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ON DATA STRUCTURES FOR ASSOCIATION RULE DISCOVERY

Xiaowei Yan and Shichao Zhang & Computer Department, Guangxi Normal
University, China

Chengqi Zhang & Faculty of Information Technology, University of Technology,
Sydney, Australia

& Systematically we study data structures used to implement the algorithms of association rule
mining, including hash tree, itemset tree, and FP-tree (frequent pattern tree). Further, we present
a generalized FP-tree in an applied context. This assists in better understanding existing associ-
ation-rule-mining strategies. In addition, we discuss and analyze experimentally the generalized
k-FP-tree, and demonstrate that the generalized FP-tree reduces the computation costs significantly.
This study will be useful to many association analysis tasks where one must provide really inter-
esting rules and develop efficient algorithms for identifying association rules.

A data structure is a way of organizing information. The design of an appro-
priate data structure can often be the foundation for an efficient algorithm
(Aho et al. 1976). This paper is focused on the data structures for imple-
menting the algorithms of association rule mining.

In most implementations of algorithms for association rule mining, a
special kind of tree known as a prefix tree, is used to organize itemsets
and store their support counters. This data structure also allows us to pro-
cess transactions in database and generate association rules. In this data
structure, each node represents an itemset. The root corresponds to the
null itemset. Suppose that node A is the parent of node B. Then the item-
set of node A is a subset of the itemset of node B. When an itemset is taken
as a sequence instead of a set, the itemset of node A is a prefix of the item-
set of node B. Therefore, this kind of data structure is commonly referred
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to as a prefix tree. For example, let I ¼ fi1; i2; . . . ; ikg be an itemset, where
fi1; i2; . . . ; ikg are listed in lexicographic order. Then the parent of node
I is the itemset fi1; . . . ; ik�1g. Such a prefix tree is also called a lexicographic
tree, because an itemset in the tree can be viewed as a lexicographically
sorted sequence.

Many variations of the prefix tree have been developed for association
rule mining since the prefix tree, namely the hash tree, was first used to rep-
resent itemsets in Agrawal and Srikant (1994). Brin et al. (1997), for
instance, introduced an improved prefix tree, called the itemset tree. Agarwal
et al. (2000; 2001) also used a similar prefix tree, namely the lexicographic
tree. Han et al. (2000) designed an extended prefix-tree structure called
the Frequent Pattern Tree (FP-tree). FP-tree was modified to the threaded trans-
action forest (TTF) by Liu et al. (2002), changed to the Prefix-Path Tree (PP-
tree) by Xu et al. (2002), and extended to the Pattern Tree (P-tree) by Huang
et al. (2002). This well-known tree was also enhanced by Pei et al. to the
Hyper-links Structure (H-struc), another kind of tree for association rule
mining in sparse data sets (Pei et al. 2001). Sucahyo and Gopalan (2003)
integrated several ideas of data structures, including the itemset tree, H-
struc, and FP-tree, into a new mining algorithm called CT-ITL. In CT-ITL,
a compressed transaction tree (CT) is developed, and a linked-list data
structure, called Item-TransLink (ITL), is used to track items. Another recent
work is the Co-Occurrence Frequent Item Tree (COFI-tree) (El-Hajj and Zaane
2003), which is a small FP-tree-like tree built for each frequent 1-itemset.
But unlike the FP-tree-based algorithm FP-growth, the COFI-tree-based
mining algorithm is non-recursive, and requires less memory to generate
frequent itemsets.

Theoretically, there are two strategies of generating a prefix tree: width-
oriented strategy and the depth-oriented strategy. In general, depth-
oriented strategy is more efficient, especially for dense databases and low
support thresholds, while the width-oriented strategy is more scalable.

The candidate-generation-and-test approach proposed in Apriori
(Agrawal and Srikant 1994), for example, and its many subsequent varia-
tions fall into the width-oriented strategy (Agarwal et al. 2001; Agrawal
et al. 1996; Brin et al. 1997; Han and Fu 1995; Park et al. 1995; Savasere
et al. 1995; Toivonen 1996; Zaki et al. 1997). These methods try to reduce
the number of candidates generated, the number of transactions to be
scanned, or the number of database scans. Because the anti-monotone
property states that any subset of a frequent itemset is also a frequent item-
set, these approaches generate a set of candidate itemsets of length nþ 1
from the set of itemsets of length n. Each candidate itemset is checked
to see whether it is frequent by scanning the database and counting its sup-
port. The prefix tree is created level by level. As a result, the width-oriented
approach needs to scan the database many times. Clearly, this approach is

58 X. Yan et al.
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inefficient especially when a dense database with long frequent itemsets is
required for processing.

FP-growth (Han et al. 2000), MAFIA (Burdick et al. 2001), H-Mine (Pei
et al. 2001), and CT-ITL (Sucahyo and Gopalan 2003), on the other hand,
belong to the depth-oriented strategy. In this depth-oriented approach,
generations of candidate itemsets and their support counting are processed
simultaneously when scanning the database. Therefore, the depth-oriented
approach reduces the number of database scans and has a better perform-
ance of the mining process. But its generation of candidate itemsets needs to
recursively build as many conditional trees in order of magnitude as the frequent
itemsets. This massive creation of conditional trees still limits its scalability.

Working with the data mining group of CMCRC (Australian Capital
Markets on Cooperative Research Center), we use the prefix tree to store
the itemsets in our mining algorithm developed for identifying false alerts
in stock marketing (Yan et al. 2003; 2004). Therefore, in this article, we first
investigate the construction, organization, and itemset encoding of
the prefix tree, make comparisons among the existing prefix trees, and
propose an expanded data structure for storing itemsets.

PRELIMINARIES

I ¼ fi1; i2; . . . ; img is a set of literals, or items. X is an itemset if it is a
subset of I.

D ¼ fti ; tiþ1; . . . ; tng is a set of transactions, called the transaction data-
base, where each transaction t has a tid and a t-itemset: t ¼ (tid, t-itemset).
A transaction, t, contains an itemset, X, if and only if, (iff) for all items,
i 2 X , i is in t-itemset.

There is a natural lattice structure on the itemsets, 2I, namely, the subset=
superset structure. Certain nodes in this lattice are natural grouping cate-
gories of interest (some with names).

An itemset, X, in a transaction database, D, has a support, denoted as
supp(X) (we also use p(X) to stand for supp(X)), that is the ratio of transac-
tions in D contain X. Or

suppðX Þ ¼ jX ðtÞj=jDj;

where X ðtÞ ¼ ft in Djt contains Xg.
An itemset, X, in a transaction database, D, is called a large (frequent)

itemset if its support is equal to, or greater than, a threshold of minimal
support (minsupp), which is given by users or experts.

An association rule is an implication X ! Y , where itemsets X and Y do
not intersect.

Data Structure for Association Rule Mining 59
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Each association rule has two quality measurements: support and confi-
dence, defined as follows.

. The support of a rule X ! Y is the support of X [ Y , where X [ Y means
both X and Y occur at the same time.

. The confidence of a rule X ! Y is con f(X ! Y ) as the ratio:
jðX [ Y ÞðtÞj=jX ðtÞj or suppðX [ Y Þ=suppðX Þ.

That is, support ¼ frequencies of occurring patterns; confidence ¼
strength of implication.

Support-confidence framework (Agrawal et al. 1993): Let I be the set of
items in database D;X ;Y � I be itemsets, X \ Y ¼ ;; pðX Þ 6¼ 0 and
pðY Þ 6¼ 0. Minimal support (minsupp) and minimal confidence (mincon f )
are given by users or experts. Then X ! Y is a valid rule if

1. suppðX [ Y Þ � minsupp,

2. conf ðX ! Y Þ ¼ suppðX[Y Þ
suppðX Þ � mincon f ,

where ‘‘con f ðX ! Y Þ’’ stands for the confidence of the rule X ! Y .
To demonstrate the use of the support-confidence framework, we illus-

trate the process of mining association rules by an example as follows.

Example 1. Assume that we have a transaction database shown in Table 1.
There are 6 transactions in the database with 100 to 600 as their transaction
identifiers (TIDs), respectively. The universal itemset I ¼ fA;B;C ;D;Eg;
where A, B, C, D, and E can be any items in the supermarket, for instance,
A ¼ ‘‘bread,’’ B ¼ ‘‘milk,’’ C ¼ ‘‘sugar,’’ D ¼ ‘‘coffee,’’ and E ¼ ‘‘biscuit.’’

There are totally 25(¼ 32) itemsets. {A}, {B}, {C}, {D}, and {E} are all
1-itemsets, {AC} is a 2-itemset, and so on. supp(BC) ¼ 4=6 ¼ 0.67 because
there are four transactions that contain both A and B. Let minsupp ¼ 50%
and mincon f ¼ 80%. Then, A, B, C, E, AC, BC, BE, and BCE are all frequent
itemsets. The confidence of association rule A! C is con f ðA! CÞ ¼
suppðACÞ=suppðAÞ ¼ 3=3 ¼ 1:0: Hence, rule A! C is valid. Similarly, we
have con f ðC ! A ¼ 3=5 ¼ 0:6. Hence, rule C ! A is not valid.

TABLE 1 An Example Transaction Database

TID Items bought

100 ABCD
200 BCE
300 ABCE
400 BE
500 ACD
600 BCE

60 X. Yan et al.
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HASH TREE

Hash tree is the preexistence of the prefix tree for maintaining
frequent itemsets in algorithms of association rule mining. In this section,
we introduce the hash tree before turning to the prefix tree in the next
section.

Overview

Hash tree is used in Agrawal and Srikant’s (1994) Apriori algorithm to
store the candidate k-itemsets. But the details of this data structure are
not given in the paper. In this section, we are going to describe the hash
tree according to our implementation.

As introduced in Agrawal et al. (1993), the Apriori algorithm can be
stated as follows.

1. Determine the support for all 1-itemsets (single attributes).
2. Delete all the 1-itemsets that are not adequately supported, such that the

remaining 1-itemsets are all frequent.
3. For all frequent 1-itemsets, construct candidate 2-itemsets (pairs of attributes).
4. If there is no 2-itemset, terminate; otherwise, determine the support for

the constructed 2-itemsets and select those frequent 2-itemsets.
5. For all supported 2-itemsets, construct candidate 3-itemsets (triples).
6. If there is no triple, end; otherwise, determine the support for the con-

structed triples.
7. Continue until no more candidate itemsets are produced.

At each level k, the candidate k-itemsets Ck are stored in a hash tree.
A hash tree is a dynamic multilevel hash table, where:

. The root is at depth 1 (d ¼ 1), the second-level nodes are at depth 2
(d ¼ 2), and so forth.

. Leaf nodes are itemsets and internal nodes are hash tables.

. The hash table interprets the hashing function.

. An element of a hash table at depth d can be taken as a pointer to
another child node at depth dþ 1.

Figure 1 is an example of a hash tree for candidate 3-itemsets. The
hash table, i.e., the hashing function for a given itemset I at depth d, is
defined as

hðI ; dÞ ¼
left if I ðdÞ ¼ 1; 4;or 7;
middle if I ðdÞ ¼ 2; 5;or 8;
right if I ðdÞ ¼ 3; 6;or 9;

8<
:

Data Structure for Association Rule Mining 61
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where I(d) is the dth element of I. The values of function h(I, d) denote the
branches where we shall go with the itemset I. Namely, left, middle, and right
denote the left-hand, middle, and right-hand branches, respectively.

Generation of Hash Tree

Given a transaction database, hash trees are generated in a procedure
according to the Apriori algorithm. We assume that the maximum number
of itemsets that can be stored at a leaf node is m, and items in each trans-
action are sorted in lexicographic order. m is a specified threshold, repre-
senting the size of a hash bucket.

First, the itemsets with level k ¼ 1 are considered. That is, a hash tree is
constructed for the set C1 of candidate 1-itemsets, which only contains all
items in the transaction database. We commence with creating the root.
Whenever a node is generated, it is initialized as a leaf node. Itemsets
can be added to this leaf node. When the number of itemsets in a leaf node
exceeds the given maximum number m of itemsets, and the depth d where
the leaf node stays is less than the level kþ 1, the node is converted to an
internal node. Some new descendent nodes of it are created. Those item-
sets, which originally belong to the new internal node, now move down
to these new leaf nodes according to the hash table of the internal node.
In order to save space, this conversion from leaf node to interior node does
not take place until the number of itemsets on the leaf node accumulates
up to the threshold m. Unlike the hash tree given by Agrawal and Srikant
(1994), we additionally require that the depth d of an interior node should
not exceed the length k of an itemset. This is because we can’t decide which
branch to follow at an interior node at depth d by applying a hash function
to the dth item of the itemset, if d > k. We can apply other techniques to
process this overflow problem of itemsets on leaf nodes at depth kþ 1.

FIGURE 1 An example of candidate hash tree.

62 X. Yan et al.
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After we finish the construction of the candidate 1-itemset hash tree, we
count the support of all itemsets in the hash tree for all transactions in the
database, by using the traversal strategy discussed later. Only frequent
1-itemsets are chosen to compose the set L1.

Then, itemsets with level k ¼ 2 are considered. Namely, we are going to
construct a hash tree for the set C2 of 2-itemsets. In Agrawal and Srikant’s Apriori
algorithm, a function, called apriori�genðLk�1Þ, is used to generate the set of
candidate k-itemsets, Ck , from the set of frequent (k�1)-itemsets, Lk�1. The
function first joins Lk�1 with Lk�1, and obtains an initial Ck . Then it prunes
those itemsets c in Ck , which contain such a (k� 1)-subset of c that is not in
Lk�1. More about this function can be reached in Agrawal and Srikant
(1994) and Agrawal et al. (1993).

Once Ck is determined, the same process as that for C1 can be applied
for the hash tree construction of Ck , and supports of all itemsets in Ck are
counted through traveling the tree for each transaction in the database.
This procedure is iterated until Lk�1 is empty.

An Example

We now give an example to demonstrate the generation of a hash tree.
Suppose that we have a transaction database as shown in Table 2.

Given a lexicographically-ordered itemset I and a depth d, the hashing
function is simply defined as

hðI ; dÞ ¼
left if I ðdÞ ¼ 1 or 4;
middle if I ðdÞ ¼ 2 or 5;
right if I ðdÞ ¼ 3 or 6;

8<
:

which is also intuitively represented by Figure 2.
The function will select one of the three possible values: left, middle, and

right. Consequently, interior nodes in the hash tree will have three
branches. We also assume that the maximum number of itemsets that
can be stored at a leaf node is two. That is, m ¼ 2.

TABLE 2 A Simplified Example of Transaction Database

TID Transaction

10 1 2
20 1 3 6
30 1 2 3
40 2 4
50 2 3 6
60 5 6

Data Structure for Association Rule Mining 63
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We begin with considering the 1-itemsets C1 ¼ f1; 2; 3; 4; 5; 6g. First, the
itemset {1} is added to the root, as shown in Figure 3 (a). Figure 3 (b) shows
the result after itemset {2} is added. When the third itemset {3} is added, the
number of itemsets goes over the threshold m. Therefore, we convert the
root to an interior node and the itemsets of {1}, {2}, and {3} are moved down
to the three new generated leaf nodes, respectively, as shown in Figure 3 (c).
Similarly we can insert the itemsets of {4}, {5}, and {6} to their corresponding
leaf nodes by applying the hashing function to their first element, respect-
ively. The finally resulted hash tree for C1 can be seen in Figure 3 (d). We
then pass through the database, transaction by transaction, updating
supports of the itemsets in the hash tree by the tree traversal algorithm pre-
sented in the next subsection. In Figure 3 (d), the roman numerals beside
the itemset boxes represent the supports for the itemsets.

From Figure 3 (d), we can see that L1 ¼ f1; 2; 3; 6g. By using function of
apriori-gen(L1) in the Agrawal and Srikant’s Apriori algorithm, we can
obtain C2 ¼ f12; 13; 16; 23; 26; 36g. Now we generate the 2-itemset hash
tree, as shown in Figure 4, having L2 ¼ f12; 13; 23; 36g.

Again, we have C3 ¼ apriori-genðL2Þ ¼ f123g. Therefore, the 3-itemset
tree is as simple as that shown in Figure 5. Because the support of {123}
is 1, we have L3 ¼ ; and the algorithm terminates.

FIGURE 3 Candidate 1-itemset hash tree.

FIGURE 2 The hash function.

64 X. Yan et al.
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Ergodic Algorithm

Given a transaction database and a hash tree for Ck, we need to calculate
the supports for all the itemsets in Ck by ergoding the corresponding hash tree
for each transaction in the database. During the ergodic process for a trans-
action, those candidate itemsets which are subsets of the transaction are tem-
porarily stored in a buffer, called the answer set. On completion of this
travel, the supports of these itemsets in the answer set are updated by an
increment of one. The ergodic algorithm is explained next.

To ergode the tree, we start at the root node with a transaction t, and t is
taken as an initial itemset. We are going to check which itemsets in the hash
tree are contained in t. We apply the hashing function to each item in t in
turn, by which we can decide which branches we should go along. When we
reach a node by hashing on item i, we remove any items before item i in t
and obtain a new itemset. If the reached node is an interior node, we con-
tinue to go down by hashing on every item that is behind i in the new
itemset recursively, until we reach a leaf or the number of items after i in

FIGURE 4 Candidate 2-itemset hash tree (support counts included).

FIGURE 5 Candidate 3-itemset hash tree.

Data Structure for Association Rule Mining 65
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t is less than k � d, where d is the depth of the reached node. If there are
less than k � d items left after i in the new itemset, it is unnecessary to keep
going down by hashing on items of the new itemset again because itemsets
in Ck are all k-itemset. Hence, we do not need to process this new itemset
anymore. If the reached node is a leaf node, we examine whether an item-
set at the leaf node is a subset of transaction t. We add those itemsets of the
leaf node, which are contained in t, into the answer set.

Example 2. Assume that we have a hash tree as presented in Figure 4, except
for the support counters. Given a transaction {1, 3, 6}, we proceed as follows.

1. At the root node, apply the hashing function to each item in itemset
{1, 3, 6}.

2. Travel down the left-hand branch with itemset {1, 3, 6} by hashing on
item 1, as shown in Figure 6.

i. At the next internal node, we apply the hashing function to each
item starting from the second item, i.e., 3 or 6.

ii. Hashing on item 3 will lead to the right-hand branch. We are now at
a leaf node. Because the itemsets of this leaf node, i.e., {1, 3} and
{1, 6}, are subsets of {1, 3, 6}, we add them to the answer set. The
result is shown in Figure 7.

iii. Hashing on item 6 leads again to the right-hand branch, that is, the
same leaf node. We do not need to check any itemsets this time.

3. Return to the root node and apply the hashing function to the second
item, 3, going down to the right-hand branch with the itemset {3, 6}.
The branch contains only a leaf node. We add its itemset {3, 6}, which
is contained in {3, 6}, to the answer set.

4. Return again to the root node and be ready to hash on the last item 6.
Because k ¼ 2 and d ¼ 1, we have that the number of items behind item
6 in {1, 3, 6} is 0, which is less than k � d ¼ 1. Hence, we do not need to
hash on item 6 any more.

FIGURE 6 Result after hashing on item 1.

66 X. Yan et al.
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5. Update the hash tree by incrementing the supports of the itemsets which
are listed in the answer set. Figure 8 shows the final result after we have
completed processing the transaction of {1, 3, 6}. In practice, the answer
set contains references to the corresponding itemsets, instead of these
itemsets themselves.

Summary

It is generally alleged that the Apriori algorithm based on the hash tree
works well in terms of reducing the candidate set. However, if we are proces-
sing databases with many patterns, long patterns, or low support thresholds,
we might have to generate many candidate itemsets and repeatedly scan the
databases. Also, the hash tree can be improved in some ways, as shown in
the following sections.

ITEMSET TREE

In a hash tree, every candidate itemset is stored in a leaf, and the leaf
might be overflowed with too many itemsets. To improve the performance

FIGURE 7 Result after finishing step 2.

FIGURE 8 Result after completion of processing the transaction.
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of the hash tree, Brin et al. (1997) design a modified hash tree, that is the
itemset tree, for keeping track of itemsets. To be more specific, an itemset
tree is a prefix tree, where each edge is labeled with an item and each
vertex represents an itemset composed of all the items which label the
edges of the path from the root to the node. The root node represents
the empty itemset. For the itemset tree, we require that all items in an item-
set should be in a certain order, such as frequency-ascending, frequency-
descending, or lexicographic orders. An itemset E is an extension of item-
set I, if E has one more item than I and every item in E is the same as in I
except for the last item in E. Let I ¼ fi1; . . . ; ikg be an itemset correspond-
ing to a vertex v. Then, its extension E must be the form of fi1; . . . ; ik ; ikþ1g,
where i1; . . . ; ik ; ikþ1 are increasingly sorted by their frequencies. For each
extension E of itemset I, there must be an edge from I to E, labeled with
ikþ1, and vice versa. What are included in a vertex depends on implemen-
tation of the Apriori-like algorithm. For example, in the DIC (dynamic item-
set counting) algorithm proposed by Brin et al. (1997), itemsets are sorted
in a frequency-ascending order, and each vertex in the itemset tree includes
the fields as shown in Table 3.

In our implementation of the Apriori algorithm, we use a different struc-
ture for vertex fields as shown.

class CItemNode{ == item node

public:

int iid; == item identifier

int size; == number of counters in the list

int offset; == offset of the items in the

counter list

int counters[ ] == counter list

CItemsetNode �parent; == point to parent node

CItemsetNode �next; == point to next node on the same

level

. . .. . .
}

TABLE 3 Fields Included in a Vertex for DIC Algorithm

Field name Description

IID Identifier of last item in the itemset the vertex represents
counter Support counter for the represented itemset
Marker Indicate start point of counting in the transaction database
fullyCountedFlag Set to ‘‘1’’ when the itemset has been fully counted
SupportedFlag Set to ‘‘1’’ when counter exceeds the minimum support
branches Pointers to extensions of the vertex
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The counter of a vertex in Table 3 is moved up to its parent. Thus, each
vertex in the itemset tree contains a list of counters, each of which records
the support for an extension of the vertex, respectively. The itemset tree is
created level by level. First, we calculate the set of frequent 1-itemsets, L1, by
scanning the transaction database, sort L1 decreasingly by frequencies, and
map items in L1 into sequential integers, respectively, starting with 0. All
items are then viewed as a sequence of non-negative integers. Level 0 can
be generated therefore without difficulty. Level 1 is generated by the
second scan of the database for all 2-itemsets. Processes for other levels
are similar. Additionally, all nodes at the same level are linked together,
as shown in Figure 9, to improve the performance.

FREQUENT PATTERN TREE

Construction of a prefix tree given in the previous sections requires
repeated database scans. It is costly to process a huge database, especially
when the database has a large amount of candidate itemsets. Han et al.
(2000) proposed an extended prefix-tree structure, called the frequent pat-
tern tree or FP-tree for short, in order to handle this problem. An FP-tree
has two components. One is a prefix tree and the other is a frequent-item
header table. Every node in the prefix tree is composed of a frequent-item
identifier and a counter, except the root, which is labeled with ‘‘null’’ and
needs no counter. Hence, each node is labeled with a frequent item ident-
ified by the frequent-item identifier. In other words, each node represents
an itemset, which contains all items in the path from the root to the node.
The counter holds the support for the itemset the node represents. All
nodes labeled with the same identifier in the prefix tree are linked together
as a linked item list. The second component of an FP-tree, i.e., the frequent-
item header table, can actually be taken as an index for all frequent items,
sorted by their frequencies. An entry for item i in the header table points to
the corresponding linked item list for item i in the prefix tree.

FIGURE 9 A complete itemset tree of the transaction database.
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Table 4 is the same transaction database used to demonstrate the associ-
ation rule mining in Example 1. Figure 10 shows the FP-tree corresponding
to this database, when the minimum support is specified as 50%.

To construct an FP-tree for a given transaction database DB and a speci-
fied minimum support threshold minupp, the first step is the same as that in
the Apriori algorithm, that is, calculate the set of all frequent 1-itemsets L1 by
scanning the transaction database. Suppose that operator c sorts a set of
itemsets in a descending order by frequencies, and operator p is similar to
the project operation in relational algebra. Each transaction in DB can also
be viewed as a pattern of candidate frequent itemset, and DB can be called
consequently a pattern base. Let F ¼ cðL1Þ and PB ¼ cðpF DBÞ, where pF DBÞ
is the projection of DB over F. Then F contains all frequent items, which are
sorted in a frequency-descending order. PB is a sorted and projected pattern
base reduced from DB. For example, given the transaction database DB, as
shown in Table 4, and the minimum support supp ¼ 50%, we have that
L1 ¼ fA;B;C ;Eg; F ¼ cðL1Þ ¼ fB;C ;E ;Ag; and PB is shown in the right-
hand column of Table 4.

After obtaining the ordered frequent-item list F, we begin to establish
the frequent-item header table. For each item A in F, we create a linked
item list, denoted as H(A), which is initialized as an empty list.

Now with the header table and the new pattern-base PB, we begin to
create the root, T, of the FP-tree, labeling T with ‘‘null.’’ For each pattern

FIGURE 10 The FP-tree corresponding to Table 4.

TABLE 4 The Transaction Database in Example 1

TID Items bought Ordered frequent itemset

100 ABCD BCA
200 BCE BCE
300 ABCE BCEA
400 BE BE
500 ACD CA
600 BCE BCE
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tuple t 2 PB, assume that t ¼ fA1;A2; . . . ;Akg and insertðt;T Þ is the oper-
ation of inserting tuple t into a tree which has the root T. The insertion
is processed as follows. If T already has a child node labeled with A1, then
we increase the counter of the child by 1; otherwise, we create a new child
labeled with A1, initialize its counter by 1, and append this new node to the
end of the linked item list H ðA1Þ, which starts from the header table.

To complete the construction of the FP-tree, we call insert ðA2; . . . ;Ak ;A1Þ
recursively until no item is left in the pattern. In actual implementation,
operation pF DB can be deferred and merged into the construction of FP-
tree for DB. In other words, for each transaction t 2 DB, we first project it
over F, obtaining a pattern pF ðtÞ 2 PB. Assume that pF ðtÞ ¼ A1;A2; . . . ;Ak .
Then the operation of insertðpF ðtÞ;T Þ is the same as insert(t,T).

It can be seen easily that the database has been compressed into a
highly condensed much smaller data structure, which can avoid costly,
repeated database scans.

For any item Ai in F, there is a linked list H (Ai), indexed at the header
table. By traveling along this linked list, we can reach all the nodes labeled
with Ai in the FP-tree. For each node labeled with Ai in the linked list, there
is a path from the root to this node. All items in the path compose an itemset,
i.e., a pattern, for which the support is equal to the number recorded in the
counter of the node labeled with Ai. All these patterns compose a pattern
base, called Ai’s conditional pattern-base. In the FP-tree shown in
Figure 10, for instance, there are two nodes labeled with E. Then, we have
two patterns concerned with E. One is {B, C} with support 3. The other is
{B} with support 1. Thus, E’s conditional pattern base is generated as shown
in the middle column of Table 5. For item A, we can also generate A’s con-
ditional pattern base shown in the middle column of Table 6.

An FP-tree constructed for Ai’s conditional pattern base is called Ai’s
conditional FP-tree. For example, we can construct E’s conditional FP-tree
corresponding to E’s conditional pattern base shown in the middle column
of Table 5. First, we should calculate the sorted frequent items set F in a
same way. Apparently, we have F ¼ {B,C}, when the minimum support
threshold is still set as 50%. E’s conditional FP-tree is shown in Figure 11

TABLE 5 The Resulted Pattern-Base for Item E

TID Pattern Ordered frequent itemset

100 ; ;
200 BC BC
300 BC BC
400 B B
500 ; ;
600 BC BC
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(a). Figure 11 (b) is A’s conditional FP-tree constructed for A’s conditional
pattern base, as shown in the middle column of Table 6.

Now, the following algorithm, FP-growth, is used to mine all frequent
itemsets based on the constructed FP-tree for the given transaction data-
base DB and the minimum support threshold minsupp (Han et al. 2000).

Algorithm 1 FP-growth
Input: FP-tree T.
Output: all frequent itemsets.

Method: call FP-growth(T, ;).
Procedure 1 FP-growth(T,a)
begin

if (T is only a single path) then
for each combination b of items in the path T do
begin
let supp ¼ the minimum support of items in b;
output itemset b [ a with support of supp;

end
else
for each item Ai in the header table of T do
begin

let b �fAig [ a;
output b with support Ai.support;
let PB  � b’s conditional pattern-base generated from T;

TABLE 6 The Resulted Pattern-Base for Item A

TID Pattern Ordered frequent itemset

100 BC C
200 ; ;
300 BCE C
400 ; ;
500 C C
600 ; ;

FIGURE 11 The FP-trees corresponding to Table 5 and Table 6.
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let Tb  � b’s conditional FP-tree constructed from PB;
if Tb 6¼ ; then call FP - growth(Tb, b);

end
end.

In our implementation, we need to calculate the support for a given
itemset. Let I be any itemset of transaction database DB. Without losing
generality, we assume that c(I) ¼ fA1;A2; . . . ;Akg. The following algorithm
is designed to calculate the support for I based on FP-tree.

Algorithm 2 FP-support
Input: Itemset I ¼ fA1; . . . ;Akg, in descending order by frequencies;

FP-tree T,constructed on DB and minsupp.
Output: the support supp for I.
Method:
begin

let supp  0;
let H  the linked items list of Ak

starting from the header table in FP-tree T;
for each node n 2 H do
begin

let P  the path from the root to the node n;
let J  the set of all nodes in P;
if I � J then supp  supp þ n:counter ;

end
output supp;

end.

With the properties of FP-tree, we can show that this algorithm calculates
correctly the support for the given itemset I. As claimed in Han et al. (2000),
FP-tree T of DB contains the complete information of DB concerned with fre-
quent patterns for the minimum support supp, and we can reach every node
labeled with Ak in the FP-tree by traveling along the linked list H. Conse-
quently, we have considered all patterns which contain item Ak in DB. There-
fore, the algorithm is complete. Because Ak is the last item in itemset I, we can
neglect those items after Ak in F. This is also why we only consider the path P.
The soundness of algorithm FP-support is proved.

Let l be the maximum length of itemset and s the number of leaves in
Tree T. Then the time complexity of Algorithm FP-support is O(l3þ ls).

GENERALIZED FP-TREE

As shown previously, the construction of an FP-tree starts with finding
the set of all frequent 1-itemsets from a given transaction database. When
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the database is very dense, almost all items may be frequent and it is
unnecessary to find the set of frequent 1-itemsets. On the other hand, when
the database is large and sparse, an FP-tree might be inefficient. Sometimes
we are only concerned with those itemsets with a specific length k. In this
section, we expand the FP-tree to a general k-FP-tree, where k is a certain
non-negative integer. The construction of a k-FP-tree is demonstrated next.

3. Example 1
Suppose that the transaction database is given in Table 4, and the mini-

mum support minsupp ¼ 0.5. The 2-FP-tree is shown in Figure 12.

After selecting an integer k for a given transaction database, k� 0, the
collection of all frequent k-itemsets F and their supports are first generated
by scanning the database once. Then F is considered as a conditional pat-
tern base, and the patterns in F are sorted in support-descending order. In
Example 2, we have k ¼ 2 and F ¼ fBC : 4; BE : 4; CE : 3; CA : 3g. Let K
be the union of all k-itemsets in F. Thus, for each item e in itemset K, there
exists at least an itemset I in F, such that e is in I. From the anti-monotonic
Apriori property (Agrawal and Srikant 1994), each item e in K is frequent.
We create and sort the items in K by using the following procedure. In
Example 2, we obtain, K ¼ fB; C ; E ; Ag.

Procedure 2 FIMerge(F,K)
==Merge all items in F into K according to a certain order

begin
let n  the number of itemsets in F;
let K  ;;
for m  1 to n do

for (any item e in the mth itemset of F) do
if e 62 K then append e to the end of K;

end.

We then create the root of a k-FP-tree, Tree, and label it as ‘‘null.’’ For
each itemset I 2 F , a child of the root is created, its counter is initialized

FIGURE 12 The 2-FP-trees based on Table 4.
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with 0, and the node is labeled BY the itemset I. For each transaction T in
the database, find out the first itemset J in F, such that J � T . Let S ¼ T � J ,
project S over K, sort all the resulted items by the same order as that in K,
and obtain R at last. Suppose that R ¼ lL, where l is the first item of R and L
is the list of remaining items in R. Insert R to the sub-tree J of k-FP-tree Tree,
by calling a procedure FP Insert(lL,J). We also adjust the related counters in
increments and the relevant item lists by a procedure append(), if necessary.

In Example 2, the first transaction is T ¼ fABCDg. We can easily see
that J ¼ fBCg is the first itemset in F, which is contained in T. Hence,
S ¼ fADg. Project S over K and obtain R ¼ fAg, where K ¼ fBCEAg. Other
transactions are similarly processed recursively. A 2-FP-tree is constructed
finally, as shown in Figure 12.

Algorithm Design

A formal description of construction algorithm for a k-FP-tree is given
next.

Algorithm 3 k-FP-tree_Constructor
input: DB: a transaction database;

minsupp: the minimum support;

k: a non-negative integer;

output: Tree: a corresponding k-FP-tree;

begin
(1) if k > 0 then

begin
let F  the collection of all frequent k-itemsets

and their supports;

sort F in order of descending support;

end
else

let F  ;;
(2) call FIMerge(F, K);
(3) create the root, Tree, of a k-FP-tree;
(4) for 8 itemset I 2 F do

begin
create a child of Tree, labelled as I;
let I :count  0;

end
(5) for 8 transaction T 2 DB do

begin
let J  the first itemset I 2 F such that I � T;

if J 6¼ ; then
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begin
J.countþþ;
for 8 e 2 J do

if H(e) ¼ NULL then
append(H(e), J);

let S  T � J ;
sort S in the same order as that of K;
let l  the first item in S;

let L  S � flg;
call FPInsert(lL, J);

end
end.

Procedure 3 FPInsert(lL, J)
==Insert itemset lL into tree J
begin

if l is a child of J then
l.countþ þ ;

else
begin

create node l as a child of J;
let l :count  1;
append(H(l ), l);

end
call FPInsert(L, l);

end
In this algorithm, H(e) is the linked item list of e, which starts from the

header table, and procedure append(H(A), B) adds node B to the end of
the linked item list H(A).

From Algorithm 3, we can see that a k-FP-tree contains only the infor-
mation of those frequent itemsets with their length equal to or larger than
k. When k ¼ 0, we do not need to scan the database for F. Instead, we
directly have K ¼ F ¼ ;. When k ¼ 1, k-FP-tree is a normal FP-tree. Clearly,
the information contained in a k-FP-tree is complete in the sense that all
frequent itemsets can be obtained from the k-FP-tree, if and only if, k < 2.

Experimental Study and Analysis

The Connect-4 data set from the Irvine Machine Learning Database
Repository is used to demonstrate the performance of our data structure
(Blake and Merz 1998). Connect-4 contains 67557 records of legal positions
and corresponding optimal results in the game of connect-4, with 129 items
totally in the data set and 43 items on average in each transaction. Table 7
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shows the number of direct children of the root for different minimum
supports generated by Algorithm 3.

Based on Table 7, we can see that we would rather use 0-FP-tree than use
1-FP-tree if the minimum support is set to 1 or 0.1. For data set Connect-4
and most other support thresholds, 1-FP-tree is better than 0-FP-tree.
Because Connect-4 is a rather dense data set, k-FP-tree is not considered
here for k > 1.

Suppose that the total number of items is m and the total number of
transactions is n for a given transaction database DB. Let the expected prob-
ability that an item appears in a transaction of DB be p. Then, the expected
number of items that appear in a transaction is m � p. The expected number
of item-pairs that appear in a transaction is

m
2

� �
� p2 ¼ mðm � 1Þ

2
� p2:

If

p <
2

m � 1
or m � 1 <

2

p
; ð1Þ

Then,

m � 1

2
� p � mp < mp; that is;

m
2

� �
� p2 < mp:

This implies that when the database DB is so sparse that inequality 1 holds,
the number of frequent 1-itemsets is probabilistically more than the num-
ber of frequent 2-itemsets. Consequently, 2-FP-tree is smaller than 1-FP-tree.

Generally, when

p <
k

k � m þ 1
; ð2Þ

we have,

m
k

� �
� pk <

m
k � 1

� �
� pk�1:

Therefore, (k� 1)-FP-tree is larger than k-FP-tree if condition (2) holds.

TABLE 7 Number Nodes at the Second Level for Connect-4

support 0.1 1 10 20 30 40 50 60 70 80 90
0-FP-tree 129 129 129 129 129 129 129 129 129 129 129
1-FP-tree 125 109 73 59 46 43 38 36 31 28 21
2-FP-tree 5793 4294 1986 1358 894 744 633 539 420 319 108
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CONCLUSIONS

We have studied systematically data structures used to implement the
algorithms of association rule mining, including hash tree, itemset tree,
and FP-tree (frequent pattern tree). This assists in better understanding
existing association-rule-mining strategies.

In particular, a generalized FP-tree has been proposed in an applied
context, designed specifically to identify false alerts in the stock market.
We have discussed and analyzed experimentally the generalized k-FP-tree,
and demonstrated that the generalized FP-tree reduces significantly the
computation costs. The study in this paper will be useful to many associ-
ation analysis tasks where one must provide really interesting rules and
develop efficient algorithms for identifying association rules.
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