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Abstract

Emerging Patterns (EPs) are itemsets (characteristics) whose
supports change significantly from one data class to another.
This work proposes a novel approach to use EPs as a basic
means for classification. It is called Bayesian Classification
based on Emerging Patterns (BCEP). As a hybrid of the EP-
based classifier and Naive Bayes (NB) classifier, it provides sev-
eral advantages. First, it is based on theoretically well-founded
mathematical models to predict an unseen case given a train-
ing sample. Second, it extends NB by using essential emerging
patterns to relax the strong attribute independence assump-
tion. Lastly, it is easy to interpret, as many unnecessary EPs
are pruned based on data class coverage. An empirical study
carried out on 21 benchmark datasets from the UCI Machine
Learning Repository shows that our method is superior to other
state-of-the-art classification methods such as C5.0, NB, CAEP
and LB in terms of overall predictive accuracy.

Keywords: emerging patterns, Bayesian learning,
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1 Introduction

The task of supervised classification - i.e., learning
to predict class memberships of test cases given la-
belled training cases - has been studied substan-
tially in statistics, machine learning, neural net-
works and expert systems over decades (Duda &
Hart 1973, Kononenko 1991, Quinlan 1993, Cheese-
man & Stutz 1996, Kohavi 1996, Domingos & Pazzani
1996, Domingos & Pazzani 1997, Webb & Pazzani
1998, Zhang, Ling & Zhao 2000). The prolifera-
tion of database management systems (DBMS) has
contributed to recent massive gathering of all sorts
of information, producing large databases with high
dimensionality. Since the widely used traditional
statistical data analysis techniques are not suffi-
ciently powerful for building accurate and efficient
classifiers on large and high-dimensional datasets
(Fayyad, Piatetsky-Shapiro & Smyth 1996), the prob-
lem of classification has been an important research
topic in database and KDD (Knowledge Discovery
in Databases, or data mining) communities recently
(Chen, Han & Yu 1996).

Bayes’ theorem tells us how to optimally predict
the class of a previously unseen example, given a
training sample. The chosen class should be the one
which maximizes

P(T) P(T)
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where C; is the class label, T = {ajas---a,} is the
test case, P(Y|X) denotes the conditional probabil-
ity of Y given X, and probabilities are estimated
from the training sample. Since classification fo-
cuses on discriminate prediction of a single class,
rather than assigning explicit probabilities to each
class, the denominator P(T'), which does not affect
the relative ordering of the classes, can be omitted.
So the class is chosen with the highest probability
P(T,C;) = P(C;)P(T|C;). Because in practice it is
very hard to calculate the exact probability P(T, C;),
one must use approximations under some certain as-
sumptions.

The Naive Bayesian (NB) classifier (Duda &
Hart 1973) makes a simple assumption that all at-
tributes are conditionally independent given the class
Cj;, hence,

P(T, Cz) = P(alaz s anC’,) =

Hyzl P(aj’ Ci)
P(Ci)n—l

Essentially, this means that the classification solely
depends on the values of P(a;,C;) and P(C;). De-
spite its simplicity, NB is a surprisingly successful
classification method that has demonstrated to out-
perform much more complicated methods such as de-
cision tree, rule learning and instance-based learning
algorithms in many application domains. However,
the assumption that the attributes are independent
with respect to the class variable is almost certainly
false in many induction scenarios.

Large Bayes(LB) (Meretakis & Wuthrich 1999)
relaxes the strong independence assumptions im-
plied by NB. It uses the supports of inter-
esting long, frequent(large) itemsets to approxi-
mate probabilities. The probability P(T,C;) can
be estimated using different product approxima-
tions, where each product approximation assumes
different independence of the attributes (Lewis
1959). For instance, P(ajasa3C;)P(asas|a1C;) and
P(aya2a3C;) P(as|a2C;) P(as|aiasC;) are both prod-
uct approximations of P(ajasazasasC;), where the
first product approximation uses {aiazas} first and
then {ajasas}; the second uses {ajaza3}, {azas} and
{a1a4a5} sequentially. LB uses only interesting large
itemsets to make the approximation reliable. It se-
lects a certain product approximation by selecting
certain large itemsets. LB’s accuracy was claimed to
be consistently better than that of NB, and generally
better than that of the widely known and used de-
cision tree classifier C4.5 (Quinlan 1993) and TAN(a
Bayesian network extension of NB).

Recently a new type of knowledge patterns, called
emerging patterns (EPs) (Dong & Li 1999), were
introduced for knowledge discovery from databases
(KDD). EPs are defined as itemsets whose supports
change significantly from one data class to another.



EPs capture multi-attribute contrasts between two
classes of things, such as edible mushrooms vs poi-
sonous mushrooms, normal tissues vs cancer tissues.
The significance of the difference is measured by
the magnitude of the frequency-change ratio (called
growth rate) of the patterns from one class to an-
other. Usually the large the growth rate, the stronger
discriminating power the patterns have.

EP | Malignant-support | Benign-support | growth rate

el 0.41% 20.31% 49.54

e 0% 3.28% oo
e1={(Bare-Nuclei,1), (Bland-Chromatin,3), (Normal-
Nucleoli,1), (Mitoses,1)},
ea={(Marginal-Adhesion,1), (Bare-Nuclei,1), (Normal-

Nucleoli,2)},
where an (attribute, value) pair denotes an attribute-value.

Figure 1: Examples of Emerging Patterns

For example, Figure 1 shows two EPs from the
Malignant class to the Benign class of the Wisconsin-
breast-cancer dataset, from the UCI Machine Learn-
ing Repository (Blake & Merz 1998). The EP e,
with a growth rate of 49.54, is a four-attribute fea-
ture contrasting the benign instances against the ma-
lignant instances. It has very high predictive power:
the odds that instances containing or satisfying e;
are benign is 98%. The EP e, has even greater pre-
dictive power: the odds that instances containing es
are benign is 100%. More specifically, es is a jump-
ing emerging patterns ( JEP! ) with support 0 in the
malignant class and thus growth rate oo.

By aggregating the differentiating power of
EPs/JEPs classification systems such as JEP-
Classifier(Li, Dong & K.Ramamohanarao 2000) and
CAEP(Classification by Aggregating Emerging Pat-
terns) (Dong, Zhang, Wong & Li 1999) usually
achieve higher accuracy than other state-of-the-
art classifiers such as C5.0 (Rulequest 2000) and
CBA(Classification Based on Associations).

In this paper we describe a hybrid approach that
attempts to utilize the advantages of both EP-based
classifiers (i.e., EP’s sharp differentiating power) and
Naive Bayes (evidence accumulation from multiple at-
tributes). The proposed classifier is called BCEP, i.e.,
Bayesian Classification based on Emerging Patterns.
Experiments carried out on a large and varied selec-
tion of benchmark datasets from the UCI Machine
Learning Repository shows that BCEP is superior to
other state-of-the-art classification methods such as
C5.0, NB, CAEP and LB in terms of overall predictive
accuracy, and it achieves the best or very close (within
1%) to the best accuracy on 15 out of 21 datasets and
also performs very well on the remaining six.

An EP of a class C; can be regarded as a distin-
guishing feature of C;. Its support sup; in C; esti-
mates the probability that the pattern occurs given
the class label C;. And its support sup} in non-Cj;
(the contrasting data class) estimates the probability
that the pattern occurs given the contrasting class.
EPs are itemsets which maximize the former proba-
bility and minimize the latter. EPs express the rela-
tionships between items(attributes), indicating that
those items(attributes) contained in a single EP are
not actually independent. Recall that if X and Y

1A JEP is a special type of emerging pattern (also a special
type of discriminant rule), defined as an itemset whose support
increases abruptly from zero in one dataset, to non-zero in another
dataset — the ratio of support-increase being infinite.

are independent given Z then P(X|Z,Y) = P(X|Z).
As an extreme case, an item a; appears in half of
class C; and an item ay appears in the other half of
class C; (therefore, a; and as can not appear at the
same time in C7); while both a; and a; appear in
the same half of class C;. Then {aj,a2} is an EP
with support 50% in Cy and 0% in C;. Obviously,
P(a1 01,112) = 0, P(a1|C’1) = 05, P(a1|C’2,a2) = 0,
P(a1 Cz) = 0.5. So P(a1|Cl,a2) 75 P(a1|C’1) and
P(a1|C3,a2) # P(a1|C3). We can see that both a;
and ay are not independent given either C; or Cs.
By using EPs in the product approximation, we can
relax the strong independence assumption implied by
NB, which assumes all attributes are conditionally in-
dependent given the class Cj.

There can be a very large number (e.g., 10°) of
general EPs E; from class C; in the dense and high-
dimensional datasets of a typical classification prob-
lem. It has been shown that many of them are not so
useful in classification (Fan & Ramamohanarao 2002).
Here we are only interested in a special type of Emerg-
ing Pattern, called essential emerging patterns (eEP),
which are believed to be the most useful patterns for
classification. eEP are EPs with very large growth
rates (typically more than 1000), enough(large) sup-
ports in the target class (usually a threshold 1%), and
that are contained in the left bound of the border rep-
resenting the EP collection. Intuitively, large growth
rates ensure EP’s sharp discriminating power, large
supports, which means enough coverage on the train-
ing dataset, make EPs more resistant to noise, and
the boundary requirement states that any proper sub-
set of a boundary itemset is no longer an eEP. eEPs
represent the essence of the discriminating knowl-
edge. We utilize the tree-based algorithms (Fan &
Ramamohanarao 2002) to efficiently mine the com-
plete set of eEPs for each class.

Although the set of eEPs is much smaller than the
set of general EPs, there still exist redundant eEPs in
terms of data class coverage. Suppose an EP e; cov-
ers? a set COV,, of instances in the training data class
C;, another EP f; covers a set COVY}, of instances in
C;. If COVy, is the subset of COV,,, we can see f;
does not provide more useful information, as both of
their growth rates are very large and the support of e;
is larger than that of f;. So f; can be safely removed
without losing much classification information. This
pruning based on the concept of data class coverage
is pursued as the last step in the training phrase af-
ter the complete set of eEPs for each class are mined.
By further pruning unnecessary EPs effectively, only
a small set of high quality EPs F; from class C; is
selected. Hence the resulting classifier’s complexity is
reduced and its efficiency is improved (shorter clas-
sification time). Moreover, in our experiments, bet-
ter accuracy can be achieved because redundant and
noisy information is deleted.

When a new case T = {aj,az---a,} arrives to be
classified, BCEP combines the evidence provided by
the subsets of T that are present in F; to approxi-
mate P(T, C;), where F; denotes the final high qual-
ity EPs from class C; for classification and P(T, C;)
determines the conditional probability P(C;|T), i.e.,
the probability that the case belongs to class C; given
the evidence. The evidence which is selected from F'
is denoted as B, where F = Fy +---+ F, =37 | Fj,
¢ is the number of classes in the training dataset. An
EP of F; with its high support in the target class C;
and low support in the contrasting class C;(j # ¢) can
be seen as a strong signal which implies the items con-
tained in the EP are dependent either given C; or Cj.
And the strength of such a signal is expressed by its

2Here we say an EP ”covers” an instance if the instance contains
the EP.



growth rate and its support in the target class C;. We
select EPs from B in the strength-descending-order.
Such order is important because different combina-
tions of itemsets of B lead to different product ap-
proximation, and even when the same itemsets are
used in different order, the product approximations
are still different. The EPs of B are used sequentially
to construct the product approximation of P(T,C;)
and their class supports in both the target and the
background data class are used to calculate the prob-
abilities. The result is the class with the highest value
of P(T,C;). Our experiments show that selecting and
aggregating a small number of essential EPs which
provide discriminating knowledge is an effective strat-
egy to compute the class probabilities.

We highlight our main contributions in this paper
as follows.

1. BCEP can be thought of as a new extension
of NB. By using emerging patterns of arbitrary
size when estimating P(T, C;), BCEP relaxes the
strong attribute independence assumption im-
plied by NB while retains NB’s strength: supe-
rior accuracy in many cases over previously pub-
lished classifiers.

2. BCEP is based on theoretically well-founded
mathematical model to compute the probabil-
ity that the case belongs to some class given
the evidence. The scoring functions of previous
EP-based classifiers are coarse approximations of
such probability. Because of our method’s math-
ematical soundness, we can use few EPs to build
high accuracy classifiers.

3. BCEP solves the problem of interpretability,
which is an important issue in data mining.
Compared with previous EP-based classifiers us-
ing thousands of EPs, BCEP relies on much fewer
(a few hundred) EPs to make a decision and out-
performs those EP-based classifiers, because the
idea of data class coverage is introduced to prune
many unnecessary EPs. Although the idea itself
is not new, our approach is the first application
of using it to prune EPs for classification and has
been shown successful.

Organization: An outline of the remainder of
this paper is as follows. Section 2 reviews related
work and motivates our work. Section 3 defines the
essential emerging patterns (eEPs) In section 4 the
idea of data class coverage is introduced to further
prune a lot of unnecessary EPs. Section 5 details
our Bayesian approach to use EPs for classification.
Section 6 presents an extensive experimental evalua-
tion of BCEP on popular benchmark datasets from
the UCI Machine Learning Repository repository and
compares its performance with C5.0, NB, CAEP and
LB. Finally, in section 7 we provide a summary and
discuss future research issues.

2 Related Work and Motivation

BCEP can be thought of as a hybrid system of the
EP-based classifier family and the Bayesian classifier
family.

The EP-based classifiers, such as CAEP and JEP-
Classifier, aggregate each individual EP’s sharp dif-
ferentiating power to compute the aggregate scores
for each class. The result is the class with the highest
value of such scores. The major differences between
EP-based classifiers and BCEP are as follows:

e The EP-based classifiers usually depend on a
huge number of mined EPs. For example, CAEP

uses an average of 9940 EPs® and JEP-Classifier
uses an average of 6397 JEPs*. Such huge num-
ber of EPs make the resulting classifiers com-
plex. BCEP utilizes the idea of data class cover-
age with respect to E; (the EPs of the class C;)
to effectively prune unnecessary EPs. The result
is a small set (an average of 398, which is calcu-
lated based on Table 2) of high quality EPs F;
from class C;. Experimental results show that
such pruning does not lose any useful patterns
for classification and actually removes noise. We
also notice fewer EPs lead to shorter classifica-
tion time.

e The approaches to use EPs for classification are
different. We take CAEP for example to explain
how it works. (JEP-Classifier works in a similar
way) The contribution of an EP e is the product
of two terms. The first term is the conditional
probability that an instance is in class C; given
that the instance contains e; the second term is
the fraction of the instances of class C; that e
applies. CAEP sums the contributions of the in-
dividual EPs to obtain a score S; for class C;
and then “normalize” S; by dividing it using a
base score at certain percentage for the training
instances of class C;. CAEP’s approach has two
weaknesses.

1. Repeated contributions are counted. Sup-
pose two EPs which cover almost the same
percentage of the training sample, the con-
tributions of both of them are added, which
is undesirable. Our pruning technique min-
imizes such repeated contributions.

2. The normalization is somewhat intuitive.
The normalization is introduced to resolve
the problem caused by unbalanced distri-
butions of EPs for different classes, i.e., a
class which has many more EPs tends to
get higher scores. Although it is successful,
how to choose the base score remains the
art of human.

BCEP is based on theoretically well-founded
mathematical models for discriminating classifi-
cation learning. BCEP uses EPs of arbitrary size
when estimating P(T, C;). Under different inde-
pendence assumptions about the attributes, the
probability P(T, C;) can be obtained using differ-
ent product approximations. EPs are combined
using the chain rule of probability and all nec-
essary independence assumptions are assumed
true.

o JEP-Classifier uses exclusively jumping emerging
patterns (JEPs) and only their supports are ag-
gregated to compute the scores. JEP-Classifier
performs well when there are many JEPs in each
class of dataset. However, in real world classifi-
cation problems, some data classes may contain
few or even no JEPs whose supports meet a rea-
sonable threshold (such as 1%). In such cases,
EPs with large growth rate will play an impor-
tant role.

Although partially influenced by LB, BCEP is dif-
ferent from LB in that BCEP uses EPs, which contain
more useful information than frequent itemsets. EPs
require an itemset frequent in one data class while
very infrequent in another. The approaches used to
choose itemsets or EPs and use them in approxima-
tion are also very different.

3The number is calculated based on Table 5.2 on page 97 from
(Zhang 2001)

“The number is calculated based on Table 5.2 on page 84 from
(Li 2000)



3 Essential Emerging Patterns and Classifi-
cation

Suppose a data object obj = (a1, a2 - - - a,) follows the
schema (A4, A2 --- A,,), where Ay, Ay - - - A,, are called
attributes. Attributes can be categorical or continu-
ous. For a categorical attributes, we assume that all
the possible values are mapped to a set of consecu-
tive positive integers. For a continuous attributes, we
assume that its value range is discretized into inter-
vals, and the intervals are also mapped to consecutive
positive integers. By doing so, a raw set of data ob-
jects is encoded into the binary transaction database
where emerging patterns are defined upon. We call
each (attribute, integer-value) pair an item.

Let C = {c1,--,cm } be a finite set of class labels.
A training dataset is a set of data objects such that,
for each object obj, there exists a class label cqp; €
C associated with it. A classifier is a function from
(A1,A5--- A,) to C, which assigns a class label to an
unseen example.

In general, given a training dataset, the task of
classification is to build a classifier from the train-
ing dataset such that it can be used to predict class
labels of unknown objects. Classification is also
known as supervised learning as the learning of
the model is “supervised“ in that it is told to which
class each training example belongs. Emerging pat-
terns can serve as a classification model because they
represent knowledge which discriminates between dif-
ferent classes of datasets.

Let I denote the set of all items in the encoding
dataset D. A set X of items is also called an item-
set, which is defined as a subset of I. We say any
instance S contains an itemset X, if X C S. The
support of an itemset X in a dataset D, suppp(X),
is countp(X)/|D|, where countp(X) is the number
of instances in D containing X.

Definition 1 Given two different classes of datasets
D' and D", the growth rate of an itemset X from D’
to D" is defined as

GrowthRate(X) = GR(X) =

0 if supp'(X) = 0 and supp”(X) =0
00 if supp’(X) = 0 and supp”(X) >0
% otherwise

Emerging Patterns are the itemsets with large growth
rate from D’ to D".

Definition 2 Given a growth rate threshold p > 1,
an itemset X is said to be an p-emerging pattern (pEP
or simply EP) from a background dataset D’ to a
target dataset D" if GrowthRate(X)> p.

When D' is clear from context, an EP X from D' to
D" is simply called an EP of D". The support of X
in D", supppr(X), denoted as supp(X), is called the
support of the EP.

Emerging Patterns can be described by borders
(Dong & Li 1999). A collection of sets represented by
the border < L, R > is

[L,R={Y|3X € L,3Z € R, X CY C Z}.

For instance the border < {{1},{2}},{1,2,3,4} >
represents those sets which are either supersets of {1}
and subsets of {1,2,3,4} or supersets of {2} and sub-
sets of {1,2,3,4}. Clearly, borders are usually much
smaller than the collections they represent. The col-
lection of emerging patterns discovered from different
classes of data, can be concisely represented by their
border < L, R >, where L is the sets of the minimal
itemsets and R is the sets of the maximal itemsets.

After introducing general Emerging Patterns, we
now define a special type of EP, called essential
Emerging Patterns (eEP), which are the most use-
ful patterns for classification. eEP are EPs satisfying
the following conditions:

Condition 1 Their growth rates are very large (typ-
ically more than 100-1000, depending on the size
of dataset);

Condition 2 They have enough supports in the tar-
get class (usually a threshold 1%);

Condition 3 They are contained in the left bound
of the border representing the EP collection, i.e.,
they are minimal EPs.

We believe EPs satisfying the above three condi-
tions are the most expressive patterns for classifica-
tion for the following reasons.

1. Very large or even infinite growth rates ensure
EPs’ significant level of discrimination.

2. The support threshold makes an EP cover at
least a certain number of examples in the tar-
get class of training dataset, hence reliable to be
used in the product approximations. Itemsets
with too low supports are regarded as noise.

3. EPs in the left bound of the border have no sub-
sets within the collection of EPs. That is, any
proper subset of such an EP is not an EP any
more. Such EPs are the shortest. Consider that
EPs are actually itemsets. A shorter EP means
less items (attributes). If we can use less at-
tributes to distinguish two data classes, adding
more attributes will not contribute to classifica-
tion, and even worse, bring noise. In our ap-
proach, as many EPs as possible should be used,
i.e., the product approximations should contain
as many factors as possible. So short EPs are
also desirable.

4. Supersets of eEPs are not useful for classifica-
tion because of the following reason. Let e;
be an eEP satisfying all of the three conditions
(Condition 1, 2 and 3), e2 be an itemset satis-
fying only the first two conditions (Condition
1 and 2), and e3 D e;. Since both of them
have very large (hence enough) growth rates,
we are only concerned about their coverage on
the training dataset. e; covers more (at least
equal) instances of the target class than ey be-
cause supp(e1) > supp(es).

The learning phase of BCEP employs algorithms
using a tree based data structure to efficiently mine
essential EPs eF; from class C;, namely itemsets pass-
ing the user-specified support and growth rate thresh-
olds, and the minimal requirement (Condition 1, 2
and 3).

4 Further Pruning Essential Emerging Pat-
terns Based on Data Class Coverage

The number of the eEPs generated in the learning
phase can be huge. To make the classification effective
and efficient, we need to further prune unnecessary
eEPs to delete redundant and noisy information. The
pruning is based on a global order defined on the EPs.

Definition 3 Given two eEPs, e; and e; (i # j), e;
is said to have higher rank than e; (also called e;
precedes ¢;), denoted as e; < e;, if and only if

1. the support of e; is greater than that of e;, or



2. their supports are the same, but the length of ¢;
is smaller than that of ;.

Note the above order does not consider the growth
rates of eEPs. It is because eEPs are defined as EPs
with very large growth rates, and it does not make
much sense to further compare two large values.

Let eFE; be the set of eEPs for class C;, and D; the
training data (belonging to class C;). The basic idea
is to choose a set of high precedence eEPs in eF; to
cover D;. This method is related to the traditional
covering method. However, the major difference is in
the rules or patterns that they use. BCEP learns all
patterns from the entire training data using exhaus-
tive search, while each rule in the traditional covering
method is learned using a heuristic method from the
remaining data after the examples covered by previ-
ous rules are deleted (high quality rules may lose due
to greedy heuristic).

Algorithm 1 (Prune EPs based on data class
coverage)

a set of EPs eF; for class C;,

the training dataset D; from C}
Output: a final set of EPs F; for classification
Method:

Input:

1. Sort eF; by rank in descending order;

2. While both D; and eE; are not empty,
for each EP e in the rank descending order,
find all data objects containing e.
If e can correctly classify at least one object
then select e and remove those objects of D;
containing e.

Figure 2: Prune EPs based on data class coverage

The algorithm to prune emerging patterns eF;
based on data class coverage with respect to class C;
is given in Figure 2. It removes one data object from
the training dataset immediately after it is covered
by some selected EPs. The pruning is based on the
assumption that if each tuple in the training dataset
is covered by a given set of high quality EPs, a new
test should also be covered by the same set of EPs,
because the training and testing dataset supposedly
have the same distribution. We understand that such
assumption is not always true in the real world clas-
sification problems, so we can choose more EPs by
modifying the algorithm a little to let a data object
stay there until it is covered by at least u(u > 2) EPs.

There are two reasons why we need more EPs.
First, if too few EPs are chosen after pruning, some
effective EPs may be lost. Second, more EPs are de-
sirable in our Bayesian approach, because generally
the more itemsets we use in the product approxima-
tion, the more reliable the product approximation is
for classifying new data objects. There are also rea-
sons why we prefer fewer EPs (that is why we prune
EPs), which have been discussed in the beginning of
the section. This raises the following question, "How
to determine p?” Fortunately, after conducting ex-
periments on a few datasets from the UCI Machine
Learning Repository , we find that classification ac-
curacy improves when u goes from 1 to 2 (more EPs
are selected when p = 2 than p = 1), but it remains
nearly stable when u goes from 2 to 5. So as a trade-
off, we let y be 2.

As a byproduct of the pruning process, the per-
centage of D; covered by one or more EPs of eE;
is available. If we find the percentage is high (typ-
ically more than 90%), we are much confident that
we have mined enough high quality EPs for classifi-
cation. However, in rare cases when such percentage
is low (typically below 80%), where there are few or
even no EPs with very large (more than 1000) growth
rates, it means the thresholds for eEPs are too aggres-
sive, hence we lose some high quality EPs. We have to
adjust the growth rate threshold (reduce it to 10-100)
and repeat the EP mining process to obtain a larger
set of EPs. This can be done automatically: Repeat
mining eEPs eF; until eE; covers enough percent of
D;.

To obtain the final set of high quality EPs F' for
classification, the pruning is done on all classes in the
training dataset D. Let the number of classes in D is
C

F:Flu---UFc:UF,».
=1

5 The Bayesian Approach to Use Emerging
Patterns for Classification

5.1 Basic ideas

Upon arrival of a new case T = {a1, a2, --an} to
be classified, BCEP combines the evidence provided
by the subsets of T that are present in F, where F
denotes the final set of high quality EPs for classifi-
cation. The evidence is denoted as B,

B={seF|sCT}

BCEP uses the EPs of B to derive product approxi-
mations of P(T,C;) for all classes. The product ap-
proximation of the probability of an n-itemset T for a
class C; contains a sequence of at most n subsets of T
such that each itemset contains at least one item not
covered® in the previous itemsets. Recall the general
chain rule is

P(X17X2""’X’n) =

P(X1)P(X3|X1) - P(Xp| X1,y Xn1)-

To obtain the product approximation of P(T, C;), the
itemsets are combined using the chain rule of proba-
bility while assuming that all necessary attribute in-
dependence assumptions are true.

Suppose a test instance T' = {a1, as, a3, as, a5} ar-
rives. After consulting F', we find its corresponding
B = {{a27 (15}, {(13, a4}, {a17 az, a3}7 {a'l, a4, a5}}' We
can use some itemsets of B to make several different
product approximations of P(T, C;) as follows:

I {a1,a2,a3}, {a1,a4,a5} =
P(C’z-)P(ala2a3|C’i)P(a4, a5|a101-)

II {a17a47a5}7 {a'25a5}1 {a'37a'4} -
P(Ci)P(a1a4a5|Ci)P(02|a50i)P(a3|a4Cz')

IIT {az,as}, {as,as}, {a1,a4,0a5} =
P(C;)P(aza5|C;) P(azas|C;) P(a1|asas C;)

v {al,az,a3},{a2,05§,{a3,a4} =
P(C;)P(araz2a3|C;) P(as|azC;) P(aslasC;)

Note that {a1, a2, a3}, {a1,a4,a5} and {az, a5} is not
a product approximation since all items of {az,as}
are already covered by the first two itemsets. We also

5An item which is already included in the product approxima-
tion is said to be covered.



point out that although IT and III use the same item-
sets {a2, a5}, {a3, a4} and {a1, a4, as}, the final prod-
uct approximation is different because these itemsets
are used in different order.

Clearly, different combinations of itemsets of B
lead to different product approximation, and the
product approximations are different even when the
same itemsets are used in different order. The prod-
uct approximation of P(T,C;) is created incremen-
tally adding one EP at a time until no more EPs can
be added (either all the items of the remaining EPs
from B are already covered or no more EPs are avail-
able in B).

An EP with its high support in the target class and
low support in the contrasting class can be seen as a
strong signal indicating the class of a test instance
containing it. And the strength of such a signal is
expressed by its support in the target class.

Definition 4 The strength of an EP e; of class C; is
defined as

GR(ei)

strength(e;) GR(e:) +1 * supp;(e;)

The more strength an EP has, the earlier it should
be used in the product approximation as long as it
provides items which have not been covered. We are
also concerned about EP’s length. When two EPs
have the same strength, the shorter EPs should be
used first in order to use as many as possible EPs in
the product approximation,

EPs of B are first sorted in the strength-
descending-order, and the final list is denoted as O.
EPs are extracted from the list O from the begin-
ning to incrementally construct the the product ap-
proximation. The set of covered items is denoted as
cov. An EP p inserted in the product approximation
should satisfy the following rules:

Rule 1: |p—cov| >=1;

Rule 1 means p contains new items which have not
been covered. It guarantees that the product solution
satisfies the chain rule and hence it is a valid product
approximation.

Selection among alternatives is done as follows. p
is selected instead of another EP ¢ if the following
rules are satisfied in the given order of importance:

Rule 2: strength(p) > strength(q);
Rule 3: length(p) < length(q);
Rule 4: |p— cov| < |g — cov|.

Rule 2 ensures EPs with larger strength (stronger sig-
nals) be used first if they do not break Rule 1. Rule
3 assures shorter EPs be considered first if there are
alternatives with the same strength. This is equiv-
alent to maximizing the number of EPs used in the
product approximation. Rule 4 gives priority to those
EPs among the remaining alternatives which contain
the smallest number of not covered items. This is last
attempt to make as many EPs as possible stay in the
sequence.

5.2 The Algorithm to Compute the Product
Approximation

After the final set of high quality EPs F' is available,
a new unlabelled test T' = {a1, az,- - -an} is classified
by the Algorithm 2 in Figure 3. The supports in both
classes and the strength of each EP can be calculated
in the training phrase.

The algorithm incrementally builds the product
approximation of P(T,C;) by adding one itemset

(EP) at a time until no more can be added. It first
finds the evidence B provided by the subsets of T that
are present in F'. covered is the subset of T' already
covered; numerator and denominator are the sets of
itemsets in numerator and denominator, respectively.
Procedure Nezt(covered, B) (Figure 4 then repeat-
edly pickup next itemsets from B. The algorithm
stops once all items in 7" have been covered. In the
for loop, the numerator and denominator itemsets, B;
and B; Ncovered} respectively, are stored in two sep-
arate set numerator and denominator. Finally, they
are used to derive the value of the product approxi-
mation of P(T, C;) for each class C;. The most likely
class is then returned.

Algorithm 2 (Bayesian Classification based on
Emerging Patterns)

the final set of EPs F' for classification
and a test instance T’

Output: the classification ¢; of T

Method:

Input:

B={seF|sCT}
covered = )
numerator = ()

denominator = ()

AR o

for (1 = 1; covered C T;i+ +)

B; = Next(covered, B)

numerator = numerator U B;
denominator = denominator U{B;Ncovered}
covered = covered U B;

6. for each class, compute

H € t P(U’Cz)
P(T,C;) = P(C; uEnumerator
( ) ( ) H’uedenominator P(U’ Cl)

7. output the class ¢; with maximal P(T, C;)

Figure 3: Bayesian Classification based on Emerging
Patterns

Procedure Nezt(covered, B) selects from B the
next itemset to be used in the product approxima-
tion. This is uniquely determined by the Rules 1-4.

5.3 Zero Counts and Smoothing

The support (or observed frequency) of an itemset
can be unreliable substitution for its probability, es-
pecially when the dataset is small or when the train-
ing dataset contains noise. A typical example is a
jumping EP with a growth rate of oo (%0), where
the zero-support in the background class is very un-
reliable, and it is very undesirable to use zero in the
product approximation.

A standard statistical technique is to incorporate
a small-sample correction into the observed probabili-
ties. This is called smoothing and helps eliminate un-
reliable estimates and zero-counts. In our experiment,
we use M-estimate with m=2 to estimate P(X|C;)
and Laplace-estimate to estimate P(C}).



Nexzt(covered, B)
Z ={s € B A |s— covered| > 1};
return an itemset B; € Z
such that for all other itemsets B; € Z:

1. strength(B;) > strength(B;);

2. strength(B;) = strength(B;) and length(B;) <
length(B;);

3. strength(B;) = strength(B;) and length(B;) =
length(B;) and | B; — covered| < |B; — covered).

Figure 4: Procedure Next(covered, B)

M-estimate:
|D;| + ng

where #(X, C;) denotes the number of training
examples belonging to class C; and containing
itemset X; #(X) denotes the number of train-
ing examples containing itemset X; ng is a small
number which is set to 5.

Laplace-estimate:

|Di|+k
|D|+cxk

where |D;| is the number of training objects be-
longing to C;; | D| is the total number of training
objects; ¢ is the number of classes; and k is nor-
mally 1.

Let P(X,Y,C;) and P(Y, C;) be the observed fre-
quencies in D of {X,Y,C;} and {Y, C;} respectively
(X and Y are itemsets). Instead of P(X|Y,C;) =
P(X,Y,C;)/P(Y,C;), we use the smoothed condi-
tional probability:

|D|* P(X,Y,C;) + 5 % P(X)
Py, i) |D|x P(Y,C;) +5

6 Experimental Evaluation

In order to investigate BCEP’s performance com-
pared to that of other classifiers, we carry experi-
ments on 21 datasets from the UCI Machine Learning
Repository . We compare BCEP with Naive Bayes
and state-of-the-art classifiers: the widely known de-
cision tree induction C5.0; an EP-based classifier
CAEP; and LB, a recently proposed classifier extend-
ing NB using long itemsets.

All the experiments were performed on a 500Mhz
Pentium IIT PC with 512Mb of memory. The accu-
racy was obtained by using the methodology of strati-
fied ten-fold cross-validation (CV-10). We use the En-
tropy method in (Fayyad and Irani 1993) taken from
the MLC++ machine learning library (Kohavi, John,
Long, Manley & Pfleger 1994) to discretize datasets
containing continuous attributes.

Table 1 summarizes the accuracy results. Columns
1,2,3 and 4 describe the datasets: the name of each
dataset and the number of instances, attributes and
classes, respectively. Columns 5 to 9 give the predic-
tive accuracy of the classifiers.

Keeping in mind that no classification method can
outperform all others in all possible domains, we can
draw some interesting points from Table 1 as follows:

e Our BCEP performed perfectly(98% to 100%
accuracy) on some datasets (chess, mushroom,
shuttle, shuttle-small, tic-tac).

e In comparison with NB, BCEP consistently
achieves higher accuracies. For the 21 datasets,
BCEP wins on 20 while NB wins only on the
splice dataset (please note BCEP’s accuracy is
very close to that of NB). This confirms our be-
lief that BCEP really relaxes the strong attribute
independence assumption implied by NB.

e Compared with C5.0, BCEP achieves higher ac-
curacies. For the 21 datasets, BCEP wins on 15;
C5.0 wins 6; they achieve the same accuracy on
the mushroom and shuttle-small dataset.

e In comparison with CAEP, BCEP also achieves
higher accuracies. For the 14 datasets where re-
sults of CAEP are available, BCEP wins on 9;
CAEP wins 4; they achieve the same accuracy
on the German dataset. This shows our Bayesian
approach to approximate the class probabilities
is better than the scoring functions of CAEP.

e Finally we compare BCEP with LB, a NB exten-
sion using large itemsets. BCEP produces better
results. For the 17 datasets where results of LB
are available, BCEP wins on 11; LB wins on 6.
We believe it is because EPs contain more useful
information than large itemsets when used in the
product approximations.

Table 2 shows the effect of applying data class cov-
erage to prune EPs. It compares the accuracy, the
number of EPs used in classification, and the classifi-
cation time (average one fold time over the 10 CV-
folds) when pruning with those when not pruning
(w/o pruning). It can be seen that the number of
EPs has been dramatically reduced after the prun-
ing process, which leads to much shorter classifica-
tion time, while in almost all cases (except the Ger-
man and waveform-21 datasets) there is an increase in
the accuracy. For example, before pruning the splice
dataset contains 10289 EPs and it takes BCEP 107
seconds to finish one classification fold with a accu-
racy of 91.14%. However, the pruning reduces the
number of EPs down to 360 (around 3.5% of 10289
before reduction) and BCEP only needs 5 seconds
(about 20 times faster) finishing one fold with a higher
accuracy of 94.1%. We highlight some interesting
points from Table 2.

o Many EPs are unnecessary or redundant for clas-
sification, because by pruning 50%-95% EPs,
there is no loss in predictive accuracy, and often
there is an increase in accuracy. Furthermore,
some removed EPs are noisy, since using those
EPs in classification leads to a decrease in accu-
racy, although the decrease is slight.

e Classification based on as few EPs as possible is
desirable, as long as the small set of EPs provide
sufficient information for prediction, because it is
ten or even a hundred times faster to use fewer
EPs to classify a test instance.



Table 1: Description of datasets and summary of results

Dataset Properties Accuracy
Dataset #Instances | #Attributes | #Classes | NB | C5.0 | CAEP [ LB | BCEP
Adult 45,225 14 2 84.12 [ 85.54 [ 83.09 [ 85.11 85
Australian 690 14 2 85.65 | 84.93 | 85.51 | 85.65 | 86.4
Chess 3,169 36 2 87.15 [ 99.31 | 85.45 | 90.24 | 98.56
Cleve 303 13 2 82.78 | 77.16 - 82.19 | 8241
Diabete 768 8 2 75.13 | 73.03 - 76.69 | 76.8
German 1,000 20 2 741 | 71.90 | 745 74.8 74.5
Heart 270 13 2 82.22 | 76.30 | 82.22 | 82.22 | 81.85
Tono 351 34 2 89.45 | 91.45 | 89.76 - 93.24
Letter 20,000 16 26 74.94 | 88.06 - 76.4 | 84.28
Lymph 148 18 4 81.86 | 78.29 | 74.38 | 84.57 | 83.13
Mushroom 8124 22 2 99.68 | 100 | 93.91 - 100
Pima 768 8 2 75.9 | 75.39 | 77.6 | 75.77 | 75.66
Satimage 6,435 36 6 81.8 | 86.74 - 83.9 | 87.42
Segment 2,310 19 7 91.82 | 96.88 | 85.76 | 94.16 | 95.15
Sonar 208 60 2 75.4 76 78.33 - 78.4
Shuttle-small 5,800 9 7 98.7 | 99.65 - 99.38 | 99.65
Splice 3,190 59 3 94.64 | 94.2 - 94.64 | 94.1
Tic-tac 958 9 2 70.15 | 85.91 | 85.91 - 99.37
Vehicle 846 18 4 61.12 | 73.68 | 68.8 | 55.92 | 68.05
Waveform-21 5,000 21 3 7851 | 75.62 | 83.92 | 79.43 | 82.25
Yeast 1,484 8 10 58.05 | 56.14 - 58.16 | 58.22
[ Average [ [ [ | 81.1 [ 83.15 ] 82.08 [ 81.13 | 84.97 |
Table 2: Effect of EP pruning based on data class coverage
BCEP Accuracy #EPs classification time(sec’s)
Dataset w/o prune | prune | w/o prune | prune | w/o prune prune
Adult 83.94 85 3316 1115 774.123 340.613
Australian 85.59 86.4 1009 126 0.343 0.052
Chess 96.98 98.56 1078 56 9.341 1.378
Cleve 80.69 82.41 461 72 0.055 0.011
Diabete 75.4 76.8 62 19 0.011 0.010
German 74.8 74.5 807 7 0.316 0.024
Heart 81.48 81.85 103 36 0.012 0.006
Tono 90 93.24 2732 48 0.775 0.026
Letter 82.47 84.28 71714 3628 1145.97 118.083
Lymph 81.25 83.13 102 26 0.005 0.002
Mushroom 100 100 1958 36 240.846 13.634
Pima 74.2 75.66 54 21 0.008 0.006
Satimage 86.23 87.42 77684 1247 1560.57 57.819
Segment 93.68 94.76 11885 211 11.399 0.803
Sonar 76.5 78.4 699 41 0.227 0.016
Shuttle-small 99.65 99.65 378 45 11.094 3.253
Splice 91.14 94.1 10289 360 107.218 5.185
Tic-tac 86.63 99.37 704 27 0.177 0.008
Vehicle 66.22 68.05 1377 81 0.609 0.034
Waveform-21 82.71 82.25 5500 1069 29.35 6.575
Yeast 58.08 58.22 55 16 0.016 0.015




7 Conclusions and Future Research

In this paper, we have proposed a novel classification
method, BCEP, i.e., Bayesian Classification based on
Emerging Patterns. BCEP is based on Bayesian the-
ory to predict an unseen case given a training sample,
which greatly improves the scoring function of the
EP-based classifiers. It relaxes the strong attribute
independence assumption implied by NB by using es-
sential emerging patterns to compute probabilities.
The method also utilizes the data class coverage to
prune a lot of unnecessary EPs. BCEP uses only a
small set of high quality EPs for classification, which
is much less complex and much more understand-
able than previous EP-based classifiers. Our exten-
sive experiments on 21 benchmark datasets from the
UCI Machine Learning Repository show that BCEP
has good overall predictive accuracy, and in many
cases it is also superior to other state-of-the-art clas-
sification methods such as C5.0, NB(Naive Bayes),
CAEP(Classification by Aggregating Emerging Pat-
terns) and LB(Large Bayes, a recently proposed ex-
tension of NB using long itemsets).

An important issue is how to handle multi-class
decision problems. As BCEP is only able to dis-
criminate between two classes (recall EPs are defined
upon the background and target class), it needs to
turn multi-class problems into a set of binary prob-
lems. For a c-class problem, BCEP transforms it
into ¢ two-class problems, which are constructed by
regarding class ¢ as the background class and class
j(7 = 1---¢,7 # i) as the target class. Recently,
round robin classification (Furnkranz 2002) has been
shown as a general ensemble technique to improve
classification accuracy. The round robin binarization
transforms a c-class problem into c¢(c —1)/2 two-class
problems, one for each pair of classes. It is also of
interest to investigate the performance of the round
robin BCEP in future research.
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