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Abstract - Correct classification is crucial to cancer diagnosis
and treatment. In the paper, we demonstrate that a new family
of neural network architectures — Ellipsoid ART and ARTMAP
(EA/EAM) can cluster and classify tissues successfully through
analysis of gene expression data generated by DNA micrearray
experiments.

1 INTRODUCTION

Correct classification is crucial to cancer diagnosis and
treatment. Traditional classification methods are mostly
dependent on morphological appearance of tumors and their
applications are limited by the existing uncertainties [9].
Advance in DNA microarray techniques makes it possible to
measure gene expression levels of thousands of genes
simultaneously under different cancerous or normal samples
[1]. Therefore, it provides a new way for people to
understand molecular behaviors in abnormal tissues and
make more accurate predictions in cancer diagnosis and
treatment [9].

Currently, there are two major microarray technologies
based on the nature of the attached DNA (¢cDNA with length
varying from several hundred to thousand bases or
oligonucleotides containing 20-30 bases). For both
technologies, each DNA microarray consists of a solid
substrate to which large amount of DNA molecules are
attached according to some ceriain order. Fluorescently
labeled ¢cDNA obtained from RNA samples through the
process of reverse transcription is hybridized with the probes
on the microarray. Usually, a reference sample with different
fluorescent label is needed for the purpose of comparison.
Image analysis techmiques are then used to measure the
fluorescence of each dye and the ratio refiects relative levels
of gene expression. Microarray technologies open a door for
people to investigate gene activities from the angle of the
whole genome. At the same time, they lead to many open
issues for computational biologists with large amount of data
generated. Baldi describes three levels to represent the
complexity of gene expression data analysis [10]. The bottom
level studies the activities of single genes under different
conditions. The second level focuses on the relations and
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interactions between genes. The top level tries to infer the
whole genetic network that finally determines all the patterns
we observed.

Many unsupervised clustering methods [2-7], supervised
learning algorithms {8] and statistical techniques [10-11]
have been successfully used in recent years. Eisen et al,
apply pairwise average-linkage cluster algorithm to analyze
gene expression in the budding yeast Saccharomyces
cerevisiae [2]. Reference [4] and [5] show other examples of
implementation of hierarchical clustering (HC) algorithm.
Although HC provides a very informative visualization of the
clustered data, it lacks robustness [7] and does not have
favorable scalability properties. This is mainly because of its
huge memory demands in the case of very large data sets,
which are typical of genome expression data clustering
problems. Neural networks provide a good solution for gene
expression data analysis with their features and capabilities
that have already been proven in pattern recognition and
many other applications. Brown et al. illustrate the value of
Support Vector Machines in classifying genes functionally by
using gene expression data [8]. Tamayo et al. construct Self-
Organizing Feature Map (SOFM) architectures to cluster
gene expression patterns both in yeast cell cycle and in
hematopoietic differentiation across four cell lines [7]. While
SOFMs [25] enjoy the merits of topological order
preservation and input space density approximation [26],
convergence-related aspects of its training phase may become
serious issues with very large data sets. Additionally, trained
SOFMs may be suffering from input space density
misrepresentation [26], where areas of low pattern density
may be over-represented and areas of high density under-
represented.

Recent cancer research based on DNA microarray
expression experiments demonsirates the effectiveness of
cancer classification by gene expression data [5,9,12-15].
Golub et al. describe cancer classification as two challenges:
class discovery and class prediction and use Self-Organizing
Map to discriminate two types of human acute leukemias [9].
Alizadeh et al. identify two molecularly distinct forms of
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diffuse large B-cell lymphoma by comresponding gene
expression profiling {13]. Furthermore, Ross et al. construct a
gene expression database to study the relationship between
genes and drugs for 60 human cancer cell lines, which
provides an important criterion for therapy selection and drug
discovery [5].

In the study, we use a new family of neural network
architecture — Ellipsoid ART and ARTMAP (EA/EAM) {17]
to analyze publicly accessible data sets on cancer research,
including AML/ALL leukemia data set and the Colon cancer
data set. EA/EAM have the properties of fast, stable and
finite learning, They can create nonlinear boundaries by using
hyper-ellipsoids to represent the generated categories. In the
paper, we demonstrate the potential of EA/EAM in
successfully addressing the challenge of processing and then
interpreting massive, multidimensional data collections with
computational efficiency and satisfying results.

The paper is organized as follows. Section 2 presents a
brief introduction to EA/EAM. Section 3 describes the data
sets and experimental methods. The results of experiments
are presented and discussed in section 4 and section 5
concludes the paper.

II. ELLIPSOID ART & ARTMAP

Ellipsoid ART (EA) and Ellipsoid ARTMAP (EAM) were
first introduced in [17] and are two neural network
architectures based on the Adaptive Resonance Theory
(ART) developed by S. Grossberg in [19]. While EA utilizes
unsupervised learning to cluster unlabeled input patterns,
EAM is capable of learning associative maps between an
input and an output space. As a special case, when the output
space consists of a set of class labels, EAM can be used as a
classifier. EA and EAM naturally evolved as a generalization
of Hyper-sphere ART (HA) and Hyper-sphere ARTMAP
(HAM) presented in [20] and follow the same learning and
functional principles of Fuzzy ART (FA) [21] and Fuzzy
ARTMAP (FAM) [22].

Figure!l: Eilipsoid ART category embedded in a 2-dimensional input
space.
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FA and FAM accomplish their clustering and mapping
tasks by aggregating distributions of data via the use of FA
categories. The geometric representations of such categories
are hyper-rectangles embedded in the input space. The
motivation behind EA/EAM’s designs was to develop new
types of ART-based neural networks that have similar
structure and properties of learning to FA and FAM
respectively, while utilizing a different, more effective and
efficient geometric shape for the summarization of data.

Both EA and EAM employ EA categories for the task of
data aggregation, whose geometric representations are hyper-
ellipsoids. Figure 1 shows an example of such a
representation for a 2-dimensional input space.

As shown in the figure, each EA category j is characterized
by a collection of descriptive quantities, which are called
template elements: a location vector my, an orientation vector
d; and the length R; of its major semi-axis (radius). During
the training phase of EA and EAM, learning is accomplished
by creating new categories or by expanding already existing
ones. A category’s template elements are updated
incrementally in the light of new evidence provided by the
presentation of input patterns.

il_nt_eL-i_\BT_ module

-

fm——————

ARTa module

ART, module
Figure 2: Ellipsoid ARTMAP block diagram

Figure 2 illustrates the block diagram of an EAM network,
which resembles the one of FAM. EAM consists of two EA
modules (ART, and ART,) interconnected via an inter-ART
module. The ART, module clusters patterns of the input
domain and ART, the ones of the output domain. The
information regarding the input-output associations is stored
in the weights wf'b of the inter-ART module, while EA
category descriptions are contained in the template vectors
w;. These vectors are the top-down weights of F-layer nodes



in' each module. Finally, let us note that an EA network
consists of a single, standalone ART module.

Due to their design, EA/EAM inherit all the characteristics
and properties of learning of FA/FAM. Among those there
are particular features that are very desirable, when it comes
to clustering or classification tasks. First, due to their
incremental learning nature, EA/EAM are capable of both on-
line and off-line (batch) learning. Using fast learning [17] in
off-line mode both networks stabilize fast in a finite number
of epochs. The computational cost of their training phase is
relatively low and both networks can cope with large
amounts of multidimensional data maintaining the same
efficiency. Another important feature of EA/EAM is the
capability of detecting atypical patters during either their
training or performance phase. The detection of such patterns
is accomplished via the employment of a match-based
criterion that decides to which degree a particular pattern
matches the characteristics of EA categories that have been
formed due to previously experienced inputs. Owing again to
their structure, EA and EAM are transparent learning
machines, meaning that their response to an input pattern can
be interpreted and explained in a straightforward manner.
This fact contrasts other, opague neural network
architectures, for which it is difficult, in general, to explain
why an input x produced a particular output y. Finally,
EA/EAM can be easily implemented as algorithms. The
interested reader may find more details regarding EA, EAM
and their characteristics in [23].

HI. DATA SETS AND EXPERIMENTS

We use two data sets to test EA/EAM performance in
cancer classification. The first data set is the leukemia data
set that can be downloaded at htip:/fwww-
genome.wi.mit.edwMPR/data_set ALL._ AML.htmi.  This
data set consists of 72 samples, including bone marrow
samples, peripheral blood samples and childhood AML cases.
These samples are divided as a training set (38 samples) and
a test set (34 samples). Among 72 samples, 25 are acute
myeloid leukemia (AML) and 47 are acute lymphoblastic
leukemia (ALL), which is also composed of two subclasses
due to the influences of T-cells and B-cells. The expression
levels for 7129 genes (including 312 control genes) were
measured across all the samples by high-density
oligonucleotide microarrays {9]. The data are finally

expressed as the matrix £ = {e; j}72x7129’ where ¢; j

represents the expression level of gene j in tissue sample i,
Linear transformation is needed to scale all inputs into the
interval [0,1], so that EAM can attain better compression. The
other data set is available at
http://microarray.princeton.edu/oncology/affydata/index.himl
. Gene expressions for more than 6500 genes were measured
using oligonucleotide microarrays and 2000 genes with
highest minimal intensity were selected [12]. There are 62
colon tissue samples in the data set in which 22 are normal
tissnes while 40 are tumor ones. The final matrix is in the
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formof T = {ti, j}62x2000 . We also studied a subset of the

colon cancer data set, which includes 18 paired
adenocarcinoma  samples [15] and available at
hitp://microarray.princeton.edu/oncology. 4002 genes were
selected with the average expression level equal to or greater
than 10.

EAM was utilized to classify two types of leukemia
cancer: AML and ALL. Considering that many genes may
not contribute to the discrimination of these two types of
tumors, we generated another seven subsets by choosing the
top 3000, 1000, 500,100, 50, 10, and 5 genes. Following the
criterion used in [9], we can rank genes by calculating the
discriminability of each gene as follows:

YT AORE FTVAL)

D(l) = s
Where u 4pg (O and u Apg, (P are the mean values of gene

i for the samples in class ALL and class AML, o 4z (@) and

T AML (i)} are the standard deviations of gene i for the

samples in class ALL and class AML. Then the value of D
reflects the expression level difference between the two
classes for each gene. Gene expresses itself most differently
in the classes has the highest score. Top genes were selected
according to the standard. Clustering experiments were also
performed for the leukemia data set by EA. Top genes were
still chosen 1in this case.

As done in [14], we used the jackknife approach, which is
also called leave one out cross validation, to analyze the
Colon cancer data set and its subset. For a data set with n
samples, the classifier is trained n times. Each time, a
different single sample is left cut as the test point and the
other n-1 samples are used to train the classifier. Performance
evaluation of the classifier is estimated by considering the
average accuracy of the n cross-validation experiments, In the
experiment, performance was measured by examining the
number of true positives (TP), true negatives (TN), false
positives (FP) and false negatives (FN). True positives are
normal samples classified in accordance with their labels.
True negatives represent the correct classification for tumor
samples. False positives are tumor samples that are
misclassified as normal ones and false negatives are the
normal samples wrongly placed in the tumor class.
Informative genes were also selected as the method described
above.

IV. RESULTS

Table I describes the classification results for the leukemia
data set, For the training set, no matter how many genes we
selected, EAM can identify all samples in it due to its feature
of fast learning. While for the test set, the best result was -
obtained when we chose the top 100 to top 10 genes. In these
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cases, EAM can classify 33 out of 34 test samples correcily.
Among all examples, sample AML66 was consistently
misclassified as ALL. This shows that AML66 may be an
outlier, The same conclusion is derived by other analyses,
such as principal compenent analysis and muiti-dimensional
scaling algorithm [16].

TABLE . BEST PERFOCRMANCE OF EAM FOR CLASSIFICATION

OF AML AND ALL
The
number of Training accuracy Test accuracy
genes
7129 38/38 29/34
3000 38/38 30/34
1000 38/38 32/34
500 38/38 32/34
100 38138 33/34
50 38/38 33/34
10 38/38 33/34
5 38/38 31/34

The results also suggest that it is crucial to select
appropriate number of informative genes in the preprocessing
phase. Too many or too few genes both will deteriorate the
performance of the EAM classifier. Many genes are not
related to the ALL/AML classification and including them in
the data set will bring noises into the classification system.
On the other hand, important information will be wrongly
discarded with inadequate genes chosen. Table II lists the top
10 genes with which EAM classifier obtained the highest
accuracy.

TABLE H. TOP 1} GENES WITH WHICH EAM CLASSIFIER
OBTAINED THE HIGHEST ACCURACY

Gene
Accession Gene description
Number
M55150 FAH Fumarylacetoacetate
Leukotriene C4 synthase
usoe (LTC4S) gene
X95735 Zyxin
C-myb gene extracted from Human (¢c-myb)
U22376 gene, complete primary cds, and five
complete alternatively spliced cds

MI16038 LYN V-yes-1 Yamaguchi sarcoma viral

rclated oncogene homolog

CD33 CD33 antigen
M23197 (differentiation antigen)
M84526 DFD component qf
complement {adipsin)

Y12670 LEPR Leptin receptor

GB DEF = Homeodomain
82759 protein Hox A9 mRNA

Liver mRNA for intcrferon-gamma

D49950 inducing factor (IGIF)
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Figure 3: Clusters of ALL and AML by EA

Figure 3 depicts the clusters for the leukemia data set
generated by EA with a set of parameters (the number of
genes n=100, the ratio between the length of the major axis
and minor axes p=0.6, the leaming rate y=0.8, the vigilance
parameter p=0.6, the choice parameter =0.5). In the figure,
AML samples are represented as circles and B-cell ALL and
T-cell samples are shown as asterisks and crosses,
respectively. The ALL samples are grouped into 4 classes
while the AML samples form 5 categories. Again, AMLG66 is
misclassified as ALL. Another error occurs when ALLSG is
clustered with other two AML samples. From the figure, we
also can see that EA can identify two subsets of ALL
samples. T-cell samples are all clustered as one category
except ALL11 and B-cell samples are distributed in the other
three categories.

Results for the Colon cancer data set and the subset are
summarized in Table III. In this case, there is just a slight
{5%) improvement when we used the reduced-dimensional
data set. For the best performance (n=30, n=0.8, v =0.14,
p=0.55, 0=0.9), false positives include tissue samples T30,
T33 and T36, and false negatives are normal tissues N8, N34,
and N36. This is similar to the clustering results shown in
[12], in which three normal samples N8, N12, and N34 and
five colon tissues T2, T30, T33, T36 and T37 are placed in
the wrong branches of the binary tree. Alon provided an
explanation for the observed error through studying the
muscle index of each tissue [12]. It is said that normal tissues
usually have higher muscle indices than those of tumor
tissues. Our results show stronger support for the
interpretation. All false positives we obtained have muscle
indices (T30: 0.4, T33: 0.7, T36: 0.7) much higher than the
average of the rest tumor tissues (0.119), and so for the false
negatives (N8: 0.2, N34: 0.2, N36: 0.1, average: 0.626). The
results also manifest that EAM can work very well for the
colon subset, with 97% classification accuracy for all 4002
genes and 100% for top 50 informative genes. The previous
misclassified samnples, including T33, N34 and N8 can be
identified correctly. This may result from the different
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microarray experiment and need biologists to make further
analysis.

TABLE IIl. PERFORMANCE FOR COLON CANCER

CLASSIFICATION
Data set Num- TP TN F}F Accuracy
ber of P|N
genes
Colon 2000 19 33 713 52/62
50 19 37 313 56/62
Subset 4002 17 i8 01 35/36
50 18 18 610 36/36
V. CONCLUSIONS

We utilize a new family of neural networks architectures —
EA/EAM in tissue classification by analyzing gene
expression profiling. The produced experimental results
demonstrate that EA/EAM can help to find potential
information under these large-scale data sets. These can be
very useful for diagnosis of different types of tumors, We
also expect that EA/EAM can be used in other tasks like
functional classification of genes. Future work will include
more experiments with more complex data sets.
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