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Abstract—Transcription profiling studies reveal important
insights in regards to molecular events that manifest in
phenotypic outcomes such as response to drug therapy.
Construction of computational models that accurately predict
therapy response is only possible when precise data
measurements, robust feature/gene selection, and advanced
computational modeling methods are combined with stringent
statistical validation and large scale verification of results. Due
to the large number of gene expression measurements in
transcriptional profiling studies, feature selection represents a
bottleneck when constructing computational models. The
degree of compromise between selection of the optimal feature
set and computational efficiency results in many choices for
candidate gene sets which leads to a wide range of classification
accuracies. Furthermore, constructing a classification model
using a larger-than-necessary gene set along with small number
of samples may cause over-fitting the data, resulting in highly
optimistic classification accuracies. In this study we present
OSeMA, a fast, robust and accurate gene selection-
classification framework which results in construction of
classification models that are highly predictive of the rIFNB
therapy response in multiple sclerosis patients. We assess the
performance of OSeMA on held out test data. Additionally, we
extensively evaluate OSeMA by comparing it to an exhaustive
combinatorial gene selection-classification approach.

I. INTRODUCTION

Ultiple sclerosis (MS), the most common disease of

central nervous system in young adults, affects over

2,500,000 people worldwide, causing devastating
symptoms such as loss of speech, vision, and paralysis, yet
remains without a cure [1]. Although IFNP is widely used to
reduce autoimmune attacks in relapsing-remitting multiple
sclerosis ~ (RRMS), patients exhibit considerable
interindividual heterogeneity in their clinical response,
adverse side effects, and almost half of them do not
experience significant benefits [2]. Gene expression profiling
prior to INFp therapy in MS patients allows for identification
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of specific interindividual heterogeneity at the molecular
level that causes differential response to therapy [3]. A
classifier, constructed from the most informative gene
signature, can be used to predict the therapy response of new
patients. However, several challenges remain in accurately
classifying gene expression data.

Although gene expression studies measure the expression
values of hundreds to several thousands of sequences, the
expression patterns of a few genes is often sufficient to
account for the underlying grouping of the data [4]. In
parallel, constructing a classification model using a larger-
than-necessary gene set along with small number of samples
causes over-fitting to the data, resulting in highly optimistic
classification accuracies. Thus, constructing a generalizable
and robust classification model requires identification of a
minimal set of most informative genes. However, due to the
small number of samples and a very large number of features
(gene measurements) in expression datasets, gene selection
poses a computational challenge.

In the machine learning literature two approaches to
feature selection predominate: “filter” and “wrapper”. In the
filter approach, feature selection is usually performed by
evaluating the ‘goodness’ of each gene independently of the
classifier design. Most filter approaches are also univariate;
the importance of each feature in distinguishing different
classes is assessed individually. Signal-to-noise ratio, 7-test,
and the ratio of between-groups to within-groups sum of
squares (BSS/WSS) are some examples of the filter approach
for feature selection (see [5] for a review). In contrast, in the
wrapper approach, the ‘goodness’ of a subset of features is
directly evaluated by their corresponding classification
performance. Wrapper approaches consider the
combinatorial effects of a subset of features and are
multivariate [6]. The major disadvantage of this latter
approach is computational complexity, especially when the
dataset is comprised of a large number of features and
feature subsets are exhaustively compared. Essentially, the
degree of compromise between selection of the optimal
feature set and computational efficiency in different feature
selection algorithms result in many choices for candidate
gene sets which leads to a wide range of classification
accuracies [5].

In this paper we present OSeMA (Orthogonal Search
Model Analysis), a fast and robust gene selection-
classification framework based on orthogonal search
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minimal set of orthogonal genes that are most relevant for
classification of gene expression data and constructs models
of different classes in the dataset. We employ OSeMA to
construct a committee of classifiers that are highly predictive
of the response of RRMS patients to IFNB drug therapy
based on gene expression data acquired prior to therapy
initiation. Furthermore, we extensively evaluate OSeMA by
comparing it to an exhaustive wrapper approach feature
selection/classification procedure based on the QDA
framework.

This manuscript is organized as follows: in section II we
describe  OSeMA and the general Cclassification and
validation procedures. In section III we describe our dataset
and present and discuss our results. Section IV consists of
summary and conclusions.

II. METHODS

OSeMA constructs a classification model of the data in two
steps. In the first step, a search is conducted to identify a
minimal set of genes that are most relevant to distinguishing
the underlying classes in the dataset. In the second step, the
identified gene set is utilized to construct a committee of
QDA classifiers.

A. Gene Selection with OSeMA

The initial gene search of OSeMA is based on Fast
Orthogonal Search (FOS) introduced in [9]. FOS is a
supervised forward regression algorithm that has been
successfully employed in a variety of applications. The goal
in solving the regression problem given by:

p
$0= % ay fi (0 (1)

is to determine the weights, a, and p functions, f, among N
candidate functions, such that the mean squared error (MSE)

between y and ‘true’ output y is minimal. Orthogonal

Search aims to identify the p functions f, among a large pool
of candidate functions, and their corresponding weights a.
Functions are selected iteratively, one at a time by holding
previously selected functions fixed, such that the new
selected function results in the most decrease in MSE. This
procedure is repeated until an error criterion is met or a
desired number of functions are selected [8]. By projecting
the functions in the orthogonal space, with the Gram-Schmid
Orthogonalization algorithm, the contribution of each
function in reducing the MSE can be assessed independently.
In FOS, the orthogonalized function associated with each f;
is not explicitly calculated; this fact significantly reduces the
computational burden of the procedure [8, 9].

For the purpose of gene selection we propose to use FOS
for assessing the ‘significance’ of each gene in distinguishing
between different classes in the dataset, where each gene k in
the dataset is considered to be a function f;. In this procedure
we set a threshold ¢ and use FOS to identify the top  most
relevant genes.

In order to identify the minimal set of genes that are most
relevant in distinguishing the classes in the dataset we
propose the following procedure. First we randomly divide
the dataset into four equal parts and use three parts to
identify a predefined number of genes with the FOS
algorithm. We then repeat this procedure 100 times and rank
the identified genes based on their frequency of appearance
in all the random divisions of the data. As it will be shown in
the results, there is a clear separation between the frequency
of appearance of the highly ranked genes and the remaining
genes.

B. Creating a Classifier with OSeMA

Subsetquet to the search step, OSeMA constructs a
committee of QDA classifiers. In previous studies in the
literature, various classification methods have been
successfully employed to gene expression (see [7] for a
review). However, gene expression studies are characterized
by high degree of measurement noise and variability [10],
therefore probabilstic approaches offer a well suited
framework for predictive analysis. Linear and Quadratic
Discriminant Analysis (LDA and QDA) are classical
probabilistic classification approaches that are popular
because of their solid theoretical foundation as well as their
simplicity to implement and interpret [11].

A gene expression dataset D, , comprises measurements of
expression levels of p genes in n samples. Each sample has a
class label y; and y € {1,...K}, where K is the number of

different classes in the data. Assuming a multivariate
Gaussian distribution for each class with different mean and
common (LDA) or different (QDA) covariance matrix and
utilizing Bayes rule, classifying a new sample entails
calculating the probability of generation of the sample from
each of the underlying class distributions:

N p(x; iy, 20 ) p(k)
plk 1 x) = LKk @)

mzl Np (x; Hms Zm)p(m)

Where g ,2; are the mean and the covariance of class k of
the p-dimensional multivariate Gaussian distribution N,, x
€ % ”is a p-dimensional new sample, and p(k) is the prior
probability of observing class k. Note that g, ,2; are not
known and must be estimated from the data [12].

In the second step of OSeMA, the identified minimal gene
set is utilized to construct committee of QDA classifiers
using the leave one out cross-validation (LOOCV) scheme.
In this procedure, n QDA classifiers are constructed, each on
different n-/ samples in the data. In order to classify a new
sample all committee members make a prediction and the
sample is assigned to the class with majority of votes. The
committee scheme proves to improve the generalizability of
the classification models.
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C. Classification and Evaluation Procedures

Due to the small number of available samples, stringent
evaluation criterion is essential to avoid over-fitting to the
training data. To evaluate our models critically, prior to each
search-classification procedure, we randomly split the input
gene expression dataset to 75% training data and 25% test
data, while keeping the ratios of samples in each class
consistent between training and test data. The training data
is then used to train a committee of classifiers, using the
LOOCV scheme, and the performance of the committee of
classifiers is assessed on the test data. Thus, “prediction
accuracy” refers to the classification accuracy on the held out
test data. To ensure that the prediction accuracies were not
just fortuitous and particular to a given split of the data, we
created 100 random splits of data into the training and test
sets and recorded the mean prediction accuracy as well as the
10™ percentile over the 100 different data divisions.

To further evaluate the OSeMA framework we compare
our results with that of IBIS [3]. IBIS is a search-
classification framework that integrates exhaustive gene
search and QDA classification in a committee framework.
By exhaustively searching through all gene sets of size r,
where r is pre-assigned by the user, IBIS identifies sets of r
genes with the highest LOOCV accuracy and lowest mean
squared prediction error (MSE).

III. RESULTS

A. Dataset

The dataset in this study contains the expression levels of
seventy seven genes in fifty two RRMS patients, obtained by
Quantatative  (q) RT-PCR from peripheral blood
mononuclear cells. These patients have been followed for
two years subsequent to initiation of rIFNP drug therapy
(time zero), blood specimens were collected every three
months (resulting in measurements at time three, time six,...,
time twenty-four) and at the end of the two years they have
been classified as either poor- responders (19 patients) or
good-responders (32 patients) to the treatment following
strict clinical criteria. In a previous study, we have reported 3
dimensional IBIS classification results on predicting
response of RRMS patients to rINFp therapy prior to
initiation of the treatment [3]. Here we compare gene
selection and classification results of IBIS with that of
OSeMA.

B. OSeMA — Gene Search

OSeMA was applied to the gene expression data of RRMS
patients at time zero. As described in the II.C, the gene
search step was solely conducted on the training portion of
the data and similarly, the corresponding classifiers were
creating using only the training data. In order to identify the
most robust gene set, in the search step of OSeMA, we
further divided the training data 100 times. On each division
of the training data we randomly selected 75% of the
samples to identify four most relevant genes. Subsequently,
we ranked all the genes identified on different divisions of

the data by their frequency of appearance. Figure 1 illustrates
the frequency of identifications of genes in the search phase
of OSeMA. Caspase 10 and MAP3kl were consistently
identified as ‘significant’ genes on different divisions of the
training data.

Caspase2 and Caspasel0 belong to the a family of
proteins that are act as anti- or pro- apoptotic regulators and
are involved in a wide variety of cellular activities. Previous
gene expression studies have involved IFNP in the regulation
of apoptosis in MS [13, 14]. MAP3kl1, occupies a pivotal
rule in a network of phosphorylating enzymes integrating
cellular response to a number of mitogenic and metabolic
stimuli [15].

C. OSeMA — Classification and Validation

In the classification step, utilizing high ranking genes
identified in the search step, committees of classifiers were
constructed to model different classes in the data. The
constructed classifier committees were then evaluated based
on their prediction accuracy on the held out test dataset. To
ensure that the prediction accuracies were not particular to
the first split of the data into training and test set we report
the mean prediction accuracy as well as 10" percentile of
prediction accuracies on 100 splits of data. The 10"
percentile indicates the minimum prediction accuracy in 90%
of the instances if multiple predictions were made. Figure 2
illustrates the histogram of prediction accuracies, along with
the mean and 10™ percentile, of the two top ranking genes.
The gene pair Caspasel0 and MAP3k1 was identified in the
search step of OSeMA and is sufficient to account for most
of the variations between good- and poor- responder
patients, as it results in high prediction accuracies on test
data.

Furthermore, we compared the identified gene sets and
corresponding accuracies of OSeMA with that of IBIS. IBIS
reaches a mean prediction accuracy of 90% with a 4
dimensional search. In three dimensional IBIS search, the
gene triplet Caspase 10, Caspase 2, and MAP3k1, is one of
the top triplets and results in low MSE on the training data.
Similarly, in a 2 dimensional search Caspase 10 and
MAP3k1 were among the top ranking gene pairs. However,
the exhaustive search in IBIS is computationally expensive
and may not be achievable on datasets with large number of
genes. IBIS requires exponential time with respect to the
dimensionality of the search step whereas OSeMA requires
linear time. A four dimensional IBIS search on this dataset
require approximately 8 hours of computational time on a
desktop PC whereas OSeMA require a few seconds on each
division of the data. In addition, the gene ranking method in
the OSeMA framework has the advantage that it results in
identifying a robust minimal gene set, irregardless of the
initial data split.
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Figure 1. The frequency of occurrence of each of the 77
genes in the dataset in the search step of OSeMA

IV. SUMMARY, CONCLUSION AND FUTURE WORK

In this study we present OSeMA, an integrated gene
search/classification framework, which identifies a minimal
gene set that is highly predictive of the therapy outcome in
RRMS patients. We stringently evaluate the classification
performance of OSeMA on held out test samples as well as
through statistical approaches. Furthermore we compare our
results to that of an exhaustive search with IBIS. The
classification accuracies along with the identified gene sets
are similar between IBIS and OSeMA. However, the search
step in the OSeMA framework is very fast; requiring less
than a minute on a personal PC, whereas the exhaustive IBIS
search requires exponential time versus dimensionality of
search. Additionally, the proposed ranking method in the
search step of OSeMA allows for identification of a minimal
and robust gene set, regardless of the particular division of
the data into test and training sets.

We have successfully identified minimal gene groups,
whose combinatorial transcriptional profiles distinguish
poor- and good- responding RRMS patients, however, larger
prospective studies are required to confirm our findings. We
are currently investigating applying our poor- and good-
responders predictive models to an independently produced
RT-PCR gene expression data of a group of RRMS patients
that have been classified to poor- or good- responder to drug
therapy.

REFERENCES

[1] National Multiple Sclerosis Society. http://www.nmss.org.

[2] RiolJ, et al (2002) Assessment of different treatment failure criteria
in a cohort of relapsing-remitting multiple sclerosis patients treated
with interferon beta: Implications for clinical trials. Ann Neurol 52:
400-406.

[3] Baranzini SE, ef al.(2005) Transcription-based prediction of
response to  IFNbeta using supervised computational methods.
PLoS Biol. Jan 3, 1:€2.

[4] Li, W. and Yang, Y. (2002) How many genes are needed for a
discriminant microarray data analysis? Methods of Microarray
Data Analysis: Papers from CAMDA’00, eds. SM Lin, KF Johnson
(Kluwer Academic), pp. 137-150.

5522

(51

(6]

(71

(8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

Caspasell and MAP3K]
40 T T T

frequency of occurrence

&l a0 g0 S0
percent accuracy

100

Figure 2. Histogram of prediction accuracies of OSeMA on 100
divisions of data into training and test sets using the top gene
pair. The solid line represents the mean accuracy and the dashed
line the 10™ percentile of the histogram.

Li, T., et al. (2004) A comparative study of feature selection and
multiclass classification methods for tissue classification based on
gene expression. Bioinformatics, 20, 2429-2437.

Blum, A., and Langley, P. (1997). Selection of relevant features and
examples in machine learning. Artificial Intelligence, 245-271.
Dudoit, S, Fridlyand, J, and Speed, T. (2002) Comparison of
Discriminant Methods for the Classification of Tumors Using Gene
Expression Data. Journal of the American Statistical Association:
Mar(v.97, No. 457):77-87.

Chen, S. Cowan, CFN. And Grant, PM. (1991). Orthogonal least
squares learning algorithm for radial basis functions networks. IEEE
Transactions on Neural Networks, 2(2), 302-309.

Korenberg, MJ. (1988). Identitfying nonlinear difference equation
and functional expansion representations: the fast orthogonal
algorithm. Ann Biomed, Eng. (16) 123-142.

Kendziorski, M, et al. (2003) On parametric empirical Bayes
methods for comparing multiple groups using replicated gene
expression profiles. Statistics in Medicine 22:3899-3914.

Huberty CJ. (1994) Applied Discriminant Analysis. New York: John
Wiley & Sons.

Hastie, T, Tibshirani, R, and Friedman, J. (2001).The Elements of
Statistical Learning: Data Mining, Inference, and Prediction
Springer: New York.

Chawla-Sarkar M, et al. (2003) Apoptosis and interferons: Role of
interferon-stimulated genes as mediators of apoptosis. Apoptosis 8:
237-249.

Gniadek P, er al. (2003) Systemic IFN-beta treatment induces
apoptosis of peripheral immune cells in MS patients. J
Neuroimmunol 137: 187-196.

Xia, JX. et al. (2005). B7 molecules mRNA expression in colorectal
carcinoma. World J Gastroenterol.Sep 28;11(36):5655-8.



	MAIN MENU
	Go to Previous Document
	CD-ROM Help
	Search CD-ROM
	Search Results
	Print


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for export to IEEE PDF eXpress. May 2005. PaperCept.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


