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ABSTRACT

Motivation: The DNA microarray technology has been
increasingly used in cancer research. In the literature, dis-
covery of putative classes and classification to known classes
based on gene expression data have been largely treated
as separate problems. This paper offers a unified approach
to class discovery and classification, which we believe is
more appropriate, and has greater applicability, in practical
situations.

Results: We model the gene expression profile of a tumor
sample as from a finite mixture distribution, with each com-
ponent characterizing the gene expression levels in a class.
The proposed method was applied to a leukemia dataset, and
good results are obtained. With appropriate choices of genes
and preprocessing method, the number of leukemia types and
subtypes is correctly inferred, and all the tumor samples are
correctly classified into their respective type/subtype. Further
evaluation of the method was carried out on other variants of
the leukemia data and a colon dataset.

Contact: shili@stat.ohio-state.edu

Supplementary information: The program implementing
the method and additional details and figures are at http://
www.stat.ohio-state.edu/~statgen/PAPERS/DNC-MIX.html.

INTRODUCTION

Accurate classification of tumor samples is an essentia tool
for efficient cancer treatment. For many cancers, such as
acute adult leukemiasor non-Hodgkin'slymphomas, different
subtypes show very different responses to therapy, although
they have very similar morphological and histopathological
appearance, reflecting the fact that they are molecularly dis-
tinct entities (Golub et al., 1999). The DNA microarray
technology has been increasingly used in cancer research,
which enables classification of tissue samples based only
on gene expression data, without prior and often subjective
biological knowledge (Golub et al., 1999; Dudoit et al ., 2002).

*To whom correspondence should be addressed.

A considerable amount of research involving microarray
data analysis is focused on the discovery of putative types
and subtypes of cancers using gene expression profiles of dis-
ease samples. Unsupervised learning approaches, techniques
commonly used for this problem, have the advantage of being
impartial to currently accepted classes, but they may revea a
structurethat isnot biologically significant. Most of the recent
publications on this issue utilize cluster analysis techniques
to group tumor samples and/or genes, using techniques such
as self-organizing maps (SOMs) (e.g. Golub et al., 1999) and
hierarchical clustering (e.g. Alon et al., 1999).

In addition to class discovery, an equally important prob-
lem is to classify test samples into known classes, with the
help of atraining set containing samples whose classes are
known. Numerous approaches based on gene expression data
have been proposed for classifying test samples into known
classes, without allowing them to belong to new classes. Some
of these are applicable only to binary classification, such as
the weighted voting scheme of Golub et al. (1999), whereas
others can handle multitype classification problems. These
approaches range from traditional methods, such as Fisher's
linear and quadratic discriminant analysis, to more modern
machine learning techniques, such as classification trees or
aggregation of classifiers by bagging or boosting (for areview
see Dudoit et al., 2002). There are aso approaches, which
are able to identify test samples that do not belong to any
of the known classes by imposing thresholds on the predic-
tion strength (e.g. Golub et al., 1999; Lee and Lee, 2002).
However, they were not able to place these samples into new
putative classes.

This paper proposes a unified approach to class discovery,
classification into known classes, and the joint analysis of
classification and class discovery. The method proposed is
an extension of Lin and Alexandridis (2003), and is based
on modeling the distribution of the gene expression profile
of atest sample as a finite mixture of an unknown number
of distributions, with each mixture component characterizing
the gene expression levels within a class. The distributional
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assumptionsmade here arethe same asthosein diagonal quad-
ratic discriminant analysis (Dudoit et al., 2002), but both the
training samples (if they exist) and thetest samplesare used to
estimate the parameters of the model in our formulation. We
applied the method proposed to the leukemia data of Golub
et al. (1999) and a number of resampled datasets based on it.
Further evaluation of the method was carried out on the colon
cancer data of Alon et al. (1999). We use several measures
for gene selection, and we explore the sensitivity of the class
discovery and class prediction results on the number of genes
in aclassifier.

METHODS

Mixture modeling of test samples

Let K be the number of known classes, which is zero in
the absence of training samples. Let y,; = (Vikiy- - -+ YGki)
denote the i-th training sample from class k, k = 1,...,K,
i = 1,...,N;. The length of the vector, G, is the num-
ber of genes used for class discovery and classification, and
is referred to as the classifier size. Hence, the class labels
of al training samples are known. Furthermore, we use
xi = (xy,...,xg:), i = 1,...,T, to denote the i-th test
sample, and we assume that the test samples can come from
the K known classesaswell asfrom U putative classes. How-
ever, there may not be any test samples bel onging to some (or
all) of the known classes. Consequently, the distribution of
the test samples is modeled as a mixture of distributions of
the M = K + U components as follows:

M
FEil¥w) = an il 03), i=1,....T,

m=1

where f,, isthe probability density function of the m-th com-
ponent of the mixture and is assumed to be normal. The
parameter set 1/rM=(7r1,...,nM,ul,...,MM,ai,...,aﬁ)
then contains the mixture coefficients 7, (ijzl Ty = 1),
the mean vectors u,,,, and the vectors o2, of the parameters of
the variance—covariance matrices, m = 1,..., M. Note that
M > max{1, K} such that, if training samples do not exist,
thereistill at least one putative classfor the test samples. We
further assumeadiagonal variance-covariancematrix for each
component density, therefore, 2, is avector of the variances
on the diagonal.

EM estimation of parameters

The maximum-likelihood estimates (MLES) of the paramet-
ers, 1} u» are obtained using the Expectation Maximization
(EM) agorithm (McLachlan and Peel, 2000). Let Z; denote
the unknown class label, the missing component, of the i-th
test sample, which takes values in the set {1, ..., M}. Thus,
thecompletedataare {(x;, Z;),i = 1,..., T} U{(yy; k), k =
1,...,K,i = 1,..., N}, and the corresponding complete

datalikelihood is

K N
Le(¥y) = { I1 Hf(yk,-mk,af)}

k=1i=1

T M
X {H H[ﬂmf(x”,um,o-i)]l(z,:m)} ,

i=1m=1

where I(Z; = m) is an indicator function taking the value
of 1if Z; = m. Note that this likelihood is conditioned on
the class labels of the training samples. The (¢ + 1)-th EM
iteration of the estimates, form = 1,..., M, are

T _®)
(41 _ 2i=1Tm (Xi)
T, =

T
(t+1) _ S Y+ Sy T (i) X
" N+ Xl
Ui(t-i-l) _ Z,{V:ml(ymi - ﬂ%))QZ + ZiTzl r,ﬁf) (x; — M%))@z
N+ Sg 7 (1)

where r,i,’) (x;) isthe posterior probability of x; having class
label m at iteration ¢, and ©2 denotes element-wise squares.
Furthermore, the first terms in both the numerator and the
denominators of u\\ " and o2 ¢ are zero if there is no

training samplein the class, i.e. whenm > K.

Starting values for EM

Since the EM algorithm is known to be sensitive to starting
valuesof parameters, we explore several setsof starting points
for each mixture model with M components, although we
alwaysuse1l/M asthe starting valuesfor the mixtureweights.
For the rest of the parameters, we consider two approaches
for generating multiple sets of starting values. One approach
is based on clustering algorithms, such as K -means (Hastie
et al., 2001) and PAM (Kaufman and Rousseeuw, 1990), to
classify theentire dataset (training and test sampl es combined)
into M clusters, and to use the sample means and sample
variances of the resulting clusters asthe starting valuesfor the
parameters of the corresponding classes.

An alternative approach is based on systematic generations
of random starting values (McLachlan and Peel, 2000). For
each known class, we use the vector of sample means and
sample variances from the training samples in that class as
starting values for the parameters of the corresponding com-
ponent density. On the other hand, for each genein each of the
unknown classes, we randomly generate a number from the
uniform distribution, defined on the range of the expression
levels of the gene among the test samples, as a starting value
for the mean. For the variance parameter, we use half of the
sample variance of the expression levels of the gene as the
starting value.
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M odel selection with BIC/AIC

To determine the number of classes, M, which best explains
the observed expression levels of the samples, we let M
take integer values in the interval [max{1, K}, Mnax], Where
integer Mmax is chosen to be sufficiently large for each spe-
cific problem. Then for each value M and the corresponding
mixture model, we obtain the MLEs (1} ) Of the paramet-
ers (across all sets of starting points), and the corresponding
log-likelihood, Iog[L(w/}M)]. We explore two model selection
criteria (Hastie et al., 2001), the Bayesian Information Cri-
terion (BIC), and the Akaike Information Criterion (AIC), for
determining the best M. Specifically, for selection based on
BIC, we calculate, for M = max{1,K},..., Mmax,

BIC(M) = —2log[L (¥ )] + log(n) p(M),

where p(M) isthenumber of parametersin the mixture model
with M components, and n = YK, N + T is the total
number of samples. Then

M = argmin,, {BIC(M), max{1,K} < M < Mma},

is our estimate of the number of classes. Selection based on
AIC can be carried out similarly, with the AIC defined as

AIC(M) = —210g[L (¥ y)] + 2p(M).

A classification procedure

Once a model with M components is selected, we use it to
predict the class membership of each test sample. For each
sample, the class label that achieves the maximum posterior
probability, given M and the corresponding MLEs l/AI i 1S
taken to be its predicted class, corresponding to the Bayes
rule with 0-1 loss.

APPLICATION TO THE LEUKEMIA DATA

Datasets, preprocessing, gene selection and

the set-up

The leukemia data of Golub et al. (1999) are analyzed in sev-
eral waysto evaluate the proposed method for class discovery
and classification, especially on the effect of the number of
unknown classes. Thisdataset comprisesthe expression levels
of 7129 genes, inthreetypesof acuteleukemia, AML,ALL-B
and ALL-T. It consists of atraining set with 38 samplesand a
test set with 34 additional samples. From thisdataset, wereal -
locate some of the samplesin the training set to the test set in
several ways such that the new training set consists of samples
from either 0, 1 or 2 types of leukemia, resulting in 7 variants.
Together with the origina dataset in which the training set
contains samples from all three leukemia types, they can be
divided into four groups, named UKp, UK, UK7 and UK3,
with the subscript denoting the number of ‘unknown’ classes
in the test set. The top half of Table 1 shows the composition
of the training and test sets for each of these variants. The

class(es) named under UK 1 or UK, refer to the class(es) that
are considered ‘ unknown'’ in the corresponding scheme. Note
that UK is the original dataset without any unknown class,
while UK 3 does not have atraining set at all.

Three preprocessing procedures are explored for their
effects on the outcome: (A) the method proposed by Dudoit
et al. (2002), (B) the procedure used by Lee and Lee
(2002) and (C) the preprocessing method employed by Golub
et al. (1999). Note that the leukemia data, downloaded from
www.genome.wi.mit.edu/M PR, has been preprocessed under
(C), and the additional preprocessing stepsin (A) and (B) are
based on this preprocessed data. Moreover, we can assume
that any gene with missing expression level in any of the
samples will be excluded by the preprocessing procedures.

An additional step after preprocessing is executed further
to reduce the number of genes for our analysis. For each of
the datasets in which there are at least two classes of training
samples (UK and UK}3), the BW measure (Dudoit et al.,
2002) is used to select 1-200 genes that are deemed most
‘significant’ among thetrai ning samples. For datasetsinwhich
there are at most one known class of training samples (UK
and UK3), BW is no longer applicable, therefore, we use the
Inter-Quartile-Range (1QR) measureto order the genes across
all samples (training and tests combined), with higher IQR
considered as more informative for classification and hence
more ‘significant’.

For each set of genes (1< G <200) selected, we fit the
mixture model to the dataset comprising the samples with
the expressions of the genes selected. In other words, we fit
the model with 200 different classifier sizes, for each M that
rangesfrom max{1, K} to Mmax, With Mz taken to be 10 for
these applications. In addition to thetwo sets of starting points
generated from K-means and PAM, we also use 10 sets of
starting pointsgenerated from therandom starting scheme. We
choose G up to 200 following Lin and Alexandridis (2003),
as they found that to be sufficiently large for classification
problems.

Results

Figure 1 showsthe estimated number of classesusing BIC and
the corresponding prediction accuracy rate for 4 representat-
ive variants, for each of the 200 classifier sizes. The bottom
half of Table 1 records the best prediction results with the
smallest classifier among the 200 classifier sizes, for each of
the 8 datavariants. In general, we can see that the method per-
forms well in al the variants with moderate classifier sizes,
especialy for UK and the three UK ; variants. For example,
for UKy, the best prediction accuracy rate of 1.0 is achieved
for the classifiers with 51, 54 and 55 genes. That is, there
is no prediction error for a small number of classifier sizes.
We also observe that, for datasets with a moderate number of
genes, say 80 < G < 140, BIC identifiesthe correct number of
classes, with only one mispredicted sample, corresponding to
an accuracy rate of 0.97. For thethree UK variantsand UK 3,
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Fig. 1. BIC model selection resultsand the corresponding prediction
accuracy rates for 200 classifiers, for a selected number of datasets:
(a) UKo, (b) UK1—AML, (c) UKo>—AML-ALLT and (d) UK 3. Ineach
of thefour plots, for each classifier with G (1 < G < 200) genes, the
result is shown by a vertical line, with its height representing the
prediction accuracy rate, and with its gray level denoting the model
being correctly estimated (black; M = 3), underestimated (light gray;
M < 3) or overestimated (dark gray; M > 3).

the problems are harder, and the results can be more sensitive
to the classifier sizes. Despite the lack of training samplesfor
most/all of the classes, good results are still obtained, with at
most two misclassified samplesfor appropriateclassifier sizes.

For the task of model selection, unlike BIC, AIC does not
perform well, usualy finding too many classes, as it does
not penalize sufficiently for overfitting. Since we observe that
BIC consistently outperforms AIC, the results presented in
the paper are based on BIC. Similarly, we only present res-
ults based on preprocessing method (A), asit is found to be
superior to (B) and (C) for most of the datasets. More detailed
descriptions and color plots of al results can be found from
our website that provides Supplementary information.

A RESAMPLING STUDY

Study design

Thisstudy iscarried out to evaluate further the performance of
the proposed class discovery and classification procedure. For
each of the 8 variants of the leukemia data, we resample 100
datasets of the same variant based on the original samples.
For the variants under UKy, UK and UK5, two-third of all
the samples belonging to the ‘known’ class(es) are randomly
selected as training samples, while the remaining samplesare
assigned to the test set, making up one resampled dataset.
For UK 3, since no training samples are available, 80% of the
samples from each class are randomly selected to make up a
resampled dataset consisting of test samples only. Alternat-
ively, one could use an unstratified sampling scheme, but we
chose to use the current one so that our procedure could be
better tested with samples from each of the known classes.

Table 1. Composition of the training and test sets aswell as minimal prediction errors for the test samples for each of the eight variants of the Leukemia data

Class UK1 UKo

UKo AML ALLT ALLB AML-ALLB AML-ALLT ALLB-ALLT UK3

Tr Ts Tr Ts Tr Ts Tr Ts Tr Ts Tr Ts Tr Ts Tr Ts

ALLB 19 19 19 19 19 19 — 38 — 38 19 19 — 38 — 38
ALLT 8 1 8 1 — 9 8 1 8 1 — 9 — 9 — 9
AML 11 14 — 25 11 14 11 14 — 25 — 25 11 14 — 25
Total? 38 34 27 45 30 42 19 53 8 64 19 53 11 61 — 72
ALLB — — — — — — — — — 17° — — — 17d — 17d
ALLT — — — 67°¢ — — — 67¢ — 67¢ — — — 0 — —
AML — — — — — 661 — 66° — — — — — 0 — —
Pred? 51 0 61 1 65 1 48 2 48 2 57 0 57 1 58 1

aFor thefirst half of the table, the numbers under the headings ‘ Tr'/* TS are the number of training/test samples of the identified class on the left. ‘— denotes unavailability of training
samplesin the class. Note that, in UK3, the class memberships of all the samples are unknown, representing a class discovery problem.

bThe second half of the table gives the best prediction results. For each data variant, the first number in the row ‘Pred’ reports the smallest classifier size for which best prediction
occurs, while the second number is the corresponding total number of prediction errors. The specific indices (as given by Golub et al.) of the samples misclassified are given under

‘Ts', with ‘—" indicates no samplein that classis misclassified.
¢The sampleis misclassified as AML.

4The sample is misclassified as ALLB.

€The sampleis misclassified as ALLT.
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Each resampled dataset is first preprocessed using method
(A) and gene selection is done by the BW measure (for
UKo and UKj based on the training samples) or the IQR
measure (for UK, and UK3) to build the classifiers, with
sizes ranging from 1 to 200, as with the leukemia vari-
ants. To keep the computing time within a reasonable limit,
we let the number of models M taking integers in the range
[max{l, K}, (K +2)I{K > 0} + 5I{K = 0}], where the two
indicator functions are defined in the usual way. Since our
experience with the leukemia data indicates that models
exceeding the set limits arerarely picked for reasonably large
classifier sizes, we doubt that this limitation on the class size
would lead to a significant information loss.

Results

No unknown class—UKqg For UK, the results about the
discovery of the number of classes are plotted in Figure 2a,
which shows, for each classifier size, the percentages of the
resampled datasets for which the models with M classes are
selected by BIC. The correct nhumber of classes, M =3, is
always picked more often than the other aternatives, for
decent sized classifiers (G > 30). In fact, for classifiers with
G > 100, the correct number of classes is selected in >90%

of the resampled datasets. Summary statistics of the classific-
ation results, when the correct number of classesis selected,
areplotted in Figure 2b. Ascan beseenfromthisplot, for clas-
sifiers whose sizes are not too small, the first quartiles of the
numbers of prediction errorsare al zero, indicating that there
areno prediction errorsin > 25% of thereplications, when the
correct model is selected. Furthermore, the third quartiles of
1'sindicate that <25% of the replicates have more than one
prediction error.

One unknown class—UK; The performance of BIC for
model selection for all three UK datasets is similar to that
for UK as depicted in Figure 2a. Namely, for classifiers that
arenot toosmall, themodel with the correct number of classes,
M =3, ispicked most often, and among classifierswith more
than 100 genes, M =3 is selected at a very high rate. The
median errors, among the replicates with the correct model
selected, are plotted in Figure 2c for al three variants. We
observe consistent results for a large range of classifier sizes
(G > 100). For UK1-ALLB and UK1—-AML, thereisonly one
error, while thereis one more error for UK1—ALLT.

Two unknown classes—UK, For UK>—-AML-ALLB, as
with al the UKy and UK 1 variants, for classifiers with decent
sizes, the correct model is identified most often, with the
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Fig. 2. BIC model selection resultsand summary statisticsfor the number of prediction errorsamong the resampled replicatesinwhich M =3
is selected, for each of 200 classifiers: (a) and (d) display the percentages of resampled replicates in which the model is correctly estimated
(M = 3), underestimated (M < 3) or overestimated (M > 3), for UKy and UK 3, respectively; (b) and (€) show several summary statistics for
the number of prediction errorsfor UK and UK 3, respectively; and (c) and (f) plot the median errorsfor the three UK variants and the three

UK, variants, respectively.
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percentage of correct identification reaching 100% for most
of the classifiers with more than 100 genes. However, for
both UK,—AML-ALLT and UK>—ALLB-ALLT, aswith the
corresponding original data variants, the classifier size has a
greater effect on the performance of BIC. Theresultsaresim-
ilar, qualitatively, tothat plottedin Figure2d for UK 3, showing
that too large a classifier may lead to underestimation of the
number of classes, although the percentages for the correct
number of classes are generally much higher than that shown
in Figure 2d. The medians for al three UK, variants, plotted
in Figure 2f, show clearly that the number of errorsfor UK ,—
AML-ALLT and UK>—ALLB-ALLT are generaly higher
than for most of the other variants considered, especially when
the classifier sizesarelarge. However, we note that in a small
range of classifier sizes (65 < G < 75), the correct numbers
of classes are identified >95% of the time, and among these
datasets, the median numbers of errors are zero and one, for
UK2—AML-ALLT and UK2>—ALLB-ALLT, respectively.

Threeunknown classes—UK3  Theresultsfor UK 3, inwhich
thereis no training sample, are plotted in Figure 2d and e. In
terms of selection with BIC, the results show that not only
too few genes can make it hard to estimate the correct num-
ber of classes, but too many genes (G > 150) can also lead
to underestimation of the number of true classes. For mod-
erate classifier sizes (60 < G < 100), however, BIC identifies
the correct number of classes in more than two-third of the
resampled replicates. Among them, the median number of
mi sclassified test samplesvariesbetween 4 and 5 (out of 57 test
samples), giving amedian prediction accuracy rate of between
91 and 93%.

DISCUSSION

In this paper, we propose amethod for the discovery of putat-
ive types/subtypes of cancers and classification of the inter-
rogated tumor samplesinto theidentified classes. Thismethod
enables us to handle datasets with no training samples (class
discovery problems), datasets where training samples exist
and all the test samples belong to the known classes (classi-
fication), as well as datasets in which training data exist but
some of the test samples do not belong to any of the known
classes (joint analysis of class discovery and classification).
This unified approach to class discovery and classification is
achieved by modeling the gene expression profile of a test
sample as from a mixture of an unknown number of distribu-
tions, each characterizing the gene expression levels of genes
within a class. Model selection criterion BIC clearly outper-
forms its competitor AIC, as the correct number of classesis
much morefrequently inferred with BIC thanwith AIC, which
tends to lead to overestimation, due to its insufficient penalty
for overfitting. Note that mixture models have been used by
others to cluster genes or samples based on gene expression
data (e.g. Broet et al., 2002; Ghosh and Chinnaiyan, 2002;

McLachlanet al., 2002), although their settingsall differ from
the problems that we are addressing in the current paper.

We apply our method to the leukemia data of Golub et al.
(1999) and its seven variantsthrough reall ocating the ‘ known’
and ‘unknown’ classes. It isperhaps most sensibleto compare
the results on UK to those from other approaches for classi-
fication, asUK g istheoriginal datasetinwhich all test samples
belong to some ‘known’ classes. However, we note that the
problem is more difficult within our context as we allow the
possibility of new classes, which ismore redlistic in practice.
Compared with Lin and Alexandridis (2003), which followed
the same mixture formulation as the current paper but did not
allow for extranew classes, our procedure doesnot performas
well. Thisisexpected as certain information for classification
islost in an effort to select the correct number of classes as
well. Nevertheless, our results are still as good as those from
several other approaches in the literature. With our proced-
ure, the best prediction accuracy rate of 1.0 is achieved for
several classifier sizes, and there is only one prediction error
for alarge number of med-size classifiers, with preprocessing
procedure (A). With preprocessing procedures (B) and (C),
even better results are achieved, with no prediction errors for
alarge number of classifiers. Keller et al. (2000) also yielded
no misclassification for a small number of classifiers, while
Lee and Lee (2002) did not achieve perfect prediction with
the limited number of classifier sizes studied.

For the class discovery problem without training samples,
our results compare favorably with those from Golub et al.
(1999) using SOMs. In particular, their four-cluster SOM with
the collapsing of B3 and B4 into a single cluster represent-
ing ALL-B seemsto be the most appropriate for comparison.
Their results, based on the 38 training samplesonly, show that
there are two misclassifications, giving a prediction accuracy
rate of 0.95. Whereas our method gives a prediction accuracy
rate of about 0.99, with only one error. The EMMIX—GENE
approach of McLachlan et al. (2002) also yiel ded one misclas-
sification, but the result was obtained in the ssmpler context
without amodel selection component.

For thevariantsin which there aretest samples belonging to
the known classes as well as samples belonging to unknown
classes, we are not aware of comparable procedures in the
literature in this context. Although the approaches of Golub
etal. (1999) and L eeand L ee (2002) have aprediction strength
measure to weed out samples that cannot be confidently clas-
sified to one of the known classes, they do not place these
samples into any putative class(es). Therefore, our discus-
sion here is based on our observations only. For two of the
UK variants, because there are two known classes in the
training samples, the gene selection measure BW is capable
of selecting genes that best separate these two samples into
the classifiers, yielding good results, with the correct number
of classes inferred, and with only one prediction error for a
large number of classifiers. For UK1—ALLB, thereisonemore
prediction error for most of the classifiers, which may reflect
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the fact that there are fewer training samples in this dataset
than in its two UK counterparts. For the UK variants, the
results are not asgood asfor UK 1, as expected, asall training
samples belonging to a single known class does not allow for
selection of genesthat can discriminate among known classes.
In two of the three cases, the number of genes used is a far
more important variable, as having too many genes tend to
underestimate the true number of classes.

To investigate further whether the patterns revealed by the
Golub et al. (1999) data are mainly due to the particular divi-
sion of ‘training’ and ‘test’ samples, we carry out a study by
analyzing 100 resampled datasets for each of the 8 variants
of the Golub et al. data. Our analyses confirm that best res-
ults are indeed achieved with the UK data. Furthermore, the
UK dataare easier to handlethan the UK, and UK 3. Interms
of prediction accuracy rates for the replicates whose number
of classes are correctly inferred, the results are reasonable,
although we need to point out that prediction accuracies are
likely to suffer when the number of classesismis-estimatedin
the first place. Also, the performance of the method is rather
insensitive to classifier sizes for UKg and UK 1, whereas in
UK and UK 3, amed-sizeclassifier isessential, otherwise, the
number of classes may be over-estimated, or under-estimated.
This is not surprising, as increasing the number of genesin
the classifier would eventually introduce genes with little or
no discriminatory power, which should lead to masking of the
signalsin theimportant genes. Furthermore, thiseffect should
be more profound with the IQR gene selection measure, as it
does not alow for specific targeting of genes that have the
greatest discriminatory power among known classes.

We also apply our method to the colon cancer data of Alon
etal. (1999). Wefirst analyzethe dataexcluding thefivelikely
contaminated samples, as in Soukup and Lee (2003), so that
our result can be compared with their results. We use the split
of training and test setsthat has led to the best result obtained
by Soukup and Lee (2003), which would give advantage to
their method for comparison purpose. BIC selects the correct
number of classes for most of the classifiers explored, with a
prediction accuracy rate of 1.0 for almost all classifiers with
19-200 genes. With only two genes, we misclassify a tumor
sampleasanormal sample. Sincethe best split for Soukup and
Lee (2003) is unlikely to be the best split for our method, we
believethat our results are comparabl e with those obtained by
Soukup and Lee (2003) for classification. We then re-analyze
the entire dataset containing all 62 samples so that our result
can be compared with those obtained by other authors for the
problem of class discovery. Our best result misclassifies five
samples, including, surprisingly, only one of the five samples
often misclassified using other methods (Alon et al., 1999;
McLachlanetal., 2002 and referencestherein). Thenumber of
samples misclassified isonelessthan the best results obtained
by McLachlan et al. (2002), while the analysis by Alon et al.
(1999) misses eight samples. We aso analyze the data under
the variants of having training samples from at least one of

the two classes (cancer or normal). The full results, with a
more detail ed description of the analyses, are available at our
website. In summary, for the more difficult colon dataset, our
method performs well compared with other methods for the
pure classification or class discovery problems. Furthermore,
encouraging results are also obtained for the situations with
partial training sets, which are not being tackled by the other
methods.

Selection of classifier sizes can be done through leave-one-
out cross-validation of the training samples, as carried out in
Lin and Alexandridis (2003), although we note that such a
procedure will not be feasible with class discovery problems
without training samples. In the absence of agood method for
choosing classifier sizes, our results based on the leukemia
data led to the recommendation of using mid-size (50-120
genes) classifiers, although we caution that this recommend-
ation needs to be studied further as it is based on a limited
number of results. We also note that this recommendation
includes classifier sizes that are much larger than the recom-
mendation of Golub et al. (1999) with 50 genes, which, as
stated in their paper, was picked rather arbitrarily.

Since EM is known to be sensitive to starting points, it is
important to explore multiple sets of them, as exemplified in
our study. First, we observe that although K -means seems to
outperform PAM, in the sense that starting values generated
from K-means usually lead to higher likelihoods than those
from PAM, the reverse can a so happen with anon-negligible
frequency. In addition to the starting points from these two,
and perhaps other, clustering procedures, we strongly recom-
mend the use of random starting pointsaswell, asone of these
can frequently lead to the highest likelihood, as we have seen
in our study.

In our mixture modeling formulation, we assume that
each class has a multivariate normal density with diagonal
variance—covariance matrix. This assumption, made for ana-
lytical tractability, and also used by other recent classification
papers (e.g. Keller et al., 2000; Dudoit et al., 2002), works
well for the data that we have analyzed. However, thisis not
an inherent assumption, as other distributions, and/or some
levels of dependencies among expression levels of genes, can
be used. If the EM iterates become intractable, other estima-
tion procedures, such as the versatile class of Markov chain
Monte Carlo methods, can be entertained.
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