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Abstract

Many commercial companies collect large quantities of data from daily operations. For
example, customer orders or purchase data are collected daily at the counters of grocery
stores. Data mining is applied to such kind of data to extract patterns that could be useful
to learn about the purchasing behavior of the customers. Such information can be useful
to support a variety of business related tasks. For example, the investment of that kind
of information in building the company’s website. Association rule mining is one of the
techniques used to mine databases. Association rule mining is the discovery of association
rules showing attribute values that occur frequently together. In this paper, we discuss
different association rule mining techniques and algorithms. Then, we will find out which
techniques and algorithms could be best used to produce useful patterns. Finally, we will
see how to invest that patterns to improve the structure of the company’s website in its
design phase.

1 Introduction

Data Mining is the extraction of useful patterns from large databases. Researchers attract
much attention to Data Mining because of its wide applicability in many different fields. One
major application area of Data Mining is mining Association Rules among items in a database
of sales transactions which is known as Market Basket Analysis. The rules extracted using
such a Data Mining technique can be used to support a variety of business related tasks. In
our approach, we want to get benefit from extracted patterns to support the design of the
company’s website that the transactions database belongs to. This is done in the design phase
through improving the structure of the website depending on the extracted patterns in a way
that makes it easy for the website’s navigator to find his target products in an efficient time,
give him the opportunity to have a look at some products that may be of interest for him, and
encourage him to buy more from the available products which will consequently increase the
company’s overall profit. This paper is structured as follows: In section Pl we give an overview
about Association Rule Mining. In section Bl we will discuss different common Association
Rule Mining techniques and algorithms, and make comparisons between them with respect to
some attributes. Then, we will decide which techniques or algorithms can be beneficial to our
approach. Then, in section B, we will see how we can use the extracted patterns to improve
website’s design structure. Finally, in section Bl we summarize our paper and present out
future work.



2 Association Rule Mining

In our previous work [I] we discussed the usage of Data Mining to support website’s designers
to have better designed websites. Different Data Mining techniques can be used to support
website’s design. Association Rule Mining is one of the Data Mining techniques that plays
an important rule in our approach. An Association Rule is an expression of the form X =Y,
where X and Y are sets of items and have no items in common. Given a database of trans-
actions D where each transaction T' €D is a set of items, X =Y denotes that whenever a
transaction 7" contains X then there is a probability that it contains Y too. The rule X =Y
holds in the transactions set T' with confidence c if a determined percentage of transactions
in T that contain X also contain Y. The rule has support s in T if a determined percent-
age of all transactions in 7" contains both X and Y. Association Rule Mining is finding all
Association Rules of which the support is greater than or equal a user-specified minimum
support (minsup), and minimum confidence (minconf). In general, the process of extracting
interesting Association Rules consists of two major steps. The first step is finding all itemsets
that satisfy minimum support (known as Frequent-Itemset generation). The second step is
generating all association rules that satisfy minimum confidence using itemsets generated in
the first step. In this paper we concentrate our discussion on the step of finding frequent
itemsets.

3 Common Association Rule Mining Algorithms

According to [{], in the process of searching for frequent itemsets, Association Rule Mining
algorithms employ one of two common approaches: Breadth-first search Approach (BFS),
and Depth-first search approach (DFS). In BFS approach, the support values of all (k — 1)-
itemsets are determined before counting the support values of the k-itemsets where k is a
positive integer. Supposing that the transactions data is represented in a tree structure, in
DFS approach the algorithm can start from, say, node a in the tree and counts its support to
determine whether it is frequent. If so, the algorithm expands the next level of nodes until
an infrequent node is reached. It then backtracks to another branch and continues the search
from there. In the subsections below we briefly describe the basic principles and differences
between common Association Rule Mining algorithms.

3.1 The Apriori Algorithm

The Apriori algorithm [4] follows the Breadth-first search strategy. It generates all frequent
itemsets, called also large itemsets, by making multiple passes over the transactions database
D. The algorithm makes a single pass over the data to determine the support of each item
which results in the set of 1-itemsets. Next, the algorithm will iteratively generate new can-
didate k-itemsets using the frequent (k — 1)-itemsets found in the previous iteration. An
additional pass over the data set is made to count the support of the candidates. The algo-
rithm eliminates some of the candidate k-itemsets using the support-based pruning strategy. If
any subset of the k-itemset X is not frequent then X is pruned. After counting their supports,
the algorithm eliminates all candidate itemsets whose support count are less than minsup.
The algorithm terminates when there is no new frequent itemset generated. Association rules
are generated by generating all non-empty subsets of each frequent itemset and outputs the
rule if its confidence is > minconf.



3.2 The AprioriTID Algorithm

The AprioriTID algorithm differs from the Apriori algorithm in that it does not use the
database D for counting support after the first pass. Rather, it uses the set of candidate
k-itemsets associated with the transactions identifiers (TID’s). So that the number of entries
in this set may be smaller than the number of transactions in the database, especially for large
values of k [§].

3.3 The AprioriHyprid Algorithm

The AprioriHyprid algorithm is an algorithm that get benefit from both Apriori and Aprior-
iTID algorithms. It starts by using the Apriori algorithm, then it switches to AprioriTID in
the last passes. But if there are no candidate itemsets found in this stage then we just pay
the cost of switching to AprioriTID without getting benefit of using it [§].

3.4 FP-Growth Algorithm

Unlike the Apriori algorithm, the FP-Growth algorithm follows the Depth-first search strategy.
FP-Growth mines frequent itemsets without candidate generation. It encodes the data set
using a compact data structure called the FP-Tree, and extracts frequent itemsets directly
from this structure. The FP-tree is created as follows [2]: First, a root node of the tree is
created and labelled “null”. For each transaction in the database, the items are processed
in reverse order and a branch is created for each transaction. Every node in the FP-tree
stores a counter which keeps track of the number of transactions that share that node. When
adding a branch for each transaction, the count of each node among the common prefix is
incremented by 1, and nodes for the items in the transaction following the prefix are created
and linked accordingly. Additionally, an item header table is built so that each item points to
its occurrences in the tree via a chain of node-links. Each item in this header table also stores
its support. The transactions in the FP-tree are stored in support descending order which
keeps the FP-tree representation of the database as small as possible since the more frequently
occurring items are arranged closer to the root of the FP-tree and thus are more likely to be
shared. Because there are often a lot of sharings of frequent items among transactions, the size
of the tree is usually much smaller than its original database which saves the costly database
scans implemented by Apriori-like algorithms.

The study in [6] shows that FP-Growth has several advantages than any other Apriori-like
algorithms, especially when the dataset contains many patterns and/or when the frequent
patterns are long. In an experimental application on different real-world and artificial datasets
in [9], a comparison between Apriori, FP-Growth and other algorithms shows that Apriori
outperforms FP-Growth when the minsup vlaue is small. But with high minsup values, FP-
Growth outperforms Apriori. Another experiments on real-world and artificial datasets are
done by [3]. The experiments show that FP-Growth performs best in comparison with Apriori
and other implemented algorithms. The FP-Growth mining method is implemented in the
DBMiner system [5].

4 Supporting Website’s Design Using Association Rule Mining

After generating frequent items, association rules that are > minconf are generated. These
rules are called interesting association rules. These rules can be invested in many different
applications. One of these applications is improving the structure of the company’s website
that the mined database belongs to. This is done in the website’s design phase by creating



Figure 1: Improved Website’s Design Structure Using Extracted Association Rules

links between items that seem to be sold together, or highlight that links if they already exist,
and/or create index pages which are pages that have direct links to some products that may
be of interest for some group of customers.

Figure [ represents a part of the website’s structure of a company that sells different kinds
of products. Boxes and circles represent pages of the website, and arrows represent links
between pages. (1, C2, and C3 represent different product categories, and PI, ..., P11
represent different products belonging to these categories. The dotted arrows represent links
created with the help of the extracted interesting association rules. Note that links between
product-to-product, and product-to-category can be created. For example, direct links between
product P1 and product P11, and product P6 and product P9 are created depending on some
extracted association rules. For example, the link between product P1, and product P11 is
created depending on a rule that says:

P1 = P11 [support = 4%, con fidence = 60%)|

which means that 60% of customers who buy product P1, buy also product P11, and 4% of
all customers buy both products. Furthermore, a link between product P5 and category C'1
is created depending on the rule that says:

P5 = C1 [support = 5%, con fidence = 80%)|

which means that 80% of customers who buy product P5 buy also a product belonging to C'1
category, and 5% of all customers buy product P5 and one of C'1 products. I(X) is an index
page that has direct links to products P3, P4, and P10. These products may be of interest
for group X of customers. This index page may be created depending on a set of similar rules
such as:

age(X,”20...35”) = P3

age(X,”20...35") = P4

age(X,”20...35") = P10

The previous rules mean that customers who are between 20 and 35 years of age are interested
in buying products P3, P4 and P10 respectively. Consequently, such modifications done to the
website’s design help customers to find their target products in an efficient time, encourage
them to buy more from the available products, and give them the opportunity to have a
look at some products that may be of interest for them, which will consequently increase the
company’s overall profit.



5 Summary and Future Work

In this paper we discussed different common Association Rule Mining algorithms, and we made
comparisons between them for the purpose of using them in the extraction of interesting rules
from a database of product transactions. Such rules can be used to improve the design of the
company’s website that the transactions database belongs to. Many improvements and modi-
fications can be done to the website’s design such as, adding/modifying links, and/or creating
index pages. Apriori and FP-Growth are the most used algorithms to extract association rules
because they need less execution time, and less memory in comparison with other algorithms
presented in literature. In most cases, the FP-Growth algorithm outperforms other algorithms
including Apriori algorithm. FP-Growth needs less execution time, and less memory usage
to generate frequent itemsets. As a future work, we plan to use that algorithm to generate
association rules from real-world, and artificial datasets, and use the extracted association
rules to support and improve the structure of the website of the company that the datasets
belongs to.
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