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Abstract

With the development of technology and society, database in various
fields expands more and more, and with the characteristics of large sam-
ple, multiple variable, temporal and noisy. This large-scale complex
database take new challenges to efficiency of association rules mining.
Therefore, how to extract effectively information from large-scale com-
plex database including noise, how to design an efficient algorithm of as-
sociation rules for mining large-scale complex database, how to improve
efficiency and quality of Association Rules Mining, will become a core of
the problem of Association Rules Mining.

In view of the efficiency problem of the current association rules
mining method for mining large-scale complex datasets, this paper studies
large-scale complex datasets association rules mining from the construc-
tion of theoretical model, the design of algorithm and the application of

theoretical model and algorithm, presents a set of efficient methods of as-
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sociation rules mining for mining large-scale complex data, so, this re-
search has important theoretical, practical significance and application
value.

In this paper, the main research content and innovative achieve-
ments are as follows:

1. A new theoretical model of association rules mining based on the
data reduction and data compression for mining large-scale complex
database is presented.

Current Agrawal association rules mining model is limited to describe
large-scale complex database association rules mining process. This pa-
per, based on Agrawal association rules mining model, combining data
reduction and data compression methods and theory, expands Agrawal
association rules mining model, presents a new theoretical model of Asso-
ciation Rules Mining based on the data reduction and data compression for
mining large-scale complex database, provides a model framework for fu-
ture study about large-scale complex data association rules mining.

2. Three efficient algorithms for large-scale complex data association
rules mining are presented.

(1) The frequent itemset mining algprithm based on binary relation
matrix and its computation {Binary Relation Matrix Frequent Itemset
Mining, BRMM) is presented.

Aiming at the flaw of Apriori algorithm when mining association
rules in large-scale complex data, first, the transaction database is
mapped to binary data matrix structure. Base on it, applying binary ma-
trix data structure and the corresponding optimization strategy, the paper
presents a new frequent itemset mining algprithm based on binary rela-
tion matrix and its computation. And then analysis and comparison of the

algorithm performance through example and experiment are done.
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Abstract

Experimental results show: Whether in large dense dataset or sparse
dataset, BRMM algorithm is obviously superior to Apriori algorithm. Fi-
nally, in order to adapt to the needing of more large-scale association
rules mining, this paper designs a parallel algorithm based on the BRMM
algorithm (Parallel Binary Relation Matrix Frequent Itemset Mining,
PBRMM) and analyses the algorithm performance through example. The
result shows PBRMM is also an efficient parallel algorithm.

(2) The association rules mining algorithm based on frequent item
matrix {Frequent Item Matrix Mining, FIMM) is presented.

Aiming at the flaw of Apriori algorithm and FP-Growth algorithm
when mining association rules in large dense dataset or sparse dataset,
this paper proposes frequent item matrix structure that is more efficient
in store space and better in mining efficiency. Based on it, this paper
gathers the advantage of Apriori algorithm and FP-Growth algorithm,
proposes the association rules mining algorithm based on frequent item
matrix. And then analysis and comparison of the algorithm performance
through example and experiment are done. Experimental results show:
Whether in large dense dataset or sparse dataset, FIMM algorithm is ob-
viously superior to Apriori algorithm and FP-Growth algorithm. The re-
sult shows FIMM algorithm has better adaptability for the different char-
acteristics of dataset.

(3) The association rules mining algorithm based on temporal fre-
quent item matrix ( Temporal Frequent Item Matrix Mining, TFIMM)
is presented.

Aiming at the problem of inter-transaction association rules mining
and the flaw of current algorithm like E-Apriori, EH-Apriori, FITI, this
paper expands the frequent item matrix data structure, proposes a time-
constrain frequent item matrix data structure. Based on it, this papers
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propose association rules mining algorithm based on temporal frequent
item matrix combining advantage of breadth first search and depth first
search. And then analysis and comparison of the algorithm performance
through example and experiment are done. Experimental results show:
Whether in large dense dataset or sparse dataset, FIMM algorithm is ob-
viously superior to Apriori algorithm and FP-Growth algorithm. The re-
sult shows TFIMM algorithm has better adaptability for the different
characteristics of dataset and it is a excellent inter-transaction association
rules mining algorithm.

3. Analysis Action association relations between various industry
share index in Chinese A-share market during 2001 to 2006 are done.

The paper selects various industry share index data in 1,444 trading
days of Chinese A-share market from Wind financial database in 2001 to
2006. First, according to theoretical model based on data reduction and
data compression, reduction and compression initial data according CITIC
Securities industry style index and extent variable of rise and fall are
done, and then analyses Action association relations between various in-
dustry share index in Chinese A-share market during 2001 to 2006, using
association rules mining algorithm based on frequent item matrix and
temporal frequent item matrix. One side, the validity of proposed model
and algorithm is veried, and the other side, the Action association rela-
tions does exist in same trading day between various industry share index
in Chinese A-share market during 2001 to 2006 is confirmed, but there is
no obvious Action association relations of various industry share index in

Chinaese A-share market between different trading day in 2001 to 2006.

Keywords: Association Rule; Frequent Itemset; Data reduction;

Data compression; Share Market
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