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Abstract - With the growing usage of XML in the
World Wide Web and elsewhere as a standard for the
exchange of data and to represent semistructured data,
there is an imminent need for tools and techniques to
perform data mining on XML documents and XML
repositories. In this paper we look at the various
approaches for association rule mining from XML
data. We present a Java-based implementation of the
Apriori and the FP-Growth algorithms for this task
and compare their performances. We also compare
the performance of our implementation with an
XQuery-based implementation.
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I. INTRODUCTION

Advances in data collection and storage technolo-
gies have led organizations to store vast amounts of
data pertaining to their business activities. Extracting
“useful” information from such huge data collections
is of importance in many business decision making
processes. Such an activity is referred to as Data Min-
ing or Knowledge Discovery in Databases (KDD) [7].
Data mining includes tasks such as Classification,
Similarity Analysis, Summarization, Association Rule
Mining, Sequential Pattern Discovery, and so forth [7].

The task of association rule mining is to find corre-
lation relationships among different data attributes in
a large set of data items, and this has gained lot of
attention since its introduction [1]. Such relationships
observed between data attributes are called association
rules [1]. A typical example of association rule mining
is the market basket analysis. Consider a retail store
that has a large collection of items to sell. Business
decision regarding discount, cross-selling, grouping
of items in different aisles, and so on needs to be
made often in order to increase the sales and hence
the profit. This inevitably requires knowledge about
past transaction data that gives the buying habits of
customers. The association rules in this case will be
of the form “customers who bought item A also bought

item B,” and association rule mining is to extract such
rules from the given transaction data history.

Explosive use of World Wide Web to buy and
sell items over the Internet has led to similar data
mining requirements from online transaction data. In
an attempt to standardize the format of data exchanged
over the Web and to achieve interoperability between
the different technologies and tools involved, World
Wide Web Consortium (W3C) introduced eXtensible
Markup Language (XML) [6]. XML is a simple but
very flexible text format derived from Standard Gen-
eralized Markup Language (SGML) [6], and has been
playing an increasingly important role in the exchange
of wide variety of data over the Web. Even though
it is a markup language much like the Hyper Text
Markup Language (HTML) [6], XML was designed to
describe data and to focus on what the data is, whereas
HTML was designed to display data and to focus
on how the data looks on the Web browser. A data
object described in XML is called an XML Document.
XML also plays the role of a metalanguage, and
allows document authors to create customized markup
languages for limitless different types of documents,
making it a standard data format for online data
exchange. This growing usage of XML has naturally
resulted in the increasing amount of available XML
data which raises the pressing need for more suitable
tools and techniques to perform data mining on XML
documents and XML repositories.

In this paper we study the various approaches that
have been proposed for association rule mining from
XML data, and present a Java-based implementation
for the two well-known algorithms for association rule
mining: Apriori [2] and Frequent Pattern Growth (FP-
Growth) [8]. The rest of this paper is organized as
follows. In Section II we describe the basic concepts
and definitions for association rule mining. In this
section we also explain the above two algorithms
briefly. In Section III we detail the various approaches
to association rule mining from XML data, and in
Section IV we present our Java-based implementation
for this task. Finally we give the experimental results
in Section V before concluding in Section VI.



II. ASSOCIATION RULE MINING

The first and the foremost step in association rule
mining is to identify frequent sets, the sets of items
that occur together often enough to investigate further.
Because of the exponential scale of the search space,
this step is undoubtedly the most demanding in terms
of computational power and in the need for the use of
efficient algorithms and data structures. These factors
really become important when dealing with real time
data.

Next we give the basic concepts and definitions for
association rule mining, and then briefly explain the
Apriori and FP-Growth algorithms. Note that when
describing the data, we use the terms “transaction” and
“item” in the rest of the paper just to be in line with
our examples.

A. Basic Concepts and Definitions

Let Z = {iy,42,43,...,im} be a set of items. Let
D be the set of transactions where each transaction
T € D is a set of items such that 7' C Z. An
association rule is of the form A = B where A C Z,
B C 7, and AN B = (. The set of items A is
called antecedent and the set B the consequent. Such
rules are considered to be interesting if they satisfy
some additional properties, and two properties have
been mainly used in association rule mining: Support
and Confidence. Though other measures have been
proposed for this task in the literature, we will consider
only the above two in this paper [3], [11]. Support s
for a rule A = B, denoted by s(A = B), is the ratio
of the number of transactions in D that contain all the
items in A U B to the total number of transactions in
D. That is,

o(AUB)

D
where the function o of a set of items A denotes
the number of transactions in D that contain all the
items in A. o(A) is also called the support count
of A. Confidence c¢ for a rule A = B, denoted by
¢(A = B), is the ratio of the support count of AU B
to that of the antecedent A. That is,

o(AUB)
o(A)

For a user-specified minimum support $,,;, and
minimum confidence c¢,,;,, the task of association
rule mining is to extract, from the given data set D,
the association rules that have support and confidence
greater than or equal to the user-specified values.
Formal definition of this problem is given below.

s(A= B) = (1)

¢(A= B) = (2)

Input: A non-empty set D of transaction
data where each transaction 7' € D

is a non-empty subset of items set
T = {i1,12,143,...,%m}, minimum support
Smin, and minimum confidence ¢y,

Output: Association rules of the form “A = B with
support s and confidence ¢” where A C 7,
BCZ ANB =0, s > Sun, and ¢ >
Cmin-

A set of items is referred to as an itemset. An itemset
that contains k items is a k-itemset. A k-itemset Ly
is called frequent if o(Ly) > Smin X |D|. Such a k-
itemset is also referred to as a frequent k-itemset. A
frequent 1-itemset is simply called frequent item.

Consider the sample transaction data given in table
I. Let us assume that s,,;, = 0.4 and ¢,,;,, = 0.6. It
can be seen that the rule {i2, 4} = {i3} has support
0.4 and confidence 0.66. This is a valid association
rule satisfying the given s,,;,, and c¢,,;, values.

TABLE 1
SAMPLE TRANSACTION DATA
Transaction Items
T {i1,42}
T {i1,13,14,15}
T3 {i27i3,i4,i6}
Ty {i1,12,13,74}
T5 {i1,12,14,76}

The task of mining for association rules from a given
large collection of data is a two-step process:

1) Find all frequent itemsets satisfying Sy,in .-
2) Generate association rules from the frequent
itemsets satisfying S, and cpin.-
The second step is straight-forward, and in this
paper we will be concentrating only on the first step.

B. Apriori Algorithm

As the name implies, this algorithm uses prior
knowledge about frequent itemset properties. It em-
ploys an iterative approach where k-itemsets are used
to explore (k + 1)-itemsets. To improve the efficiency
of the generation of frequent itemsets, it uses an
important property called the apriori property which
says that all nonempty subsets of a frequent itemset
must also be frequent. In other words if an itemset A
does not satisfy the minimum support, then for any
item i; € Z, the set AU1i; cannot satisfy the minimum
support either.

The Apriori algorithm first computes the frequent 1-
itemsets, L;. To find frequent 2-itemsets Lo, a set of
candidate 2-itemsets, Cs, is generated by joining L;
with itself, i.e., Co = Ly <1 Ly. The join is performed
in such a way that for Ly <t Ly, the k-itemsets [y
and lo, where [; € L and [, € L, must have k — 1



items in common. Once Cs is computed, for every
2-itemset co in Cy, all possible 1-subsets of ¢y are
checked to make sure that all of them are frequent. If
any one of them is not a frequent itemset, then co is
removed from C5. Once all the 2-itemsets in Cy are
checked, the set now becomes Lo from which L3 can
be computed. This process is continued until, for some
value k, Li41 becomes an empty set. The algorithm
is shown in Fig. 1.

APRIORI(D, $yin)
1 Cr—{{i}ieT}
2 k<1
3 while Cy, # 0 do
4 for each transaction T € D do
5 for each candidate itemset ¢, € C) do
6 if ¢, C T then
7 s(er) « s(eg) +1
8 Ly — {ck|ck S C}WS(C;C) > Smin}
9 Ck-+1 — @
10 for each [1,l5 € L, |li Nlz] =k —1 do
11 I~ ll @] l2
12 ifvJCI, |J|=kand J € Ly then
13 Crt1 < Crp1 UT
14 k—k+1
15 return L,

Fig. 1. Apriori Algorithm

In order to generate the frequent k-itemset Ly,
this algorithm scans the input dataset k times. Also
during the beginning stages the number of candidate
itemsets generated could be so large. These factors
greatly affect the running time of the algorithm. In the
next subsection we describe the FP-Growth algorithm
which is normally faster than the Apriori algorithm.

C. FP-Growth Algorithm

FP-Growth algorithm adopts divide-and-conquer
strategy. First it computes the frequent items and rep-
resents the frequent items as a compressed database in
the form of a tree called frequent-pattern tree, or FP-
tree. The rule mining is performed on this tree. This
means the dataset D needs to be scanned only once.
Also this algorithm does not require the candidate
itemset generation. So it is normally many times faster
than the Apriori algorithm.

The frequent items are computed as in the Apriori
algorithm and represented in a table called header
table. Each record in the header table will contain the
frequent item and a link to a node in the FP-Tree that
has the same item name. Following this link from the
header table, one can reach all nodes in the tree having
the same item name. Each node in the FP-Tree, other

than the root node, will contain the item name, support
count, and a pointer to link to a node in the tree that
has the same item name. The steps for creating the
FP-Tree are given below.

o Scan the transaction data I once and create I
along with the support count for each frequent
item in Lq. Sort L in the descending order of
support count and create the header table L.

o Create the FP-tree with an empty root node M.

For each transaction T' € D, perform the follow-
ing.
Select and sort the frequent items in 7' to the
order of L. Let the sorted frequent items in 7T’
be p|P, where p is the first element and P is the
remaining list. Let INSERT_TREE be the function
that is called recursively to construct the tree.
Call INSERT_TREE(p|P, M), which does the fol-
lowing. If M has a child N such that N.item-
name=p.item-name, then increment N’s sup-
port count by 1; else create a new node N with
support count 1, let M be its parent, and link N
to other node in M with the same item-name.
If P is not empty, call INSERT_TREE(P, N)
recursively.

Once the header table and the FP-Tree are con-
structed, then for each frequent item in the header
table, the conditional pattern base, which is a list of
nodes that link the frequent item’s node in the FP-
Tree to the root node, is formed. Each pattern base
is assigned a support count which is the minimum of
the support counts for the items in the pattern base.
If the support count of a pattern base is less than
Smin, then it is ignored. So if a frequent item appears
n times in the FP-Tree, then it can have at most n
conditional pattern bases. For each included pattern
base of a frequent item, an FP-Tree called conditional
FP-Tree is constructed, and the mining process is
repeated until the conditional FP-Tree is empty or
there is only one conditional pattern base. The set of
items in such single pattern bases form the frequent
itemsets. Finally association rules are extracted from
these frequent itemsets.

In the Apriori and the FP-Growth algorithms de-
scribed above, once the frequent itemsets are com-
puted, association rules can be extracted using that
information. The algorithm to perform this is the same
for both Apriori and FP-Growth, and as mentioned
before it is not in the scope of this paper.

III. VARIOUS APPROACHES TO XML RULE
MINING

Association rule mining from XML data has gained
momentum over the last few years and is still in its
nascent stage. Several techniques have been proposed



to solve this problem. The straightforward approach is
to map the XML documents to relational data model
and to store them in a relational database. This allows
us to apply the standard tools that are in use to
perform rule mining from relational databases. Even
though it makes use of the existing technology, this
approach is often time consuming and involves manual
intervention because of the mapping process. Due to
these factors it is not quite suitable for XML data
streams.

Recently World Wide Web consortium introduced
an XML query language called XQuery [4]. This
query language addresses the need for the ability
to intelligently query XML data sources. It is also
flexible enough to query a broad spectrum of XML
information sources, including both databases and
documents. Naturally this led to the use of XQuery
to perform the association rule mining directly from
XML documents. Since XQuery is designed to be a
general purpose XML query language, it is often very
difficult to implement complicated algorithms. So far
only the Apriori algorithm has been implemented by
using XQuery [12]. It has been raised as an open
question in [12] whether or not FP-Growth algorithm
can be implemented by using XQuery, and there is no
such implementation available at this point.

The other approach is to use programs written in a
high level programming language for this task. Most
of such implementations require the input to be in
a custom text format and do not work with XML
documents directly. In order to adopt this approach
to XML rule mining, it requires an additional step to
convert the XML documents into the custom text files
and apply these tools. This step often affects the overall
performance of this approach.

Our approach for XML rule mining is to use pro-
grams written in Java to work directly with XML
documents. This offers more flexibility and performs
well compared to other techniques. The implementa-
tion details and experimental results of our approach
are given in the following sections.

IV. IMPLEMENTATION DETAILS

Java provides excellent support for handling XML
documents. Programs written in Java can access XML
documents in one of the following two ways.

1) Document Object Model (DOM): This allows
programs to randomly access any node in the
XML document, and requires that the entire
document is loaded into memory.

2) Simple API for XML (SAX): This approach fol-
lows event-driven model and allows programs to
perform only sequential access on the XML doc-

ument. This does not load the entire document
into memory.

Since Apriori algorithm needs to scan the input
data many times, we used DOM for implementing this
algorithm. Similarly SAX is the natural choice for FP-
Growth, since it needs to scan the input data only once
and works with the FP-Tree constructed in memory for
further processing.

An XML document contains one root level ele-
ment with the corresponding opening and closing tags.
These tags surround all other data content within
the XML document. The format of a sample XML
data used to test our algorithm is shown in Fig. 2.
The transactions tag is the root element that contains
many transaction elements. Each transaction element
is uniquely identified by its id attribute. Each transac-
tion element contains one ifems element which in turn
contains many ifem elements. An item element has the
name of the particular item in the given transaction.

Note that the input XML document can have a very
complicated structure, containing the transaction data
at different depths. We assume in this case that the
input document is preprocessed by using an XML style
sheet language, like XSLT, to convert it into a simply
structured document format as shown in Fig. 2 [5].
This preprocessing can be done quickly and easily,
and is not in the scope of this paper.

<transactions>
<transaction id="“1">
<items>
<item>Bread</item>
<item>Milk</item>
</items>
</transaction>
<transaction id="2">
<items>

</items>
</transaction>

</transactions>

Fig. 2. XML Input File Format

The configuration settings for our implementation is
given in Fig. 3. These configurations are stored in a
Java property file as property name-value pairs. The
first four properties are self-explanatory. In order to
make our implementation more generic in being able



to work with any XML tag names, we allow the user
to pass the name of these tags through the properties
in lines 5 through 9.

INPUT_FILE_NAME=data.xml
OUTPUT_FILE_.NAME=rules.xml
MINIMUM_SUPPORT=0.6
MINIMUM_CONFIDENCE=1.0
FIRST_LEVEL_ELEMENT_NAME-=transactions
SECOND_LEVEL_ELEMENT _NAME-=transaction
THIRD_LEVEL_ELEMENT_NAME-=items
FOURTH_LEVEL_ELEMENT_NAME-=item
SECOND_LEVEL_ELEMENT _UNIQUE_
ATTRIBUTE_NAME-=id

Fig. 3. XML Input File Format

Our implementation outputs the association rules
in XML format as shown in Fig. 4. The root level
element name is rules which contains zero or more
rule elements. Each rule element has one antecedent
and one consequent elements, and each rule has two
attributes: support and confidence.

<rules>
<rule support="0.6" confidence="1.0">
<antecedent>
<item>Bread</item>
</antecedent>
<consequent>
<item>Milk</item>
</consequent>
</rule>

</rules>

Fig. 4. XML Output File Format

Our implementation includes several optimization
strategies outlined in the previous literatures [9]-[11].
Also we used custom-built data structures to improve
the performance instead of using the ones provided in
Java Software Development Kit (JSDK) library. In our
FP-Growth implementation, we stored the FP-Tree in
the form of an XML document. This allowed us to
use XPath [5] expressions to quickly query any node
in the FP-Tree.

V. EXPERIMENTAL RESULTS

We studied the performance of our implementation
on three transaction datasets created randomly. The
details of these datasets are given in Table II. We used
30 distinct items and a maximum of 20 items in each

transaction for all the datasets. We created our own
datasets due to the fact that there are no benchmark
data available for this problem. The experiments were
performed on a Pentium 4, 3.2 GHz system running
Windows XP Professional with 1 GB of main memory.
Fig. 5 shows the running time comparison between the
Apriori algorithm and the FP-Growth algorithm for the
Dataset 1. It can be seen that the FP-Growth always
outperforms the Apriori for all values of minimum
support. This was the case in all the three datasets
tested.

TABLE I
TEST DATASETS

Datasets Number of Transactions
Dataset 1 100
Dataset 2 500
Dataset 3 1000

Fig. 6 shows the running time comparison between
the Java-based Apriori and the XQuery-based Apriori.
We used the XQuery implementation from [12] for this
comparison. We observed that the Java-based Apriori
outperforms the XQuery implementation on all three
datasets. But the gap between the two narrows as
the number of transactions increases. All these graphs
were obtained for a minimum confidence of 0.6.

It can be observed that the performance of these
algorithms largely depends on the number of frequent
itemsets. For lower values of minimum support, it
is expected to have many frequent itemsets, and this
number will decrease as the minimum support in-
creases. So the running time decreases as the minimum
support increases. The large gap between the Apri-
ori and the FP-Growth at lower values of minimum
support was caused by the large number of candidate
itemsets created in Apriori. It is our opinion that the
data structure overhead in the XQuery implementation
is what led to the performance difference between
the Java-based Apriori and XQuery-based Apriori. The
performance graphs for the remaining two datasets re-
sembled the ones shown here except for the numerical
values on the time axis.

VI. CONCLUSION

In this paper we studied the association rule mining
problem and various approaches for mining association
rules from XML documents and XML repositories. We
presented a Java-based approach to this problem and
compared ours with an XQuery-based implementation.
Our approach performed very well against the one
that we compared. There are several modifications
that have been proposed to both Apriori and FP-
Growth algorithms which include modifications to
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the data structures used in the implementation and ACKNOWLEDGMENT

modifications to the algorithm itself [9]-[11]. Though
our implementation includes many such techniques,
we did not have the time to try them all. We plan
to do more analysis on this front.

Though FP-Growth algorithm is normally faster
than the Apriori algorithm, it is harder to implement
the first one. We plan to try XQuery to implement the
FP-Growth algorithm and compare its results with our
current Java-based implementation.

The authors would like to thank the anonymous
reviewers for their valuable comments.
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