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Abstract— In the field of data mining researchers implements lots of algorithms for improving the
performance of mining. This work is also related to that strategy. This work, introduce an idea in this field.
Here use Sampling Technique to convert text document in to the appropriate format. This format contains
data in the form of word and topic of word. This format take as a input in FP-Growth algorithm for given
support value and get association rules of that transaction data, and after getting association rules apply
clustering process and then get clusters for that association rules.
Indexed Terms: - Clustering, Documents, FP-growth, Frequent Document Clustering.
I. INTRODUCTION
Many societies around the world store data in digital format. The digital data rapidly grows day by day; there
is need a very efficient way to mine information from them. Frequent item set mining is a core data mining
operation and has been broadly deliberate over last decade. It plays an essential role in many significant data
mining tasks. Algorithms for frequent item sets mining form the heart of algorithms for a number of other
mining problems, including association mining, correlations mining, and mining sequential and emerging
patterns. Algorithms for frequent item sets mining have typically been developed for datasets kept in persistent
storage. It is very important to develop a reliable technique to cluster huge amount of text data. This dissertation
presents an implementation to mine text documents and check similarity between association rules with the help
of clustering.
Here data structures that are used in many applications such as Bio informatics, chemical structure, and
natural language processing. Nowadays their role rapidly increases in data mining and database management.
The graph mining includes searching and indexing graph database, schedule pattern mining techniques and
various other applications etc. this techniques mostly used on mining complicated pattern from graph database.
The graph mining technique very expansive in sub graph isomorphism has more space and high time complexity
compared to other process of data structure [1].
To find the frequent sub graph in a collection of graph is main problem of frequent sub graph mining. If
support (occurring frequency) in a given graph is grater then a minimum support then sub graph mining is
frequent. Now here, there are two Major mining approaches in frequent sub graph mining: the frequent sub
graph mining and a priori based approach [4]. The main difference between two methodologies is how they
generate candidate sub graphs.
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This work utilized the frequent pattern growth approach (FP-Growth) [5] that find association rules (frequent
pattern) and modify it to determine frequent sub graphs. The FP-Growth approach is design to mine frequent
item sets mining in market basket analysis [1], which analyse the consumer choice during purchase. It was
designed with item set mining not for graph mining and it does not mine frequent subgraph well. Therefore it is
necessary to make same variations in that algorithm so it can easily or efficiently use for graph mining.
It is fairly new idea to cluster documents by using an algorithm for association rule mining. Many document
mining methods is based on the frequency of keywords for document clustering. In these method document like
a vector and there element are keywords with frequency. In many cases, there is not an appropriate way to
represent the document ideas. For millions of documents there have to store very large amount of data about
keywords. And there is no way to keep relationship in every keyword in every document. Most of the words
have several meaning in that document. If they are kept in individual unit, it is very difficult to recognize
specific sense of keywords.
This Paper consists of five main sections. The second section describes the Basic Theory of this work. The
frame work of this approach is describes in third section, Experimental Result analysis is forth section and
finally section five is devoted to conclusion and future work.
II. BASIC THEORY
The formal statement of association rule mining i.e. Let I=I1, I2, …, Im be a set of m different attributes, T be
transaction that holds a set of items such that T ⊆ I, D be a database with different transaction records Ts. An
association rule is an consequence in the form of X→Y, where X, Y ⊂ I are sets of items called item sets, and X
∩ Y = Ø. X is called originator while Y is called resultant, the rule means X implies Y.
There are two essential basic measures for association rules, support (s) and confidence (c). Since the
database is huge and users worry about only those frequently bought items, usually thresholds of support and
confidence are predefined by users to drop those rules that are not so sensational or useful. The two thresholds
are called minimal support and minimal confidence respectively, further constraints of interesting rules also can
be identified by the users. The two basic limitations of Association Rule Mining are: support and confidence.
Support (s) of an association rule is defined as the percentage/fraction of Data that hold X U Y to the total
number of records in the data warehouse. The count for each item is increased by one each time the item is
come across in different transaction T in database D during the scanning process. For example in a transaction a
consumer buys three bottles of beers but retailer only rise the support count number of {beer} by one, in another
word if a transaction contains an item then the support count of this item is increased by single. Support(s) is
calculated by the following principle:
From the description retailer can see, support of an item is a statistical significance of an association rule.
Suppose the support of an item is 0.1%, it means only 0.1 present of the transaction contain purchasing of this
item. The retailer will not pay much attention to such kind of items that are not bought so frequently, obviously
a high support is preferred for more exciting association rules. Before the mining process, users can identify the
minimum support as a threshold, which means they are only interested in definite association rules that are
produced from those item sets whose supports exceed that threshold. However, sometimes even the items sets
are not as frequent as defined by the threshold, the association rules produced from them are still important. For
example in the superstore some items are very costly, consequently they are not purchased so often as the
threshold required, but association rules between those costly items are as important as other frequently bought
items to the retailer.
Confidence of an association rule is defined as the percentage/fraction of the number of transactions that
cover X U Y to the total number of records that have X, where if the percentages go above the threshold of
confidence an interesting association rule X→Y can be formed.
Confidence is a measure of strength of the association rules, suppose the confidence of the association rule
X→Y is 80%, it means that 80% of the transactions that contain X also contain Y together, similarly to ensure
the interestingness of the rules identified minimum confidence is also pre-defined by users.
Association rule mining is to finding out association rules that fulfil the pre- defined minimum support and
confidence from a given data records [2]. The problem is usually spoiled into two sub problems. One is to find
those item sets whose incidences exceed a predefined threshold in the database; those item sets are called
frequent or large item sets. The second problem is to create association rules from those large item sets with the
constraints of minimal confidence. Suppose one of the enormous item sets is Lk, Lk= {I1, I2, ···, Ik−1, Ik},
association rules with this item sets are generated in the following technique:
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The first rule is {I1, I2, ···, Ik−1} → {Ik}, by checking the confidence this rule can be resolute as interesting or not.
Then other rule are produced by deleting the last items in the antecedent and inserting it to the consequential,
further the confidences of the new rules are checked to determine the interest of them. Those processes iterated
until the originator becomes vacant. Since the second sub problem is fairly straight forward, most of the
researches focus on the first sub problem.
III. FRAME WORK OF THIS APPROACH
Graphs have been used in this dissertation to characterize the documents. Generate a VDG of an individual
document using the relationship between its keywords stemming process. That objective is to discovery frequent
sub graphs within these VDGs. It believes that these frequent sub graphs will better reproduce the sense of the
documents, provided that the documents are focused on a specific subject which is returned by their keywords.
The current FP-growth method was calculated to find the frequent items, and it requires general tree traversing
to determine those patterns (i.e. item sets). The original FP-growth algorithm, when applied to this problem
(which prepared possible by representing edges to items, and VDGs to transactions), creates a set of frequent
edges which do not necessarily constitute to a linked sub graph. The VDGs that have cover a list of connected
edges. Generation of all possible frequent patterns not only outputs all possible frequent sub graphs but also
produces a lot of overhead in the form of all possible sets of frequent, but disconnected, edges. This reasons
unnecessary costs during the mining of the VDGs as are only watching for frequent sub graphs and these sets of
frequent incoherent edges bear no useful information for document clustering. The time and space required to
create and store these disconnected frequent edges have undesirable impact on the overall performance of the
FP-growth approach.
These indicate the second problem, which is correlated to the computational cost and the memory
requirement of the FP-growth, approach. The FP-growth compresses the unique dataset into a single FP-tree
structure. Constructing this tree is not computationally costly, but if the database involves of thousands of VDGs
then the tree can become large. Main aim was the second step of the FP-growth. Usually the VDGs hold
hundreds of edges. Generating all possible frequent patterns for these edges often generates a large number of
frequent patterns, and the memory runs out. FP-tree needs extensive mining to determine the frequent patterns.
This mining became widespread based on the minimum support. If the minimum support of a sub graph is very
low it can appear infrequently in the VDGs. Also, if the number of documents is high, the cost of creating these
sub graphs becomes massive. Moreover, if during the FP-tree mining procedure finds a single branch in the FPtree, create all possible combination of that branch. This often caused program to run out of memory even with
high lowest support. The density factor of the dataset plays a vital rule on the runtime performance of FP-growth.
The performance of this algorithm reduces drastically if the resulting FP-tree is very abundant. In this case, it
has to create a large number of sub groups and then combine the results returned by each of them. Originally,
FP-growth was tried on datasets which have small numbers of items. On the contrary, in case every document
has a large amount of edges which found the VDG. To reach high quality clusters in frequent pattern-based
clustering, the support is usually preserved very low (i.e., 3-5%). With the normal FP-growth approach, often
ran out of memory (A machine with GB of RAM) even when the minimum support was as high as 70% to 80%.
IV. EXPERIMENTAL RESULT ANALYSIS
Experimental Results of Modified FP Growth Approach

Figure 1 Graph for minimum support of FP-Growth Algorithm.
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Figure 2 Graph for FP-Tree Storage in Bytes

Figure 3 Graph for T-Tree Storage in Bytes

Figure 4 Graph for Generating time in second of FP-Growth
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Figure 5 A comparisons between result of Execution
Time and Support from another implementation
.
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V. CONCLUSION
In Data mining document clustering is very active research area.to find suitable information system much
suitable idea has been implemented in document clustering. It is very challenging task to find human-like
clustering. In this work, a graph based clustering with affinity propagation. That find a new way to clustering
document based more on the keywords they contain document based clustering techniques mostly depend on the
keywords. The work is modifying the FP-mining algorithm to find the frequent sub graph with clustering
affinity propagation in graph.
It can evaluate some techniques for computing the combination of large scale paths which can improve the
performance of mining algorithms. In future will plan to study more application related to that feature and try to
implement batter way and improve their performance.
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