysis or visualization tools Generally, patterns in multi-databases can be divided into
require that data be in particular formats within branchegl) local patterns, (2) high-vote patterns, (3) exceptional pat-
Format differences include differences in data type, dderns, and (4) suggested patterns.
main, scale, precision, and item combinations. 1) Local patternsin an interstate company, local branches
An example is when a part number is defined as an integer need to consider the original raw data in their databases
in one database and as an alpha-numeric string in another. so they can identify local patterns for local decisions.

and patterns in mono- and multi-databases.

IEEE Computational Intelligence Bulletin June 2003 \ol.2 No.1
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Each branch of an interstate company has certain individuaist have to be classified into three clusters according to their
functions. The branch must design its own plan and policy fdiusiness types before they are mined. Therefore, a key problem
development and competition. It therefore needs to analyze multi-database mining is how to effectively classify multi-
data only in their local databases to identify local patterndatabases.

Each branch can then share these patterns with other branche$o mine multi-databases, the first method (mono-database
More importantly, they can forward their local patterns to thenining technique) is to put all the data together from multiple
central company when global decisions need to be made. databases to create a huge mono-dataset. There are various

2) High-vote patternsThese are patterns that are supporte@oblems with this approach and we will discuss them in

voted for by most branches. They reflect common chafection V-B.

acteristics among branches and are generally used tdn order to confront the size of datasets, Liu, Lu and Yao
make global decisions. have proposed an alternative multi-database mining technique

When an interstate company makes a global decision tﬂpt selects relevant databases and searches only the set of all
central company headquarters are usually interested in loEgjevant databases [15]. Their work has focused on the first

patterns rather than original raw data. Using local patterngcP In multi-database mining, which is the identification of
they can learn what is supported by their branches. Hig atabases that are most relevant to an application. A relevance

vote patterns are helpful in making decisions for the centrgjeasure was thu; prpposeq to identify relevant dqtaba'se.s for
company. mining with an objective to find patterns or regularity within

. certain attributes. This can overcome the drawbacks that are
3) Exceptional patternsThese are patterns that are strongl

supportedivoted for by only a few branches. They refle¥he result of forcedly joining all databases into a single huge

the individuality of b h q " q t‘Extatabase upon which existing data mining techniques or tools
€ Individuaiity of branches anc are generally used g, applied. The approach is effective in reducing search costs
create special policies specifically for those branches

. ) i . ~for a given application.

Althc_Jugh high-vote patterns are useful in reaching d_GCISIOHS Identifying relevant databases in [15] is referred to as database
for an interstate company, the headquarters are also interes{ggbction. In real-world applications, database selection needs,
in viewing the exceptional patterns used for making specighwever, multiple times to identify relevant databases to meet
decisions at only a few of the branches. Exceptional patterggferent applications. In particular, the users may need to mine
may also be useful in predicting/testing the sales of new progheir multi-databases without specifying any application, and
ucts. in this case, the database selection approach does not work.

4) Suggested patternsThese are patterns that have les§he database selection approach is application-dependent.

votes than the minimal vote (written asinvote) but While data mining techniques have been successfully used
are very close toninvote. in many diverse applications, multi-database mining has only

The minimal vote is given by the user or a domain experfeen recently recognized as an important research topic in the
It means that if a local pattern has votes equal to, or grea@&ta mining community. Yao and Liu have proposed a means
than, minvote, the local pattern becomes a global patter@f searching for interesting knowledge in multiple databases
and is known as a high-vote pattern. Under the thresho&gcording to a user query. The process involves selecting all
minvote, there may be some local patterns that have le#yeresting information from many databases by retrieval. Min-
votes thanminvote but are very close to it. We call theseing only works on the selected data [28].
patterns suggested patterns and they are sometimes useful in
global decisions.

It is important to note thalocal patterns also inherit the
features of data in multi-databases

The above differences in data and patterns in multi-databe
systems demonstrate that multi-database mining differs frc
mono-database mining. This invites the exploration of eff
cient mining techniques for identifying novel patterns in multi-
databases such that patterns can serve two-level applicati
in large organizations.

databaseselectio

dataintegration

—
— patternset

mono-dataset

10

V. RELATED WORK

A. Existing Research Efforts on Multi-Database Mining

If an interstate company is a comprehensive organizatic
where its databases belong to different types of businesses
and have different meta-data structures, the databases waridd4. The traditional process of multi-database mining
have to be classified before the data is mined. For example,
if a company like Coles-Myer has 25 branches including 5 paseq on [15], [28], Fig. 4 illustrates the functions used
supermarkets for food, 7 supermarkets for clothing, and 13 eyisting multi-database mining. We call this process the
supermarkets for general commodities, these databases wquldhisional process. Area ‘A’ contains sets of local databases

June 2003 \ol.2 No.1 IEEE Computational Intelligence Bulletin
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in an interstate company, where ‘localDBs’ stand for a s&. Limitations of Mono-Database Mining for Dealing with
of local databases. ‘databaseselection’ is a procedure of teltiple Databases

application-dependent database classification that identifiegyegpite there being several methods of multi-database min-
databases most relevant to an application. Area ‘B’ contaifly most of them are still closely modeled on techniques

all databases that are relevant to an application. ‘datainigr mono-database mining. This leads to a number of serious
gration’ is a procedure that integrates all data in the relgyncerns and problems.

vant databases into a single dataset, called a ‘mono-dataset.
Meanwhile, ‘mono-DBmining’ is a procedure that uses mono-
database mining techniques to mine the integrated mono-dataset.
‘patternset’ is a set of the discovered patterns in the mono-
dataset integration.

Zhonget al. have proposed a way of mining peculiarity pat-
terns fro_m multiple statistical and_ trgnsaction d.atak?ases based ferences between multi- and mono-databases, there is a
on previous wprk [31]. A pecullgnty pattern is discovered significant need of preparing the data in multi-databases.
from the peculiar data by searching the relevance among the . . .
peculiar data. Roughly speaking, a data item is peculiar if 2) Putting all the data from releva_mt databa;es Into a single
it represents a peculiar case described by a relatively small database can dgstr_oy some important information that
number of objects and is very different from other objects reflects the distribution of patterns. These pqtterns may
in a data set. Although it looks like an exception pattern be more mportant than the pattem; preser_n in the single
from the viewpoint of describing a relatively small number of database in terms of global _d?C'S'O”'m"_"k'”g by a cen-
objects, the peculiarity pattern represents a well-known fact ARy company. Hen_ce, existing techniques for multi-
with common sense, which is a feature of the general pattern. databases mining are inadequate.

A related research effort is distributed data mining (DDM) We have provided an example in this regard in the intro-
that deals with different possibilities of data distribution. Aduction. In some cases, each branch of an interstate company,
famous effort is hierarchical meta-learning [18] which has &rge or small, has equal power of voting for patterns involved
similar goal of efficiently processing large amounts of datdh global decisions. For global applications, it is natural for the
Meta-learning starts with a distributed database or a set of d&gtral company headquarters to be interested in the patterns
subsets of an original database, concurrently runs a learnivfed for by most of the branches or exceptional patterns.
algorithm (or different learning algorithms) on each of thdt 1s therefore inadequate in multi-database mining to utilize
subsets, and combines the predictions from classifiers learf¢sting techniques used for mono-databases mining.
from these subsets by recursively learning ’combiner and 3) Collecting all data from multi-databases can amass a
‘arbiter’ models in a bottom-up tree manner [18]. The focus of huge database for centralized processing.
meta-learning is to combine the predictions of learned models|t may be an unrealistic proposition to collect data from
from the partitioned data subsets in a parallel and distributefferent branches for centralized processing because of the
environment. huge data volume. For example, different branches of Wal-

Other related research projects are now briefly reviewed. \Wgart receive 20 million transactions a day. This is more than
and Zhang have advocated an approach for identifying patteing rate at which data can be feasibly collected and analyzed
in multi-database by weighting [26]. Ribeiro, Kaufman andising today’s computing power. The French Teletel system has
Kerschberg have described a way of extending the INLEN sy$500 separate databases [12].
tem for multi-database mining by incorporating primary and Parallel mining is sometimes unnecessary as there are many
foreign keys, as well as developing and processing knowledgghniques such as sampling and parallel algorithms, for deal-
segments [20]. Wrobel has extended the concept of foreigny with large databases.
keys to include foreign links, since multi-database mining also A better approach is to first classify the multiple databases.
involves accessing non-key attributes [25]. Aroefsal. intro-  The data from a class of databases can then be put into a sin-
duced a system called WoRLD that uses spreading activatigie database for knowledge discovery utilizing existing tech-
to enable inductive learning from multiple tables in multipleniques.

databases spread across the network [4]. Kargeipgd have 4 Forwarding all rules mined in branches to a central com-

1) Due to the difficulty of data preparation, most work on
multi-database mining has been built on quality data,
and it is assumed that the data in different data sources
is nicely distributed and contains consistent and correct
values. However, existing data preparation focuses on
single databases [29]. Because there are essential dif-

built a collective mining technique for distributed data [14], pany. The number of forwarded rules may be so large
[13]. Grossmaret al. have built a system, known as Papyrus,  that browsing the rule set and finding interesting rules
for distributed data mining [9], [22]. Existing parallel mining from it can be a difficult task. In particular, it is more
techniques can also be used to deal with multi-databases [5], jfficult to identify which of the forwarded rules are
[71, [18], [19], [21]. genuinely useful.

The above efforts have provided good insights into multi-
database mining. However, they are inadequate for identifyi
two new types of patterns: high-vote patterns and exceptiorf,gi
patterns, which reflect the distributions of local patterns.

One strategy may be to reuse all the promising rules dis-
vered in branches because the local databases have been
ned for local applications. However, to reuse the local rules
and select from them, a method must be developed to (1)
determine valid rules for the overall organization from the

IEEE Computational Intelligence Bulletin June 2003 \ol.2 No.1
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amassed database, and (2) reduce the size of the candidat®&|. MDM: A N Ew PROCESS FORMULTI-DATABASE
rules from multi-databases. The following problems arise: (a) MINING
any rule from a database has the potential to contribute in theag previously explained, there are three factors that illus-
construction of a valid rule for the overall organization, angate the importance of multi-database mining: (1) there are
(b) the number of promising rules from multi-databases can bgany multi-databases already serving large organizations; (2)
very large before it is determined which ones are of interesfyere are essential differences between mono- and multi-database
5) Because of data privacy and related issues, it is possibfning; and (3) there are limitations in existing multi-database
that some databases of an organization may share theihing techniques. For these reasons, we have designed a
patterns but not their original databases. high-performance prototype system for multi-database mining
Privacy is a very sensitive issue, and safeguarding its protéddDM). Below we introduce our MDM design through defin-
tion in a multi-database environment is of extreme importancig a new process of multi-database mining and describing its
Most multi-database designers take privacy very seriously, afihctions.
allow for some protection facilities. For resource sharing in
real-world applications, sharing patterns is a feasible way. TS Three Steps in MDM
is because (1) certain data, such as commercial data, is secrqlhere are various existing data mining alaorithms that can
for competition reasons; (2) reanalyzing data is costly; and . g . g a9
. . - , e used to discover local patterns in local databases [1], [11],
(3) inexperienced decision-makers don’'t know how to confrori

huge amounts of data. The branches of an interstate comp%[? . These include the paralleling algorithms mentioned above

must search their databases for local applications. Hence, fas_ 16Ei)u.50ur MDM process focuses on local patter analysis

warding the patterns (rather than the original raw data) to the . L o
centralized company headquarters presents a feasible way to Clvenn databases within a large organization, MDM
deal with multi-database problems. performs three steps: (i) searching for a good classi-
Even though all of the above limitations might not be ap-  fication of these databases; (ii) identifying two types
of new patterns from local patterns: high-vote pat-

plicable to some organizations, efficient techniques, such as ) _ Pe
sampling and parallel and distributed mining algorithms, are  €7ns and exceptional patterns; and (iii) synthesizing
local patterns by weighting.

needed to deal with the amassed mono-databases. However,
sampling models depend heavily on the transactions of a givenThe major technical challenge in MDM is to serve the
database being random|y appended to the database in orde(}\/\t@-|eve| applications in Iarge Organizations, such as interstate
hold the binomial distribution. Consequently, mining associg&ompanies. MDM is depicted in Fig. 5.

tion rules upon paralleling (MARP), which employ hardware
technology such as parallel machines to implement concurre
data mining algorithms, are a popular choice [2], [5], [8], [16]
[17], [21]. Existing MARP efforts endeavor to scale up dati
mining algorithms by changing existing sequential techniqu
into parallel versions. These algorithms are effective and ef
cient, and have played an important role in mining very larg
databases. However, in addition to the above five limitation
MARP has two more limitations when performing data mining
with different data sources.

6) MARP does not make use of local rules at branche
nor does it generate these local rules. In real-world &
plications, these local rules are useful for the local da
sources, and would need to be generated in the fil
instance.

7) Parallel data mining algorithms require more compu
ing resources (such as massive parallel machines) &
additional software to distribute components of parallel
algorithms among different processors of parallel merig. 5. The MDM process
chines. Most importantly, it is not always possible to
apply MARP to existing data mining algorithms. Some

local pattern analysis

datapreparation

suggested
patterns

Y
N

synthesized|
patterns

I

LI set

synthesis

L ; ) < In Fig. 5, area ‘A’ contains: sets of local patterns of an
data mining algorithms are sequential in nature, and CHterstate company, where ‘Liset’ stands for a local pattern set;
not make use of pargllel hfa\r.dware. - and ‘datapreparation’ is a procedure of application-independent

From the above observations, itis clear that traditional mulfztabase classification. After classifying the multi-databases,
database mining is inadequate to serve two-level applicatioRge |ocal pattern sets are divided into several groups in area

This prompts the need to develop new techniques for multis'  For each group of local pattern sets, we use procedure

database mining. ‘localpatternanalysis’ to search for patterns, such as high-vote
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patterns, exceptional patterns, and suggested patterns. Preogapany or a branch) wants to form its own knowledge for
dure ‘synthesis’ is used to aggregate the local patterns in eatdta mining applications, the data source needs the ability of
group. refining external knowledge. To do so, we advocate a logical
system for identifying quality knowledge that focuses on the
B. Research Issues in the MDM Process following epistemic properties.
« Veridicality. Knowledge is true.

In Fig. 5, three procedures, ‘datapreparing’, ‘localpattern- Intr tion. A dat rce is aware of what it t
analysis’, and ‘synthesis’ are needed, as well as other proce-” ospection. ata source 1S aware o atit supports
and of what it does not support.

dures, to unify names of items and remove noise. Although . ) . .
the problem of unifying names of items and removing noise is * Consistency. A data source’s knowledge is non-contradictory.
also faced by multi-database systems [12], our MDM process(c) Constructing a logical system for resolving inconsis-

focuses on issues raised from the three procedures in Fig. 1NCY in different data sources. Traditional (positive) associa-
tion rules can only identify companionate correlations among

1) Data preparation can be more time consuming, and can . . . . .
I ms. It is desirable in decision-making to catch the mutually-
present more challenges than mono-database mining. The, ™. ; .
importance of data preparation can be illustrated by t eexcluswe correlations among items that are referred to as nega-
following observations: (1) real-world data is impure; (Zr)}rlve associations. Therefore, we have developed a new method
high-performance mining systems require quality datdor identifying both positive and negative association rules in

and (3) quality data yields concentrative patterns. Thergf’:l ta_b ases [27.]'. Negative assoz_:latlon ru_Ies can increase the
uality of decisions. However, in a multi-database environ-

fore, the development of data preparation technologigs . - . ; s
ent, negative association rules can cause inconsistency within

?ansoll( methodologies is both a challenging and Cmm%atabases.

. o (d) Designing application-independent database clustering.
There are four key problems in data preparation: (i) devey, nertorm an effective application-independent database clas-

oping techniques for cleaning data, (i) constructing a 100ification, we will have to (1) construct measurements for

cal system for identifying quality knowledge from differenty,anaqe relevance, (2) construct measurements of good clas-

data sources, (iii) constructing a logical system for resol\gications, and (3) design effective algorithms for application-
ing inconsistency in different data sources, and (iv) des'gn'r?ﬂdependent database classification.

application-independent database clustering.

(a) Developing techniques for cleaning data. Data cleaning
techniques have been widely studied and applied in pattern
recognition, machine learning, data mining and Web intelli-
gence. For multi-database mining, distributed data cleaning
presents more challenges than traditional data cleaning for
single databases. For example, data may conflict within multi-

databases. We need the following techniques to generate quafp X " X . )
itional multi-database mining techniques, we can identify

ity data for multi-database mining. ) o
« Recover incomplete data: filling missing values, or e)gatterr_\s, .SUCh as frequent |tem§ets, aSSOCIatIOO patterns and
. S ' classification patterns, by analyzing all the data in a database
pell!ng amt.)lgmty_, cluster. However, as mentioned in the introduction, these tech-
« Purity (_jata. consistency ofldata names and data form ?(mes can lose useful patterns. Therefore, analyzing local
qorrectlng errors, or removing outliers (unusual or eXce%—atterns is very important for mining novel and useful patterns
tional values); and in multi-databases.
* Res_o!ve data conflict_s: using domain knowledge or expertOn the other hand, for a large company, the number of local
decisions io settle discrepancy. patterns may, however, be so large that browsing the pattern
(b) Constructing a logical system to identify quality knowl-set and finding interesting patterns from it can be a difficult
edge from different data sources. As we argued previouspgsk for the company headquarters. In particular, it is harder
sharing knowledge (rather than the original raw data) presenfsigentify which of the local patterns are genuinely useful.
a feasible way to deal with different data source problemgerefore, analyzing local patterns is also a difficult task.
[26]. Accordingly, assume that a data source is taken as &y g multi-database environment, a pattern has attributes
knowledge bask a company (or a branch of the company) isych as the name of the pattern, the rate voted for by branches,
viewed as a data source; and a rule has two possible valyggj supports (and confidences for a rule) in branches that vote

in a data source: true (if the data source supports the rule)gf the pattern. In other words, a pattern is a super-point of
false (otherwise). the form

. In the.Web envi_ronment, the' database from a company and P(name, vote, vsupp, veon f).
information from different websites (called external data sources) ) )
can be treated as different data sources. External data sourcd8 our system, we have designed a local pattern analysis

may be subject to noise, and therefore, if a data source SEat€gy in [29] by using the techniques in [30]. The key
problem to be solved is how to analyze the diverse projections

LIf a data source contains only data, we can transform it into knowledgé patterns in a multi-dimension space consisting of local
by existing mining techniques. patterns within a company.

2) To provide effective multi-database mining strategies for
identifying new patterns, we will develop four techniques
for searching for new patterns from local patterns, that is,
(a) design a local pattern analysis strategy; (b) identify
high-vote patterns; (c) find exceptional patterns; and (d)
synthesize local patterns by weighting.

|(a) Designing a local pattern analysis strategysing tra-
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(b) Identifying high-vote patterndVithin a company, each patterns in the same way as in existing mono-database mining,
branch, large or small, has a power to vote for patterns ftley cannot discover high-vote patterns and exceptional pat-
global decision-making. Some patterns can receive votes fraarns in multi-databases. Therefore, the high-vote and excep-
most of the branches. These patterns are referred to as hitibral patterns are regarded as novel patterns. In particular, the
vote patterns. These patterns may be far more importantdiscovery of these patterns can capture certain distributions of
terms of global decision-making within the company. local patterns and assist global decision-making within a large

Because traditional mining techniques cannot identify higltompany.
vote patterns, these patterns are regarded as novel patterns @) New mining techniques and methodologies can signifi-
multi-databases. In our system, we have designed a mining cantly improve the performance of multi-database min-
strategy for identifying high-vote patterns of interest based on  ing systems.

a |OC8.| pattern analySiS. The key problem to be SOlVed in thIS As we argued previous'y’ an interstate Company must con-
mining strategy is how to post-analyze high-vote patters. front two-level decisions: the company’s decisions (global ap-

(c) Finding exceptional patterns.ike high-vote patterns, piications) and the branches’ decisions (local applications).
exceptional patterns are also regarded as novel patternsgi} global applications, the company headquarters must tackle
multi-databases. But an exceptional pattern receives votes frafilye amounts of data and local patterns. Therefore, the devel-
only a few branches. While high-vote patterns are useful whefpment of high-performance systems for mining multi-databases
a company is making global decisions, headquarters are aj§Gery important.
interested in viewing exceptional patterns when special de-The |ocal pattern analysis strategies can deliver two direct
cisions are made at only a few of the branches, perhaps fénefits: greatly reduce search costs by reusing local patterns,
predicting the sales of a new product. Exceptional patterns cafd offer more useful information for global applications.
capture the individuality of branches. Therefore, these patternsror efficient multi-database mining, a key problem is how
are also very important. to analyze the data in the databases so that useful patterns can

(d) Synthesizing patterns by weightifgthough each branchpe found to support various applications. We have mentioned
has a power to vote for patterns for making global decisionfyo new strategies in dealing with this difficult problem. The
branches may be different in importance to their compangist strategy is to design an efficient and effective application-
For example, if the sale of branch is 4 times of that of independent database classification. The second strategy is to

branch B in a company, branch A is more important thagevelop a local pattern analysis for identifying novel and use-
branch B in the company. The decisions of the company can R patterns.

reasonably partial to high-sale branches. Also, local patterns
may have different supports in different branches. We will VIIl. CONCLUSION

need a new strategy for synt.h.esizing local patterns based oms pointed out in [31], most of the KDD methods that
an efficient model for synthesizing patterns from local patterigaye been developed are on the single universal relation level.

by weighting [26]. Although theoretically, any multi-relational database can be
transformed into a single universal relation, practically this
VIl. FEATURES OF THEMDM PROCESS can lead to many issues such as universal relations of un-

The MDM process in Section VI provides a new way foinanageable sizes, infiltration of uninteresting attributes, loss
building multi-database mining systems. The main features ©f useful relation names, unnecessary join operations, and
this process are as follows. inconvenience for distributed processing. In particular, some

1) New mining techniques and methodologies can signiffoNcepts, n_egula_rity, causal rel:_itionships, and r_ules cannot be

cantly increase the ability of multi-database mining Sysqlscovered if we just search a single database since the knowl-
tems. edge hides in multiply databases basically.

Previous techniques in multi-databases mining were devel-.ThIS paper has shown that the problem of multi-database

: o mining is challenging and pressing. In particular, due to essen-
oped to search for patterns using existing mono-database min; . .
. . . .~ tial differences between mono- and multi-databases, we have
ing. Although data in multi-databases can be merged into

. . . efined a new process of multi-database mining for our system.
single dataset, such merging can lead to many issues such as

tremendous amounts of data, the destruction of data distribu-
tions, and the infiltration of uninteresting attributes. In par- R A LT imielinski. and A Swami. Datab ina: A

. . . . . Agrawal, . Imielinski, an . owaml, Database mining: per-
ticular, some concepts, such as regularity, causal relatlonshugjé formance perspectivelEEE Trans. Knowledge and Data Enybl. 5,
and patterns cannot be discovered if we simply search a single 6(1993): 914-925.

dataset, since the knowledge is essentially hidden within thil ?- Agfat\_’va'r J. SKhafefli d':’afa”e('j gifgingE of aSS,gCia“Ol”ggrg'ng%E
multi-databases [31]. It is a difficult task to effectively exploit 9gfsac fons on Knowledge and Data Engneefi(e) (1996): 962-

the potential ability of mining systems and it is one of the[3] J. Albert, Theoretical Foundations of Schema Restructuring in Heteroge-
issues essential to achieve the objective of designing effective neous Multidatabase Systems. Rroceedings of CIKV2000: 461-470.
. . [4] J. Aroniset al, The WoRLD: Knowledge discovery from multiple dis-
mining Stra_teg'es' . . . . tributed database®roceedings of 10th International Florida Al Research
Our multi-database mining strategy is to identify two types  Symposium 1997: 337-341.
of patterns, high-vote patterns and exceptional patterns, frorgl J. Chattratichat, etc., Large scale data mining: challenges and responses.

Vi | | tt B . techni h In: Proceedings of International Conference on Knowledge Discovery
analyzing local patterns. because previous techniques searcn .., pata Mining 1997: 143-146.
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