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Abstract

Microarray experiments are emerging as one of the main driving forces in modern biology. By allowing the simultaneous monitoring of
the expression of the entire genome for a given organism, array experiments provide tremendous insight into the fundamental biological
processes that translate genetic information. One of the major challenges is to identify computationally efficient and biologically meaningful
analysis approaches to extract the most informative and unbiased components of the microarray data. This process is complicated by the fact
that a number of uncertainties are associated with array experiments. Therefore, the assumption of the existence of a unique computational
descriptive model needs to be challenged. In this paper, we introduce a framework that integrates machine learning and optimization techniques
for the selection of maximally informative genes in microarray expression experiments. The fundamental premise of the approach is that
maximally informative genes are the ones that lead to least complex descriptive and predictive models. We propose a methodology, based on
decision trees, which identifies ensembles of groups of maximally informative genes. We raise a number of computational issues that need to
be comprehensively addressed and illustrate the approach by analyzing recently published microarray experimental data.
© 2004 Elsevier Ltd. All rights reserved.
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1. Microarray experiments: brief introduction and the metabolite level (metabolomics). The goal of such anal-
major limitations yses is to generate the data required to derive descriptive, as
well as predictive, models that provide a fundamental under-

The goal of modern biology is to bridge the gap between standing to the complexities of life with tremendous impli-

the genetic information at its most elementary level (geno- cations in improving life quality.

type: structure of the genetic material) and the collective

expression of behavior (phenotype: characteristics of an

organism that can be observed, assayed, measured). The phd-1. Monitoring changes at the genome level

notype is a function of genetics, environment and experimen-

tal conditions. The successive steps of translating sequence The genetic information is stored in the DNA, the double-

to structure to function are highly complex and convoluted, stranded polymer composed of four basic molecular units

hence, very difficult to be described using first principles (nucleotides): adenine (A); guanine (G); cytosine (C) and

models. However, various experimental techniques have beerthymine (T). In order for the genome to direct, or affect,

developed that have revolutionized the way we look at com- changes in the cell a transcriptional program must be acti-

plex biological systems since they allow to monitor changes vated eventually dictating all biological transformations. This

during the process of transforming genetic information either program is regulated temporarily according to an intrinsic

atthe gene level (genomics), the protein level (proteomics) or programor in response to changes in the environment. The ex-

pression of the genetic information, which is stored in DNA,
* Tel.: +1 732 445 0099; fax: +1 732 445 3753. takes places in two stagdganscription during which DNA

E-mail addressyannis@rci.rutgers.edu. is transcribed into MRNA, a single stranded complimentary
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copy of the base sequence of the DNA, arahslation dur- ful connections linking the genetic information to cellular
ing which mRNA provides the blue-print for the production function. Because of the significant amount of experimental
of specific proteins. Therefore, measuring the level of pro- information that is generated (expression levels of thousands
duction of mRNA, thus measuring the expression levels of of genes) computer-assisted knowledge extraction processes
the associated genes, provides a quantitative assessment @fre the only realistic alternative for managing such an infor-
the levels of production of the corresponding protein. mation deluge.

Innovative approaches such as cDNA and oligonucleotide
microarrays were recently developed to extract genome-

wide information related to gene expressi@otell, 1999 1.2. Understanding the limitations of array experiments
Brown & Botstein, 1999 Cheung et al., 1999Lipshutz, o _ .
Fodor, Gingeras, & Lockhart, 1998chena, Shalon, Davis, When designing algorithms that analyze array data it is

& Brown' 1995 During an expression experiment ex- imperative to understand the fundamental limitations of the

tracted MRNA is reverse-transcribed into more stable com- €xperiment so as to account for those in the development
plementary DNA (cDNA) which is labeled using fluorescent ©f the algorithms. Array experiments are characterized by a
dyes. Different colored dyes are used for different samples humber of inherent limitations:

(probes). The probes are then tested by hybridizing to a DNA

array. The array holds thousands of spots, each containing al. The most fundamental implicit concept in an array exper-
different DNA sequence. Once the probes have hybridized, —imentis the so-called “central dogma”. The main assump-
they are washed off and the array is scanned to determine the tion is that the information flow is forward and sequen-
relative amount of each cDNA probe bound to any given spot. tial: transcription, translation, biotransformation. How-
Quantitative imaging coupled with clone database informa-  €ver, given the complexities of biological functions, it is
tion allows measurement of the labeled cDNA that hybridized ~ Not necessarily clear that this sequential description cap-
to each target sequence. Image processing and data normal- tures appropriately the convoluted relationship between
ization are among the first, and very critical, computational ~ gene expression and post-transcriptional/translational
filters required before the actual quantification of the expres- ~ modifications or initial and secondary effects in gene
sion experiment is define®(doit, Wang, Callow, & Speed, expression. For instanceHatzimanikatis and Lee
2000. Gene expression changes are usually measured rela- (1999) tested the proposition whether simply monitor-
tive to another sample. Comparative differences are used to  Ing MRNA expression data is sufficient to elucidate
assess the impact of gene expression to various regulatory the relationship between genome sequence and gene
pathways. A number of experiments can thus be designed to  regulation.

address a variety of issues. For instance: 2. Array experiments are not necessarily “clean” experi-
) } ) i ments and the data they generate are interpretations of
(a) Diversion from normal physiology is frequently accom- measurements rather than hard data. Furthermore, tremen-

panied by changes in gene expression patterns. There- 4,5 variability and uncertainty exist not only because of
fore, genes inappropriately transcribed cause diseases pjg|ngical fluctuations, but also as a result of the process-

like cancer. Co_mparison of .the expression profilgs of ing of the experiment itself. Image processing plays a ma-
such cells provides the basis for the understanding of o role in array experiments and a result the information
the genetic causes of a disease. _ used as input to statistical analyses is an interpretation of
(b) By monitoring the changes in the expression levels of a  the fiyorescent image. Location of spot center segmen-
genome in the presence of environmental changes pro-  tation, intensity, normalization, signal to noise ratio and
vides the beginning for a fundamental understanding of  jnterference are but a few of the issues that have to be
the causes of the response in the presence of an environ-  ,44ressed and appropriately interpreted.
mental stimulus. 3. Finally, we have to seriously consider the lack of avail-

Gene expression microarray experiments have been cele- able data in array experiments. Although a large number
brated as a revolution in biology, attracting significant inter- ~ Of genes are monitored during the experiment, we must
est, because they are slowly changing the working paradigm ~ also realize that, in general, we have a very limited num-
of biological research by allowing the analysis of the com- ~ ber of cells that are analyzed and an even smaller, if any,
bined effects of numerous genetic and environmental com- number of repeats to Statistically validate the robustness
ponents. The profound impact is that such global analysis  Of the measurement. Simply put, we have a much larger
methods will allow a fundamental shift from . piece-by- number of independent (input) variables that we measure
piece to global analysis and from hypothesis driven research  compared with the number of experiments (output vari-
to discovery-based formulation and subsequent testing of hy- ~ ables) that we generate. In principle, when the ratio of
potheses..” (Kafatos, 200p experiments/variables is very small, it is highly unlikely

One of the major challenges is to extract in a system-  thatwe can correctly capture the inherent non-linear struc-
atic and rigorous way the biologically relevant components  ture of the experiments and the relationship between input
from the array experiments in order to establish meaning- ~ and output variables.
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1.3. The need for an alternative approach The goal of our work is to develop a comprehensive mod-
eling framework that, while optimizing the performance of a

The above-mentioned limitations of the array experiments classifier
are buta few of the ISsues challenging the predlctlvg capabil- 1. explicitly addresses the problem of identifying maximally
ity of the interpretation of these measurements. Microarray = . .
analysis should not be considered as the conclusion to an ex- informative genes, and . . .
periment, but as a discovery mechanism to help determinez‘ gen_erates a n_umber of possible alternatives and not a sin-

. s gle interpretation of the data.
which avenues to pursue further. However, it is also well
accepted that array experiments provide tremendous insight We further realize that in order to derive truly informative
to fundamental biological functions. Therefore, it is imper- genes we must explicitly account for the complexity of the
ative to design the analysis techniques in a way that under-model. Our fundamental hypothesis being thatamong models
stands and captures these limitations. In the presence of suclthat utilize the same number of variables the most “informa-
uncertainties, most biological questions will not be readily tive” ones are the those that introduce the least complexity
answered in a quantitative manner by array experiments. In-(Ockam’s razor). We will, therefore, show that the complex-
stead, the most likely outcome from a functional genomics ity of the model has to be taken into account while searching
analysis is the next biological question to ask. Furthermore, for the most informative genes. Therefore, when looking for
given the nature of biological systems multiple hypotheses informative genes we would like to propose an approach that
should be generated that could lead to various plausible alter-
natives that will subsequently be verified either theoretically
or experimentally.

A number of excellent publications have focused on dif-
ferent aspects of gene expression experiments, primarily for
clustering of cells and gene&l{zadeh et al., 2000; Allander
et al., 2001; Alon et al., 1999; Bittner et al., 2001; Dudoit et Inthis paper, we will first provide some of the fundamental
al., 2000; Golub et al., 1999; Luo et al., 2001; Perou et al., concepts in machine learning required for our development.
1999; Pollack et al., 1999; Ross et al., 2R0bhe develop- We, then, propose a multilevel optimization framework us-
ment of novel computational approaches that exploit large ing classification trees as the discriminatory model and show
warehouses of gene expression data have been identified asow we model complexity. Finally, we use examples from
major enablers for realizing fully the potential of this tech- publicly available datasets to illustrate the basic principles of
nology Basset, Eisen, & Boguski, 1999 he main focus of  the approach.
these analyses was to derive a single interpretation of the data.

Thatis a single model that maximizes the predictive accuracy

of a classifier for example. Further analyses of the compu- 2. Machine learning preliminaries

tational results attempt to assign a certain level of signifi-

cance to smaller subsets of genes whose expression patterna.1. Dimensionality reduction and feature subset

could potentially indicate a more direct involvement during selection

the transcription process. Reducing the number of genes is

significant not only from a biological point of view, since In a typical problem in machine learning, the input space
functionality can be inferred, but also from a computational is composed aofi-dimensional vectors whose components are
point of view. The analysis of array experiments is much like also denoted as “features”. Given this representation, a num-
an identification problem where we try to establish a link be- ber of questions can be identified in order to extract regulari-
tween an observation (i.e., whether a cell is cancerous or notties and patterns from the data. For example, in classification,
and a measurement (i.e., the expression of a gene). Reducwe are looking for a “discriminant” function, which operates
ing the number of measured variables reduces the degrees obn then-dimensional input space and whose output is a log-
freedom, hence avoids pointless over-fitting. Too few genesical decision assigning the input feature vector to a specific
will not discriminate or predict, but too many genes might class. The class defines a collection of items that all share
be introducing noise to the model rather than information. some common relationship. A fundamental problem in ma-
Therefore, the identification of informative genes is a sig- chine learning is to find ways to succinctly represent this
nificant component of an integrated computer assisted anal-multi-dimensional input space. In other words, we are look-
ysis of array experiments. However, in current practice the ing for ways to reduce the dimensionality of the data, hence
identification of such a critical sub-set of genes whose ex- overcoming the problem of over-fitting.

pression is informative is accomplished as a by-product of  Techniquesidentifying optimal projections of the dataona
some other activity. For instance, by analyzing expression few leading directions, such as principal component analysis,
patterns in clustering, the loading of singular vector in SVD are commonly used in order to reduced the dimensionality of
or by assessing the ability of certain genes to maximize the the representations. The main drawback of these methods is
separability between classes. thatthe new “features” are linear combinations of the original

1. explores the complexity of a number of models, and not a
single model;

2. analyzes the robustness of the outcome of the model and
not the model itself;

3. minimizes the complexity of the input/output relationship.
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ones, and therefore, assigning a physical significance tothem Fayyad and Irani (199Ghowed that given two decision
is still an openissue. Therefore, a number of approaches haverees consistent with the data, the simplestone, i.e., the onere-
been developed over the years that attempt to identify subsetgjuiring the fewest number of partitions (classification rules)
of the original set of features that capture most of the intrinsic should be preferred. In the machine learning community, the
structure of the original set. The problem of feature selection notion that the accuracy of the model is associated with its
can be stated simply as.". choose the best subsetdprop- simplicity dates back at least as far as the 14th century. It was
erties from a set oM”. These authors formalized the pro- then that William of Ockam first proposed his famous razor:
cess of selecting properties that contain the most discrimina-“one should not increase, beyond what is necessary, the num-
tory information in order to derive decision rules that lead to ber of entities required to explain anything”. More recently,
classification schemes. They present and analyze seven techmachine learning researchers have followed this principle in
nigues for ranking the information content of each feature in biasing their algorithms toward finding hypotheses with sim-
an attempt to derive good sub-sétmrendra and Fukunaga ple representationslolte (1993)eports the results of exper-
(1977) present a more formal approach based on a branchiments measuring the performance of very simple rules on
and bond scheme for addressing the very same problem. Athe data-sets commonly used in machine learning research.
recent review byKohavi and John (199%)iscusses a number  The idea of simplicity in classification rules is the one that we
of issues. More recentliiu and Motoda (2000also present  further explored in this study and its implications for feature
ideas related to the coupling of information theory and fea- selection further explored.
ture selection. Recently, promising approaches that emerge
are optimization-based approaches were also explored, sucl2.3. Feature selection and measures of complexity
as support vector machineBradley and Masagarian, 1908

Among the leading approaches for feature selection, es-  Forthe purpose of the analysis, we present here we assume
pecially when analyzing gene expression experiments, arethat our search is supervised. In other words, we will as-
methods that attempt to quantify the contribution of individ- sume that enough corroborating information regarding class
ual features to the separation of the classes in the Galab assignment of the records (cells) exists so that class assign-
et al. (1999) for example, devised such a metric in order to ment is known a priori. Hence, one should, in principle, be
derive ranking criteria for the genes. However, these methodsable to derive a set of rules that, given the complete set of
fail to take into account mutual information between features. features, will determine correctly the class assignment with

the least complexity. Our main assumption is, therefore, the
2.2. Decision trees following: a minimal set of maximally informative features
is the smallest set of features, for a given classification al-

Decision trees are one the most widely applicable non- gorithm, which achieves the best possible classification at
parametric computational method used in classification. They minimum complexity. Furthermore, the complexity of the
are awell-established methodology and a number of excellentclassification scheme is defined as the number of rules, alter-
implementations are currently availabBr€iman, Friedman,  natively the number of leaf nodes, in the binary decision tree.
Olshen, & Stone, 1984Quinlan, 1993 Decision trees, either  This s our first approach and currently additional complexity
classification or regression, are a particularly attractive type measures are under investigation.
of models for three main reasons. First, they have an intuitive ~ Recently information theoretic criteria were used to for-
representation, the resulting model is easy to understand andnulate a similar problem in the context of logistic linear re-
assimilate by humans. Second, the decision trees are nongression (i & Wang, 2009. These approaches make use of
parametric models, no intervention being required from the a balanced representation of complexity, as measured by the
user, and thus they are very suited for exploratory knowledge number of parameters to be determined in alinear model, and
discovery. Third, scalable algorithms, in the sense that the accuracy. Two such measures typically used are:
performance degrades gracefully with the increase of the size
of training data, exist for decision tree construction models.

Initially, one starts with a training set in which the classi-
fication label is known (pre-classified) for each record. All of
the records in the training set are together in one big box. ThewhereK is the number of parameters in the model anthe
algorithm then systematically tries to break up the records maximum likelihood.
into two parts, examining one variable at a time and splitting
the records on the basis of a dividing line in that variable. The
object is to attain as homogeneous set of labels as possible3. A flexible framework for selecting maximally
in each partition. This splitting or partitioning is then applied informative genes
to each of the new partitions. The process continues until no
more useful splits can be found. The heart of the algorithmis  Based on the previous discussion, we wish to develop a
the rule that determines the initial split rule. The splitting of framework for selecting maximally informative genes such
records according to the rules defines a binary decision tree.that

1. Akaike information criterion (AIC) =log(L) + 2K;
2. Bayesian information criterion (BUIC)=log(L)+
log(N)K;
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(a) the accuracy of the classifier, based on decision trees, isalgorithm is very robust one and it can be very easily in-

maximized; corporated within the overall scheme. However, it should be
(b) the classifier has minimum complexity, as measured by pointed out that the fundamental hypothesis defining the re-
the number of rules; lationship between informative features and the complexity
(c) the least number of features is used. of the classification rules does not dependent on the clas-

sification algorithm. Finally, feature selections are modeled
through the use of appropriate binary variables, one for each
gene §;), such that

The two measures of complexity (b and c) are both re-
quired in order to best define the overall complexity of the
classifier. The search for the informative features can be,
therefore, formally defined in terms of the following multi- 1, g ¢€lg
level optimization problem: A = (2)

07 8i ¢ IG

The value of the binary variable is 1 if the partic-
ular gene is to be incorporated in the classifier, 0 oth-
ce—7G;, i=1,...,N) erwise. The minimal set of informative genes is de-
fined aslg={g eAi=1} € G={g;, i=1, ..., N}. The set

min | |Ccalc _ CeXpt“
subjectto :

-subjectto ) of informative genes is a subset of the original set of
min complexity genes. The third level or required decision is thus de-
subjectto : L fined by minimizing the number of active features in the
complexity=T(A;, i=1,..., N) model.
N
min > A 3.2. Model simplification and solution methodology
i=1
ai = Lsicls The optimization problem defined in E(L) is a multi-
0,g ¢1Ig level non-linear integer optimization problem, an alterna-
Ig={gism=1CG={gi=1...,N) tive way to introduce model complexr[y. in terms of the
number of features, that does not require the solution of
We will now present the details of this formulation. the third level feature minimization problem, is to derive
a formulation parametric in the number of features. That
3.1. Modeling and optimization is replacing the third level by a constraint of the form:

Ng =) ;i = M < N and the problem is solved parametri-

The objective ifl) measures the accuracy of the classifier. cally for increasing values dfl in order to identifyG(M)
Ccalc and Ce*Pt are vectors containing the class assignment and the corresponding err@(M, G(M)). Furthermore, a
of the samplesC®P!denotes the actual assignment whereas penalty formalism is used to combined two of the objectives
Ccalc js the assignment derived based on the classifier. Theas follows: (ClassErf + ClassTree. This approach replaces
latter depends of the number of features and the particular de-the norm||C&*Pt— C°@|| and the second level optimization
cision tree that is derived and is implicitly defined via the use defining complexity with a metric which sums the contri-
of the classifier, denoted in our formulation @&'°=T(x;, butions in terms of the accuracy of the classifier as well as
i=1,...,N). The “norm”||C%ac — Ce*PY| can be defined in  the size of the classification tree. The classification error,
a number of different ways: count of the number of erro- (ClassEry, is set to 0 if no wrong assignments are made,
neous predictions, percent of erroneous prediction, etc. Theotherwise is set equal to the number of miss-classified sam-
functional form does not impact the development. Once the ples. The complexity in terms of the size of the classification
classifier has been applied to a given set of features its com-tree, ClassTree, is accounted for by augmenting the objective
plexity, in terms of the number of classification rules required, with the term representing the actual number of classification
is identified and is denoted as “Complexity” (h). Clearly, rules.
the complexity of the classification tree, i.e., the number of  These “simplifications” although they do not alter the
rules, is a function of the algorithm used for the construction character of the problem, they significantly reduce its com-
of the tree as well as the specific sub-set of features that isputational complexity as they avoid the explicit treatment
used. This defines the second level of the optimization as weof the multi-objective optimization problem defined (ib).
search for the minimum possible complexity in the classifier. We have shownAndroulakis & Hatzimanikatis, 20Q4hat
As noted earlier, the classification tree and the correspond-the cardinality of the minimal set of informative features is
ing rules for a given set of features are derived based onquite small for a number of array expression experiments.
the C4.5 classification algorithnQginlan, 1993. The in- However, the actual size of the optimization problem is very
terested reader is advised to consult the original referencesubstantial. Mathematical programming optimization tech-
for more details regarding the construction of trees based onniques, Floudas (2000gare prohibitive given the size and
the C4.5 implementation. These are not presented here. Thenon-linear nature of the problem. Therefore, a variant of
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simulated annealingAarts, Korst, & van Laarhoven, 1997  4.1. Generating multiple sets of maximally informative

has been implemented. In our implementation, since the genes

number of active genes is maintained consti)t (he sim-

ulated annealing moves are defined in a way that the num-  “Small round blue cell tumors” (SRBCT) is a descrip-

ber of active genes (features) is maintained constant. Moretive category encompassing a large number of malignant tu-

specifically: mors that tend to occur in childhood. They are united by their

similar histo-pathological appearance. However, subtle clues

may be present to distinguish between the tumors. For proper

characterization, pathologists often employ immunohisto-
Nevertheless, we are currently exploring more rigorous chemistry, electron microscopy, and molecular analysis for

approaches for the robust and deterministic solution of the chromosomal abnormalities. The SRBCTs of childhood in-

1. choose randomlyandj such that; + Aj =1;
2. swap the value ofj andx;.

aforementioned optimization problem. clude neuroblastoma (NB), rhabdomyosarcoma (RMS), non-
Hodgkin lymphoma (NHL), and the Ewing family of tumors
3.3. Generating ensembles of solutions (EWS). Currently, no single biological or chemical test ex-

ists that can detect SRBCTkhan et al. (2001)presented

The inherent uncertainties characterizing the array exper-a comprehensive study in which a large number of genes
iments, as discussed earlier, require the derivation of a setwere monitored. The data were reduced by SVD decompo-
of robust solutions as opposed to a unique combination of sition and the leading factors were used to train an artificial
genes that optimally perform a particular task. It is, there- neural network (ANN) to build a predictive diagnostic de-
fore, imperative to generate stable ensembles of solutionsvice. This study constitutes a milestone since it was the first
with similar, if not identical, predictive and complexity char- attempt to use microarray experiments in a predictive way
acteristics. The analysis of these ensembles should lead tdo explore the potential application of using such methods
the identification of emerging patterns, that is combinations for tumor diagnosis. Computationally, it is a very interest-
of genes whose coordinated expression profiles define stabléng problem. It is of relatively modest size, containing the
and robust sub-structures, members of a collection of accurateexpression levels of 2303 genes, with 63 cells, belonging to
models. We should, therefore, require the algorithms to pos-four cancer types, used for training purposes. An additional
sess the ability of generating ensembles of solutions whoseset of 25 cells will be used for testing the accuracy of the clas-
concurrently expressed genes will define targets for further sifier. This is discussed later in the tekihan et al. (2001)
analysis based on the argument that robust emerging patconstruct their ANN by using as inputs the projection of the
terns have captured key inherent and fundamental biologicalexpression measurements onto the first 10 principal direc-
characteristics. tions as determined by a principal component analysis of the

The stochastic nature of simulated annealing makes it raw expression data. An exhaustive sensitivity analysis iden-
ideal for similar types of analyses. Multiple runs are ex- tified a sub-set containing the 96 mostinformative genes. The
pected to generate, i.e., converge to, diverse solutions. How-genes are ranked based on their ability to discriminate the four
ever, further analysis of the generated optimal models will classes.
reveal whether common motifs exist across the various Implementation of our proposed approach determines that
solutions that have been identified. In the following sec- the minimal number of informative genes is 3. Multiple runs
tion, we will demonstrate how multiple solutions lead to of the selection algorithm consistently identify 9 combina-
the identification of robust patterns of expression. Further- tions of three genes that perfectly classify the data with a
more, we will demonstrate that the robust components of corresponding tree of nine nodes. The total number of genes
the solution vectors can be rationalized biologically pro- participating in the 9 combinations is 19 and the list of gene
viding experimental evidence to the fact that computational
robustness can lead to the generation of interpretable hy-
potheses and could be linked to biological robustness as 21652 784224 1435862
well. 377048 784224 1435862

745019 784224 1435862
308231 784224 1435862

4. Analysis of computational results 745019 784224 1435862
308231 784224 841620

In an upcoming publication Androulakis & Hatzi- 308231 784224 813742
manikatis, 200¥% we present a large computational study in 308231 745019 784224
which various publicly available data-sets are analyzed and 769716 859359 1435862
maximally informative solutions are identified. In this paper, 295985 745019 784224

we will be focusing on a single case so as to illustrate some
of the main CompUtatlonal points that serve as the gwde“nesFig. 1. Ensemble of 9 three-gene combinations that perfectly classify the
for our current development. SRBCT data.
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g: 784224 According to our results, although 9 independent solu-
>0.925 <=0.925 tions were obtained half of them share two common genes,
784224(FGFR4) and 1435862 (MICHig. 4depicts the as-
RMS (18/20) P sociated rules for the solutions that share the two genes that
form this “emerging pattern”. By analyzing these solutions
>1.78 <=1.78 we see that the FGFR4 and MIC2 genes are primarily respon-
sible for differentiating the RMS and EWS cancer types. The
EWS (23/23) g: 21652 third gene is used to further differentiate between the two
additional cancer types. In fact, what we have uncovered is a
>0.38 =038 robust combination of genes with significant biological im-
plications.
g: 21652 FGFR4 seems to be a strong indicator of RMS since 90%
>1.86 <=1.86 of the training data that belong to this category are classi-
fied according to the first rule, which only involves FGFR4
[ NB (12/12) [ RMS (2/20) ] (Fig. 1). This is very consistent with available biological in-

formation indicating the FGFR4, a tyrosine kinase receptor
Fig. 2. Optimal classification tree using three genes and nine nodes for per-€Xpressed during myogenesis, is known to have inappropriate
fect sample assignment. expression patterns that link them to breast caridmkéon,
Spencer-Dene, Dillon, & Fantl, 20D®RIthough FGFR4 war-
rants further study, it cannot singled out since it is not only
identifiers is depicted ifrig. 1 (we have used the gene iden- present in other cancers but also, based on the data just pre-
tifiers as provided in the original publication Khan et al., sented, that gene alone does no fully predict all RMS occur-
200)). The classification tree for the first solution is depicted rences in the data. MIC2 is a gene known to be associated
in Fig. 2 Fig. 3monitors the progression of a typical run as with EWS; and in fact,immunostaining of it is currently used
the combined objective encompassing error and complexity to diagnose EWSKovar et al., 1990 However, once again,
is minimized. Each pointin this plot corresponds to a distinct, it alone cannot be used to differentiate EWS as 20% of the
i.e., different combination of genes, solution identified during RMSs exhibits MIC2 overexpression, based on the rules that
the search. Qualitatively, the sum of the two curves expresseswere identified Fig. 1). Therefore, one should begin to ratio-
a weighted average between model accuracy (classificationnalize:
error) and model complexity (nodes of the classification tree).
This is of course very reminiscent to the various information
criteria often used in model selection such as the Akaike and
Bayesian information criteria (AIC and BIC, respectively),
Burnham and Anderson (1998)he plot exemplifies the in- The advantage of such a methodology is that it allows the
terplay between model accuracy and model complexity. The theoretical and experimental biologist to rationalize the actual
basic conjecture made in this paper is that model complexity implications of the genetic behavior of the individual genes
as measured by the number of nodes in the tree, and not bywhich appears interchangeable, as well as the synergetic ef-
the number of features alone, should be the indicator differ- fects of the genes that appear to be active simultaneously.
entiating the various models. The approach allows also for specifying the required com-
plexity. As a result, imposing an additional constraint that
sets the number of active genes can also identify a number of
additional solutions with four or more genes.
RecentlyDeutsch (2003)enerated a number of, unspeci-
fied, predictors containing 12 genes. However, we determined

(a) the synergistic effects of genes that co-occur, and
(b) the relationship of the single genes that are interchange-
able.

30 1 -

w
o

25 1

)
[

§ o;: that the minimum required number of genes is 3, which is a
g =y "% significant reduction in complexity. Furthermore, we deter-
B w' mined that the stable 2-gene is composed of genes whose
8 2 biological importance can be justified.
Z 101 10 &
5 § 4.2. Predictions on unseen data

5 5

The main focus of this work is in identifying improved ap-
g 5 2 e b = - 300 proaches for analyzing available microarray data in an effort

to identify potential leads that drive the observed responses
that warrant further analyses. However, because arrays can
Fig. 3. Progress of the search for optimal gene combinations of cardinality. provide significant biological information at a very refined

Solution Index
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| | 21652<=0.38:BL(8.0)
| | 21652>038:
21652 784224 1435862 | | | 21652<=1.86:NB(12.0)
377048 784224 1435862 H | | | 21652>186:RM (2.0)
745019 784224 1435862 N
308231 784224 1435862 : X
745019 784224 1435862 E ........................... ’ ||
308231 784224 841620 : ||
308231 784224 813742
308231 745019 784224 RE
769716 859359 1435862 : RE
295985 745019 784224 —> |

[ 1]

745019>0.788 : BL (8.0)
745019 <=0.788 :

| 745019 <=0.188 : RM (2.0)
| 745019>0.188 : NB (12.0)

8231 > 0.441 : NB (12.0)
8231 <=0.441:

308231 <=0.189: BL (8.0)
308231>0.189:RM (2.0)

0
0

784224>0.925 : RM (18.0)
784224 <=0.925 : H
| 1435862> 1.78: EW (23.0) > ||
| 1435862 <= 178 : }

377048 > 0.626 : NB (12.0)
377048 <= 0.626 :

| 377048 <=0.181 : BL(8.0)
| 377048>0.181 : RM (2.0)

Fig. 4. Structure of solutions sharing the two-gene (784224, 1435862) emerging pattern.

resolution, it is also hoped that they could also be used to de-  All approaches that combine classifiers essentially pro-
velop diagnostic devices so as to eliminate current practicesduce a very similar overall discriminant function of the form:
that in many cases involve subjective decision. The novel

work of Khan et al. (2001as a first step in this direction. 1 <

Therefore, building predictive models is one of the areas that 8elx) = n Z Plefvj(x)) (4)

will have to be addressed properly. =1

. One of the advantages of the approach th‘fﬂ was des_c_ribed In other words, we combine the assignment probabilities
is the fact that an ensemble of solutions (optimal classifiers) ; | any clasg for a given feature vectorfor of all classifiers

can .be gengrated. This leads natu_rally to exploring the pos'vj, P(clvj(x)), in order to obtain the estimate for the probability
sibility of using those ensembles in order to perform pre- of samplex belonging to class

dictions on unseen data. The idea of ensemble methods in ;- ot 41 (2001provided a training set with 63 sam-

”?aCh'”e. Iti:arnr:ngzggs _?_Een explorled ina rt1ubm_ber t?]f ?gca'ples to be used for the training of the classifier, and a set
5|(()jns Dietterch, Im _f_e general concep e|gg atin of 20 samples to be used for testing. The 10 sets derived
order to construct classifiers operating on new data points, , ... ;sed to develop a predictive decision “forest”. The en-

a weighted prediction vote combining predictions of inde- semble of classification trees predicts the correct assignment

pe”derT‘ gla53|f|ers S.hOUId be |mplemented. The idea of Sel%or all the samples. The class assignment probabilities are
of predictive models is also used in re-sampling <"‘ppro"’mhesdepicted inFig. 5. Our predictions are a significant improve-

such as “bz_sigging”EQreima_ln, 199pand “boosti_n_g” Ereund ment of the ones presented biyand Wang (2002where a
and _Schaplre, 19965""99”?9 generates classifiers produced e hased on linear discriminant analysis was presented.
by different bootstrap (replicates) samples. A number of sam- Only three samples (15, 18, and 20) are not overwhelm-

ples, with replacemgnt, are gg_nerateq anda clas§|f|er IS bUIItingly predicted, however, majority vote identifies the correct
for each sample. A final classifier is built by producing an av- class

erage prediction from all the classifiers. In boosting, the fun-

damental difference is that samples are not treated equally but

appropriate weights are assigned to the points. This is critical 4.3. Characterizing robustness in the presence of noise
because, unlike bagging, the classifiers are not built in par-

allel but rather sequentially. The results from one classifier ~ Noise in gene expression experiments in an unavoidable
affect the weights of the samples that are to be used in sub-reality. Itis significant to estimate the impact of noise in order
sequent classifiers. The final set of classifiers will once againto evaluate the biological implication of the results as well as
vote of the new data points. Recenthp (1998)analyzed the stability characteristics of the computational approach. It
the concept of “decision forests” based on the C4.5 classifi- Should be pointed out that the impact of noise on the analysis
cation algorithm, which is the classifier used in our studies Of arrays has not received, yet, significant attention despite
as well. The idea of the approach is to generate sequences oS tremendous importance.

classifiers by using random combinations of smaller dimen-  Estimating and quantifying the inherent noise in expres-
sion feature spaces. The actual number of tree that are builtsion experiments is still an open issue. A number of contrib-
is chosen in an ad hoc manner. utors impact the measured values:
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Fig. 6. Distribution of MIC2 and FGFR4 expression values in SRBCT sam-
ples.

thereis nouncertainty in the class assignment. Thatis we have
enough corroborating evidence to assign samples to classes
(benign, malignant, etc.). However, the various errors affect
the values, are recorded in terms of expression levels. Given
the above assumptions, we performed a number of simula-
tions and selections following a number of strategies. In order
to simulate “noise” in the data, we assume that the expression
values follow distributions on a per gene, per class basis. We
analyze the available data, and we assume that

Fig. 5. Prediction on 20 unseen SRBCT samples.

1. Cells from the same organ but different donors are used f(jls € C) & N(u®®(jls € C), e®¥(jls € C))
in order to study a particular cancer type, for example.
However, donors do not share similar genetic background
or environmental history, and therefore, variability within  f(j|s € C) = U(min(j|s € C), max(j|s € C))
the samples is implicitly induced.

2. DNA extraction and hybridization cannot be identically de
replicated hence contributing to variability in the mea-
sured expression values.

3. Expression levels are comparative measurements betwee
a target and a sample. Alterations in fluorescent intensity
are used to differentiate the expression levels. These im-¢ \We assume that the data are corrupted and we re-optimize
ages are then digitized and the values normalized to al- the gene selection process;
low comparisons§chadt, Cheng, Byron, & Wong, 2001 e We assume that the classification rules are given and we
Yang, Haddar, Tomas, Aksaker, & Papoutsakis, 2003 test them on noise-corrupted data.

Therefore, the actual measurement is an interpretation ) )
rather than hard data. In either case, we conclude that frequently emerging so-

lutions are by far more robust in the presence of noise. When

Predicting, and modeling, noise in these experiments is training for a new classifier using noise-corrupted data, the
a very difficult task.Tu, Stolovitzky, and Klein (2002pro- emerging pattern (FGFR4, MIC2) survives as a stable compo-
posed a model in which hybridization noise is proportional to nent of the solution vector. When deriving the rules, using the
the expression leveLee, Kuo, Whitmore, and Sklar (2000) emerging pattern (FGFR4, MIC2) as a component of the so-
present a mixture model for representing the observed ex-lution, while training with the original data and subsequently
pression level. testing the classifier with noise-corrupted data, the perfor-

Unlike approaches that tend to eliminate the noise in the mance of the classifier remains godtg. 6 demonstrates
data, we would like to explore the hypothesis that informative geometrically why the combination of FGFR4 and MIC2 is
gene expression patterns survive in the presence of noise. Theobust in terms of its ability to classify the SRBCT data. These
purpose of our analysis is to produce estimates of the stabil-two genes are significantly discriminating between two of the
ity and robustness of the maximally informative genes. The classes, as seen from the geometry of the classification rules,
assumption that we make is that the error is expressed in agwhich makes them survive even increased levels of noise.
gregate manner. That is, all the three components mentioned An open issue in discrimination analysis is the lack of
earlier can affect the reported value, however, we operatea systematic way for exploring the geometry of the clas-
of the aggregate measurement. Furthermore, we assume thadification rules in order to make estimates regarding the

r

It has to be emphasized once again that our goal is not to
velop noise models but rather to determine the robustness
of the emerging patterns of informative genes in the presence
of noise. In our studies we performed the experiments in two
Qifferent modes:
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Fig. 7. Effect of small sample size.

robustness of the rulesdo (2002) discusses the signifi-  each time. Let us consider the various cases in greater de-
cance of understanding the geometry of separating bound-tail. By observing cases (a)—(c), one could argue that a struc-
aries among classes. We are currently in the process of adture begins to emerge. However, in (d), we realize that the
dressingissues related to the geometric structures and relatingrue underlying generating process is one that generates re-
those to an information content for various rules. We are rig- alizations following a uniform distribution, hence, there is
orously exploring ideas such as length of class boundariesnot emerging coherent structure. Looking at small, hence

and space covering by+neighborhoodsHo, 200Q to pro- biased, sub-samples could not have revealed this fact. The

vide rigorous justification of our results. implication is that for a sufficiently small sample size even
irrelevant features can, by chance, lead to apparently accu-

4.4. Optimal versus random selection rate interpretations of the experimental data. Approaches that

determine the minimum required size have been recently pro-

The analysis of microarray data is complicated by the fact posed Hwang, Schmitt, Stephanopoulos, & Stephanopoulos,
that, in general, the experiment is such that we have a very2002. However, some knowledge of the distribution of data
large number of observables, i.e., gene expression valuespoints is required in order to guarantee that homogeneous
but a relatively small number of experiments. In fact, the sampling of the entire population is achieved so that samples
problem of “small sample size” is a fundamental problem are not biased. Defining arbitraty diverse, or focused, sets of
in pattern recognition and classification literatuieunk, samples is not a trivial matteAgrafiotis, 1997.
1979. The problem was revisited a number of times and  These issues cast a shadow of doubt on methods used for
more recentlyJain and Zongker (1997estated the fact that  the analysis of microarray data. The main criticism is usually
the quality of the set of selected features is strongly affected that even a trivial random selection of features (genes) should
by the size of the samples that is available. In the context of be able to provide very reasonable results given the extremely
analyzing microarray samples the problem was also recentlylow values of the ratio samples over genes to choose from.
addressed byPan, Lin, and Le (2002and Hwang et al. In principle, the relative size of the training sample to feature
(2002) among others. space dimensionality is one of the key problems associated

Lets us illustrate the problem of small sample size with a with the complexity of a discrimination problermH¢,
simple example in two variables. Different realizations of the 2003). At this point, we will address this issue based on our
“system” were generated and are depicteBim 7. Realiza- current computational experience (we are currently explor-
tions differ in the number of observations that are recorded ing fundamentally analyses of the approach). The simplest
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