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Abstract

Association Rules is the process of identifying
relationships among set of items in transaction
database. Finding frequent itemsets is the most
expensive step in Association rule discovery. Real
world datasets are sparse, dirty and contain
hundreds of items. In such situations, discovering
interesting rules (results) using traditional frequent
itemset mining approach is not appropriate. In this
paper, mining association rules for Transaction
database using FP-Growth and DynFP-Growth
algorithms is presented. FP-Growth algorithm
avoids or reduces candidate generation. Moreover, it
greatly reduces the need to traverse the database.
DynFP-Growth algorithm works in the same process
as FP-Growth with lexicographic order, and stores
at least one item is detected. Although resulting FP-
Tree is too large to store in memory, it is more
flexible with different support values. For the
empirical study, three synthetic datasets by I1BM
Quest data generator is used: (a) T1014D100K (b)
T40110D30K, and (c) T40110D100K.

1. Introduction

Data mining has attracted a great deal of

contain B. This is taken to be the conditional
probability, P (BJA). That is
Support (A— B) =P (AU B)
Confidence (A~ B) =P (B | A)

Frequent itemset finding is the most expensive of
the two steps, since the number of item sets grows
exponentially with the number of items. FP Growth
uses the FP-tree data structure to achieve a ceeden
representation of the database transactions and
employs a divide-and-conquer approach to
decompose the mining problem into a set of smaller
problems. It mines all the frequent itemsets by
recursively finding all frequent 1-itemsets (itetsse
containing only 1 item) in the conditional pattern.

FP-Tree is efficiently constructed with the help
of a node link structure. In order to optimize the
performance of the FP-Growth algorithm, dynFP-
Growth algorithm is presented to improve
performance with different minimum support values.

The rest of the paper is organized as follows.
Section 2 presents related work. Data mining and
Association rule mining are described in section 3.
Section 4 includes the proposed system design and
system implementation. Experimental results of FP
and Dynamic FP algorithms are presented in Section
5. Section 6 is the conclusion of the paper.

attention in the information industry is due to the 2. Related Work

wide availability of huge amounts of data and the
immediate need for turning such data into useful

An association rule is defined as the relation

information and knowledge. Data Mining is the between the itemsets.

process of extracting knowledge from large data. set

Frequent-pattern mining plays an essential role

Association Rule is one of the major techniques orin mining associations. Most of the previous stadie
tasks in data mining, which can be simply defined a @dopt an Apriori-like approach, which is based e t
finding interesting rules from large collections of anti-monotone Apriori heuristic [1]: if any length

data. Association rule mining searches for intémgst

pattern is not frequent in the database, its lefigth

relationships among items in a given data set.rAfte 1) super-pattern can never be frequent. The easenti

being usage profiles, to get interesting patteuser

like) with association rules mining. The rule-A B

holds in the transaction set D wahpport s, where s )
is the percentage of transactions in D that containcorresponding

idea is to iteratively generate the set of candidat
patterns of length (k+1) from the set of frequent-
patterns of length k (for k 1), and check their

occurrence frequencies in the

AUB (i.e., both A and B). This is taken to be database.

probability, P (A U B). The rule A—» B has

The Apriori heuristic achieves good performance

confidence ¢ in the transaction set D if ¢ is the dained by (possibly significantly) reducing theescf

percentage of transactions in D containing A thed a

candidate sets. However, in situations with a large
number of frequent patterns, long patterns, orequit



low minimum support thresholds, an Apriori-like and 30% the support of the rule. The confidence of a
algorithm may suffer from the two nontrivial costs: rule measures the degree of the correlation between
(1) It is costly to handle a huge number of canidida itemsets, while the support of a rule measures the
sets. (2) It is tedious to repeatedly scan thebdata  significance of the correlation between itemsete Th
and checks a large set of candidates by patterrproblem of mining association rules is to find all
matching, which is especially true for mining long association rules that are above the user-specified
patterns. minimum support and minimum confidence.

FP-growth approach for mining frequent itemsets Support (X— Y) =P (X UY)
without candidate generation was proposed by Han inConfidence (X— Y) =P (Y | X) =P (X U Y) / P(X)
[2]. Its scalable frequent patterns mining methad h Process of mining association rules consists of
been proposed as an alternative to the Aprioridbase two steps.
approach. The pattern growth approach adopts the (1) Find all frequent itemsets: Each of these

divide-and-conquer methodology to produce the itemsets will occur at least as frequently as a
frequent itemsets. This algorithm creates a compact pre-determined minimum support count.
tree-structure, FP-Tree, representing frequent (2) Generate strong association rules from
patterns, which moderates the multi-scan problem the frequent itemsets: These rules must
and improves the candidate itemset generation. This satisfy minimum support and minimum
algorithm is faster than others in the literature. confidence.

Several algorithms implicate the methodology of
the FP-growth algorithm. In [3] Pei used the same 3.1, FP-Growth
approach for Mining closed frequent itemsets and
max-patterns. Likewise, Pei suggested to Mining Information from transaction databases is
sequential patterns in [4]. In [5,6,7], similar appch ~ essential for mining frequent patterns. Therefdfre,
of Han et al [2] is adapted for mining the frequent we can extract the concise information for frequent
itemsets from the transactional database. Thesegyattern mining and store it into a compact strugtur

algorithms are more efficient than FP-growth. then it may facilitate frequent pattern mining. ffée
stores complete but no redundant information for
3. Data Mining and Association Rules frequent pattern mining. Since only the frequent

items will play a role in the frequent-pattern migj
Data mining refers to extracting or mining it iS necessary to perform one scan of transaction

knowledge from large amounts of data. It can be als database to identify the set of frequent items.

defined as Know|edge Discovery in Databases, or If the set of frequent items of each transaction
KDD. Data mining is the process of extracting can be stored in some compact structure, it may be
interesting information or patterns from large Possible to avoid repeatedly scanning the original
information repositories such as: relational dasaba transaction database. If multlple transactions eslaar

data warehouses, XML repository, etc. The main Set of frequent items, it may be possible to menge
process of KDD is the data mining process. In this Shared sets with the number of occurrences regter
process different algorithms are applied to produceas count. It is easy to check whether two sets are
hidden knowledge. Then, comes another procesddentical if the frequent items in all of the
called post-processing, this evaluates the miningtransactions are listed according to a fixed order.
result according to users’ requirements and domain  If two transactions share a common prefix,
knowledge. according to some sorted order of frequent itetres, t
Various data mining techniques are applied to theshared parts can be merged using one prefix steuctu
data source; different knowledge comes out as theds long as the count is registered properly. If the
mining result. That knowledge is evaluated by derta frequent items are sorted in their frequency
rules, such as the domain knowledge or concepts. ~ descending order, there are better chances tha mor
Given a set of transactions, where each Prefix strings can be shared. A frequent patteze is
transaction is a set of items, an associationirue @ tree structure defined below.
rule of the form X— Y, where X and Y are sets of It consists of one root labeled as “root”, a set of
items (also called itemsets). The meaning of thle r item prefi.x sub-trees as the children of the_ raot] a
is that the presence of X in a transaction implfes freq_uent—|tem header table. Each .node in the item
presence of Y in the same transaction. An examiple o Prefix sub-tree consists of threg fields: item-name
an association rule in the market basket analysiscount, and node-link, where item-name registers
domain is: “90% of transactions that contain bread Which item this node represents, count registees th
and butter also contain milk; 30% of all transautio humber of transactions represented by the portfon o
contain the three of them”. Here, X = {bread, bijite the path reaching this node, and node-link linkéhéo
Y = {milk}, 90% is called the confidence of the rule



next node in the FP-tree carrying the same item- p = trans.firstitem;

name, or null if there is none. P = trans.remainingitems;
Each entry in the frequent-item header table InsertTree(p, P, T);
consists of two fields, (1) item-name and (2) head end for

node-link, which points to the first node in the-FP End

tree carrying the item-name. Table 1 presents the

small set of transaction database and descendind\lgorithm InsertTree(p, P, T)
sorted items by frequent count. Figure 1 describesBegin

example generation of FP-Tree and Header table. If (T.children.contains(p.itemname))
T.children.IncreaseCount(p.itemname);

Table 1: Transactionsand sorted transactions Else T.children.AddNode(p.itemname, 1);

TID Items (ordered) frequent items If (P <> null)

001 {16, 11, 13, 12} {11, 12,13, 16} InsertTree(P firstitem, P.remainingitems, T);

002 {13, 11, 14, 15, 12} {11, 12, 13, 14, I5} End

003 {14, 11, 12, 15} {11, 12, 14, 15}

004 {12, 11, 13} {11, 12,13}

Figure 2 describes how dynamic FP tree is
generated from transactions in Table 1.

Header Table
Iltem head
11 — Header Table
12 - ltem head
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Figure 1: FP Tree Construction

3.2. Dynamic FP-Growth Algorithm Figure 2: Dynamic FP-Growth
In the FP-Growth algorithm, whenever database

is updated or different minimum support is used; FP 4. Proposed System

Tree has to be rebuilt. Therefore it costs thedingj

FP-Tree for every changes. In the Dynamic FP-

Growth algorithm, FP-Tree stores all items (in FP-

Tree only frequent items are stored in the tree). F system, and it is applied to both FP-Growth aldonit

above reason, whenever minimum support is . .
changed, FP-Tree does not need to be rebuilt. Inand dynamic FP-Growth algorithm. Frequent patterns

. : . ) will be generated from both algorithms. Then
storing the link structure in the FP-Tree, childdao g : gor . .
\ .performance analysis for processing time is
also saves the parent node’s address. Therefore, i .
X performed for both algorithms.
updating the database, only tree structure andenead
table has to be updated and tree does not need tg

This paper presents the comparison of FP-
Growth algorithm and dynamic FP-Growth
algorithm. Transaction database is input to this

rebuilt. 41. SyStem Overview
Algorithm for building dynamic FP tree is shown ) ) o
as below: FP-growth algorithm is an efficient method of
Algorithm BuildDynFPTree mining all frequent itemsets without candidate’s
Input: Transaction database TDB genergtion. Thg algorithm mine the frequent itemset
Output: Header Table and Dynamic FP Tree by using a_d|V|de-and-c0nquer strategy as follows_:
Begin FP-grovvth first compresses the database repregentin
FPTree T = new FPTree(): frequent_ itemset into a frequent-pat_ter_n tree, Br F
T .root = CreateRoot (null): tree, which retains the itemset association infdiona
header = new HeaderTable(): as well. FP-Tree has to be rebuilt for the database
foreach trans in TDB update or minimum support change.
header.add(trans.item); Dynamic FP-Growth algorithm enhances it by
trans.sort (header.mastertable); replacing single linked list with doubly linkedtlis.e,

parent link stores children nodes as well as oidr



nodes also save parent links. Although the regultin and fp-tree of FP-Growth, header information stores

FP-tree could be too large to be stored in the mainonly children’s position and in those of dynamic-FP

memory, and it is suitable with different minimum Growth contains both parent and children’s posgion

supports, it would be more practical from time

consuming point of view. Using the dynamic FP- g Experimental Results

Tree, it does not need to rebuild the FP-tree éfven

the actual database is updated or minimum support  Ep_Growth and Dyn-FP-Growth algorithms are

value is changed. Figure 3 shows the overviewef th (agteq with different datasets with different daed

system. sizes, and also with different minimum support
values. Performance analysis is performed mainly on
the processing time in milliseconds. Experimental

it results of the system are shown in Table 2.

(Processing Time]

FP-Growth Frequent

patterns

Transaction
Natahas

Dyn FP-Growth Table 2: Experimental resultsin milli-seconds

Frequent

patterns NolFile CountfAlg [minimumTree Pattern
support |building |Extracti
Figure 3: System overview time on time
1. |T1014D10j34692|FP ]0.01 20.92 44.27
4.2. Transaction Database OK.dat
2. |1T1014D10|34692|Dyn- |0.01 20.09 38.67
In this paper three synthetic datasets by IBM| [0K.dat FP

Quest data generator are used. They are (4B 7[T1014D10[34692[FP [0.02 |22.04 | 19.22
T1014D100K with transaction length 24, and the 0K.dat

number of transactions 34693; (b) T40110D30K,
with transaction length 26, and number of
transactions 31000, and (c) T40110D100K with
transaction length 24 and number of transactions

34310. Those data sets are obtained from Figure 5 is the experimental results of tree

4. |T1014D10[34692|Dyn- [0.02 0 19.45
OK.dat FP

(http://fimi.cs.helsinki.fi/data/). building time for FP and Dynamic FP with different
minimum supports. Minimum support used in this
4.3 System I mplementation experiment is in decimal value. The minimum

support count is min_sup x the number of
This system is implemented using Microsoft transactions. According to experimental results,
Visual Studio 2008. ASP .Net C# is used to Dynamic FP takes time only in tree building process

implement the system. Process flow of the system isAnd tree is built only once in dynamic FP. Therefor
shown in Figure 4. for multiple minimum support values, it takes time

only in the first run for the tree building process
Support next continuous runs it takes only a small amount

time nearly zero as in Figure 5.
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Figure 4: Process Flow of the System
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As in Figure 4, first it reads transactions from
datasets. Then items are sorted in a descendimy ord
according to their support count and transactida se
are prepared in such order. Then header table andg
FP-Tree are built. In FP-Growth algorithm, header
table contents are only large items (i.e., itemsseh Figure5: Experimental Results for Tree building time
support > min sup), while dynamic FP-Growth of FP and Dynamic FP
contains all items even though only one occurrence
exists in Transaction database. In the header table

=
o 0 o
| |
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Different Minimum Support




6. Conclusion

Performance analysis of FP-Growth algorithm
and dynamic FP-Growth algorithm is presented in
this paper. FP-growth algorithm is an efficient
method of mining all frequent itemsets without
candidate’s generation. An optimization approach is
added to FP-Growth algorithm in order to avoid
rebuilding the FP-Tree in database updates. Tte da
is challenging due to the number of characteristics
which are the number of the records, and the
sparseness of the data (each records contains only
small portion of items). For empirical study, difet
synthetic datasets are used to prove the efficieficy
the algorithms. According to the experimental ressul
performance of dynamic FP-Growth is better than
FP-Growth algorithm starts from its second run.
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