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Abstract

Visualization enables us to find structures, features, patterns and relationship in
a dataset by presenting the data in various graphical forms with possible interac-
tions. Recent development of DNA microarray technology can be used to measure
the expression levels of thousands of genes simultaneously. It has already had a
significant impact on the field of bicinformatics, requiring innovative techniques to
efficiently and effectively extract, analysis and visualize these fast growing data.

In this paper, we present VizCluster, an interactive visualization approach to
cluster analysis, and its application on microarray data. VizCluster combines the
merits of both high dimensional scatter-plot and parallel coordinates. Integrated
with useful features, it can give a simple, fast, intuitive and yet powerful view of the
data set. VizCluster supports three major analyzing modes: cluster/class discovery,
class prediction, and class assessment. Its primary applications are the classification
of samples on microarray datasets. The experiments are based on gene expression
data from a study of multiple sclerosis and leukemia patients.
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1 Introduction

Visualization supports finding structures, features, patterns and relationship in data
by presenting the data in various forms with different interactions. A visualization
can provide a qualitative overview of large and complex datasets, summarize data,
and assist in identifying regions of interest and appropriate parameters for more
focused quantitative analysis [1]. Clustering and classification are closely related to
the structure or pattern of a data set. Visualizing such structure or pattern can
be greatly helpful to exploratory data analysis. Because of structure’s complexity,
most visualization can not be achieved in a static environment. Instead, a highly
interactive environment is often required. Last two decades saw a major devel-
opment of visualization techniques. Comprehensive overview of data visualization
techniques can be found in [1, 2, 3].

Knowledge of the spectrum of genes expressed at a given time or under certain
conditions proves instrumental to understand the working of a living cell [4]. Re-
cently, the advent of DNA microarray technology allows measuring expression levels
for thousands of genes in a single experiment, across different conditions or over the
time [5]. The raw microarray data are images which can then be transformed into
gene expression matrices where usually the rows represent genes, the columns rep-
resent various samples. Information in gene expression matrices is special in that
the sample space and gene space are of very different dimensionality. Typically,
there are between 1,000 to 10,000 genes comparing with only 10 to 100 samples in
a gene expression data set. Microarray technology has a significant impact on the
field of bioinformatics, requiring innovative techniques to efficiently and effectively
extract, analysis and visualize these fast growing data.

A key step in the analysis of gene expression data is to detect groups that
manifest similar expression patterns. Most recent approaches are based on the tra-
ditional or newly developed clustering techniques. There are two major paradigms:
supervised clustering and unsupervised clustering!. The supervised approach as-
sumes that for some (or all) profiles, there is additional information attached, such
as functional classes for the genes or diseased/normal attributes for the samples.
Having this information, a typical task is to build a classifier to predict the class
labels from the expression profile. On the other hand, unsupervised approaches as-
sume little or no such prior knowledge. The goal of such approaches is to partition
the data into statistically meaningful classes or to find groups of co-regulated genes
or related samples. A classifier can also be built not based on the prior knowledge
but on the partition result.

During the recent years, various clustering methods are applied on gene ex-
pression data analysis. Among all clustering methods, hierarchical clustering (HC)
is the most frequently used one [6, 7, 8, 9, 10, 11, 12, 13, 14]. Singular Value Decom-
position (SVD) [15, 16, 17] and Principle Component Analysis (PCA) [18, 19, 20] are
also widely used. For supervised clustering methods, Golub et al. [21] used neigh-
borhood analysis to construct class predictors for samples. They built a weighted
vote classifier based on 50 genes of 38 training samples and applied it on a collec-

I Historically, supervised clustering sometimes has been referred as classification and clustering
stands for unsupervised clustering



tion of 34 new samples. Hastie et al. [22] proposed a tree harvesting method for
supervised learning from gene expression data to discover genes that have strong
effects on their own as well as genes that interact with others. Major supervised
clustering methods include: Support Vector Machine (SVM) [23, 24, 25], Super-
paramagnetic Clustering [26], Decision Trees [27] and a variety of ranking based
methods [28, 29, 30, 31, 32, 33]. The hierarchical and K-means [34] clustering algo-
rithms as well as self-organizing maps (SOM) [35, 36, 37] are major unsupervised
clustering methods that have applied to various microarray datasets. Our group
has developed two approaches: supervised Maximum Entropy approach [38] and
unsupervised Interrelated Two-way Clustering method [39).

Many visualization tools have also been developed to perform analysis on
microarray data. Ewing et al. applies Sammon’s nonliner mapping, a pure visu-
alization method on a 628 x 28 data set [40]. Currently, most visualizations serve
only as assistant tools or graphical presentations of major clustering methods. For
instance, the most frequently applied one, TreeView, developed by Michael Eisen
[6, 41] provides a computational and graphical environment. However, the theory
behind it is hierarchical clustering and the visualization is merely the graphical for-
mat of clustering result. GENECLUSTER [21, 36], developed by Golub is based on
SOM. J-Express [42] offers visualization clustering results of four major clustering
algorithms: hierarchical clustering, SOM, PCA and K-means.

In this paper, we present an integrated visualization environment, VizCluster,
a dynamic interactive visualization approach to cluster analysis. It takes the ad-
vantage of graphical visualization methods to reveal the underlining data patterns.
Combining the merits of both high dimensional scatterplot and parallel coordinate
plots, in its core lies a nonlinear projection which maps the n-dimensional vectors
into two-dimensional points [43]. This mapping effectively keeps correlation simi-
larity in the original input space. Also proposed is a zip zooming viewing method
which preserves the information at different scales and yet reduces the typical prob-
lem of parallel coordinates being messy caused by overlapping lines. We also present
a measurement to judge the quality of the cluster distribution using the idea of com-
pactness. This paper largely extends our previous version [44].

Integrated with other features, VizCluster can give a simple, fast, intuitive
and yet powerful view of the data set. It supports three major modes of data
analysis: cluster/class discovery, in both supervised and unsupervised fashion, class
prediction, and class assessment. Qur primary goal is to perform classification of
samples on gene expression data. The experiments are based on gene expression
data from a study of multiple sclerosis and Leukemia patients. Our approach is to
build supervised classifiers and use cross validation to evaluate them. To demon-
strate its fully potential, we also performed unsupervised cluster discovery and class
assessment on low dimension data sets. Our results show that it has the advantage
of being simple and yet powerful for large data sets with low dimension (< 10). In
all these tasks, VizCluster achieves satisfactory results.

The remainder of this paper is organized as follows. Section 2 presents the
visualization framework. Section 3 describes VizCluster’s features and its data an-
alyzing approaches. Section 4 demonstrates the experimental results on microarray
and other data sets. And finally, the conclusion is provided in Section 5.



2 Visualization Framework

In this section, we present the framework of VizCluster. One of the key obstacles
of visualizing microarry data is the high dimensionality. We propose an interactive
visualization framework which combines the merits of both high dimensional scat-
terplot and parallel coordinate plots. Its core is a nonlinear projection which maps
the n-dimensional vectors onto two-dimensional image points [43]. This mapping
has the property of keeping correlation similarity in the original space. In doing
so, part of the information of original input space may be lost. On the other hand,
parallel coordinates allow the information of all dimensions to be visualized. How-
ever, as the dimensions go higher, the display becomes messy. We propose a zip
zooming viewing method which extends circular parallel coordinate plots. Instead
of showing all dimensional coordinates, it combines dimensions and displays the
reduced dimension information. User can select different scales for combination
as needed. This results in a simple and intuitive presentation of the data set and
yet preserving the information at different levels. Moreover, each dimension allows
its weight to be adjusted independently. An interactive projection-pursuit-guided
grand tour [45] like viewing method is incorporated in the framework. We call it
dimension tour.

2.1 Mapping

The most common presentation in visualization is a two-dimensional scatterplot
[1, 2, 3]. We propose a nonlinear mapping that maps the n-dimensional dataset
onto two-dimensional space. First, a global normalization was performed on the
data set to ensure that each attribute has value between 0 and 1. Let vector

Py = (wg1,Tg2,---,T4n) represent a data item in the n-dimensional space (n > 2,
also called input space). Total number of items is m, denoted as Py, Py, ..., P}.

Formula (1) describes the mapping of 15;* onto a two-dimensional point d;:

n

@ =D (Ni = (4/n) * 24:)S; 1)

i=1

where )\; is an adjustable weight for each dimension (coordinate), the default value
is 0.5. n is dimension of the input space, 4/n is a ratio to centralize the points, and
S; (1 =1,2,...,n) are unit vectors which divide the center circle of the display into
equally n directions. Essentially, Cj; is the vector sum of all its coordinates on n
directions.

The mapping (1) preserves correlation relationship in the input space onto the

two-dimension images. Notice that the point (0,0,...,0) in the input space will be
mapped onto two-dimensional center (0,0) (assuming all dimension weights are the
same). Actually, all points having the format of (a,a, ..., a) will also be mapped to

the center. If X and Y have the same pattern, i.e. ratios of each pairs of coordinates
of X and Y are all equal, under the mapping, these vectors will be mapped onto a
straight line across the center onto the 2D displaying space. All vectors with same
pattern as X and Y will be mapped onto that line.



