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Abstract

Gene expression data are driving computational resources to a
limit that practitioners in the field of bioinformatics are looking for
ways to reduce the size of the data to a meaningful group of features.
These significant features are then used in the subsequent analysis
steps to find biological significant genes. Reviews of different method-

ologies using various mathematical models are presented.

1 Introduction

Gene expression data analysis inherits a well known problem of ”curse of di-
mensionality.” This is due to the massive data collected during biological ex-

periment with very few treatment variables against shockingly large number



of gene variables. We are essentially looking for a needle in a haystack when
hunting for biologically significant genes in this given environment. Meth-
ods have been developed to circumvent this curse of dimensionality problem
by applying unsupervised learning algorithm such as Principle Component
Analysis or adopting statistical methods to filter genes down to a manage-
able size. In order to appreciate the difficulty this problem posts to gene
expression data analysis, let’s assume that we would like to analyze data
points in a D dimensional space and would like to find out how much of each
dimension is needed if we would only like to sample a proportion P of the
total data volume in this D dimensional space. Let x be the amount needed
from each dimension, then, P = 2P and z = PYP. Hence, an exponential
growth of each dimension is needed to sample P proportion of total data
volume. In order to perform accurate data analysis without giving up vital
information in the data, a certain amount of sample proportion is necessary.
In other words, we need an exponential grow in data samples with respect to
an increase in the dimensionality of the data volume to discover any valuable
information hidden in the data. With gene data matrix, this can be trans-
lated as requiring the least number of genes from the data matrix for ”good”
analysis result but as the number of gene variables grow, the least number

of required gene needed for ”good” analysis result grows exponentially.



2 Background

There are two major methods in reducing the dimensionality of a gene data
set, one is feature selection and the other is feature extraction. Most often
classification of gene data is the eventual goal in using dimensional reduc-
tion technique to preprocess data before any classification algorithm is used.
There exist supervised and unsupervised classifiers with linear or nonlinear
scheme for dimensionality reduction. Linear schemes are usually for simpler
data structure but when the data structure is complex, nonlinear schemes
give more precise separating hypersurfaces. In Bioinformatics community,
emphasis has been placed in applying machine learning methods for classi-
fication tasks rather than developing statistical tools for result verification.
These areas of research are certainly important but are at the other end of
the processing pipeline. The chain of gene data processing usually starts
with a preprocessing procedure and unfortunately it is often done without
paying close attention to its cause and effect. There can be different outcome
if different assumption is made in advance.

In feature selection, the interest is to select a subset k of the d dimensions
that provide the most valuable information and discard the (d—k) dimensions
of variables. In other words, the goal of feature selection is to find the
best subset of the set of features. The best subset should contain the least
number of features that account for the most information. In gene expression

analysis, this method is usually carried out by selecting a subset or subsets



of genes that most represent the entire genes collection from the experiment.
The selected subset are then used for subsequent analysis and any biological
significant gene is found in the subset.

In feature extraction, the goal is to construct a new set of k dimensions
from the original d dimensions with & < d. This new set of features is usually
a linear or nonlinear combination of the original d dimensions. From a gene
expression data analysis perspective, feature extraction translates to finding
a new set of meta features that best explains the phenomena one observes in
the experiment. This new set of meta features are often found in a subspace

after projecting the original gene data to this lower dimensional space.

3 Feature Selection methods

Feature selection can be treated as finding individual feature and filtering
each of the collected feature according to pre-defined criteria or it can be
cast in a more subtle manner in which the aim is to find a subset or subsets
of features that can be used to build good predictors. The main different is
that the former methodology often result in collecting sub-optimal features.
The subset selection method, however, often excludes redundant genes but
retains relevant features within the set. This set can then be used as good

training set for building class predictor.



3.1 Ranking of genes

Gene ranking methods have been used since the inception of microarray
technology to solve the high dimension problem and to select genes with
strong predictive power when classification of samples is needed. This base-
line method is simple, scalable, and have shown empirical success. Besides
numerous statistical methods available (which is not covered in the present
paper), ranking gene can also be done by either select a fixed number of top
rank features based on pre-defined parameters or by setting a threshold on
the ranking criterion. Gene selection based on ranking is very common and
it’s a baseline method in gene data analysis. However, it makes a crucial as-
sumption that each gene is independent of each other. This assumption can
be devastating because we now know that genes are regulated together. The
advantage of using a ranking scheme is that one can build a class predictor

using selected genes. A class predictor is a decision function that has the

forms:
(1) f(z) > 0;2 => class(+)
(2) f(z) < 0;2 => class(—)

and in general, a linear form of the decision function is:

(3) fx)=wlo+b



with weight w and bias b and = being the new data to be classified.

3.1.1 Gene ranking based on correlation coefficients

In [13], the correlation coefficients used as ranking criteria is defined as:

(4) 9i = lai(+) = ai(=)]/[oi(+) + 0s(=)]

where «; and o; are the mean and standard deviation of the gene expression
values of gene ¢ for all the samples of class (+) and class (-) for i = 1,..n
where n is number of genes in the data set. A large positive g; value indicates
a strong correlation with class (+) whereas a large negative g; value indicates
a strong correlation with class (-). The g; selected can then be used as weight

in equation (3) to perform classification task.

3.1.2 Gene ranking using recursive scheme

Recursively eliminate feature using a classifier to optimize the weights corre-
sponding to the genes selected have been proposed by [14]. This method of
trimming the data set recursively relies on the weight learned by the classi-
fier. Gene is eliminated at each training step based on its weight produced
by the classifier in terms of a cost function. The classifier is usually a linear
support vector machine. There are a numbers of variations[12][38][24] of this
type of schemes used in gene data preprocessing. The main different comes

from the criterion to evaluate and select the most important genes through



the classifier. The ranking is created by adding the first removed gene to the
bottom of the gene list at each step. The drawback of this approach is that
one needs to use all the original features even though some features may be

only background noise or noisy genes.

3.2 Gene pair selection

Gene pair ranking has been proposed by[5] whereas unlike the methods men-
tioned so far, a pair of genes is considered instead of a single gene is evaluated.
A similar characteristic shared by this method with others methods is that
it uses classifiers as the helper. A specific classifier called Diagonal Linear
Discriminant (DLD)[26] is used for the prediction method. A gene pair is
evaluated by using the two sample t-statistic as the pair score. The pair score

is the projected points on the DLD axis. The prediction is determined by:

(5) a’lz —1/2(a; + ay)] > 0

where a is the DLD axis, a; and «s are the mean expression profile of class
1 and class 2 respectively. The DLD axis a is computed from the common
variance estimate of the genes. The attractive property of this approach is
that one is not only considering an individual gene like the above mentioned
methods. The DLD axis is easy to compute and a visualization approach

can be used to display the DLD axis with the genes selected.



3.3 Wrapper based gene selection

In wrapper approach, gene subset selection is performed in two steps. First
step is to use a classifier to select genes based on the prediction. The classi-
fier is usually a binary classifier, thus can only distinguish genes between two
classes of samples. The second step is to apply an evaluation function to the
selected genes. In[17]]9][25][29][28], the accuracy (classification error rate)
of the classifier is used as the evaluation function for the informativeness of
genes. This method can be used regardless of the learning algorithm chosen
and most of the off-the-shelf packages are used instead of implementing a
specific algorithm to fit the problem. In essence, once a classifier is selected,
one needs to search through the gene space for features to feed into the clas-
sifier. An exhaustive search can be performed, but this approach suffers from
being computationally expensive because each set of evaluation requires the
training of a classifier. Its advantage is that one can view the classifier as
a black box and this black box can be obtained readily from any classifica-
tion packages. One example is the Bioconductor[3] package which contains

different classifiers ready to use.

4 Feature Extraction methods

In this section, meta feature construction methods are discussed. The pop-
ular and common feature extraction method called Principal Component

Analysis (PCA) is first detailed. Multilayer perceptron for dimensionality



reduction is then presented. A kernel based PCA is also detailed and dis-

cussed.

4.1 Principal Component Analysis

Apart from visualization purpose, Principle Component Analysis (PCA)[18][11]
has been widely used as a dimensionality reduction technique in gene data
processing. PCA achieves its dimensionality reduction by projecting the orig-
inal data to a reduced dimensional space where the variance of the original
data is kept as much as possible. It is a linear transformation of the original
features space. The transformation first rotates the original data space and
then ranks the transformed features and selects the few features that best
approximates the given dimensionality. A popular implementation of PCA
is through the use of Singular Value Decomposition (SVD) method[19]. Let
A denote an m x n matrix of real valued data that contains gene expression
values. The row of A is the n dimensional vector that specifies the expres-
sion profile of a gene g. The column of A is the m dimensional vector that
specifies the treatment condition profile. The Singular Value Decomposition

of A has the form:

(6) A=UxvT

where U is m x m orthogonal matrix, ¥ is m x n diagonal matrix and V7T

is a n x n orthogonal matrix. The diagonal entries o are called the singular



values of A and are usually ordered from high to low. These singular values
are proportional to the variances of principle components. The columns
u of U and v of V are the corresponding left and right singular vectors.
SVD allows one to obtain a better estimate of the dimensionality of the
data, which is the rank r of matrix A. The reduced dimensions can be
represented by the matrix U when r < n and the matrix V7 generally yields
a representation of expression profiles with reduced number of variables. The
principle components are chosen according to the singular values of ¥ and
discarding small o, thus leading to a reduced representation of the original
matrix A. Due to the noisy nature of gene expression data, the small o
values and its corresponding singular vectors are often identified as noise
and ignored. PCA has been applied in[2][7][10][20] with promising results. A
main excitment in using PCA/SVD for gene expression analysis is that one
can plot the principle components in two dimensional space for visualization.
The graphic plot can be used for spotting outliers or any clustering of genes.
A gene ranking can also be done by only projecting raw genes data to the
first principal component and then using a ranking criteria to perform gene
ranking or selection. However, there are two drawbacks in using PCA for
feature extraction. One is the interpretability of the principal components
found and the other is the number of principal component to select. These
two problems can sometimes be very difficult to solve and the solutions so

far have been ”ad hoc” at best.
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4.2 Multilayer Perceptrons

Multilayer perceptrons (MLP) belongs to a class of Artificial Neural Net-
works (ANN) that has the ability to classify objects by training using the
Backpropagation algorithm[31]. MLP with hidden layers can be used to per-
form dimensionality reduction. A simple MLP has one hidden layer, there
are X4 input units, H¢ hidden units, and Y output units. A successive hid-
den layers of processing units can be added to the network architecture with
connections running from every unit in one layer to every unit in the next
layer. In standard MLP, the output of the ith hidden unit is determined by
forming a weighted sum of the input unit values and then applying a transfer

function to the result.

d
(7) a; =y Wz + b

i=1
where WM is the weight and b; is the bias. The transfer function can be a
step function or a continuous sigmoidal function f = 1/(1+e™") to give the
output h;.

(8) hi = f(a;).

The network outputs are obtained by taking the output from the hidden

layer units and construct a linear combination of h; to form

N

=1

where W® is the weight and b, is the bias. The summation is from 1 to N
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where N is the number of hidden units. Then applying the transfer function
to give

(10) yi = flag).

Note that the transfer function does not have to be the same transfer func-
tion used in the preceding layer. The dimensionality reduction is achieved
through the reduced number of units in the hidden layer. For non-linear
dimensionality reduction purpose, usually three hidden layers are needed [4]

22].

Although not very common to train a MLP for dimensionality reduction
purpose only, In [8], a non-linear encoder and decoder neural network based
on autoassociation network[6] was used to perform low dimensional encoding
of biological data. Others[22] [35] [36/had shown that a nonlinear represen-
tation of original data can be found in lower dimensional space with multiple
hidden layers. In [23], a perceptron for feature selection is used. The se-
lection is based on the weights produced by the network. There are three
major factors one needs to consider before applying this approach for feature
extraction. First, it is hard to rationalize what is actually being extracted
from the hidden layer of the MLP. Second, it is a very expensive proposi-
tion due to the number of genes are in the tens of thousands. For each unit
representing one gene and the network size is very fast to become a major

problem for even a powerful computer. Third, the size of the hidden layers
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needs to be specified in advance and this is hard to determine. Besides the
drawback, a MLP is capable in finding nonlinear relationship among gene

data and can find high predictive power genes|23].

4.3 Kernel based method

A kernel based[32] principal component analysis has been proposed for find-
ing principal components in high dimensional feature space. This method is
based on using a kernel function that computes the dot product of two input
vectors in feature space without explicitly mapping the input vectors to the
feature space. The kernel function chosen determines the characteristic of
principal components extracted in feature space. Kernel-based PCA is based
on the observation that the covariance matrix C' of the given data can be

diagonalized with nonnegative eigenvalues because C' is positive definite.

I
(11) C=1/1> ]
j=1

where the covariance matrix of the centered data z;,j =1,..,l,z; € RY and

the eigenvalue problem is

(12) A= Cuv

where v is the eigenvector and A is the corresponding eigenvalue and solving

(12) for positive A and v € RN. In order to use the kernel function to solve
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the above problem we need to see that (12) is equivalent to (13) :
(13) Azj - v) = (2;-v)

for all j = 1,...,] and the corresponding computation of the dot product in

feature space F' via a mapping function ® and rewrite equation (11) in terms

of ®.

(14) ' = 1/52(13(%)(1’(%)T

If the mapping function ® is properly chosen, a kernel function k£ can be
used to compute the inner product in F' without performing explicit mapping
where

(15) k(x;, xj) =< ®(x;), D(x;) >

and the projections of data on the eigenvectors a can be found by

(16) P = ;ozzk;(xz,x)

A benchmarking study[30] has been done using 7 gene data sets: colon can-
cer datad[l], acute leukemia data[l13], breast cancer data[l16], hepatocellular
carcinoma data[21], high grade glioma data[27], prostate cancer data[34], and
breast cancer data[37] to assess the performance of kernel based PCA with
RBF kernel function and linear kernel function. The author concluded that:
(1) a liner kernel function is often better than a nonlinear one for feature

selection. This is not suprising because Kernel PCA is ”standard” PCA in
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high dimensional space if a linear kernel is used. (2) The problem of over-
fitting (with RBF kernel) tends to occur when large number of component
vectors are used for downstream analysis. This is also not suprising due
to the fact that kernel PCA with nonlinear kernel is essentially solving the
PCA problem with the gram matrix, which is far more bigger in size than
the covariance matrix in which standard PCA is solving. This is also why
kernel PCA can extract more components than standard PCA. Besides some
of the drawbacks mentioned in section 4.1, kernel based PCA has another
subtle but important drawback of finding the pre-image problem. This prob-
lem exists if one wish to use the feature selected to reconstruct the original
gene data. Standard PCA mentioned in section 4.1 can reconstruct the orig-
inal data with all its principal component vectors but this is not the case in
kernel based PCA. Even though there are some drawbacks in kernel based
PCA, its performance is almost always better than other feature extraction
methods in terms of using the extracted features for classification tasks in

the downsteam processing steps[30].

5 Discussions and Conclusions

Most often researchers are interested in performing either feature selection
or feature extraction as a data preprocessing step. The advantages of using
such methods on gene data can be outlined as follows: (1) unnecessary input

can be discarded thus saving memory space and speed up computation, (2)
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data can be conveniently plotted and visually analyzed for structure and out-
liers if represented by only a few dimensions, (3) knowledge extraction can
be done faster when data are represented with less features, (4) with smaller
dataset, one can model the features more easily with lesser variation during
analysis.

For gene selection, a study done by[33] tried to address the questions of:
(1) Can the feature selection algorithm find a feature gene set that is close
to the optimal feature gene set in terms of error produced from a classifier.
(2) If the feature selection algorithm is not able to find a good feature set
according to the error indication in (1), then should one expect that a good
feature set does not exist. The outcome from[33] is that one cannot expect to
find a feature set that is close to the optimal in terms of error alone. There
needs to be prior biological information available to help the searching. In
addition, the authors concluded that even though finding a good feature set

is difficult, the existence of it cannot be ruled out.

Gene selection certainly helps in reducing computational burden while
providing better gene predictor quality for downstream analysis. Feature ex-
traction, on the other hand, has been seeing as a major contributing force
in building a new frontier of metagene research due to the fact that this ap-
proach is still in its infancy and active research is still in progress. Nonethe-
less, using metagene one can eventually construct a gene network template

for organisms to infer gene to gene interactions and activities. With the help
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of gene expression databases around the world, one should be able to ”dig”
deeper into the universal truth about gene regulation by finding metagenes
that can provides evident across different data sets. In this review, differ-
ent mathematical models for performing gene selection and extraction are
presented and their benefits along with the drawbacks are outlined. The
dilemma in gene data preprocessing is that linear models are much simpler
and straight forward in gene expression analysis but real life gene data set
are very noisy and often has "nonlinear” relationship between variables in
nature. This is not to say linear models suffer or lack strength, in fact,
a good linear model often outperforms a nonlinear model in some specific
problem setting. One should combine the strength of feature selection mod-
els with feature extraction models to build a model to generate metagenes

from properly selected genes.
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