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Abstract— Data mining and knowledge discovery in databases have been attracting a significant amount of research, 
industry as well as media attention. Data mining applications normally involve complex data such as multiple hefty varied 
data sources, user preferences, and business crash. In such conditions, a specific method or one-step mining is often limited 
to discovering informative knowledge. It would also be very time plus space consuming, unless impossible, to join relevant 
large data sources for mining patterns consisting of multiple aspects of information. It is necessary for the future to come up 
with efficient method for mining patterns combining necessary information from various relevant business lines, catering for 
real business settings plus decision-making actions rather than just providing a single line of patterns. Sooner than presenting 
a particular algorithm, this paper builds on our existing works and proposes combined mining as a general approach to 
mining for informative patterns combining components from either multiple data sets or multiple features or by multiple 
ways on demand. The mechanism describes the paradigms and basic processes for multi feature combined mining, multi 
source combined mining, and multi method combined mining.  Novel types of combined patterns, for example incremental 
cluster patterns, can result from these frameworks, which cannot be completely produced all the way through existing 
methods. A set of existent case studies has been performed to test the frameworks, with few of them briefed here. They 
recognize combined patterns for informing government debt prevention and improving government service objectives, 
which illustrate the flexibility and instantiation capability of combined mining in discovering informative knowledge in 
complex data. 

. 
Index Terms— Knowledge Discover, Multi feature combined mining, Multi source combined mining, and multi method 
combined mining. 

 
I. INTRODUCTION 
 
A wide variety of fields, data are being collected and 
accumulated at a dramatic pace. There is an vital 
requirement for a new generation of computational 
theories and tools to assist humans in extracting 
useful information (knowledge) from the rapidly 
growing volumes of digital data. Technology now 
permit us to capture and accumulate vast quantities of 
data.Locating patterns, trends, and anomalies in these 
datasets, and summarizing them with easy 
quantitative models, are one of the grand challenges 
of the information age turning data into information 
and turning information into knowledge.  
Modern businesses use a multitude of different 
computer systems to manage their daily business 
processes for example sales, production, planning, 
etc. These systems, commonly referred to as 
operational systems, have been acquired from 
numerous vendors over a long period of time and are 
often based on different technologies. The integration 
among the operational systems is thus usually poor. 
Though, integration is needed while the business 
must combine data from several operational systems 
in order to answer important business questions, e.g., 
sales and production data must be combined to 
determine the profitability of a product. The 
enterprise data mining applications solves the 
problem by integrating data from the operational 
systems into one common data store for data analysis 
and information knowledge. Enterprise data mining 
applications, for example mining public service data  

 
and telecom fraudulent activities, inevitably engage 
complex data sources, particularly multiple large 
scale, distributed, and heterogeneous data sources 
embedding information about business transactions, 
user preferences, plus business impact. In these 
condition, business people certainly expect the 
discovered knowledge to present a complete picture 
of business settings rather than one view based on a 
specific source. Knowledge reflecting full business 
settings is more business friendly, comprehensive, 
and informative for business decision makers to 
accept the results and to take operable actions 
accordingly. With the accumulation of ubiquitous 
enterprise data, there is rising need to mine for such 
informative knowledge in complex data. 
It is challenging to mine for comprehensive and 
informative knowledge in such complex data suited 
to real-life decision needs by using the existing 
methods. The challenges come from several aspects, 
for instance, the conventional methods usually 
discover homogeneous features from a single source 
of data while it is not effective to mine for patterns 
combining components from multiple data sources. It 
is often very costly and sometimes not possible to 
join multiple data sources into a single data set for 
pattern mining. 
A. Problem Outline 
It’s a challenge to providing an informative data from 
complex data by on existing real life decisions. The 
Traditional works using the patterns to gain 
informative data. The pattern is given single line of 
information, with this information of pattern we 
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cannot taken the business logic decisions.  It is very 
difficult to generate the patterns on multidimensional 
datasets, it consuming the very high cost and space on 
the datasets.  
B. Objective 
The informative data discovering is having a crucial 
role in following telecom organizations, large 
industry, distributed plus heterogeneous data sources 
embedding information about business transactions.  
These organizations will thing the discovering the 
data is informative and helpful to taken some 
business logic rules, viewing is only under stable 
through multiple objects. The data will evaluate on 
numerous sources and providing the informative data 
is difficult. Most people are demanding to developing 
the different methods and frameworks to provide 
informative data, this all are will not tinkering with 
the cost and space complex problems. To getting 
informative data is only on single sources and single 
feature. The organizations need to consider the 
diverse sources and different features to providing the 
informative data. 
C. Methodology 
Combined patterns mechanism consist of numerous 
components, a pair or cluster of atomic models, 
identified in individual sources or based on individual 
manner. The common ideas of combined mining are 
as follows.  
 
 By involving multiple heterogeneous features, 

combined patterns are generated which return 
multiple aspects of concerns and characteristics 
in businesses.  
 By mining various data sources, combined 

patterns are generated which reflect multiple 
aspects of nature recorded across the business 
lines. 
 By applying multiple methods in pattern mining, 

combined patterns are generated which disclose a 
deep and comprehensive essence of the data by 
taking advantage of different methods.  
 By applying various interestingness metrics in 

pattern mining, patterns are generated which 
reflect concerns and significance from multiple 
perspectives. 

II. LITERATURE SURVEY 
 
D.  Introduction 
Most of existing data mining method not concrete 
discovering patterns on complex data. Those methods 
one is PrefixSpan [1], this method is concrete on the 
sequential patterns. PrefixSpan meaning is Prefix-
Projection Sequential Patterns Mining. PrefixSpan 
mines the complete set of patterns but greatly reduces 
the efforts of candidate subsequence generation. 
Moreover, prefix-projection significantly reduces the 
size of projected databases and leads to efficient 

processing. The general idea is to study only the 
prefix subsequences and project only their 
corresponding postfix subsequences into projected 
databases. In every projected database, sequential 
patterns are grown by exploring only local frequent 
patterns. To further increase mining efficiency, 
database projections of two kinds are explored: level-
by-level projection and bi-level projection. Moreover, 
a pseudo-projection technique with main-memory-
based is developed for saving the cost of projection 
and speeding up processing when the projected (sub)-
database and its associated pseudo-projection 
processing structure can fit in main memory. This 
method is running efficiently to generate the patterns. 
E.  Related Works 
Direct mining for discriminative patterns has been 
highlighted, such as firstly Harmony [2], this 
approach will working on classification rules by 
using this rules us directly mines the final set. 
HARMONY uses an instance centric rule generation 
approach in the sense that it can assure for each 
training instance, one of the topmost confidence rules 
covering this instance is included in the result set, 
which helps significantly in attaining maximum 
classification accuracy. By introducing various novel 
search strategies and pruning methods into the 
traditional frequent item- set mining framework, 
HARMONY also possesses high efficiency and 
excellent scalability. 
The direct mining having proposed by another 
technique is model-based search tree [3], model based 
search helps to builds a decision tree that partitions 
the data onto different nodes. Further at each node, it 
directly discovers a discriminative pattern to further 
divide its examples into purer sub sets. Since the 
number of examples towards leaf level is relatively 
small, this new approach is helpful to examine 
patterns with extremely low global support that could 
not be enumerated on the whole dataset by the two-
step method. This discovered feature vectors are more 
accurate on some of the most difficult graph as well 
as frequent item set problems than most recently 
proposed algorithms but the total size is typically 
50% or more smaller. Notably, the minimum support 
of some discriminative patterns can be extremely low. 
In order to specify these low support patterns, the 
state-of-the-art frequent pattern algorithm either 
cannot finish due to huge memory consumption or 
have to enumerate 101 to 103 times more patterns 
before they can even be found. 
Software and datasets are available by contacting the 
author. And emerging patterns [4] (EPs) is another 
approach for knowledge discovery from databases. 
EPs are defined as item sets whose supports increase 
significantly from one dataset to another. EPs can 
capture emerging trends in time stamped databases, 
or useful contrasts between various data classes. EPs 
have been proven useful: To prove used them to build 
very powerful classifiers, which being accurate than 
C4.5,CBA and for many datasets. We do believe that 
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EPs with low to medium support, such as 1–20%, can 
give useful new insights and guidance to experts, in 
even “well understood” applications.  
The efficient mining of EPs is a challenging problem, 
since the Apriori property no longer holds for EPs, 
and there are usually too many candidates for high 
dimensional databases or for small support thresholds 
such as 0.5%. Naive algorithms are too costly. To 
solve this problem, promote the description of large 
collections of item sets using their concise borders 
(the pair of sets of the minimal and of the maximal 
item sets in the collections) and a design EP mining 
algorithms which manipulate only borders of 
collections (especially using our multi border 
differential algorithm), and which represent 
discovered EPs using borders. All EPs satisfying a 
constraint can be efficiently discovered by our 
border-based algorithms, which take the borders, 
derived by Max-Miner, of large item sets as inputs. 
Direct mining also some problems, those problems 
solve by using some other techniques those one is 
prune rules [6], Association rules are a fundamental 
class of patterns that exist in data. The key strength of 
association rule mining is based on its completeness. 
It finds all associations in the data that satisfy the user 
specified minimum support and minimum confidence 
constraints. This strength, does comes with a major 
drawback. It often produces a huge number of 
associations. This is particularly holds true for data 
sets whose attributes are highly correlated. The huge 
number of associations makes it very difficult, if not 
impossible, for a human user to analyze in order to 
identify those interesting/useful ones. To overcome 
the huge no of association keys generation proposing, 
the technique first prunes the discovered associations 
to remove those insignificant associations, and then 
finds a special subset of the un-pruned associations to 
form a summary of the discovered associations. Here 
call this subset of associations the direction setting 
(DS) rules as they set the directions that are followed 
by the rest of the associations.  
Using this summary, the user can focus on the 
essential aspects (or relationships) of the domain and 
selectively view the relevant details. The approach is 
effective because experiment results show that the set 
of DS rules is typically very small. They can be 
analyzed manually by a human user. Based on this 
approach there are more approach is reducing 
redundancy [7], in this approach consider the problem 
of clustering two-dimensional association rules in 
large databases. Presenting a geometric based 
algorithm, Bit-Op, for performing the clustering, 
embedded in association rule clustering system and 
ARCS.  
B.1   Association rule clustering 
Association rule clustering is useful when the user 
desires to segment the data. Measure the quality of 
the segmentation generated by ARCS using the 
Minimum Description Length (MDL) principle of 
encoding the clusters on several databases including 

noise and errors. Scale-up experiments reveal the 
ARCS, using the Bit-Op algorithm, balance linearly 
with the amount of data. Some of them can be 
identified through the post analysis. Aside from the 
direct mining of combined patterns, the post mining 
of the identified patterns can be conducted where 
necessary in order to make the patterns more 
actionable. For example, the multi feature combined 
mining approach considers features from multiple 
data sets during the direct generation of more 
informative patterns. 
The integration of multiple data mining methods is 
widely used to mine for more informative knowledge, 
such as associative classification [8], Concept lattice 
is an efficient tool for data analysis. In this approach 
show how classification and association rule mining 
can be unified under concept lattice framework and 
present a fast algorithm to extract association and 
classification rules from concept lattice.  
B.2 Combining Clustering and and association rules 
Combining clustering and association rules for rarity 
mining [9], in this approach a method to analyze links 
between binary attributes in a large sparse data set is 
projected. primarily the variables are clustered to 
obtain homogeneous clusters of attributes. After that 
Association rules mined in each cluster. A graphical 
evaluation of some rule relevancy indexes is 
presented. It is used to take out best rules depending 
on the application concerned.  
B .3 Combining Regression and association rules 
Combining regression with association rule mining 
[10], this approach explores a novel framework for 
building regression models using association rules. 
The model consists of an prearranged set of IF-THEN 
rules, in which  the rule consequent is the predicted 
value of the target attribute. The approach consist of 
two steps: first one is extraction of association rules, 
and construction of the rule-based regression model is 
second. Propose a pruning scheme for redundant and 
in significant rules in the rule extraction step, and in 
addition a number of heuristics for building 
regression models. This approach allows detection of 
global patterns, resistance to noise, while building 
relatively simple models.  
The integration of boosting with associative 
classifiers [11], Associative classification is a novel 
and powerful method originating from association 
rule mining. In previous studies, a comparatively 
small number of high-quality association rules were 
used in the prediction. Propose a new approach in 
which a large number of association rules are 
generated. Then, this rules are filtered using a new 
method which is equivalent to a deterministic 
Boosting algorithm. Through this equality, our 
approach efficiently adapts to large-scale 
classification tasks such as text categorization. 
Experiments with a variety of text collections show 
that our method achieves one of the best prediction 
performance compared with the state-of-the-arts of 
this field.  
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B.4 Sequence classification 
Sequence classification [12], from a data mining 
perspective, sequence classification is to construct a 
classifier using frequent sequential patterns. Though, 
mining for a complete set of sequential patterns on a 
large dataset can be extremely time-consuming and 
the large number of patterns discovered also makes 
the pattern selection and classifier building very time-
consuming. Infact, in sequence classification, it is 
more important to discover discriminative patterns 
than a complete pattern set. In this approach, propose 
a novel hierarchical algorithm to build sequential 
classifiers using discriminative sequential patterns.  
Firstly, to mine for the sequential patterns which are 
the most strongly correlated to each target class? In 
this step, an aggressive strategy is employed to select 
a small set of in order patterns. Secondly, the pattern 
pruning and serial coverage test are done on the 
mined patterns. And  The patterns which pass the 
serial test are used to build the sub-classifier at the 
first level of the final classifier. And thirdly, training 
samples which cannot be covered are fed back to the 
sequential pattern mining stage with updated 
parameters. This procedurecontinue until predefined 
interestingness measure thresholds are reached, or 
else all samples are covered. In These patterns 
generated in each loop form the sub-classifier at each 
level of the final classifier. In this structure, the 
searching space can be reduced dramatically while a 
good classification performance is achieved. The 
planned algorithm is checked in a real-world business 
application for debt prevention in social security area. 
This novel series classification algorithm shows the 
effectiveness and efficiency for predicting debt 
occurrences based on customer activity sequence 
data.  
B.5 Association-rule-mining-based classification 
Association-rule-mining-based classification [13], is 
a rule-based classifier learns rules from a set of 
training data instances with assigned class labels and 
then uses those rules to assign a class label for a new 
incoming data instance. To hold data imperfections, 
probabilistic relational model would represent the 
attributes by probabilistic functions. One extension to 
this model incorporates belief functions instead. Such 
an approach can represent a wider range of data 
imperfections. However, this task of extracting 
frequent patterns and rules from such a “belief 
theoretic” relational database has to overcome a 
potentially enormous computational burden. In this 
work, present a data structure that is an alternate 
representation of a belief theoretic relational 
database. Then develop efficient algorithms to query 
for belief of item sets, extract frequent item sets and 
produce corresponding association rules from this 
representation. This set of rules is then used as basis 
on which an unknown data instance, whose attributes 
are represented through belief functions, is classified.  
A typical challenge is that a huge amount of 
sequential patterns is usually mined in the sequential 

mining procedure. Although pruning algorithms are 
used for post processing, there is still a large amount 
of sequential patterns constructing the feature space. 
In addition,existing algorithms often do not tackle 
important problems such as how to efficiently and 
effectively select discriminative features from the 
large feature space.  
B.6 - Table joining 
Table joining is widely used in order to mine patterns 
from multiple relational tables by putting relevant 
features from individual tables into a consolidated 
one. As a result, a pattern may consist of features 
from multiple tables. This method is suitable for 
mining multiple relational databases, particularly for 
small data sets. However, enterprise applications 
often involve multiple heterogeneous data sets 
consisting of large size of records. In the real world, it 
is too costly in terms of time as well as space, if not 
possible, to attach multiple sources of distributed 
data. Combined mining identify such compound 
patterns in large data sets. 
To getting the patterns mostly using approaches of 
joining tables with relational approaches as Multi 
relational data mining [14], relational databases are 
most popular repository for structured data, and thus 
one of the richest sources of knowledge in the world. 
Because of the complexity of relational data, it is a 
challenging task to design efficient and scalable data 
mining approaches in relational databases. In this 
approach discuss two methodologies to address this 
issue. The first methodology is to use heuristics to 
guide the data mining procedure, in order to avoid 
aimless, exhaustive search in relational databases. 
The second methodology is to assign certain property 
to each object in the database, and let different 
objects interact with each other along the links. 
B.7 Multi database mining 
Multi database mining [15], a database consists of 
multiple relations which are linked together 
conceptually via entity-relationship links in the 
design of relational database schemas. Multi-
relational classification also widely used in lots of 
disciplines, such as financial decision making, 
medical research, plus geographical applications. 
Though, most classification approaches only work on 
single “flat” data relations. It is generally hard to 
convert multiple relations into a single flat relation 
without either introducing huge, undesirable 
“universal relation” or else losing essential 
information. Earlier works using Inductive Logic 
Programming approaches (recently also known as 
Relational Mining) have proven effective with high 
accuracy in multi-relational classification. Unluckily, 
they experience poor scalability with respect to the 
number of relations and the number of attributes in 
databases. In this approach propose Cross Mine, a 
well-organized and scalable approach for multi-
relational classification. Several novel methods are 
developed in Cross Mine, with tuple ID propagation, 
which carry out semantics-preserving virtual join to 
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achieve high efficiency on databases with complex 
schemas, and a selective sampling technique, which 
makes it highly scalable with respect to the number of 
tuples in the databases.  
Both theoretical backgrounds and implementation 
techniques of Cross Mine are introduced. Our 
comprehensive experiments on both real and 
synthetic databases demonstrate the high scalability 
and accuracy of Cross Mine have been intensively 
studied. They are different from combined mining. 
We aim to propose method for multi relational data 
mining which approach for mining complex 
knowledge in complex data. As the multisource 
combined mining shows, combined mining does not 
rely on joining related tables. The resulting patterns 
of the multisource combined mining can consist of 
pairs or clusters of patterns with components from 
multiple data sets, which is new to multi relational 
mining, to the top of our knowledge. 
F.  Problems in existing system 
The existing systems having some draw backs those 
are one by one PrefixSpan [1], this approach is 
getting the patterns as effectively but those patterns 
are not meaning less. By using this approach 
combined mining is not directly producing the results. 
The some other approaches based on the direct 
mining, those are as Harmony [2], mined based 
search [3] and emerging patterns [4]. Direct mining is 
also producing the meaning less patterns. To solving 
the direct mining problems, those some another 
approaches and post analysis and post mining of 
learned patterns, this approaches using the lot of the 
techniques using in the combined mining approach.  
This post analysis and post mining are more useful to 
make the actionable patterns. The post analysis and 
post mining approaches using techniques are prune 
rules [6], reduce redundancy [7] and summering 
learned rules [8], the drawback of this approaches not 
concentrating on the complex data.  
To involving extra patterns to combine the 
approaches, this approach is overlapping by using the 
clustering techniques and classification techniques. 
This clustering and classification techniques based 
existing approaches are associative classification [8], 
combing clustering and association rules for rarity 
mining [9], combining regression with association 
rule mining [10], the integration of boosting with 
associative rule mining [11], sequence classification 
[12] and association rule mining based classification 
[13] this approaches are having common problem of 
efficiently and effectively select discriminative 
features from large feature space.  
To overcome the problems of patterns and 
classification approaches is should be evaluating by 
using the joining table relation with the selective 
approaching on bases of the multi relational data 
mining[14] and multi data base mining [15]. This 
approaches should providing the useful data from 
complex data. The drawback of this approach is 

should be cost is very effective on comparing with 
the other methods. 

 
III. SYSTEM ANALYSIS 
 
G. Introduction about Data Mining and Knowledge 
Discovery 
With the enormous amount of data pile up in files, 
databases, and other repositories, it is more important, 
if not essential, to create powerful means for analysis 
and perhaps interpretation of such data and for the 
extraction of interesting knowledge that could help in 
decision-making.  
Data Mining, also popularly known as Knowledge 
Discovery in Databases (KDD), refers to the 
nontrivial mining of implicit, earlier unknown and 
potentially useful information from data in databases. 
whereas data mining and knowledge discovery in 
databases (or KDD) are mostly  treated as synonyms, 
data mining is in fact part of the knowledge discovery 
process. The following figure (Figure A) shows data 
mining as a step in an iterative knowledge discovery 
process. 

 
Fig A  : Knowledge Discovery Process 

 
The Knowledge Discovery in Databases process 
comprises of a few steps leading from raw data 
collections to some form of new knowledge. The 
iterative procedure consists of the subsequent steps: 
 Data cleaning: also famous as data cleansing, it 

is a phase in which noise data and irrelevant data 
are removed from the collection. 

 Data integration: In this, multiple data sources, 
often heterogeneous, may be combined in a 
common source. 

 Data selection: In which, the data relevant to the 
analysis is decided on and retrieved from the data 
collection. 

 Data transformation: also called as data 
consolidation, it is a phase in which the selected 
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data is transformed into forms appropriate for the 
mining procedure. 

 Data mining: it is the essential step in which 
clever techniques are applied to extract patterns 
potentially useful. 

 Pattern evaluation: in this, strictly interesting 
patterns representing knowledge are identified 
based on given measures. 

 Knowledge representation: is the final phase in 
which the discovered knowledge is visually 
represented to the user. This central step uses 
visualization techniques to help users understand 
and interpret the data mining results. 

It is common to combine some of these steps 
together. For example, data cleaning and data 
integration can be performed together as a pre-
processing phase to generate a data warehouse. Data 
selection as well as data transformation can also be 
combined where the consolidation of the data is the 
result of the selection, or, in the case of data 
warehouses, the selection is conducted on 
transformed data. 
The KDD is an iterative process. Once the discovered 
knowledge is open to the user, the evaluation 
procedures can be improved, the mining can be 
further advanced, new data also selected or more 
transformed or new data sources can be incorporated, 
in order to get different, more proper results. 
Data mining derives its name from the similarities 
between searching for valuable information in a large 
database and mining rocks for a vein of valuable ore. 
Together signify either sifting through a huge amount 
of material or ingeniously probing the material to 
exactly pinpoint where the values live in. It is, 
however, a misnomer, as mining for gold in rocks is 
usually called "gold mining" and not "rock mining", 
thus by analogy, data mining supposed to have been 
called "knowledge mining" instead. However, data 
mining become the conventional customary term, and 
very rapidly a fashion that even overshadowed more 
general terms such as knowledge discovery in 
databases (KDD) that describe a more total process. 
Other related terms referring to data mining are: data 
dredging, knowledge extraction and pattern 
discovery. 
H.  What kind of Data can be mined?  
In principle, data mining is not specific to one type of 
media or else data. Data mining should be applicable 
to any kind of information repository. Though, 
algorithms and approaches may differ when applied 
to different types of data. in reality, the challenges 
presented by different types of data vary 
considerably. Data mining is being set into use and 
studied for databases, including relational databases, 
object-relational databases and object-oriented 
databases, data warehouses, transactional databases, 
unstructured and semi-structured repositories such as 
the World Wide Web, advanced databases such as 
spatial databases, multimedia databases, time-series 

databases and textual databases, and even flat files. 
Here are a few example in more detail:  

 
Relational Databases: Briefly, a relational database 
consists of a set of tables containing either values of 
entity attributes, or value of attributes as of entity 
relationships. Tables have columns and rows, In 
which columns represent attributes and rows 
represent tuples. A tuple in a relational table 
correspond to either an object or a relationship 
between objects and is identified by a set of attribute 
values representing a unique key. In Figure B we 
present some relations Customer, Items, and Borrow 
which represents business activity in a fictitious video 
store Our Video Store. These relations are just a 
subset of what could be a database for the video store 
and is given as an example.  

 
Fig B : Fragments of some relations from a relational 

data base for Our Video Store. 
 

The most commonly used query language for 
relational database is SQL, which allow recovery and 
management of the data stored in the tables, as well 
as the computation of aggregate functions such as 
average, sum, min, max and count. For instance, an 
SQL query to select the videos grouped by category 
would be: SELECT count(*) FROM Items 
WHERE type=video GROUP BY category.  

Data mining algorithms using relational databases 
can be more versatile than data mining algorithms 
specifically written for flat files, as they can take 
advantage of the structure inbuilt to relational 
databases. Data mining can also get benefit from SQL 
for data selection, transformation and consolidation, it 
can go beyond what SQL can award, such as 
predicting, comparing, detecting deviations, etc. 
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 Data Warehouses: A data warehouse as a 
storehouse is a repository of data collected from 
multiple data sources (often heterogeneous) and is 
intended to be used as a whole under the same unified 
schema. A data warehouse gives the choice to 
analyze data from different sources under the same 
roof. Let us suppose that Our Video Store becomes a 
franchise in North America. Many video stores 
belonging to Our Video Store Company may have 
different databases and dissimilar structures. If the 
chief executive of the company needs to access the 
data from all stores for strategic decision-making, 
future trend, advertising, etc., it would be more 
suitable to store all the data in one site with a 
homogeneous structure that allows interactive 
analysis. We can say, data from the diverse stores 
would be loaded, cleaned, transformed and integrated 
together. To ease decision-making and multi-
dimensional views, data warehouses are usually 
model by a multi-dimensional data structure. Figure 
C shows an example of a three dimensional subset of 
a data cube structure used for Our Video Store data 
warehouse.  

  

 
Fig C  : A multi-dimensional data cube structure commonly 

used in data for data warehousing 
 

The figure shows summarized rentals grouped by 
film category, then a cross table of summarized 
rentals by film categories and time (in quarters). The 
data cube gives the summarized rentals along three 
dimensions: category, time, and city. A cube contains 
cells that store values of some aggregate measures (in 
this case rental counts), and special cells that lay up 
summations along dimensions. Each dimension of the 
data cube contains a hierarchy of values for one 
attribute. Because of their structure, the pre-computed 
summarized data they contain and the hierarchical 
attribute values of their dimensions, data cubes are 
well suitable for fast interactive querying and analysis 
of data at different conceptual levels, known as On-
Line Analytical Processing (OLAP). OLAP 
operations allow the navigation of data at different 
levels of abstraction, for example drill-down, roll-up, 
slice, dice, etc. Figure D illustrates the drill-down (on 
the time dimension) and roll-up (on the location 
dimension) operations. 

  
Fig D  : Summarized data from Our Video Store before and 

after drill down and roll up operations. 
 
 Transaction Databases: A transaction 

database is a set of records representing transactions, 
each one with a time stamp, an identifier and a set of 
items. Associated with the transaction files can also 
be descriptive data for the items. For example, in case 
of the video store, the rentals table such as shown in 
Figure E, represents the transaction database. Every 
record is a rental contract with a customer identifier, a 
date, and the list of items rented (i.e. video tapes, 
games, VCR, etc.). As relational databases not 
allowing nested tables (i.e. a set as attribute value), 
transactions are usually stored in flat files or stored in 
two normalized transaction tables, one for the 
transactions and the other one for the transaction 
items. One usual data mining analysis on such data is 
the so-called market basket analysis or association 
rules in which associations between items occurring 
together or in sequence are studied.  

  

 
Fig E  : Fragment of transaction database for the rentals at 

Out Video Store 
 
 World Wide Web: The World Wide Web is 

the most heterogeneous and dynamic repository 
accessible. A huge number of authors and publishers 
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are continuously contributing to its growth and 
metamorphosis, and a very big number of users 
access its resources every day. Data in the World 
Wide Web is ordered in inter-connected documents. 
These documents can be audio, raw data, text, video 
in addition to even applications. abstractly, the World 
Wide Web is comprise of three major components: 
The content of the Web, which encompasses 
documents available; the structure of the Web, which 
covers the hyperlinks as well as the relationships 
between documents; and the usage of the web, telling 
how and when the resources are accessed. A fourth 
dimension further added relating the dynamic nature 
or evolution of the documents. Data mining in the 
World Wide Web, or web mining, try to address all 
these issues and is often divided into web content 
mining, web structure mining along with web usage 
mining.  
I.  What can be discovered? 
The kinds of patterns that can be discovered depend 
upon the data mining tasks engaged. By and large, 
there are two types of data mining tasks: descriptive 
data mining tasks that describe the general properties 
of the existing data, and predictive data mining tasks 
that try to do predictions based on inference on 
available data. 
The data mining functionalities and the variety of 
knowledge they discover are in brief presented in the 
following list: 
 Characterization: Data characterization is a 

summarization of general features of objects in a 
target class, and produce what is called characteristic 
rules. The data related to a user-specified class are 
normally retrieved by a database query and run 
through a summarization module to extract the 
essence of the data at different levels of abstractions. 
for instance, one may want to characterize the Our 
Video Store customers who regularly rent more than 
30 movies a year. Through concept hierarchies on the 
attributes describing the target class, the attribute-
oriented initiation method can be used, such as, to 
carry out data summarization. Note that with a data 
cube which contain summarization of data, simple 
OLAP operations fit the idea of data characterization. 
 Discrimination: Data discrimination 

produces what are called discriminant rules and is 
basically the comparison of the general features of 
objects between two classes referred to as the target 
class and the contrasting class. For instance, if any 
one  want to compare the general characteristics of 
the customers who rented more than 30 movies in the 
last year with those whose rental account is lower 
than 5. The technique used for data discrimination are 
very similar to the techniques used for data 
characterization with the exception that data 
discrimination results include comparative measures. 
 Association analysis: Association analysis 

is the discovery of what are commonly called 
association rules. It study the frequency of items 
taking place together in transactional databases, and 

base on a threshold called support, identifies the 
frequent item sets. Other threshold, confidence, 
which is the conditional probability than an item 
appears in a transaction while another item appears, is 
used to pinpoint association rules. Association 
analysis is usually used for market basket analysis. 
For instance, it could be helpful for the Our Video 
Store manager to know what movies are often rented 
together or if there is a relationship between renting a 
certain type of movies and buying popcorn or pop. 
The discovered association rules of the form: P -> Q 
[s,c], where P and Q are conjunctions of attribute 
value-pairs, and s (for support) is the probability that 
P and Q appear together in a transaction and c (for 
confidence) is the conditional probability that Q 
appears in a transaction when P is present. For 
instance, the hypothetic association rule:    
RentType(X, "game") AND Age(X, "13-19") -> 
Buys(X, "pop") [s=2% ,c=55%] 
would indicate that 2% of the transactions considered 
are of customers aged between 13 and 19 who are 
renting a game and buying a pop, and that there is a 
certainty of 55% that teenage customers who rent a 
game also buy pop.  
 Classification: Classification analysis is the 

organization of data in given classes. Also recognized 
by supervised classification, the classification use 
given class labels to order the objects in the data 
collection. Classification approach usually use a 
training set where all objects are already associated 
with known class labels. The classification algorithm 
learn from the training set and builds a model. The 
model is used to categorize new objects. For instance, 
after starting a credit policy, the Our Video Store 
managers could analyze the customers behaviors vis-
à-vis their credit, and label consequently the 
customers who received credits with three possible 
labels "safe", "risky" and "very risky". The 
classification analysis would generate a model that 
could be used to either accept or reject credit requests 
in the future.  
 Clustering: Similar to classification, 

clustering is the organization of data in classes. 
However, distinct to classification, in clustering, class 
labels are unfamiliar and it is up to the clustering 
algorithm to discover acceptable classes. Clustering is 
also known as unsupervised classification, because 
the classification is not dictate by given class labels. 
There are lots of clustering approaches all based on 
the principle of maximizing the similarity between 
objects in a same class (intra-class similarity) and 
minimizing the similarity between objects of different 
classes (inter-class similarity). 

 
It is common that users do not have a clear idea of 

the kind of patterns they can discover or need to 
discover from the data at hand. It is therefore 
essential to have a versatile and inclusive data mining 
system that allows the discovery of different kinds of 
knowledge and at different levels of abstraction. This 
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makes interactivity an significant attribute of a data 
mining system. 
J. Draw Back of Existing System 
The Enterprise data mining applications, such as 
mining public service data and telecom fraudulent 
activities, inevitably involve complex data sources, 
particularly multiple large scale, distributed, and 
heterogeneous data sources embedding information 
about business tractions, user preferences, and 
business impact. In these applications business people 
are discovering the informative knowledge to prevent 
the business settings on a single sources object. At 
this situation business people think we need 
discovering the informative knowledge by using 
multiple business rules with effective and high 
performance. This process is a challenge and very 
difficult by applying the business rules in the joined 
tables and decision makers to get the informative 
knowledge from complex data. The following are 
some drawbacks of the discovering knowledge 
information from the complex data: 

 
1) Data sampling, 
2) Joining multiple relational tables,  
3) Post analysis and mining,  
4) Involving multiple methods, and  
5) Mining multiple data sources. 

 
K.  The Proposed Mechanism 

 
We proposed the mechanism of combined association 
rules, combined rule pairs along with combined rule 
clusters to cater for the comprehensive aspects 
reflected through multiple datasets. Combined 
association rule is composed of a number of 
heterogeneous item sets from different datasets, while 
combined rule pairs and combined rule clusters are 
built from combined association rules. 

 
The proposed mechanism works and implements the 
approach of Combined Mining, as one of the 
common methods for directly identifying patterns 
enclosing constituents from multiple sources or with 
heterogeneous features such as covering 
demographics, behavior and business impacts. The 
deliverables of combined mining are combined 
patterns such as the afore-mentioned combined 
association rules. 
 
Advanced Apriori Algorithm  

 
Structure which optimizes 2-items The IMPROVED-
APRIORI algorithm uses Hash generation which 
improves the time and space complexity. Using the 
improved apriori algorithm the need to generate C1, 
L1 and C2 is eliminated. By using hash table instead 
of hash tree the searching cost is less. The L2 is 
directly generated by using a hash function.  

The first step is to read the database once and make a 
hash table which includes each   itemset and its 
support. Table  1 shows sample database step.  

 

Table 2 shows the results of first step 
 

 
 
Before going to next step we will discard the items 
which   does   not   this process we get the results as 
satisfies   the   minimum   support criteria. The next 
step suggested in APRIORI- IMPROVE is to make 
combination of 2-itemsets for each transaction (i.e.) if 
transaction 1 contains items like A B C then possible 
combination would be {AB} {AC} {BC} so by 
applying shown in Table 12. Unlike apriori, frequent 
itemset generation is done among the itemsets present 
in each transaction. 

 

 
 
Now by use of the following Hash function we store 
the support of each combination as in Table 13 
Hash Function: H(x, y) = (P(x)-1)*(N-1) +P(y)-P(x). 
Where x and y are the items in the database, N is 
number of transactions and P denotes the position. 

 
Table 4.3.4 Hash Structure 
 

 
 
H(A,D)=(P(A)-1)*(4-1)+P(B)-P(A) 
H(A,D)= (1-1)*(3)+4-1*(1-1)/2-1= 3 
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From the above table we get L2 (i.e.) after pruning 
the above table data we can get the 2 Item set. 
Similarly for the further candidate set generation we 
use the same procedure. 
Using a different storage structure and different 
pruning method the number of scans required to form 
the second Item set is reduced to one which in far 
better than traditional apriori algorithm. Hence this 
will be effective if there is less number of items as for 
storing and retrieving hash table and hash function 
will be used. More number of items leads to more 
number of combinations and more number of 
combination leads to more number of storage. 
After the Data processing above Advanced Apriori 
method is applied. Our hash based Apriori 
implementation, use a data structure which directly 
represents a hash table. This algorithm proposes 
overcoming some of the weaknesses of the Apriori 
algorithm by reducing the number of candidate k-
itemsets. In particular the 2-itemsets, as that is the 
key to improving performance. This algorithm uses a 
hash based technique to reduce the number of 
candidate item sets generated in the first pass. It is 
claimed that the number of item sets in C2 generated 
using hashing can be small, so that the scan required 
determining 

 
L2 is more efficient.  
For e.g. when scanning each transaction in the 
database to generate the frequent 1-itemsets,L1, from 
candidate 1-itemsets in C1, we can produce all of the 
2-itemsets for each transaction, hash(i.e.) map them 
into the unlike buckets of a hash table structure 
increase the corresponding bucket counts . A 2-
itemset whose corresponding bucket count in the hash 
table is below the support threshold cannot be 
frequent and thus should be removed from the 
candidate set. Such a hash based apriori may 
considerably reduce the number of the candidate k-
itemsets examined. 
 
The Advanced algorithm is described in following 
steps: 
Input: 
Scan all the transaction.  
 

1. Create possible 2-itemsets. 
2. Let the Hash table of size 8.  
3. For each bucket assign a candidate pairs using 

the ASCII values of the itemsets.  
4. Each bucket in the hash table has a count, 

which is improved by 1 each item an item set 
is hashed to that bucket.  

5. If the bucket count is equal or above the 
minimum support count, the bit vector is 
assigned to 1. Otherwise it is set to 0. 

6. The candidate pairs that hash to locations 
where the bit vector bit is not set are removed.  

7. Modify the transaction database to include 
only these candidate pairs.  

 
In this algorithm each transaction counts all the 1-
itemsets. At the same time all possible 2-itemsets in 
the current transaction are hashed to a hash table. It 
uses a hash table to decrease the number if candidate 
item sets. When the support count is established the 
algorithm determines the frequent item sets. It 
generate the candidate item sets as like the Apriori 
algorithm. 
In this system we are going to apply Advanced 
Apriori algorithm. 
The mechanism result of combined mining delivers 
combined patterns which present an in-depth and 
more comprehensive indication for taking decision-
making actions, which make the patterns more 
informative and actionable than those composed of 
single aspects only, or identified by a single method. 
This approach will work based on the following two 
algorithms. Those are to be one as a Multi Feature 
Combined Mining and Multi Method Combined 
Mining.  

  
A. Multi Feature Combined Mining: 
 Getting the data sets as input. 
 Evaluating the Support, Confidences and Lift 

values 
 

 
 
 Evaluating the Contribution Value 
 

 
 

A contribution greater than one means that the 
additional items in the rule contribute to the 
occurrence of the outcome and a contribution less 
than one suggest that it incurs a reverse effect. 

 
 Evaluating the I rule  Value 

 
 

“Irule < 1” suggests that Xp ∧ Xe → T is less 
interesting than Xp → T and Xe → T. The value of 
Irule falls in [0,+∞). When Irule > 1, the higher Irule 
is, the more attractive the rule is. 
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 Generating the pair of patterns I pairs. 
 

 
 

Ipair measures the contribution of the two different 
parts in the antecedents to the occurrence of different 
classes in a group of customers with the same 
patterns. The value of Ipair falls in [0, 1]. The larger 
Ipair is, the more interesting and actionable a pair of 
rules is. This kind of knowledge can help out to 
design business campaigns and intervention strategies 
and to improve the business process. 

 
 Generating The Cluster patterns 
 

 
The aforementioned definition of Icluster indicates 
that interesting clusters are those rules including 
interesting rule pairs, and the other rules in the cluster 
give additional information. Similar to Ipair, the 
value of Icluster also falls in [0, 1]. 

 
 Generating the Incremental Patterns 
 Generating the Incremental Cluster Patterns 
 
 
B. Multi Method Combined Mining: 
1) Parallel Multi Method Combined Mining 
 
Parallel data mining is done on each data set using 

different data mining methods to find respective 
atomic pattern sets. 

 
 The atomic patterns recognized by 

individual methods are merged into combined 
patterns by a merging method G 

 
2) Serial Multi Method Combined Mining 
 
 Based on the understanding of domain 

knowledge, data, business environment, and Meta 
knowledge, select a suitable method (for example, 
R1) on the data set D. Hence we get the resulting 
pattern set P1 

 

 Supervised by the resulting patterns P1 and 
deeper understanding of the business and data during 
mining P1, select the second suitable data mining 
methods R2 to mine D for pattern set P2 

 

 
P1 involves and contributes to the detection of P2. 
 Similarly, select the subsequent method to 

mine the data with the supervision of the 
corresponding patterns from the previous stages; 
repeat this process until the data mining objective is 
met, and we get eventual pattern set P. 

 

 
 

CONCLUSION 
 
Enterprise data mining applications often involve 
complex data such as multiple large heterogeneous 
data sources, user preferences, as well as business 
impact. In such conditions, a single method or one-
step mining is often limited in discovering 
informative knowledge. It would also be very time as 
well as space consuming, if not possible, to join 
relevant large data sources for mining patterns 
consisting of multiple aspects of information. It is 
essential to develop effective approaches for mining 
patterns combining necessary information from 
multiple relevant business lines, catering for real 
business settings and decision-making actions rather 
than just providing a single line of patterns. 
Combined mining provides a general mechanism for 
discovering more informative knowledge in complex 
data. Typical challenges such as mining 
heterogeneous data sources can benefit from 
combined mining. The proposed mechanism can be 
instantiated and expanded to cater for other complex 
situations in which single line, data sampling, tables 
joining, and one-step mining cannot be handled very 
well or cannot be accepted, or in which their 
outcomes cannot satisfy real business needs. We 
implement the combine mining approach using Cite 
Seer database to evaluate the performance and 
capability of combined mining in discovering 
informative knowledge in complex data. 
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