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Introduction
Transcriptomic Classification
Advances in DNA microarray technologies have made it feasible to obtain genome-scale gene expression profiles of different tissue samples and
cell-lines under various conditions. Expression data enables us to gain insight on biological mechanisms via the comparison of gene profiles in normal
and pathological conditions. It aids the identification of interrelationships
among genes, the understanding of progressive mechanisms of diseases at a
molecular level, as well as the identification and validation of novel drug targets. Frequently, patients that are diagnosed with the same disease vary in
the underlying mechanism of their pathology, in their response to treatment,
and in their prognosis. The basic idea is that the more accurate the diagnosis is, the more effective the treatment would be. This observation and the
increasing availability of DNA microarray data have led the utilization of a
plethora of classifier design approaches (e.g., Classification and Regression
Trees (CART), Support Vector Machines (SVM), Artificial Neural Networks
(ANN)), in the attempt to classify expression profiles.

To design a classifier we utilize available training samples (e.g., gene expression profiles) from different classes. Each sample is composed of features
(e.g. genes). During the training phase the classifier estimates or adjusts the
parameters for classification according to its particular underlying paradigm
and the information extracted from the training set to optimize the classification. In the next stage the predictive performances of the classifier are
tested on unseen samples. The accuracy of the classifiers performances depends strongly on the representation of the samples. In a way, the classifier
can be considered as an artificial intelligence device that could be used as a
computational oracle. Support vector machines (SVMs) [1] are supervised
classifiers. They often outperform other learning algorithms and are fairly
insensitive to the phenomena known as the curse of dimensionality (i.e., deteriorate classification performances caused by a large number of features),
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which is relevant for gene expression profiles, that consist of several thousand
genes with only a few dozen of samples available as training data.

Constraint-Based Modeling (CBM)
Deducing a phenotype based on expression profiles has been addressed
by diverse computational methodologies, outside the realm of machine learning. One of these methods is metabolic modeling. Mathematical modeling of
cellular metabolism has traditionally been performed through kinetic modeling techniques that require detailed information on kinetic constants and
on enzyme and metabolite levels [2]. However, the lack of accurate cellular
information of enzymes kinetics and levels currently limits the applicability of such methods to small-scale systems. An alternative computational
approach, constraint-based modeling (CBM), bypasses these hurdles as it
does not depend on such detailed information. CBM assumes a metabolic
steady state under which feasible flux distributions satisfy a stoichiometric mass-balance requirement, thermodynamic constraints and constraints
on enzymes capacities that are based on experimental observations of flux
rates. This modeling paradigm has been extensively applied with considerable success to study microbial physiology [3–10]. Though still less developed, large-scale modeling of human metabolism is constantly progressing
[11]; earlier study has focused on characterizing distinct human metabolic
pathways [12, 13], and modeling specific cell types and organelles [15–17].
In 2007, two generic human metabolic models were presented on the basis
of an extensive evaluation of genomic and bibliomic data [8, 14]. The potential clinical utility of the generic model was previously demonstrated by
its ability to identify functionally related sets of reactions that are causally
related to hemolytic anemia, and potential drug targets for treating hypercholesterolemia [8].
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Research Objectives
In this study we set out to integrate between CBM and transcriptomic
classification by exploiting the metabolic model to aid and improve the classification. The objective is to generate a paradigm that would enable the
classifier to account for the metabolic aspects that are concealed in the expression data. To do so, we applied different methods of CBM to preprocess
the samples for classification. To experiment and validate the different possibilities, we used gene expression in brain and in liver of laboratory mice,
fed one of four different diets.

The work was done with the guidance of Dr. Lior Wolf and Prof. Eytan
Ruppin.
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