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ABSTRACT

Motivation: An important challenge in the use of large-
scale gene expression data for biological classification oc-
curs when the expression dataset being analyzed involves
multiple classes. Key issues that need to be addressed un-
der such circumstances are the efficient selection of good
predictive gene groups from datasets that are inherently
‘noisy’, and the development of new methodologies that
can enhance the successful classification of these com-
plex datasets.

Methods: We have applied genetic algorithms (GASs)
to the problem of multi-class prediction. A GA-based
gene selection scheme is described that automatically
determines the members of a predictive gene group,
as well as the optimal group size, that maximizes clas-
sification success using a maximum likelihood (MLHD)
classification method.

Results: The GA/MLHD-based approach achieves higher
classification accuracies than other published predictive
methods on the same multi-class test dataset. It also
permits substantial feature reduction in classifier genesets
without compromising predictive accuracy. We propose
that GA-based algorithms may represent a powerful new
tool in the analysis and exploration of complex multi-class
gene expression data.

Availability: Supplementary information, data sets and
source codes are available at http://www.omniarray.com/
bioinformatics/GA.

Contact: cmrtan@nccs.com.sg

INTRODUCTION

promise is in the field of molecular diagnosis, where
the phenotypic classification of a biological sample is
largely based on gene expression data. Examples of such
phenotypic classifications include tumor subtypes (lung,
colon, etc.) and the prediction of chemotherapy response
(Stauntonet al., 2001). A significant advantage of this
new approach is that classification schemes based upon
molecular data can often detect biological subtypes that
have traditionally eluded more conventional approaches
(Alizadehet al., 2000; Bittneret al., 2000).

Several mathematical approaches have been developed
to identify and select key predictive genes in an expression
dataset for use in classification. Currently, most of these
reports have focused on situations where the expression
dataset being analyzed contains only two (binary) to three
major classes (e.g. cancer versus normal tissue, response
to treatment versus no response) (Alehal., 1999;
Stauntoret al., 2001; Liet al., 2001; Zhanget al., 2001).

A much more challenging situation occurs, however,
when the expression dataset in question contains multiple
classes. Under such scenarios, (especially when the
number of classes exceeds five), the methodologies that
suffice for binary or 3-class (Kelleat al., 2000) datasets
may not necessarily produce comparable accuracies for
larger, more complex, datasets. For example, Dudoit

al. (2000) compared various methods of classification on
three microarray datasets: a 3-class lymphoma dataset
(Alizadeh et al., 2000), a binary leukemia dataset that
also doubles as a 3-class dataset (Gottital., 1999)

and a dataset of cell lines corresponding to nine tumor
types (‘NCI60") (Rosset al., 2000). In that report, the

The increasing use of DNA microarrays or ‘genechips’best classifiers, while returning test error rates near 0%
to generate large-scale gene expression datasets has fedthe binary and 3-class datasets, nevertheless returned
to several important statistical and analytical challenges? minimum test error rate of 19% for the NCI60 dataset.

One area in which this technology is showing excitingExampleS such as these indicate that there is a strong

*To whom correspondence should be addressed.

need for the development of better algorithms that can
effectively analyze multiple-class expression data.
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One potential reason for the reduced performanc&&YSTEM AND METHODS
accuracy observed in the multi-class scenarios may bgataset and Data Preprocessing

that many gurrently used approaches rely upon rank-baseﬂw NCI60 gene expression dataset contains the gene
gene selection scheme_s (sugg_ested by Detlalt, 2000). expression profiles of 64 cancer cell lines as measured
While they are good at identifying genes th_at_are_ strongl)by cDNA microarrays containing 9703 spotted cDNA
correlated to the target .phenotype cla§s distinction, ra”ks'equences (Ross al., 2000), and was downloaded from
based methods tend to ignore correlations between genegtp://genome-www.stanford.edu/sutech/download/nci60/
In addition, previous methodologies also suffer from thegrossarraysnci60.tgz. Following other reports (Dudeit
constraint that the size of the predictor set has to beyl., 2000), the single unknown cell line and two prostate
specifieda priori. Thus, it is unclear if the number of cell lines, due to their small number, were excluded
genes used in the final predictor set is actually the optimarom analysis, leaving a total of 61 cell lines with nine
number to generate an accurate class prediction. sites of origin: breast (7), central nervous system (6),
Genetic algorithms (GAs), as introduced by Goldbergcolon (7), leukemia (6), melanoma (8), non-small-cell-
(1989), are randomized search and optimization techiung-carcinoma or NSCLC (9), ovarian (6), renal (8) and
niques that derive their working principles by analogy toreproductive (4). _ _ o
ewlution and natural genetics. Because they are aided During data preprocessing, spots with missing data,
by large amounts of implicit parallelism (Grefenstettecontrol, and empty spots were excluded, leaving 6167

and Baker, 1989), GAs are capable of searching foP€NeS: For each array, the expression data of each spot was

optimal or near-optimal solutions on complex and Iargenormallzed by subtracting the mean of the Cy5/Cy3 ratio

. . f the control spotsjicontror from the Cy5/Cy3 ratio of
spaces of possible solutions. Furth_ermore, GAS.a"(.)V\Zach spot, and dividing the result by the standard deviation
searching of these spaces of solutions by considerin

S . . . 8f the Cy5/Cy3 ratio of the control spots; . In
multiple interacting attributes simultaneously, rather than analyysis, \yve used a truncated dataget ccc;)gttg)ilning 1000

by considering one attribute at a time. Because of thesga o yith the highest standard deviation value (ranging
advantages, GAs may represent another useful tool i},m 0.8112 to 2.421), which are numbered from 1 to

the classification of biological phenotypes based on genggop. These genes are henceafter referred to by their index
expression data. Previous reports have described the uggimbers (1 to 1000).
of GAs for binary class prediction problems (ki al., The second dataset (‘GCM’) (Ramaswaney al.,
2001). However, despite their suitability for addressing2001)) was downloaded from http://www-genome.wi.
problems involving large solution spaces, the potential fomit.edu/mpr/publications/projects/Glob@ancerMap/,
using GAs in multiple-class prediction settings has to dateand contains the expression profiles of 198 primary tumor
remained unexplored. samples, 20 poorly differentiated adenocarcinomas and
In this report, we use the parallelised searching capabilf0 normal tissues samples as measured by Affymetrix
ity of GAs to design a gene-selection scheme that detefGenechips containing 16063 genes and ESTs. Only
mines the optimal set oR genes in a multi-class dataset the 198 primary tumor samples are considered in this
which classifies the samples within the dataset with minWork, to make the results comparable to that reported by
imal error. Using this approach, it is possible not only toRamaswamyet al. (2001). The 198 samples originate

determine the specific genes that should belong to a prdl©M 14 sites of origin: prostate (14), bladder (11),

dictor set, but also the optimal size of the predictor Set’melanoma (10), uterine (10), leukemia (30), breast (12),

from within a pre-specified range. This approach is radi_colorectal (12), renal (11), ovarian (12), pancreatic (11),

. . lung (12), lymphoma (22), central nervous system (20)

cally different from another GA-based method utilized by ;
) . . I [ thel 11). Th t -
Li et al. (2001). Using a common test multi-class datasetanOI pleural mesothelioma (11) e data was prepro

. ) . tessed as above to generate a truncated 1000-gene dataset,
we find that the GA-based approach delivers higher Iev(standard deviation ranging from 0.299 to 3.089).
els of predictive accuracy as compared to other previously

reported methods. In addition, using another multi-clas®ver all M ethodology

dataset, we show that the GA-based approach is also cappre GA/MLHD classification strategy consists of two
ble of delivering predictive accuracies that are comparable,ain components: (1) a GA-based gene selector and (2)
to other methods using classifier genesets of substantially maximum likelihood (MLHD) classifier. Component
fewer features than previously required. We propose thatl) finds a set ofR genes that is used to classify the
GA-based algorithms may represent a powerful new altersamples, whereR lies in the pre-specified rangéRfin,
native in the analysis and exploration of complex multi- Ry5,. The actual classification process is performed using
class datasets. component (2). Each individual in the population thus
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represents a specific gene predictor subset, and a fithessmdom string is produced by randomly generating one
function is used to determine the classification accuracynteger (represented by) in the rangd Rmin, Rmax] plus

of a predictor set. Rmnax integers (the gene indices) in the rande 1000
as its attributes. Each string in the population is then
ALGORITHM evaluated using the fitness function

Genetic Algorithms (GASs)

. . . f = 200— (E E 1
In GAs, each potential solution to a problem is represented ) (Ec +E1) @)
in the form of a string, which contains encoded parameterghere Ec = cross validation error rate, an&, =

of the solution (Holland, 1992). A string is dubbed ai,gependent test error rate, which are obtained by using
chromosome or an individual, while a parameter is alsqpg genes contained in strir§ as variables to classify

called an attribute. A pool of strings forms a population.ggmples with an MLHD classifier (see below).
Initially, a population is initialized by creating a series of

random strings such that each string represents a poiSgection, Crossover and Mutation

in solution space. A fitness function is then defined 107y, gelection methods were used to select the strings for
measure the degree of goodness of a string. In essengfe mating pool: (i) stochastic universal sampling (SUS)
the fitness value associated with a string indicates thgnq jj) roulette wheel selection (RWS) (described in detail
optimality of the solution that the string represents. by Goldberg and Deb (1991)).

_The selection process is based on the principle of 'sur-"cnssovers operations were performed by randomly
vival of the fittest’. A few strings are chosen from the total choosing a pair of strings from the mating pool and then
populatlon_, and eac.h chosen string is then aSS'gf?ed anumsplying a crossover operation on the selected string pair
ber of copies to go into a mating pool based on its fithesg i, probability pe. Two offspring strings are produced
value. Next, by applying genetic operators (Crossover angy o qh the exchange of genetic information between

mutation) on the strings in the mating pool, a new populaye o parents. This probabilistic process is repeated
tion of strings is formed for the next generation. The Pro-ntil all parent strings in the mating pool have been

cess of selection, crossover and mutation are repeated Iy <iqered. In the GA-based gene selector, we assess
each subsequent generation until a termination conditioRN !

crossover (described in Haupt and Haupt (1998)). In

conditions include defining the maximum number of gen-¢
erations, or the algorithm may be compelled to terminate
when there is no significant improvement to the average oTer mination
maximum fitness value of the population.

rom crossover (Spears and De Jong, 1991).

The processes of evaluation, selection, crossover and
mating are repeated fd& generations. After the entire
STRING REPRESENTATION run is complete, the string with the best fithess of all
The length of a chromosome (string) Bmax + 1.  generations is outputted as the solution. The string with
For a predictive geneset consisting d®min 10 Rmax  best overall fitness in a particular run may not necessarily
genes (wherdmin and Rmax are prespecified), the string always correspond to the ‘best’ string in the final or last
representation would be generation, and so it is common to compare all the ‘best’
R 0 G.. Oroul strings from each individual generation to one another,
T ITmaxt to determine the ultimate string with the highest overall
The first element in the stringR, denotes the size fitness.
of the predictive set represented by the string, and the .
subsequent elements, G, . ... gr,, the indices of a MLHD Classifier
subset of genes picked from the truncated 1000 gen&o build an MLHD classifier (James, 1985), a total of
dataset. Thus, the string connotes a seRopredictive Mt tumor samples are used as training samples. The

genes indexeds, gz, ..., gr. Only the firstR genes out remaining Mg tumor samples are used as test samples.
of the Rnax genes included in the string are used forFor the NCI60 dataset, the ratio betwebh and My is
classification. 2 : 1, while for the GCM dataseM; = 144 andMy = 54
L . (Ramaswamyt al., 2001). The training dataset is &hx
Initialization and Evaluation M matrix X = (xij) where elemen;j corresponds to the

An initial population is formed by creating random  expression level of genkin training samplej. A sample
strings, where the population sid¢ is prespecified. A that is to be classified by the classifier is represented as a
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column vecto® = (e1, &, ..., eR)" where elemeng is  Evaluating a Predictor Set
the expression level of gemen that sample. Both leave-one-out cross validation and independent test
Discriminant Eunction are used to gvaluate classifier performgnce. In the former,
one sample is excluded from the training set, and a new
The basis of the discriminant function is Bayes’ rule of MHD classifier is rebuilt using the remainingl; — 1
maximum likelihood: Assign the sample to the class withtraining samples. Thus, the new classifier is totally blind to
the highest conditional probability. In a domain 0Q  that excluded sample. The classifier is used to classify the
possible classes, assign the unknown sample to glidss  |eft-out sample, and the procedure is then repeated for all

P (Gql8) > P (G 8 ) of the M; training samples. In independent test, the MLHD
N classifier is built using alM; training samples, and is used

sample belongs to clagggiven that its gene expression the independent test error ratefis — K(TL; « 100, where

data vector equaks q h ber of misclassified les in th
The computation of the discriminant function for class A€ andy are thé number of misclassiied samples in the
ss validation and independent tests respectively.

g is based upon two parameters; the class mean vector al%flj'his evaluation method differs from that used by Dudoit

the common covariance matrix. Fokq training samples . .
that belong to class, the mean of expression of genes et al. (2000), Who used 150 dlff_erent learning/test sets. We
use only a set; hence evaluation through cross validation
1 M and independent test is needed in order to have an unbiased
Ma.i = Mg D = a) - i (3)  estimate of classifier performance.
k=1

wherel (e) is the indicator function which equals 1 if the OPtaining Predictor Genes Through Rank-Based

argument inside the parentheses is true, and 0 otherwish €thods

The class to which samplebelongs to is denoted a&x. To compare the predictor genesets discovered by the

Putting thesuq,i for all i together forms the class mean GA/MLHD classifier to genesets obtained by other

Vedor jiq = (iq,1, Aq,2- - - Iq R)T rank-based strategies, we applied two rank-based methods
The class covariance matri, is the covariance matrix t0 the truncated 1000 gene dataset. The first is the gene

of the truncated expression data for all training sample§election method employed by Dudogt al. (2000),
belonging to clasg in which genes are ranked on the basis of the ratio

of between-groups to within-groups sum of squares
o1 o1z -+ OIR (BSS/WSS). The second method adapts the binary-class
oo . . : signal-to-noise (S2N) ratio introduced by Goleb al.
g = . ) . . (4) (1999) for multi-class scenarios. Here, f@r classes, a
: I one-versus-all (OVA) approach is used to forr® 2ets
ORL '+ ' ORR of top-ranked genes. For each class, one set of positively
whereoij = covariance between the genand the gene correlated genes (largest positive S2N ratio) and another
j in classg. The ‘pooled estimate’ of all class covariance Set of negatively correlated genes (smallest negative S2N

matrices is the common covariance matrix (James, 1985yatio) are formed. One top positively correlated gene and
one top negatively correlated gene were selected for each

T = ! XQ: ¥ ) class, bringing the number of chosen genes to 18, since
S M-QET Q = 9 for our dataset (see Supplementary Information
- for details).

By using the common covariance matrix, the normality
and the equal class probability assumptidr$Gq) = % RESULTS

forallg € {1, 2, ..., Q}, the linear discriminant function Obtaining the Best Predictor Set for a Particular
in the classifier becomes Set Size Range

fq(8) = fig 218 — }ﬁTE‘lﬁq. (6) Wetested our GA-based gene selection methodology on a
d 2" gene expression dataset containing nine classes (‘NCI60°),
Hence, the maximum likelihood (MLHD) classification which previous methodologies have had difficulty clas-
rule is: Assign the unknown sample to Clags sifying (see thdntroduction). Multiple runs were con-
t.@ > f (@ 7 ducted, in which the population sizd, and the maximum
q r number of generations, were both set at 100. To ob-

forallg #r andq,r € {1,2,..., Q}. serve how different gene selection conditions might affect
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the performance characteristics of the GA-based methodsable 1. Best predictor sets for the ran@in = 11, Rmax = 15

ology, we varied the following factors in different runs:

(i) crossover method, (iipc (0.7 to 1.0), (iii) pm (0.0005 Sdedti = E e R
to 0.01), (iv) selection method, (v) predictor set size range rossover o be Bm ness ¢ !
[Rmina Rma)d ([5,10], [11, 18], [16, 20], [21, 25], [26, 30]) Truncated data set (1000 genes)

and (vi) truncated gene dataset (1000 genes) versus an Ugniform SuUs 1.0 0.002 180.37 1463 5 13
truncated gene dataset (6167 genes). One-point Sus 0.7 0005 17293 17.07 10 12
For each predictor set size range (condition v), theregUniform Rws 07 0.001 16793 1707 15 15

are thus 96 different runs (corresponding to combination®"¢Pont ~ RWS 08 002 16561 2439 10 13

of conditions (i)-(iv)). Upon completion of a run, the gy gata set (6167 genes)

best strings from each individual generation in the rununiform sus 1.0 0.002 16561 2439 10 14
are then collectively compared to find the string with the
best overall fitness. For the NCI60 dataset, there appeared

to be a consistent trade-off between cross validation and

test error rate, so a sorting technique was introduced tBumber of genes were consistently preferentially chosen
obtain the most optimal predictor set that represents thBy the GA/MLHD algorithm, suggesting that the gene

best compromise. Th& optimal individuals were sorted Selection operation executed by the algorithm is highly
ascending by the sum gt andy , then byy; , and finally ~ reproducible despite its initial ‘seeding’ of randomly

by xc. generated individuals.
Effect of GA Parametersand Reproducibility of Comparing GA-based Predictor Setsto Predictor
Gene Selection Sets Obtained from Other M ethodologies

The results from the various runs for the range [11, 15[The best predictor set obtained using the GA-based
are presented in Table 1 (See Supplementary Informatiogelection scheme exhibited a cross validation error rate of
for results of other ranges). We found that in general SUS4.63% and an independent test error rate of 5% (Table 1,
is superior over the RWS method, regardless of crossovépw 1, and see Supplementary Information for specific
strategy. For crossover methods, we found that unifornmisclassifications). This is an improvement in accuracy
crossover produced the best predictor sets in the mid-siz&s compared to other methodologies assessed by Dudoit
ranges [11, 15] and [16, 20], while one-point crossoveret al. (2000), where théowest independent test error rate
surpassed the other in generating the best predictors sets\if@s reported as 19%.
the extreme ranges [5, 10], [21, 25] and [26, 30] (Table 1 One distinguishing point of the GA-based approach is
and Supplementary Information). The surface plots irthat it avoids reliance upon a rank-based gene selection
Supplementary Information make it possible to speculatécheme. To assess the significance of this feature on the
that a relatively high crossover probabilitp > 0.8)  actual process of gene selection, we compared the genes
and a mutation rate of % 1073 or above would be selected by the GA-based approach to genes selected
likely to produce a good predictor set. Finally, higher by other commonly used predictive approaches (Table 2,
predictive accuracies were achieved using a truncatesee Supplementary Information for the specific identities
dataset rather than an untruncated one under otherwisé genes selected by the various methodologies). This
identical GA parameters (Table 1), which is not surprisinganalysis revealed that the rank-based methods do not
as the untruncated dataset reflects a much larger numeridgdentify the majority of the genes selected by the GA-
solution space than the truncated one (abodf ¥@rsus based gene selector, especially when the predictor set size
10%°, or 10'° times larger for a 13-element predictor is similar to number of genes in the best GA predictor set
set). This suggests that data preprocessing using a simgliee. 13). The BSS/WSS rank-based method comes closest
standard deviation filter may effectively reduce ‘noise’ inby managing to select six of the 13 GA-based predictor
the expression dataset. In conclusion, based on fithess agénes, but it is only able to achieve this when the top 100
both cross validation and independent test error rates, wgenes are selected, and not the top 20.
found that for the NCI60 dataset the rang#&$, 15] and The differences in the predictor sets chosen by the
[16, 20] give the highest classification accuracies. various gene selection schemes can be understood when
To assess the reproducibility of the GA/MLHD algo- one compares the expression levels of the genes in the
rithm, we determined the frequency at which specificpredictor sets. In the rank-based predictor sets, it is quite
genes were selected to belong to an optimal predictor setpparent that several genes share similar expression
across 100 independent runs with different initial startingpatterns across the classes (Figures 2b—c, especially
populations, as compared to a series of 100 randomliFigure 2b). In other words, the expression patterns of
selected genesets (Figure 1). This analysis revealed thatlzese genes are highly correlated to one another. However,
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optimal predictor sets (fithess ranging from 170.24 to 180.37) from o
100 different runs of the GA/MLHD method (blue columns) versus
frequency of gene selection into 100 predictor sets through random
selection (red columns). GA parameteRyin = 11, Rmax = 15,

pc = 1.0, pm = 0.002, uniform crossover and SUS.
Table 2. Comparison of genes in the best predictor set to the genes found T
other methods, (+: found, -: not found). All gene selections were obtained

from the same 1000-gene truncated dataset ol

samples

GM BW20 BW100 0ov20 ov2

(c) BR CN CL LE ME NS OV RE PR

11 - + - - @

366 - + - -
839 - - - -
50 - - - -
828 -
881 -
194 -
ig. 2. Comparison of expression profiles of predictor sets obtained
hrough different methodologies. Columns represent different class
gistinctions, and only training set samples are depicted. (a) Expres-
number of genes common to each method and GA/MLHD. sion profile of genes selected through the GA/MLHD method (only
genes for the best predictor set are shown). (b) Expression profile of
20 genes selected through the BSS/WSS ratio ranking method. (c)

289 -
348

pression profile of 18 genes selected through the OVA/S2N ratio
in the GA-based predictor sets, the presence of Correlater nking method. Arrows depict genes which have highly correlated

97 +
127 -
242 - - - -
863 - - - -

genes is much less apparent (Figure 2a). The ability %(pressmn patterns across the sample classes. Classes are labeled as
select uncorrelated genes may be one important factor ijiows: BR (breast), CN (central nervous system), CL (colon), LE
the improved accuracy of the GA-based approach (segeukemia), ME (melanoma), NS (non-small-cell lung carcinoma),
Discussion). OV (ovarian), RE (renal) and PR (reproductive system).

Lo+ o+
' +
! !

genes

+ o+
+
+

1 6 2 1 samples

GM: Index of predictor genes found by GA/MLHD, BW20: Found in the
top 20 genes (BSS/WSS), BW100: Found in the top 100 genes (BSS/WSS,
OV20: Found in the top 180 genes (OVA, top 20 from each class), OV2:
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GA/MLHD Method Permits Significant Feature based approach are more accurate than other predictor sets
Reduction While Preserving Accuracy produced by a number of previously described methodolo-

Recently, Ramaswarg al. (2001) reported a multi-class 9i€s- Two chief advantages of the GA/MLHD-based ap-
cancer study utilizing 218 tumor samples spanning?roach include the automatic determination of the optimal
14 classes of different sites of tumor origin, in which number of genes in the predictor set, as well as the ability
each sample was characterized by the expression levdR select uncorrelated elements as predictor set members.
of 16063 genes (‘GCM’). Using a variety of rank- The rank-based gene selection method of picking the
based classifiers such as weighted voting kmarest [OP-SCoringR genes to form a subset of predictive
neighbors (KNN), the authors reported that the besg€nes, coupled with a weighted voting system, was first
classification approach, yielding an overall 22% error ratdntroduced by Golubet al. (1999) with the S2N ratio
(cross validation and independent test), consisted of usingS€d as the score and appears to work quite well for the

14 separate OVA/SVM(support-vector—machine)-basecﬂ’rEdiCtion of binary class datasets. However, expanding

binary classifiers. Significantly, however, the authorsthe weighted voting method into multi-class scenarios, as
implemented by Yeangt al. (2001), did not produce the

found that these optimal predictive accuracies were only/" . . .
achieved when the SVM classifiers were trainedatin Same satisfactory results. In another multi-class scenario,

16 063 genes, and that reducing the number of features faUdOIt &t a. (2000) used the BSS/WSS ratio to select

the classifier genesets compromised predictive accuracjr€dictive genes. It is worthwhile to compare these
ethods to the criteria established by Hall and Smith

Since the requirement for such massive numbers of gen s
for accurate classification is beyond the capabilities of1998), which states that good feature subsets should

traditional molecular diagnostics, we wondered if theCoNtain features highly_correlated v_vith (predictive of) the
GA/MLHD classifier, by virtue of its ability to select class, yeuncorrelated with (not predictive of) each other.

uncorrelated features as predictor elements, might b Other words, good predictor sets should ideally contain

capable of selecting smaller optimal predictive genesetgenes that are strongly correlated to class distinction but
without sacrificing predictive accuracy. each of these genes should be as uncorrelated with each

We applied the GA/MLHD classifier on the GCM other as possible. In general, predictor genes obtained

dataset, using our experience with the NCI60 dataset igrough rank-based selection methods typically fulfill the
g

a guide to select appropriate algorithm parameters (hi jrst criteria but not the second.

be (0.8), low pm (0.001), population size= 30, number However, in the discriminant-based classifier used in
of gene}ation& 120 un,iform crossover SUé predictor o_ur.methodology, features_selected to be mc_Iuded ina pre-
’ ' ’ dictive set must by necessity not correlate with each other.

set size range [1, 60]). Strikingly, we found that theTh. < b s th ist inal lated
GA/MLHD classifier selected an optimal classifier geneset IS 1S because I theré exists even a singie correlate

of 32 elements producinBc = 20.67% andE; = 14% pair of genes in the predictor set, the classification results
(overall error rate— 18%C) Detéiled resultls together would be unreliable, since the covariance matrix in this

with the genes selected by the GA/MLHD classifier aretas¢€ would be singular or close to singular, and hence not

depicted in Supplementary Information. Thus, in addition'tgviraslflfétgm{ﬁ;s'gg g:r:?'i;r?tv 6;”ﬁgggﬂmat{ﬁ(e'rsefosrzeqﬂgl
to being slightly more accurate than the OVA/SVM red'ctctjr sets obta'lnedlthlro h(lJJ rrlnet.r)md contain genes
classifier (18% error for GAIMLHD versus 22% for \F/Jvith Ino or ver Iowlcorrela'[igrgiI to gach other with rlesgect
OVA/SVM), the GA/MLHD classifier is able to achieve very! P
o . . to class distinction.
these levels of predictive accuracy without relying on There are a few previous reports that have described
massive numbers of genes (16 063 genes for OVA/SVI\4 W P €p )
. he use of GAs in the analysis of gene expression data.
versus 32 genes for GA/MLHD, or an approximately 500- .
. . . .. The approach proposed by lgt al. (2001) combines
fold reduction). This data suggests that the application . .
Iy, . .—a GA with KNN rules in order to select a subset
of the GA/MLHD classifier may be especially useful in L . T
. ) ' . . of predictive genes for phenotypic classification. We
the arena of molecular diagnostics, in which a majory i h hat th A/KNN
aim is the selection of minimal identifier genesets which elieve, however, that the G ) strategy may not
. " 7 be optimal for multi-class scenarios for several reasons.
nevertheless offer high predictive accuracies.

Firstly, most of the distance metrics (Euclidean, Pearson,
etc.) used to determine thle neighbors of a sample
DISCUSSION invariably become less sensitive as data dimensionality
In this report, we have described a GA/MLHD-basedincreases (Kelleet al., 2000), and samples might also be
methodology for multi-class prediction using gene ex-unclassifiable if no satisfactory majority vote is obtained
pression data. We defined various parameter ranges whi¢tom the k neighbors. Secondly, KNN requires relatively
are likely to yield good performance accuracy, and foundarge computational memory requirements to store all
that optimal predictor sets produced by the GA/MLHD- training data. Thirdly, in that report the final predictor
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set used for classification (of test samples) was not on€oldberg,D.E. (1989%enetic Algorithms in Search, Optimization

of the optimal or near-optimal sets obtained directly ~andMachineLearning. Addison-Wesley, New York.

from the GA/KNN method. Instead, individual genes Goldberg,D.E. and Deb,K. (1991) A comparative analysis of se-
were ranked based on their frequency of selection into lection gchemes usgd in gepetic algorithms. In Rawlins,G.. (ed.),
10000 near-optimal sets by the said method. fittep- Foundations of Genetic Algorithms. Morgan Kaufmann, Berlin,
ranked genes were then picked as predictor genes. This PP 69-93. _

secondary operation, which essentially constitutes a ran20ue-T.R.. Slonim,DK.,” Tamayo,P., Huard,C., Gaasenbeek,M.,
based gene-selection approach, was performed so as toMeSifoV.J:P., CollerH,, Loh,M.L., Downing.J R., Caligiuri,M.A

. , . ) et al. (1999) Molecular classification of cancer: class discov-
break up’ the good prgdlct_C)r sets as dlreqtly selected by ery and class prediction by gene expression monitogoignce,

the GA/KNN approach intalifferent sets. This appears to  5gg 531-537.

pose no problem for binary .CIaSS dgtasets, bUt_ in mUIti'Grefenstette,J.J. and Baker,J.E. (1989) How Genetic Algo-
class datasets, where gene interactions are believed to berithms work: A Critical Look at Implicit Parallelism. In
more complex, the same accuracy may not be obtained.  schaffer,J.D. (ed.)Proceedings of the Third International Con-

In conclusion, this report shows that highly accurate ference on Genetic Algorithms. Morgan Kaufmann, San Mateo,
classification results can be obtained using a combination CA, pp. 20-27.
of GA-based gene selection and discriminant-basediall,M.A. and Smith,L.A. (1998) Practical feature subset selec-
classification methods. The accuracy achieved (95% for tion for machine learning. In McDonald,C. (ed.Rroceedings
NCI60) is better than other published methods employing ©f Australasian Computer Science Conference. Springer, Singa-
the same dataset. Other advantages of the GA-basedPOre pp.181-191.
approach are that it automatically determines the optimafaupt,R.L. and Haupt,S.E. (199&)actical Genetic Algorithms.
predictor set size and the delivery of predictive accuracies \Vley: New York. . o
that are comparable to other methods using classifigfo!land.J. (1992hdaptation in Natural and Artificial Systems, 2nd
genesets of substantially fewer features than previously €9tion. MIT Press, Cambridge, Massachusetts.
required. We propose that the methodology outlined?@™es:M- (1985 lassification Algorithrms. Wiley, New York.
here, as well as related methods, may represent usef(jfllerA.D., SchummerM., Hood,L. and Ruzzo,W.L. (2000)

. . . . Bayesian Classification of DNA Array Expression Data. Tech-
alter_natlves in the analy_S|s and exploration of complex nical Report UW-CSE-(2000)-08-01, Department of Com-
multi-class gene expression data.

puter Science and Engineering, University of Washington, Seat-
tle.
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