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Abstract.  Recent advances in machine learning and pattern recognition methods provide new analylical tools
o explore high dimensional gene expression microaniay data Ow data mining software, VISual Data Analyzer
for cluster discovery (VISDA), reveals tany distinguishing patlerns among gene expression profiles, which are
responsible for the cell’s phenotypes. The model -suppoited cxploation of high-dimensional daia space 1s achieved
throrgh two complementary schemes: dimensionality reduction by discriminatory data projection and cluster de-
composition by solt data clustering. Reducing dunensionality gencrates the visualization of the complete dara set at
the top level This dala set ks then partitioned into suhclusters that can consequently be visuatized at lower levels and
il necessmy partitioned again. In this paper, three different algorithms are cvaluated in thear abilitics Lo reduce di-
mensionalily and (o visualize daia sets: Principal Component Analysis (PCAY, Discriminatory Component Analysis
(DCA), and Projection Pursuil Method (PPM). The parttitioning into subelusiers usces the Expectation-Maxbmization
(EM) algorithm and the hierarchical noymal mixiure model that is sclected by the nser and verilied “optimaliy”
by the Minnom Descupaon Length (MDE) eriterion These approaches produce dillerent visualizaijons that are
compated against known phenotypes from the micioaray experinents Overall, these algorithims and vser-sclected

models explore the high dimensional data where standard analyscs may not be sufficient.

Keywords:  computational bioinfotmatics, gene micioarrays, fogte nommal nuxtne, cluster visualization and

sclection, machine learning

1. Introduction

With gene expression rmicroariays, the relative expres-
siom levels in two or more MRNA populations derived
[rom Gssue samples can be measwed simullancousty
For thousands of known genes | 1, 2] Thus, this technol-
oy s an efficient and cost-cffective tool for buge scale
analysis of gene expression Microarrays are composcd
of a platiorm (glass shide, nylon filter, or chip) to which
are hound cDNAs or oligonueleotides that code for el-
ther known genes or Expressed Sequence Tags (ESTs)
Data from gene expression microarrays have been used
to classify clinical samples, to investigate the mecha-
nisrn of drug action, 1o exmning the eflects of drugs on
gene expression in yeast, and to identify and validate
novel thevapentics tor cancer patients {1, 3, 4] Hidden
finks remain between genes and the biology of cancer;
these links may be revealed through large scale gene ex-
pression analyses of novmal and cancer cells, Specific
genc expression patterns in malignant tissues deterinine
their phenotypes, €.g., drug responses, growth proliler-
alion rate, angiogenesis, and metastatic potential. Mi-
croatrays can measure concurrentty the expression of
individuzl genes but methods 10 analyze (the comples,
high dunensional data are not well developed [3]. Be-
cause the number of dimensions tnamicroarsay data set
frequenty reaches several thonsand, the development
of accurale and robust analytical tools is crucial.
Advances in microatray rechuologies have enabled
investigators fo explore the dynamics of franscription
ona moleculat scale The current challenge 13 to extract
asefal and reliable infonmation from these laree data

sets. A cowunon approach is cluster analysis The pui-
mary objective of cinster analysis s to group sam-
ples that have comparable pattaing ol variation This
approach is usclul for reducing the complexity of
large data sets and for identifying predominant pat-
ferns within the data However, addirional methods ate
needed to extract information about individual samples
from these large data sels

A sample’s gene expression profile (mRNA), is a
snapshot of the transeriptome associated with that sam-
ple’s phenotype Fach sample’s profite is described as a
point in d-dirensional gene expression space in which
cach axis represents the expresston levef of one gene
The presence of well-separated sample sroups implies
that the representations of samples within the same
aroup are close to each other in this gene expression
space but distant (rom those of other samples Thus,
the tepresentations of phenotype-related saoples (orm
clusters

To exuact themost impor tant information from gene
cxpiession profiles, our approach is divided into thice
major steps: cluster discovery, gene selection, and phe-
notype prediction. Cluster discovery detects previously
unrecognized tainos subtypes [5]. Gene selection iden-
fifies the most iclevant gene sabset mvolving the bio-
logical process that generates the patterns. Phenotype
prediclion assigns cach unknown tumor sample to a
known tumaor class [5]. The main challenge, however,
is that the microarray data is high-cimensional, multi-
modal, and often lacking in complete prion knowledge

Data clustering 1s a process of  grouping  Le-

gether inpul data points with stuilar features in the
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multi-dimensional space. Lhe mosf comimnon hiev-
chical clustermgz method olien used by biologists for
dafa clugtering is the dendrogram {61 Data points are
arranged inte a phylogenetic tiee, the level of simi-
[arity of two pairs beang represented by the length of
the branch While hicrarchical clustering is simple and
sttaighi forwand, it is designed o reflect frue hierar-
chical tree struciure However, wicroarray data are not
cenerated in this mannes [tis very important to include
more biological infermation vather than rigidiy cluster
data points Hicrarchical cluslering may [ail (o sioup
daia points cortectly hecause it is greafly influenced by
local condition and cannot evalnale global dala stree-
ture. Incontrast, Sell Organizing Maps (SOMs) attempt
1o search Lov relevant patteins by fust imposing sirue-
ture on the data with nodes thal are expected © even-
tually move to the center of cach cluster The SOMs
then updafes the siincture map ai each iteration based
on a data point randomly sclecied [rom the data sel
[ 71 Vhus, simifar samples are grouped into the same
cluster 7] I unsupervised sitnalions, the soccess of
SOMs partially depends on the initialization of the map
structure, e munber of nodes and ditferent geome-
frics. Without data modelling, SOMs tack cuitena Lo

walickstion of clusier stiucture, ¢ gowhether the numbet

of clusters is optimal

A gene clustering method based on graph theoretic
fechniques has been developed tor the situation that the
clusters ave nol assumed (o be hierarchically strucrured
[8] Cluster mlormadion s mapped Lo an undoected
craph where each clique in the graph inclicates a cluste
Tt is assumed in the model that the 1pol data contain un-
dertying cluster structure contaminated by random er-
rors Throngh applying this clasrenng algosithm, with
high probability, the cluster structure can be recovered
by remaoving, the random arcors from the inpist data
However, the algorithin is developed [or gene cluster-
ing in which the input data have mwuch lower dimen-
sionalily (about 20 o 70) compared with our studies
and those of many others (500 o 16000 or more dimen-
stong). The capability of this method tor handling very
high dimensional data is uncertain. Puarthernore, mi-
croaitay dala have signticantly large overlaps among
clusters, reflecting the nature of biolegical data The
ability ol this method o closier zeeuralely dala points
where clusters overlap appeats fimited and nmay not be
widely applicable 1o maost very high dimensional gene
expression data scts

Axn inleresting clustering approach using support
vectos concepl s presented e 9], where data points

t
=y
-1
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are mappead o a high dimensional feature space and
suppoLl vectors are vsed to define a sphere 1o enclose
them Data points are clustered hievarchncally by ad-

justing parameters in the kernel function thar mathe-

watcally represents e mapping from inpul space o
feature space; outliers are allowed by selling appropri-
ate penalty parameters. The method has advantages: i
finds clusters with arbitary shapes, dimenstonality re-
duction is not needed, and the wethod can deal with
outliers. However, the clusiers with sizable overlaps
cannol be cortectly found by using this method, limit-
ing ity suttability for mictoarray data clusicring

We propose a model-supported hictarchiceal data e

ploration method that overcomes the lunitations ol
other methods  Our miethod can evaluate the over-
all cluster stoactuze, while hicrarchical clustering and
SOMs can only cluster blindly without knowing over-
all data stoucture. Our hicrarchical darz exploration
scheme helps discover any kierarchical tree straclure,
i one cxists, but s st valid 1 such a stracture does not
exist becanse the wethod is designed to discover the in-
ner structure of any cluster 1o find the best stucture de-
scription, mitialization of the clustering is supportedt by
user terachon and verified by maodel selection crite-
rion. Soft data decomposition allows modeling clusters
with overlaps. The model selection procedute provides
atheorcical aud quantitagive tool for cluster validation

In this paper, we vepot onr newly developed dis-
criminaiory data mining methods [10, 11] There are
three megor components: (1) statistical modeling of
sene expression microanray data with & Standard Fi-
nite Norntal Migiore (SENM) distribution; (2) devel-
opment of a joint supervised and unsupervised data
mining scheme to “discover” sample clusters in a dis-
crnnative visual pyramid; and (3) evaleation ol the
data clusters produced by such scheme with phenotype -
known mictoaray experiments Majou difterences are
apparent belween our work: and the previous most
related rescarch [12-17] First, since the hizh com-
plexity of the dala structure within a high dimen-
sional space cannot be adequately explored by asingle-
level visualization [12], we developed a hicrarchical
visualization paradigm, involving mixiure stalistical
sub-modcls and visualizalion subspaces. The result-
ing data mining ool s capable of capturmg clusier
distribution structure in high dimensional space and
discover the relationships among clusiers Second, we
propose three alzorithms: (13 Diserinunatory Compo-
nent Analysis (DCA), (2) cornbined Projection Pur-
swil Method (PPMY/ Independent Component Analysis
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(ICA—ICA-PPM, and (3} combined PPM/Principal
Component Analysis (PCAY  PCA-PPM Lhey allow
an eflective separation of local clusters in dinension-
ally reduced visual spaces, which may vepresent the
arizinal data set well. Third, we implewent an Incre-
mental Fxpectation-Maximzation {(TEM) procedure to
estimate SUNM distribution, and find rhe top two prin
cipal axes of cach sub-cluster probabilistcally for dis-
covering its local sbuctiwe The computation s elli-
cient when confronted with high disnensional data sets
{183 Finally, we mpose a maodel sclection procedine o
determine the number of sub-clusters within cach clus-
fer using the miniomum deseeiption length cairerion. In
addition, applying the MM . criterion also determines
whether a further splitor pactition el a subspace should
continue in completing the whoie hictarchy {10, £6]

2. Theory
20 Fhevarchical Visued Daia Fplovation Scheme

The purpose of clnster analysis is to determine whethe
there are cortain number of well-defined data sets
within the entire data distribution and/o derive moss
rational and optimal grouping scheme to partition dafa
into a specificd number of clusters

Since a gene expression microarcay data setis a mix-
fure of samples of cancer and non-cancer, or a mix-
wre ol sampHes of various cancer phenotypes, and the
main objective in this study s cluster discovery, we can
use i model-supported approach to clusier tie nuld-
modal data set in the expression space throngh maod-
eling the entire data set using a mixtwe model, e,
SENM model There has been considerable success
of applying SENM model to model the distiibution of
the multi-modal data sex {10, 16. 19] The use of nor-
mal distiibution to model cach clusier is supported by
{1y our obscrvation ou the microaay data histograms,
{2) the biological interpictation and predicion, ie., the
samples with the same biological outcome (e g |, phe-
nolype) are close o cach other 1 the gene expression
space but distant from those with different outcomes.
e analogy between the characteristics of the normal
distribution and those of the distribution of wndivid-
ual cluster implies thai the clustering procedure sup-
poited by the mixture of normal distributions should
produce sufficiently accurate cluster structure mlosina-
tion. Morcover, because no pror knowledge is avail-
able for the trie noderlying distribution of individoal
cluster, a nuxture model with unified distribation come-

povents is appropriate for this siudy. In the case that £
clusters exist in the data sef, a mizture model with &
normal distributions can be nsed to desciihe the over-
all distribution of the dat We also estimate the density
parameters ol each cluster and the overall nuxlure

Assume the sample ponts [} 1m0 gene expiession
space form Ky clusicrs {(ge,, Co), g Cad,
{ty,» Cii)b where pog and Cypoare the mean vector
and covariance matrix ol cluster &, respectively €s-
ing lhe SINM o model the mulii modal distribution is
usually successful [19] Such a data distribution takes
a sium ot the following general form

Ky
ity = > gt | pry, i ()
k=1

where sy 15 the cotresponding miking proportion, with
G = m = Tand D, = 1, and g( ) is the Gaussian
kernel Modeling STNM on micioatray data addresses
a combination of the deicction of the strucrmal param-
cler Ky (e g, cluster discovery) and the estimation of
regional parameters (g, pg, Cy) based on the obser:
vatiens £ One natneal eriterion used: (or this modsling
i the Magimum T ikelihood (ML) estimation using the
lxpectation-Maximaezation (EM) algoxithon [1Y]

The very high dimensionality ol microarray data
introduce difficulties i the revelation ot dafa stiuc-
fure, which have heen well stodied n [10] Covenr’s
theoremn on the separability of patterns tells us that
onc single projection on a dimension reduced space
15 not sufficient for revelation of the true dala struc-
e [ 18, 27] Hierarchuceal visual exploration patadigm,
nvolving hicrarchical statistical models and visualiza-
Lion spaces/subspaces, may provide mote oppor lunitics
for the user w understand the data distribution sorue-
ture, and are esseatial for high dimensional microarnay
data study We believe that mtroducing nser inferac-
tion“into the clustering algorithim s 2 more practical
approach and meatly redices both computational com-
plexity and local optimum likelihood |10, 200 A user-
[riendly graphical intertace fov data visualization is de-
veloped o allow the user (o select imtial centers of the
data clusters. To visualize data, we hother developed
data projection methods basaed on the cunent meth-
ads used i [10], maximizing the discovery of clusier
structares. Details about the various visualization tech-
nicucs will be introduced m the next sub-secion

In this approach, the technigues involved arce: sla-
tistical modeling o nncromrtay  data wath STNM
distribution, diseriminative data projections jointly
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accomplished by supervised and osupervised learn-
ing processes, soft cluster decomposition based on the
[EM procedure, and evalnaion of the data clnsters with
phenotype-known microarray experiments

The hictarchical version of the SENM model can
be extended to inclade more levels based on the same
principle as above The more hierarchical levels the tree
has, the more sub-madels are used and the finer are the
sub-tnodels. The formation of the hierarchical visoal-
ization tree is guided and verified by model selection
over X-spaces/subspaces. Model seleetion refers Lo the
detection of the structural parameter & (the number
of clusters or sub-clusters) In addilion to the user’s
visual ingpeclion, we proposc to use an inlormation
theorelic eriterion, e the MDT[2 1] The MDE. cafeu-
[ation is a model fitting procedure, in which an optimal
model 15 selected such that the selected model best firs
the observed data Thus, the valoe of A 18 selected by
NIGLZL

MDI(K,) == —log(/an) 1 OSK,log N (2)

where K, ix the number of free adyustable parameters,
and oy 15 the joint maxumam likelihood of the moded

22 Discriminarory Data Projection

The purpose of developing discriminatory data pro-

jeetion twols s o maximally discover hidden cluster

stiueture in the data space. Lhe consideration of using
multiple data projection wols is primanily based on the
faci thal the petformance of the individual projection
scheme tends to be case-dependent due to limited num-
her of data samples inonearly alf existing micioarray
data. Therelore, it is nsallicient to usc only one pro-

Jection tool, which may merease tisk of losing chances

to discover cluster stiucture. The four discriminatory
projection tools presented in this paper are: PCA, DCA,
FCA-PPM, and 1CA-PPM. T he dewails of cach methodd
are disenssed w the following sub-sections.

2.2.1. Principal Component Analysis,  PCAis an cf-
fective unsupervised method tor achieving dimension-
ality yeduction [14, 18, 22| For a set of observed o -
dimensional dala veciors {6, 0 € {1, N}, the ¢
principal axes w,,, m < {1, g (=), e those or-
thogonal axes onto which the retained variances under
projeciion arc maximal. It can be shown that the princi-
pal axes w,, are given by the ¢ dominaat eigenvectors
(i ¢, g maximal cigenvalues) of the sample covariance

Discrimimatory Mining 159

matrix
C = L L(t, — )6 )] (3)
N TR
such thal
Ciw,, = h, Wy, i4)

where g is the sample mean and %, is (he eigen-
value The veclor x; — W'(t, — o, where W=
(wi,wa, o ow,), s thus a ¢ dimensional new iep-
resentation of the observed vector £; Two tssues con-
tribute 1o the limitations of conventional PCAL s global
linearily without considering data stiucture; and its op-
timality based on reconstruction error rather than pat-
tern separability
2.2.2. Discriminatory Component Analysis. 1 class
mlormation is known, the scarch of dircetions in data
space tor discovering cluster stmclure is under bettes
auidance. There are two types of class inlormation we
may he able to obtain: knowa phenolypes from biolog -
ical expernmental setting, and cluster/sub-ciuster infor-
mation resulting [rom cluster decomposilion under un-
supervised condition. Lirercfore, DCA can be applicd
under both supervised and unsepervised conditions
For the top level projection, DCA can be a supervised
process by using the kirown phenotype (¢lags) informa-
aon However, DCA can also be used in an unsuper-
vised situation on the top level and sub-levels by using
the second type of class information discussed above,
Demanstrations of different applicaiions of DCA are
shown in the Resulis Section

The application of DCA under unsnpervised situa-
tion is discussed first. Supposc that a data setis initially
partitivmed into K (< Ky) clasters and density parame-
ters (e, g, C)s are estimated fork = 1, LK. so
that the probability density functions (pedf) of the distri-
bution of each cluster, g(& | fe,, Cizt and the mixiare
madel p(l;) can be caleulared. With all these mforma-
tion available, we can emphasize the inter-cluster sep-
aiafion for the multi-modal data set by replacing the
total covariance matrix with the Fisher's scatler matrix
[13,22], 1¢, wfind the eigenvectons of .qw'Sh

e -
S bh“’m = A'H:W'm {\’)

"

where'the within-cluster scatier matrix (8,115 (he joint
scatter of dala point t; around the conditional mean
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veclor pay of Kp classes (on the top level) or sub-
clusters (on the sub-levels)

K
. =\ \ N
bw — 2 Kk(-'tk (ﬁ)
k=1

with cluster conditioned covamance matrix

ZiN | 71£f-=(_‘i — )ty — lffl.z_-_)l

Cy = : (7
>_‘:V:l Lk
where
mp et 1 ey C
oy o= e8] L G ()

Pt

is the posterior probability of sample 1, belonging to
cluster {modeD &, and the beiween-cluster scailer nui-
triv (8, 1s the scatler of the cluster conditional mean
vector puy. around the overall data center pby

K

o= S mie pds ) )
Lt

) 1 N ) N N
where iy = 5 3w and pry = (i 2t/
2i), such that the separability of patlexns ts masimized,

that is

W — argmax | Traee (WSS, S W) (10)
{

Wq

This is tenned as Discriminatory Component Analysis,
Under a supervised condition, the density parameters,
frer and Cry, inkigs. (6 and (93 can be direetly estimared
hased on the first type of class information

The original vectors [t;} are linearly transtormed by
W.ad s 2matix, throughx; — WH(E — o) into a two-
dimensional projection space. Tor a nounal distribution
a(t | gty Cop)overthe daia space, asimilar dimension-
ally reduced probability distribution z(x; | prg. Cue) of
the new vaziable x in the projection space is simply
defined by the Redon wanstorn [291 ol g6 1 ., Ci)

g% | e, Ca)

ol . Cadd0x — W F Wiy dt (1D
Lk A8

where 8¢ Y is the detta function Accordimg 1o the lin-
ear superposition property of Rados wansform and ihe

projection invariant properly of nomal distitbation, we
have

Jix) = ZH,’;Q(X;‘ | f Car) (123

fa

as the counterpart of Eq. (1) in the x-space defined by
projeciion matrix W

However, when ihe data sotis projected onto asingle
lower dimensional subspace, its imherent multi-muodal
nature may be partially or compleicly obscared accord-
ing (o Cover’s theotem on the separability of paitcms
[18] Inotherwords, while the cluster stineture ol adata
set iy be evident o the higher dimenstonal space,
itis possible Lo have the (iner cluster patterns concealed
afrer a single lincar projection, leading to an unxdenti-
fiable cortespondence between Egs (1) and (123 1]

A novel approach is (o medel high-dunensienal mult-

modal data set with a hictarchical mixture moedef and
accordingly with a colfection ol probabilistic princi-
pal discriminatory subspaces [10, 14-{6], naely the
explotatory cluster discovery.

Assume a top-level model consisting of a sin-
ole Radon translosm W oand o mixture of K( < Ky)
notmal distibutions p(t) = zi" cres (Lt Cul
which is identifiable in x-space, ie., f(x)
Z,h‘_, 0% | phe, Capdy we can form a two-level hi-
crarchy by associating a group of STNM sub-models
with cach model & at top-level

K Ai
pty) = Z E L miee(l ] pa o Ca A an
1 =

wheie ;) again couesponds to a scl of muxing
proporiions, one for cach k, wilh O =1 and
Z, wip =1, and Zf\' Ko — Ky To reveal the hid-
den cluster pattern within cach model & at top-level,
i, g | Co) = )n_-:?)] 72 Py Cue )
an associated probabitistic principal discriminative
subspace is construeted that focuses on the separabiliy
of patlerns within the data portion defined by model &,
where the opague degree of a data pointm the subspace
plot is proportional Lo 1ts posterior probability of be-
longing Lo this model, i e, g defermined at top-level

The further eluster discovery 1s a two-slage oce-
dure: a solt partitioning of each maodel L into K5 sub-
clusters followed by a construction of conespondiang
subspace Instead of assigning cach given dafa point
exclusively to one subspace, the contribution to its gen-
cration is shared among alf the subspaces . As discussed
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above, with pre-cstunated sub-cluster density parame-
te1s, the subspaces of the sub-maodels af sccond-level
can generated by the probabilistic DCA such that

o )
Sk ,”Sk,b“’,lz o Kok W (td)

where S p, = Lj;:: 7ty — P )b 1y = pag )
P = Sob e b/ D i e T T T g

(| g > Crge )/ 806 | g Cdy 70 = YL, i s

S e and S = 30 Gy Ca = 20
Zie g (6 — e )b o )/ > i ey The pro-
bahility distribution ol model & i x-space at sceond-
level is now defined by the model & focused Radon
panslorm of gl | g, Cids ten g | prg. Cad) =
[olt | gy, C)d(x; — WG W] peg) de Teshould he
noted that cach component in Eg. (13) now cortesponds
o an independent sub-model with projection matrix
W; that is obtained fhrough PCA on the pre-estimated
Cly o interprel the corresponding sct of visualization
subspaces, all data poinls X — W‘.,",(t,- — ) will
appear in cvery plot of the Ky subspaces at the
sccond-level, with their opaque degree proportional o

ik

2.2.3. Principal Component  Analysis-Projection
Pursait Method.  To scarch projections for cluster
separahility, we take an alternative wnsupervised ap-
proacl, the Projection Pursuit Method (PPM) PPM
searches for “inferesting” projections, atthough, i is
not iversally agreed upon what constitutes an “1a-
reresting” projection in PPM esearch community. We
require a projecbion where the dala points scparale into
distinct and meaningtul clusters 23] We have two par-
ticular goals of using PPM 1r this projeci: (1) find fow
dimensional (cqual or less than three) projections that
provide the most revealing view of the overall data dis-
tribution; {2) usc PPM tor dimensionality reduciion so
that we will focus direclly on the disctiminatory pro-
jections rather than indirectly scarching through co-
variance. The advaniage of PPM is that it finds the
directions that are not alfected by the lnear scale and
correlational structure of the data, which is the disad-
vantage of PCA

['o include a user input tor paitern discovery 1o high
dimensional data, we lust look at the projections onde
the spaces spannad by two or three of the dimensions
[However, any arbitrary divection could be the right one
for cluster structure discovery and we have to scarch
the space in all possible directions. In our approach, we
have simplified the PPM by using non-Craussianity as a
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criterion and using PCA and Tndependent Component
Analysis (1CAY as vehicles {or Dnding discriminatory
projections.

The ditection where the distiibution of the projected
data set is a Gaossian or super-Gaussian disiiibution is
the one containing the least data struetural mlormation;
on the other haod, the least Gaussian distribution indi-
cates plentiful structural information I the data dis-
tribute as one Graussian or super- Gaussian distribution
{a “spiky” pdl with long and heavy tals) in a direction,
i implies that the data peints are most likely Torning a
onc-cluster strucinre instead of the multi-modal struce-
fwre necessary [or adequale cluster separation. On rthe
contiary, the data may construct two or more clusters
in the directions where distributions are non-Giaussian,
e ¢ sub-Caussian {a “flal” pdland more like 2 uniform
distribution). We used kurtosis as the non-Gavssianily
measure given by

fare(m) = F (Vi — jyn) ) = HEW{ Yy pyw) D’
{15

T} is aeandom

g

where Y, == 'w,'” L, ,\VL‘!\ LW
vartable consisting of the projections of all data points
onfo cigenveelor wy, defived from PCA via Fag. (1,
and ey, — (¥, Kuitosis can be posilive or nega-
tive. Postive and negative values of kurfosis indicate
the super-Gaussian distribution and sub-Gaussian dis-
tribution respectively {24, 25]

We try w {ully atiize ow PCA results to test PPM
and recuce computational Toad A prololype compier
algorithin, (exmned as PCA-PPM, is implemented o cal-
culate the kurtosis of the projection on each principal
axis resulting from PCA and rank them so that the
identified oplimal directions are those thar show the
sirongest sub-Gaussianity

2.2.4. Independent Component Analysis-Projection
Prersuit Method.  Indepeundent component analysis
(TCA) s a recently developed methed for finding lin-
car representations of non-Gaussian data such that the
components are statistically mdependent, or as inde-
pendent as possible. Since PPM is designed to seach
the direetions with the Teast Gaussian distiibution and

the least Gaussian distribution 1s the criterion for es-
timating 1CA wode!, TCA and PPM arc closely re-
latedd The non-Caussianity measores can be adopted
as projection pursuit functional indices The [CA-FPM
alg()l'ii:hn'l, which ts PPM assisted with LCA, is then
mplemented te dircetly scarch (or direetions with
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non-Ciaussian distribution in data space {22, 241 Sim-

it o PCA-PPM, kurtosis is caleulated on cach in-
dependent component resultng from 1CA anet the two
components with the most negalive kurfosis are chosen
for 2-I> projection

3 Algorithm

We now present the deseription ol our algorithms
that progressively proceeds by fitting a seves of sub-
models to the clusters of the data sel nteractively and
incremenially

To irddress the problem of high dimensionality with
microanay data, we try to design a {rame-wosk consist-
ing of complementary model selection and TIM cluster-
ing [or estimating mixtore model prameters: Fist, us-
ing the dimenstonality teduction tools discussed above,
we can oblain a low dimensional space perceptible by
human for visual inspection to the elaster structure and
morcover cluster mifializalion We project the data set
into a 2D space, x-space, throngh a lincar iranstor-
mation. x; = WUt — 1), wheic W == {wy, wa) is a
get of top lwo most significant principal axes 1csulting
{ronn one ol the dimensionality recuction methods, 1 ¢,
PCA, PCA-PPM, TCA-PPM and DCA based on theit
individual specilic principles. In the 2-D data represen-
tation. the user can inidalize multple chuster structures
by pinpoiniing cluster ceulers using a computer pointe:
device | L. which results in imitial clusier cenfers ;LE‘.(‘;:}
and assign 7 "T,\ S = 1/K, dnd(‘(m = WTC, Winthe case
thal a cluster struclure with 1’\1 clusters are itialized
Ihe model parameters (g, frg,, Cu ) ave fiust estimated
in x-space, and then fine ned in t-space The Inere-
mental EM (LEM) procedwe [26, 28] provides “soll”
parfitioning of the data points, hence allowing cachdata
point to contribute simultancously o multiple clusters,
which results in

F-Step

( ()
_gi - RL 5(‘1 -1 | “’\{ff’ C \{R (I())
< l 1’\ o N .
{i4-1 f(\H—I \]Tu) “u) (‘(FJ)

M-Step

11 () . . ) g
/"’Ejl = lf'(\v.ﬂ; ali )(-‘r+l ”\! ) (; e (L7

i |1 i) . (il

C i’l,\ b (,‘,’_ o+ bu)[(*{, = ,u.\,\)(_x,- rr ;.r,:,.‘,"
‘{J‘l {H F14
= Caelei e (1)
G- [ o)

Tﬁ.’k *’I* TG (1{))

fork —=1,.
as The leaming 1ares, [wo seqUENCes CONVErsing to Zero,

. Ky where a(i) and B() are introducerd

ensuring anbiased estimates alter conversence. [n the
ith iteration (7 starts rom OY, in the E-step, the “contri-
bution” of an input sarmple point (0 4 1} 1o the compo-
neni {cluster) &, .., 2g 41, the posterion probability of
helonging to component &, is cormputed with the cur-
rent density pavameter estimates; in the M-step, now
density parameters e e cstiisated with the imclusion
of data point (i 4+ 1) and the cucrent updated value of
Yok The oplium value of & is determiped based
on MDI. (e, By (2)y where K, = 6Ky — 1

Thc correspondimg  sub-level  mixtme  model
z} ks (6 ] g s Cog ) can again be estimated
using LM algorithin to allow a SFNM distribution with
K ¢ sub-models o be fitted to cluster & Again, cluster
& will be projected into a 2-D space tepresented by the
top twe most significant principal axes Wy determined
by performing PCA on Cy Geadity available via lop
level t-space clustering). The u%m witl again pinpoint

)
(1
\(; B and assign L

the initial sub-ciuster centers gt
. Hw
1/ Ky and € (“’ LT \’V},(.m\v; fo inilialize l,; X

kRN I;.Lx(h. ;), Cx(ﬁ il oandd an optimal Koy 1%
abtained threugh the model selection proceduse for
cluster & Vhe estimation of the principal axes Wy and
model density parameters (77 ¢, fh . Cie ) ol the
cluster & at the second level can be viewed as a two-siep
estimaton problem, in which [urther splitting of the
sub-models s determined within cach of the clusters
identified at the top-level such thatits intcrnal structures
can be fther cxploved over clusler-focused x-space

The construction of the entite hicrarchical tree s
completed when no fusther data splitting 15 recom-
mended inall of the cuntent subspaces, followed by the
seneration of the bottom Tevel subspaces (Lov example,
the thivd level) Fvery dala point X 5 = W; iLe
tte ) Will appear i every plot ol the total £y sub-
spaces af the botfom level with its color depth pro-
portional to the condifional probability of belouging
1o sub-ctuster &, /) given by z;(k, /), where W ; [on
sub-cluster (&, 711s caleulated throngh PCA on Gy 5

4. Resulis

A demonstration of the capability of finding cluster
situcture by PCA, PCA-PPM, DCA, aod 1CA-PPM
is (st done on a simulated daia set that consists ol
three dimensions and [our clusters (N = 200 foy each
cluster}y. The resuits are Hlostrated in Fig |, where we
can see that the maximal inlormation about the clustes
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structore is vevealed by using DOCA, PCA-PPM, and
TCA-PPM comparing 1o the conventional PCA - The
fonr clugter shucture is clearly shown in (b, (¢), and {h
inFig 1, buronly three clusters are scen in the PCA plot
(a) without meorporanng symbol and color nformation
i all plots. PCA, PCA-PPM and LCA-PPM are unsu-
potvised processes and do not rely on the known class
information; only the DCA method is sapervised here
The class information is used only 10 show the Ton
distinet classes with fowr ditferent colors and symboly

The model selectuon of simdated data at the top level
projection generated by DOA s performed, and the
results showed that a four-chuster stucture may best

describe the data disteibution on this level. In the Fig, 2,
three different madel selection patterns wre tested and
the MDIL, cuive is plotied; the MBI, suzgests that the
[own-clustler strocture 18 optimal . Note that the numbers
in the figures are the results of the chuster inifialization
by the user

A hierarchical visualizadon lrees, as shown in
Fig 3(a), is gonciated on the simulated date set The
fop figure s 4 top level projection of the complete daia
set, where we can only see three clusters, the middle
fisure is a sccond Tevel projection that provides indi-
vidual different views of the three sub-clusters selected
in the top level projection [n the sccond level, we can

Figure 3 The hierarchical data exploration on the simualated data The left tigove (o} 15 soncrated by using PCAL and right fiavre (b) are aot by

wsing DCA
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see two hidden clusters in sub-cluster #3, this oives the
user opportunities to discover morve nformation about
data structure, and it makes further pmfitioning pos-
sible. Clusters are partitioned and shown in their own
windows in the bottom ligue [ this cxperiment, only
convenlional PCA 15 used to penerate all projections
To iNusirate a joint way of the discovery data struc-
tore by combining PCA, DCA, PCA-PPM and ICA-
PPM, we also tested PCA-PPM, DCA, and TCA-PPM
in the generation of a hieyarchical visualization tree In
this case, since convenfional PCA s unable to locale
the directions in the space where real cluster structure
can be displayed, we can use PCA-PPM, DCA, and
ICA-PPM ag alternatives. When DCA 15 used 1o plot
the top level projcetion in Fig. 3(h), more information
aboar the cluster structure is revealed after the fizststep.
i ¢, the divections o show the four-cluster structure are
fonnd in the space by DCA. Tor the simulated data set,
the hietarchical visualization by DCA is used as an il-
fustration becanse DCA, PCA-PPM and ICA-PPM arc
sunitar o one another. The two hietarchical tees in
Fiz 3 are produced independently. The consisicncy ol
the clustering resulis and the known class grouping can
be seen from the symbols and colors of the data poinis

[t
oy
R

Discrinimalory Mining

in cach imdividual window on the hottom Tevel The facl
that the data pownis within one cluster have the samoe
symbol and color inplics that the data points belong
ing Lo the same phenolype gioup are grouped 1nio one
cluster,

Besides testing (he methodology on the simulated
data, we also evaluate actual nicroarray data sets from
National Cancer Institute (NCTy and Massachuosetts In-
stitute of Technology (MIT). In the 2308 dimensional
(genes) micromray data sels of round blue cell -
maors [rony NCI there are fowr elasses: ncuyoblastoma
(N13, A =123, rhabdomyosarcoma (RMS; N = 21),
non-Hodgkin lymphoma (NTTL; ¥ = 8) and the Towing
family of tumers (EWS; N =23) Tdgure 4 illustrates
how all projection methods (PCA. PCA-PPM, DA,
and [CA-PPM) on NCT data cxplore cluster strnc-
e According Lo our experience, these four methods
may show inconsisteni capabilities of Onding dnec-
tions for discovering cluster structure in vauious cases
when the number of dala points s limited . Thus, us-
ing all applications 1o cxamine the data siructure we
maore informative than one ov two methods combined
As discussed above, the known phenotype informa
fion has been only used for represenfing dala poings

Figwe - The 2.0 projections of NCT data resulting from POA, PCACPPM. DCA, and [CA-PPM
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fromy different classes in diflerent symbels and colors
i PCA, PCA-PPM and TCA-PPM experiments, rather
thar in projection scarching: only the DCA experiment
is supervised

PCA and PCA-PPM on the NCI data gencrate
hicraichical visualization trecs (Fig. 5) Using PCA
to generate 2-D projections produces the feft hier-
archical tree Tig. 5(), and applying the PCA-PPM
generates the vight nee Tag HH) MDU curves are
also plotied for the two dilferent top level projections

S |
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e - 1
\ T :

75 Nemaber of centeis C

S LA t"m
- Py
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S pelipa

" 1

v Cpicture 3.

Ihe curves indicate that the three-cluster from PCA
and the four-cluster structures from PCA-PPM are
best in deseribing the data distibution oL the top
level prejections The number of clusters determined
by MDI. agrees with the uscr visual mspection Ag
discussed m the hiernchical explaration experiment
on the simulared data, the consistency ol the clustering
and the known bioiogical phenotypes defined above
is shown by the unificd color and symbol of data
points within each cluster The clusicring scheme

Figure 3 The hieruchical dala exploration on NCT data [he Teft fipnre (a3 1s senerated Dy nsing PCA, and right Gigure (b) is gencrated by
using PCA-PEM. MDD curves Tor the top level projections are also included
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recotnmended by the MDD measure also indicales the
consistency of the bielogical phenotype mlormation
and the final clasteting in the bottomn level of Fig 5 1o
Fig. 3(a), although MDL cannot tind the four-cluster
struclure on the top level, the projections on the second
level provide a good opportuntry for discovering
rwo clusters within sub-cluster #2 {mixed square and
dinmmond) en the top level This also demonstrates the
advantages of hierarchical visnal exploration scheme
on the cluster discovery MDL recommends a four
cluster structure on the top level of Tig 5(hY, the well
partirtoned (oar clusters on the bottom level show the
ability of MDI. to the finding the true cluster slructure

T studying leukemia, MU pablished 2 7129 dimen-
stonal microarray data sers that conlain two classes,
acule lymphoblastic leukemia (ALL; N =47) and
aciie mycloid leukemia (AML; N = 25 The 2-D pro-

jections of the MIT data are presented i bag 60 All

lowr projections on the leukemin data sets explore the
data shructure similavly to the other cases {simulated
and NCIdata sets)

DCA is meaningful with the model selection and
the cluster partiGoning even under unsupervised con-

Fipnrg O
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diton, 1 e no class information is known We demaon
strate this idea by combining PCA and DCA dynami-
cally at the wp level projection. Tn Tig 7, the top level
projection in the top (e 15 genevated by PCA {un-
supervised analysig) without knowing any class infor
mation Aller model scloction and partitioning (pro-
vide class information), DCA can now produce the
re-projection of the data (middle fgure) Lhe bottom
figure is a partuon of the re-projected data. Tven
though the PCA projection (top figre) can be directly
partitionied into sub-clusters (bottom Lgwe), the ad-
ditiomal step using DCA (middle figure) provides an-
other chance to visualize the complete data set from
different angles in which cluster structure is empha-
sized As in this example, this data projection scenano
is cepectally useful when cluster stoucture 1s ambiguous
to the user in one projection, hut becomes clear alie
PCA s applicd based on the user model selection and
cluster pastitioning. From the clustering results shown
on the botiom level of big 7, we can conclude that
the clustering is conststent with the hological pheno-

type informarion, since only a few mixed groupings
occw

The 2-13 projections of MU data resolting from PCA, PCAPPM. DCA, and 1CA-PPM
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5. Discuassion

The growing volume ol high dimensional and multi-
modal data sers demands a data mining tool, diflerent
from conventional data visualization methods, which
is capable of dealing with high dimensional data. The
hicrazchical visualization paradigm involving hicras-
chical statistical models and visualizalion space is
proven o be able w effectively discover data situe-

-

The dynamic conbination of PCA and DOA in the exploration of MIT teukemia microarray data

ture and capture all interesting aspects of the data
Using several complementary visualization subspaces
makes this complicated task feasible. The strategy
of the hicrarchical data exploration and mining (ool
used for cluster discovery 1s that the top level modcel
and projection should explain as much stiucture -
founation of the cntire data sct as possibie, while
Tower fevel models explain the local and internal strue -
ture between mchividual cluster, which may not be
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obvions in the high level models With several com-
plementary mixine models and visualization projec-
tions, cach level will berelatively simple while the com-
plete hicratchy maintains overail lexability yet conveys
considerable cluster information. In ¢his algorithm,
dimensionadiy reduction and cluster decoruposition
are two major components  Drmensionality redue-
tion allows visualization of high dimensional data
and less computational demand. Clusies decomposi-
ton provides relatively simple models by partition-
ing Targe and complicated mixnue models into small
local structure, which offers greal ense ol wlerprera-
tion and many bencfits of analytical and computational
simplification

‘The techniques involved are statistical modeling
of the high dimensional data with SFNM distribu
fon, 2-D data projecuon jointly presented by an
unsupervised and supervised data mining scheme,
and evalualion of cluster stiuctie produced by such
scheme using microarray cxperiments with known phe-
nolypes. Unlike conventional PCA, PCA-PPM, DCA
and 1CA-PPM project the dara sat into 2- visual sub-
spaces, which allows the dala scl o be discrimina-
tively exploved so that cluster structure is eftectively re-
vealed Fuithermore, M procedme are nnplemented
to probabilistically estimate SENM distribution With
the model-based approach, a model sclection proce-
dure is used o delernne the number of sub-chisters
wilthinz each cluster using the minanum deseriplion
lengih eriterion. [his approach allows the alzosithm
to determine avtomatically whether a further split of
a subspace should continue in completing the whole
hicrarchy |10}, User inferaction with the algorithm
i5 also an impotlant 1ssne. Lhe wser-fendly graphi-
cal interface facilitates the data visualization purpose,
which allows the user to select initial centers of the
data clusters The initialivation Los the clustering pro-
cedure made by a ugev and further validated by MDL
15 nsually better than a random indfialization based on
our experience, and the reduclion of both computa-
tional complexivy and local aptimnm likelibood is ex-
pected and the outcomes ol our experimenis do agree
with the expectation, i, less iterations in TEM are
needed for its convergence (o the correct clnsteting re-
sults that are shown in the experiments in Results See-
non. While the [inat SENM modet can be estimated,
the pathways of achicving cluster decomposition may
be multple ‘Fhis user-duven nature of the curent al-
rarithm is also highly appropriate oy the visuafiza-
tion context. With the advantages discussed above,
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our data mining, aloorithm can explore data structore
in geat extents with no standard dada analyses nay
compare
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