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ABSTRACT

Association rule mining plays a vital role in the commercial and
research environment. The support and confidence of various item sets of
products have to be mined from a huge database consisting of a high
degree of heterogeneity in data. The critical part of the association rule
mining is the frequent set calculation and it occupies approximately 75%of
the processing time.

Processing time holds CPU time (the time required for candidate set
generation) and I/O time (the time required for accessing the database for
information retrieval). In order to make the frequent set disco very efficiently
both of these parts have to be considered.

Each and every technology that is invented so far for this problem
has its own advantages and limitations depending upon the nature of the
problem domain. The size of the maximal frequent set of the problem
domain, heterogeneity present in the data and support threshold selected
for the calculation are the factors greatly effecting the actual processing of
the frequent item set discovery methods.

It is necessary for determining which algorithmic procedure is best —
suited for the nature of the application domain. This project aims at
analyzing various programming techniques for frequent set mining and
association rule mining on application database and to trace the efficient
approach best suited for the nature of the application, in terms of candidate
set generation and database access.
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CHAPTER 1

INTRODUCTION

1.1THE CURRENT STATUS OF THE PROBLEM TAKEN UP

Data mining is the knowledge discovery in databases, as it is
also known, is the non — trial extraction of implicit unknown and
potentially useful information from the data. Association rule mining
plays a vital role in the commercial and research environment. The
support and confidence of various itemsets of products have to be mined
from a huge database consisting of a high degree of heterogeneity in
data.

The critical part of the association rule mining is the frequent
set calculation mining and it occupies approximately 75 % of the

processing time.

Each and every technology invented so far for solving the
problem has its own advantages and limitations depending upon the
nature of the problem. Heterogeneity present in the data and support
threshold level are the vital factors having a great impact on the
application domain.

When frequent items sets to be mined from the database are
in a small number Apriori bottom — up processing technology holds more
efficiency compared to other mining techniques. The Pincer search two-
way approach plays efficient role when the database contains a huge
number of frequent itemsets for the given minimum support level.



Frequent pattern tree approach deals with the voluminous database
containing high degree of heterogeneity among its item sets.

The discovery of interesting association relationships among
huge volume of data is continuously collected and stored. Many
industrial organizations are becoming interested in mining
association rules from their databases. The discovery of interesting
association relationships among huge velume of business transaction
records can aid in many business decision making process such as
catalog design cross marketing and loss-leader analysis.

From the business point of view the technology employed for
collecting the required information must be efficient in terms of execution
time and resource utilization. The nature of the application domain itself
has a significant impact on the performance of the technology employed.

It is necessary for determining the technical procedure best
suited for the given application domain in terms of efficiency factors. The
maintenance of the database application and information retrieval from
the dynamically updatable databases will be simplified by means of
employing the appropriate frequent set mining technology.



1.2.RELEVANCE AND IMPORTANCE OF THE PROBLEM TAKEN UP

The discovery of association relationships plays a major
role in the marketing strategies by gaining insight into which items are
frequently purchased together by customers. For example, if customers
are buying milk how likely they would also buy bread on the same
transaction to the supermarket, such information can lead to increase
sales by helping retailers do selective marketing and plan their inventory.
For example, placing milk and bread within close proximity may further
encourage the sale of these items together within single visits to the

store.

Frequent set mining searches for interesting relationship
among items in a given dataset. From commercial point of view, it is
necessary to make this solution in an effective manner with respect to

the resource utilization and processing time.

Database collection of an industrial organization has an
impact on the nature of the technology with is heterorganic nature of
data and memory space occupied. Database, itself in an industrial
environment is dynamic and therefore to have corresponding reflection
in the resulting sets, the nature of the technology employed should be
flexible and efficient.

Performance evolution is justified based on the processing
time, and database access time among the technologies employed on a
particular application database. Hence the application domain itself
deals with the nature of the technology.



It is necessary for the technology to have dynamic
reflection over the database collection and efficient utilization of system
resources. In business point of view, these factors play major role and

for various levels of support threshold the performance can be affected.

To provide efficient service for the customers of a business
sector, it is necessary to update the stack with respect to the user’s point
of purchasing. To contact such a voluminous and heterogeneous
database, the technology employed should fulfill the requirements under
expected level of service.

Through the performance evaluation factors like database
access time, the best-suited technology can be adopted for the nature of
the application domain.



CHAPTER 2

LITERATURE SURVEY

2.1.Data mining Concepts

Data mining is the knowledge discovery in data bases, as it
is also known, is the non - trivial extraction of implicit previously
unknown and potentially useful information from the data, this
encompasses, finding dependency networks, analyzing changes,
and detecting anomalies.

Data mining is the search for relationships and global
patterns that exist in large databases but are hidden among vast
amounts data such as the relationship between patient data and their
medical diagnosis. This relationship represents valuable knowledge
about the database, and the objects in the database are faithful
mirrors of the real world registered by the database.

Data mining refers to using a variety of techniques to
identify nuggets of information or decision support, prediction,
forecasting and estimation. The data is often voluminous but it has
low value and no direct use can be made of it. it is the hidden
information in the data that is useful.

Discovering relations that connect variables in a database
is the subject of data mining, the data mining system self — learns
from the previous history of the investigated system, formulating and
testing hypothesis about rules which systems obey. When Concise
and valuable knowledge about the system of interest is discovered, it



can and should be interpreted into some decision support system,
which helps the manager to make wise and informed business

decision.

Data mining is the process of discovering meaningful,
new correlation patterns and trends by shifting through large amount of
data stored in repositories, using pattern recognition techniques as well

as statistical and mathematical techniques.

Data mining, the extraction of hidden predictive
information from large databases, is a powerful new technology with
great potential to help companies focus on the most important
information in their data warehouses. Data mining tools predict future
trends and behaviors, allowing businessmen to make proactive,
knowledge-driven decisions. The automated, prospective analysis
offered by data mining move beyond the analysis of past events
provided by retrospective tools typical of decision support systems. Data
mining tools can answer business questions that traditionally were too
time consuming to resolve. They scour databases for hidden patterns,
finding predictive information that experts may miss because it lies
outside their expectations.

Most companies already collect and refine massive
quantities of data. Data mining techniques can be implemented rapidly
on existing software and hardware platforms to enhance the value of
existing information resources, and can be integrated with new products
and systems as they are brought on-line. When implemented on high
performance client/server or parallel processing computers, data mining
tools can analyze massive databases to deliver answers to questions
such as, "Which clients are most likely to respond to next promotional
mailing, and why?"



Examples of profitable applications illustrate its relevance
to today’s business environment as well as a basic description of how
data warehouse architectures can evolve to deliver the value of data

mining to end users.
2.1.1.The Foundations of Data Mining

Data mining techniques are the result of a long process of
research and product development. This evolution began when business
data was first stored on computers, continued with improvements in data
access, and more recently, generated technologies that allow users to
navigate through their data in real time. Data mining takes this
evolutionary process beyond retrospective data access and navigation
to prospective and proactive information delivery.

Data mining is ready for application in the business
community because it is supported by three technologies that are now
sufficiently mature:

» Massive data collection
« Powerful multiprocessor computers

« Data mining technologies

fn the evolution from business data to business information,
each new step has built upon the previous one. For example, dynamic
data access is critical for drill-through in data navigation applications,

and the ability to store large databases is critical to data mining.

The core components of data mining technology have been
under development for decades, in research areas such as statistics,
artificial intelligence, and machine learning. Today, the maturity of these

techniques, coupled with high-performance relational database engines



and broad data integration efforts, make these technologies practical for
current data warehouse environments.

2.1.2.The Scope of Data Mining

Data mining derives its name from the similarities between
searching for valuable business information in a large database — for
example, finding linked products in gigabytes of store scanner data —
and mining a mountain for a vein of valuable ore. Both processes require
either sifting through an immense amount of material, or intelligently
probing it to find exactly where the value resides. Given databases of
sufficient size and quality, data mining technology can generate new
business opportunities by providing these capabilities:

« Automated prediction of trends and behaviors. Data mining
automates the process of finding predictive information in large
databases. Questions that traditionally required extensive hands-
on analysis can now be answered directly from the data —
quickly. A typical example of a predictive problem is targeted
marketing. Data mining uses data on past promotional mailings to
identify the targets most likely to maximize return on investment in
future mailings. Other predictive problems include forecasting
bankruptcy and other forms of default, and identifying segments

of a population likely to respond similarly to given events.

« Automated discovery of previously unknown patterns. Data
mining tools sweep through databases and identify previously
hidden patterns in one step. An example of pattern discovery is
the analysis of retail sales data to identify seemingly unrelated
products that are often purchased together. Other pattern
discovery problems include detecting fraudulent credit card



transactions and identifying anomalous data that could represent

data entry keying errors.

Data mining techniques can yield the benefits of
automation on existing software and hardware platforms, and can be
implemented on new systems, as existing platforms are upgraded and
new products developed. When data mining tools are implemented on
high performance paralle! processing systems, they can analyze
massive databases in minutes. Faster processing means that users can
automatically experiment with more models to understand complex data.
High speed makes it practical for users to analyze huge quantities of
data. Larger databases, in turn, yield improved predictions.

Databases can be larger in both depth and breadth:

« More columns. Analysts must often limit the number of variables
they examine when doing hands-on analysis due to time
constraints. Yet variables that are discarded because they seem
unimportant may carry information about unknown patterns. High
performance data mining allows users to explore the full depth of
a database, without reselecting a subset of variables.

« More rows. Larger samples yield lower estimation errors and
variance, and allow users to make inferences about small but
important segments of a population.

The most commonly used techniques in data mining are:

. Artificial neural networks: Non-linear predictive models that
learn through training and resemble biological neural networks in

structure.
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» Decision trees: Tree-shaped structures that represent sets of
decisions. These decisions generate rules for the classification of
a dataset. Specific decision tree methods include Classification

and Regression Trees (CART) and Chi Square Automatic /0";:{\

Interaction Detection (CHAID) . k

~f AN

+ Genetic technologies: Optimization techniques that use S
processes such as genetic combination, mutation, and natural

selection in a design based on the concepts of evolution.

« Nearest neighbor method: A technique that classifies each
record in a dataset based on a combination of the classes of the k
record(s) most similar to it in a historical dataset. Sometimes

called the k-nearest neighbor technique.

« Rule induction: The extraction of useful if-then rules from data

based on statistical significance.

Many of these technologies have been in use for more than
a decade in specialized analysis tools that work with relatively smali
volumes of data. These capabilities are now evolving to integrate directly
with industry-standard data warehouse and OLAP platforms. The
technique that is used to perform these feats in data mining is called
modeling. Modeling is simply the act of building a model in one situation
where the answer is known and then applied to another situation that is
unknown.

This act of model building is thus something that people
have been doing for a long time, certainly before the advent of
computers or data mining technology. What happens on computers,
however, is not much different than the way people build models.
Computers are loaded up with lots of information about a variety of
situations where an answer is known and then the data mining software
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on the computer must run through that data and distill the characteristics
of the data that should go into the model. Once the model is built it can

then be used in similar situations where the answer is unknown.

This model could then be applied to the prospect data to
try to tell something about the proprietary information that this
telecommunications company does not currently have access to. With
this model in hand new customers can be selectively targeted.

2.1.3.An Architecture for Data Mining

To best apply advanced data mining techniques, they must
be fully integrated with a data warehouse as well as flexible interactive
business analysis tools. Many data mining tools currently operate
outside of the warehouse, requiring extra steps for extracting, importing,
and analyzing the data. Furthermore, when new insights require
operational implementation, integration with the warehouse simplifies the
application of results from data mining. The resulting analytic data
warehouse can be applied to improve business processes throughout
the organization, in areas such as promotional campaign management,
fraud detection, new product rollout, and so on. Figure 2.1 illustrates
architecture for advanced analysis in a large data warehouse.

Sales & Marketing
Dzta Warehouse

End-User Solutions

Figure 2.1. - Integrated Data Mining Architecture



12

The ideal starting point is a data warehouse containing a
combination of internal data tracking all customer contact coupled with
external market data about competitor activity. Background information
on potential customers also provides an excellent basis for prospecting.
This warehouse can be implemented in a variety of relational database
systems: Sybase, Oracle, Redbrick, and so on, and should be optimized
for flexible and fast data access.

2.2.Association Rule Mining Concepts

Among the areas of data mining, the problem of deriving
associations from data has received a great deal of attention. Agarwal
formulated the problem in 1993 and is often referred to as the market
basket problem. In this problem, a set of items and a large collection of
transactions are given, which are subsets (baskets) of these items. The
task is to find relationships between the presences of various items
within these baskets.

There are numerous applications of data mining, which fit
into this framework. The classic example from which the problem gets its
name is the supermarket. In this contest, the problem is to analyze
customers’ buying habits by financing associations between the different
items that customers place in their shopping baskets. The discovery of
such association rules can help the retailer develop marketing
strategies, by gaining insight into matters which items are most
frequently purchased by customers. It also helps in inventors’

management sale promotion strategies etc.

Its widely accepted (except of some recent development)
that the discovery of association rules is solely dependent on the
discovery of frequent sets. Thus a maijority of the technology are
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concerned with efficiently determining the set of frequent item sets in
terms of the number of items. It is not possible to count the frequencies
of these sets by reading the database in just in one pass. The multiple
passes for generating all the frequent itemsets is unavoidable. Thus,

different technologies for the discovery of association rules exist.

In short, association rule induction is a powerful method for
so-called market basket analysis, which aims at finding regularities in the
shopping behavior of customers of supermarkets, mail-order companies
and the like. With the induction of association rules one tries to find sets
of products that are frequently bought together, so that from the
presence of certain products in a shopping cart one can infer (with a
high probability) that certain other products are present. Such
information, expressed in the form of rules, can often be used to
increase the number of items sold, for instance, by appropriately
arranging the products in the shelves of a supermarket (they may, for
example, be placed adjacent to each other in order to invite even more
customers to buy them together) or by directly suggesting items to a
customer, which may be of interest for him/her.

An association rule is a rule like "If a customer buys jam and
bread, he often buys cheese, t00." It expresses an association between
(sets of) items, which may be products of a supermarket or a mail-order
company, special equipment options of a car, optional services offered
by telecommunication companies etc. An association rule states thatif a
customer is selected at random and found out that he selected certain
items (bought certain products, chose certain options etc.). There will be
a confidence, which is quantified by a percentage, that he also selected
certain other items (bought certain other products, chose certain other
options etc.).
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The standard measures to assess association rules are
the support and the confidence of a rule, both of which are computed
from the support of certain item sets. The main problem of association
rule induction is that there are so many possible rules. For example, for
the product range of a supermarket, which may consist of several
thousand different products, there are billions of possible association
rules. It is obvious that inspecting each one in turn cannot process such
a vast amount of rules. Therefore efficient technologies are needed that
restrict the search space and check only a subset of all rules, but, if
possible, without missing important rules.

2.2.1.Support of an Item Set

Let T be the set of all transactions under consideration,
e.g., let T be the set of all baskets of products bought by the customers
of a supermarket - on a given day. The support of an item+ set S is the
percentage of those transactions in T which contain S. In the
supermarket example this is the number of baskets that contain a given
set S of products, for example S = { bread, jam, cheese }. If U is the set

of all transactions that contain all items in S, then
support(S) = (U] / |T|) *100%,

Where |U] and [T| are the number of elements in U and T,
respectively. For example, if a customer buys the set X = { milk, bread,
apples, jam, sausages, cheese, onions, potatoes } then S is obviously a
subset of X, hence S is in U. If there are 318 customers and 242 of them
buy such a set U or a similar one that contains S, then support(S) =
76.1%.
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2.2.2.Confidence of an Association Rule

This is the measure used by the inventors of the Apriori
technology, to evaluate association rules. The confidence of a rule R =
"A and B -> C" is the support of the set of all items that appear in the rule
divided by the support of the antecedent of the rule, i.e.

Confidence(R) = (support({A, B, C}} / suppori({A, B})) *100%.

For a given transaction database t, an association rule is
an expression of the form x =>y, where x and y are subsets of A
and x => y holds with confidence C, if C% of fransactions in D that
support x also support y. the rule x=> y has support y. The rule x =>y
has x also support s in the transactions in t if s% of transactions in
T supportx U Y.

For example, considering the set of six transactions in a

database:

T1={A, C, T, G}

T2={C, D, G}

T3={A, C, T, G}

T4={A, C, D, G}

T5={A, C, D, T, G}

Té={C, D, T}

Here A={A, C, D, G, T}
T={T1, T2 T3, T4, T5, T6}

Here, item D is supported by 4 out of 6 transactions in T.
Thus the Support of D is 66.67%. Considering the association rule A =>
C, the confidence of this rule is 100%, because all the transactions that
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support A also support C. A =>C hold the support 66.67% because only
4 out of 6 transactions support both A and C.

2.3.3.Minimum Support

Minimum support is the threshold value selected from the
user. It is used to mark the frequency in numeric manner among the

database transaction.

For example, if there are 20000 transactions and the
minimum support value is 20%, then for satisfying the minimum support
threshold level an item set must present in atleast 20% of the

transactions, i.e., in 4000 transactions.

Since minimum support is a user defined value, it highly
effects the results and performance of the mining methodologies
employed. It is suggested that different levels of the frequent itemset
discovery to maintain different values of minimum support. That is, if a
minimum support level is defined as 40% for discovering frequent 1-
itemsets, then it is suggested that for mining 2-itemsets some lower
value can be given as a minimum support. Clearly, the presence of 2-
itemsets will be less than 1-itemsets. Hence this suggestion is made for
new methodologies. In this project, equal minimum support level is
maintained for all categories of itemsets in order to make the

performance study under standard operating conditions.
2.2.4.Frequent set

Let ‘t be the transaction database and ‘m’' be the user
specified minimum support. An item set X is said to be a frequentin T
with respect to if.
S(X)zm.
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Maximal Frequent Set :

A frequent set a maximal frequent set if its is frequent set
and no superset of this is a frequent set.

Considering a maximal frequent set { 1, 2, 3, 4, 5 }, then
none of its supersets must be a frequent set with respect to the
transaction collection. If there is a frequent set { 1, 2, 3, 4, 5, 6 }exists in
this domain, then the first one will not be the maximal frequent set.

It is possible for the presence of more than one maximal
frequent set in the application domain with respect to the minimum

support value.

Border Set:

An item set is a border set if it is not a frequent set, but all
its proper supports are frequent sets.

2.2.5.Closure Properties of Frequent Itemsets

Downward Closure Properly
Any subset of a frequent set is a frequent set.

For example, the item set {1, 2, 3, 4}, that is proved fo be the
frequent with respect to database T is taken in to consideration.
Hence,{1, 2, 3 } which is a subset of this frequent set is also an frequent
item set. It need not be examined to verify whether it satisfies the

minimum support threshold.

Every subset of a frequent itemset is also frequent.
Technologies make use of this property in the following way - the count
of an itemset won't be considered, if all its subsets are not frequent.

Hence the counts of some short itemsets in one pass of the database
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are traced out first. Then longer and longer itemsets in subsequent
passes are taken into consideration. When a long item set is
considered, all its subsets must be frequent for making that set a
frequent one. This can be done because the counts of all those subsets

have been collected in previous passes.

Upward Closure property

Any superset of an infrequent set is an infrequent set.

For example, the item set {1, 2, 3}, that is proved to be an
infrequent itemset with respect to database T is taken in to
consideration. Hence, {1, 2, 3, 4} which is a superset of this on frequent
set is also an infrequent item set. It need not be examined to verify
whether it satisfies the minimum support threshold.

2.2.6.Association rule

Association rule mining finds interesting associations
and/or correlation relationships among large set of data items.
Association rules show attribute value conditions that occur frequently
together in a given dataset. A typical and widely used example of
association rule mining is Market Basket Analysis.

For example, data are collected using bar-code scanners in
supermarkets. Such ‘market basket' databases consist of a large
number of transaction records. Each record lists all items bought by a
customer on a single purchase transaction. Managers would be
interested to know if certain groups of items are consistently purchased
together. They could use this data for adjusting store inventory (placing
items optimally with respect to each other), for cross-selling, for
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promotions, for catalog design and to identify customer segments based

on buying patterns.

Association rules provide information of this type in the
form of "if-then" statements. These rules are computed from the data
and, unlike the if-then rules of logic, association rules are probabilistic in

nature.

In addition to the antecedent (the "if* part) and the
consequent {the "then" part), an association rule has two numbers that
express the degree of uncertainty about the rule. In association analysis
the antecedent and consequent are sets of items (called itemsets) that

are disjoint (do not have any items in common).

The first number is called the support for the rule. The
support is simply the number of transactions that include all items in the
antecedent and consequent parts of the rule. (The support is sometimes
expressed as a percentage of the total number of records in the

database.)

The other number is known as the confidence of the rule.
Confidence is the ratio of the number of transactions that include all
items in the consequent as well as the antecedent (namely, the support)
to the number of transactions that include all items in the antecedent.

For example, if a supermarket database has 100,000 point-
of-sale transactions, out of which 2,000 include both items A and B and
800 of these include item C, the association rule "If A and B are
purchased then C is purchased on the same trip" has a support of 800
transactions (alternatively 0.8% = 800/100,000) and a confidence of
40% (=800/2,000). One way to think of support is that it is the probability
that a randomly selected transaction from the database will contain all
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items in the antecedent and the consequent, whereas the confidence is
the conditional probability that a randomly selected transaction will
include all the items in the consequent given that the transaction

includes all the items in the antecedent.

For a given transaction database T, an association rule is
an expression of the form X -> Y where X and Y are subsets of A and
XUY holds with confidence T if T% of transaction in D that support X
also support Y.

The intuitive meaning of such a rule is that a transaction of
the database which contains X tends to contain Y, with respect to the
given a set of transactions T. The problem of mining association rules is
to discover all rules that have support and confidence greater than or
equal to the user — specified minimum support and minimum confidence,

respectively.

There is a theory in data mining that involves an
apocryphal discovery that the sales of apple and orange are correlated.
Association (and sequencing) tools discover rules like: When people buy
orange they also buy apple half of the time.

Each rule has a left-hand side (buy orange) and a right—
hand side (buy apple). The left hand side is also called the antecedent
and the right hand side is also called the consequent. In general both the
left hand side and the right hand side can contain mulitiple items.

Considering a database consisting of 500,000 transactions

20,000 transactions of these contain orange 30,000 transaction contain
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apple, 10,000 transactions contain both orange and apple, the following
values can be obtained.

Support (or prevalence) measures how often apple and
orange occur together as a percentage of the total transactions 2 % in
this case (10, 000/ 500,000) confidence (or predictability) measures how
much a particular item is dependent on another. Since 20,000
transactions contain orange and 10,000 also contain apple, when people
buy orange they also apple half of the time.

The inverse rule has a confidence of 33.33 % (completed
as 10,000/30,000) and would be stated as: When people buy apple they
also buy orange half of the time.

Support does not depend upon the direction (or implication)
of the rule. It is only dependent on the set of items in the rule. In the
absence of knowledge about what else bought, the following assertions
are made: People buy orange 4 % of the time. People buy apple & % of
the time.

These numbers 4 % and 6 % are called the expected
confidence of buying orange or apple, respectively.

2.2.7.Methods to Discover Association Rules

The discovery of association rules is the most will study
problem in data mining. One of the key features of all association rule
mining technologies is that each of these methods assumes that the
underlying database size is enormous and they require multiple passes
over the database. For disk resident databases this required reading the
database completely for each pass resulting in a large number of disks
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read. In these technologies, the effort spent in performing just | /O
operations may be considerable for large database. For example, a 1
GB database will require 120, 000 block reads for a single pass (for a
block size of 8 KB). If the technology requires 10 passes, this results in
a1, 250,000 blocks read. Assuming an average read time of 12 ms per
page, the time spent in just performing the | /O is 12500 x 12 ms = 4
hours. Apart from poor response times, this problem places a huge
burden on the | /O system. Usually, the data is collected by an online
transaction processing system running hundreds or thousands per
second. Running this technology under such workloads will adversely
affect the transaction response time and may even disrupt the daily
database server. Over a network such as LAN, it will create network
congestion problems and lead to poor resource utilization. Thus the
desirable features of any efficient technologies are to reduce the I/0

operations and at the same time be efficient in computing.

The problem of missing association rules can be
decomposed into two sub problems. Find all item sets whose support is
greater than the user specified minimum support. Then generate the
desired association rules. Much research has been focused on the first
sub problem, as the database is accessed in this part to the
computation, the several technologies have been proposed. To reduce
the combinatorial search space, all technologies exploit the two closure
properties explained above.
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CHAPTER 3

LINE OF ATTACK

3.1.Collection of data

To collect an application database consisting of
i) Voluminous and heterogeneous data
ii) Exhibiting real-world nature of the application domain.

A database is chosen from a Departmental stores
application domain for this project in such a way that a high degree of
heterogeneity is present in the data (76 products) and vast volume of
data collection (4.98 MB).

The database is taken based on the transactions on a
Departmental stores. Hence it reflects the real world nature also.

Due to its heterogeneity, the complexity of the methodology
can be tested. Since the database collection is a voluminous one, it is
necessary for the methodology o make minimum number of scans on it

for achieving best performance.
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3.2.Frequent set mining Technologies

There are various technical approaches employed for
frequent item set discovery. Each and every technology has its
advantages and limitations. They are affected from the size of the
maximal frequent set, candidate generation and number of scans
required on the database transactions. The complex methodologies
should work well for complex domains, theoretically. The way in which
the closure properties are incorporated to reduce the scanning process
also plays a major role with respect to the application domain taken.
Hence it is necessary to choose the methodologies in such a way that
they exhibit their unique way of approach while dealing with the problem
domain.

In order to represent different characteristics of the
technical approaches, the following methodologies are considered and

implemented using Java on existing application database.

Apriori bottom-up searching methodology
Pincer-search methodology
Partitioning methodology

DD =

Tree construction methodology

These methodologies are tested with the database
application for producing frequent sets with respect to the user defined
minimum support level.
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3.3.Comparative study on Frequent set mining Techniques

A Comparative study is made on the implemented
algorithmic approaches in terms of candidate generation and database
access parts of the algorithm.

Conclusion is made for tracing out which algorithm plays a
high performance and efficiency for the nature of the application domain
chosen based on the results gained on comparative study.
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CHAPTER 4

DETAILS OF METHODOLOGY EMPLOYED

4.1.Apriori Methodology

Apriori technology is based on downward closure property.
Apriori is an influential algorithm for mining frequent itemsets for Boolean
association rules. The name of the Apriori is based on the fact that the
algorithm uses prior knowledge of the frequent itemset properties.
Apriori employs an iterative procedure that performs level-wise search,
where k-itemsets are used to explore (k+1) itemsets. First the set of
frequent 1-itemsets is found. This set is denoted L1. L1 is used to find
L2, the set of frequent 2-itemsets, which is used to find L3, and so on,
until no more frequent k-itemsets can be found. The finding of each Ly
requires one full scan of the database.

In short, Apriori algorithm employs the following procedures.

(i) Candidate generation (from the set of frequent itemsets found
in previous pass).

(ii) Pruning candidate sets in order to reduce data base access
time.

(i)  Calculate support for existing candidate sets for determining
frequent item sets for next pass.

These procedures are repeated until the maximum frequent sets

are to be discovered.

To improve the efficiency of level-wise generation of
frequent itemsets, an important property called the downward closure
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property, is used to reduce the search space. In order to use this
property, all non-empty sets of a frequent itemset must be also frequent.
By definition, if an item set ‘I' does not satisfy the minimum support
threshold, then ‘I’ is not frequent. If an itemset A is added to the itemset
I, the resulting itemset cannot occur more frequently than I. Therefore |

w A is not frequent.

This property belongs to a special category of properties
called anti-monotone in the sense that if a set cannot pass a test, all of
its supersets will fail the same test as well. It is called so because the
property is monotonic in the context of failing a test.

The primary algorithms employed on this algorithm are
Join and Prune methods.

The Join method:

To find Lgx from L1, a set of candidate k-itemsets is
generated by joining Lk with itself. This set of candidates is denoted
Ck. Let 11 and 12 be itemsets in L.1. The notation li[j] refers to jth item in
li. By convention Apriori assumes that items within a transaction or
itemset are stored in lexicographic order. The join is performed where
members of Ly, are joinable if their first (k-2) itemsets are in common.
That is members of 11 and 12 of Ly are joined if (11[1]=12[1] n 1[2]=12[2]
~ M[3]=12[3] ~ ... M[k-1]=12[k-1]. The condition i1[k-1] < 12[k-1] simply
ensures that no duplicates are generated. The resulting itemset formed
by joining 11 and 12 is 11[1] 11[2] ... 11[k-1] 12{k-1].



28

The Prune method:

Cy is a superset of L that is, its members may or may not
be frequent, but all of the frequent k-itemsets are included in Cy. A scan
of the database to determine the count of each candidate in C« would
result in the determination of Lx. Cx however, can be huge and, so this
could involve heavy computation. To reduce the size of Cy, the
downward closure property is used as follows. Any (k-1) itemset that is
not frequent cannot be a subset of frequent k-itemset. Hence if any (k-1)
subset of a candidate k-itemset is not in L«.1, the candidate cannot be
frequent either and so can be removed from Cx.

The Apriori method can be explained with the following
procedure calling Join and Prune procedures for generating Lgsets
from Ly itemsets.

Apriori Method
Initialize k = 1, C1 = all the 1 — itemsets
read the database to count the support of C4 to determine L;
L= {frequent 1-itemsets),
k = 2 // k presents the pass number //
while Lk #¢ do
begin
Cy = gen_ candidate__ itemsets with the given Li.1
prune (Cy)
For all transactions t € T do
increment the count of all candidates in (Cy) that are contained in t;
L, =All candidates in (Ci) with minimum support
k=k+1;

end
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Join method
Ck=¢
for all itemsets |1 € L4 do
for all itemsets 12 € Lxsdo
if 1[1]=12[1] ~ 1[2]=12[2] ~ ... M[k-1]=12[k-1]
then ¢ =11 [1], 1[2],...11[k-1], 12[k-1]
Ck=Cku {c}

Prune (Cy):
For all c € Ci
For all (k-1) subsets d of c do
Ifd e Lg+
Then Cy= Ci \ {¢}

Thus Apriori methodology produces downward closure
property and reduces the number of candidate sets for each pass. It

employs a simple and one-way approach on the application domain.

4.2 Partitioning Methodology

The Partition technology is based on the observations that
the frequent sets are normally very few in number compared to the set of
all item sets. As a result the set of the transactions are partitioned to
smaller segments such that each segment can be accommodated in
the main memory, then the set of frequent sets of each of these
partitions can be computed. It is assumed that these sets (set of local
frequent sets) contain a reasonably small number of itemsets. Hence,
the whole database (the global one) is read once, to count the support of
the set of all local frequent sets.
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The partition technology uses two scans of the database to
discover all frequent sets. On one scan, it generates a set of all
potentially frequent itemsets by scanning the database once. This set is
a superset of all frequent item sets, i.e. it may contain false positives but
no false negatives are reported. During the second scan, counters for
each of these itemsets are set up their actual support is measured in
one scan of the database.

The technology executes in two phases. In the first phase
the partition technology logically divided the database into a number of
non-overlapping partitions. The partitions are considered one at a time
and all frequent itemsets for the partition are generated. Thus if there are
n partitions, then in phase I, the local frequent itemsets of same lengths
from all n partitions are combined to generate the global candidate
itemsets. In Phase I, the actual support for these item sets are
generated and the frequent item sets are identified. The technology
reads the entire database once during phase | and during Phase il. The
partition sizes are chosen such that each partition can be
accommodated in the main memory so that the partitions are read only
once in each phase.

A partition P of the database refers to any subset of the
transaction contained in the database. Any two partitions are non-
overlapping. Local support for an itemset is the fraction of the
transaction containing that particular itemset in a partition. A local
frequent itemset is an itemset whose local support in a partition is atleast
the user defined minimum support. A local frequent itemset may or not
be frequent in the context of the entire database.

The partition technology is based on the premise the size
of the global candidate set is considerably smaller than the set of all
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possible itemset. If the data characteristics are uniform across partitions,
then large numbers of itemsets generated for individual partitions may
be common till it reaches the largest frequent. The number of database
passes is equal to the largest size of the frequent itemset. When any
one of the frequent itemsets becomes longer the technology has to go
through many iterations and as a result the performance decreases.

4.3.Pincer-Search Bi-directional Methodology

A bi-directional search takes advantages of both the
bottom up as well as the top down process. The pincer search
technology is based on this principle. It attempts to find the frequent
itemsets in a bottom up manner but at the same time it maintains a list of
maximal frequent itemsets. While making a database pass, it also
counts the support of these candidate maximal frequent itemsets to see
if any one of these is actually frequent. In that event it can conclude that
all subsets of these frequent sets are going to be frequent. Hence, they
are not verified for the support count in the next pass. Clearly the pincer
search has an advantage over a priori technology when the largest
frequent itemset is long.

In this technology, in each pass in addition to counting the
supports of the candidate in the bottom up direction, it also counts the
supports of the itemsets using a top down approach. These aré called
the Maximal Frequent candidate set (MFCS). This process helps in
pruning the candidate sets very early on in the technology.

Considering pass k during which itemsets of size k are to
be classified, if some itemset that is an element of the MFCS, say X of
cardinality greater than k is found to be frequent in this pass, then all its
subsets must be frequent. Therefore all of its subsets of cardinality k can
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be pruned from the set of candidate sets considered in the bottom up
direction in the pass. They and their supersets will never be candidates
throughout the rest of the execution, potentially improving the
performance.

Similarly, when a new infrequent itemset is found in the
bottom up direction the technology will use it to update the MFCS. The
subsets of the MFCS should not contain this is frequent itemsets.

Pincer- Search Method

K=1:C: = {{i} e[S = ¢

L=¢

MF CS:= {{1,2,...,n}}; MFS:= ¢;
do until Cx=¢ and S=¢

read database and count supports for Cx and MFCS;

MFS ;= MFS uUf{frequent itemsets im MFCS};

Si={infrequent itmsets in Cy};

call MFCS-gen algorithm if S #O;

call MFS- pruning procedure;

generate candidates Cy.1 from Cy;(similar to a priori's generate &

prune)

if any frequent in Cy is C is removed in MFS — pruning prune}

call the recovery procedure to recover candidates to Cy+1
k;=k+1;

return MFS

MFCS-gen
for all itemsets seSy

ifs is a subset of m
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MFCS;=MFCS\{m};
for all items e < itemset.S

if m\{e} is not a subset of any itemset in MFCS
MFCS:= MFCS {m\{e}};

return MFCS

Recovery
for all itemsets | € Ci
for all itemsets m € MFS
if the first k-1 items in /are also inm
/* suppose m.item =Litem */
for i from j+ 1 fo |m]
Ci+1 = Cie1 O{/ ltemy,/.Itemy,... m.items}}
MFS- Prune
for ali itemsets ¢ in Cy 4
if ¢ is a subset of any itemset is the current MFS
Delete ¢ from C,

MFCS- Prune

for all itemsets ¢ in Cy4

if ¢ is not a subset of any itemset in the current MFCS
delete ¢ from Cy.q;

The MFCS initially contains single elements, the itemset of
cardinality n containing all the elements of the database. If some m 1-
itemsets are infrequent after the first pass (after reading the database
once), the top down search goes down m levels in one pass. Unlike the
pure top-down or bottom-up search can go down many levels in one
pass.
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4.4.Tree Construction Methodology

The above technologies suffer from the following two

shortcomings

1. It is costly to handie large numbers of candidate sets. For
instance, if there are 10 frequent 1 — itemsets, then
approximately 36 candidate 2 item sets are generated and if
there is a frequent set of size 100 then roughly 10-candidate
sets are generated in this process.

2. It is tedious to repeatedly scan the database and to check a
large set of candidates by pattern matching.

A new technology has recently been proposed which
avoids the generation of large numbers of candidate sets called the
FP Tree Growth technology. The main idea of the technology is to
maintain a Frequent Pattern Tree ( FP — Tree ) of the database. ltis
an extended prefix tree structure, storing crucial and quantitative
information about frequent sets. The tree nodes are frequent items
and are arranged in such a way that more frequently occurring ones.
The method starts from frequent 1 — itemsets as an initial  suffix
pattern and examines only its conditional pattern base (a subset of
the database), which consists of the set of frequent items co-
occurring with the suffix pattern. The technology constructs the
condition FP tree and performs mining on this tree.

The technology involves two phases. In phase- |, it
constructs the FP tree with respect to a given the construction of
this tree requires two passes over the whole database. In phase |l
the technology does not use the transaction database any more, but
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it uses the FP tree. Interestingly, the FP tree contains all the
information about frequent itemsets with respect to the given L set.

Tree Construction

A frequent pattern tree is a tree structure consisting of an

item prefix tree and a frequent item header table

ltem premix tree consists of a root node labeled null.
Each non-root node consists of three fields

ltem name

Support count and

Node link

Frequent item header table consists of two fields
[tems name
Head of node link which points to the first node in the FP Tree
carrying the item name.

FP tree is dependent on the support threshold. For
different values of support threshold, the trees are different. There are
some other typical features of the FP Tree. It depends on the ordering of
the items. The ordering that is followed in the original paper is the
decreasing order of the support counts. However, different ordering may
offer different advantages thus the header table is arranged in this order
of the frequent items.

One scan of the database T is made and L1, the set of
frequent 1-item sets is computed. From this stage onwards the
technology ignores the entire infrequent item in the decreasing order of
frequency and views any transactions as a list of frequent items in the
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decreasing order of frequency. The first element of the list corresponding
to any given transaction is the most frequent item among the items
supported by t. For a list t head_t is used to denote its first element and
body t to the remaining part of the list (the partition of the list t after
removal of head_t).

The scan of the first transaction leads to the construction of
the first branch of the tree. The branch is not ordered in the same way
as the transaction appears in the database. The items are ordered
according to the decreasing order of frequency of the frequent items.

FP-Tree Construction Algorithm
Create a root node of the FP-Tree and tabel it as NULL
Do for every transaction t
If T is not empty
Insert(t,root) ,
Link the new nodes to other nodes with similar labels originating from
header
End do
Return FP-Tree

Insert(t, any node)
Do while t is not empty
If any_node has a child node with label head_t
Then increment the link count between any_node and head_t by

Else create a new child of any_node with label head_t having link
count 1
Call insert (body t,head t)
End do
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After constructing the frequent pattern tree, the prefix sub-
paths for each individual frequent item are traced out from the tree. This
sub-tree is termed as conditional pattern base. Once the conditional
base is derived from the FP-Tree, one can compute all the frequent
patterns associated with it in the conditional pattern. As a result, the
procedure is repeated for all items and all the frequent itemsets are
being mined from the tree constructed. In such a way, only one scan of
the database is required in this approach. This technique highly reduces
the database access time and CPU time taken for the process as a

whole.
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CHAPTER 5

RESULTS OBTAINED

Sample Database Details
Application domain :Departmental Stores
Number of items  :76
Number of transactions :5577
Size of the database :4.98 MB
Minimum Support ;20
(Items are numbered between 1 and 76 )

Resources Employed

Hard disk capacity : 10 GB
Random Access Memory : 512 MB
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OUTPUT For Apriori Technology:

Frequent Itemsets for Database Application Under Support
Thresold

{4} ({8} {5} {67} {37} {32{17}{51} {35} {34} {62} {21} {36} {75}
{20} {71} {64} {7} {6} {59} {16} {57} {54} {65} {22}{28} {73}
{75,73H71,59} {71,22} {71,28} {64,28}{7,73} {6,59} {6,22}
{6,28459,22}{59,28} {16,22{16,28} {16,73}{57,54}{57,65}57,22}
{57,28){57,73} (54,65} {54,22} {54,28} {22,28} {54,73465,22} {65,28)
{65,73} {22,73} {28,73} {67,73421,22} {36,28} {75,65471,6}{71,59,22}
{71,59,28} {71,6,59) {75,65,73H{57,54,65}{57,54,73}
{57,65,731{54,65,22}{54,65,73} {54,22,73}65,22,73} {65,28,73}
{54,28,7365,22,28} {54,65,28){22,28,73} {54,65,28,73}
{57,54,65,73}{54,65,22,73)

{65,22,28,73)
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. OUTPUT For Partition Technology:

Frequent Itemsets for Database Appiicat_ion Under Support /, _
Thresold }‘, , \) o

{4} {37} {3217}{51} {35} {34} {62} {8} {5} {67} {67,73} {21} {2122}
{36} {36,28} {75} {75.65) {75.65,73} {7573} {20} {71} {71.6}
{71,6,59} {71,59471,59,22} {71,59,28} {71,22} {71,28} {64} {64,28}
{7} {7.73} {6} (6,59} {6,22} {6.28} {59} {59,22}{59,28} {16} {16,22}
{16,28) {16,73} {57} {57,54} {57,54,65} {57,54,65,73}
{57,54,73457,65{57,65,73} {67,22} {57,28} {57,73} {54} {54,65}
{54,65,22} {54,65,22,73}

{54,65,28} {54,65,28,73} {54,65,73} {54,22) {54,22,73} {54,28} {54,28,73}
{54,73} {65} {65,22) {65,22,28} {65,22,28,7365,22,73} {65,28}
{65,28,73}

{65,73} {22}(22,28} {22,28,73} {22,73} {28} {28,73}73}
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OUTPUT For Pincer-Search Technology:

Frequent ltemsets for Database Application Under Support
Thresold

{21)65,28,73457} {57,54} {7} {7.73} {6} {6,5959,28} {16}
{16,22}{71,6,59} {71,59471,59,22} {71,59,28} {71,22} {71,28} {64}
(64,28} {6,22} {6,28} {59} {59,22} {4} {37} {32}{17H{51} {35} {34} {62}
{8} {5} {67} {67,73} {21,22} {36} {36,28} {75} {75,65} {75,65,73)
{75,73} {20} {71} {71,6}{16,28} {16,73} {57,54,65} {57,54,65,73}
{57,54,73{54,65,22} {54,65,22,73H54,65,28} {54,65,28,73} {54,65,73)
{54,22} {54,22,73} {54,28} {54,28,73} {54,73} {65} {65,22} {65,22,28}
{65,22,28,73K65,22,73} {65,28} {65,73} {22}{22,28} {22,28,73} {22,73}
{28} {28,73473} K57,65}57,65,73} {567,22} {57,28} {57,73} {54} {54,65)
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OUTPUT For Tree Construction Technology:

Frequent ltemsets for Database Application Under Support
Thresold

{57,54,73457,65}{71,6,59} {71,59471,59,22} {71,59,28} (71,22}
(71,28} (64} {64,28) {7} {773} {6} {6,59) {54,65,28,73} {54,65,73)
(54,22} {54,22,73} {6,22} {6,28} {59} {65.73} {22122,28} {22,28,73}
(22,73} {28} {28,73K73} {16,28} {16,73} {57} {57,54} {57,54,65} {34}
{62} (8} {5} {57,54,65,73} {57,65,73}{57,22) {57,28}{57,73} {54}
(54,65} {54,65,22) {54,65,22,73}

{54,65,28} {54,28) {54,28,73} {59,22}{59,28} {16}{16,22}{4} {37}
(3241751} {35} {67} {67,73} {21} {21,22} {36} {36,28} {75} {75,65}
{75,65,73)} {75,73} {20} {71} {71,6}{54,73} {65} {65,22} {65,22,28}
{65,22,28,73165,22,73} {65,28} {65,28,73}



43

Database access time Vs Minimum support

FP Tree

1000 |

Database access time ( Seconds)

500 4

0 10 20 30 40 50
Minimum support ( Percentage)

Fig 5.1. Performance evaluation based on database access time
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CHAPTER 6

CONCLUSIONS AND FUTURE OUTLOOK

The comparative study is made on the implemented
frequent set mining techniques by raising the minimum support level up
to 50% and the time required for making database access and time
taken for CPU time are measured separately. The obtained results are
produced in graphical manner and from the resuits, it has been
concluded that tree construction technology plays the most efficient role
with respect to the nature of the application domain taken.

Since Tree construction technology contacts database only
once, it is the most efficient technology for the database application
taken which is having high degree of heterogeneity and voluminous in
nature. Since database access time occupies approximately 75% of the
total execution time from the results obtained, it gives the best
performance with the technology that contacts database in minimum
attempts. Even though the Tree construction method is built with high
complexity in its nature, it provides better performance compared to all
other simple methods considered for this problem in this project. Here
the complexity of the technology is justified with the degree of
heterogeneity and vast volume of the database application taken.

The two primary factors CPU time and database access
time depend upon the number of pass required for scanning the
database. Since Apriori employs a simple approach, it takes more
passes and as a result it gives the lowest performance in all the
approaches taken here. Partition methodology provides a way of divide-
and-conquer method and hence it is able to provide better performance
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in terms of both CPU time and database access time than simple Apriori
approach.

Because of its two-way approach, Pincer methodology
easily reduces the number of scans made on the database. Hence it
plays more efficient compared to the Apriori and Partition

methodologies.

This project projects discovering best-suited technical
procedure for the nature of the application domain. It can be enhanced
by means of making a research on set of algorithmic procedures that
concentrates on the quantity of the items participating in an item set

also.

This project considers two primary factors (database
access time and CPU time) for measuring performance of a technology
according to the nature of the database. This research can be enhanced
by means of considering factors like cache misses and memory usage
occurring during the process of candidate generation, which plays a
significant role with respect to the system atmosphere chosen.
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