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Abstract

In this paper we propose to use ICA as a dimension reduction
technique for microarray data. All microarray studies present a
dimensionality challenge to the researcher: the number of dimen-
sions (genes/spots on the microarray) is many times larger than the
number of samples, or arrays. Any subsequent analysis must deal
with this dimensionality problem by either reducing the dimension
of the data, or by incorporating some assumptions in the model
that effectively regularize the solution. In this paper we propose to
use the ICA approach with a regularized whitening technqiue to re-
duce the dimension to a small set of independent sources or latent
variables, which then can be used in downstream analysis. The
elements of the mixing matrix can themselves be investigated to
gain more understanding about the genetic underpinnings of the
process that generated the data. While a number of researchers
have proposed ICA as a model for the microarray data, this paper
is different in an important aspect: we focus on ICA as a dimension
reduction step which leads us to the generative model formulation
that applies the ICA in an opposite way to most other proposals
in this field.

1 Introduction

DNA microarray experiments generate large datasets with expression values for
thousands of genes but no more than a few dozens of samples. Each microarray
sample i can be represented as xT

i = (xi1, ..., xip), and we collect all microarrays in
a p× n matrix X.

A typical situation where the large number of genes compared with small sample
size presents a challenge has been explored in [13]. In this paper, three well-
known microarray datasets (AML/ALL Leukemia, Lymphoma, and NCI-60) have
been used to compare different classification techniques. The common feature of
these datasets is that a few dozen tissues from different types of cancers have been
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microarrayed to obtain expression profiles of a few thousand genes. It is of interest to
build a classifier that would be able to reliably distinguish among different types of
cancers based solely on the expression profile. This by itself could provide significant
help in diagnosing and staging cancers, and the classification/discrimination rules
built by these classifiers could be examined and interpreted to gain more insight
into the molecular working of different cancers.

In most of the previous studies, including [13], univariate gene selection has been
used extensively for reducing the number of genes to be considered before classifica-
tion. Several selection criteria have been used in the literature, e.g. the BSS/WSS
ratio (equivalent to F statistic) used in [13], the t statistic [1], the Wilcoxon’s
rank sum statistic [2] or Ben Dor’s combinatoric ”TNoM” score [3]. The main
advantages of gene selection are its simplicity and interpretability. However proper
gene selection based on univariate statistics is a difficult problem akin to the differ-
ential gene expression analysis and its associated multiple testing challenge, both
the topics of much current research (e.g. [16] [15] [14]). As is already evident
from these and other papers, some amount of information sharing among genes is
essential even when one seeks to select individual genes as the final goal.

Another approach to dimension reduction is via multivariate methods, which have a
flavor of feature extraction, and naturally consider some aspects of joint distribution
of all genes. Unlike gene selection, the general idea is to construct a limited set of
k components z1, ..., zk which are functions of the original variables. In this paper
we concentrate on linear functions. Thus we search for vectors bj to construct
features zj = bj

T x for 1 ≤ j ≤ k. (In all that follows we assume that the data has
been centered). Let Z = (z1, ..., zk)T be the k × n matrix having the components
in its rows. The most well known linear features are usually constructed by a
PCA method (also known as Karhunen-Loeve expansion in pattern recognition,
and typically implemented with Singular Value decomposition) seeks components
that are uncorrelated and have maximum variance [4]:

E(zzT ) = Dk, (1)

where Dk stands for a diagonal matrix of rank k. These components (typically
scaled by inverse roots of elements of Dk to obtain unit-variance) will then serve as
new predictor variables in the further analysis.

In this paper, we propose a new dimension reduction technique for specific genomics
applications based on Independent Component Analysis (ICA) [5]. Unlike PCA,
which only considers variance, ICA is able to exploit higher order statistics which
may contain significant complementary information. This is particularly important
when the distribution of data differs significantly from normal, which for at least
two reasons is often the case with microarray expression data. One reason is that
the gene expression data is often heavy-tailed [6], since great majority of genes do
not react strongly to different experimental conditions, while the ones that do, have
very strong signals. Another reason is that due to very limited sample sizes, the
Central Limit Theorem often does not apply in these problems.

Our approach models logarithms of expression profile of specific genes across dif-
ferent samples to reduce the microarray data to a small set of independent sources
or latent variables, which then can be used in place of genes in subsequent anal-
ysis. The elements of the mixing matrix can themselves be investigated to gain
more understanding about the genetic underpinnings of the process that generated
the data. This method provides a biologically meaningful approach to dimension
reduction and has more promising statistical properties than traditional methods
now used.



2 Methodology

2.1 General Framework

The relative expression levels of p genes of a sample organism are probed simultane-
ously by a single microarray. A series of n arrays, which physically identical, probe
the genome-wide expression levels in n different samples. Let the p × n matrix X
denote the full expression data. For cDNA studies, the elements of X would be log-
ratio of signal-to-reference channels, while for oligonucleotide arrays these would be
log-PM measurements, possibly offset by the MM measurements and aggregated in
a suitable way over all probes of a gene. We also assume that a suitable normaliza-
tion was performed on the microarrays, so that columns of X, which correspond to
arrays in the data, represent samples from the same family of distributions.

By viewing the expression profile of a single microarray as a realization of a random
vector, we model it as a mixture of small number of latent components which are
statistically independent. Mathematically, suppose that each gene on a microar-
ray is a different linear combination of the same k independent random variables,
s = (s1, ..., sk)T , which are termed Independent Components. Biologically, these
components may correspond to distinct biological processes that are affected by the
experimental design, and in terms modulate the expression level of particular genes
through the various genetic regulatory mechanisms such as transcription factors.1

We can express this model consistently in the generative form of ICA.
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which for a particular dataset can be put in a matrix form:

Xp×n = Ap×kSk×n

Each of the vector s1, ..., sk can be viewed as an independent random source which
may have some biological meaning. Then, ICA can be applied to find a matrix W
that provides the transformation Y = (y1, ..., yk)T = WT X of the observed matrix
X under which the transformed random variables y1, ..., yk called the Estimated
Independent Components, are as independent as possible [7]. Under certain math-
ematical conditions (see also section 2.2), the estimated random variables y1, ..., yk

are close approximations of s1, ..., sk, up to permutation and scaling. In matrix
notation

Yk×n = WT
k×pXp×n (3)

From equation 3, we see that the data are mapped from a p× n space to a reduced
k × n space, and when k << p, the dimension is significantly reduced. In the new
space, the data are represented by the matrix Y, the k rows of this matrix are
k independent predictors. A typically hard problem, akin to determining a valid
number of principal components or number of clusters, is the selection of k. For
the purposes of this paper we just investigate three levels of k: high, k ≈ n/2; low:
k ≈ 3 ∼ 5; and medium level which is a compromise between those two.

1Two caveats: we do not necessarily imply causality here, merely postulate a model that
may explain comparability in a simplified way. Also, in practice, given a small number of
data (arrays), each component may be a mixture of underlying processes with perhaps one
or two dominating the rest in the context of particular experimental setup and intervention
factors



2.2 Regularized Whitening Procedure

Most ICA algorithms, require a “whitened” data, with an identity covariance ma-
trix. This is more than a numerical requirement, in that ICA is attempting to
decompose the data beyond the first two moments which is the goal of PCA and
related methods. Typically, second-moment would dominate larger moments and
be detrimental to the ICA goal.

Many whitening methods are based on eigenvalue decomposition (EVD) as shown in
[7]. In which, the centered data x are transformed into x̃, such that E{x̃x̃T } = Ip.
With eigenvalue decomposition of the estimated covariance matrix, 1/nXXT =
UDUT , normally used whitening transformation is X̃ = UD− 1

2 X. However, when
n << p, the eigenvalue matrix D is far from full rank, thus the inverse of D does
not exist.

We propose to use a penalized estimates of the covariance matrix to whiten the data.
In general, penalized estimates are biased version of the un-penalized ones, but
exhibit lower variance, if the penalty is chosen a’priori. This can lead to estimates
which have a lower mean-square error, especially in low S/N or high-dimensional
settings.

For the purposes of this paper, we propose a very simple penalization scheme based
on the identity matrix which, however, has been proven effective in high-dimensional
settings [17]. If we use:

Σ̃ = 1/nXXT + λIp

as a penalized estimate of the gene-gene covariance matrix, the whitening procedure
becomes:

X̃ = U(D + λI)−
1
2 X (4)

In equation 4, when the λ that was chosen as 75 quartile of all non zero eigenvalues
λ1, ...., λn−1 of the covariance matrix. In more automatic procedure, one can use
leave-one-out cross validation to tune the regularization factor λ.

2.3 Independent Component Analysis Algorithm

We denote X the corrected logarithms of expression profile after standardization,
and start from a model of the form Y = WT X, where the Y = (y1, ..., yk) are
independent sources and WT is the unmixing matrix. The ICA algorithm we adopt
is called FastICA which searches the corresponding WT by minimizing the mutual
information as follows:

I(y1, ..., yk) =
k∑

i=1

H(yi)−H(X) + log |det(WT )| (5)

where H(y) represents the entropy for random variable y with density f(y) and
defined as H(y) = − ∫

f(y) log f(y)dy. After this step, the data have already been
mapped into a new feature space and when k << p, the dimension is reduced
greatly. Also, we can estimate the mixing matrix A ≈ WT .

As a result, the ICA method yields latent sources which are statistically indepen-
dent. There are mainly two aspects we are of great interest: Given the generative
model Xp×n = Ap×kSk×n, the mixing matrix A is of great interest to analysis. For
a specific gene, one of the elements aij (1 ≤ i ≤ p and 1 ≤ j ≤ k) represents the ef-
fect of the jth latent source on the ith gene across n different conditions (arrays). If
the generative model does hold, based on this information, we can predicate whether



this latent factor is (positive or negative) ”active” under the conditions. The other
aspect is when fixing a specific latent factor, the distribution of the elements of
matrix A could be a good indication for analyzing the behavior of specific genes
in different latent factors. Given a threshold, the distribution of gene expression
profile in a given latent factor generally features a small number of significantly
over-expressed or under-expressed genes, which kind of ”dominate” this latent fac-
tor.

When the algorithm was implemented, the approximations developed in [18], based
on the maximum entropy principle. we get

H(ygauss)−H(y) ≈ c[E{G(y)} − E{G(v)}]2 (6)

where G is practically any non-quadratic function, c is an irrelevant constant, and
v is a standardized Gaussian variable. The choice of G will be discussed later in
section 3.

2.4 Comparison with Related Works

Some other researchers also applied ICA for microarray analysis. Liebermeister
[8] and Chiappetta [9] first proposed using linear ICA for microarray analysis to
extract expression modes, where each mode represents a linear influence of a hidden
cellular variable. Su-In Lee [10] gave out a systematic analysis of the applicability
of ICA as an analysis tool in diverse datasets. Given a p× n microarray expression
profile matrix X, they assume a generative model x

(i)
j =

∑
ν aiνsν , where j indexes

genes and superscript i indexes arrays. This uses separate realization of the random
component vector, s, for each gene, j, rather than for each array as we propose. We
believe that our application of ICA to genomic data better expresses the biological
reality of co-expression and leads to better modelling of comparability among genes.
We also believe it is closer in spirit to the original motivation of ICA that came from
Blind Source Separation community: in our settings the spots on the array act as
microphones and the underlying biological processes are the independent speakers.
It is also true that our application enables us to perform the dimension reduction
using ICA, which is the goal of this paper.

3 Experiments

To evaluate the performance of our method, the ICA based method has been applied
to three real world datasets: NCI 60, Leukemia and Yeasts data.

3.1 Dataset

NCI 60: In this dataset, cDNA were used to examine the variation in gene expres-
sion among the 60 cell lines from the National Cancer Institute’s anticancer drug
screen known as NCI 60 dataset [11]. The 60 cell lines include: 7 breast,6 central
nervous system(CNS), 7colon, 6 leukemia, 8 melanoma, 9 nonsmall-cell lung carci-
noma (NSCLC), 6 ovarian, 2 prostate, 8 renal, and 1 unknown (ADR-RES). Gene
expression was studied using microarrays with 9,703 spotted cDNA sequences. In
each hybridization, fluorescent cDNA targets were prepared from a cell line mRNA
sample (fluorescent dye Cy5) and a reference mRNA sample obtained by pooling
equal mixtures of mRNA from 12 of the cell lines (fluorescent dye Cy3). For our
experiment, we make classification for 8 classes (the two prostate cell line observa-
tions were excluded out because of their small class size). After screening out genes
with missing data points, the data are collected into a 5244× 61 matrix X = (xij),



where xij denotes the logarithmic of the Cy5/Cy3 fluorescence ration for gene i in
mRNA sample j. Also, the standardization of the data have been performed as
described above, 43 samples are for the training dataset while 18 samples as testing
dataset.

Leukemia: The data here is the acute leukemia data set published by Golub et al.
[12]. The training dataset consisted of 48 bone marrow samples with 27 ALL and 11
AML (from adult patients). The test dataset consisted of 24 bone marrow samples
as well as 10 peripheral blood specimens from adults and children (20 ALL and
14 AML). Four AML samples from the independent dataset were from adult pa-
tients. The gene expression intensities were obtained from Affymetrix high density
oligonucleotide microarrays contacting probes for 6,816 genes. The preprocessing
procedure is the same as above.

Lymphonma: This dataset contains gene expression levels of 3 class most preva-
lent adult lymphoid malignacies: 42 samples of diffuse large B-cell lymphoma, 9
observations of follicular lympoma and 11 cases of chronic lymphocytic leukemia.
the total sample size is n = 62, and the expression of p = 4, 026 well-measured genes,
preferentially expressed in lymphoid cells or with known immunological or oncolog-
ical importance is documented. More information on these data can be found in
Alizadeh et al. [19], the imputation of missing values and standardizations of the
data is expressed in [13].
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Figure 1: Illustration of the regularization whitening to the prediction performance
on NCI60 dataset with k-NN classifier, The upper figure shows the misclassification
error as the regularization coefficient ranging from 1 to 1500, the lower figure shows
the smoothed version



3.2 Study Design and Experimental Results

After dimension reduction with ICA, we apply discriminant analysis and k Nearest
Neighbor methods for classification. The results are promising. Practically, some
common used contrast functions are shown as below

G1(u) = 1
a1

log cosh(a1u)
G2(u) = − 1

a2
exp(−a2u

2/2)
G3(u) = 1

4u4

. (7)

where 1 ≤ a1 ≤ 2, a2 ≈ 1 are constants, and piecewise linear approximations of G1

and G2 are also used. However, in the experiment we found that when choosing
G = 1

3u3, the performance is much better than above choices.

Normally, λ can be chosen as the 75 quartile of all the nonzero eigenvalues. How-
ever, here, to visualize the effect of regularization coefficient λ on the prediction
performance, we increased λ as an integer from 0 to 1,500. For each λ, we reduced
the dimension of the data from n to k. For the three levels of k, we found that
when k = 20, the 1 Nearest Neighbor classifier performed the best. The experi-
mental result of 1 Nearest Neighbor classifier on the NCI 60 dataset was shown in
figure 1. It can be seen that without regularization, or regularized with very small
λ, the misclassification is extremely high; in fact, it is a sign of overfitting on the
covariance matrix. As the value of λ increased, the regularization identity matrix
tended to dominate and the prediction performance tended to be stabilized. For
more details, please refer to [17]. Similar experiments were also conducted on the
other datasets with different discriminant methods, including DLDA, DQDA and
k-NN. The prediction performance is significantly better than the results shown
in [13], and the distribution of the unmixing matrix shows strong patterns. which
sheds a light of the promise of this ICA based dimension reduction paradigm.

4 Conclusion and Future Work

In this extended abstract we propose to use ICA as a dimension reduction technique
for microarray analysis. Which could be viewed as an extension for PCA based
method. With a regularized whitening technique, we reduce the dimension to a
small set of independent sources or latent variables, which then can be used in
subsequent discriminant analysis. The elements of the mixing matrix can themselves
be investigated to gain more understanding about the genetic underpinnings of the
process that generated the data. While a number of researchers have proposed ICA
as a model for the microarray data, this paper is different in an important aspect: we
focus on ICA as a dimension reduction step which leads us to the generative model
formulation that applies the ICA in an opposite way to most other proposals in
this field. The significant improvement of the prediction performance also illustrate
that it is a promising method.

In this purpose, the ICA algorithm we used is a general purpose blind source sever-
ation algorithm, even though we have shown that it can be used as a effective and
efficient dimension reduction technique for gene expression data, it’s not specially
tailored for dimension reduction task. We believe that a dimension reduction driven
ICA algorithm may worth some further investigation.
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