Chapter 1

ASCALABLEHIERARCHICALALGORITHM FOR
UNSUPERVISED CLUSTERING

Daniel Boley

Abstract

Top-down hierarchical clustering can be done in a scalahie \ere we describe
a scalable unsupervised clustering algorithm designetafge datasets from a
variety of applications. The method constructs a tree diaedusters top-down,
where each cluster in the tree is split according to the tepgliincipal direction.
We use a fast principal direction solver to achieve a fastalvenethod. The
algorithm can be applied to any dataset whose entries cambedzled in a high
dimensional Euclidean space, and takes full advantageyofparsity present
in the data. We show the performance of the method on textrdentidata, in
terms of both scalability and quality of clusters. We dentiais the versatility of
the method in different domains by showing results from tduments, human
cancer gene expression data, and astrophysical data.atashdomain, we use
an out of core variant of the underlying method which is cépalb ef ciently
clustering large datasets using only a relatively small orgrpartition.

Keywords:  Unsupervised Clustering, hierarchical clustering, tekting, genomics, sparse
matrices, principal directions
1. Introduction

Explosive growth in the volume of data available electratijchas created
a need to be able to automatically explore large data callext Unsuper-
vised clustering algorithms are classical tools which haeeeasingly been
reexamined for their applicability to data mining efforts.

Ideally, these algorithms would be fast and scalable, rediitle or no a-
priori understanding of the data contents or attributesrea®al no costly graph
building or association rule preprocessing. In many apgbns it would be
useful if the algorithm could also impose a natural hiergroh the data set,
compute properties for the set as a whole, handle cases atiébate informa-
tion is missing, and be independent of the order in which #ta & presented.
Principal Direction Divisive Partitioning (PDDP) is such algorithm [Bol98].
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Originally applied in the context of text documents reteéévrom the WWW
as part of the WebACE project [BG®9b], PDDP has proven to be computa-
tionally ef cient while providing high quality clustersnladdition to producing

a partitioning of the data, the PDDP method

= yields weights showing which attributes were most signintan distin-
guishing the contents of one cluster from another,

= implements an automated stopping test based on the digtribof the
data,

m allows a straightforward way to process datasets with misaitribute
values,

m generates a hierarchical tree of clusters which can easilypated lo-
cally, and

= isindependent of any particular ordering of the input daithout using
any randomized starting conditions.

The method has been successfully applied in a variety of@gtigh domains
in addition to text documents, such as vision-based textnatysis and movie
recommendation services.

2. The PDDP Algorithm

The PDDP algorithm employs the vector space model, whetedsta sam-
ple is represented by a vector of numerical attribute valié® data samples
are embedded in a very high dimension Euclidean space, amdigbrithm par-
titions this space with a collection of hyperplanes calmdao achieve good
separation among the data samples. The data space is edpayad hyper-
plane into two half-spaces. The process continues realysby separating
each half-space with new hyperplanes computed indepdpddrite method
builds a binary tree of many polytope regions from the toplawmtil a stopping
test is satis ed.

Since the PDDP algorithm operates directly with the caibecof numerical
attribute vectors, only a limited amount of preprocessiitggicessary to generate
the input data necessary for PDDP. This method was origidelleloped as part
of the WebACE Project [BGG99b] in the context of text documents where each
document is represented by a scaled vector of word counts pfidprocessing
consisted of removing the stop words and common word engdamgicounting
the number of occurrences of each word in each document.eBhé was an -
vector of word counts associated with each document. All theseovgetere
combined into a single matrix  in which each column corresponded
to a document and each row corresponded to a particular viotdis domain,
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Algorithm
0. Start with matrix  of vectors, one for each
data sample, and a desired number of clusters.
1. Initialize Binary Tree with a single Root Node.
2. For do
3. Selectleaf node with largestscattervalue  (1.2),
and & left & right children of [step (a) in the text].
4. Compute
5. For , if , assign data sampldgo
else  assignitto [step (b) in the text].
6. Result: A binary tree with leaf nodes
forming a partitioning of the entire data set.

Figure 1.1. Summary of the method to do a full build of the PDDP tree fromatth. Here
is the matrix of data vectors for the data samples in clustand are the centroid
and principal direction vectors, respectively for

the matrix was generally very sparse, often less than 1%eotifitries were
nonzero. This sparsity results in a very fast and memoryiefitmethod for
carrying out the splitting process. However, this alganitis not restricted to
text domains and here we describe it in general terms.

2.1. Basic Algorithm Description

In the general situation, each data sample is representen byector of
attribute values, and all these vectors (treated as colwtitors) are assembled
into an data matrix . The clustering via PDDP is a recursive process
that operates directly on the matrix. PDDP starts with a single “cluster”
encompassing the entire dataset, divides this clustesirftolusters recursively
using a two step process. At each stage, PDDP (a) selectstardio split, and
(b) splits that cluster into two subclusters which beconileldn of the original
cluster. The result is a binary tree hierarchy imposed oulttia collection. At
every stage, the leaf nodes in the tree form a partition afttitiee data collection.
In the process of going to the next stage, one of those leadszdselected
and split in two. The behavior of the algorithm is controlleg the methods
used to accomplish steps (a) and (b), and these methodslapeimdent of one
another. For step (a), PDDP usually selects the clusterthéttiargesscatter
value (de ned in the next subsection), which is the sum of all theizsed
distances from each data vector to the cluster centrgithough any suitable
criterion can be used.

Once selected in step (a), the node is splitin step (b), asdlitting process
is the single most expensive step in the whole computatiome Key to the
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computational ef ciency of the entire approach is the eéot computation of
the vectors needed in this step. Suppose PDDP were to sygiecl consisting

of data samples of attribute values. It places each data samiplie left or
right child of cluster according to the sign of the linear discriminant function

(1.1)

where are vectors associated wittio be determined. If , the
data sample is placed in the new left child, otherwiseis placed in the new
right child. Thus the behavior of the algorithm at each nadthe binary tree
is determined entirely by the two vectors associated with the cluster

The vector is themeanor centroidvector. The vector

is the direction of maximal variance, also known as the legtift singular
vector for the matrix . This direction corresponds to the largest
eigenvalue of the sample covariance matrix for the cluskéere is the
matrix of columns of data samples in clusterThe computation of is the
most costly part of this step. It can be performed quicklpgsi Lanczos-based
solver for the singular values of the data matrix. This atgan is very ef cient,
especially since low accuracy is all that is required, amdtake full advantage
of any sparsity present in the data.

The overall method can be summarized in Figure 1.1. As théodeis
“divisive” in nature, splitting each cluster into exactlyd pieces at each step,
the result is a binary tree whose leaf nodes are the soutgntefisters.

We use the classical “iris” data collection (see [DH73, g24&l references
therein) to give a simple description of the structures poed by the PDDP
algorithm. This data collection consists of 150 owers: rhers 1-50 are of
type setosa numbers 51-10@ersicolor, and number 101-150irginica. To
illustrate the binary tree on a simple case, data from 6 @arrthe set were
chosen: 1, 2,51, 52, 101, 102 with attributes shown in F@. 1.

Fig. 1.3 shows the binary tree that results when the PDDRitligois used
to to split this collection of six owers into 3 clusters. Thep box in Fig. 1.3
represents the root: it contains the indices of all six oserThe column
headeaentroidis the centroid vector for all six owers, and the column hedd
directionis the principal direction vector for all six owers. The rbbas two
children, one of which is a leaf node. In the leaf nodes, tlicjpal direction
vectors are not computed because they are not needed. FantHeaf nodes,
shown are the centroid and principal direction vector fer fiour owers 51,
52,101, 102. In this simple case, the PDDP algorithm paniil the owers
consistently with their types. At each stage, the scattielievaas used to select
the next node to split, and an automatic stopping test eredlaging this scatter
value (see 2.2 below). Though the scatter values are not shown in Figtie
interior non-leaf node had a higher scatter than its “s@iilieaf node.
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ower

type | setosa setosa versicolor versicolor virginica virginica
sepal length
sepal width

petal length
petal width

Figure 1.2. Raw attributes for six owers selected to illustrate the FD&lgorithm in Fig. 1.3.

owers: 1, 2,51, 52, 101, 10p
centroid direction
root node
owers: 1, 2 owers: 51, 52, 101, 102
centroid centroid  direction
owers: 51, 52 owers: 101, 102
centroid centroid

Figure 1.3. PDDP binary tree generated from the six irises shown in Fig. JEach box
represents a node, listing the indices of the owers reprieskby that node together with the
average values of the attributes over all owers in that n¢fdeentroid vectol). In the two
non-leaf nodes, thegtincipal direction vectdt is shown, which is not computed at all for the
leaf nodes.

2.2. Stopping Test

To make a working implementation, it is necessary to choaseping test,
and in many domains, also a way to handle missing data.

Unless there is some other underlying reason to chooseiaytartnumber
of clusters, the following stopping test can be used. It lenlvery successful
on text documents, giving a number of clusters approximatgual to that
computed by other methods tried. There are two componeritsetgeneral
stopping test, (a) a measure of the scatter for each indiViduster and (b)
a measure of the relative separation between the clustaera.tdp-down al-
gorithm, the former should decrease while the latter shindcease. Hence
these values lead to a stopping test based on the ratio betivese two values.
Speci cally, the method stops when the ratio of the indiatuluster scatter
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(a) to the cluster separation measure (b) decreases belw@ratgreshold. It
only remains to determine how to compute these two quasititie

For cluster scatter (a), we use a quantity already compuotedédide which
cluster should be split at each stage (step 3 in Fig. 1.1)s Statter value is
de ned by sum of squares of the distances from the individiath sample
within a cluster to the cluster centroid:

ScatterValue 1.2)

which can be ef ciently computed as the Frobenius norm ofdloster matrix.
For the cluster separation measure (b), we use an appraaimahich can
be computed ef ciently, even if it is less effective than ethmeasures. The
approximation is computed by collecting the centroid vecfor all the indi-
vidual clusters at each stage and computing their mutugtesaalue. That is,
let be the matrix of all the collected centers of
the individual clusters existing at stage Then their mutual scatter value is

CentroidScatter (1.3)

where - is the centroid of the collected centroids.
Then the stopping test adopted for the PDDP method is the rati

ScatterValue
some xed threshold value  (1.4)

CentroidScatter

The threshold valueas usually set to 1, but it can be set to larger or smaller
values to obtain coarser or ner clusters, respectively.

2.3. Missing Values

Missing values often appear in datasets representing datast unknown
as opposed to “zero.” It is desireable to avoid having thedees affect the
placement of data samples into clusters. In the presencessing data, it is
a simple matter to compute the centroid vectorby averaging each attribute
value only over the non-missing values. Once the centraitbvés computed,
we are able to replace each missing value with the correspgagerage value
for that attribute. With this replacement, the correspongdentries in

are zero and hence have no contribution to the principattine  or
the linear discriminant value (1.1). This replacementrisgerary, and once the
splitting process is completed each missing entry is resetoriginal "missing'
value before proceeding to the next split. In this fashiorginig values never
push samples into the left or right child of a cluster, but ¢heice of which
child cluster receives a given sample is based only on themieging attribute
values.
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cluster: | 1 2 3
setosa
versicolor
virginica

Figure 1.4. PDDP Clustering result (confusion matrix) on the entireadat of 150 irises,
using norm scaling on the input data and the scatter-bagethated stopping test (1.4) [with
a threshold value of 2]. Each entry in the confusion matria ount showing the number of
owers of that type in the computed PDDP cluster. When theshpold value is set to 1, cluster
3 is split in two.

3. Performance

Performance testing has demonstrated PDDP provides highygclusters
at a relatively low computational cost. Most of the expeciemas been on
text documents, but the algorithm has also been successtlatasets of movie
ratings, texture images, toxicity databases, etc. In#usen we summarize the
main performance results from the experience on text dontsn&or example,
using the PDDP algorithm with the stopping test on the etfitii€ dataset, the
algorithm yielded the clusters shown in Fig. 1.4.

3.1. Speed

The cost of the PDDP method depends almost entirely on theotots
most expensive step, which is the computation of the praldiection vector.
The computation of this vector is carried out with a Lancbhased eigensolver
[GV96], whose cost is proportional to the number of nonzerimethe data
matrix. Thus the PDDP method scales linearly with the sizé®tata matrix.
This behavior is shown in Fig. 1.5, where it is seen that ttst depends more
on the number of nonzeroes (the horizontal axis) than theahcumber of
documents or words. For example, Fig. 1.5 shows that the tiinobtain the
clusters shown in Fig. 1.6 was approximately 37 seconds @GrChallenge
workstation.

To compare the cost of PDDP with that of more classical methae ap-
plied PDDP, Hypergraph [HKKM98], K-means - LSI [BDO95], Alggneration
[DH73], and AutoClass [CS96] methods to a text documenectithn of 185
documents with 10538 word dictionary. The rst three methadl took under
2 minutes a 185MHz Sun workstation, but Agglomeration antbélass each
took at least 30 minutes. Itis dif cult to compare PDDP wiltetmore classical
methods on large examples because, unlike PDDP, mostadhaséthods do
not scale linearly with the size of the problem. In our expemts on larger
datasets, unmodi ed Agglomeration and Autoclass becarogipitively ex-
pensive. We remark that Agglomeration is a classical dlgariwhich gener-
ates a tree bottom-up that is very similar to that produceettowvn by PDDP.
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Figure 1.5. Time to compute 16 clusters for various datasets usinggreeézd MATLAB code
on an SGI challenge workstation (196 MHz), against the nurofx@onzeroes in the data matrix.

Agglomeration is well known to be very effective, but it degs on the choice
of “inter-cluster” separation, and it begins by computihg separation between
every pair of data samples (documents), treating themmagl&ticlusters.” This
is an process, where is the number of data samples. By randomly
splitting the samples into ~ initial clusters, applying Agglomeration to each
cluster, and then agglomerating the resulting clusters,cam reduce the total
asymptotic running time to (see e.g. [CKPT92]), but the results depend
on the random initial splitting which leads to variability the nal clustering.
Other algorithms also exist which can also lead to high guedisults (e.g. k—
nearest neighbor or k-means) [GJJ96], but most suffer figmdost (e.g. near-
est neighbor) or depend critically on a good starting poimitlv is often chosen
randomly (e.g. k-means). [ZRL96] incrementally builds a tree during a
single pass over the data, and sweeping over the data ireaedtifforder could
change the result.
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cluster: 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

business
health
politics
sports
technology
entertain.

Figure 1.6. Confusion Matrix showing how documents were distributeti@different clusters
by topic labels. This data set has 2340 documents, and wed bas dictionary of 21839 words.
Further subdivisions are necessary to classify the larjeatimn of entertainment documents
in this set.

method entropy
Agglomeration - norm scaling [DH73
PDDP - norm scaling
Hypergraph [HKKM98]
K-means - LS| [BDO95]
PDDP - scaling [SB88]
AutoClass [CS96]
Agglomeration - scaling

Figure 1.7. Entropies by various methods on a set of 185 documents witB588Lword
dictionary.

3.2. Quiality of Clusters

There is no absolute scale to measure the quality of cluster®ne can see
the so-calledonfusion matrixor a dataset consisting of 2,340 text documents
using a dictionary of 21839 words in Fig. 1.6. The confusioatn® shows
how the different types of documents in six broad categatiee distributed
among 16 clusters.

To be able to compare the quality of the clusters produceddyfPwith that
arising from other methods, it is necessary to quantify tieasare of quality
using, for example, an entropy measure as in [Bol98, BG@a]. This entropy
measure requires that the documents be given categons labativance by
hand, and hence it is dif cult to apply this measure to vergéadatasets.
However, for the dataset of 185 documents used to compamoste of PDDP
with other methods mentioned above, it was relatively easgssign topic
labels to the documents. These labels were not used by ang ofdssi cation
methods discussed in this paper or for any of the perfornstests. The labels
were used only to measure the entropy of the resulting chiakea measure of
quality. The entropy of a given clusteris de ned by
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where is the number of times label occurs in cluster . A cluster
has zero entropy if the all the documents in the cluster hagesame label,
otherwise it has a positive entropy. The total entropy isvilegghted average
of the individual cluster entropies:

— number of documents in cluster

As a consequence, the lower the entropy the better the yualit

Various clustering methods were applied to this dataset tlam results are
shown in Fig. 1.7. Each method was forced to produce the sammber of
clusters in order to make the results consistent.

4. Scienti ¢ Data Set Examples

We illustrate how this clustering method performs on s¢iedata sets by
using two examples, one drawn from gene expression datarendrawn from
an astronomical sky survey. The aim is to show the kinds afli®shat can
be obtained in an automated way from the PDDP clusteringrighgoe. The
goal is to allow easier exploration of large datasets, ifatiihg the extraction
of new patterns and novel discoveries from the data. Theigésa of novel
discoveries themselves is beyond the scope of this paper.

4.1. Gene Expression Data

Recent years has seen the explosion of genetic data aeadkdaitronically.
Much genetic data is structural, such as the genetic seqaearicbase pairs
making up the DNA in living cells. Recently, however, themsteen much
interest in functional genetic data, such as showing whieheg are active
(i.e.expressedunder a variety of external conditions. Such informatian be
used to discover the purpose of many genes as well as tofideritich genes
are prone to “misbehavior,” thereby causing disease. Famele, it is well
known that cancer is often caused by genes behaving impyagieing rise to
uncontrolled growth in cells. It has been found recently smmne cancers have
a distinctive gene signature which can be used to both reiagribses and to
focus treatments. We use the data from one such study on tieesignature
for a certain class of lymphomas [AEDO] to illustrate the kinds of analysis
that the PDDP produces in an automated fashion.

The gene expression data in [AEDO] consists of microarray assays of
4026 genes on 96 different tissue samples obtained fromrpgativith a certain
class of non-Hodgkins lymphoma. The goal was to identifyolgenes were
important for different kinds of cancer, both for the purad distinguishing
between cancers and for the purpose of designing theragilesetl for each
particular cancer. The data consists of a matrix of attribute values
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Level Tree of tissue clusters (using only 1485 genes)
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69 39 DLCL-0014 +15
68 33 DLCL-0024 -23
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64 28 DLCL-0015 -19
8 90 118 63 29 DLCL-0026 -21
62 31 DLCL-0023 -20
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49 21 Tonsil
40 73 48 26 DLCL 0037 -11

T 0009 -04
22 40 58 Bld T cells-Adult Naiv

33 37 02 OCI Ly10 +20
19 36 03 DLCL-0042 +1!

12 33 51 Bld B cells-IgM 24|
59 130 3252 BId B cells-IgM-+IL-

20 . 3055 BId B cells-IgM 6h
60 29 56 Bld B cells-IgM+CDA4!

29 2510 Tonsil GC B

42 23 79 FL-6-CD19+
9 22 80 FL-5-CD19+
21 72 FL-9
20 73 FL-9-CD19+
30 19 75 FL-10-CD19+
16 18 74 FL-12-CD19+
17 76 FL 10
6 116 16 7
15 78 FL 11 CD19+
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08 94 CLL-39
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0593 CLL-13

04 91 CLL-7%-RiCh[er‘S

10

0189 CLL-51

Figure 1.8. PDDP tree using the 1485 most distinctive genes from the
matrix from [AED 00]. Node 9 is illustrated in Fig. 1.9.
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e CD4+ Unstim
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9
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3 27 54 Bld B cells-IgM+IL-4 6h
26 11 Tonsil GC Centroblasts -07

24 81 Bld B cells- memory CD27+

11 82 Bld B cells-naive CD27-

gene expression
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29 (left child)
9=HERE

30 (right child)
6 (parent)

10 (sibling)

Figure 1.9. Excerpt from web browser display of Node 9 in the tree of Fi§. dhowing the
genes distinguishing this Node from its sibling node. Thalsgl “ " has been added to identify
the germinal centre B cell genes, (known to differ in FL congplato CLL).

in the range representing logarithms of the activity of each gene within
each tissue. Approximately 5% of the data is missing becatifsilts during
the collection of the experimental data. The authors of [ABD] applied
hierarchical agglomeration to obtain a tree structure erfhtissue samples,
and then manually examined the clusters within that tredeotify signi cant
genes. PDDP also produces a very similar tree, but top-dastead of bottom-
up.

The PDDP tree can be used in at least two ways on this datasesifiplest
is to use the principal direction information to identify wwh genes are signi -
cant in splittinganywheren the tree. One may remove any gene for which the
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corresponding entry (weight) in any principal directiorcige is small in abso-
lute value. Such genes are never signi cant in splittinguster into subclusters
using the inner product (1.1). Therefore the genes thatireara more useful
in distinguishing among the tissues samples. In this expart, we kept the
genes whose weight in any principal direction vector exseegiven threshold
value. This value was chosen by noting that if all the entmea principal
direction vector had equal weight, the weight would havego b ~ because
the vector is normalized to make the sum of squares equal tBolextract
the signi cant genes, a value of 3 times this neutral valus alzgosen, namely
o . This reduced the number of genes from 4062 down to 1485,

and PDDP was then applied to this reduced set (96 tissues3s/gehes). The
PDDP trees produced using all 4026 genes and with only 14&&sgs&ere very
similar, and we show the latter tree in Fig. 1.8.

To allow a user to explore the tree and identify these ditiagenes, the
software converts the tree from the internal represemtatito an HTML doc-
ument which can be browsed using any standard web browsem Azample,
an excerpt from a web browser display is reproduced in F&.showing the
distinctive genes for the cluster shown in bold in Fig. 1.8.cQurse, there is
no intention to claim that the genes listed in Fig. 1.9 arssighi cant for this
cluster or any other cluster, but we do remark that many oflithed genes
were speci cally identi ed in [AED 00] as germinal centre B cells, known to
distinguish the FL tissue samples in this cluster from thé @&sue samples
in the sibling cluster.

4.2. Astronomical Sky Survey

The advent of high-powered computational facilities haggirise to au-
tomated surveys of the sky with a view of cataloging and/assifying the
enormous number of objects that can be observed from EarfilwttAer goal of
such surveys is to allow automated or semi-automated etborto permit one
to nd “interesting” objects or clusters of objects for fudr study. Automated
clustering methods would permit the exploration of thiswenwus dataset in
many dimensions, allowing astronomers to identify digtircobjects and rela-
tionsips between objects. In [PM9%¥[}-trees were proposed as a way to speed
up a k-means clustering of Sloan Digital Sky Survey (a motemeautomated
sky survey) data. Though computed using different algorittkd-trees can be
thought of as a special case of PDDP trees in which each seyghgperplane
is normal to a coordinate axis. Hence PDDP trees share matheaame
favorable properties, including yielding good seeds fa khmeans method.
This is an area which requires further research.

Preliminary experiments were carried out with data derivech the Min-
nesota Automated Plate Scan (APS) [PHI3, Web98]. This is a project to
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digitize the contents of photographic plates of the heayem the Palomar
Observatory Sky Survery (POSS I) originally produced intf80s, before the
advent of arti cial satellites.

The size of this data set spurred the development of an ectref version
of the PDDP method, since the data set is too large to be laatechemory at
one time. This out-of-core version of the PDDP method hag blesigned for
the situation where there is a large number of data sampléselatively few
attributes. Suppose the number of attributeis much less than the number
of data samples , so that the data matrix is very wide but not tall. In the
following we use to denote a column vector of all ones of
appropriate size. To compute the centroid vector - (where isthe
size of the cluster), it is necessary to make a pass over the entire matrix
To compute the principal direction vector, to the low accuracy needed for
this algorithm, it suf ces to accumulate the matrix

where . Thus the matrix is

With one pass through the data, column by column, we can adeten

, and , and use the result to form without
any further access to the data. By saving the columns assdoidth each
cluster in a separate scratch le as each cluster is fornfexpasses over the
data matrix can be made very fast.

As a small test case to demonstrate the out-of-core meth®dsed a small
sample from the APS consisting of 212089 galactic objeashavith 26 at-
tribute values. Using a 195 MHz SGI challenge machine (k&ltold machine
chosen to match that used to produce the timings in Fig. hdpaMatlab im-
plementation of the out-of-core algorithm, a PDDP tree W0 clusters can
be computed in under 10 minutes. Of course it needs enougtthdalisk space
to store two copies of the data set, but the access to eachatdbg data is
sequential and hence reasonably ef cient. Of course witlugh memory and
a compiled version, this can be computed much more ef cjenith a standard
in-core algorithm, but this experiment serves to demotestiae practicality of
the out-of-core algorithm. To visualize the results, wearkd all the centroids
for the 4000 clusters and displayed them side by side usitog-coding to dis-
play the magnitude of each attribute value. The result isvehia Fig. 1.10,
where it is seen that certain attributes appear to vary hegetver a portion of
the data. The interpretation of these results is still aivactrea of research,
especially an analysis of the utility of the encodings usetthis digitization of
the APS data set.
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5. Conclusion

This brief introduction to the method of Principal Directi®ivisive Par-
titioning is intended to show that this algorithm is a usdfdl in situations
which call for unsupervised clustering of large data cdltets which can be
represented using very high dimensional numerical vecilidie PDDP method
operates on the entire data collection as a unit, produdusjers of a quality
comparable with those of the best alternative methods, fbem @t less cost.
This brief description should be suf cient to show that thBBP algorithm
can be adapted to a wide variety of datasets and differamtsins, such as
the presence of missing data, as well as providing usefafnmétion on the
factors that were most signi cant in yielding the clustehsittare eventually
computed. The examples include some hints on the kindsafrirdtion which
can be extracted from the PDDP tree, both to explain thetseanH to extract
the most signi cant parts of the dataset.

Of course, there are limitations to the PDDP algorithm. Th@rtimitations
are PDDP's sensitivity to scaling of the data and the needate fall the data
available at once. The sensitivity to scaling is a naturaseguence of the
way the data is represented with vectors of real numbersaapdalgorithm
using such a representation will suffer from the same litisita The second
limitation is the object of current research, where we haeegoal of allowing
the tree to be computed using a fraction of the data and uyugte tree as new
data becomes available.
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