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ABSTRACT

Multi-Relational Data Mining (MRDM) methods search
for patterns that involve maultiple tables {relations) from a
relational database. Tn this baper we are proposed an
improved method-for constraint based classification of
the Multi-relational data. MRDM aims to discover
knowledge directly from relational data;-ﬁ}fﬁlli:ﬁéiafionaf
classification aims to build a classification model that
utilizes information in different relations.  Various

techniques like Inductive Logic Programming (ILP), and

Tuple ID propagation approéches are used in MRDM,
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L I_NTRODUCTION

Multi-Relational data mining (MRDM) stores information
in muhlple tables, The fact that most data tnining
algorithms operate on a single relation or table, while most
1'eql-wor_h_i databases store infq;mat_iqn injr_n_lihipleltabies

and MRDM has a precursor going back over a decade in
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the field of inductive logic programming(ILP). Muki-
relational data Mining (MRDM) search for patterns that
involve muitiple tables (relations) from a relational
database. In a database for Multi-Relational classification,
there is one target relation, Rt, whose tuples are calted
target tuples and are associated with class labels. the
other relations are nonta rget relations. Each relation may
have one primary key ( which uniquely identifies tuples

in the relation) and several forel gn keys ( where a prlmaly

'key in one relation can be linked to the forelgn key in

another relatxon). If we assume a two-ciass problem, then
we pick one class as the pdsitiife class and the other as
the negative class. The most i'mplortant task for BtliEdjrig

an accurate Muiti-Relational classifier is to find relevant

features in dxﬁ'erent relations that help drstmﬂmsh posu:vc

and neganve target tuples.

IL ISSUES IN MULTI-RELATIONAL Dara Mining

2.! Data Mining

The primary ingredient of any Data Mining [1][2)[3}

exercise is the database, A data base is an orﬂamsed and

' lypica]ly large collection of detailed facts conce hing some

domain m the outside world The aim of Data Mmm”
described by the database, In Data Mmmfr we 0ener'llly
assume that the database consists of a collection of
hldividua!s. Depending on the domain, individuais can
be anything from customers of a bank to molecular

compounds or books ina library, For each ind ividual, the
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database gives us detailed information concerning the
different characteristics of the individual, such aséﬁe
name and address of customer of a bank, or the accounts

owned,

When considering the descriptive information, we can
select subsets of individuals on the basis of this
information. For example we could identify the set of
customers younger then 18. Such intentionally defined
collections of individuals are referred to as subgroups.
While considering different subgroups, we my notice that
certain subgroups have characteristics that set them apart
from other subgroups. For instance, the subgroup age
under 18 may have a negative balance on average. The
discovery of such a subgfoup will lead us to believe that
there is a dependency between age and balance of
customer. Therefore, a method call survey of pdtenti.aliy
interesting subgroups will lead to the discovery of
dependences in the database. Cleér}y, a good de_f;lniti'on

of the nature of the dependency (e.c. deviétiﬁg'aVerage

balance) is essential to guide the search for interesting

subgroups. Such a statistical definition is known as

interestingness measure or score function.

Interesting subgroups are a powerful and common
component of Data Mining, as they provide the interface
between the. actual data in the database and the higher-

level dependencies describing the data. Sonie Data

Mining algorithms arc dcdjcatéd'to the discovery of such -

interesting subgroups. However, interesting subgroups

“are a limited means of capturing knowledge sbout the

database because by definition they only describe parts

of the database. Most algorithms will therefore regard

interesting subgroups not as the end product, but as mere

building blocks for comprehensive descriptions of the
existing regularities. The structures that are the aim of
such algorithms are known as models, and the actual
process of considering subgroups and laboriously
constructing a complete picture of the data is therefore

often referred to as modeting.

We can thihk of the database as a collection of raw
measurements concerning a particular domain. Each
individual serves as an example of the rutes that govern
this domain. The model that is induced from_ the raw data -
is a concise representation of the workings of the domain,
ignoring the details of individuals. Having a model altows
1s to reason about the domain, for example to find causes
for diseases in genetic databases of patients. More
importantly, Data Mining is often applied in order to derive
predictive models. If we assume that the database under-
consideration is but a sample of a large or growing

population of individuals, we can use the induced modei

‘to predict the behavior of new individuals. Consider,, fér

éxar_nple, a sample of custoﬁje'rs of a bank and howrthey
i;espdﬁded to a certain offer. We can build a iﬁodel
descﬁbing how the feéponse depends on different
cllaraéteristics ofthe customers,'with_-the aim of predicting
l.id'w other customers will respond to the offer. A lot of
time and effort can thus be saved by only approaching

customers with a predicted interest.

2.2 Propositional Data Mining

" An important formalism in Data Mining is known as

" Propositivnal Data Mining. The mait asstnption is hal

each individual is represented by a fixed sef of

characteristics, known as attributes. Individuals can thus
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be thought of as a collection of attribute-value pairs,
typically stored as a vector of values, in tﬁls
representation, the central database of individuals
becomes a table rows ( or records) correspond to
individuals, and columns correspond to attributes. The
algorithms in this formalism will typically employ some
form of propositional logic to identify subgroups, hence

the name Propositional Data Mining,

Considering subgroups identified by constraints on the

propositional data, e.g. ‘the group of male customers who

own more than one credit card’ or “the adults’,

Due to its straightforward structure, the Propositional Data
Mining paradigm has been extremely popular, and is in
fact the dominant approach to analysis a database. A wide
range of techniques has been developed, many of which
are available in commercial form, In terms of designing
Data Mining algorithms, the propositional paradigm has

anumber of advahtages that explain its popularity:

*  Every individual has the same set of attributes. An
individual may not have a value for a particular
atfribute (i.e. have é NULL value), but at least it makes
sense to inquire about that particular attribute, Also,
each attribute only appears once, and has a single

value,

* Individuals can be thought of as points in an n-
dimensional space. Distance measures can be used
to establish the similarity between individuals.
Density estimation techniques can be used to help

discover interesting regions of the space.

® - Atiribute values are complementary; constraints on

attributes divide the individuals in coinp[ementary

subgroups. This makes gathering and using statistics
concerning individual attributes- an important teol
in Data Mining, as we shall see later on — a
straightforward operation. Also, the use of operators
is simple, as complementary operators correspond
to complementary subgroups (e.g=and # or <and

>)_

¢  Themeta-data describing the database is simple. This
meta-data is used to guide the search for interesting
subgroups, which in Propositional Data Mining boils
down to adding propositional expressions on the

basis of available attributes.

There is a single, yet essential disadvantage to the
propositidna! paradigm: there are fundamental limitations
to the expressive power of the propositional framework.
Objects in the real world often exhibit some internal
structure that is hard to fit in a tabular template, Some
typical situations where. the representational power of

Propositional Data mining is insufficient are the following;

*  Real world objects often consist of parts, differing
in size and number from one object to the next. A
fixed set of attributes cannot represent this variation

in structure.

*  Real-world objects contain parts that do not differ in
size and number, but that are unordered or
interchangeable. It is impossible to assign properties
of parts to particular attributes of the individual
without introducing some artificial and harmful

ordering.

*  Real-world objects can exhibit a recursive structure.
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2.3 Structured Data Mining

The Propositional Data Mining paradigm has bén
popular because of the simple tabular structure it
proposes. This property is, at the same time, its weakness.
Many databases, especially of large .industrial nature, are
simply too complex to analyse with a propositional
algorithm without ignoring important information. Rather
than working with individuals that can be thought of as
vectors of atiribute-value data, we will have to deal with
structured objects that consist of parts that may be
connected in a variety of ways, Data Mining algorithms
will have to consider not only attribute value information
concerning parts (which may be absent), but also
important information concerning the presence of

different types of parts, and how they are commected.

Although a range of representations for structured data
has been considered in the literature, structured
individuals can conceptually be thought of as annotated
graphs. Nodes in the graphs correspond to parts of the
individual. A node can typically be of a class, selected
from a predefined set of classes, and will have attributes

associated with it. Available attributes depend on the class.

We refer to the class of techniques that support the
analysis of structured objects as Structured Data Mining.
These techniques differ from alternative techniques,
notably propositional ones, in the ljepresentation of the
individuals and of the discovered models. Many of the
concepts of Data Mining are-,' relatively representation-
independent, and can therefore be generalized from
propositional Data Mining. For exémple, individuals and
interesting subgroups play the same role. What is different

is the definition of subgroups in terms of structural

properties of the individuals. Much of the remainder of
this paperis dedicated to finding good ways of upgrading
powerful concepts and techniques from Propositional Data
Mining to the richer structured paradigm. Structured Data
Mining deals with a number of difficulties that translate
from the advantages of Propositional Data Mining listed

in the previous section:

e Individuals do not have a clear set of attributes. In
fact, individuals will typically consist of parts that
may be queried for certain properties, but parts may
be absent, or appear several times, making it harder
to specify consfraints on individuals. Furthermore,
it will be necessary to specify subgroups on the basis

of relationships between parts, or on groups of parts.

e Individuals cannot be thought of as points in an n-
dimensional space. Therefore, good distance

measures cannot be defined easily.

e Complementary subgroups can not be obtained by
simply taking complementary values for certain

properties, such as attributes of parts.

¢  The meta-data describing the database is extensive.
Typically, the meta-data will not only describe
attribute of the different parts, but also in general
terms how parts relate to each other, i.e. what type of
structure can be expected. Good structured Data
Mining algorithms will use this information to
effectively and efficiently traverse the search space

of subgroups and models.

Over the last decade, a wide range of techniques for
Structured Data Mining has been developed. These
techniques fall roughly intd four categories, which can

be characterized by the choice of representation of the
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structured individuals. Although within each category the
identification with the chosen representation is oﬁenjery
strong, it makes sense to view them in the broader
perspecﬁve of Structured. Data Mining. The four

categories are:

¢  Graph Mining [4}[5][61(7] The database consists
of labeled graphs, and graph matching is used to
select individuals on the basis of eubstructures that

may or may not be present.

e _ IndiICﬁV{! Logic
{8][9]{]0][[ ]][12]{13][ 14][13}{16][17][18][19]The

database consnsts of a collection of facts in 1he firsi-

I’rogrammm g(iLm)

order logic. Each fact represents a part, and

individuals can be reconstructed by piecing together

these facts. First-order logic (often Prolog) can be

used to select subgroups.

*  Semi-Structured Daia Mining [20}[21)[22]]23}[24]
The database consists of XML documents which
describe objects in a mixture of structulal and free-

text information.

*  Multi-Relational Data Mining (MRDM) The
database consists of a collection of [ables {a
relational database). Records in each table represent
parts and mdwnduals can be reconstructed by
joining over the fore:gn key relations between the

tobfes. Subgroups can be defined by means of SQL

or a graphical query language.
IY, MuLt1-RELATIONAL DATA MINING

The approach te Structured Data Mining thet is the main
s.ubject of this thesis, Multi-Relational Data
Mining|25}{26)127]{28]1291]30] [31][32]33}, is inspired

by the relational model[34][35][36}. This model presents a

number of techniques to store, manipuiate and retrieve
complex and structured data in a database consisting of a
collection of tables. It has been the dominant paradigm
for industrial database applications during the last

decades, and it is at the core of all major commerciaj

“database systems, commonly known as relational
database management systems (RDBMS). A relational
'detabase consists of a collection of named tables, ofen

' referred to as relations that individually behave as the

singl_e. table that is the subject of Propositiona! Daig
Mining, Data structures more compiex than a single reco;'(i
and implemented by relating pairs of lal.)._l'es through so-
called forcign key relations. Sucha relation specili ies how

certain columns inn one table can be used to icok up

mformatlon in corresponding columns in the other tabfe

thus relating sets.of records in the two tables,

Structured individual_s (graphs) are represented in a
relational database in a distributed fashion. Each part of
the individual (node) appearsas a single record in one of
the tables. All parts of the same class for all individuals

appear in the same tabie. By following the foreign

-keys(edges), different parts can be joined inn order to

reconstruct an individual. In our search for pattems in
the’ relational database, we will need to query individuals
for certain structural properties. Relational databasc
theory employs two popular fanguages for retrieving
information from a relational dataoase relational algebra
and the Structured Query Language (SQL). The former is
primarily used in the theoretical settings, whereas therfa'tter
is primarily used in practical systems. SQL is supported
by all major RDBMSs. In this paperwe employ an

additional (graphical) language that selects individuals
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on the basis of structural properties of the graphs. This
language translates easily into SQL, but is preferagfé
because manipulation of structural expressions is more

intuitive.
3.1 MRDM Architecture

Data Mining, and specifically the multi-relational variety,
is a computation-intensive activity. Especially with serious
applications of industrial size, a lot of data needs to be
processed and scanned multiple times, in order to validate
the large number of hypotheses generated by the
afgorithms siich as covered in this fext. We demand
‘im‘falemenrations of these algorithms to be at least
rﬁodemtely efﬁcieﬁt and more importantly scalable, that
| is to perform predicatively with increasing data volumes.
Thése.demands force us to pay attention to the
architeéture of such irnplementafi'ons. In this section we
propose a three-tiered client/server architecture that
satisfies these demands. 1t has been applied with success
in Propositional Data Mining software [37][381{39]. An
important subject in Data Mining architecture is how data

access if organized. -

The arcliitecture consists of three tiers: the presentation

tier, the Data Mining tier and the database tier. Each tier
will typically run on a separate worksta_tion that is tuned
towards the specific needs of the tier in question. For
example the database tier will 1cleally runona large server
wuh ample main memory and fast access to secondary
storage, whereas for the presentation t;er, a regujar
(le.sktop machine will suffice: Although separate
workstat ions for each tier are optimal, severa! tiers can be
run on asingle mach ine. The presentation and Data Mmlng
tier are an obvmus choice, as they both have moderate

computation requirements.

The database tier has exclusive access to the data. It is
responsible for the actual scanning of tiﬁs data, and
ausivering questions about the frequency of certain
patterns. Furthermore its task is to find an efficient way of
processing the many (similar) queries. The Data Mining

tier is responsible for guiding the search, and producing

interesting hypotheses for the database tier to test. It will

often consist of an MRDM kernel that deals with the
basics of MRDM, such as the representation of data
mddels, selection graphs and refinements efc., aswell as
anumber of search algorithms that implement the di f‘fere:nt
mining strategies. Finally, the presentation tier ié

responsible for interfacing with the user.

Each tier has a limited responsibitity and can be optimizes
for this specifically. Communication between tiers is
relatively limited. The graphical user interfacc
communicates with the data Mining aigorithm o'ﬁ!y at the
beginning and end of a run. The Data Mining tier

communicates with the database tier through predefined

.clata mining primitives. This amotints to sending a small

query and rece‘iﬁng back a compact list of statistics that
describes the coverage of a list of patterns, as implied by

the query.

Because of the relative indépenden(:e of tiers, parts of the
overall system can be replaced or optumzed without
interference with the remaining components. Speclﬁc'illy
the database tier allows a range. of RDBMSs. to.be
employed. By using a.venddr-independent.. databasc
connectivity layer, such as ODBCor JDBC o comnninicate
between the database and Data Mining tier, alternative
databases may be tried without affecting the other

components.
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Because the hypothesis testing is separated from the
mining process, and organized into primitives, the RDBﬁS
is allowed to optimize the data access, for example by
parallelizing the query processing. Also, queries stemming
from different Data Mining tools working on the same
data could be integrated. An interesting development is
this respect is the work by Manegold et al.[40] on the
database system Monet[41]. They observe that due to
the nature of top-down (Propositional) Data Mining
algorithms, many of the data mining primitives are
concerned with very similar coilectlons of data, By
elammatmﬂ common sub-expressions in the query—f-raphs
and buffering partial results of previous queries, the query
processiﬁg can be optimized considerab!y. This method
works in a manner that is trans;jarent to the Data Miﬁing
tier, and can thus easily be inserted in place of more

mainstream RDBMSs.
IV. MucTi-RiLATIONAL DATA MINING MEzTions
4.1 ILP Approach to Multi-Relational Classification

Inductive Logic Pr_ogral_nmir_:g (ILP) ié the most widely
used category of approaches to Multi-Relational
classification. There are many ILP approaches. In general,
they aim to find hypotheses of a certain format that can
predict the class labels of target tuples, based on
background knowledge (i.e., the information stored in all

relations),

Many ILP approaches achieve good classification
accuracy , most of them are not highty scalable with
respect to the number of relations in the database. The
target relation can usually join with each nontarget relation

via multiple join paths. Thus in a database with reasonably

complex schema, a large number of join paths will need to
be explored. In order to identify good features, many 1LD
appraqaches repeatedly join the relations among different
Join paths and evaluate features based on the joined
relation. this is time consuming, especially with the joined’

relation contains many more tuples than the target relation.
4.2 Tupie Id Propagation

Tuple 1D propagation is a technique for performing virtual
Join, which greatly improveé efficiency of Multi-Relational
classification. instead of physically_ioininn relations tl.tey
are virtually joined by attaching the 1Ds of tarnrer tupk,s
to tuples in nontarget relations. In this way ihe predlca{es
can be evaluated as if a physical join were performed.
Tupie 1D propagation is ﬂexible and efficient, becaus.e
IDs can easily be propagated between any two relations,
requiring only small amounts of data transfer and extra
storage space. By doing so, predicates in different
relations can be evaluated with little redundant

computation,

Suppose that the primary key of the target relations is an
attribute of integers, which represents the ID of each
target tuple (we can create such a primary key if there
isn’t one). Suppose two relations, R1 and R? , can be
joined by attributes R .A and R,.A. in tuple 1D
propagation, each tuplet in R, is associated \;vitll'ai set of
IDs in the target relation, represented by IDset(t). For
each tuplé win R, we set ID set (u) =V, rieace 4 1DSELL).
That is, the tuple IDs in the 1Dset for tuple t of R, are
propagated to each tuple, v, in R, that is joinable with  on

atiribute A,
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4.2.1 Multi-Relational classification using Tuple ID
Propagation {

CrossMine approach that uses tupe I1d propagation for
Multi-Relational classification, To better integrate the
information of ID propagation,.CrossMine uses complex
predicates as elements of rules. A complex predicate, p,

contains two parts:

1. prop-path: Tis indicates how to propagate 1Ds. 1fno
1D propagation is involved, prop-path is empty. -

3 Constraint: This is a predicate indicating the

constraint on the relational ‘to which the 1Ds are

propagated. it can be either categorical or numerical.

Ci‘ossMine bﬁilds a élassiﬁerl conlainiﬁg a set of rules,
each containing a list of complex prediéates and a class
label. The algorithm of CrossMine is also a sequential
coveriﬁg al gorithin like FOIL. 1t builds rules one at a time.

After a rule r is built, ali positive target tupels satisfying r

are removed from the data set. Tobuild a rule,_CrossMine ‘

repeatedly searches for the best complex predicate ‘and
appends it to the current rule, until the stop criterion is
met. a 1el'mon is active if lt appears m the current rute.
Before sear chm" for the next best predicate, cach active
relation is required to have the 1Dset of propagated 1Ds
for each of its tuples. When searcl_ﬁng for a pfédicgite,
CrossMine evaluates al of the poss ible predicates on any
actwe relation orany relation that is ]omable withan acnve
relation. When there are more than two classes of target
tupies CrossMinie bu;lds a set of niles for each class
Crosste uses tuple 1D propaﬂation to search for the

beset predi icate in all of the active refati lons,

Algorithm: CrossMine. Rule-based classification across

multiple relations.

Input:

D, a relational database;

R, atarget relation
Method

rute set Re- 0

while (true)

rule ré empty-rule;
set R, to active;
repeat

Complex predicate pé the predicate with highest foil

 gain;

if foil_gain(p)<MIN_FOI L GAINthen
break;

else

ré r+p; // append predicate, increasing tule length by 1
remove all target tuples not satisfying 1;

update 1Ds on every active relation;

_if p. constraint is on an inactive relation then
set that relation active;
endif
until (. length=MAX_RULE_LENGTI]}

if r=empty-rule then break;

Ré Rv {r};

remove alt positive target tuples satisfying r;
set all relations inactive;

endwhile

return R;

This algorithm fails to find good predicates in databases
containing relations that are only used to join-with other

refations.
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V. CONSTRAINT-BASED CLASSIFICATION ACROSS
MucrieLE RELATIONS (IMPROVED CROSSMLNE{
ALGORITIIN )

This algorithm facilitates to find good predicates in
databases containing relations that are only used o join

with other relations.
Input:

D, a relational database;

R atarget relation

Method
rule set Re0
while (true)
rule ré empty-rule;
set R, to active;

for each r.length = MAX_RULE_LENGTH

Complex predicate pé the predicate with highest foil

gain; -
iffoil_gain(p)<MIN_FOIL_GAIN then
rule= Séek_One__Rule(D,R‘,r);
break; |
else

ré r+p; // append predicate, increasing rule length by

remove ail target tuples not satisfying r;
update IDs on every active relation;

if p. constraint is on an inactive relation then

set that relation active;
endif
end for
if =empty-rule then break;
Ré Rv {r);
remove all positive target tuples satisfying r;
set all relations inactive; |
endwhile
return R;
VI. ConcLusion

In this paper we have demonstrated that Multi-Relational
Data Mining is inherently more powerful than Propositional
Data Mining. There clearly is a lé.rge class of Data Mining
problems that cannot be successfully approached using
a single table a representational sefting. These problems,
which can be characterized by the presence of iqtemal
Structure within the individuals they deal with, can
successfully be approached by the multi-relational tools
and techniques that are the subject of this thesis._MRDM
techniques are not the only ones that deal with Stmcmrecl
data, We have presented a genus of Struétured Data
Mining paradigms that each apprbacheé -the
representation of data, and consequently the manipu[atidn
and analysis of the database, from & unique “tradition’,
MRDM is an important member of this famj ly of paradigms.
Hts particular strength lies in how it employs a number of
concepts from relational database theory to capture more
complex characteristics of the data and achieve efﬁc;iency

and scalability. Additionally the dominancg in 'mduétry of
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its underlying relational tradition makes MRDM an
obvious choice. Although our main emphasis has bqé'n
on MRDM, we. recognize the value of approaching
problems in the more abstract settirig of Structured Data
Mining. By combining échievements that have been made
relatively independently of one another, a richer set of
techniques becomes available, and redundant
development can be prevented. Furthermore a unified
approach aids and comparison of existing techniques,
which are mainly reiaresentation—;peciﬁc. We therefore
see the aeneralization of techniques from the individual
paradigms, and integration of common ideas m SDM, as

an important direction for future research.
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