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Abstract

The paper preserts a novel genericmethod for on-line
feature extraction from an incremenally trained
connectionist system. The method is applied on a
case study problem of identifying genesrelated to
classesof diseasesjn particular - 14 typesof cancer.
The method is based on the ewlving connectionist
systemsECOS paradigm. The analysis of the discov-
eredfeaturesthrough the application of the proposed
method on the case study data, demonstrates the
potential of the method for solving important real
world problems, such as the problem of de ning
genesrelated to diseases.
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1 Intro duction

On-line learning in connectionist knowledge-based
systemsis concernedwith the processof a cortinu-
ous training of a neural network model on a stream
of incoming data and subsequeh extraction of up-
dated knowledge (rules) that explain the assaia-
tion between the input variables and the output
variables (e.g. classes)(see for example (Kasabov
2002,Kasabov 2001)). In many caseshe set of input
variables contains redundant featuresthat constitute
\noise" and do not reveal signi cant input-output
characteristics in the data. Feature extraction, as a
generictask, is concernedwith 'nding important in-
put variables (features) that de ne output variables
(classes).

The paper preseris a generic method for on-line
feature extraction from a continuously trained neural
network and illustrates the method on a real world
problem of "nding relevant genesto classesof cancer
basedon geneexpressiondata.

The treatment of canceris an areawhich requires
an accurate and reliable diagnosis. Much researd is
being undertakento "nd suitable methods of classify-
ing tumors and identify genesthat are involved with
di®eren typesof cancer. Microarray technologiesare
useful in this area becausethey provide a method
of extracting expressiondata relating to large num-
bers of genes(Lee 2001, Rao, Bond 2001). There
are seweral approachesto analysing this data, some
of them being: (1) to cluster the genes;(2) to Tter
the genes(Wu 2001).

The clustering approac attempts to group genes

into clusters on the premise that geneswith similar
expressionpatterns are likely to be involved in the
sameregulatory processesAlternativ ely, Ttering at-
tempts to identify speci ¢ genesthat are di®erertially

expressedbetweensamplesor conditions. The latter

approad is especially useful in the study of cancer
tumors asit identi es unusual patterns in the expres-
sion of genes.In this way a geneor seweral genescould
be found to be over-expressedn one type of cancer,
leading to potential drug targets in the treatment of
the cancer.

Whichewver approad is being taken to analysethe
geneexpressiondata, the ultimate goalisto obtain an
accurate and reliable model of the data. This is not
always adchieved when using sometechniques, includ-
ing machine learning. Thesetechniquesare often slow
and sometimesinaccurate when dealing with large in-
put spaces.A timely responseis important, especially
if the results of thesecancerclassi ers are to be used
in medical diagnostics (Roth 2001). Microarray data
usually consistsof expressionlevels for thousands of
genes, often relating to a small number of samples
(tens). For this reasonthe rst stepin the modelling
processshould be to perform somemethod of feature
selectionto reducethe input space.

2 Feature selection

Feature selectionis the “rst phaseof information pro-
cessing,and perhaps the most crucial when dealing
with large multiv ariate data sets. Feature selectionis
a natural ability of humansthat is usedinstinctiv ely
when addressinga problem. For example, during a
job interview the interviewer will have a prearranged
set of questions(features) to askthat will gather data
relevant to the job requiremerts. This reducestime
aswell asthe amount of data, and the interviewer is
left with a set of data that is directly related to the
interviewee and job.

There are a number of approacesto feature selec-
tion, someof them applied on gene expressiondata
(Dudoit, Fridlyand, Speed 2002, Roth 2001, Xiong,
Fang, Zhao 2001). One sudc approach is Fisher
linear discriminant analysis which attempts to nd
linear combinations of the gene expression levels
so that the ratio of between-groupto within-group
sum of squaresis maximised (Wuju, Momiao 2002).
Another approad is to use a signhal-to-noise ratio
calculation (Ramaswamy et al. 2001, Yeang et al.
2001, Shipp et al. 2002) to calculate the distance be-
tweento classeswith respect to the variation within
the classes.



3 Mo delling

There are a number of methods that have beenshown

to be successfuin modelling geneexpressiondata for

classi cation and prediction of cancerclasses.These
include self-organising maps (Golub et al. 1999),
multi-la yer perceptron neural networks (Kahn et al.

2001), support vector machines (SVM) (Ramaswamy

et al. 2001), ewlving fuzzy neural networks (Kasabov,

Middlemiss, Futschik 2001). SVM for example work

by attempting to nd a hyperplane that separates
positive and negative exampleswith that maximum

distance between the nearest positive and negative
examples. The data that we will useas a casestudy

for the methodology proposed here, is the one used
by Ramaswamy et al.. Instead of modeling this data

using support vector machines, we will use a novel

methodology involving Evolving Connectionist Sys-
tems (ECoS).

3.1 Evolving Connectionist Systems

The ECoS framework is usedto dewelop neural net-
works, or connectionist-basedsystems, which ewlve
through interaction with their environment (Kasabov
2002, Kasabov 2001). These systemslearn quickly
from large amount of data by ewlving their structure
to accommalate data presenred to them. This ewolv-
ing or adaptive structure allows the systemto accom-
modate new features in real-time during the life of
the system. An ECoS beginswith a minimal initial

set of connections between neurons or nodes in the
structure, and these connectionsadapt as nodes are
addedto and removed from the hidden layer through
the learning process.

The dynamic, ewolving structure of the ECoS al-
lows these systemsto overcome problems that are
often asseiated with traditional connectionist-based
systems,such asdizcult y in selectionof initial struc-
ture, catastrophic forgetting, over-training, multiple
passegequired for training, and inability to perform
on-line training.

4 Case Study Data

In this paper we usethe geneexpressiondatabasecre-
ated by Ramaswamy et al. (Ramaswamy et al. 2001).
This database contains gene expressionlevels for 90
normal tissue samplesand 218 tumor samplesfrom
14 common tumor types. Each sample has the ex-
pressionlevel of 16,063genesand expressedsequence
tags (ESTs). 20 of the tumor sampleswere shovn
by Ramaswamy et al. to be poorly di®ereriated re-
sulting in unsatisfactory classi cation. As we intend
to identify patterns in geneexpressionlevelsthat dif-
ferertiate betweentumor types, we used the tumor
samplesfrom the databaseexcluding the poorly dif-
ferertiated samples.

5 Prop osed generic metho dology

The methodology proposedhere employs an Evolving
Fuzzy Neural Network (EFUNN) which is arealisation
of the ECoS framework. The EFUNN incorporatesall
the features and bene'ts of using an ECoS, as well
as the rule extraction capabilities of a fuzzy neural
network.

The methodology (' gure 1) is comprisedof the fol-
lowing main phases:(1) Train cortinuously an evolv-
ing connectionist systemon incoming data thus creat-
ing a \mother" systemthat accommalates all avail-
able data; (2) Extract featuresrelevant to the output

classedrom the \mother" system;(3) Create a model

basedon the selectedfeaturesand the output classes.
As explained below, the ewlving fuzzy neural net-

work EFUNN (Kasabov 2002, Kasabov 2001)is used
in both step 1 and step 3.

5.1 Feature Selection

Feature selectionis performed through the extraction
of rules from an EFUNN created by supervisedtrain-
ing on all available data. The EFuNN training pa-
rameters are optimised sothat the classi cation error
is minimised and the EFUNN models most closelythe
features presert in the data.

Each node in the hidden layer of the EFUNN rep-
reseris the certer of a cluster of similar samplesand
can be expressedsemariically as a rule. Each rule
relates to the pattern of input feature levels for one
or more samplesbelongingto a particular classfrom
the data set. An example of what a rule might look
like when extracted from the EFUNN is shown below.

LOW (0.80) and
HIGH (0.76) and
HIGH (0.91) and
LOW (0.80) and
LOW (0.87) and

if VAR1 is
VARS is
VAR12is
VAR25is
VAR31is

then CLASS Zs VERYLIKELY
(with a membership degree of 0.92)
AccommodatedTraining Examples in this rule
are 10 out of 50\

Radius of the cluster for this rule is 0.15.

The rules are then analysedin order to identify a
set of variables that are signi cant in distinguishing
between classes. This is achieved by ranking ead
variable g, according to its importance in the rules
for eadh classc using the following formula:

Rank(gi;c) = [avg(di)c i avg(gi)an l[ava(Qi)rest i avg(gi)an |

Where:

avg(gi ). is the averagevalue of geneg; acrossclassc;
avg(gi)a is the average value of gene g, acrossall
classes;

avg(gi)rest is the averagevalue of geneg; acrossall
the classesother than classc.

Using this formula ead input variable is assigned
a value between -1 and O for ead class. For eadh
class,variables are then selectedif their rank value is
above a set threshold value. This value is altered in
order to selectan optimal set of input features. Any
variblesthat are selectedthrough more than oneclass
are only included oncein the feature set.

5.2 Mo delling

Oncethe feature selectionphaseis complete, the orig-
inal data setis minimised by removing any features
not presern in the feature set. This new data is then
usedto train a new EFUNN. With the minimised fea-
ture spacethe time for training will be signi cantly
reduced. The performance of the EFUNN should be
evaluated and training parameters modi ed so that
the classi cation error is minimised and the gener-
alisation ability of the model is maximised. Once an
optimal EFUNN model is createdthis can beincluded
into an appropriate information system.

6 Implemen ted System

In order to test the e®ectienessof the proposed
generic methodology on geneexpressiondata in par-
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Figure 1: Diagram of proposedmethodology.

ticular, we deweloped a system called Gene Pattern
Viewer. The purpose of this system is to identify
patterns in geneexpressionlevels in ead of the tu-
mor classes. In a particular experiment, we applied
the feature selection method and minimised the fea-
ture spaceof the casestudy data from (Ramaswamy
et al. 2001) from 16,063to 399 genes. This data set
was then usedto train an EFUNN to model patterns
of geneexpressionin ead of the 14 tumor classes.

Rulesare extracted from the EFUNN that describe
the expressionlevels of genesfor a particular class. A
classcan be represerted by more than one rule, but
ead rule describesonly oneclass. A pattern for eadh
tumor classis then generated by combining all the
rules relating to that class. A geneis included in the
pattern if the membership degree of its expression
level (HIGH/LO W) is above a given threshold in all
rules relating to that particular class.

The threshold givesan indication of the charater-
istics of the featuresin the pattern. In this instance
the threshold indicates the importance of the genesin
the pattern. For exampleif genex is preser in the
pattern for Breast Adenocarcinomawhen the thresh-
old is 0.9, it is likely that this is an important gene
for this class. That Is, the membership degreeof this
genein the rules extracted from the EFUNN is above
0.9in all rulesrelated to this class. In somecaseshe
threshold must be set relatively low. This does not
mean that the feature (gene) is not important, just
that it is not a strong feature in this pattern even
though it is commonto all rules related to that class.

The graphical interface is shown in gure 2. A
pattern is showvn on the graph for ead of the 14 tumor
classes.A red line represens a high expressionlevel
for ageneand a greenline represens a low expression
level for a gene. The relativ e strength of thesecolours
represens the averagemenbership degreefor a gene,
indicating the strength of the gene'sparticipation in
the rule.

The graphical interface alsoallows the userto view
the individual rules, asshown in "gure 3. This allows
avisual interpretation of the rulesthat make up a par-
ticular pattern. This may be useful, especially when

appear in all the rules.

Figure 2: GenePattern Viewer Interface.

Figure 3: View rules for a particular class.

7 Results

The application of the feature selectionmethodology
on medical data and in particular on gene expres-
sion data, is presered in (Reewe, Futschik, Sullivan,
Kasabov, Guilford 2002). The Ramaswamy data (Ra-
maswamy et al. 2001) was used as an illustration.

Here a smaller number of genes,from a selectednum-
ber of cancerclassesare extracted asimportant fea-
tures from the casestudy data set are given here as
an illustration of meaning of the discovered features
(genes). An arbitrary threshold of 0.7 was chosen,
and all classeswith four or fewer genesabove this
threshold had their genesanalysed. Some of these
geneswere found by biologists to be of interest for
cancerreseart.

The proposedmethod for feature extraction is in-
tended to be usedfor on-line learning systemssuc
as the demonstrated gene expressiondata analysis
and pro’ling case study. Further analysis of the
genesidenti ed in this paper using the Gene Pat-
tern Viewer systemis needed,as these genesappear
to have many varied functions, from rib osomal pro-
teins, to well known cancermarkers,to ESTs with no
known function. Their commonality is that they are
all involved in rules that describe a particular set of



cancerclasses.lt is unclear if the changesin their ex-

pressionare causative of cancer,or simply consequen-
tial. Either way most can be assignedmportant roles
in the current understanding of cancer. Such roles or

processednclude intercellular communication, cellu-

lar developmert and hyperactivity.

This is an extremely positive outcome, and sup-
ports the further useof EFUNN for developing cancer
diagnostic tools. It is also possiblethat someof the
genesdenti ed may be usefulaspotential drug target
sites. For instance the EST involved in prostate ade-
nocarcinomaappearsto be a transmembrane protein,
and therefore would be presert on the cell surface.
This would make a useful drug target regardlessof
its role in causingcancer,provided it wassigni cantly
over expressedn cancercells, relative to normal cells.

The ESTs of unknown function should be investi-
gated with traditional biochemical methodsto estab-
lish their function, and role in carcinogenesis. It is
possiblefor these ESTs to have a direct role in the
cancer, as sometimesthey are novel genesresulting
from mutation. It is likely that those recognisedby
the EFUNN are likely to be particularly interesting,
becauseof their prevalencein certain cancerclasses.
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