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Abstract

Association rule mining often generates a huge num-
ber of rules, but a majority of them either are redundant
or do not reflect the true correlation relationship among
data objects. In this paper, we re-examine this problem
and show that two interesting measures, all confidence
(denoted as α) and coherence (denoted as γ), both dis-
close genuine correlation relationships and can be com-
puted efficiently. Moreover, we propose two interest-
ing algorithms, CoMine(α) and CoMine(γ), based on
extensions of a pattern-growth methodology. Our per-
formance study shows that the CoMine algorithms have
high performance in comparison with their Apriori-based
counterpart algorithms.

1. Introduction

Association rule mining is a widely studied topic in
data mining research. Its popularity can be attributed
to the simplicity of the problem statement and the effi-
ciency of its initial algorithms, such as Apriori [1]. Un-
fortunately, association mining with real data sets is
not so simple. If the min support threshold is high,
only commonsense “knowledge” will be found. How-
ever, when min support is set low, a huge number of
association rules will usually be generated, a majority
of which are redundant or noninformative. The true
correlation relationships among data objects are buried
deep among a large pile of useless rules.
To overcome this difficulty, correlation has been

adopted as an interesting measures since most peo-
ple are interested in not only association-like co-
occurrences but also the possible strong correlations
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implied by such co-occurrences. Brin et al. [2] intro-
duced lift (called interest there) and a χ2 correlation
measure and developed methods for mining such cor-
relations. However, since these measures based on so-
phisticated statistical computations do not have the
downward closure property [1], some approximate sim-
ilarity measures has to be proposed to explore efficient
computation. Ma and Hellerstein [5] proposed a mutu-
ally dependent patterns and an Apriori-based mining al-
gorithm. Recently, Omiecinski [7] introduced two inter-
esting measures, called all confidence and bond. Both
have the downward closure property. Experimental re-
sults on some real data sets show that these measures
are appealing since they reduce significantly the num-
ber of patterns mined, and the patterns are coherent.

In this study, we contribute to mining strongly cor-
related patterns in two aspects. First, several pop-
ularly used measures related to correlation mining
are re-examined. Our discussion shows that both
all confidence (denoted as α) and coherence (called
bond in [7]) (denoted as γ here) are good measures
and in most cases are better than the popularly used
lift and χ2 measures. Second, we develop two interest-
ing algorithms, CoMine(α) and CoMine(γ), by exten-
sion of a pattern-growth mining methodology [3]. Our
experimental and performance study shows that both
CoMine algorithms generate truly interesting correla-
tion patterns and have better performance over their
Apriori-based counterpart algorithms, Partition [7].

2 What measures are good for mining
correlated patterns?

In this section, we examine which of these four mea-
sures: all confidence, coherence, lift, and χ2, is more
suitable at expressing correlations among items in a
transactional database. We proceed by first introduc-
ing a few concepts.

Let I = {i1, i2, . . . , im} be a set of items, and DB be
a database that consists of a set of transactions. Each



transaction T consists of a set of items such that T ⊆ I.
Each transaction is associated with an identifier, called
TID. Let A be a set of items, referred to as an itemset.
An itemset that contains k items is a k-itemset. A
transaction T is said to contain A if and only if A ⊆ T .
The support of an itemsetX in DB, denoted as sup(X),
is the number of transactions in DB containing X. An
itemset X is frequent if it occurs no less frequent than
a user-defined min support threshold.

Definition 2.1 Given an itemset X = {i1, i2, . . . , ik},
the universe, the max item sup, all confidence, and the
coherence of X are defined as,

universe(X) = {ti ∈ DB|∃ij ∈ X(ij ∈ ti)} (1)

max item sup(X) = max{sup(ij)|∀ij ∈ X} (2)

all conf(X) =
sup(X)

max item sup(X)
(3)

coh(X) =
sup(X)

|universe(X)|
(4)

Two other measures, lift and χ2, have been popu-
larly used. χ2 follows the standard definition in statis-
tics [6], whereas the lift of two itemsets A and B is
defined as [2],

lift(AB) =
sup(AB)

sup(A)sup(B)
(5)

Given a transaction database DB, a minimum sup-
port threshold min support, a minimum all confidence
threshold min α, and a minimum coherence thresh-
old min γ, a frequent itemset X is all confident if
all conf(X) ≥ min α; and it is coherent if coh(X) ≥
min γ.

Example 1 The correlation relationships between the
purchases of two items, milk and coffee, can be exam-
ined by summarizing their purchase history in the form
of Table 1, a 2 × 2 contingency table, where an entry
such as mc represents the number of transactions con-
taining both milk and coffee. Table 1 shows the con-
crete contingency tables and the four measures for a set
of transaction database A1 to A4. From the table, one
can see that m and c are strongly positively correlated
in A1 but strongly negatively correlated in A2. How-
ever, λ (lift) and χ2 are very poor indicators, whereas
α and γ are very good ones. Similarly, A3 is negatively
correlated, which cannot be shown by λ and χ2 but
clearly shown by α and γ values. Finally, values in A4

are independent, which is correctly shown in λ, α, and
χ2 and approximated in γ. The reason that λ and χ2

are so poor in many cases is because they are strongly

influenced by the value of mc which is usually big and
across a wide range (many people may buy neither m
nor c). On the other hand, the definitions of α and γ
remove the influence of mc, playing a similar role as
Jaccard coefficient in cluster analysis [4].

Our experiments using a real database called the
CRIME data set1 show that mining for all confident
or coherent patterns generates a much smaller set but
truly correlated patterns in real databases. We omit
the details due to lack of space.

3. Mining All Confident Patterns

Given min support and min α, the set of
all confident patterns can be computed in the spirit
of the Apriori algorithm. However, as many studies
have shown [3], Apriori may not be very efficient when a
database is large and/or when patterns to be mined are
numerous and/or long because it may generate a huge
set of candidate patterns. Therefore, we will examine
how to develop more efficient methods for evaluation
of such measures. This leads to the development of
CoMine algorithms by extension of the pattern-growth
methodology, represented by FP-growth [3].
Algorithm CoMine(α) is described briefly as follows.

First, we build an FP-tree, in which the labels on each
path in FP-tree and the entries in a header table of
the tree are ordered in the f list order, the order of
descending support counts [3]. Then, we perform tree
mining by traversing down the header table. Algorithm
1 shows the tree mining algorithm for the α conditional
FP-tree. For each item in the header of the tree, re-
peat the following. Examine the items in the header
in a top-down manner. In Algorithm 1, Line 2 gen-
erates the all confidence pattern β. Since the FP-tree

is constructed in such a way that every β becomes an
all confidence pattern, we do not need to check whether
β satisfies the conditions. Lines 3 and 4 compute count
for each item in β-projected database. Lines 5–8 con-
duct pruning based on min support and min α. Thus,
β’s conditional database contains only the items bj ’s
such that βbj satisfies both the minimum support and
all confidence thresholds.
When computing count for each item in β-projected

database, CoMine(α) reduces the search space using
the properties of the all confidence measure. In the
β-conditional database, for item x to be included in
an all confidence pattern, the support of αx (= the

1The CRIME data set can be obtained from a
crime report database from a Web site related to
NIBRS (National Incident-Based Reporting System)
(http://www.icpsr.umich.edu/NACJD/NIBRS)



milk ¬milk row sum
coffee mc mc c
¬coffee mc mc c

col sum m m Σ

DB mc mc mc mc λ α γ χ2

A1 1000 100 100 10,000 9.26 0.91 0.83 9055
A2 100 1000 1000 100,000 8.44 0.09 0.05 670
A3 1000 100 10000 100,000 9.18 0.09 0.09 8172
A4 1000 1000 1000 1000 1 0.5 0.33 0

Table 1. Contingency tables and a few measures.

Algorithm 1 CoMine(α): Mining all confidence pat-
terns by extending the FP-growth method

Procedure FP-mine(Tree, α)

1: for each ai in the header of Tree do
2: generate pattern β = α ∪ ai with all conf =

sup(β)/max item sup(β); {sup(β) = sup(ai) in
α-projected database}

3: get a set Iβ of items to be included in β-projected
database;

4: for each item in Iβ , compute its count in β-
projected database;

5: for each bj in Iβ do
6: if sup(βbj) < min support, delete bj from Iβ ;

{pruning based on minimum support}
7: if all conf(βbj) < min α, delete bj from Iβ ;

{pruning based on minimum all confidence}
8: end for

9: construct β-conditional FP-tree with items in Iβ
Treeβ ;

10: if Treeβ 6= ∅ then
11: call FP-mine(Treeβ , β)
12: end if

13: end for

support of x in the α-conditional database) should be
no less than min α × max item sup(βx). With this
pruning rule, we can reduce the set of items Iβ to be
counted and, thus, reduce the number of nodes visited
when traversing the FP-tree to count each item in Iβ .

4. Mining Coherent Patterns

In this section we present an efficient coherent pat-
tern mining algorithm, called CoMine(γ). Unlike the
extension of FP-growth for mining all confidence pat-
terns, the extension for mining coherent patterns has
a challenging problem: computing the cardinalities of
the universes for given itemsets using the FP-tree.
We present a novel method for computing the

cardinality values by exploiting the characteristics
of the FP-tree. Let X = a1a2 . . . an be an item-
set and Ai be the TID set for item ai. We
can compute |universe(a1, a2, . . . , an)| by computing

Data set #Tuples #Items ATL/MTL
gazelle 59602 497 2.5/267
pumsb 49046 2113 74/74

Table 2. Characteristics of Real Data sets.

|universe(a1, a2, . . . , an−1)| + |An| − |(A1 ∪ A2 ∪ . . . ∪
An−1) ∩ An|. Here, |universe(a1, a2, . . . , an−1)| has
been computed in the previous step since we follow the
top-down approach. |An| can be obtained by main-
taining the support for each item. We can compute
|(A1 ∪ A2 ∪ . . . ∪ An−1) ∩ An| by adding the values
of the nodes of label an that has any of the item
a1, a2, . . . an−1 as an ancestor using node-link and par-
ent link of FP-tree[3].
Although we can compute the size of the universe

using the FP-tree, the cost is still non-negligible. We
can reduce the number of computations by first check-

ing the following condition: sup(X)
|universe(a1,a2,...,an−1)|

≥

min γ. If this condition fail, there is no need to com-
pute the size of universe.

5. Experiments

In this section, we report our experimental results
on the performance of CoMine in comparison with an
efficient Apriori-based counterpart algorithm, Partition
algorithm[7]. Our implementation of Partition algo-
rithms also contains optimization techniques proposed
in [5, 8]. The result shows that CoMine outperforms
Partition, and it is efficient and scalable for mining cor-
related patterns in large databases. Experiments were
performed on a 2.2GHz Pentium IV PC with 512MB
of memory, running Windows 2000. Algorithms were
coded with Visual C++.
Our experiments were performed on real data sets

as shown in Table 2. Gazelle comes from click-stream
data from Gazelle.com and pumsb is obtained from
www.almaden.ibm.com. The gazelle is rather sparse
in comparison with pumsb, which is very dense so that
it produces many long frequent itemsets even for very
high values of support.
Let us compare the relatively efficiency the Partition



and CoMine methods on a transactional data set. Fig-
ure 1 shows the performance on the gazelle data set
when min sup is fixed at 0.1% and min conf varies.
As we can see in these figures, CoMine always out-
performs counterpart Partition for the coherence and
all confidence measures over the entire range of confi-
dence threshold. This is because as the support or con-
fidence threshold goes down, the number as well as the
length of frequent itemsets increases and FP-growth-
based methods have better scalability than Apriori-
based methods under these circumstances.
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Figure 1. Gazelle when min sup = 0.1%.

Figure 2 shows the execution time on the pumsb
data set using different confidence threshold when the
min sup is fixed at 5%. It also shows that CoMine algo-
rithms always outperform Partition algorithms. When
min conf is less than 75%, Partition algorithms run
out of memory and cannot finish. At min conf 80%,
CoMine(α) can be more than 300 times faster than
Partition(α) and CoMine(γ) can be more than 1000
times faster than Partition(γ). Figure 2 indicates
that the gaps between CoMine(γ) and CoMine(α) are
quite small compared with that of Partition(γ) and
Partition(α) (Notice that the vertical axis is on a log
scale). This is because CoMine(γ) uses the efficient
algorithm of computing cardinalities of universes and
pruning rules.

6. Conclusions

In this paper, we show that mining all confidence
and coherent patterns generates highly correlated pat-
terns and are better measures than association-based
confidence measure and two other claimed correla-
tion measures: lift and χ2. For efficient mining of
the two kinds of correlation patterns, we proposed
a new method, called CoMine, which consists of two
algorithms CoMine(α) and CoMine(γ) for computing
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Figure 2. Pumsb when min sup = 5%.

all confidenent and coherent patterns respectively. For
CoMine(γ), the proposed method can compute the car-
dinality of the universe efficiently using the FP-tree

structure only. Several pruning methods are also de-
veloped that reduce the search space. Our extensive
performance study shows that CoMine generates desir-
able correlation patterns and outperforms the previ-
ously proposed Apriori-based algorithms.
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