
;e3e66TL3Id~Al~lY~ *0~2* 9 July 2002 1 CLASSIFICATION BY AGGREGATING
EMERGIN G PATTERN S n~re~~~~ FIELD OF THE INVENTION The present invention
relates to the field of data mining and the classification-of data, . ,. .
. BACKGROUND A number of systems for classifying data and performing data
mining have been. proposed. A number of these techniques involve decision
trees, linear classification trees, and association rules. However, each of
these techniques has significant disadvantages. Data mining techniques have
also been proposed. Han, J., and Fu, Y., "Exploration of the Power of
Attribute-Oriented Induction in Data Mining", Advances in Knowledge
Discovery in Databases and Data Mining, ~~1AI/MIT Press, 1996, pp. 399-421,
disclose one such technique utilising a discriminant rule involving an
assertion that holds on instances of a class, but that does not hold on
instances of other classes. An evolution of regularity is either a
characteristic rule or a discriminant rule when the classes represent
datasets at two different times. The discriminating rule is found by
merging values according to some concept hierarchies and removing
overlapping tuples in the two classses. However, this is disadvantageous
because of exclusiveness restraints. Also this technique requires a concept
hierarchy and merges values. Conventional techniques do not handle well
biased sample data which has a large volume and high dimensions. They tend
to ignore weak signals. Thus a need clearly exists for an improved system
of data mining and classifying data.   9 July 2002 S UMMAR~' The aspects of
the invention are directed towards a system of extracting rules in the form
of emerging patterns (EP) and constructing a classifier from correctly
labelled data (e.g., DNA sequences) to decide which- category a sample
belongs to and/or making a prediction on the sample. The system discovers
features or signals thkt differentiate one category of data from another
and builds a system to classify such data. The system is able to handle
well biased data that has a large volume and high dimensions. Also the
system does not ignore weak signals. The EPs are associated with the ratio
of change in supports. The system is robust in the presence of biased
sample data and is scalable in terms of large numbers of samples and in
terms of dimensions in practical situations. - o An EP is a signal/itemset
whose supports increase significantly from one class of data to the next.
In other words, it is a differentiating factor between the two classes. The
use of EPs is novel. The aggregation of the differentiating strengths, in
terms of their supports and ratio of change, of.all of some set of
discovered EPs (whose cardinality is not bounded before classifier
constriction) that occur in a new case in a decision step is novel. The
normalization by dividing by a base score chosen at the same percentile
(such as 50%) across training instances of all classes is novel. put way to
fording emerging pattern is based on a novel border-based representation of
very large collections of itemsets, and some novel algorithms which derive
EPs by operating (such as differentials) on some borders; these algorithms
were recently designed by two of the curnnt inventors. These borders are
fast efficiently discovered using Max-Miner ~ii.~. a.y~ao. ~c~~~Y arts lon=
patums from databeses.Proeeedinar of the l998 ACM-SIGMOD lroernatiand
Conference on Mann;ement ojData , ps~a 85-93. i9sa.~ These algorithms are
scalable in terms of large number of tuples and high dimensions in
practical situations. The use of EPs is a novel idea in the protein
translation start-site identification problem. ('Ibis is an example
application of CAEP to datamining in Molecular Biology.) Our CAEP
classifier (i) extracts emerging patterns (EPs), (ii) uses each of these
EPs as a multiple-attribute test, (iii) aggregates the power of individual
EPs to get raw scores) (iv) normalizes the raw scores by dividing them
using some base scores chosen from a certain percentile of the scores of
the training instances. CAEP has near equal prediction accuracy on both the
positive and the negative classes. CAEP is based on a novel border-based
representation of very large collections of itemsets. It derives EPs by
operating on some borders (v~~hich can also be efficiently discovered). It
is scalable in terms of large number of tuples and high dimensions in
practical situations.   9 Duly Zoo2 DETAILED DESCRIPTION 1 Introduction
Classification is an important pr9blem in data mining and machine learning,
aimed at building a classifier from training instances for predicting the
classes of new instances. Recently, datasets are becoming increasingly
larger in both volume and dimensionality (number of attributes); a new
challenge is the ability to efficiently build highly accurate classifiers
from such datasets. In this paper we propose a new classifier, CAEP
(Classification by Aggregating Emerging Patterns), which is suitable for
many applications, even those with large volumes of high dimensional data.
The classifier is highly accurate, and is usually equally accurate on all
classes even if their populations are unbalanced. These advantages are
achieved without dimension reduction on data. CAEP is based on the
following two main new ideas: (i) We use a new type of knowledge, the
so-called emerging patterns (EPs), to build CAEP. Roughly speaking) EPs are
those itemsets whose supports (i.e, frequencies) increase significantly
from one class of data to another. For example, the itemset ~odot~none,
stalk-surface-below-ring = smooth) ring-number--one} in the Mushroom
dataset j 10) is a typical EP, whose support increases from 0.2% in the
poisonous class to 57.6% in the edible class, at a growth rate of 288 (=
0~2 % ). For us, an item is a simple test on an attribute, and an EP is a
mulii-attribute test. Each EP can have very strong power for
differentiating the class membership of some instances. Indeed, if a new
instance s contains the above EP) then with odds of 99.6% we can   9 July
2002 claim that s belongs to the edible class. In general) the
differentiating power of an EP is roughly proportional to the growth rate
of its supports and its support in the target class. (ii) An individual EP
is usually sharp in telling the class of only a very small fraction (e.g.
396) of a11 instances) and thus it will have very poor overall
classification accuracy if it is used by itself on all instances. To build
an accurate classifier, we first find, for each class C) all the EPs
meeting some support and growth rate thresholds) from the (opponent) set of
all none-C instances to the set of a11 C instances. Then we aggregate the
power of the discovered EPs for classifying an instance s: We derive an
aggregate differentiating score for each class C, by summing the
differentiating power of all EPs of C that occur in s; the score for C is
then normalized by dividing it by some base score (e.g. median) of the
training instances of C. Finally, we let the largest normalized score
determine the winning class. Normalization is done to reduce the effect of
unbalanced distribution of EPs among the classes (classes with more EPs
frequently give higher scores to instances, even to those from other
classes). CAEP achieves very good predictive accuracy on ell the datasets
we tested) and it gives better accuracy than C4.5 and CBA on all except one
of these datasets. (Note: we reported all datasets that we tested!) We
believe that the high accuracy is achieved because we are using a new high
dimensional method to solve a high dimensional problem: Each EP is a
multi-attribute test and CAEP is using the combined power of an unbounded
set of EPs to arrive at a classification decision. Being equally accurate
on all classes is very useful for many applications, where there are a
dominant class (e.g. 9896 of all instances) and a minority class, and the
sole purpose of classification is to accurately catch instances of the
minority class. Classification accuracy is not the desired meastue, as we
would then consider the classifier which classifies all instances as in the
dominant class a very good classifier. In this paper we also measure
classifiers using sensitivity and precision, which reward classifiers that
correctly label more minority instances and do not mislabel many other
instances. The CAEP classifier can be efficiently built for large high
dimensional training datasets irr a scalable way, since EPs can be
discovered efficiently, using border-based algorithms [3] and Max-Miner [
1]. VJe can quickly produce CAEP classifiers for datasets such as Mushroom)
whose records consist of 21 attributes. (Figure 9 of [1] shows that CPU
time is 100 seconds for support threshold of 0.196. Border-based algorithms
[3] then can find the EPs in around 0.5 hour.) There are several parameters
that need to be selected. All these are done automatically) using the
performance of the resulting classifier on the training instances as
guidance. Because of the use of aggregation and perhaps normalization, we
have not encountered the traditional overfitting problem in our
experiments. Organization: We compare CAEP with related work below. 2
introduces EPs and preliminaries. 3 presents our main ideas on how to build
CAEP. 4 discusses how to efficiently discover the EPs, their supports and
growth rates. 5 discusses how to reduce the number of EPs and ~6 on the
automatic selection of CAEP's parameters. 7 discusses the rice-DNA dataset
and the need to use sensitivity and precision to measure classifiers.  8
contains the experimental results, and 9 offers some concluding remarks.
Related Vforl:: CAF.P is fundamentally different from previous classifiers
in its use of the new knowledge type of EPs. To arrive at a score for
decision snaking) CAEP uses   5 9 July 2002 a set of multi-attribute tests
(EPs) for each class. Most previous classifiers consider only one test on
one attribute at a time; a few exceptions, X-of N [ 14], CBA [9] and linear
decision trees [2]) consider only one multi-attribute test to make a
decision. Aggregation of the differentiating power of EPs is different from
bagging or boosting [13J) which manipulate the training data to generate
different classifiers and then aggregate the votes of several classifiers.
With CAEP, each EP is too weak as a classifier and all the EPs arc more
easily obtained. Loosely speaking) our aggregation of the power of EPs in
classification is related to the Bayesian prediction theory. For an
instance r viewed as an itemset, Bayesian prediction would label r as Ck)
where the probability Pr(t~Ck ) * Pr(Ck) is the largest among the classes.
The optimal Bayesian classifier needs to "know" the probability Pr(t~Ck)
for all possible t) which is clearly impractical for high dimensional
datasets. Roughly speaking) CAEP "approximates" Pr(t~Ck) * Pr(Ck) using the
normalized score. 



CAEP is the first application of EPs to classification. Partially
influenced by CAEP, [8) proposes a different classifier, JEP-Classifier,
also based on aggregated power of EPs. Major differences include: (i) CAEP
uses general EPs) whereas JEP-Classifies uses exclusively jumping F.Ps
(i.e. EPs whose support increases from zero in one dataset to '~ non-zero
in the other dataset). (ii) For datasets with more than two classes, CAEP
uses Lhe classes in a symmetric `ivay, whereas JEP-Classifier uses them in
an ordered way. (iii) In aggregating the differentiating power of all EPs,
CARP uses factors based on both support and support growth rate) whereas
JEP-Classifier uses only the supports. (iv) As CAEP uses EPs with mixed
growth rates, the reduction of the EPs is more complicated; for
JEP-Classifier, all jumping EPs have infinite growth rates and the
reduction is simpler. (v) The normalization idea is used in CAEP but not in
JEP-Classifier. The two classifiers offer their own advantages: CAEP is
better for cases with few or even no jumping EPs whose supports meet a
reasonable threshold (such as 196), whereas JEP-Classifier is better when
there arc many jumping EPs. Each of them is almost consistently better than
C45 and CBA. 2 Emerging Patterns and Preliminaries Assume the original data
instances have m attribute values. Each instance in the training dataset D
is associated with a class label, out of a total of p class labels: Cl, Cz)
..., Cy. We partition D into p sets) Di) Dz) ...., Dn) with D; containing
all instances of class C;. Emerging panerns are defined for binary
transaction databases. To find them) we may need to encode a raw dataset
into a binary one: We discretize the value range of each continuous
attribute into intervals [7]. Each (attribute, interval ) pair is called an
item in the binary (transaction) database) which will be represented as an
integer for convenience. An instance t in the raw dataset will then be
mapped to a transaction of the binary database: t has the value 1 on
exactly those items (A, v) where t's A-value is in the interval v. We will
represent this new t as the set of items for which it takes 1, and we will
assume henceforth the datasets D, Dl, ..., Dp are binary. Let I be the set
of all items in the encoding. An iremser A' is a subset of 1) and its
support in a dataset D') suppa~ (X ) ) is t ev' x c t . Given two datasets
D' and D") the growth rare of an itemset X from D' to D" is defined as
growth_rateD,,~a" (X ) aupya (x ) if suppa~ (Js') ~-c 0; = 1 if suppD,
(Jr') - suppa~ Jr' = 0; and = oo if aunPT>> ( supper, (X ) = 0 ,-~ suppD,
(Js').   6 9 July 2002 Emerging patterns [3] are itemsets with large growth
rates from D' to D". Definition 1. Given D', D" and a growth rate threshold
p > 1, an emerging pattern (p-EP or simply EP) from D' to D" is an itemset
a where grotuth_rate~~...,~~~ (e) > p. Example 1. Consider the following
training dataset with two classes) P and N (this is actually an encoding of
the Saturday morning activity example from [ 11 ]). P{ 2,6,7)10 }
3,5,7,103,4,8)10{ 1,6,7,10 } { 1,6,7,9 }2,4,8.9 ~ 1,4,8,10 ~3,5,8,103,4,8,9
{ 1,5,7,10 }1.5,8,9 2,5,7,92.6,8 103,5 7,9 Then {I, 9} is an EP from class
P to class N with a growth rate 6 ; it is also an p-EP for any 1 < p < b .
Some other EPs arc given later. 3 Classification by Aggregating EPs We now
describe the major ideas and components of the CAEP classifier: (1) how to
partition the dataset tb derive the EPs for use in CAEP, (2) how individual
EPs can did ferentiate class memberships) (3) how to combine the
contribution of individual EPs to derive the aggregate scores) and {4) how
to normalize the aggregate scores for deciding class membership. We also
give an overview on how to construct and use CAEP 3.1 Partitioning dataset
to get EPs of classes For each class Ck, we will use a set of EPs to
contrast its instances, Dk) against all other instances: We let Dk = D - Dk
be the opposing class, or simply opponent) of Dk. We then mine (discussion
on how is given later) the EPs from Dk to Dk; we refer to these EPs as the
EPs of class Ck) and sometimes refer to Ck as the target class of these
FrPs. For Example 1) some EPs_of class N (i.e. from P to N) are (e : {1},
supp~,r(e) 0.6, grrnvthsateP~N : 2.7)) ({l, 7}, 0.6, oo)) ({l,10}, 0.4,
3.6), ({3, 4, 8, 9} ) 0.2) oo). Similarly, some EPs of P are ({2}, 0.44,
oo)) ({8}, 0.67, 3.33), ({4, 8} ) 0.33,1.67). 3.2 Differentiating power of
individual EPs Each EP can sharply differentiate the class membership of a
fraction of instances which contain the EP) and this sharp differentiating
power is derived from the big difference between its supports in the
opposing classes. Continuing with Example 1, consider the EP ({ 1) 10} )
0.40, 3.60) for class N. Suppose s is an instanco containing this EP. What
is the odds that s belongs to N) given that s contains this 1R? To simplify
the discussion, we assume a11 classes have roughly equal population counts;
then the answer is 'p'"' = 9.80~tu9pp = s.so = 7g%~ since su supp r.f.iuypp
9.BOwuppptiuppp 8.60t1 ~N  3.60 * soppy. Without this assumption) we need
to replace supports (e.g. supp~,r) by counts (e.g. suppN * count~,r where
county is the number of instances of class N), and similar odds can be
obtained. Observe that this EP has no differentiating power on instances s'
that do not contain the EP Therefore, assuming the population ratio in the
training data accurately reflects the ratio in test instances and all
classes have roughly equal population counts, this EP can be used to
differentiate the class membership with the probability of ?8% for roughly
a"pp"~ z SuDp9 = 0.5 * (1 + 3 so ) * supp,~~ = 25% of the total population.
9 July 2002 The fraction of instances which contain an EP may be a very
small fraction (25% above) but much smaller, e.g. 3%a, in many examples) of
all instances. Hence, it cannot yield very accurate predictions if it is
used by itself on a11 instances. For example) if we applied the above EP on
all instances, we would arrive at an overall predictive accuracy of roughly
0.25 * 0.78 =19.5%. This would be much lower if coverage is only 396. 33
Fetter overall accuracy by aggregated score We noticed above that a single
EP is sharp on predicting class membership of a small fraction of
instances) but not on all instances. We now show how to combine the
strength of a set of EPs in order to produce a classifier with good overall
accuracy. Roughly speaking, given a test instance s, we let all the EPs of
a class C; that s contains contribute to the final decision of whether a
should be labelled as C;. This gives us the advantage of covering more
cases than each single EP can cover, because different EPs complement each
other in their applicable populations. To illustrate, consider Example 1.
The largest fraction of population that a single EP (e.g. {8}) can cover is
around 50%, whereas the seven EPs given above in Q3.1 have a much larger
combined coverage, around ~ e85.7%. How do we combine the differentiating
power of a set of EPs? A natwal way is to sum the contributions of the
individual EPs. (Other possibilities exist) but are beyond the scope of
this paper.) Now) how do we formulate the contribution of a single EP?
Roughly, we use a product of the odds discussed earliar and the fraction of
the population of the class that contain the EP More specifically, let a be
an EP of class C, we let e's contribution be given by 9r~ t~,ate(~y+1 *
suppa(e). Observe that the first term is roughly the conditional
probability that an instance is in class C given that the instance contains
this EP e) and the second term is the fraction of the instances of class C
that this EP applies. The contribution is proportional to both
growthsate(e) and suppc (e). We now define scores of instances for the
classes. Definition 2. Given an irutance s and a set E(C) of EPs of a class
C discovered, firm the training data, the aggregate score (or score) of s
for C is defined as score(a,C) _ ~ 9t''u'th_rate(e) * suppc(e).
growth..rate(e) + 1 ec~,~eE~c) We now illustrate the calculation of
contributions of EPs and scores of instances using Example 1 and the
instance a = {1, 5) ?, 9}. Among EPs of the growth rate threshold of 1.1, s
contains 2 of class P: ({5}) 44%) 1.11), ({1, 5, 9}) 11%) oo); it contains
10 of class N: ({1}, 60%, 2.7)) ({7}) 80%) 2.4), ({1, 5}) 20%) 1.8)) ({1,
7}) 60%) oo), ({1, 9}, 20%,1.8), ({5, ?}) 40%) 1.8), ({7, 9}) 40%) 3.6),
({1, 5) 7}, 20%, oo), ({1, ?) 9}, 20%) oo), ({5, 7) 9}, 20%) 1.8). The
aggregate score of s for ~ is: scores, P) = 1 ii+i * 044 + ~+1 * 0.11 =
0.52 * 0.44 + 1 * 0.11 = 0.33. Similarly, the contributions of the IO EPs
for JV are respectively 0.41) 0.56, 0.12) 0.60, 0.12, 0.24, 0.31) 0.20)
0.20, 0.12, and their sum is score(s,A~ = 2.88. 3.4 Normalizing the scores
to make decision For each instance s, how do we use the p scores for a11
classes to predict its class?   8 9 July 2002 One might be tempted to
assign to s the class label C) for which the score of s is the largest.
This turns out to be a bad strategy. The main reason for this is that the
numbers of EPs for different classes may not be balanced, which is a
frequent scenario for applications where some classes may have more random
(uniform) distributions of values and consequently fewer EPs. If a class C
has many more EPs than another class C') then instances usually get higher
scores for C than for C', even for training instances of class C'. This
indeed happens) for example in the rice-DNA dataset (sec 6), which consists
of a positive class and a negative class. The negative class contains
mostly "random" instances, and the ratio of the number of EPs of the
positive to that of the negative is 28:1 when the support threshold is 3%
and the growth rate threshold is 2. Our solution to this problem is to
"normalize" the scores) by dividing them using a scorn at a fixed
percentile for the training instances of each class. More specifically, a
base score for each class C, base~core(C)) should be first found from the
training instances of the class. The normalized score of an instance a for
C) norm~core(s) C)) is defined as the ratio acore(s, C)/base~core(C).
(Obstrve that our use of the term "normalized" is a slight abuse, sinde our
normalized scores may be > 1.) Instead of letting the class with the
highest raw score win, we let the class with the largest normalized score
win. (VJe break de by letting the class with the largest population win.)
How do we determine the base scores? We can let base-seore(C) be the median
of the scores of the training instances class C; that is) exactly 50% of
the training instances of C have scores larger than or equal to
base.score(C). VJe do not have to use 50%; in fact) other percentiles
between 50%-85% give roughly similar results. The CAEP construction program
should automatically choose a good percentile in this range, by testing the
performance of the constructed classifier on the training instances. We do
not want to use percentage on the two extreme ends (e.g. 3%)) because the
training instances usually contain some outliers; and if we use such a
choice we let the outliers give too much influence. Erarnple 2. For a
simple illustration of the decision process) assume there are 5 training
instances from each of the positive (-eve) and negative (-ve) classes, and
their scores are: +ve trainin instances-ve trainin instancesscore s +ve
scorn s -vescore s.+vescore
s.-ve18.440.314.895.5116.650.398.375.4715.76'0.052.85.4'15.280.219.934.971a
.520.411o.31a.8 The (median) base scores for the positive and negative
classes are respectively 15.76 and 5.4. Given a test instance s (known to
be from the negative class) with scores 7.07 and 4.82 for the positive and
negative classes respectively, we have norm.score(s,+ve)=7.07l15.76--0.45
norm~core(s; ve)=4.82I5.4=0.89 



s is thus labelled as negative. Observe that this decision is made even
when s has a higher raw score for the positive class. 3.5 The entire
process The entire process for building and using CAEP is summarized below,
assuming that the original dataset is partitioned according to the class
labels.   9 9 July 2002 CAEP (training datasets Dl, . . . , Dn for p
classes Cl, ~ ~ ~ , Cp) ;; training phase 1) Minc the EP set E; from lJj=1
D~ - D; to D; for each 1 _< i < p; ;; A growth rate threshold is given, or
set to a default e.g. 2 2) Optionally) reduce the number of EPs in each of
El, ~ ~ ~ , Ey; 3) Calculate the aggregate scores of all training instances
for a11 classes; 4) Get the base scores base.score(C;) for each class C;;
;; testing phase 5) For each test instance s do: 6) Calculate aggregate and
normalized scores of s for each class C;; 7) Assign to a the class C~ for
which a has the largest normalized score. 4 Efficient Mining of EPs For the
discovery of EPs we will be using methods introduced in [3]. A key tool
used by the efficient methods of [3] is that of borders) useful for the
concise representation and efficient manipulatipn of large collections of
itemsets. F,xample 3. An example border is <G = {{22}, {57}, {61}}) R =
{{22, 34) 36, 57, 61, 81) 85) 88} } >. The collection of itcmsets
represented by this border is {Y ~ ~X E G, ~Z E 7i'. such that X C Y C Z}.
Representative itemsets covered in the border include {22}, {22, 57}, {36,
57, 81, 88}.For interested readers) this is actually a border for the EPs
from the edible to the poisonous class, of an encoding of the Mushroom
dataset, at support threshold ~ = 40% in the poisonous and growth rate
threshold p = 2. To calculate the aggregate score contributed by all the
EPs (meeting some thresholds) of a class C;, we need to (i) find the EPs of
C; and (ii) discover their supports and growth rates. We now list two
possible methods: The large-border based approach: Max-Miner [ 1 ] is first
used to efficiently discover the border of the Large itemsets from D;.
(Such a border is called a Large border, hence the word "large" in the
title of this approach.) If the large itemsets represented by the border
can be enumerated in memory, then with one more scan of D; and D; we can
get the supports and growth rates of the EPs of C;. If it can be applied,
this approach can discover all EPs whose supports in D; are larger than the
given support threshold. However) because some larger borders may represent
"exponentially" many candidate itemsets) only a small portion of these
candidates can be held in memory; we need then to use the next approach.
The border di,,~`'erential based approach: We first use Max-Miner [1] to
discover the two large borders of the large itemsets in D; and the opponent
D; having certain support thresholds. Then we use the MBD-LT.border
(multiple-border differential) algorithm of [3] to find all the EP borders.
Finally) we enumerate the EPs contained in the EP borders, and go through
D; and D; to check their supports and growth rates. With 13 EP borders of
the Mushroom dataset for some support thresholds, using this approach we
quickly found the supports and growth rates of 4692 EPs. Sipco MBD-LLborder
only finds EPs whose supports in the second dataset are >_ one support
threshold and in the first dataset are < another support threshold, we need
to apply this method multiple times on multiple pairs [3] of large borders,
or combine it with the previous method) to get the important EPs satisfying
the given support and growth rate thresholds.   10 5 Reduction of EPs Used
9 July 2002 Given a class G, we would like to find as many EPs as possible
to give good coverage of the training instances; at the same time, we
prefer EPs that have relatively large supports and growth rates) as those
characteristics correspond to larger coverage and stronger differentiating
power. Very often) many of the >rPs can be removed without loss of too much
accuracy) by exploiting relationships between the EPs. Reduction can
increase understandability of the classifier, and it may even increase
predictive accuracy. The reduction step is optional) and it should not be
done if it leads to poor classification of the training instances. This is
a training time decision. Our method to reduce the number of EPs uses these
factors: the absolute strength of EPs, the relationships between EPs, and
the relative difference between their supports and growth rates. We measure
the absolute strength of EPs using a new growth raft threshold p', which
should be larger than the growth rate threshold p for the EPs. The main
idea is to select the strong EPs and remove the weaker EPs which have
strong close relatives. We will refer to the selected EPs as the essential
EPs. To reduce the set of F$s, we first sort the mined EPs into a list E)
in decreasing order on (growth_rate, support). The set of essential EPs)
essE, is initialized to contain the first EP in E. For each next EF a in E
we do 1 and then 2: 1. For each EP s in essE such that a C x, replace x by
a if l.a or l.b is we: l.a. grourth_rate(e) > grourth~ate(z) l.b. supple)
supp(a) and growthsate(e) >_ p' 2. Add a to essE if both l .a and l.b arc
false) and a is not a superset of any x in essE. We select EPs this way
because: When condition l.a is true) a definitely covers more instances
than s sine a C x, and a has a stronger differentiating power than s
because a has a higher growth rate. A typical situation captured by
condition l.b is when x is an EP with growth rate oo but a very small
support, whereas a is an EP whose growth rate is less than that of x but a
has a much larger support than x. In this case) we prefer to have a since
it covers many more cases than s and since it has a relatively high
differentiating power already due to its growth rate being larger than p'.
To illustrate this point, consider these two EPs of the leis-versicolor
class from the leis dataset [IO]: el = ({l, 5) 11}, 3%, oo) es = ({11})
10D%, 22.25) ez is clearly more useful than el for classification, since it
covers 32 times more instances and its associated odds) 95.7%, is also very
near that of the other EP, et . In our experiments) for l.b, we set the
default value of p' to 20 and the default interpretation of the condition
"supple) > > supp(x)" is ~u~ _ > 30. These parameters can be tuned based on
coverage on training instances. 6 Selection of Thresholds and Base Scores
To build a classifier from a training dataset, we need to select two
thresholds {one for support and one for support growth rate)) and a base
score for each class. The selection of these can be done auromarically with
the guidance of the training data: We start with some default thresholds
and percentiles for the base scores. Then a   11 9 July 2002 ` classifier
is built and its performance on the training instances is found. We then
let the program try several alternatives and sec if significant
improvements are made. The best choice is then sclectcd. We observe from
our experiments that the lower the support threshold d) the higher
predictive accuracy the classifier achieves; and for each support
threshold, the higher the growth talc threshold) the higher pr'tdictive
accuracy the classifier achieves. Once b is lowered to 1R6-3R6, the
classifier usually becomes stable in predictive accuracy; if the growth
rate threshold is then raised to the highest possible (see discussion
below), CAEP almost always has better predictive accuracy than C4.5 and
CBA. In our experiments reported later) d is always between 196-396; the
exact choice of a is influenced by the how much running time is allowed for
CAEP conswction. The growth rate threshold also has strong effort on the
quality of the classifier produced. Our general principle is to (a) mint
EPs with a small initial growth rate threshold such as 2) and (b)
automatically select a larger final gmwth rate threshold guided by the
coverage of selected EPs on the training instances. Generally, if the
growth rate threshold is too high, the classifier would contain too few EPs
and the classifier may have low accuracy because of poor coverage of the
training instances. (Coverage of a set of EPs is measured by the number of
zero scores it produces on the training instances: The fewer the number of
zero scores the better the coverage.) On the other hand, if it can be done
without lowering the coverage of training instances) raising the growth
rate threshold would always results in a classifier with higher predictive
accuracy. Our experiments show that with support threshold 196-396, the UCI
datasets usually yield a huge number of EPs with growth rates from 1 to 00
(Rice-DNA data is an exception, see Section 7). The automatically chosen
gmwth rate threshold is usually around 15. 7 Rice-DNA, Sensitivity and
Precision Our motivation for more accurate measure of classifiers comes
from the rice-DNA dataset (available at
hripJ/adenine.krdl.erg.sg:8080/limsoon/kozak/rice)) containing riceDNA
Kozak sequences. A genomic DNA is a string over the alphabet of ~A) C, T,
G}. The context surrounding the protein translation start site of a gene is
called the Kozak sequence [5]. Correct identification of such start silos
from a long genomic DNA sequence can save a lot of labor and money in
identifying genes on that sequence. The start site is always the A-T G
sequence. The context suaounding the A-T G has been the most important
information , to distinguish real start sites from non-start sites. A
context is typically taken from up to 15 bases up stream of A-T G to 10
bases down stream. So a Kozak sequence-for the purpose of this
work---consists of 25 letters (excluding the A-T G). 



In the genomic DNA sequences, non-start sites (negative) overwhelm real
start sites (positive) typically at a ratio of 24:1 or more. So a
distinctive feature of the rice-DNA datasct is that the number of instances
of the two datasets are very unbalanced. What makes the treatment of this
dataset more difficult is that the number of positives) which is more
important in reality, is far more the minority. With this very unbalanced
dataset, even the just-sa~~-no classifier) which always predicts an
instance to be negative, will have an overall accuracy of 25 = 96%.
Unfortunately) the fact is that not a single real start site has been
identified) which is against our aim of~.classification.   12 9 July 2002
From this analysis we can see that in evaluating a classification method
more meaningful measures than accuracy or error rate on the whole dataset
are desirable. We will use a measure in terms of two parameters, namely
sensitivity and precision, for each class) which have long been used in the
signals world and in information retrieval [4]. Definition 3. Givan N
instances whose class is known to be C, for a classifier P, if P labels N'
instances as of class C) of which Nl are indeed to be of class C) then Nl/N
is called P's sensitivity on C) denoted sens(C), and Nl /N' is called P's
precision on C, denoted prec(C). For the special case of N' = 0, we define
sens(C) = 0, prec(C) = 0. From the above definition we can see that
sensitivity on a class C is an indication of the strength of a classifier
on C and precision tells us how much confidence the classifier has on C.
Using the "minority" vs "majority" terminology) sensitivity for the
minority class represents the percentage of the minorities caught by the
classifier, precision for the minority class represents the percentage of
those claimed to be of the minority class are indeed in the minority class.
Clearly) these are a more accurate description of the performance of the
classifier on class C. Example 4. Given the ratio of negative to positive
instances of 24:1 ) let us examine the performance of the just-say-no
classifier on the rice-DNA datasett sans(+ve) = 0 prec(+ve) = 0 sans(-ve) =
z9 = 100% prec(-ve) _ ~ = 96% Since the sensitivity and precision on the
positive class arc more important for the riceDNA dataset, we can conclude
that the just-say-no classifier performs very badly on the rice-DNA datasct
and we should seek better classifiers. 8 Experimental Results We compare
CAEP with the state-_of the-art classifiers C4.5 and CBA. (CBA was reported
to beat C4.5 (9].) Excepi for rice-DNA (sec 6 for its description), the
datasets we use are from the UCI machine learning repository [ 10].
Furthermore, we test CAEP on datasets with a large number of records and
where each record is long, where no results of C4.5 or CBA are known to us.
Discretization of continuous attributes is done by the entropy method [7],
using code frone the MLC++ machine learning library [6]. All the results
arc obtained by 10-fold cross validation. Table 1 compares the overall
predictive accuracy of CAEP, C4.5 (with discretization) and CBA. Dashes
indicate that results are unavailable. Columns 2) 3 and 4 describe the
datasets: the numbers of records, of attributes and of classes
respectively. Rice-DNA and Mushroom are the most challenging datasets,
having both a large number of instances and high dimensionality. Observe
that datasets of 2) 3 and even more classes are included, and that CAEP
performs equally well. Columns 5 and 6 give the average predictive accuracy
of C4.5 and CBA over 10fold cross-validation, and Columns 7 and 8 are that
of CAEP, both before and after reduction. Columns 9 and 10 give the average
number of EPs in the classifier) before and after reduction. It can be seen
that although the number of EPs has been dramatically reduced after the
reduction process, there is no big loss in predictive accuracy and often
there is an increase in accuracy.   13 Table 1: Accuracy Comparison 9 July
2002 Dataset#records#attributes#classesC4.5 (disc.CBACAEP Accuracy w/o red.
red.#EPs/class w/o red. red.breast-w69910296.19696.19697.8596 97.709?647
233ionos here35134292.09692.19692.3996 91.41961813464
7906iris1504394.79692.99698.6296 1009640 4mushroom812422298.8296
98.9396823649 2738ima7688272.STe73.09696.2396 96.56961427
57rice-DNA15760282-70.929b **42576 **sonar20860272.29678.39683.9096
9096651864 4608tic-tat-tot9589299.496100l699.0696 96.87965707
682vehicle84618466.49'n6B.89676.2896 76.1796324048
14857wine17813392.19691.69699.3896 99.44Tv175384 1859  Table 2: Precision
and Sensitivity of CAI:P Datasetclass(mstance dist.)sensitivityprecisionw/o
red. red.w/o red. red.breast-wbenign (66%)96.72Yn 97.179'o10096 99.3496mali
ant 349610096 98.759694.2696 95.0096ionospheregood (6496)94.5496
92.99694.23k 94.1596bad 369688.3396 88.659691.3396 87.6896irisSetosa
(359b)l0096 1009b10096 1009bVasicolour (3196)10096 1009696.3396 10096V
'nits 349696.0096 10096l0096 10096mushroomedible (5296)99.43Te
99.619698.3296 98.4696isonous 48Th98.1696 9 .359699.38 99.3496pimapositive
(2996)95.5296 94.939692.2796 93.60Tnne alive 19696.5496 97.239fo98.1896
97.95Tnrice-DNApositive (496)?7.7596 **9.6496 **ne alive 969670.6596
**98.7596 **sonarR (4696)83.3396 93.339684.6296 87.3296M 549684.0996
87.279688.4696 94.2996tic-tat-toepositive (65~)99.5296 96.019699.0796
99.21Tune alive 359698.1996 98.499699.1396 93.12Tvvehiclevan (2496)48.6896
53.959664.229'o 62.9496saab (2596)65.6296 65.009659.2396 61.l696bus
(2796)95.4096 90.729689.0196 88.93~Ro0 1 249692.9396 93.069688.3196
90.54Tnwineclass 1 (40'fn)985796 10096l0096 98.75Tnclass 2 (3396)10096
10096100Tc 10096class 3 2796l0096 98.009b98.0096 10096 We point out that it
takes the CAEP classifier almost no limo to decide the class of an
instance. Even for a classifier with 10000 EPs, it takes only 0.01 second
to decide the class label of an instance. The rice-DNA dataset is quite
different from datasets in the UCI repository, and we do not recommend
reduction of EPs of either class as this leads to poor coverage of the
training instances. This decision is made at training limo. Table 2 gives a
more detailed characterization of CAF.I' on the datasets; sensitivity and
precision on each class, before and after reduction, are listed. It shows
that CAEP generally has good sensitivity and precision on each class. The
positive sensitivity and precision on the rice-DNA dataset are better than
the best neural-net results known to us.   9 July 2002 14 9 Conclusion In
this paper we have proposed a classification method which is fundamentally
dif ferent from previous classifiers, including C4S or CBA. It is based on
a new kind of knowledge mined from the training dataset: emerging patterns
(EPs). Specifically) our classifier CAEP is based on aggregating the
contribution of all EPs for differentiating instances of different classes.
The aggregate score is proposed to quantify the overall contribution of all
the EPs. The contribution of an EP takes into account both the support and
growth rate of the EP We then normalize the aggregate scores to classify
instances, by dividing the scores by the base scores (chosen at a certain
percentile of training instance scorns} of the corresponding classes. The
resulting classifier CAFrP is in general more accurate than C45 and CBA) is
a lot more accurate than them over datasets where they' do not have good
performance. CAEP is equally accurate on a11 classes) and can be built
efficiently from large, even high dimensional datasets. Observing that
accuracy on the whole dataset is too coarse description of classifiers, we
also used a more accurate measure) sensitivity and precision) to better
characterize the performance of classifiers. CAEP is also very good under
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Abstract We present a pattern-mining algorithm that scales roughly linearly
in the number of maximal patterns embedded in a database irrespective of
the length of the longest pattern. In comparison, previous algorithms based
on Apriori scale exponentially with longest pattern length. Experiments on
real data show that when the patterns are long, our algorithm is more
efficient by an order of magnitude or more. 1. Introduction Finding
patterns in databases is the fundamental operation behind several common
data-mining tasks including association role [1] and sequential pattern
mining [4]. For the most put) pattern mining algorithms have been developed
to operate on databases where the longest patterns are relatively short.
This leaves data outside this mold unexplorable using current techniques.
Interesting data-sets with long patterns include those composed of
questionnaire results (people tend to answer similarly to many questions),
sales transactions detailing the pwchases made by regular customers over a
large time window, and biological data from the fields of DNA and protein
analysis. Most categorically-valued data-sets used for classification
problems (e.g. targeted marketing campaigns) also tend to have long
patteros because they contain many frequently occurring items and have a
wide average record length. Almost every recently-proposed pattern-mining
algorithm is a variant of Apriori [2]. 'Ilvo recent papers have
demonstrated that Apriori-like algorithms are inadequate on data-sets with
long patterns. Brin et al. [6] applied their association-role miner DIC to
a data-set composed of PUMS census records. To reduce the difficulty of
this data-set, they removed all items appeanng in over 80% of the
transactions yet still could only mine efficiently at high support. We [5]
previously applied an Apriori-inspired algorithm to several data-sets from
the Irvine Machine Learning Database Repository. In order to mine
efficiently) this algorithm had to sometimes apply pruning strategies that
rendered the search incomplete. Apriori involves a phase for finding
patterns called frequent itemsets. A frequent itemset is a set of items
appearing together in a number of database records meeting a user-specified
threshold Apriori employs a bottom-up search that enumerates every single
frequent itemset. This implies in order to produce a freqvent itemset of
length 1, it must produce all 2r of its subsets since they too must be
frequent. This exponential complexity fundamentally restricts Apriori-like
algorithms to discovering only short patterns. To address this problem,
this paper proposes the Max-Miner algorithm for efficiently extracting only
the maximal frequent iremsets, where an itemset is maximal frequent if tt
has no superset that is frequent. Because any frequent itemset is a subset
of a maximal fiequent itemset, Max-Miner's output implicitly end concisely
represents all frequent rtemsets. Max-Miner is shown to result in two or
more orders of magnitude in performance improvements over Apnori on some
data-sets. On other data-sets where the pattains are not so long, the gains
are more modest. In practice, Max-Miner is demonstrated to run m trine that
is roughly linear in the number of maximal frequent itemsets and the size
of the database, irrespective of the size of the longest frequent itemset.
Max-Miner is successful because it abandons a strict bottom ap traversal of
the search space, and instead always attempts to `gook ahead" in order to
quickly identify long frequent itemsets. By identifying a long frequent
itemset early on, Max-Miner can pnme all its subsets from consideration.
Max-Miner uses a heuristic to tune its search in an effort to identify long
frequent itemsets es early as possible. It also uses a technique that can
often determine when a new candidate itemset is frequent before accessing
the database. The idea is to use information gathered during previous
database passes to compute a good lower-bound on the number of transactions
that contain the itemset. The techniques we introduce m this spar are
flexible and can be extended in various ways and applied to other
algorithms. To demonstrate this point, we optimize Apriori with the
lowerbounding technique mentioned above. While the fundamental limitations
of Apriori with respect to pattern length remain) perfomrance is improved
by an order of magnitude on several datasets. We also show how Max-Miner
can be extended to exploit additional pattern constraints during its search
by creating a vanant that identifies only the longest of the maximal
frequent itemsets rn a data-set. This algorithm efficiently identifies all
of the longest maximal frequent itemsets even when the space of all maximal
frequent itemsets is itself intractably large. 1.1 Related Work There are
many variants of Apriori that differ in how they check "candidate" itemsets
against the database. A nori in its purest form checks itemsets of length I
for fi~equency wring database pass I . DIC (6] is more eager and begins
checking an itemset shortly after all its subsets have been determined
frequent, rather than wuting until the database pass completes. Partition
[ll] identifies all frequent-itemsets in memory-sized partitions of the
database, and then checks these against the entue database during a final
pass. DIC consider; the same number of candidate itemsets as Apriori, and
Partition can consider more but never fewer candidate itemsets than
Apriori) potentially exacerbating problems associated with long patterns.
Park et al. [9] enhance Apriori with a hashing scheme that can identify
(and thereby eliminate from consideration) some candidates that will turn
up infrequent if checked against the database. It also uses the hashing
scheme to re-write a smaller database after each pass in order to reduce
the overhead of subsequent passes. Still, like Apriori, it considers every
frequent itemset. Gunopulos et al. [7] present a randomized algorithm for
identifying maximal frequent itemsets in memory-resident databases. Their
algorithm works by iteratively attempting to extend a working pattern until
failwe. A randomized version of the algorithm that does not guarantee every
maximal frequent itemset will be returned is evaluated and found to
efficiently extract long frequent itemsets. Unfortunately, it is not clear
how this algorithm would be scaled to disk resident data-sets since each
attempt at extending an itemset requires a scan over the data. It also
remains to be seen how the proposed complete version of the algorithm would
perform in   9 July 2002 practice. Zald et al. [16] present the algorithms
MaxEclat and MaxClique for identifying maximal frequent itemsets. These
algorithms are similar to Max-Miner in that they also attainpt to look
ahead and identify long frequent itemsets early on to help prune the space
of candidate itemsets considered. The important difference is that
Max-Miner attempts to look ahead througbout the search, whereas MaxEclat
and MaxChque look ahead only during an initialization phase prior to a
purely bottom-up Apriori-like search with exponential scaling. The
initialization phase of MexClique is also prone to problems with long
frequent itemsets since it uses a dynamic programming algorithm for finding
maximal cliques in a graph whose largest clique is at least as large as the
length of the longest frequent itemset. Concurrent to our work, Lin and
lKedem [8] have proposed an algorithm called Pincer-Search for mining long
maximal frequent itemsets. Like Max-Miner, Pincer-Search attempts to
identify long patterns throughout the search. The difference between these
algorithms is primarily in the long candidate itemsets considered by each.
Max-Miner uses a simple, polynomial time candidate generation procedure
directed by heuristics, while Piacer-Search uses an NP-hard reduction phase
to ensure no long candidate itemset contains and known infrequent itemset.
Our comparison with PincervSearch rs thus far only preliminary, and more
work is needed to fully understand the advantages offered by each
technique. 1.2 Overview Section 2 begins with an introduction into the
basic search strata used by Max-Miner and the techniques used to restrict
the sear space. Section 3 formalizes these techniques though pseudo-code,
provides implementation details, and establishes Max-Miner's conzctness and
efficiency characteristics. Section 4 discusses and exploits a technique
for lower-bounding the support of candidate itemsets. Section 5 discusses
the integration of additional pattern constraints into the search,
culminating in a description of the Max-Miner-LO algorithm for finding only
the longest maximal frequent itemsets. The algorithms arc evaluated
expenmentally in Sxtion 6'followed by a summary of contributions and
avenues for future work m Section 7. 2. Introducing Max-Miner We begin with
defining the necessary terminology for describing the Max-Miner alorithm.
For simplicity of presentation, we will be dealing only with the problem of
identifying frequent itemsets. The application of our techniques to finding
other patterns (e.g. sequential patterns) is similar. A data-set is a set
of transactions that are sets over a finite item domain. Transactions can
represent things such as the supermarket items purchased by a customer
during a shopping visit) or the characteristics of a person as described by
his or her roplies in a census questionnaire. A set of items is more
succinctly called an iremset) and a frequent itemset is one that is
contained in a number of transactions above or equal to the minimum support
(minsup) specified by the user. An itemset with k items will be more
succinctly referred to as a k -itemset. The support of an itemset I ,
denoted sup(1) , is the number of transactions that contain it. The minsup
parameter will sometimes be specified as a percentage of the transactions
in the data-set instead of as an absolute number of transactions. Max-Miner
can be described using Rymon's generic setenumeration tree search framework
[10]. The idea is to expand sets over an ordered and finite item domain es
illustrated in Figure 1 where four items are denoted by their position in
the ordering. The particular ordering imposed on the item domain affects
the parentl child relationships in the set-enumeration tree but not its
completeness. The figure assumes a static lexical ordering of the items,
but later we describe an optimization that dramatically improves
performance by heuristically ordering the items and dynamically reordenng
them on a per-node basis. Set-enumeration 17 trees are not data-structures
like the hash tree or tire, but instead are used to illustrate how sets of
items are to be completely enumerated in a search roblem. Note that the
tree could be traversed depth-first, breath first, or even best-first as
directed by some heuristic. Max-Miner employs a purely breadth-first search
of the set-enumeration tree in order to limit the number of passes made
over the data. Flgure 1. Complete set-enumeration tree over four items. (]
I 2 3 4 1,2 1,3 1,4 2,3 2,4 3,4 1,II2~,3\1,2,4 1,,3,4 2I,3,4 1,2,3,4 The
key to an efficient set-enumeration search is the pruning strategies that
are applied to remove entire branches from consideration. Without pruning,
a set-enumeration tree search for frequent itemsets will consider every
itemset over the set of all items. Max-Miner uses pruning based on subset
infrequency as does Apriori) but it also uses pruning based on superset
frequency. To aid in our pinning efforts, we will represent each node in
the set enumeration tree by what we call a candidate group. A candidate
group g consists of two itemsets. The first, called the head and denoted
h(g) , represents the itemset enumerated by the node. The second itemsek
called the tail and denoted r(g) , is an ordered set and contains all items
not in h(g) that can potentially appear in any sub-node. For example, the
node enumerating itemset { 1 } in the figure has h(x) _ { 1 } and t(g) _
{2, 3, 4} . The ordering of tail items reflect how the sub-nodes are to be
expanded. In the case of a static lexical ordering without piumng, the tail
of any candidate group is trivially the set of all items following the
greatest item in the head according to the item ordering. When we are
applying pnuiing and dynamic item reordering, tt becomes necessary to make
the tail items explicit. When we say we are couruing the support of a
candidate group g we are computing the support of itemsets h(g) h(g) V t(g)
, and h(g) v { i } for all i a r(g) . The supports of itemsets other than
h(g) are used for pruning. For example, consider first the itemset h(g) v
t(g) . Since h(g) v t(g) contains every item that appears in any viabla
sub-node of g , if it is frequent, then any itemset enumerated by a
sub-node will also be frequent but not maximal. Su rset-frequency pruning
can therefore be implemented by hang sub-node expansion at any candidate
group g for which h(g) a t(g) is frequent. Consider next the itemset h(g) v
{i} for some t a t(g) . If h(g) v { i } is infrequent, then any head of a
subnode that contains item t will also be infrequent. Subsetinfrequency
pruning can therefore be implemented by simply removing any such tail item
from a candidate group before expanding its sub-nodes. 



3. Formalizing Max-Miner We now provide a pseudo-code description of
Max-Miner followed by the motivation behind and description of the item
ordering policy. Implementation details describing how MaxMiner can use the
same data-shuctures as Apnori are provided in the following subsection, and
the last subsection provides correctness and efficiency arguments. 3.1
Pseudo-Code for Max-Miner The pseudo-code description of Max-Miner appears
in figures 2 through 4. The body (Figure 2) accepts a data-set and
(implicitly) the minimum support specified by the user. The while loop   9
July 2002 implements a breadth-first search of the set-enumeration tree
that maintains every frequent itemset encountered so long as it is
potentially maximal. The function Gen-Initial-Groups (Figure 3) performs
the initial scan over the data-set to identify the item domain and seed the
starch at the second level of the tree. Superset-frequency basedpnuung is
performed by only expanding the sub-nodes of a candidate g if h(g) a t(g)
is infrequent. Another instance of superset-frequency pruning is any
candidate group g is pruned if h(g) v t(g) is a subset of some
alreadylmow-to-be frequent itemset l . Sub-nodes are generated by
Gen-Sub-Nodes in Figure 4. Subsetinfrequeacy pruning is performed here
through the removal of any tail item i from a candidate group g if h(g) a
{i} is infrequent. Gen-Sub-Nodes and Gen-Initial-Groups return the sub-node
with an empty tail as a frequent itemset instead of a candidate group since
its frequency is already known and it has no children in the search tree.
Figure 2. Max-Miner at its top level. MAx-Mlt~e(Data-set T ) ;; Returns the
set of maximal frequeru itemsets present in T Set of Candidate Groups C t-
{ } Set of Itemsets F t- [GErr-INrrw.-GltotJPS( T, C ) ) while C is
non-empty do scan T to count the support of all candidate groups m C for
each g a C such that h(g) a r(g) is frequent do F t- F a { h(g) a t(g) }
Set of Candidate Groups CAW <- { } for each g a C such that h(g) v t(g) is
infrequent do F r- F a {GEt~r-Sus-NonES(g) Co~W)} C E- CAW remove from F
any itemset with a proper superset in F remove firom C any group g such
that h(g) a t(g) return F has a superset in F lHtgure 3. Generating the
initial candidate groups. GEN-INfTIAL-GROi7r's(Data-Set T, Set of Candidate
Groups C ) ;; C is passed 6y reference and returns the candidate groups ;;
The return value of the function is a frequeru 1-itemset scan T to obtain
Ft , the set of frequent 1-itemsets impose an ordenng on the items in Ft ;;
see section 3.2 for each item i in Ft other than the greatest item do let g
be a new candidate with h(g) _ { i } and r(g) _ {jU follows i in the
ordering} Cf-Cv{g} return the itemset tn Ft containing the greatest item
Figure 4. Generating sub-nodes. GbN-SITS-Non>:s(Caadidate Group g , Set of
Cand. Groups C ) ;; C is passed by reference and returns the sub-nodes of g
;; The return value of the function is a frequent itemset remove any item i
from t(g) if h(g) a { i } is infrequent reorder the items in t(g) ;; see
sccrian 3.2 for each i a t(g) other than the greatest do let g' be a new
candidate with h(g ~ = h(g) a { i } and t(g~ _ {j~ j a t(g) and j follows i
in t(g)} CE-Cu{g'} return h(g) a { m } where m is the greatest item in t(g)
, or h(g) if t(g) is empty. is 3.2 Item Ordering Policies The motivation
behind item (re)ordering is to increase the effectiveness of
superset-frequency pruning. Recall that supersetfrequency pruning can be
applied when a candidate group g is found such that h(g) a t(g) is
frequent. We therefore want to make it likely that many candidategroups
will have this property. A good heuristic for accomplishing this is to
force the most frequent items to appear in the most candidate groups. This
is simply because items with high frequency are more likely to be part of
long frequent itemsets. Items that appear last in the ordering will appear
in the most candidate groups. For instance, item 4 from Figure I appears
either in the head or tail of every single node. Item ordering is therefore
used to position the most frequent items last. Gen-htitial-0roups orders
the items in increasing order of sup({i}). Items in the tails of candidate
groups are re-ordered prior to sub-node generation in Gen-Sub-Nodes. This
function orders the tail items of a group g in increasing order of sup(h(g)
a {i}) . This strategy tunes the frequency heuristic by having it consider
only the subset of transactions relevant to the given node. Interestingly,
the same item reordering heuristic is used by Slagel et al. [12] in a
set-enumeration algorithm for identifying prime implicants in CNF
propositional logic expressions. The fact that the same policy works well
for both problems is likely due to their close relationship. Finding prime
implicants in CNF expressions is similar to the problem of generating
hypergraph transversals, and Gunopulos et al. [7] have previously shown
that hypergraph transversal algorithms can be used es a component of an
algorithm for mining maximal frequent itemsets. 3.3 Implementation Details
Max-Miner can use the same data-structures as Apriori (as detailed in [3])
for efficiently computing itemset supports. The primary data-structure used
by Apriori is the hash tree to index candidate itemsets. Max-Miner uses the
hash tree to index only the head of each candidate group. For each
transaction in the data-set, MaxMiner uses the hash tree to quickly look up
all candidate groups whose head appears in the transaction. Theu, for each
candidate group g identified, it traverses down its tail items one by one,
incrementing the support of h(g) a {i} if tail item i is present in the
transaction. If every tail item appears in the transaction, then the
support of h(g) a t(g) is also incremented. We found this implementation to
be substantially faster than individually storing each itemset within the
hash tree. Hash trees are also used by our implementation of Max-Miner for
efficiently identifying the subsets of frequent itemsets in F end C . Our
implementation of Max-Miner diverges from the pseudo-code description in
only one way. During the second pass over the dataset, we use a
two-dimensional array for quick)y computing the support of all 2-itemsets
as suggested in [3], and do not compute the support of the long itemsets
h(g) a t(g) . We have found that the long itemsets h(g) a t(g) almost
always rum up infrequent at this stage, so computing their support offers
no benefit. 3.4 Correctness and Efficiency Claims TtmoReM (COisRECCNESS):
Max-Muter returns all and only the maximal frequent itemsets in the given
data-set. Proof The fact that Max-Miner identifies and stores every maximal
frequent itemset follows from the completeness of a set-enumeration tree
search and the fact that branches of the set-enumeration tree are pruned if
and only if they lead to only infrequent itemsets or non-maximal frequent
itetnsets. The fact that Max-Miner returns only those itetnsets that are
maximal frequent follows from the operation within the body of MaxMiner
that continuously removes any itemset I if a frequent superset of 1 is
known. D Max-Miner, like Apriori, easily handles disk-resident data because
it requires only one transaction at a time in memory. Also like Aprion, the
number of passes over the data made by Max-Miner is bounded by the length
of the longest frequent itetnset. For Apriori   9 July 2002 this bound is
nearly tight. Max-Miner, on the other hand, often performs substantially
fewer database passes, as will be demonstrated in our evaluation. TItEOREM
(lrFFICIENCY): Max-Miner makes at most 1+ 1 passes over the data-set, where
1 denotes the length of the longest frequent itemset. Proof.' We establish
the claim by demonstrating why Max-Miner terminates after pass l+ 1 if it
happens to get that far. Sy the manner in which Max-Miner generates
candidate groups) it is easy to see that during pass k , the head of eny
candidate group has exactly k-1 items. After pass f + 1, for any candidate
group g and any of its tail items i h(g) a { i } will be infrequent
otherwise we would have a frequent itemset longer than 1. This implies that
the next set of candidate groups will be empty, in which case the algorithm
terminates. ~ 4. Support Lower-Bounding 



This section fu~st describes a general technique that can be used to obtain
a lower-bound on the sport of an itemset by exploiting the support
information provid by its subsets. The subsequent subsections describe how
this technique is used to improve the performance of Max-Miner and Apriori.
4.1 Computing Support Lower-Bounds The idea behind our method of computing
a lower-bound on the support of an itemset is to exploit, as much as
possible, the available support information provided by its subsets. The
following function is useful in this endeavor, as established by the
subsequent theorem. The function computes the number of transactions that
are "dropped" from the supporting set of an itemset when it is extended
with a given item. DEFRrCITON: drop(!s, i) = sup(lr) - sup(IJ a { i}) ,
where i is an item not in itemset la . Figure 5. Illusaation of support
drop resulting from extending rtemsets I and Ir with i . 19 THEOREM
(GENERALIZED SUPPORT LOWRt-BOUNDING): The following equation computes a
lower-bound on the support of itemset I a T where T is an itemset disJoint
from l and IsCI. sup(n - ~ drop(Ir, e~ IeT Proof. The equation is simply
the result of applying the previous theorem repeatedly for each item i in
T, p 4.2 Support Lower-Bounding in Max-Miner Support lower-bounding can be
used by Max-Miner within the Gen-Sub-Nodes function for additional
superset-frequency pruning (Figure 6). If sub-nodes of a candidate group
are generated while traversing the tail items in item order, a sub-node gz
generated after g i will have the propcriy that h(g2) a t(g~ a h(gt) a
t(gi) This means if h(gt) a t(gi) is a frequent itemset, then any sub-node
getterated after gt can lead only to non-maximal itemsets. Max-Miner thus
avoids generating sub-nodes following any sub-node g for which h(g) a r(g)
can be lower-bounded above minsup. Figure 6. Generating sub-nodes with
support lower-bounding. GEN-SUB-NoDES(Candrdate Group g , Set of Cand.
Groups C ) ;; C is passed by reference and returns the sub-nodes of g ;;
The return value of the function is a frequent itemset remove any item i
from t(g) if h(g) a { i} is vifrequent reorder the items in t(g) for each i
a t(g) in increasing item order do let g' be a new candidate with h(g') =
h(g) a { i } and t(g') _ {j~(j a t(g)) and jfollows i in t(g)} if
COMPUTE-LB(g' , h(g) ) 2 minsup then return h(g') a t(g') ;; this itemset
is, fi,equent elseC~Cu{g'} return h(g) ;; This case arises only f/'t(g) is
empty Figure 7. Computing the support lower-bound. a { r }
COMPUTE-LB(Candrdate Group g , Itemset h ) ;; Returns a lower-bound on the
support of h(g) a t(g) ;; Itemset Is is a proper subset of h(g) Integer d
t- 0 for each i a r(g) do d c-- d + drop(!s) t7 a { i } return sup(h(g)) -
d Because sup(! a { i }) = sup(!) - drop(!) i) , we can get a lowerbound on
the value of sup(! a { I}) given the value of sup(!) and an upper-bound on
drop(!, i~ . This fact is exploited by our next theorem. THEOREM (SUPPORT
LOWFR-BOUNDING): sup(n - drop(! , e) is a lower-bound on the support of
itemset I a { 1 } when h C I . Proof We show that drop(! , i) is an
upper-bound on d`ro~(1, i) from which the claim fo(~ows. The argument is
geometnc and is illustrated in Figure 5. The outer square n:presents the
space of all transactions supporting itemset Is , and the inner square the
space of all transactions supporting itemset 1. Because the space occupied
by I is entirely contained within the space occupied by Is , the set of
transactions dropped by extending itemset I with i must be a subset of the
transactions dropped by extending itemset I with i . The fact that drop(lf)
1) is an upper-bound on drop(!; i) is immediate. O The support
lower-bounding theorem, as stated, can only be applied to lower-bound the
support of a k-itemset if we lrnow the support of two k-1 item subsets.
Below we generalize the theorem to apply when only the supports of smaller
subsets are available. Figure 7 shows how Max-Miner computes a lower-bound
on h(g) a t(g) using only sup rt information provided by its subsets. The
function direct applies the generalized support lower-bounding theorem.
Note that the support values required for this computation are available
through the itemsets whose supports were computed while counting the
support of the parent node 4.3 Support Lower-Bounding in Apriori Apriori
generates candidate itemsets of length k whose supports are computed during
database pass k . An itemset rs made a candidate if every k-1 item subset
was found frequent during the previous database pass. Suppose we are using
Apnori to identify the maximal fiequent itemsets. If Apriori can be made to
lowerbound the support of a candidate itemset above or equal to minsup,
then its support does not have to be explicitly counted. However, the
candidate itemset cannot be entirely pruned because it must remain presort
for the subsequent candidate generation phase. Nevertheless, the savings
that result from counting the support of fewer candidate itemsets can be
substantial. Also, for a particular database pass, if ever Apriori can
lower-bound the support of all candidate itemsets above minsup, then it can
skip the database pass altogether.    9 July 2002 A support lower-bound can
be obtained on a candidate itemset Ir by p ugging into the support
lower-bounding theorem any proper subset I of I~ , and any proper subset Is
of 1. The tightest bounds will be obtained by using only subsets with one
less item. If the candidate itemset /~ has k items, there are then
(k-1)(k-2) subset combinations for lower-bounding the support of I . Our
lowerbounding enhanced Apriori algorithm. Apriori-LB, considers every one
of these possibilities and compares the best pargest) bound obtained to
minsup. Apriori-LB does not always have access to the exact support of
everyproper subset of a candidate because one or mare subsets of a
candidate itemset may have been left uncounted due to previous
lower-bounding efforts. When this is the case, Apnori-LB uses a new
function to bound support drop. The new function, drop-b, uses support
bounds instead of exact support values Because drop-b clearly computes an
upper-bound on the value of drop given the same arguments) it can be used
in place of drop in the lower-bounding theorems DEFfNITION: drop-b(Ir, t~ =
ub-sup(IJ)-lb-sup(Ir V {i}) where ub-sup(0 is the best-known upper-bound on
sup(n , end 16-sup(I) is the best-known lower-bound on sup(I) . The support
of an itemset can be upper-bounded by the support (or upper-bound on
support) of any of its subsets. Apriori-LB sets ub-sup( of an uncounted
rtemset 1 with k items to the smallest of the support upper-bounds or (if
computed) support values of each of its k -1 item subsets. 5. Exploiting
Additional Constraints Though the frequent patterns themselves are often of
interest to the end-user, often they need to be digested further before
being sented. Association rules are digested frequent itemsets that can
useful for prediction. The cor~dence of an association rule i , iz. ...,
ik-a i~ is equal to the support of the itemset ~tt, rz) , rk} divided by
the support of the rtemset {ii, iz, ...) ik, i~} . Typically the user is
interested in finding only those association rules with high confidence and
support, and these are produced by searching the entire space of frequent
itemsets. Another database pass is requued after finding all maximal
frequent itemsets in order to obtain the supports of all frequent itemsets
for producing association rules. If the frequent itemsets are long, even if
implemented efficiently using specialized data structures, this step is
hopelessly intractable. Max-Miner can be used to identify many, though not
all, highconfidence association rules during its execution. After counting
die support of a candidate group g , Max-Miner has all the sports necessary
to compute the confidence of any association a of the form h(g) --~ io
where io a t(g) . Another ap oach at incomplete rule-mining could be to use
the set of frequent itemsets to define the space of rules searched by a
randomized algorithm. Though incomplete techniques at association rule
mining may sometimes be sufficient, completeness is more desirable. We
believe that incorporating additional constraints into the search for
frequent patterns is the only way to achieve completeness on complex data.
Association rule confidence is a constraint that Bayardo [5] uses to prune
some itemsets from consideration. Other constraints that have been used
doting the search for patterns include item constraints [IS] and
information-theoretic constraints [I3j. Intcrestingness constraints thus
far appbed only during post~rocessing (e.g [6]) might also be exploitable
during search to improve efficiency. Max-Miner provides a framework in
which additional constraints can often be easily integrated into the
search. Consider as an example the problem of finding only the iongest
frequent itemsets, This constraint is quite powerful because data sets with
long frequent itemsets usually have very many maximal frequent itemsets) of
which only a small fraction are longest. We have implemented a version of
Max-Miner that exploits this constraint called Max-Miner-LO ("Longest
Only"). It determines the 20 cardinality I of the longest itemset in the
set of frequent itemsets F after each database pass. Any frequent itemsets
in F that are shorter than 1 are then pruned, as are any candidate groups g
in C such that ~k(g) v t(g)~ < I . 6. Evaluation 



We selected data-sets from several domains for evaluating the performance
of Max-Miner all but one of them being publicly accessible through the web.
The data-set that is not publicly available wasprovided by a retailer. This
data-set contains records listing a11 of the items purchased by a customer
over a period of time. We produced another of our data-sets from PUMS
census data available at http:/laugustus.csscr.washington.edu/census/
comp_013.html. Following Brin et al. [6], we discretized continuous
attributes and removed uninformative attributes. We created another version
of the data-set where all Items with 80% or greater support were discarded.
The raw data from the web consists of both housing and person records, but
we extracted only the person records. The remaining data-sets used in our
evaluation were taken from the Irvine Machine Learning Database Repository
(http:liwww.ics.uci.edul-mlearnIMLRcpositoryhtml). We favored those with
categorically-valued attributes, relatively wide record length, and a
substantial number of records. These data-sets include connect-4, chess,
splice, and mushroom. The splice data set contains DNA data, the mushroom
database contains records describing the characteristics of various
mushroom species, and Connect-4 and chess are compiled from game state
information. Table I lists the width and height of each of these data-sets.
Pumsb* is the same data set as pumsb minus all items with 80!o or more
support. Table 1. Width and height of the evaluation data-sets. Data,set ~
Records ~ Ave. Record Width
connect-467,55743mushroom8,12423pumsb49,04674pumsb*49,046SOretail2I3,97231s
plice3,17461 The data-set with the longest patterns was pumsb. This
data-set also had the most maximal frequent patterns -- intractably many
even at relatively high levels of support. We thus focus on pumsb* for
evaluating Max-Miner, and use pumsb only to evaluate MaxMiner-LO. Bven
though items with 809b or more support are removed, umsb* still a
challenging data set with long frequent itemsets. ~ similar but smaller
data-set was used by Brin et al. to evaluate DIC, though only at supports
of 36% and higher. Their data-set was not available to us at the time of
this writing, so we created pumsb* to use in its place. All experiments
were performed on a lightly loaded 200MIiz Power-PC with 256 megabytes of
RAM. The algorithms were implemented in C++ atop the same optimized hash
tree implementation. Apriori and Apriori-LS were optimized for finding only
maximal frequent rtemsets by having them discard from memory any frequent
itemset that was found to be nonmaximal. The Max-Miner algorithm evaluated
here uses support lower-bounding. In subsection 6.3 we describe the effects
of disabling this and other optimizations.   looooo loooo 8 _a .~ looo E
loo 10000 1000 a 100 E 10 1 looooo Figure 8. CPU time on pumsb~'. -35 30 25
20 15 10 5 support (o> Figure 9. CPU time on mushroom. Max-Mlner Apriori-L8
Apriorl i Hax-Niner -Apriori-Le ^ a Aprlori o 10 7.5 5 2.5 1 0.1 Support
(8) Figure 10. CPU time on chess. 1000O l000 100 10 looooo 60 55 50 65 40
35 30 25 20 Support (6) Figure 11. CPU time on connect-4. loooo a _~ looo
Ls: loo ' Mnx-Niner Apriori-LH Apriori t to 90 80 70 60 50 60 30 20 10
Support (i) 9 July 2002 21 6.1 Max-Miner versus Apriori and Apriori-LB
Figures 8 through 11 compare the performance of Max-Miner, Apriori-LB, and
Apriori on the most difficult of the evaluatton data-sets. While Apriori-LB
is performing far better than Apriori with respect to run-time (note the
logarithmically scaled y axes)) because of its space complexity, we were
unable to run it at lower support than Apriori without exceeding the memory
of our machine. At several data points, Max-Miner is over two orders of
magnitude faster than Aprion at identifying maximal frequent patterns, and
an order of magnitude faster than Apriori-LB. Had we allowed Apriori to
perform candidate paging, the speedups at lower supports would be even more
substandsl. Even though these data sets are from distinctly different
domains, the performance trends are all identical. What these data-sets all
have in common are long patterns at relatively high values of support.
Figure 12. CPU time on retail. l400 Mex-Miner ---1200 Apriori -l000 a d 800
600 d00 ^ 200 0 0.3 0.Z5 0.1 0.15 0.1 Support (1) Figure 13. CPU time on
splice. 450 Nax-Mlner -400 Apriori -~-- 350 300 



250 200 150 loo 50 0 6 5.5 5 d.5 Q 3.5 3 2 5 2 Support (!) The two
remaining evaluation data-sets, retail and splice) have comparatively small
patterns at low support levels. Even so, MaxMiner still outperFonns both
Apriori and Apriori-LB. We plot only the performance of Apriori on these
data sets, since A ori-LB offered no advantages. Apriori-LB appears to be
more etfective at tightly lower-bounding support when the patterns are
long. Most of the maximal frequent itemsets in these data sets are of
length 2 to 4) and the longest ere of length 8 in splice and 6 m retail at
the lowest support values. The superior perfonnance of Max-Miner on these
dais-sets arises from considering fewer candidate itemsets and reduced
index overhead resulting from the indexing of candidate groups using only
head items. This suggests that Apriori should also index candidate itemsets
that share a common prefix as a group rather than individually. We are
currently investigating whether this optimization pays off more generally.
9 July 2002 Figure 14. CPU ume per maximal frequent itemset. 2.4 Z.Z thane
connect-d pumeba .,~', Z apllc -muehro 1.8 ~..~ ref 1  l.s 1.4 x l.s --o.s
0.6 0.6 loo loon soooo looooo is+os IMI 6.2 Max-Miner Scaling For every
data set at the support levels we looked at, the lower the support, the
more maximal-frequent patterns wen found. Figure 14 plots the amount of
time spent by Max-Miner per maximal frequent itemset against the number of
maximal fi'equent itemsets found during a given run of the algorithm. The
support values used to generate this data are the same ones that appear in
the previous graphs. Max-Miner's performance per maximal frequent itemset
remains relatively constant as the number of maximal frequent itemsets
increases, even though the size of the longest itemsets varies
significantly. For instance, for the pumsb* data set, the leftmost point
arises firom a nin at 3596 support where the longest frequent itemsets
contain 15 items. The right-most point is for a run at 53o support where
the longest frequent itemsets contain 40 items. Even so, the performance
per maximal frequent itemset varies no more than 25%, indicating Max-Miner
is scaling roughly linearly with ttre number of maximal frequent itemsets.
The chess data-set exhibits the most non-linear increase in difficulty with
flu number of maximal frequent ilemsets, though this increase is still
relatively subdued (within a factor of 2.5) considering the large increase
in the number of maximal frequent itemsets and their length. It is possible
that the curve for the chess data-set would begin to decrease had we mined
at even lower levels of support. We were unable to determine this because
of the explosion in the number of maximal fre uent itemsets at low supports
- already there are over half a mil~on maximal frequent itemsets at a
minsup of 2096. The other data-sets all begin to get easier as the number
of maximal frequent patterns increases beyond some point. This is certainly
in part due to the fact that itemsets with lower support incur less
overhead since they are contained by fewer database transactions. However,
as support decreases, maximal frequent itemsets become longer, which leads
to an increase in storage and indexing overhead. Figure 15. Number of
candidate groups considered per maximal frequent itemset. ~ooooo sooooo
500000 d00000 _u 300000 Z00000 looooo o looooo sooooo 30000o aooooo sooooo
sooooc IMI 0 chef -a-eonnec -C p ba .. plia~ -uehroom -~ etail -~i I i i 22
To remove the effect of indexing and support-counting overhead on runtime
scaling, and to demonstrate how Max-Miner scales in its space consumption,
we also compared the number of candidate groups whose support was counte~
to the number of maximal frequent sets identified (Figure 15) . For every
data-set there is a strong linear relationship. In fact, the number of
candidates considered is always within a small (at most 3.7 on pumsb*)
constant of the number of maximal frequent itemsets. Figure 16. Database
passes performed by Max-Miner compared to the longest frequent itemset. d a
do 33 30 Z5 Zo is to chaan ~~connect-,'-~--ylics --aytahroom -' retnil -~
-: /W~~~.M~~  - / `~ ,: s to is 2o as 30 3s ao Length of lonpeet pattern 



Figure 16 plots the number of database passes performed by MaxMiner against
the length of the longest patterns identified during each run. The
worst-case number of passes is represented by the cliagonal. While the
number of database passes increases with pattern length, it is usually far
from the worst-case. Though not illustrated, Apriori-LB was often able to
skip one or two database passes because all candidates were lower-bounded
above minsup. llris had a relatively small effect on performance compared
to the amount of reduction in overhead from computing the support of fewer
candidates. The reductions in database passes tended not to have as
dramatic an effect on performance as might be expected from experiments on
small-pattern data because the overhead of candidate itemset lookup largely
exceeded that of data access 6.3 Effects of Max-Miner Optimizations Support
lower-bounding is a beneficial optimization on the datasets with long
patterns for Max-Miner es well as Apriori. For example, after fuming off
support lower-bounding, Max-Miner's performance dropped by approximately
four-fold et all levels of support on the chess data-set due to a four-fold
increase in the number of candidate groups to be counted. On the retail
data-set, the optimization's effects were negligible. The item-(re)ordering
heuristic was beneficial, usually dramatically so, on every data-set we
looked at. For example, at 8096 support on the chess data set, turning off
item ordering (which caused the algorithm to default to a static lexical
rtem ordering) resulted in an order of magnitude decrease in performance,
with the performance gap widening even further as support was decreased The
decrease in Performance was due to an increase in candidate groups
resulting pnmarily from less opportunities for superset-frequency pruning.
r The plot for the connect-4 data-set is difficult to make out because it
lies directly along the lower-left portion of the plot for chess.   s ~uiy
Zoo2 >_oooo >.ooo ". >.oo a_o Figure 17. Performance of Max-Miner-LO ch~~e
- aoan~ct-a -a Pumab ..~ Deb. -h' >o i o.i SuDPOrt 1~) 6.4 Max-Miner-LO
Figure 17 shows the runtime of Max-Miner-LO on the data sets with the
longest frequent itemsets. We chose very low support values for these nuts
to illustrate how additional constraints can make mining feasible even when
the number of maximal frequent itemsets is too large Note that Max-Miner-LO
can mine on the pumsb data-set without removing items with 80% or more
support The longest frequent itemsets in pumsb at .19& support contain 72
items. Frequent itemsets were very long even at 10% support where they
contained 61 items. For most of these data points, the number of longest
frequent itemsets was under 300 6.5 Comparison with Pincer-Search Because
our work was done concurrently, we have thus far only had the opportunity
to perform a preliminary comparison with Lin and Kedem s Pincer-Search
algorithm [8]. We have run MaxMiner on the data-set from their evaluation
with the longest frequent itemsets ('i'20.IIS.D100K). Unfortunately, it was
not challenging enough for either algorithm to draw any solid conclusions.
The only clear case of one algorithm appearing superior over the other is
at 8% minsup where Pincer-Search requires over 20,000 seconds and considers
over 150,000 candidate itemsets. At this same support value Max-Miner
requires 125 seconds and considers Igss than 22,1H10 candidate itemsets
(within 4,894 candidate groups) . Pincer-Search uses a candidate itemset
generation procedure that couples Aprioti candidate generation with another
technique for generating long candidate itetnsets used for
superset-frequency pruning. The long candidate generation procedure is
sealed with one itemset that contains every frequent item. Por each
infrequent itemset encountered after a database pass, any long itemset
containing the infrequent itemset is replaced by itemsets that do not
contain the infrequent itemset. The new itemsets are formed by removing a
single item from the original, and keeping only those itemsets that are not
subsets of any other long candidate itemset The process is iterated until
no long itemset contains any known infrequent itemset. After the second
database pass, the Pincer-Search long candidate itemset generation
procedure amounts to identifying all the maximal cliques in a graph where
the nodes are the frequent 1itemsets and the edges are the frequent
2-itemsets, much as Zaki's MaxClique algorithm [I6]. Unlike MaxChque,
Pincer-Search uses a top-down instead of bottom-up approach for finding the
cliques. But due to the fact that the problem is NP-hard, any approach at
generating candidates in this manner may be prone to performance problems
when the frequent itetnsets (and hence the maximal cliques) are long. t
Candidate itemset counts for both Pincer-Search and Max-Miner do not
include the 1 and 2-itemsets. Runtimes are not duectly comparable due to
differences in hardware and implementation details. 23 Though similar in
principle, Max-Miner and Pincer-Search are qmte different in their details.
We look forward to performing a more exhaustive comparison and feel it is
likely that the algorithms will prove complementary. 7. COI1CIUSIOlIS We
have presented and evaluated the Max-Miner algorithm for mining maximal
frequent itemsets from large databases. MaxMiner applies several new
techniques for reducing the space of itemsets considered through
superset-firquency based pruning. The result is orders of magnitude in
performance improvements over Apriori-like algorithms when frequent
itemsets are long) and more modest though still substantial improvements
when frequent itemsets are short. Max-Miner is also easily made to
incorporate additional constraints on the set of frequent itemsets
identified. incorporating these constraints into the search is the only way
to achieve tractable completeness at low supports on complex datasets. It
is therefore these extensions winch we feel warrant the most future work.
In particular, we hope there exists a clean way to exploit many of the wide
variety of interestingness constraints dunng the search rather than
applying them only in a postprocessmg filtering step. Acknowledgments I
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APPENDIX B Border-Based Mining of Emerging Patterns The disclosure of the
accompanying materials is hereby incorporated in this application.   9 July
2002 26 Border-Based Mining of Emerging Patterns A collection S of sets is
called Interval closed if, for all X ) Z E S and for all Y, it is the case
that Y E S whenever X C Y C Z. For example, S = {{1, 2}, {2, 3}, {1, 2, 3},
{1, 2, 4}, {2, 3, 4}, {1, 2, 3, 4} } is interval-closed. The collection of
all large itemsets w.r.t. any fixed threshold (itemsets whose supports are
larger than the threshold) is interval closed. Borders offer succinct
representation of such collections, which are typicall very large. An
ordered pair <G, R> is called a border, ,C the left-hand bound of this
border and R the rsght-hand bound) if (a) each of G and TZ is an antichainl
collection of sets, and (b) each element of G is a subset of some element
in R and each element of R is a superset of some element in G. The
collection of sets represented by, or the set internal of, a border <G, R>,
is [G, R) _ {Y ~ 3X E G, 3Z E R such that X C Y C Z}. The collection (G, R)
is said to have <G, R> as border. The set interval of <{{1}, {2, 3}}, {{1,
2, 3}, {2) 3, 4}}> is {{1} ) {1, 2}, {1, 3}) {1, 2, 3}, {2, 3}, {2, 3, 4}}.
The set interval of < { { 1) 2 } } ) { { 1, 2, 3, 4, 5 }, { 1, 2, 4, 5, 6 }
} > consists of 12 itemsets: all sets that are both supersets of {1, 2} and
subsets of either {l, 2, 3, 4, 5} or {l, 2, 4, 5, 6}. Many simple borders'
set intervals are very large collections; e.g. there are 211 itemsets in
the set interval of < { { 1 } }, { { 1, 2, 3) 4, 5) 6, 7, 8, 9,10,11,12 } }
>, There is a one-to-one correspondence between borders and interval-closed
collections: Each interval-closed collection S of sets has a unique border
<G, R>, where G is the collection of minimal sets in S and R is the
collection of maximal sets in S. Our border-based algorithms can discover
all EPs satisfying a certain support constraint, and they do this without
enumerating elements of very large collections. In fact, the entire process
of discovering EPs in this rectangle only needs to deal with borders: They
will take borders, that represent collections of large itemsets, as inputs;
they only manipulate borders in the internal process; and they produce as
output borders that represent EPs. As a consequence, the running time of
this process is short for most practical situations, even when the number
of EPs is huge. We concentrate our discussion on the situation when two
Large borders, one from Dl and one from Dz, are available. The differential
procedure, called BORDER-DIFF, is given first. Then the main algorithm,
MBDLLHORnER) using BORDER-DIFF as a subroutine) is given. BORDER-DIFF aims
to derive the differential between a pair of borders with a special form:
Given a pair of borders <{0}, {U}> and <{0}, Rl>, BORDER-DIFF derives
another border <G2, {U}> such that [GZ, {U}J = [{~}, {U}~ - [{~}, ~zlJ.
BORDER-DIFF(<{~}, {U}>, <{0}, {Sl, Sz, ~ ~  , Sk}>) ;; improved version ;;
return border of ({0}) {U}J - ({0}, {Sl, S2,    , Sk}) 1) initialize G to
{{x} ~ x E U -Sl}; 2)fori=2tokdo 3) Ge-{XU{x} ~ X EG,xEU-S;}; 4) remove all
Y in G that are not minimal; 5) return <G) {U}>; We now illustrate how
BORDER-DIFF works on the arguments of <{0}, {1, 2, 3, 4}> and <{0}) {{3,
4}, {2, 4}, {2, 3}}>. It first initializes G to {{1}, {2}} since U-Sl = {1,
2}. Then it updates G to {{1}, {1, 2}, {1) 3}, {2, 3}} since U - S2 = {1,
3}) and reduces it to {{1}, {2, 3}}. Finally it updates G to {{1}, {1, 2,
3}, {1, 4}, {2, 3, 4}} since U - S3 = {1,4}, and reduces it to {{1})
{2,3,4}}. lA collection S of sets is an antscha~n if X and Y are
incomparable sets (~ e. X  Y and Y  X) for all X,Y E S.   9 July 2002 27
Assume we have found LARGEBORDERa(Di) _ <{0}, {Ci,C2) ~ ~ ~,Cm}> (which
represents all d-large itemsets from Di ) and LARGEBORDERg (D2 ) _ < {0} )
{Dl, D2, ~ ~ ~ , D" } > for some a and B satisfying B = p * b. The
MBD-LLBORDER algorithm will find all EPs satisfying: their supports in D2
are > b * p but their supports in Di are < 8.
MBD-LLBORDER(LARGEBORDER6(Di), LARGEBORDERg(D2)) ;; return all emerging
patterns satisfying (*) by multiple calls of BORDER-DIFF 1) EPbordersf- {};
2) for j from 1 to n do 3) if some C; is a superset of D; then continue; 4)
{Ci,~..,Cm}+-{CinD;,...,CmnD;}; 5) RightBound ~-- the set of all maximal
itemsets in {Ci, ~ ~ ~ , Cm }; 6) add BORDER-DIFF(<{Vl})D;
>,<{0},RightBound>) into EPborders; 7) return EPborders; We now illustrate
how MBD-LLBORDER works for LargeBorder6(Dl) _
<{0},{{2,3,5},{3,4,6,7,8},{2,4,5,8,9}}> LargeBordere(Dz) _
<{0},{{1,2,3,4},{6,7,8}}>. For Dl = {1, 2) 3, 4}, Cl = {2, 3, 5}, C2 = {3,
4, 6, 7, 8}, C3 = {2) 4, 5, 8, 9}, step 4 of MBD-LLBORDER produces Ci = {2)
3}, CZ = {3, 4}, C3 = {2, 4}; it then calls BORDER-DIFF with <{0}, {{1) 2)
3, 4}}> and <{0}) {{2, 3}, {3, 4} ) {2, 4}}, since C's are all minimal.
BORDER-DIFF algorithm then returns <{{1}, {2) 3, 4}}, {{l, 2, 3, 4} } >.
Since {6) 7, 8} C {3, 4, 6, 7) 8} = Dz, MBD-LLBORDER does not Call
BORDER-DIFF for D2 since the answer is known to be empty.   9 July 2002 ' '
CLAIMS: 1. A system for extracting emerging patterns from data comprising
the following components: An input component for reading samples from
different input categories (say C~, ...) Cn). An adjustable discretizing
component for discretizing the samples read. An optional component for the
storage and management of samples. An optional adjustable component for
reading optional conditions for derivation of emerging patterns. These
optional conditions are given below. 



t A threshold on support level. The support level of a pattern (some time
called an itemset) I in a category C is defined as supp~(1) = the
percentage of samples in C that exhibit that I If this threshold is not
given, a default will be used or derived from the input data. For example,
1 %.  A threshold on growth rate. Given two categories Ca and Cb of
samples, the growth rate of a pattern (or itemset) 1 from Cb to Ca is
defined as   9 July 2002 29 0, growthrate~b_~~a(I) infinity, supp~a(I) l
supp~b(I), if supp~ (1) = 0 and supp~ (l) b a =0 if supp~b(1) = 0 but not
supp a(I) = 0 otherwise If this threshold is not given) a default will be
chosen or derived from the input training data. For example) 5. Given a
category C, its opponent category is C' which is defined to contain all
instances not in category C. A pattern or itemset whose growth rate exceeds
this threshold is considered an emerging pattern from C' to C, or simply an
emerging pattern of category C.  A function weight(g) for weighting growth
rate g. For growth rate > 1, this function should be a monotonic increasing
function which always takes nonnegative values. If this function is not
given, a default will be chosen. For example, weight(g) = gl(g+1 )  A
function scores, C) specifying the aggregate differentiating score of a
sample s and a set E(C) of emerging patterns of a category C. This function
should involve (i) the support of emerging patterns in E(C) and (ii)
weighted growth rates of emerging patterns in E(C). If this function is not
given) a default will be chosen. For example, sum of supp~(1) *
weight(growthrate(1)) score(s,C) _ over all pattern I that appears in s and
in E(C)  A base score base_score(C) on the aggregate differentiating score
for each category C. This base score can be given as a percentile of the
range of aggregate differentiating scores of the training samples of that
category. If this threshold is not given) a default will be chosen. For
example, the SOth percentile.  An indication of whether the set of derived
emerging patterns should be reduced. If this indication is not given) a
default decision will be made For example, some related emerging patterns
will be eliminated unless the reduction leads to a poor coverage (t.e.,
leads to a larger number of zero scores) on training samples An optional
component for the storage and management of the extracted emerging   9 ~uiy
2002 30 patterns and their derivation conditions .A component for
displaying or printing of extracted emerging patterns. A component for
mining emerging patterns for all categories. An optional component for
reducing the number of related emerging patterns. Two emerging patterns are
related if one is a sub-pattern (or subset) of the other. A component for
computing aggregate differentiating scores for all samples and categories.
A component for computing the base scores for all categories. 2. A system
for extracting emerging patterns from data as given in Claim 1, with the
component for reducing the number of related emerging patterns replaced by
one that specifically prefers patterns that cover more training samples and
have stronger differentiating power. An instantiation of such a component
is the following process. We first sort the emerging patterns from C'to C
into a list E in decreasing order of growth rate and support, The set of
essential emerging patterns, essE, is initialised to contain the first
emerging pattern in E. Then for each next pattern I in E we do the
following in order: For each J in essE such that 1 is a sub-pattern (or
subset) of J) we replace J by 1 if either of the following is true:
growthrate~._~~(I) exceeds growthrate~.-~~(J)  supp~(1) greatly exceeds
supp~J) and growthrate~.-~~(1) exceeds the threshold on growth rate. We add
1 to essE if both of the above two conditions are false and 1 is not a
super-pattern (or superset) of any pattern in essE. 3. A system for
extracting emerging patterns from data as given in Claim 1, with the
component for mining of emerging patterns replaced by one that uses
manipulation of borders. An ordered pair (L,R) is called a border, if each
of L and R is an antichain collection of sets, each element of L is a
subset of some element of R, and each element of R is a superset of some
element in L. The collection of sets represented by (or the set interval
of) such a border are those sets Y such that Y is superset of some element
of L and is subset of some element of R. 4. A system for extracting
emerging patterns from data as given in Claim 1, with the component for
mining of emerging patterns replaced by one that uses the following
specific algorithm. Given the categories C' and C of samples. First use
MaxMiner (R J. Bayardo F~ficiendy muting long patterns from
detabasaPrxced~ngf ojAGH.SJGiNOD tnrernmional Conference on iNanagement
ojDma , BS--9?, June 1998.J t0 discover the two large borders of the large
itemsets in C' and C having appropriate support thresholds, Then we use
MBD-LLBORDER to find a11 the emerelng pattern borders. Finally, we
enumerate the emerglne patterns contained in these borders, and go through
samples in C' and C to check their actual supports and growth rates. Assume
we have tound Lr1 RGEBORDER~r C'~ and L-1RGEBORDERt(C) for some d and I  



9 July 2002 31 sansfying t = p " d, where p is an appropriate threshold on
growth rate. The MBD-LLBORDER algorithm will find all emerging patterns
such that their supports in C exceed d * p but their supports in C' are
less than d. The MBD-LLBORDER algorithm is as follows. Let
LARGEBORDERd(C')be (((JJ, (Cl, CZ, ..., CmJ). Let LARGEBORDERr(C) be (((JJ,
(D j, D~, . ., D"J) MBD-LLBORDER(LARGEBORDERd(C'), LARGEBORDER~(C)) t
EPBORDERS <- ( J; 1 for j from l to n do t if some C~ is superset of D~
then continue; t (Cl', ..., Cm'J <- (C~ intersect Dr ..., Cm intersect D~J;
1 RIGHTBOL'ND <- the set of all maximal itemsets in (C~', ..., Cm'J; t add
BORDER-DIFF((((JJ, D~), (((JJ, RIGHTBOUND)) into EPBORDERS; 1 return
EPBORDERS; The function BORDER-DIFF is employed to derived differentials
between a pair of borders of special forms: Given a pair of borders (((JJ,
(UJ) and (((JJ,R)) BORDER-DIFFderives another border (L, (UJ) such that the
collection of sets represented is exactly those seu represented by (((JJ,
(UJ) but not represented by (((JJ, R). Importantly, BORDER-DIFF achieves
this by manipulating only the itemsets in the borders. BORDER-DIFF(((()J,
(UJ), (((JJ, (Sl, ..., SkJ)) ~ initialize L to ((x) ~ x in U - S~ J;
forifrom2tokdo t L <- (X union (xJ ~ X in L, x in U - Si j; t remove all
ttemsets Y in L that are not minimal;  return (L, (UJ); 5. A system for
classifying data comprising the following components: A means for
extracting emerging patterns from data such as that described in Claim 1
above. A component for input of samples to be classified. A component for
output of classification decisions on the samples. A component for
computing the base scores of aggregate differentiating scores for all
samples and categories. A component to assign to a category to each sample.
The category that is assigned to that sample is the one whose normalized
score (ie, aggregate differentiating score divided by the corresponding
base score) is maximal for that sample. 6. A system for ranking and
classif~~ing data comprising the following components A means for
ertract~ng emerging patterns from data such as that described tn Claim 1
above   9 July 2002 32 A component for input of samples to be classified. A
component for output of ranked classification decisions on the samples. A
component for computing the base scores of aggregate differentiating scores
for all samples and categories. A component that ranks each category
against each sample. The rank by measuring the normalized score (ie.
aggregate differentiating score divided by the corresponding base score)
for that sample. The greater the normalized score, the higher the rank.
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UV]caU]ca]ca]ca]ca]ca]ca]ca]ca]ca]ca]ca]caV]ca]ca]ca]ca]cTa]c"a]c"a]ca]c<a
avJ#U#%&X(d(h(r())++,,-'----2|3333~xsnhc]Xhc^YT]c
a]caU]ca]caU]ca]ca]caV]ca]caV]ca]caV]ca]caU]ca]ca]ca]caV]ca]caV]ca]ca]ca]ca
V]ca]ca]ca]caV]ca]ca]ca]ca U]c^a33333333444u6z6666677
7777+7.72767:7F7T7}wpjc^XS~xsnhc]Xhc^YT]caV]ca]ca UV]caU]ca 



UV]caU]ca]caU]ca]ca UV]caV]ca UV]caU]ca UV]ca]caU]ca]caU]caV]ca UV]caU]ca
UV]ca]caV]ca]caV]ca]caV]caT7V7[7^7a7d7r777777777 8
888[8^8a8e8}8888899S9U9|wqlf`[Uhc^YT]V]ca]caV]caV]ca]caV]ca]caV]ca]caV]ca]c
aV]ca]ca]ca]ca]caV]ca]ca]caU]ca]caV]ca]caU]caV]ca]caV]ca]caV]ca]caV]caU99E:
J:Q:e:g:p:r:::<<<<:=C===>>'>U>W>k>v>{>>>>*?aA~xsmhb]Xhc^YT]V]]ca]caV]ca]caV
]ca]caV]ca]caV]ca]ca]caV]ca]caV]ca]caV]ca]caU]ca]caV]ca]ca]ca]caV]ca]caV]ca
]caV]ca]ca]ca]caaAhAjAuAwA|AAAAAAAAABBB*BCCCDD3D?DEKKK
K}LLzupke`ZUPh]ca]caV]ca]caV]ca]ca]ca]ca]caV]ca]ca U]c^a
V]c^a]caV]ca]caV]ca]caV]ca]caV]ca UV]ca]caU]ca UV]ca]ca]c^a]ca
U]c^a]ca]c^aLLLLLLMM+M-M?M_MjMdOqOOOOP{PPPP2QQ7RRRSTTUUzuojd]WPh UV]caU]ca
UV]caU]ca]caU]ca]caU]ca]caU]caU]ca]ca]ca]ca]ca]c^a]caV]ca]ca]caV]ca
V]c^aU]ca]caV]ca]caV]ca]caV]ca]caV]caU_UpUUUUUU!W/WWWYYlZxZZZZ<[/\q\\\]]]]]
]]zuoje`[UPjd]WPh]caV]ca]ca]ca]ca]caU]ca]caU]ca]caU]ca]caV]ca]ca
UV]caU]caU]ca UV]caU]ca UV]caU]ca UV]caU]ca]caV]ca]ca UV]caU]ca
UV]caU]ca]^$^,^/^2^G^^^P_a_`*`a"aPaTaaaccd;
e>eBeEeff?gBgSgVg}wrlga\Vh]caVV]ca]caV]ca]caV]ca]caV]ca]caV]ca]caV]ca]ca]ca
V]ca]caV]ca]caV]ca]ca]ca]caV]ca]ca]caV]ca]caV]ca]caV]ca]caV]caVggg-h0h4h7hh
ihjkjjjl1m o|oooo
p!p&p4p7p?pAp`ppppppztoid^YScV]ca]caV]ca]caV]ca]caV]ca]caV]ca]caV]ca]ca]caV
]ca]caV]ca]ca]ca]ca]ca]ca]ca]ca]caV]ca]caV]ca]caV]ca]caV]ca]ca
pppqqqqssssu8uuuvvvwwwnwxyz0z2z@z~y{ytnic^XSc]caU]ca]caU]ca]caU]ca]caV]ca]c
aV]ca]caU]ca]ca]ca]ca]caV]ca]ca]ca]caV]ca]ca]ca]caV]ca]caV]ca]caV]ca]caV]ca
]ca {&os1>),8 $3 38K]enztmg`ZSMU]ca UV]caU]ca UV]caU]ca UV]caU]ca UV]caU]ca
UV]caU]ca UV]caU]ca UV]caU]ca UV]caU]caU]ca]ca]caU]ca
UV]caU]ca]caU]ca]caU]ca]caU]cany|"is,7qs}wrle_ZTMg`ZSM UV]caU]ca]caU]ca
UV]caU]ca]caU]ca UV]caU]ca UV]caU]ca UV]caU]ca UV]caV]ca UV]caV]caU]ca
UV]caV]ca UV]caU]ca UV]caU]ca UV]caU]ca UV]ca6% HOztoid^YS
UV]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]ca]caU]ca]caU]ca]caU]ca
UV]caU]ca]caU]caV]ca UV]caU]ca]caU]caV]ca 



UV]caV]caOfrYary`n`,hztoid_ZU]caU]]ca]ca]ca]caU]ca]caU]ca]caU]ca]ca]caU]ca]
caV]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca
U]c^aU]ca]cadpt5Iept#{unhb[UOztoid_ZU]caU]ca UV]caU]caU]ca UV]caU]ca
UV]caU]ca UV]caU]ca UV]caU]ca UV]caU]caU]ca UV]caU]ca
UV]caU]ca]ca]caV]ca]caV]ca]ca]caV]ca]ca6`'2dz8hl1FG|wqlf`ZUid_ZU]ca]caU]caU
]caU]ca]caU]ca]caU]ca]ca]ca]ca]c"a]ca]ca]ca]ca]ca]c$a]ca]caU]ca UV]caU]ca
UV]caU]ca UV]caU]ca UV]caU]ca UV]caG$7*+
!7?jkLM!$tvf~ysnhc]XRU]U]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]c
a]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca UV]caU]ca]caU]ca]caU]cafgh&'MOWX'+
"~xqkd^XShc]XRU]U]caU]caV]ca UV]caU]ca UV]caU]ca UV]caU]ca
UV]caU]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]ca]ca]ca]ca"
)ecf?Giyz_& ~yslfa[VPUU]ca]caU]ca]caU]ca UV]caU]ca]ca UV]caU]ca]caU]caV]ca
UV]caU]ca]caU]ca]caU]caV]ca]ca]ca]ca]ca]ca]caU]ca]caU]ca]caU]ca!(^RxQT`
Ynz4vEkyrlga\VQUU]caU]ca]caU]ca]caU]ca UV]caU]ca]caU]ca]caU]ca
UV]caU]ca]caU]ca]ca]ca]caU]ca]caU]ca]caU]ca]caU]caU]caU]ca]caU]ca]ca*-e/8+-
}wpjd^XSga\VQUU]]caU]caU]caU]caU]ca
UV]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]ca
UV]caU]ca UV]caV]ca-0IUjmln}!7UYawytnic\WQjd^XSga\VQUUU]ca]ca
UV]caV]ca]caV]ca]caU]ca]caU]caU]ca UV]caU]ca UV]ca]caU]ca]caU]ca
UV]caV]caU]ca]caU]ca UV]caV]ca UV]caU]ca
UV]caV]caGw'AC)o3:|wqlfa[VPUU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caV]ca]caU]ca]
caU]ca]caU]ca]ca]caU]ca UV]caU]ca
UV]caV]caU]ca]caU]caV]ca]caU]ca]ca:|H'9KS~ytoid^XSfa[VPUU]]caV]caU]ca]caU]c
a]ca]ca]caU]ca]caU]ca UV]caU]caU]caU]ca UV]caU]ca]caU]ca]caU]ca
UV]caU]caU]caU]ca]caU]ca]caU]ca]ca%'ABG8l
Go#%(=EV~ysnic^XSUU]]caU]ca]caU]ca]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]caU]c
aU]ca]caU]ca]caU]caU]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca[;x;
X`dsv.Mztmg`[UOic^XU]caU]ca]ca UV]caU]ca UV]caV]ca UV]caU]ca
UV]caU]ca]caU]ca]caU]ca]caU]ca]caV]ca
UV]caU]ca]caU]caV]ca]caV]ca]caV]ca]caV]caMSUZ\^flv|2eg|void^WQg`[UOic^XU]V]
ca UV]caU]ca]caU]ca 



UV]caV]caU]caV]ca UV]caU]caU]ca]caU]ca]caU]caV]ca]caU]ca]ca UV]caV]ca
UV]ca]caU]ca]ca UV]caV]ca UV]caEGI`bikvx @ B I K
ytnib\WQic^XU]U]ca]caU]ca
UV]ca]caU]ca]caU]ca]caU]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]caU]ca]caU]c
a UV]caV]ca UV]caV]ca UV]caU]ca
&2^rtw|k/1S>}}wrlga\WQU]U]ca]ca]caU]ca]caU]ca]caU]caU]ca]caU]ca]caU]ca]caU]
ca]caV]ca]caV]ca]caV]ca]ca]ca]caD]ca]caU]caU]ca UV]caU]ca]ca}
""##,$j$k%%'&a&z&~&&e'q)z))))|wqlfa[VU]U]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU
]ca]caU]ca]caU]ca]caU]ca]ca]ca]caV]ca]caV]ca]caU]ca]caV]ca]caV]ca]caU]ca]ca
)))))*?*$+%+. ............./!/A/V/`/j/m/x/{/{uoic^XSU]U]]c aU]c a]c aU]c
aU]c aU]c aU]caU]c aU]ca]caU]c aU]caU]c
a]caU]ca]caU]ca]ca]ca]ca]caU]ca]caU]ca]ca]caU]ca]caU]ca]caU]ca{/////////0&0
,0:0>0U0]0_0b000000?194X4g4k4x4{444{uojd_YSU]U]U]c aU]c a]c aU]c a]c aU]c
aU]ca]caU]ca]caU]ca]ca]caU]c a]ca]caU]caU]c a]ca]ca]ca]caU]c a]caU]c aU]c
a]caU]caU]c aU]c aU]c
a4444555565B5C6699D9H9f9u9x99999999999999~ysnhc]XRU]UU]c 



a]caU]c a]caU]c a]c aU]c a]c aU]c a]c aU]c a]c aU]c a]c aU]c aU]c aU]c
a]ca]ca]caU]ca]caU]c aU]c a]caU]c aU]c aU]c a]c aU]c aU]ca9999:o;
;<<>2?A@C@@@fAgAAA,B:BABKBYB`BBBBBBBBzuojd^YSU]UUU]ca]c aU]c aU]c a]caU]c
a]ca]caU]c aU]caU]c
a]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]ca]caU]caU]caU]ca]caBBBB
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