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Abstract — Data mining techniques with the existing
approaches look for data as patterns in a single data table. In
recent years, the most common types of patterns and data
mining approaches are extended to the multi-relational data.
Multi-Relational Data Mining (MRDM) approaches involve
multiple tables (relations) from a relational database. MRDM
now encompasses association rule discovery, decision trees
and distance-based methods among others. Three popular
techniques such as classification, clustering and association
rules have been explored in propositional and structured
data mining. It then provides an insight into various
classification methods including Inductive Logic
Programming, Relational database, emerging patterns and
associative approaches. MRDM approaches have been
successfully applied to a number of problems in a variety of
areas especially in the area of bioinformatics. This paper
discusses some of the characteristics and comparisons in
detail and finally on future directions of some applications of
MRDM.

Keywords – Classification, decision tree, inductive logic
programmig, multi relational data mining.

I. INTRODUCTION

Data mining has extracted a great deal of attention in the
information industry and in society at large in recent years.
Due to wide availability of huge amounts of data,
imminent need for tuning such data into useful
information and knowledge , data mining can be viewed as
a result of natural evolution of information technology.
Data mining refers to “extracting” or “mining” knowledge
from the large amounts of data. Thus, more appropriately
named as knowledge mining from data or as knowledge
extraction or data/pattern analysis, or data
archaeology/data dredging or as KDD (knowledge
discovery from data). Relational databases are the popular
format for structured data, and one of the richest sources
of knowledge in the world. There are many real world
applications of decision making process based on
information stored in relational databases. Multi-relational
data mining (MRDM) aims to discover knowledge directly
from relational data. There have been many approaches for
classification, such as neural networks and support vector
machines; however, they can only be applied to data in
single flat relations. It is counter-productive to convert
multi-relational data into single flat table because such
conversion may lead to the generation of huge relation and
lose essential semantic information. The important
MRDM task is Multi-Relational Classification (MRC)
which aims to build a classification model that utilizes
information in different relations.
A. MRDM motivation

Most of the data mining algorithms available are based
on an attribute- value setting that restricts their use to

datasets consisting of a single table (or relation) allowing
the analysis of fairly simple objects. It requires that each
object be described by a fixed set of attributes each of
which can only have a single (unstructured) value. To
represent more complex and structured objects, one has to
employ a relational database containing multiple tables
describing each object by multiple records containing
multiple relations. Specific algorithms are required that
cope with the structural information occurring in relational
databases. The MRDM framework described in this paper
can be used to such algorithms.
B. MRDM frame work

In our search for patterns in the relational database, we
will need to query individuals for certain structural
properties. MRDM is the multi-disciplinary field dealing
with knowledge discovery from relational databases
consisting of multiple tables. Mining data which consists
of complex/structured objects also falls within the scope of
this field, since the normalized representation of such
objects in a relational database requires multiple tables.

Typical data mining approaches look for patterns in a
single relation of a database. For many applications,
squeezing data from multiple relations into a single table
requires much thought & effort and can lead to loss of
information. An alternative for these applications is to use
multi-relational data mining. This analyzes data from a
multi-relation database directly without the need to
transfer the data into a single table first. Thus the relations
mined, reside in a relational or deductive database with
background knowledge which corresponds to views in the
database.

Present MRDM approaches consider all of the main data
mining tasks, including association analysis, classification,
clustering, learning probabilistic models and regression.
The pattern languages used by single-table data mining
approaches for these data mining tasks have been extended
to the multiple-table case. Relational pattern languages
now include relational association rules, relational
classification rules, relational decision trees, and
probabilistic relational models, among others. MRDM
algorithms have been developed to mine for patterns
expressed in relational pattern languages. MRDM aims at
integrating results from existing fields such as inductive
logic programming (ILP), KDD, statistics, machine
learning and relational databases; producing new
techniques for mining multi-relational data and practical
applications of such techniques.

MRDM methods have been successfully applied across
many application areas, ranging from the analysis of
business data, through bio-informatics and pharmacology
to Web mining and Spatial Data mining.

mailto:akpanda7@yahoo.co.in
mailto:rashmimcamtech@gmail.com
mailto:lapa@gmail.com
mailto:mrpatra12@gmail.com


a

Copyright © 2012 IJECCE, All right reserved
1271

International Journal of Electronics Communication and Computer Engineering
Volume 3, Issue 5, ISSN (Online): 2249–071X, ISSN (Print): 2278–4209

MRDM methods are based on two alternative
approaches: propositional and structural. The propositional
approach requires the transformation of multi-relational
data into a propositional (or attribute-value) representation
by building features that capture relational properties of
data. This kind of transformation, named
Propositionalization, decouples feature construction from
model construction so that conventional propositional
regression methods may be applied to transformed data,
and a wider choice of robust and well-known algorithms
are allowed. The structural approach takes into account the
original data structure, so that the whole hypothesis space
is directly explored by the mining method. MRDM
algorithms search a large hypothesis space in order to find
a suitable model for a given data set. In our MRDM
framework we will mainly express such structural
characteristics by building on conditions at the low level of
relationships between pairs of tables. For example, we will
select candidate subgroups of molecules by extracting
structural features from the molecule and the atom table
and the association between them. We will refer to such
incomplete and localized information as local structure. By
combining conditions on the local structure (not necessarily
involving the target table) we end up with expressions
about individuals. Local structure involves data in two
tables, but more importantly, the association between them.
The association will typically be one-to-many (or many-to-
one depending on the order of the two tables). Such a one-
to-many relationship basically defines a grouping on the
records in the table on the many side, as demonstrated
below:

Fig.1. One –to-many relationships

We can select records in one table on the basis of
features of the associated group of records in the other
table. This way of extracting information about local
structure by means of describing groups of records will be
the primary approach to building descriptions of
individuals.

There are two important ways of expressing conditions
on groups in local structure. Choosing one of these ways
has a major impact on the pattern language to be used, and
thus on the type of knowledge that can be extracted from
the database. Furthermore, this choice determines the
applicable algorithms.
These approaches are:
• Conditions on the occurrence within the group of

records with a particular characteristic. These so-called
existential features typically involve one or more
attributes of the records, but can also just refer to the
existence of a record, or of records that are again
related to records in the other tables through other
associations. This approach has been the predominant
mode of work in other Structured Data Mining

frameworks, such as Inductive Logic Programming and
Graph Mining.

• Conditions on the group of records as a whole. By
means of so-called aggregate functions we can
describe a group in a variety of ways. For example,
groups can be selected on the basis of their size or on
the average value within the group of a particular
numeric attribute.

• Such conditions are a superset of the existential
conditions, as we can include the exists aggregate
function. The approach based on aggregate functions
has only recently been receiving attention in the field of
Structured Data Mining [28, 29, 30, 31, 32, 33, 34].

II. DATA MINING TECHNIQUES

Data Mining Technique can be broadly divided into two
categories: a) Propositional Data Mining and b) Multi
Relational Data Mining (MRDM)[4].
A. Propositional Data Mining:

An important formalism in Data Mining is known as
Propositional Data Mining. The assumption is that each
individual is represented by a fixed set of characteristics,
called attributes, as a collection of attribute-value pairs,
typically stored as vector of values. Hence the central
database of individuals becomes a table: rows (or records)
correspond to individuals, and columns as attributes. The
algorithms thus employ propositional logic to identify
subgroups, hence the name Propositional Data Mining.
Classifiers work on a single table (attribute-value learning)
with a fixed set of attributes, so their use is restrictive in
DM applications with multiple tables.
B. Structured Data mining :

Many databases are simply too complex to analyze with
a propositional algorithm without ignoring important
information. Rather than working with individuals that can
be thought of as vectors of Attribute-value data, one has to
deal with structured objects that consist of parts
connecting 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 connected. This class of
techniques that support the analysis of structured objects is
Structured Data mining. These are of four categories, as
outlined below, which are characterized by the choice of
representation of the structured individuals. Although
within each category the identification with the chosen
representation is often very strong, it makes sense to view
them in the broader perspective of Structured Data
Mining.

Graph Mining: [20]The database consists of labeled
graphs, and graph matching is used to select individuals on
the basis of substructures that may or may not be present
.Graphs becomes increasingly important in modeling
complicated structures ,such as circuits ,images, chemical
compounds ,protein structures, biological networks ,social
networks ,the web ,workflows and XML documents.
Many graphs search algorithms have been developed in
chemical informatics, computer vision, video indexing and
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text retrieval. With the increasing demand on the analysis
of large amounts of structured data, graph mining has
become an active and important theme in data mining.
Graph mining is used to mine frequent graph patterns and
perform characterization, discrimination, classification etc.

Inductive Logic Programming (ILP):[21], [22] The
database consists of a collection of facts in first-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. [54]
Semi-Structured Data Mining :[53] The database consists
of XML documents, which describe objects in a mixture
of structural and free-text information.

Multi-Relational Data Mining (MRDM):[52]The
database consists of a collection of tables (a relational
database). Records in each table represent parts, and
individuals can be reconstructed by joining over the
foreign key relations between the tables.[35][36][37].
Subgroups can be defined by means of SQL or a graphical
query language.

III. THE MRDM APPROACH

Most existing data mining methods are propositional,
and hence unfortunately do not work with many current
databases, which contain multiple tables, such as those
typically required for spatial data. Current databases need
to store data that is simply too complex to be expressed as
a single type of entity, or could contain relationships
between entities. Propositional data mining in these cases
is replaced by MRDM [14, 18]. MRDM works with data
stored in a multi-relational database that contain |T| types
of entities, T={t1, t2, …, t|T|}, as well as the relationships
between these entities. In this type of database, all the
relationships between the entities are explicitly given and
are expressed through the use of Foreign Keys (FK) which
refer the Primary Key (PK) of other entity-types. Table-1.
illustrates an entity-type in a multi-relational dataset which
refers Table 2.

Table I. A typical propositional database : People
P_ID First Name Last Name Age

P1 Mark Doe 34
P2 John Smith 45
P3 Bwtty Smith 39
P4 Fred Flant 54

Table II. People
P_ID First Name Last Name Age

P1 Mark Doe 34
P2 John Smith 45
P3 Bwtty Smith 39
P4 Fred Flant 54

Table III. House
H_ID P_ID Value Size
H1 P1 60000 400
H2 P1 240,000 1500
H3 P2 120,000 5,00
H4 P3 232,000 8000

Table IV. People housed- Universal Relation
First_Name Last_name Age Value Size

Mark Doe 45 60000 4000

Mark Doe 45 240000 1500
John Smith 34 700000 500

Betty Smith 39 232000 8000

Table V. People-house aggregated

In this example, the column ‘P_ID’ of House is acting as
the FK column since it refers values from the PK feature
of People. It is not trivial to extend techniques that mine
propositional data so that they work efficiently and
accurately on multi-relational databases [16, 14, 18]. One
alternative is to convert the multiple relationships and
entity-types to a single relation, the so-called universal
relation (Table-4), that represents all of the data in the
database. The result of this process can be huge, contain
much duplicate information and still loose essential
information [18, 19]. For example, if similar entities are
grouped, a single entity might end up in multiple groups
even though conceptually it is a single entity. Assume two
groups are created: G1={H1, H3} and G2={H2, H4}, i.e.:
people with a house worth <$200,000 and >$200,000
respectively (groupings shown in Table-4). While this is a
valuable grouping, Person P1 would belong to multiple
groups since he owns houses of both types. Aggregation
would be able to resolve this predicament but if House
was to be aggregated (resulting in Table-5) then the fact
that ‘John Smith’ owns multiple houses is lost.

Relational databases are the most popular repository for
structured data where multiple relations are linked together
via entity-relationship links. Relational classification
approaches can only be applied to data represented in
single,”flat” relational form that expect data in a single
table. MRDM methods search for patterns that involve
multiple tables (relations) from a relational database where
each table is represented as an entity or relationship,
described by a set of attributes, converts multiple
relational data into a single flat relation using joins and
aggregations.

There is a single, yet essential disadvantage to the
propositional 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 as 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 are unordered or interchangeable. It
is impossible to assign properties of parts to particular
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attributes of the individual without introducing some
artificial and harmful ordering.

• Real-world objects can exhibit a recursive structure.
The MRDM approaches are a) based on Selection Graph

b) based on Tuple ID propagation and c) Based on Multi
view Learning.

Selection graph model can use SQL to directly deal with
relational tables. Selection graph based MRC from a
multi-relational data mining frame, get out of ILP
approaches and transform the relationship between the
tables into intuitive selection graph and is easy to be
represented by SQL that can complete MRC.

Tuple ID propagation model joins relational tables
through propagating tuple ID which is to propagate class
ID from target table to other tables in relational database.
By doing so, the next computing tasks can do with little
redundant, and the required space is also small than the
physical join. The method do not implement so many
physical connections as ILP and so reduce the costs of
time and space. [3] In essence, Tuple ID propagation is a
method for virtually joining non-target relations with the
target one. It is a flexible and efficient method.

The multi-view learning problem with ‘n’ views can be
seen as ‘n’ inter-dependent relations and are thus
applicable to multi-relational learning. The Multi View
Classification (MVC) approach employs the multi-view
learning framework to operate directly on multi-relational
databases with conventional data mining methods. The
approach works in five stages such as : 1. Information
Propagation Stage, 2. Aggregation Stage, 3.Multiple
Views Construction Stage, 4.View Validation Stage, 5.
View Combination Stage.

The comparative analysis shows some strong points of
Multi View Learning (MVL) compare to other
approaches. The first is that the relational database is able
to keep its compact representation and normalized
structure.

Table VI. Comparative analysis of MRDM approach:

The second is that it uses a framework that is able to
directly incorporate any traditional single-table data
mining algorithm. The third is that the multi-view learning
framework is highly efficient for mining relational
databases in term of running time. The algorithm should
be scalable in the size of the database tables as well as the
number of such tables. It should work directly out of
existing databases since it is not feasible (From both time
and space perspective) to transform data even in individual
tables to different forms of representations. It should be
able to work without requiring collation or replication of
data from all tables. Since there may be different
authorization controls for different database tables, the
algorithm should be modular with an ability to execute
different parts of the algorithm by different users/stages.
The algorithm should effectively leverage the semantic
grouping that is implicit in the design of RDBMS. MRDM
aims to discover knowledge directly from the relational
data through three different task or approaches such as :
 Multirelational classification
 Multirelational clustering
 Multirelational frequent pattern mining

Multirelational classification aims to build a
classification model that utilizes information in different
relation. Classification is a form of data analysis that can
be used to extract models describing important data
classes or to predict future data trends. Classification
predicts categorical (discrete, unordered) labels, whereas
prediction models continuous valued functions. The
classification across multiple database relations is divided
into two steps with the same propositional classification
(i).To learn classification model from examples (Learning
step or Training Phase) and ii).To classify and test using
the model. Based on the methods of knowledge
representation, this paper focuses on the relational
classification with four main categories such as : i). ILP
(Inductive Logic Programming based MRC (LBRC) ii).
Relational database based MRC (RBRC), iii).Emerging
Patterns based MRC iv).Associative MRC. An extensive
survey of literature was made to identify various research
issues in this filed. The following sections present
different methods and the research directions in each area.
Multirelational clustering: The aims to group tuples
into clusters using the own attributes as well as tuples
related to them in different relation. Cluster analysis can
be used as a stand-alone data mining tool to gain insight
into the data distribution or can serve as a preprocessing
step for other data mining algorithms operating on the
detected clusters. The quality of clustering can be assessed
based on a measure of dissimilarity of objects, which can
be computed for various types of data, including interval-
scaled, binary, categorical, ordinal, and ratio-scaled
variables, or combinations of these variable types. For
nonnumeric vector data, the cosine measure and the
Tanimoto coefficient are often used in the assessment of
similarity. These can be categorized into partitioning
methods, hierarchical methods, density-based methods,
grid-based methods, model-based methods, methods for
high-dimensional data (including frequent pattern–based
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methods), and constraint based methods. Some algorithms
may belong to more than one category.
Multirelational frequent pattern mining: It aims at
finding patterns involving interconnected items in
different relations such as : Mining Multilevel Association
Rules : For many applications, it is difficult to find strong
associations among data items at low or primitive levels of
abstraction due to the scarcity of data at those levels.
Strong associations discovered at high levels of abstraction
may represent commonsense knowledge. Moreover, what
may represent common sense to one user may seem novel
to another. Therefore, data mining systems should provide
capabilities for mining association rules at multiple levels
of abstraction, with sufficient flexibility for easy traversal
among different abstraction spaces. Mining Multi
Dimensional Association Rules: Following the
terminology used in multidimensional databases, we refer
to each distinct predicate in a rule as a dimension.

Comparative Study Between MRDM, ILP, GM, SGM
comparative study between the different techniques
available in SDM approach are as per the Table mentioned
below.

Table.VII. Comparative study of different Techniques
Name of
concept

MRDM ILP GM SSDM

Attributes Yes Yes No Yes
Numeric value Yes Yes No No
Intentional data Yes Yes No No

Graph/tree Graph Graph Graph Tree
Order in

structural parts
No No No Yes

Structured
terms

Yes Yes No No

Attribute are the field values of any relation (table).For
example name field can be the attribute of a student
relation from the above table we can know that all the
technique support the attribute except the graph mining.
Attributes with numeric values are supported by only the
MRDM and ILP technique whereas GM and SSDM
doesn’t supports directly attribute with the numeric value.
Intentional data are supported by both the technique
MRDM and ILP, where as MRDM achieves it by means
of view definitions and ILP treats it in a natural way.
Graphical representation is adopted by the entire
structured data mining paradigms(MRDM,ILP,GM)
except the SSDM. From the above example we can see
that only SSDM can represent the parts in a structural way
through tree except other three .for ex-A parent child
relationship can be represented by tree properly rather
graph.

After studying a lot of papers, related to MRDM and we
are concluding that structured terms can be represented
through both MRDM and ILP technique. Apart from the
representational details we can make differentiate among
the SDM approach techniques through the expressive
power and the utilization of different language. This can
be shown in the following tabular representation.

Table VIII. Comparative study in different languages

From the above diagrammatic representation we can get
the result in the favor of MRDM, which means MRDM is
the best techniques among all the structured data mining
approaches.
Proposed block diagram of MRDM:
Table IX. Proposed block diagram for MRDM approaches

Proposed method in MRDM:
Whatever the data mining algorithms are available in now
a days that are looks for rules in a single table but almost
all database are inter-related with each other like primary
and foreign key relationship which is so called as multi-
relational .During our study of MRDM we feel and
proposed that a novel distributed data-mining method to
mine important rules in multiple tables (relations).This
method has the ability to combine with the genetic
algorithm to enhance the mining efficiency. Genetic
algorithm is in charge of finding antecedent rules and
aggregate of transaction set that produces the
corresponding rule from the chief attributes. If the
Researcher will use this technique in MRDM then they
will get the benefits like:
 It can process multi-relational database efficiently.
 Rules produced have finer pattern

IV. MRDM ALGORITHMS

The basic algorithm for multi-relational rule discovery
demonstrates the primary concepts involved in MRDM
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algorithm. For practical implementation a number of
details need to be dealt with, especially where efficiency
and scalability are concerned. This section presents such
an implementation. The package boosts a Client/Server
architecture with a clear separation between the relatively
lightweight search process and the computation-intensive
evaluation of candidate patterns in the database. This
separation is attractive from an architectural point of view
because it allows a variety of RDBMSs to be used, ranging
from well-known commercial database systems to Data
Mining-optimized query engines such as Monet [15],
without having to alter software on the client side.
Furthermore, the client and server can be run on separate
workstations, each optimized for the specific workload,
thus making a first, but essential, step towards scalability.

The separation of search process and evaluation of
candidate patterns is achieved through multi-relational
data mining primitives. Data mining primitives typically
contain sufficient information to determine the evaluation
measure value for a range of similar candidate patterns.
The mining algorithm never accesses data directly, but
through the use of a small set of predefined primitives.
The statistical summaries can generally be produced by a
single query to the database, for example a single SQL
statement. As a result, the RDBMS can optimize the
access to the data that is required for evaluating multiple
patterns, in one single process. The primitive in question
can be expressed in SQL. It basically sums up the
available elements and counts the positive and negative
examples in which each element occurs.
Multi-Relational Decision Trees Algorithm:

[47]Top-down induction of decision trees is basically a
Divide-and-Conquer algorithm. The algorithm starts with
a single node at the root of the tree, which represents all
individuals. By analyzing all possible refinements of the
empty extended selection graph, and examining their
quality by applying some interestingness measure, the
optimal refinement is determined. This optimal refinement
together with its complement is used to create the patterns
associated with the left and the right branch, respectively.
Based on the stopping criterion, it may turn out that the
optimal refinement and its complement do not give cause
for further splitting. In this case, a leaf node is introduced
instead. Whenever the optimal refinement does provide a
good split, a left and right branch are introduced and the
procedure is applied to each of these recursively.

BuildTree (tree T, database D, pattern P)
R = Optimal Refinement (P, D)
if Stopping Criterion(R)
T = leaf(P)
else
Pleft = R(P)
Pright = Rcompl (P)
BuildTree (left, D, Pleft)
BuildTree (right, D, Pright)
T = node (left, right, R)
The function Optimal Refinement takes the current

pattern P and considers every possible generic Positive
refinement with respect to the data model of D. For each
of these generic refinements a Multi-relational data mining

primitive call is sent to the server that handles the data,
and the necessary statistics are retrieved. The statistics
describe the support of all possible refinements derived
from the current generic refinement. However, these
counts also imply the support of the complementary
negative refinements. The two sets of counts are used to
compute the interestingness measure of choice. This
process is repeated for every possible generic positive
refinement and the optimal refinement is returned. The
function Stopping Criterion determines whether the
optimal refinement leads to a good split based on the
statistics associated with the optimal refinement and its
complement. A range of stopping criteria can be used,
depending on the induction paradigm (classification,
clustering, regression, etc.), but the actual choice is
immaterial to the present discussion.

V. LITERATURE SURVEY

Multi relational classification [48] uses multi view
approach which aims at discovering useful patterns across
multiple inter-connected tables (relations) in a relational
database. Multirelational data mining in medical database
[49] presents the application of a method for mining data
in a multi-relational database that contains some
information about patient’s strucked down by chronic
hepatitis. This work tries to show how they can be useful
for interpreting knowledge in the medical domain. In the
paper Knowledge discovery from relational database for
Inductive Logic Programming (ILP) [46], use of obvious
candidates has been limited. This paper describes an
approach which uses UML as the common specification
language for a large range of ILP engines. Having such a
common language will enable a wide range of users,
including non-experts, to model problems and apply
different engines without any extra effort. The process
involves transformation of UML into a language called
CDBL, that is then translated to a Variety of input formats
for different engines. The paper on Information Extraction
[51], [50], describes as the more text based information
become available online, the greater the potential impact
of better information extraction (IE).IE is a fundamentally
problem ,not only because its goal is to populate database
from text, but because doing this successfully require the
understanding explicit and implicit relations among the
entities the text is about . The paper on Model for MRDM
on Demand Forecasting [38], proposes two models which
are Pure classification (PC) and Hybrid Clustering (HCC).
HCC model is designed to be generic solutions for multi-
relational data mining whose main aim is to divide the
expensive classification task into simpler task by creating
well-defined clusters in the training data set as the
experimental result show better accuracy and Scalability
than the Pure Classification. The two algorithm uses K-
Mean -Mode and K-Nearest neighbor classification to get
the demands of the customer. Neural Networks in Multi-
Relational Data Mining[39] presents how MRDM can be
used in neural network system but its Framework is based
on the search for interesting patterns in the relational
database .The combination of the two can greatly improve
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the efficiency of the methods. It is easy to discover a huge
number of patterns in a database where most of these
patterns are actually obvious, redundant, and useless or
uninteresting to the user. To prevent the user from being
overwhelmed by a large number of uninteresting patterns,
techniques are needed to identify only the
useful/interesting patterns and present them to the user.
Neural networks are suitable in data-rich environments
and are typically used for extracting embedded knowledge
in the form of rules, quantitative evaluation of these rules,
clustering, self-organization, classification and regression.
They have an advantage, over other types of machine
learning algorithms for scaling. Biological Applications of
Multi-relational data mining [46] provides one interesting
lesson that biological applications such as pharmacophore
discovery have provided is how naturally multi-relational
data mining address the multiple instances problem.
Recently, Perlich and Provest in their paper [42] provide a
useful hierarchy of data mining tasks, based on
representation, where multiple instances tasks from a class
subsumed by multi-relational task. Census Data Mining –
An Application: The complexity of multi-relational
application mainly depends of the number of links, the
number of secondary attributes to be selected, the depth of
relation graph, and aggregation operation .Scalability is
also the problem, when several tables are very large. Some
special predicates are expensive to calculate

VI. FUTURE DIRECTION

To get better results, the researcher are encouraged to
try the demand forecasting technique i.e Linear regression
and non linear regression technique ,support vector
machine(SVM) along with the two techniques used in
Neural Network i.e. Effective Combination of Neural
Network and Data Mining Technology & Effective
Combination of Knowledge Processing and Neural
Computation. Future work on data streams, i.e. handling
evolving relational databases in MRDM Classification
could be of immense use. Testing this method’s scalability
against very large databases. Also, experimental
evaluation on learning tasks with more than two classes
may be further investigated. Multiple distinct sources of
information can provide improved accuracy and the
challenge that biological applications raise for multi-
relational data mining systems is ease of use. A biologist
can run a decision –tree leaner or a linear regression
routine or her data with relatively little training and
preprocessing .But running a multi-relational data mining
system typically requires a much larger knowledge
engineering effort. Hence Research is needed into ways of
making multi-relational data mining system easier to use
by biologist or other domain expert. Evaluating for a data
mining implementation algorithm to be suitable is the need
of research following indicators and characteristics
existing neural network which has high precision in the
quality of modeling. Artificial Neural network can be seen
as a black box for users. Other areas to be focused are
Development of ontology-guided multi-relational decision
tree learning algorithms to generate classifiers at multiple

levels of abstractions, incorporation of sophisticated
pruning methods or complexity regularization techniques
into MRDTL-2 to minimize over fitting and improve
generalization, Developments of variant of MRDTL can
learn from heterogeneous ,distributed, autonomous data.
Inability to handle missing attribute values in the real-
world classification tasks can be topic for further research.

VII. CONCLUSION

Multi relational data mining is used to retrieve the data
across several tables. This paper provides comparative
study on multi-relational data mining approaches in
different fields. MRDM uses huge search space of patterns
which is greatly reduced, that makes scaling up to large
databases .It is important to realize from the descriptions
that, the formulation of multi-relational data mining is
very general and a special case of data in the form of
sequences, trees, and graphs. We have presented a genus
of Structured Data Mining paradigms that each approach
has the representation of data, and consequently the
manipulation and analysis of the database, from a unique
tradition. MRDM is an important member of this family of
paradigms. .This paper provides an overview of MRDM
approaches to the real world applications and so the
classification methods across multiple database relations
including ILP, Relational database & Decision tree
induction that emphasizes to overcome the real world
problems. The paper also envisages that, MRDM not only
deals with the structured and propositional data mining but
also discovered the patterns through ILP systems. Also we
present some of the topics for further researches which are
discussed in brief as future directions.
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