Clustering Through Decision T ree Cons truction

Abstract

Clustering is an important exploratorydata anal ysis task. It aims to find the intrinsic structure of data b yorganizing data objects into similarit ygroups or clusters. It is oft en called unsupervised l earning because no class labels denoting an a priori partition of the objects are given. This is in contrast with supervised learning (e.g., classification) for which the data objects are alread yl abeled with known classes. Past research in clustering has produced manyal gorithms. However, these al gorithms have some m ajor shortcomings. In this paper, we propose a novel clustering technique, which is based on a supervised learning technique called decision tree construction. The new technique is able to overcom e man yof these shortcomings. The ke yidea is to use a decision tree to partition the data space into cluster and empt y(sparse) regions at different levels of details. We achieve this byintroducing virtual data points into the space and then appl ying a modified decision tree al gorithm for the purpose. The t echnique is able to find "natural" or ^true~ clusters in large hi gh dimensional spaces efficientl y. It is suitable for clustering in the full dimensional space as well as in subspaces. It also provides easil ycomprehensible descriptions of the resulting clusters. Experiments on both synthetic data and real-life data show that the technique is ver yeffective and also scales well for large hi gh dimensional datasets.

Philip S. Yu

IBM T. J . Watson Research Center

Yorktown Heights, NY 10598 psyu@watson.ibm.com

Bing Liu , Yiyuan Xia

School of Computing

National University of Singapore

Lower Kent Ridge Road, Singapore 119260

{ liub, xiayy}@ comp.nus.edu.sg

IBM Research Report RC 21695 (97737),20 March2000

A reduced version will appear in ACM CIKM-2000 .

1. Introduction

Clustering aims to find the intrinsic structure of data b yorganizing objects (data records) into

similaritygroups or clusters. Clustering is often called unsupervised learning because no

classes denoting an a priori partition of the objects are known. This is in contrast with

supervised learning, for which the data records are alread ylabeled with known classes. The

objective of supervised learning is to find a set of characteristic descriptions of these classes.

In this paper, we studyclustering in a numeri cal space, where each dimension (or attribute)

has a bounded and totallyordered domain. Each data record is basicallya point in the space.

Clusters in such a space are commonlydefined as connected regions in the space containing a

relativel yhigh density of points, separated from other such regions b ya region containing a

relativel ylow densit yof points [12].

Clustering has been studied extensivelyin statistics [5], pattern recognition [16], machine

learning [15], and database and data mining [e.g., 25, 32, 7, 14, 1, 2, 3, 8, 10, 11, 20, 21, 22,

23, 29, 30, 31]. Existing algorithms in the literature can be broadl yclassified into two

categories [24]: partitional clustering and hierarchical clustering . Partitional clustering

determines a partitioning of data records into k groups or clusters such that the data records in

a cluster are more similar or nearer to one another than the data records in different clusters.

Hierarchical clustering is a nested sequence of partitions. It keeps merging the closest (or

splitting the farthest) groups of data records to form clusters.

In this paper, we propose a novel clustering technique, which is based on a supervised

learning method called decision tree construction [26]. The new technique, called C LTree

( CL ustering based on decision Tree s), is quite different from existing methods, and it has

manydistinctive advantages. To distinguish from decision trees for classification, we call the

trees produced b yC LTree the cluster trees .

Decision tree building is a popular technique for classif ying data of various classes (at

least two classes). Its algorithm uses a purity function to partition the data space into different

class regions. The technique is not directl yapplicable to clustering because datasets for

clustering have no pre-assigned class labels. We present a method to solve this problem.

The basic idea is that we regard each data record (or point) in the dataset to have a class Y .

We then assume that the data space is uniforml ydistributed with another t ype of points,

called non-existing points . We give them the class, N . With the N points added to the original

data space, our problem of partitioning the data space into data ( dense ) regions and empty

( sparse ) regions becomes a classification problem. A decision tree algorithm can be applied

to solve the problem. However, for the technique to work man yimportant issues have to be

addressed (see Section 2). The ke yissue is that the purityfunction used in decision tree

building is not sufficient for clustering.

We use an example to show the intuition behind the proposed technique. Figure 1(A) gives

a 2-dimensional space, which has 24 data ( Y ) points represented b yfilled rectangles. Two clusters exist in the space. We then add some uniforml ydistributed N points (represented b y

^ o ~) to the data space (Figure 1(B)). With the augmented dataset, we can run a decision tree

algorithm to obtain a partitioning of the space (Figure 1(B)). The two clusters are identified.

(A) (B) (C)

Figure 1: Clustering using decision trees: an intuitive example

The reason that this technique works is that if there are clusters in the data, the data points

cannot be uniforml ydistributed in the entire space. B yadding some uniformlydistributed N

points, we can isolate the clusters because within each cluster region there are more Y points

than N points. The decision tree technique is well known for this task.

We now answer two immediate questions: (1) how man y N points should we add, and (2)

can the same task be performed without physicallyadding the N points to the data? The

answer to the first question is that it depends. The number changes as the tree grows. It is

insufficient to add a fixed number of N points to the original dataset at the beginning (see

Section 2.2). The answer to the second question is yes . Ph ysicall yadding N points increases

the size of the dataset and also the running time. A subtle but important issue is that it is

unlikelythat we can have points trulyuniformlydistributed in a ver yhigh dimensional space

because we would need an exponential number of points [23]. We propose a technique to

solve the problem, which guarantees the uniform distribution of the N points. This is done by

not adding an y N point to the space but computing them when needed. Hence, C LTree is able

to produce the partition in Figure 1(C) with no N point added to the original data.

The proposed C LTree technique consists of two steps:

1. Cluster tree construction: This step uses a modified decision tree algorithm with a new

purityfunction to construct a cluster tree to capture the natural distribution of the data

without making an yprior assumptions.

2. Cluster tree pruning: After the tree is built, an interactive pruning step is performed to

simplifythe tree to find meaningful/useful clusters. The final clusters are expressed as a

list of hyper-rectangular regions.

The rest of the paper develops the idea further. Experiment results on both synthetic data and

real-life application data show that the proposed technique is ver yeffective and scales well

for large high dimensional datasets.

1.1 Our contributions

The main contribution of this paper is that it proposes a novel clustering technique, which is based on a supervised learning method [26]. It is fundamentall ydifferent from existing

clustering techniques. Existing techniques form clusters explicitlyb ygrouping data points

using some distance or densit ymeasures. The proposed technique, however, finds clusters

implicitlyb yseparating data and empt y(sparse) regions using a purit yfunction based on the

information theor y(the detailed comparison with related work appears in Section 5). The new

method has manydistinctive advantages over the existing methods (although some existing

methods also have some of the advantages, there is no system that has all the advantages):

· C LTree is able to find "natural" or "true" clusters because its tree building process

classifies the space into data (dense) and empt y(sparse) regions without making an yprior

assumptions or using an yinput parameters. Most existing methods require the user to

specif ythe number of clusters to be found and/or densitythresholds [e.g., 25, 32, 21, 7, 14,

1, 2, 3, 10, 23]. Such values are normallydifficult to provide, and can be quite arbitrar y.

As a result, the clusters found maynot reflect the ^true~ grouping structure of the data.

· C LTree is able to find clusters in the full dimension space as well as in an ysubspaces. It is

noted in [3] that manyalgorithms that work in the full space do not work well in subspaces

of a high dimensional space. The opposite is also true, i.e., existing subspace clustering

algorithms onl yfind clusters in low dimension subspaces [1, 2, 3]. Our technique is

suitable for both types of clustering because it aims to find simple descriptions of the data

(using as fewer dimensions as possible), which may use all the dimensions or an ysubset.

· It provides descriptions of the resulting clusters in terms of h yper-rectangle regions. Most

existing clustering methods onlygroup data points together and give a centroid for each

cluster with no detailed description. Since data mining applications typicall yrequire

descriptions that can be easilyassimilated b ythe user as insight and explanations,

interpretabilityof clustering results is of critical importance.

· It comes with an important by-product, the empt y(sparse) regions. Although clusters are

important, emptyregions can also be ver yuseful. For example, in a marketing application,

clusters ma yrepresent different segments of existing customers of a company, while the

emptyregions are the profiles of non-customers. Knowing the profiles of non-customers

allows the compan yto probe into the possibilities of modifying the services or products

and/or of doing targeted marketing in order to attract these pote n tial customers.

· It deals with outliers effectively. Outliers are data points in a relativel yempty region.

C LTree is able to separate outliers from real clusters because it naturall yidentifies sparse

and dense regions. When outliers are concentrated in certain areas, it is possible that they

will be identified as small clusters. If such outlier clusters are undesirable, we can use a

simple threshold on the size of clusters to remove them. However, sometimes such small

clusters can be ver yuseful as theyma yrepresent exceptions (or unexpected cases) in the

data. The interpretation of these small clusters is dependent on applications.

2. Building Cluster Trees

This section presents our cluster tree algorithm. Since a cluster tree is basicall ya decision tree

for clustering, we first review the decision tree algorithm in [26]. We then modifythe

algorithm and its purit yfunction for clustering.

2.1 Decision tree construction

Decision tree construction is a well-known technique for classification [26]. A database for

decision tree classification consists of a set of data records, which are pre-classified into q ( ³

2) known classes. The objective of decision tree construction is to partition the data to

separate the q classes. A decision tree has two t ypes of nodes, decision nodes and leaf nodes .

A decision node specifies some test on a single attribute. A leaf node indicates the class.

From a geometric point of view, a decision tree represents a partitioning of the data space.

A serial of tests (or cuts) from the root node to a leaf node represents a h yper-rectangle. For

example, the four h yper-rectangular regions in Figure 2(A) are produced b ythe tree in Figure

2(B). A region represented b ya leaf can also be expressed as a rule, e.g., the upper right

region in Figure 2(A) can be represented b y X > 3.5, Y > 3.5 ® O , which is also the right

most leaf in Figure 2(B). Note that for a numeric attribute, the decision tree algorithm in [26]

performs binar ysplit, i.e ., each cut splits the current space into two parts (see Figure 2(B)).

(A) (B)

Figure 2. An example partition of the data space and its corresponding decision tree

The algorithm for building a decision tree t ypicall yuses the divide and conquer strategy to

recursivel ypartition the data to produce the tree. Each successive step greedil ychooses the

best cut to partition the space into two parts in order to obtain purer regions. A commonly

used criterion (or purity function ) for choosing the best cut is the information gain [26] 1 .

The information gain criterion is derived from information theory . The essential idea of

information theor yis that the information conveyed by a message depends on its probability

and can be measured in bits as minus the logarithm to base 2 of that probability .

Suppose we have a dataset D with q classes, C

1

, �, C

q

. Suppose further that we have a

possible test x with m outcomes that partitions D into m subsets D

1

, �, D

m

. For a numeric

attribute, m = 2, since we onl yperform binar ysplit. The probabilitythat we select one record

from the set D of data records and announce that it belongs to some class C

j is given b y:

1 I n [26], it can also use the information gain ratio criterion, which is the normalized gain. The normalization is used to

avoid favoring a categorical attribute that has man yvalues. Since we have no categorical attribute, this is not a problem.

X

Y

X

£ 3.5 > 3.5

£ 3.5 > 3.5

6

3.5

3.5 8.5 0 10

X

Y

> 8.5 £ 8.5 where freq( C

j

, D) represents the number of data records (points) of the class C

j in D , while

|D| is the total number of data records in D . So the information that it conveys is:

To find the expected information needed to identify the class of a data record in D before

partitioning occurs, we sum over the classes in proportion to their frequencies in D , giving:

Now, suppose that the dataset D has been partitioned in accordance with the m outcomes of

the test x . The expected amount of information needed to identif ythe class of a data record in

D after the partitioning had occurred can be found as the weighted sum over the subsets, as:

where | D

i

| represents the number of data records in the subset D

i after the partitioning had

occurred. The information gained due to the partition is:

gain ( X ) = info ( D ) - info

x

( D )

Clearly, we should maximize the gain. The gain criterion is to select the test or cut that

maximizes the gain to partition the current data (or space).

The procedure for information gain evaluation is given in Figure 3. It evaluates ever y

possible value (or cut point) on all dimensions to find the cut point that gives the best gain.

1 for each attribute A

i

Î { A

1

, A

2

, �, A

d

} do /* A

1

, A

2

, �, and A

d are the attributes of D */

2 for each value x of A

i in D do /*each value is considered as a possible cut */

3 comp ute the infor mation ga in at x

4 end

5 end

6 Select the test or cut that gives the best infor mation gain to partition the space

Figure 3. The information gain evaluation

Scale-up decision tree algorith ms: Traditionally, a decision tree algorithm requires the

whole data to reside in memor y. When the dataset is too large, techniques from the database

communitycan be used to scale up the algorithm so that the entire dataset is not required in

memory. [4] introduces an interval classifier that uses data indices to efficientl yretrieve

portions of data. SPR INT [27] and RainForest [18] propose two scalable techniques for

decision tree building. For example, RainForest onl ykeeps an AVC-set (attribute-value,

classLabel and count) for each attribute in memor y. This is sufficient for tree building and

gain evaluation. It eliminates the need to have the entire dataset in memor y. BOAT [19] uses

statistical techniques to construct the tree based on a small subset of the data, and correct

inconsistencydue to sampling via a scan over the database.

| |

) , (

D

D C freq j

bits

å

=

÷

ø ö

ç

è æ

´ - = q

j j j

D

D C freq

D

D C freq

info(D)

1

2

| |

) , (

log

| |

) , (

å

=

´ - = m

i i i

X

D info

D

D

(D) info

1

) (

| |

| |

÷

ø ö

ç

è æ

-

| |

) , (

log 2

D

D C freq j

2.2 Building cluster trees: Introducing N points

We now present the modifications made to the decision tree algorithm in [26] for our

clustering purpose. This sub-section focuses on introducing N points. The next sub-section

discusses two changes that need to be made to the decision tree algorithm. The final sub-

section describes the new cut selection criterion or purit yfunction.

As mentioned before, we give each data point in the original dataset the class Y , and

introduce some uniformly distributed ^non-existing~ N points. We do not physicallyadd

these N points to the original data, but onl yassume their existence.

We now determine how many N points to add. We add a different number of N points at

each node in tree building. The number of N points for the current node E is determined b y

the following rule (note that at the root node, the number of inherited N points is 0):

1 If the number of N points inherited fromthe parent node of E is less than the number of Y points in E then

2 the nu mber of N points for E is increased to the number of Y points in E

3 else the number of inherited N points fro mits parent is used for E

Figure 4 gives an example. The (parent) node P has two children nodes L and R . Assume P

has 1000 Y points and thus 1000 N points, stored in P.Y and P.N respectively. Assume after

splitting, L has 20 Y points and 500 N points, and R has 980 Y points and 500 N points.

According to the above rule, for subsequent partitioning, we increase the number of N points

at R to 980. The number of N points at L is unchanged.

Figure 4. Distributing N points Figure 5. The effect of using a fixed number of N points

The basic idea is that we use an equal number of N points to the number of Y (data) points

(in fact, 1:1 ratio is not necessar y, see Section 4.2.2). This is natural because it allows us to

isolate those regions that are densel ypopulated with data points. The reason that we increase

the number of N points of a node (line 2) if it has more inherited Y points than N points is to

avoid the situation where there ma ybe too few N points left after some cuts or splits. If we

fix the number of N points in the entire space to be the number of Y points in the original

data, the number of N points at a later node can easilydrop to a ver ysmall number for a high

dimensional space. If there are too few N points, further splits become difficult, but such

splits maystill be necessar y. Figure 5 gives an example.

In Figure 5, the original space contains 32 data ( Y ) points. According to the above rule, it

also has 32 N points. After two cuts, we are left with a smaller region (region 1). All the Y

points are in this region. If we do not increase the number of N points for the region, we are

0 50 100

60

30 region-1

P.Y = 1000

P.N = 1000

R.Y = 980

R.N = 500

L.Y = 20

L.N = 500

P

L R

R.N = 980

30 left with only32/2 2 = 8 N points in region 1. This is not so bad because the space has onl y

two dimensions. If we have a ver yhigh dimensional space, the number of N points will drop

drasticall y(close to 0) after some splits (as the number of N points drops exponentially).

The numb er of N points is not reduced if the current node is an N node ( an N node has

more N points than Y points ) (line 3). A reduction ma ycause outlier Y points to form Y nodes

or regions ( a Y node has an equal number of Y points as N points or more ). Then cluster

regions and non-cluster regions ma ynot be separated.

2.3 Building cluster trees: Tw o modifications to the decision tree algorithm

Since the N points are not physicall yadded to the data, we need to make two modifications to

the decision tree algorithm in [26] in order to build cluster trees:

1. Compute the number of N points on the fly : From the formulas in Section 2.1, we see that

the gain evaluation needs the frequenc yor the number of points of each class on each side

of a possible cut (or split). Since we do not have the N points in the data, we need to

compute them. This is simple because we assume that the N points are uniformly

distributed in the space. Figure 6 shows an example. The space has 25 data ( Y ) points and

25 N points. Assume the system is evaluating a possible cut P . The number of N points on

the left-hand-side of P is 25 * 4/10 = 10. The number of Y points is 3. Likewise, the

number of N points on the right-hand-side of P is 15 (25 - 10), and the number of Y points

is 22. With these numbers, the information gain at P can be computed. Note that by

computing the number of N points, we essentiallyguarantee their uniform distribution.

Figure 6. Computing the number of N points Figure 7. Cutting on either side of data poin ts

2. Evaluate on both sides of data points : In the standard decision tree building, cuts onl y

occur on one side of data points [26]. However, for our purpose, this is not adequate as the

example in Figure 7 shows. Figure 7 gives 3 possible cuts. cut

1 and cut

3 are on the right-

hand-side of some data points, while cut

2 is on the left-hand-side. If we onl yallow cuts on

the right-hand-side of data points, we will not be able to obtain a good cluster description.

If we use cut

1

, our cluster will contain a large empty region. If we use cut

3

, we lose man y

data points. In this case, cut

2 is the best. It cuts on the left-hand-side of the data points.

2.4 Building cluster trees: The new criterion for selecting the best cut

Decision tree building for classification uses the gain criterion to select the best cut. For

clustering, this is insufficient. The cut that gives the best gain ma ynot be the best cut for

0 4 10

P (a possible cut)

T he current space cut

1 cut

2 cut

3 clustering. There are two main problems with the gain criterion:

1. The cut with the best information gain t ends to cut into clusters.

2. The gain criterion does not look ahead in deciding the best cut.

Let us see an example. Figure 8(A) shows a space with two clusters, which illustrates the

first problem. Through gain computation, we find the best cuts for dimension 1 ( d

1

_cut ), and

for dimension 2 ( d

2

_cut ) respectivel y. Clearl y, both cuts are undesirable because the ycut into

clusters. Assume d

1

_cut gives a better information gain than d

2

_cut . We will use d

1

_cut to

partition the space. The cluster points on the right of d

1

_cut from both clusters are lost.

This problem occurs because at cluster boundaries there is normall ya higher proportion of

N points than that of cluster centers for clusters whose data points follow a normal-like

distribution (cluster centers are much denser than boundaries) as we assume that the N points

are uniforml ydistributed in the entire area. The gain criterion will find a balanced point for

partitioning, which tends to be somewhere inside the clusters.

Next, we look at the secon d problem using Figure 8(B) (same as Figure 8(A)). Ideally, in

this situation, we should cut at d

2

_cut2 or d

2

_cut3 , rather than d

1

_cut (although it gives the

highest gain). However, using the gain criterion, we are unable to obtain d

2

_cut2 or d

2

_cut3

because the gain criterion does not look ahead to find better cuts. There is also another piece

of important information that the gain criterion is unable to capture, the empt yregion

between d

2

_cut2 and d

2

_cut3 . Recognizing the emptyregion is ver yimportant for clustering.

(A) (B)

Figure 8. Problems with the gain criterion Figure 9. Determining the best cut

The two problems result in severe fragmentation of clusters (each cluster is cut into man y

pieces) and loss of data points. To overcome these problems, we designed a new criterion,

which still uses information gain as the basis, but adds to it the abilityto look ahead. We call

the new criterion the lookahead gain criterion . For the example in Figure 8(B), we aim to

find a cut that is ver yclose to d

2

_cut2 or d

2

_cut3 .

The basic idea is as follows: For each dimension i , based on the first cut found using the

gain criterion, we look ahead (at most 2 steps) along each dimension to find a better cut c

i

that cuts less into cluster regions, and to find an associated region r

i that is relativel yempty

(measured b y relative density , see below). c

i of the dimension i whose r

i has the lowest d

2

_cut d

1

_cut1

d

1

_cut2

d

2

_cut2 d

2

_cut3 cluster1

cluster2 d

2

_cut1 d

2

_cut d

1

_cut d

1

_cut

d

2

_cut3

d

2

_cut2

b

1

b

2 relative densit y is selected as the best cut. The intuition behind this modified criterion is

clear. It tries to find the emptiest region along each dimension to separate clusters.

Definition (relative density) : The relative density of a region r is computed with r .Y / r.N ,

where r.Y and r.N are the number of Y points and the number of N points in r respectivel y.

We use the example in Figure 9 (a reproduction of Figure 8(A)) to introduce the lookahead

gain criterion. The algorithm is given in Figure 10. The new criterion consists of 3 steps:

1. Find the initial cuts (line 2, Figure 10): For each dimension i , we use the gain criterion to

find the first best cut point d

i

_cut1 . For example, in Figure 9, for dimension 1 and 2, we

find d

1

_cut1 , and d

2

_cut1 respectively. If we cannot find d

i

_cut1 with an ygain for a

dimension, we ignore this dimension subsequently.

2. Look ahead to find better cuts (lines 3 and 6, Figure 10): Based on the first cut, we find a

better cut on each dimension byfurther gain evaluation. Our objectives are to find:

(1) a cut that cuts less into clusters (to reduce the number of lost points), and

(2) an associated region with a low relative densit y( relatively empty ).

Let us denote the two regions separated b y d

i

_cut1 along dimension i as L

i and H

i

, where

L

i has a lower relative densitythan H

i

. d

i

_cut1 forms one boundar yof L

i along dimension

i . We use b

i to denote the other boundar yof L

i

. To achieve both (1) and (2), we onl yfind

more cuts (at most two) in L

i

. We do not go to H

i because it is unlikelythat we can find

better cuts there to achieve our objectives (since H

i is denser). This step goes as follows:

Along each dimension, we find another cut ( d

i

_cut2) in L

i that gives the best gain. After

d

i

_cut2 is found, if the relative densit yof the region between d

i

_cut1 and d

i

_cut2 is higher

than that between d

i

_cut2 and b

i

, we stop because both objectives are achieved. If not, we

find the third cut ( d

i

_cut3 ) b yappl ying the same strategy. We seek the additional cut in

this case because if the region between d

i

_cut2 and b

i is denser, it means that there ma ybe

clusters in that region. Then, d

i

_cut2 is likelyto cut into these clusters.

For example, in Figure 9, we first obtain d

1

_cut2 and d

2

_cut2 . Since the relative densit y

of the region between d

1_ cut1 and d

1

_cut2 is higher than that between d

1

_cut2 and the

boundar yon the right ( b

1

), we stop for dimension 1. We have found a better cut d

1

_cut2

and also a low densit yregion between d

1

_cut2 and the right space boundar y( b

1

).

However, for dimension 2, we now obtain a situation (in the region between d

2

__cut1

and the bottom space boundar y, b

2

) like that for dimension 1 before d

1

_cut2 is found.

d

2

_cut2 cuts into another cluster. We then applythe same method to the data points and

the region between d

2

_cut1 and d

2

_cut2 since the relative densit yis lower between them,

another local best cut d

2

_cut3 is found, which is a much better cut, i.e., cutting almost at

the cluster boundar y. We now have two good cuts d

1

_cut2 and d

2

_cut3 for dimension 1

and 2 respectivel y. We also found two low densityregions associated with the cuts, i.e.,

the region between d

1

_cut2 and the right space boundar y( b

1

) for dimension 1, and the

region between d

2

_cut2 and d

2

_cut3 for dimension 2.

3. Select the overall best cut (line 5, 7 and 10): We compare the relative densities

( r_density

i

) of the low densityregions identified in step 2 of all dimensions. The best cut in

the dimension that gives the lowest r_density

i value is chosen as the best cut overall. In our

example, the relative densitybetween d

2

_cut2 and d

2

_cut3 is clearl ylower than that

between d

1

_cut2 and the right space boundar y, thus d

2

_cut3 is the overall best cut.

The reason that we use relative densityto select the overall best cut is because it is

desirable to split at the cut point that mayresult in a big empty( N ) region (e.g., between

d

2

_cut2 and d

2

_cut3 ), which is more likelyto separate clusters.

Algorithm evaluateCut ( D )

1 for each attribute A

i

Î { A

1

, A

2

, �, A

d

} do

2 d

i

_cut1 = the value (cut) of A

i that gives the best gain o n dimensio n i ;

3 d

i

_cut2 = the value (cut) of A

i that gives the best gain in the L

i regio n produced by d

i

_cut1 ;

4 if the relative density between d

i

_cut1 and d

i

_cut2 is higher than that between d

i

_cut2 and b

i then

5 r_density

i

= y

i

/ n

i

, where y

i and n

i are the number s of Y points and N points between d

i

_cut2 and b

i

6 else d

i

_cut3 = the value (cut) that gives the best gain in the L

i regio n produced by d

i

_cut2 ;

/* L

i here is the region between d

i

_cut1 and d

i

_cut2 */

7 r_density

i

= y

i

/ n

i

, where y

i and n

i are the numbers o f Y points and N points in the regio n between

d

i

_cut1 and d

i

_cut3 or d

i

_cut2 and d

i

_cut3 that has a lo wer proportion of Y

points (or a lower relative density).

8 end

9 end

10 bestCut = d

i

_cut3 (or d

i

_cut2 if there is no d

i

_cut3 ) of dimension i who se r_density

i is the minimal among

the d dimensions.

Figure 10. Determining the best cut in C LTree

This algorithm can also be scaled up using the existing decision tree scale-up techniques in

[18, 27] since the essential computation here is the same as that in decision tree building, i.e.,

the gain evaluation. Our new criterion simplyperforms the gain evaluation more than once.

3. User-Oriented Pruning of Cluster Trees

The recursive partitioning method of building cluster trees will divide the data space until

each partition contains onlypoints of a single class, or until no test (or cut) offers an y

improvement 2 . The result is often a ver ycomplex tree that partitions the space more than

necessar y. This problem is the same as that in classification [26]. There are basicallytwo

wa ys to produce simpler trees:

1 Stopping: deciding not to divide a region an yfurther, or

2 Pruning: removing some of the tree parts after the tree has been built.

The first approach has the attraction that time is not wasted in building the complex tree.

However, it is known in classification research that stopping is often unreliable because it is

ver yhard to get the stopping criterion right [26]. This has also been our experience. Thus, we

adopted the pruning strategy. Pruning is more reliable because after tree building we have

seen the complete structure of data. It is much easier to decide which parts are unnecessar y.

The pruning method used for classification, however, cannot be applied here because

clustering, to certain extent, is a subjective task. Whether a clustering is good or bad depends

2 We use the same cri terion as that in [26] to decide whether anyimprovement can be made.

on the application and the user’s subjective judgment of its usefulness [9, 24]. Thus, we use a

subjective measure for pruning. We use the example in Figure 11 to explain.

The original space is partitioned into 14 regions b ythe cluster tree. B ysimplylooking at

Figure 11, it is not clear whether we should report one cluster (the whole space) or two

clusters. If we are to report two clusters, should we report the region C1 and C2, or S1 and

S2? The answers to these questions depend on the specific application.

Figure 11. How man yclusters are there, and what are the cluster regions?

We propose two interactive approaches to allow the user to explore the cluster tree to find

meaningful/useful clusters.

Browsing : The user simplyexplores the tree him/herself to find meaningful clusters (prune

the rest). A user interface has been built to facilitate this exploration. This is not a difficult

task because the major clusters are identified at the top levels of the tree.

User-oriented pruning : The tree is pruned using two user-specif yparameters (see below).

After pruning, we summarize the clusters byextracting onl ythose Y leaves from the tree

and express them with hyper-rectangular regions (each Y leaf naturall yforms a region or a

rule (see Section 2.1)). The user can then view and stud ythem. This is more convenient

then viewing a tree, as a tree with man yinternal nodes can be confusing.

The two parameters used in pruning are as follows:

min _y : It specifies the minimal number of Y points that a region must contain (to be

considered interesting). min _y is expressed as a percentage of | D |. That is, a node with

fewer than min_y * | D | number of Y points is not interesting. For example, in Figure 11, if

min_y * | D | = 6, the number of Y points (which is 4) in S4 (before it is cut into three

smaller regions) is too few. Thus, further cuts will not be considered, i.e., the two cuts in

S4 are pruned. However, S4 mayjoin S2 (see below) to form a bigger cluster.

min _rd : It specifies whether an N region (node) E should join an adjacent Y region F to form

a bigger cluster region. If the relative densityof E , E.Y /E.N , is greater than min_rd , where

E.Y (or E.N ) gives the number of Y (or N ) points contained in E , then E and F should be

combined to form a bigger cluster. For example, the min_rd value will decide whether S3

should join S1 to form a bigger cluster. If so, more data points are included in the cluster.

The pruning algorithm is given in Figure 12. The basic idea is as follows: It recursivel y

descends down the tree in a depth first manner and then backs up level-by-level to determine

whether a cluster should be formed b ya Y node alone or b yjoining it with the neighboring

C2 C1

S1

S2

S3

S4 node. If the two subtrees below a node can be pruned, the algorithm assigns TRUE to the

Stop field ( node .Stop ) of the node data structure. Otherwise, it assigns FALSE to the field.

Once the algorithm is completed, we simplydescend down the tree again along each

branch to find the first Y node whose Stop field is TRUE (not shown in Figure 12). These

nodes are the clusters, which are presented to the user as a list of cluster regions.

Algorithm evaluatePrune ( Node, min_y, min_rd ) /* Node is the node being analyzed */

1 if Node is a leaf then Node.Stop = T RUE

2 else LeftChild = Node . left ; RightChild = Node . right ;

3 if LeftChild.Y < min_y * | D | then LeftChild.Stop = T RUE

4 else evaluatePrune ( LeftChild , min_y , min_rd );

5 end

6 if RightChild.Y < min_y *| D | then RightChild.Stop = T RUE

7 else evaluatePrune ( RightChild , min_y , min_rd );

8 end

9 if LeftChild.Stop = T RUE then /* We assume that the relative densityof LeftChild is */

10 if RightChild.Stop = T RUE then /* always higher than that of RightChild */

11 if RightChild.Y / RightChild.N > min_rd then

12 Node.Stop = T RUE /*We can prune from Node either because we can join */

/* or because both children are N nodes. */

13 elseif LeftChild is an N node then Node.Stop = T RUE

14 else Node.Stop = FALSE

15 end

16 else Node.Stop = FALSE

17 end

18 else Node.Stop = FALSE

19 end

20 end

Figure 12: The cluster tree pruning algorithm

The evaluatePrune algorithm is linear to the number of nodes in the tree as it traverses the

tree onl yonce.

4 . P e r f o r m a n c e E x p e r i m e n t s

In this section, we empiricallyevaluate C LTree using s ynthetic as well as real-life datasets.

Our experiments aim to establish the following:

· Efficienc y: Determine how the execution time scales with, dimensionalityof clusters, size

of datasets, dimensionalityof datasets, and number of clusters in the data space.

· Accurac y: Test if C LTree finds known clusters in subspaces as well as in the full space of

a high dimensional space. Since C LTree provides descriptions of clusters, we test how

accurate the descriptions are with different pruning parameters. We also test how the ratio

of the numbers of N and Y points affect the accurac y.

A l l t h e ex p e ri m en ts w e r e ru n o n S U N E 4 50 wi th on e 25 0 M H Z c pu a nd 5 12 M B m e mo r y.

4.1 Synthetic data generation

We implemented two data generators for our experiments. One generates datasets following a

normal distribution, and the other generates datasets following a uniform distribution. For

both generators, all data points have coordinates in the range [0, 100] on each dimension. The

percentage of noise or outliers ( noise level ) is a parameter. Outliers are distributed uniforml y

at random throughout the entire space.

Normal distribution: The first data generator generates data points in each cluster following

a normal distribution. Each cluster is described b ythe subset of dimensions, the number of

data points, and the value range along each cluster dimension. The data points for a given

cluster are generated as follows: The coordinates of the data points on the non-cluster

dimensions are generated uniformlyat random. For a cluster dimension, the coordinates of

the data points projected onto the dimension follow a normal distribution. The data

generator is able to generate clusters of elliptical shape and also has the flexibilityto

generate clusters of different sizes.

Uniform distribution : The second data generator generates data points in each cluster

following a uniform distribution. The clusters are h yper-rectangles in a subset (including

the full set) of the dimensions. The surfaces of such a cluster are parallel to axes. The data

points for a given cluster are generated as follows: The coordinates of the data points on

non-cluster dimensions are generated uniformlyat random over the entire value ranges of

the dimensions. For a cluster dimension in the subspace in which the cluster is embedded,

the value is drawn at random from a uniform distribution within the specified value range.

4.2 Synthetic data results

4.2.1 Scalability results

For our experiments reported below, the noise level is set at 10%. The execution times (in

sec.) do not include the time for pruning, but onlytree building. Pruning is ver yefficient

because we onl yneed to traverse the tree once. The datasets reside in memor y.

Dimensionality of hidden clusters: C LTree can be used for finding clusters in the full

dimensional space as well as in anysubspaces. Figure 13 shows the scalabilityas the

dimensionalityof the clusters is increased from 2 to 20 in a 20-dimensional space. In each

case, 5 clusters are embedded in different subspaces of the 20-dimensional space. In the

last case, the clusters are in the full space. Each dataset has 100,000 records. From the

figure, we see that when the clusters are h yper-rectangles (in which the data points are

uniformlydistributed), CLTree takes less time to build the tree. This is because C LTree

can naturallyfind hyper-rectangular clusters, and thus tree building stopped earlier. For

both normal and uniform distribution data, we obtain better than linear scale-up.

Figure 13. Scalability with the dimensionality Figure 14. Scalability with the dataset size

of hidden clusters

0

500

1000

1500

2000

2500

0 100 200 300 400 500

Norm al Data

Uniform Data

VHF

QR�RI�UHFRUGV�[�

0

200

400

600

800

1000

1200

1400

0 2 4 6 8 10 12 14 16 18 20

Norm alData

UniformData

dim .ofclus ters

G LP �RI�GD WD

V HF

50

150

250

350

450

0 2 4 6 8 10 12 14 16 18 20

Nor malData

Unif or mData

s ec

Q R �R I�F OX V WH UV

15

increases dramaticallyand stabilizes after min_y passes 0.5%. From min_y = 0.5, the percentages of data points (outliers are not counted) recovered are ver yhigh, around 95%.

Figure 17. Percentage of cluster data points found Figure 18. Percentage of cluster data points found with min_y with min_rd min _rd : Figure 18 shows the percentages of data points found in the clusters with different values of min_rd . The noise level is set at 10% and min_y at 1%. The min_rd values in the range of 2-30% do not affect the number of cluster data points found in the uniform distribution datasets. The reason is that clusters in these datasets do not have the problem of low-densit yregions around the cluster boundaries as in the case of normal distribution.

For the normal distribution datasets, when min_rd is small, more data points are found,

95% or more. When min_rd is too small, i.e., below 2% (not shown in Figure 18), some clusters are merged, which is not desirable. When min_rd is more than 15%, the number of data points recovered in the clusters starts to drop and reaches 58-64% when min_rd is

25% and 30%. That is, when the min_rd value is ver yhigh, we onl yfind the core regions of the clusters. In all these experiments (except those with min_rd below 2%), pruning finds the correct number of clusters, and also the cluster dimensions. Onl ythe number of data points contained in each cluster region changes with different min_rd values. The results shown in Figure 18 can be explained using Figure 11 (Section 3). If min_rd is set low, we will find C1 and C2. If min_rd is set too low we will find the whole space as one cluster. If it is set ver yhigh, we onlyfind S1 and S2.

Noise level : Figure 19 shows how the noise level affects the percentage of data points recovered in the cluster regions (the noise data or outliers are not included in counting).

We use min_y = 1% and min_rd = 10%, which are the default settings for pruning as the y perform ver ywell. For the uniform distribution datasets, the noise level in the range of 5-

30% does not affect the result. All data points are recovered. For the normal distribution datasets, when the noise level goes up, the percentages of data points found do not change a great deal for both 5 and 10 clusters. In all cases, the clusters are found.

N:Y ratio : In Section 2.2, we assume an equal number of N points as Y points. In fact, 1:1 ratio is not necessar y. We experimented with different N : Y ratios (using default min_y and min_rd values, and 10% noise). The results are shown in Figure 20. In these experiments,

�

�

�

�

�

�

� �

�

� � �

� �

� �

� � �

5/10Clus ters --Unif ormData

5Clus ters --NormalData

10Clus ters --NormalData

� RI�GD WD�S RL

Q WV

P LQB \� �

50

55

60

65

70

75

80

85

90

95

100

0 5 10 15 20 25 30

5/10Cl us ters --Uniform Data

5Clus ters --Norm alData

10Cl us ters --Norm alData

� �

� �

� �

� �

� �

� � �

� � � � �

� � � �

� �

Q R LV H� OH YH O� �

� R I�G D WD� S R LQ WV

5 0

6 0

7 0

8 0

9 0

1 0 0

0.5 0.6 0.7 0.8 0.9 1

5 /1 0 Cl us t er - - U ni f or mDat a

5 Cl us ter - - Nor mal Dat a

1 0 Cl us t er s - - Nor mal Dat a

%of dat a poi nt s

N/Y

C 1 C 2 C 3 C 4 C 5 C 6 C 7 C 8 C 9 C 1 0 C 1 1 C 1 2

1 B - A C - A C - A C - A C - A C - A C - A C - A D - A B - A C - A B - A 1 4 .2 %

2 C - A F - C 4 7 .7 %

3 F - C D - D F - C F - D D - D F - D D - D F - C D - D F - D F - D 6 .5 %

4 F - D F - D F - D F - D F - D F - C C - A F - C 8 .1 %

C o u r s e s % o f

S t ud e n t s

C l us te r s tend to do reasonabl ywell in C2 and poorlyin C10, which is a difficult course.

Cluster 3 and 4 identifytwo groups of poor students. Both groups perform badl yin courses

that require strong logical thinking. However, one group is bad consistentl yin ever ycourse

except one, which happens to be the writing course, C9. This cluster is a subspace cluster

involving 11 dimensions. The other cluster of students ma ydo reasonabl ywell in those

courses that do not require strong logical thinking (C8, C9, C11, and C12). This cluster is

also a subspace cluster involving 8 dimensions.

5. Rela ted Work

This section consists of two sub-sections. In the first sub-section, we compare C LTree with

existing clustering techniques. In the second sub-section, we compare the parameters used in

C LTree with those used in existing methods.

5.1. Clustering techniques

Traditional clustering techniques can be broadl ycategorized into partitional clustering and

hierarchical clustering [24, 12]. Given n data records, partitional clustering determines a

partitioning of the records into k clusters such that the data records in a cluster are nearer to

one another than the records in different clusters [24, 12]. The main problem with partitional

techniques is that the yare often ver ysensitive to the initial seeds, outliers and the order in

which the data points are presented [24, 7, 14]. CLTree does not have these problems.

Hierarchical clustering is a nested sequence of partitions. A clustering can be created b y

building a tree (also called a dendrogram) either from leaves to the root ( agglomerative

approach ) or from the root down to the leaves ( divisive approach ) b ymerging or dividing

clusters at each step. Building a tree using either an agglomerative or a divisive approach can

be prohibitivelyexpensive for large datasets because the complexityof the algorithms is

usuallyat least O ( n 2 ), where n is the number of data points or records.

Both partitional and hierarchical methods are based on distance comparison. It is shown in

[23] that distance-based approaches are not effective for clustering in a ver yhigh dimensional

space because it is unlikelythat data points are nearer to each other than the average distance

between data points [23, 6]. As a consequence, the difference between the distance to the

nearest and the farthest neighbor of a data point goes to zero [6].

C LTree is different from partitional clustering because it does not explicitlygroup data

points using distance comparison. It is different from hierarchical clustering because it does

not merge the closest (or split the farthest) groups of records to form clusters. Instead,

C LTree performs clustering b yclassif ying data regions ( Y regions) and empty regions ( N

regions) in the space using a purit yfunction based on the information theor y.

M o st t r a d iti o n al cl u st e r i ng m e th o ds h av e v e r y h i gh c o m p ut a ti on a l co mp l ex i ti e s. Th e y

a r e n o t su it a b l e f o r cl us t e ri n g o f l a r ge h i gh d im e ns i on a l d a t as e ts . In t h e p a s t f e w ye a r s , a

n u mb e r o f s tu di e s w e r e m ad e to s c al e u p t h e s e a l go r it hm s b y u s i n g r a nd o miz e d s e a r c h

( C LA R A N S [ 25] ) , b y c o n d e n s in g t h e d a t a ( B IR C H [ 32 ] a nd t h e s ys t e m i n [ 7] ), b y u s i n g

gr i d s ( e . g. , D E NC LU E [ 2 2] ), a nd b y s a m p l in g ( C UR E [ 2 1] ) .

T hes e wo r k s a r e di f f e r e nt

f r o m o u r s b e c a us e ou r o bj e ct i v e is no t t o s c al e u p a n ex is ti n g a l go ri t hm , b ut t o p r o po s e a

n e w c lu st e r i n g t e c h ni q u e t h at c an ov e r c o m e m a n y p r o b l e ms wi t h th e ex i s tin g m e th o ds .

R e c e n tl y, s o m e cl us t e ri n g a l go r it hm s b a s ed on l oc a l d e ns it y c o m p a r i so ns a n d/ o r gr i d s

w e r e r e p o rt e d , e . g. , D B S C A N [ 1 0] , D BC LA S D [ 31] , S T IN G [ 30] , W av e C lu st e r [ 28] an d

D E N C LU E [ 22] . D e n si t y- b a s e d a p p r o a c h es , h o w e v e r, a r e no t e f f e c ti v e i n a hi gh

d i m en si o n al s p a c e b e c a us e t h e s p a c e i s t oo s p a r s el y f i l l e d ( s e e [ 2 3] fo r m o r e d is c u ss io n s ).

It i s n o t ed i n [ 3] th a t D B S C A N o n l y r u n s w it h d a t as e ts h a vi n g f e w e r t h an 10 di m en si o ns .

F u r t h e r mo r e , t h es e m et h od s c a n no t b e us e d t o f i nd s ubs p a c e cl u st e r s.

OptiGrid [23] finds clusters in high dimension spaces b yprojecting the data onto each axis

and then partitioning the data using cutting planes at low-densitypoints. The approach will

not work effectivel yin situations where some well-separated clusters in the full space ma y

overlap when the yare projected onto each axis. OptiGrid also cannot find subspace clusters.

C LIQ U E [ 3] i s a su b sp a ce c lu st e r in g a l go r it h m. It f i n ds d en s e r e gi on s i n e a c h s u bs p a c e

o f a hi gh di m en s io n al sp a c e . Th e al go r i th m u s es e qu a l - s iz e c el ls a nd c e ll de n si ti e s to

d e t e r mi n e cl us t e ri n g. Th e us e r n e ed s t o p r ov i d e t he c e ll s iz e an d t h e d e n s it y t h r e s h ol d .

T h is a p pr o a c h d o e s n ot wo r k e f f e ct iv e l y f o r c l u s t e rs t h a t in v ol v e m a n y d i m e n si o ns .

A c c o r d in g t o t h e r e s ul ts r e po r t ed i n [ 3] , t h e h i gh e st d im e n si o n ali t y o f s ub s p a c e cl us t e rs is

o n l y 1 0 . F u r t h e rm o r e , C LIQ U E d o e s n ot p r o du c e di sj oi n t c lu st e r s as no r m al c lu st e r in g

a l go r i th ms do . D en s e r e gi on s a t d i f f e r en t s ub s p a c es t yp i c a l l y o v e r l a p . T h is i s d u e t o th e

f a c t th a t f o r a gi v e n d e n s e r e gi o n al l it s p r oj e c ti o ns o n l o w e r d im e ns io n a l it y s u b s p a c e s a r e

a l s o d e ns e , a nd ge t r ep o rt e d . [ 8] pr e s e nt s a s ys t e m t h at us e s t h e s a m e a p p ro a c h as

C LIQ U E , b u t h a s a di f f e r e nt m e as u r em e n t o f go od cl u st e r in g. C LT r e e i s di f f e r en t f r o m

t h is gr i d a n d d e ns it y b a s e d a p p ro a c h b e c a u s e it s cl us t e r t r e e b u il di n g d o e s no t d e p en d o n

a n y i n p u t p a r a m et e r . It i s al so a bl e t o fi nd di sj oi nt c lu st e r s o f a n y d i m e n s io n al it y.

[1, 2] studies projected clustering, which is related to subspace clustering in [3], but fi nd

disjoint clusters as traditional clustering algorithms do. Unlike traditional algorithms, it is

able to find clusters that use onl ya subset of the dimensions. The algorithm ORC LUS [2] is

based on hierarchical merging clustering. In each clustering iteration, it reduces the number

of clusters (b ymerging) and also reduces the number of dimensions. The algorithm assumes

that the number of clusters and the number of projected dimensions are given beforehand.

C LTree does not need such parameters. C LTree also does not require all projected clusters to

have the same number of dimensions, i.e., different clusters ma yinvolve different numbers of

dimensions (see the clustering results in Section 4.3).

A n o th e r bo d y o f ex is ti n g w o r k is on cl u st e r in g o f c a t e go ri c a l d a t a [ 2 9, 20 , 1 5] . S i n c e

t h is p a p e r f o cu s e s o n c l ust e r i n g i n a n um e r i c al s p a c e , w e w il l n ot d is c u ss th e s e w o r ks

f u r t h e r.

5.2. Input parameters

Most existing cluster methods criticallydepend on input parameters, e.g., the number of

clusters [e.g., 25, 32, 1, 2, 7], the size and densityof grid cells [e.g., 22, 37, 3, 8], and densit y

thresholds [e.g., 10, 23]. Different parameter settings often result in completel ydifferent

clustering. C LTree does not need an yinput parameter in its main clustering process, i.e.,

cluster tree building. It uses two parameters onl yin pruning. However, these parameters are

quite different in nature from the parameters used in the existing algorithms. Theyonl y

facilitate the user to explore the space of clusters in the cluster tree to find useful clusters.

In traditional hierarchical clustering, one can also save which clusters are merged and how

far apart the yare at each clustering step in a tree form. This information can be used b ythe

user in deciding which level of clustering to make use of. However, as we discussed above,

distance in a high dimensional space can be misleading. Furthermore, traditional hierarchical

clustering methods do not give a precise description of each cluster. It is thus hard for the

user to interpret the saved information. C LTree, on the other hand, gives precise cluster

regions in terms of h yper-rectangles, which are easy to understand.

6. Conclusion

In this paper, we proposed a novel clustering technique, called C LTree, which is based on

decision trees in classification research. C LTree performs clustering b ypartitioning the data

space into data and empty regions at various levels of details. To make the decision tree

algorithm work for clustering, we proposed a technique to introduce non-existing points to

the data space, and also designed a new purit yfunction that looks ahead in determining the

best partition. Additionally, we devised a user-oriented pruning method in order to find

subjectivelyinteresting/useful clusters. The C LTree technique has man yadvantages over

existing clustering methods. It is able to find ^natural~ clusters. It is suitable for subspace as

well as full space clustering. It also provides descriptions of the resulting clusters. Finall y, it

comes with an important b y-product, the empty(sparse) regions, which can also be useful in

real-life applications. Extensive experiments have been conducted with the proposed

technique. The results show that it is both effective and efficient.

R e f e r e n c e s

1. C. Aggarwal, C. Propiuc, J. L. Wolf, P. S. Yu, and J. S. Park. ^A framework for finding

projected clusters in high dimensional spaces.~ SIGMOD-99 , 1999.

2. C. Aggarwal, and P. S. Yu. ^Finding generalized projected clusters in high dimensional

spaces.~ SIGMOD-00 , 2000.

3. R. Agrawal, J. Gehrke, D. Gunopulos and P. Raghavan. "Automatic subspace clustering

for high dimensional data for data mining applications." SIGMOD-98 , 1998.

4. R. Agrawal, S. Ghosh, T. Imielinski, B. Lyer, and A. Swami. ^In interval classifier for

database mining applications.~ VLDB-92 .

5. P. Arabie and L. J. Hubert. "An overview of combinatorial data anal ysis." In P. Arabie,

L. Hubert, and G.D. Soets, editors, Clustering and Classification , pages 5-63, 1996.

6. K. Be yer, J. Goldstein, R. Ramakrishnan and U. Shaft. "When is nearest neighbor

meaningful? " Proc.7 th Int. Conf. on Database Theory (ICDT ) , 1999.

7. P. Bradle y, U. Fa yyad and C. Reina, ^Scaling clustering algorithms to large databases,~

KDD-98 .

8. C. H. Cheng, A. W. Fu and Y Zhang. ^Entrop y-based subspace clustering for mining

numerical data.~ KDD-99 , 1999.

9. R. Dubes and A. K. Jain, "Clustering techniques: the user’s dilemma," Pattern

Recognition , 8:247-260, 1976.

10. M. Ester, H .-P. Kriegal, J. Sander and X. Xu. "A densit y-based algorithm for

discovering clusters in large spatial databases with noise." KDD-96 , 1996.

11. M. Ester, H .-P. Kriegel and X. Xu. "A database interface for clustering in large spatial

data bases." KDD-95 , 1995.

12. B. S. Everitt. Cluster analysis , Heinemann, London, 1974.

13. C. Faloutsos and K. D. Lin. " FastMap: A fast algorithm for indexing, data-mining and

visualisation of traditional and multimedia datasets." SIGMOD-95, 1995.

14. U. Fa yyad, C. Reina, and P. S. Bradle y, ^Initialization of iterative refinement clustering

algorithms,~ KDD-98 .

15. D. Fisher. ^Knowledge acquisition via incremental conceptual clustering.~ Machine

Learning , 2:139-172, 1987.

16. K. Fukunaga. Introduction to statistical pattern recognition , Academic Press, 1990.

17. V. Ganti, J. Gehrke, and R. Ramakrishnan, ^CACTUS-Clustering categorical data using

summaries.~ KDD-99 , 1999.

18. J. Gehrke, R. Ramakrishnan, V. Ganti. " RainForest - A framework for fast decision tree

construction of large datasets." VLDB-98 , 1998.

19. J. Gehrke, V. Ganti, R. Ramakrishnan & W-Y. Loh, "BOAT ˘ Optimistic decision tree

construction.~ SIGMOD-99 .

20. S. Guha, R. Rastogi, and K. Shim. ^ROCK: a robust clustering algorithm for categorical

attributes.~ ICDE-99 , 1999.

21. S. Guha, R. Rastogi, and K. Shim. ^CURE: an efficient clustering algorithm for large

databases.~ SIGMOD-98 , 1998.

22. A. Hinneburg and D. A. Keim. "An efficient approach to clustering in large multimedia

databases with noise." KDD-98 , 1998.

23. A. Hinneburg and D. A. Keim. ^An optimal grid-clustering: towards breaking the curse

of dimensionalityin high-dimensional clustering.~ VLDB-99 , 1999.

24. A. K. Jain and R. C. Dubes. Algorithms for clustering data . Prentice Hall, 1988.

25. R. Ng and J. Han. "Efficient and effective clustering methods for spatial data mining."

VLDB-94 .

26. J. R. Quinlan. C4.5 : program for machine learning . Morgan Kaufmann, 1992.

27. J.C. Shafer, R. Agrawal, & M. Mehta, "SPR INT: A scalable parallel classifier for data

mining", VLDB-96 .

28. G. Sheikholeslami, S. Chatterjee and A. Zhang. " WaveCluster: a multi-resolution

clustering Approach for Ver yLarge Spatial Databases." VLDB-98 , 1998.

29. K. Wang, C. Xu, and B Liu. "Clustering transactions using large items", CIKM-99 .

30. W. Wang, J. Yang and R. Muntz. "STING: A statistical information grid approach to

spatial data mining." VLDB-97 , 1997.

31. X. Xu, M. Ester, H-P. Kriegel and J. Sander. "A non-parametric clustering algorithm for

knowledge discover yin large spatial databases." IC DE-98 , 1998.

32. T. Zhang, R. Ramakrishnan and M. Linv y. ^B IRCH: an efficient data clustering method

for ver ylarge databases.~ SIGMOD-96 , 103-114, 1996.