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ABSTRACT

The exploration of high dimensional gene expression mi-
croarray data demands powerful anaytical tools. Our data
mining software, VISua Data Analyzer (VISDA) for clus-
ter discovery, reveals many distinguishing patterns among
gene expression profiles. The model-supported hierarchical
data exploration tool has two complementary schemes: dis-
criminatory dimensionality reduction for structure-focused
data visualization, and cluster decomposition by probabilis-
tic clustering. Reducing dimensionality generates the vi-
sudization of the complete data set at the top level. This
data set is then partitioned into subclusters that can conse-
quently be visualized at lower levels and if necessary par-
titioned again. These approaches produce different visual-
izations that are compared against known phenotypes from
the microarray experiments. For class prediction on cancers
using miroarray data, Multilayer Perceptrons (MLPs) are
trained and optimized, whose architecture and parameters
are regularized and initialized by weighted Fisher Criterion
(WFC)-based Discriminatory Component Analysis (DCA).
The prediction performance is compared and evaluated via
multifold cross-validation.

1. INTRODUCTION

Microarrays have been used to find specific gene expres-
sion patterns in cancer cells to investigate the cause of var-
ious types of cancers. In a phenotype microarray data set,
the representation of each sampl€e's profile is described as
apoint in a d-dimensional gene expression space in which
each dimension represents the expression level of one gene,
the dimensionality can reach tens of thousands. The repre-
sentations of phenotype-related samples form clusters. Dis-
covering such cluster structure demands powerful data ana-
Iytic tools that can handle large scale and high dimensional
data, and the tools are not well developed [2], [4]. Another
application of gene expression microarray isto examine ex-
pression changes of different genesover time dueto the spe-
cific drug treatment, which is recorded in a tempora data
Set.
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We propose aframework of hierarchical dataexploration
that aims at finding existing cluster structure, i.e., cluster
discovery, in high dimensional data. Our approaches for
cluster discovery mainly include [2]: (1) statistical mod-
eling of the gene microarray data using a Standard Finite
Norma Mixture (SFNM) distribution; (2) dimensionality
reduction and data visualization using multi-schematic un-
supervised learning processes, including Principal Compo-
nent Analysis (PCA), combined PCA and Projection Pursuit
Method (PPM) — PCA-PPM, and Discriminatory Compo-
nent Analysis, (3) user intervened mode selection and prob-
abilistic Expectation-Maximization (EM) clustering guided
and validated by Minimum Description Length (MDL); (4)
hierarchical data exploration scheme.

The study on cluster structure in phenotype microar-
ray data greatly benefits molecular cancer diagnosis that is
based on identified cancer genetic profiles. In this paper, we
study class prediction that refers to the assignment of par-
ticular tumor samples to already-defined classes. Based on
phenotype-known training samples, a classifier is designed
and trained, mostly through supervised learning, and later
used to classify future samples. Both conventiona biosta-
tistical predictors and neura network classifiers [1] have
been proposed for class prediction with relative success.
The ability of Multilayer Perceptrons (MLPs) to learn com-
plex (non-linear) and multidimensional mapping from acol-
lection of examples makes them idedl classifiers for class
prediction. In this paper, we propose an optimized MLP,
whose hidden nodes/weights correspond initially to the top
eigenvectors and cluster-centers from the cluster structure-
focused dimensionality reduction method DCA, and cluster-
ing, thusit offersan integrated procedure for gene extraction
and classification.

2. METHODSAND RESULTS

2.1. Hierarchical Data Exploration Tool —VISDA

Assume that, in gene expression space t-space, a collec-
tion of /V d-dimensiona sample points {t;}, forming K
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clusters. Thejoint probability density function (pdf) of a d-
dimensional multivariate SFNM model is a sum of individ-
ual normal distributions with their own density parameters
while each geneis considered as a random variable,

Ko
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where 7y, iSthe corresponding mixing proportion, with0 <
e, < 1and " e, = 1, and g isthe Gaussian kernel, and
e, and Cyy, are the mean vector and covariance matrix of
cluster % respectively. One natural criterion used for the
modeling is the Maximum Likelihood (ML) estimation us-
ing the Expectation-Maximization (EM) algorithm [2], [4].

To address the problem of high dimensionality with mi-
croarray data, dimensionality reduction is intensively stud-
ied and well implemented. Principal component analysisis
an effective unsupervised method for achieving dimension-
ality reduction. A set of top ¢ principal axes w,,,, m =
1...q, are orthogonal axes onto which the retained vari-
ances under projection are maximal. However, its global
linearity without consi dering data structure does not support
expected pattern separability-focused dimensionality reduc-
tion.

In order to find low dimensiona projections that can
provide the most revealing view of the data structure, wetry
to re-select the principal components from PCA based on
a different criterion, i.e., a non-Gaussianity measure, kur-

: . _ _EB(Ym—py)h

tosis, given by kurt(m) = Ay 3, where
Y, isarandom variable consisting of the projections of al
data points onto eigenvector w,, derived from PCA, and
by = E(Y,,). Kurtosisis one way to measure a type of
departure from normality, and it rangesfrom —1 to 1. If the
distribution is normal, the value of kurtosisis equal to zero.
A positive kurtosis indicates a more super-Gaussian (more
peaked than the normal distribution); and a negative onein-
dicates a sub-Gaussian (flatter than the normal). The princi-
pal components where the distribution of the projected data
set is least Gaussian may contain plentiful structural infor-
mation, and they will be chosen. This procedure is termed
as PCA/PPM [2].

When class information is prior known or previously
estimated, the search of projections for discovering clus-
ter structure is under better guidance. An effective way is
to emphasize the inter-cluster separation by using weighted
Fisher criterion that is optima for multi-class casesi.e., to
find the eigenvectors of

wFC =8,y ot Zfi"kH TerTe @(Ar)Sw (2

where ¢y, isthe mixing proportion, the pairwise between-
- T

cluster scatter matrix Sy; = (e, — te;) (e — Me;) > @Nd

within-cluster scatter matrix S,, = "1, 7¢x Cer, Weight-

ing function ww(Ay) = ﬁaf(%), where the distance

between centers Ay, = ||(ter, — ;) ||, Such that the sepa
rability of patternsis maximized, that is

W = arg mvsx{tr (WTwFCW)} (3

where W is the set of eigenvectors. The motivation of
the modification of Fisher criterion isto approximate Bayes
error of pairs of classes into the separability measure for
searching discriminative projections[2].

The application of DCA requires class information that
is only available from the EM clustering. With the pre-
estimated cluster means and covariance matrices, we can
find a new data representation that emphasizes the sepa
rability of the already identified clusters. The data set is
re-projected to the eigenvectors W resulting from DCA to
show and confirm the cluster structure. As a step for fur-
ther cluster discovery, we believe that the importance of the
separability analysis cannot be overstressed [2].

Using the dimensionality reduction tools, we can project
the data set into a 2-D space, x-space, through alinear trans-
formation, x; = W't;, where W = (w,, wy) is a set of
top two most significant principal componentsresulting from
PCA or PCA/PPM or DCA based on their specific princi-
ples. With such a perceptibl e data representation, the user is
enabled to initialize cluster centers, which isastep included
in the model selection procedure that refers to determina-
tion of structural information, i.e., number of clusters, eg.,
K for top level. In the 2-D x-space, the user can generate
several candidate models. With each modd estimated by
2-D EM clustering, the optimal model with X components
(clusters) can be determined by minimizing [2], [4],

MDL(K) = —log(Lmz) +0.5 (6K —1)logN  (4)

where £ 1, isthe corresponding likelihood function.

As ageneral approach to maximum likelihood, EM al-
gorithm is an iterative method for estimating mixture mod-
els. By the nature of EM, it “softly” partitions the data set
to alow each data point to contribute simultaneoudly to all
identified clusters through estimating z;, the conditiona
probability of sample < belonging to component (cluster) k.
The EM Clustering procedure first takes place in the 2-D
x-space for two reasons[2], [4]: (1) estimate the 2-D mix-
ture model for model selection; (2) remedy the problem of
heavy loaded EM in high dimensional space by estimating
model parameters first in 2-D x-space and then fine tuning
in t-space. After the model selection, the chosen number
of clusters along with the corresponding cluster parameters
are used to initialize the EM in t-space.

Thestrategy of the hierarchical dataexploration and min-
ing tool is that top level model and projection should dis-
cover as much information about the global picture of the
data set, while lower level models explain the local and
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internal structure between and within clusters, which may
not be obvious in the high level models. With comple-
mentary mixture models and visualization projections, each
level will be relatively smple while the complete hierar-
chy maintains overall flexibility yet still conveys consider-
able cluster information [2], [4]. The sub-level dimension-
ality reduction, mixture modeling and clustering focus on
the each identified cluster/sub-cluster in a probabilistic and
discriminative way.

At a second level, for model % found at the top level,
we can further form amixture of K5 j normal distributions,
i.e., an SFNM sub-model, anew complete mixture mode is
now formulated as,

K1 Kok
p(ti) = Zﬂtk Z Te(jj2,k) 9 (bi | Be 2.k, 5y C(2,5,5)) (D)
k=1 j=1

where 7 (;i2,%) IS the mixing proportion of the jth sum-
mode! inthe kth model at the top level with 0 < e (ji2,) <
1, S0 Teggiom = Lo and Y52 | Koy = Ko, and the sec-
ond level model g(t|go k. 5y Ce2,r,5)) 1S the jth normal
distribution within the cluster &, suppose dl K clustersare
found at the second level. The second level data member-
Shlp Zi(2,k,7) glven by,

Te(j12.0)9 (bilBe(2,r,5)» Ce(2 k)
g(tl |/J‘tk7 Ctk)

with property STpt, S22 240 5 = 1, and the density

parameters (s 5, 5y, ad Cyz 1 ;) are estimated by sub-
level EM [2], [4].

User interaction is also an important issue. We have de-
veloped a user-friendly graphical interface to facilitate the
data visualization, which alows the user to select initial
centers of perceivable clusters in x-space, shown in Fig.
1. Our experience shows a great reduction of both compu-
tational complexity and local optimum likelihood [2], [4].
The completion of a hierarchy is determined by MDL and
user visual inspection.

We test VISDA on adata set from National Cancer In-
stitute (NCI) for small round blue cell tumors (SRBCTS) [1]
including four subtypes EWS, RMS, BL, NB in Fig. 1, and
a three-level hierarchy is constructed to fully explore the
four-cluster data structure. The two-cluster structure within
the cluster #2 at the top level is found at the second level
which is not obvious at the top level. Note that the known
class information is only used to represent the data points
from various classes in different symbols and colors, but
not in the clustering procedure.

(6)

Zi(2,k,5) = Zik

2.2. ClassPrediction

In our previous work [1], we have obtained promising re-
sults by using a linear single-layer perceptron to perform
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Fig. 1. The hierarchica data exploration on the NCI SR-
BCTs data set.

multi-class prediction on NCl SRBCTs data set. Since PCA
isnhon-discriminatory, the resulting pseudo-genes do not guar-
antee to retain sufficient discriminatory power. while the
MLPs can offer an integrated procedure for gene extraction
and classification. We have developed MLP-based neural
network classifier for the sametask in [1].

In this experiment, weused mo = 3 ~ 8, m; = 3 ~ 5,
and me = 4 (i.e, four outputs corresponding to the four
subtypes). The values of mgy and m; were determined by
the number of the significant eigenvalues of the weighted
Fisher criterion derived from Eq. 3. First, through a gene
selection scheme that is also principled by weighted Fisher
criterion, we selected top 60 and 150 genes as origind in-
puts, and then the dimensionality was further reduced by
WFC-DCA to 3 ~ 8 gene extractions. The extracted 3 ~ 8
dominant components contai ned more than 80% of the class
separability for the four class in the gene expression space.
Next, the 63 training samples were randomly partitioned
into 3 groups (21 samples per group), anong them one for
validation and two for training. MLPs were then trained
using standard back-propagation (BP) agorithm, in which
the 3 ~ 8 top wFC-DCA values were used as input and
the cancer category as output for each sample. This process
was repeated by rotating each of the 3 groupsfor validation.
The samples were again randomly partitioned, and the en-
tire process was repeated for 1250 times. For each shift of a
validation group, one model was trained, resulting in atotal
of 3750 trained models. Our experiments with various ML P
architectures have shown very satisfied classification perfor-
mance. All cross-validations have achieved 0% misclassifi-
cation rate and our experience has indicated that a (mg = 3,
my = 3, mg = 4) MLPisthe most sufficient among tested
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Table 1. Misclassification rates for the class prediction us-
ingMLPson MIT ALL/AML data set.

# of hidden nodes
Input 1 2 3
Top3 | 11.43% | 14.29% | 10%
Top8 | 429% | 2.86% | 2.86%
Top18 | 2.86% | 1.43% | 1.43%

ones. We have also tested leave-one-out cross-vadidation,
and a perfect class prediction result was obtained.

We have also tested the class prediction on MIT’s acute
leukemia data set containing gene expressions of total 72
samples, among which 47 Acute Lymphoblastic Leukemia
(ALL) and 25 Acute Myeloid Leukemia (AML) samples.

We considered first-order linear correl ation between the genes,

and performed FC-DCA,, finally reduced thedimensionto18
top pseudo-genes. Similar to the 3-fold cross-validation, a
5-fold cross-validation plan with four subsets for training
and one for testing is gpplied. Note that two outputs are
needed for two subtypes of leukemias in this case. Table
1 summarizes the misclassification rates for several differ-
ent MLP configurations. The results show that the average
probability of detection increased when we increased the
number of dimension and the number of hidden nodes.

2.3. Temporal Microarray Data

Different from the phenotype microarray data, e.g., NCl
SRBCTs data set, an n-dimensional sample point in a tem-
poral data set represents the expression change profile of
one gene with each dimension is the expression level a a
specific assaying time. Grouping genes with similar change
pattern through clustering may help effectively identify dis-
tinct change profiles. To form an in vivo model of staged
muscle regeneration, a 27-time point tempora microarray
data set generated by Children’s National Medica Center
(CNMC) for determining potentid downstream targets of
MyoD that initiates the transcription of its downstream tar-
gets as a transcriptional factor [3]. Through gene cluster-
ing, eighteen clusters and their corresponding change pro-
files are identified by VISDA and presented in Fig. 2, and
the results are used to identify the downstream targets Of
MyaoD [3].

3. CONCLUSION

With the techniquesincluding, unsupervised discriminatory
dimensiondity reduction, probabilistic clustering, user in-
teraction and hierarchical visudization, the developed hi-
erarchical data exploration tool is proven to be able to ef-
fectively discover data structure in high dimensional space.
The extraction of psudo-genes through wFC-DCA enables

Fig. 2. The gene clustering on CNMC temporal microarray
data set and the resulting gene expression change profiles.

the maximization of the class separability so that the MLP
classifier can be optimized by taking the psudo-genes are
inputs.
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