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ABSTRACT In this paper, our goal is to develop and test effective machine
learning computational tools to reveal and interpret the rich in-

mensionality reduction of high dimensional DNA data. However, formation derived by microarrays about underlying cancer biol-
the one-dimensional projection provided by this method is an op- ©9Y and to facilitate molecular classification/prediction of cancer

timal Bayesian classifier only when the intraclass data patterns are2nd response to therapy. Ultimately, it can help reveal critical dis-
purely Gaussian distributed. Unfortunately, it has been well recog- inguishing patterns among gene expression profiles and identify
nized that most DNA expression data are much more realistically 96Nn€S which are most responsible for the cell's phenotypes.
represented by a Gaussian mixture model (GMM), which allows

for multiple cluster centroids per class. When a data set from such1.1. Data structure

a GMM is projected onto a one-dimensional subspace, its inherent
multi-modal nature may be partially or completely obscured. Con-
sequently, traditional Fisher DA is quite inadequate when higher
dimensional visualization (e.g. 2-D or 3-D) is necessary. The pro-
posed technique addresses this problem and makes use of com-
bined supervised and unsupervised learning techniques for several 2. 2. Case/Patient Dimension: Usually small size. Inten-

Fisher's Discriminant Analysis has recently shown promise in di-

1. 1. Spatial Dimension: Usually large size. A DNA array
may contain up to 100,000 probe oligomers (50-80 bp) with
spot diameter as small as 150. (A particular oligo attaches
a particular gene.)

DNA microarray signal processing functions, including intraclass sity resolution: The intensity level of image reflecting the
cluster discovery, optimal projection, and identification/selection copies of gene made during the process - has very high res-
of responsible gene groups. In particular, a cross-weighted Fisher olution.

Discriminant Analysis is proposed and its abilities to reduce di-

. . > . As an example, for the MIT leukemia data set, the data set
mensionality and to visualize data sets are evaluated.

contains intensities of 7,129 genes in 50 ALL and 22 AML tissues.
The genes chosen are the ???? genes with highest minimal inten-
1. INTRODUCTION sity across the samples. The vertical axis corresponds to genes,

and the horizontal axis to tissues. The color code used is indicated
It is now well recognized that cancers with histopathologically in the adjoining scal

similar appearance may follow significantly different clinical courses
and show different responses to therapy. There is a need, for can-  The main challenge lies in that the microarray data high-dimensional,
cer treatment, to target specific therapies to pathogenetically dis-multi-modal, and lacking in prior knowledge.
tinct cancer types or subtypes, to maximize efficacy and minimize |t will require a very discriminative visualization tool, which
toxicity. _ _ will in turhn involve a very rich information interplay between two
The recent development of gene microarrays provides an op-cluster structures: gene clustering structures and case/ clustering
portunity to take a genome-wide approach to predict clinical het- stryctures.
erogeneity in cancer treatment. In a DNA microarray experiment,  Figure 1: Expanded view of biologically distinct gene expres-

a tumor mixture is prepared with fluorescent tags. If it contains sjon signatures designed by hierarchical clustering.
the complementary RNAs of an oligo, they will bind and result in

a attached fluorescent hybrid. With laser scan, the gene expressioq
levels can be derived from the hybridized tissue samples. Each
sample case is described as a point in a d-dimensional gene exCluster Discovery applies hierarchical cluster strategy to detect/validate
pression space in which each axis represents the expression levegdreviously unrecognized tumor subtypes.

of one gene. Gene expression levels derived from tissue samples  Gene Selection identifies the most relevant gene subset involv-

can be assayed for thousands of genes simultaneously. This teching the biological process that generates the patterns.

nology facilitates monitoring the whole genome on a single chip Phenotype Prediction (in vitro) assigns unknown tumor sam-

so that researchers can have a better (and bigger) picture of the inple to known tumor classes.

teractions among thousands of genes simultaneously. In short, it  Change Profile (in vivo) identifies the effects of drug on the ex-
revolutionizes the gene analysis tools. It has two important appli- pression levels of genes and provides initial information for finding
cations: (1) Target Gene Selection for Drug Design: Microarrays the gene regulatory network.

provide pharmaceutical firms with a means to identify drug targets. Fhkk

(2) Classification of Disease: E.g. different leukemia (ALL/AML) Data clustering is a process of grouping input data points with

or breast-cancer (ER+/ER-), can be identified by different patterns similar features in the multidimensional space; the algorithms are

of gene expression. being investigated for long time. The most common hierarchical

.1.1. Major Application Tasks:



clustering method often used by biologists for data clustering is Given two classes, K1 and K2 , find the projection, wf, that
dendrogram?]. At the end of the analysis the data points are ar- maximizes J(wf), the ratio of inter-cluster distance to intra-cluster
ranged into a phylogenetic tree, the level of similarity of two pairs variance.

is represented by the length of the branch. However, even though  wopt = Sw-1 (m1 -m2)

the hierarchical clustering is simple and straight forward, it is de- Fisher Discriminant by Individual Gene
signed to reflect true hierarchical tree structure and that is not the
way in which microarray data is generated. It is very important to w— [00._10”0]T

include more biological information rather than rigidly clustering

data points. Hierarchical clustering may fail to group data points ] ) o

in the right way because it is greatly influenced by local condition 2-2. PostProcessing Step: Optimal Projection

and has no opportunity of evaluating the global structure. Support . . . .

Vector Machines????? (SOM) attempts to search for relevant Pa‘%\éek?egtgpigfcggﬁr;dplgr?é?fr:q)eetlrr:g d72 patients with class labels,

terns by first imposing structure on the data with nodes that are TraditionJaI Sche.me'

expected to eventually move to the center of each cluster, and then '

updating the structure map in each iteration based on a data point 1 (projection onto top 3 ind. Fisher genes)

randomly selected from the data s@} [The result ends up gather- o

ing similar samples in the same cluster. Studies of using SOMto 2. (Projection onto top 1-D DCA-selected genes)

cluster genes have been done by Whitehead Institute/®]ITUn- — .
: T : . Projection onto top DCA-selected representation, a represen-

der unsupervised situation, the success of this approach partla”ytative feJature stands fgr 2 closel relatedpene [OUDS (Seg double

depends on the initialization of the map structure, e.g. number y g groups.

of nodes and different geometries. Without data modelling, SOM clusterm_g sgctlon.) . ,
lacks criteria for validation of cluster structure, e.g. whether the  (Projection onto top 2-D or 3-D what??? space Fisher pseudo-

number of clusters is optimal. genes) 3 o
Separability vs. Number of Genes Cross-validation results

1. Fisher criterion

2. OPTIMAL PROJECTION FOR 2-D OR 3-D 2. Classification Results (Cross-Validation)
VISUALIZATION MIT Data, Princeton Data

The purpose of cluster analysis is to determine whether there are
certain number of well-defined data sets within the entire data dis-
tribution and/or derive most rational and optimal grouping scheme

to partition data into a specified number of clusters. Typical approaches to grouping the genes adopt either the hierar-

Since a gene expression microarray data set is a mixture of shiea| v method or topologically sensitive clustering approach
samples of cancer and non-cancer, or a mixture of samples of var- ;.4 35 SOM

ious types of cancers, the SFNM model may be the best approach
for describing such multi-modal data structu?g [In the case that
friglljjt?ct)?\rss (?;.(II‘]SthQ rseegattc? Zztéc"’;i?éxttﬁéeowg;ﬁl \ék:smtﬁggség'if the We believe that the consideration of introducing user interac-

tion into the clustering algorithm is a more practical approach,

data. We will alsq estimate the density parameters of each clusterWhiCh greatly reduces both computational complexity and local
and the overall mixture.

) . T optimum likelihood P][?]. A user-friendly graphical interface for
Given knowledge of patient classification, data visualization purpose is developed to allow the user to select
(1) Preprocessing Phase: which subset of the 7129 genes propitial centers of the data clusters. To visualize data, we further
vides the most accurate/distinct classification? developed data projection methods based on the current methods
(2) Postprocessing Phase: which projection of this subset of ysed in ] in order to maximize the revelation of cluster structure.
genes yields the most separation between classes? How to group \we proposed statistically-principled, GMM model-supported,
genes effectively. and visually-insightful technique.

Notations:

for each cluster, m and C are the mean vector and covariance
matrix, respectively, m is the relative mass, g is the gaussian ker-

in unsupervised approach, Fishers Linear Discriminant has beenn€l, K1 is the cluster number identifiable at top level, K2, k is the

3. FIND OPTIMAL PROJECTION FOR 2-D OR 3-D
VISUALIZATION

The super high dimensionality (500 8000) of microarray
data introduce difficulties in the revelation of data structure,

2.1. Preprocessing Step:

adopted for finding the most discrminant projection. cluster number identifiable at second level.
However, for higher dimensional (2-D or 3-D) visualization
the traditional Fisher approach suffers from the fact that 3.1. Review of PCA and DCA projection methods

is only one-dimensional

there is a need to establish a new method for

can be conveniently computed given the classification infor- PCA is an effective unsupervised method for achieving dimen-
mation. sionality reduction P, ?, ?]. For a set of observed-dimensional

In contrast to the unsupervised approach, Fishers Linear Dis-data vector{t;}, : € {1,..., N}, theq principal axesw,,, m €
criminant can be conveniently computed given the classification {1, ..., ¢(< d)}, are those orthogonal axes onto which the retained
information. variances under projection are maximal. It can be shown that the

3.1.1. PCA



principal axesw,, are given by they dominant eigenvectors (i.e.,
g maximal eigenvalues) of the sample covariance matrix

1)

such that
Cth = )\me

@)

whereyy is the sample mean ang, is the eigenvalue. The vector
x; = W (ti—put, WhereW = w1, wa, ..., Wq, i thus & dimen-
sional new representation of the observed vetiorTwo issues
contribute to the limitations of the conventional PCA: its global
linearity without incorporating data structure; and its optimality
based on reconstruction error rather than pattern separability.

3.1.2. DCA

Discriminatory Data Projection

The purpose of developing discriminatory data projection tools
is to maximally discover hidden cluster structure in the data space.
The consideration of using multiple data projection tools is primar-
ily based on the fact that the performance of the individual projec-

tion scheme tends to be case-dependent due to limited number Ofno

data samples in nearly all existing microarray data.

Itis insufficient to use the PCA projection tool, which can not
effectively taken the teacher’s information in to account. The dis-
criminatory projection tools presented in this paper is an extension
of DCA,

*kkk

If class information is known, the search of directions in data

where
ti C
_ ﬂ_kg( ||I'L.tk7 tk), (6)
p(ti)
and thebetween-cluster scatter matr{$y) is the scatter of the
cluster conditional mean vectpgyx around the overall data center
Ht

Kp
S = Z (e — poe) (e — pe) (1)
k=1
such that the separability of patterns is maximized, that is
W = arg n\}vax{Trace(WgS[A}SoWo)}. (8)
0

This is termed as Discriminatory Component Analysis.

The original vectors{t;} are linearly transformed bW, a
d x 2 matrix, throughx = W' (t — p4) into a two-dimensional
projection space& = (z1,x2)" . For a pure normal distribution
over the data space:

9(t|pek, Cex)

This is optimal under such stochastic single cluster Gausssian
modeling for each class of data.

However, the conventional Fisher DCA is an optimal Bayesian
classifier only for such statistical cluster model.
However, most DNA gene expression data are much better
delded via GMM (or SFNM) model?[ 7]
When such data set is projected onto a one-dimensional sub-
space, its inherent multi-modal nature may be partially or com-
pletely obscured according to Cover’s theorem on the separability
of patterns p]. In other words, even though the cluster structure of
a data set may be evident from the higher dimensional space, it is
quite conceivable to have the finer cluster patterns concealed after
a single linear projection, leading to an unidentifiable correspon-

space for discovering cluster structure is under better guidance.jence petween Eq??) and Eq. ?) [?].

There are two types of class information we may be able to obtain:
known phenotypes from biological experimental setting, and sub-
cluster information resulting from cluster decomposition based on
an unsupervised projection (PCA or PPM). For the top level pro-
jection, DCA is a supervised process by using the known phe-
notype(class) information in the search of projection. However,

DCA can also be used in an unsupervised situation that is on thefy:m \W and a mixture ofi; (< Ko) normal distributiong(t)
sub-levels by using the second type of class information discussed— x;

above. Demonstrations of different applications of DCA are shown
in the Result Section.

When confronting a multi-modal data set, however, is to em-
phasize the inter-cluster separation by replacing the total covari-
ance matrix with the Fisher’s scatter matr P, i.e , to find the
eigenvectors 08, 'S,

S/\]/-Sowm = AmWn (3)

where thewithin-cluster scatter matrixSy) is thejoint scatter of
data point; around the conditional mean veciay of Kp classes
(on the top level) or sub-clusters (on the sub-levels)

Kp
Sw= Z mkCik 4)
k=1
with cluster conditioned covariance matrix
N T
Lzt — ti —
Cu — D oizg Zic(ti — pek) (i — pek) 5)

3 ia Zk

A possible approach is to model high-dimensional multi-modal
data set with a hierarchical or non-hierarchical mixture model and
accordingly with a collection of probabilistic principal discrimina-
tory subspaces?[ ?, ?, ?], namely the exploratory cluster discov-
ery.

Assume a top-level model consisting of a sinBledontrans-

w1 TG (t ek, Crc) Which is identifiable ink-spacei.e., f(x) =
Zf:ll 7,9 (X|xk,Cxk ), We can form a two-level hierarchy by as-
sociating a group of SFNM sub-models with each mddat top-

level
Ky Ko i
p(t) = Z Tk Z 519 (bl e, 5)s Ce(r.s)) )
k=1  j=1

wherer |, again corresponds to a set of mixing proportions, one
for eachk, with 0 < m;), < Tandy_, mjx = 1, and}" i, Ko =

Ky. To reveal the hidden cluster pattern within each mddat
top-level,i.e., g(t|utx,Ci) = ijik 75169 (|t (&, 5)-Ct (k,5)), AN
associated probabilistic principal discriminative subspace is con-
structed that focuses on the separability of patterns within the data
portion defined by modet, where the opaque degree of a data
point in the subspace plot is proportional to its posterior probabil-
ity belonging to this model,e., z;; determined at top-level.

The further cluster discovery is a two-stage procedure: a soft
partitioning of each modet into K j, sub-clusters followed by a
construction of corresponding subspace. Instead of assigning each
given data point exclusively to one subspace, the contribution to its



generation is shared among all the subspaces. The subspaces fof4] H. Zhang, C-Y. Yu, B. Singer, and M. Xiong, “Recursive par-

the sub-models at second-level are generated by the probabilistic

DCA such that

St wSk,bWie,m = Ake,mWi,m (10)

Ko i . .
whereSy, w = > ;%" 71k Ce(x.;) With subcluster conditioned co-
variance matrix

N N
Cki) = Do iy Zithg) (ti = i) (t — 1126ci)) T/ Doy Zick, )
Zi(k,5) = 2ikT51k9 (il o ,Croeny) /9 (ti | e, Ce),

K
andSep = 37,245 ik () — pe) (pge) — pek) -

(6]

4. CONCLUSION

The user-friendly graphical interface facilitates the data visualiza-

tion purpose, which allows the user to select initial centers of the [7]

data clusters.

The technique makes every subcluster/subspace be discrimi-

natively explored individually so that local cluster structure is ef-
fectively revealed.

Although the final SFNM model can be estimated, the path-

ways of achieving cluster decomposition may be multiple. This
user-driven nature of the current algorithm is also highly appropri-
ate for the visualization context.

GenomeChip could be naturally extended to also include the

increasingly important and feasible protein chip technology. In

summary, the DNA microarray technology represents an enormous[lo]
business opportunity and at the same time a great challenges in

novel methods for DNA gene expression data analysis.
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