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ABSTRACT

A new method for achieving a sparse representation of
gene expression data is proposed. Given a set of training
data, PCA is performed for clustering analysis, followed
by a K-SVD dictionary learning process for each cluster.
Performance of data compression using the designed
dictionary is evaluated using genome-wide expression
data from DNA microarray hybridization.

Index Terms–K-SVD, dictionary learning, sparse cod-
ing, OMP, basis pursuit, FOCUSS, K-means, vector
quantization, PCA

I. INTRODUCTION

Achieving a sparse representation of signals is an im-
portant task in many fields such as data compression,
pattern recognition, and image processing [1-4]. Based
on an overcomplete dictionary, expressing a signal as a
linear combination of only a few atoms allows efficient
storage and processing of data.

The sparsity of a signal highly depends on which do-
main it is expressed. For example, the wavelet transform-
based JPEG 2000 shows superior performance to JPEG,
since the original JPEG version uses the discrete cosine
transform which requires more information to store an
image file [5]. This means the image quality using JPEG
2000 will be better compared to the original JPEG ver-
sion when the data compression rate is the same.

Although there are dictionaries such as wavelets that
work well with various data types, they do not always
guarantee a sparse representation. In some cases, the dic-
tionary should be specific to the data type, being trained
by a given set of signals. Here, I suggest a method which
combines principal component analysis (PCA) and a dic-
tionary learning algorithm named K-SVD, for sparse rep-
resentation of gene expression profiles [6]. Data compres-
sion rate evaluation shows that K-SVD can store biolog-
ical data efficiently, enabling further applications. Al-
though not discussed here, the decomposed signal using
the learned dictionary can be applied to logistic regres-
sion algorithms to classify genes to groups for diagnostic
purposes [7]. Here, we simply focus on the data compres-
sion capability.

The contents in this article is as follows: Section II.1
explains the proposed method for compressing datasets
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that do not share common properties. In Section II.2,
the singular value decomposition (SVD) algorithm and
how it relates to principal component analysis (PCA) is
explained. The flow of the K-SVD algorithm is discussed
in Section II.3. To begin, the K-means algorithm and
how it can be generalized into the K-SVD algorithm is
briefly explained. Next, the sparse coding step using or-
thogonal matching pursuit (OMP), and how the atoms
in the dictionary are updated using SVD are discussed in
Section II.4. Finally in Section III, the proposed method
is applied to yeast cell cycle gene expression data to show
that K-SVD is capable of dimensionality reduction, and
may be efficient for visualization and pattern recognition
when combined with machine learning algorithms.

II. METHODS

Sparse representation of a signal highly depends on
the dictionary, which can be designed using prespecified
linear transforms or a set of training data. Here, we
only consider methods that adapt dictionaries to training
datasets, since they are based on fewer assumptions of the
signal. In this case, there are two factors that determine
the dictionary: the algorithm, and the training dataset.

Many dictionary learning algorithms have been pro-
posed prior to K-SVD. Examples include maximum like-
lihood methods [8], method of optimal directions [9],
and maximum a-posteriori probability approaches [10].
Among these approaches, K-SVD is one of the most pop-
ular dictionary learning algorithms. K-SVD has advan-
tages in terms of flexibility to different pursuit algorithms
in the sparse coding step, simple implementation, and low
complexity giving fast convergence.

The training dataset is also an important factor that
determines the dictionary. The training dataset and the
new signals to be decomposed using the dictionary should
share similar properties. Otherwise, the dictionary-
transformation will only give a sparse representation for
the training dataset, but not the new signals.

For example, consider a set of genes divided into groups
based on similarity, evaluated by the correlation of gene
expression profiles. A dictionary learned by datasets only
from group 1 will not give a sparse representation in
group 2. Moreover, A dictionary learned by datasets
from all groups will not give sparse representations for
new datasets. In both cases, dictionary-transforms will
give sparsity when using the training datasets, but not
for new signals.
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II.1. Proposed algorithm using PCA and K-SVD

The proposed algorithm for compressing data with dif-
ferent properties is explained below. Consider a case
where a small number of training datasets and a large
amount of new measurements are given. The goal is to
design a dictionary that compresses the new measure-
ments.

• Perform PCA on the training dataset

• Visualize the training data using the first l principal
components. l should be tuned accordingly to the
visualized data

• Run the K-means clustering algorithm

• For each cluster, run the K-SVD algorithm to ob-
tain a cluster-specific dictionary

• Visualize new measurements (data to be analyzed)
on the previous scatter plot

• For each new measurement, use the dictionary spe-
cific to its group for decomposition

The underlying assumption of this method is that
dictionary learning will perform better when training
datasets have similar properties, rather than being sam-
pled from various clusters.

II.2. PCA and its relation to SVD

PCA is a popular method for dimensionality reduction
and visualization for clustering analysis. Given a set of
vectors, it performs an orthogonal transformation into a
set of linearly uncorrelated vectors. PCA is a powerful
method since one can also use only the first l basis vectors
to reduce the dimension, and extract common features of
different data points.

We briefly mention its relation to SVD, a factorization
of a matrix of the form

M = USV H (1)

M ∈ Rm×n is the given matrix, which we assume to be
real for simplicity. U ∈ Rm×m and V H ∈ Rn×n are both
unitary matrices, and S ∈ Rm×n is a diagonal matrix.
V H denotes the conjugate transpose of V .

In PCA, the first principal component has the largest
possible variance. The kth component is computed by
subtracting the k−1 principal components from M . This
turns out to be an orthogonal transformation given by

T = MW (2)

where W is a unitary matrix whose columns are the right-
singular vectors of M . Thus, PCA can be computed
through SVD. The K-SVD algorithm also includes SVD
for updating the dictionary during each iteration.

II.3. K-means algorithm and K-SVD

Consider a matrix Y ∈ Rm×n where each column of
Y represents a single data point in m-dimensional space.
For example, Y could be a gene expression profile of n
genes, measured at m timepoints. The goal of K-means
clustering is to classify the data into clusters, where all
data points in a cluster are represented by a single vector.
Therefore, the vectors are divided into groups, giving the
name vector quantization (VQ). The L2 norm is mostly
used to minimize the distance between each data point
and the vector that represents that cluster.

The sparse representation we discuss here using the
learned dictionary allows each data to be a linear com-
bination of several vectors. Therefore, we can consider
K-SVD as a generalization of the K-means algorithm.

K-SVD alternates between sparse coding using the cur-
rent dictionary and updating the atoms one by one. For
the sparse coding step, obtaining the sparsest solution
is an NP-hard problem. Alternatively, approximate so-
lutions can be obtained using different constraints. Ex-
amples include basis pursuit which uses the L1 norm, fo-
cal underdetermined system solver (FOCUSS) which uses
the Lp norm where p ≤ 1. Here, we use a greedy algo-
rithm called orthogonal matching pursuit (OMP), which
gives suboptimal solutions and has low computational
complexity.

III. RESULTS AND DISCUSSION

Cell cycle data from yeast was used to evaluate the
performance of the algorithm. Due to the small size of
the dataset, the number of datasets in each cluster after
PCA was too small to train the dictionary. Therefore,
the entire datasets were used in order to test whether
sparse representation was possible with this data type.

Data were drawn during the cell division cycle after
synchronization by alpha factor arrest [11] which gave 18
timepoints. Each dataset was given by a vector, where its
entries represent the relative fluorescence intensity over
a reference sample. Among 2467 genes, 2000 genes were
used to train the dictionary and the remaining 467 genes
were used to see whether the dictionary gave a sparse
represenation. The K-SVD algorithm was implemented
in MATLAB and executed on a i7-4790 Intel processor.

Using the training dataset, the average number of
nonzero coefficients used in the linear combination of
atoms was computed in order to test the validity of the
K-SVD algorithm. The number of atoms in the dictio-
nary was set to 500, and the average number of nonzero
coefficients was 5.13. Next, we computed this number
with the remaining data which was not used during the
dictionary training process. For the remaining 467 genes,
this was 6.16.

Although this number was much smaller than the num-
ber of atoms in the dictionary, the number of coefficients
required to represent the data was only reduced by a fac-
tor of 3.
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This might be due to the following reasons:

• The number of data points (18) was too small, while
there might be a minimum number of coefficients
required to represent the data

• Other ways of data transformation would have been
required. The data was originally log-transformed,
since each entry in the dataset vector represented
the relative intensity of the fluorescent dyes (Cy5 /
Cy3)

• The datasets used to train the data did not share
similar properties, making it difficult to induce
sparsity

As the number of coefficients required to represent the
data only reduced by a factor of 3, this might suggest the
necessity of the proposed algorithm, as mentioned in the
last possible reason. If the training data can be classified
into groups and for each group one runs the dictionary
learning process, new measurements corresponding to a
certain group will be sparse in the dictionary domain
specific to that group. For this, gene expression profiles
with larger sizes will be required in order to design an
overcomplete dictionary for each group.

Using the proposed method, one can also combine with
machine learning algorithms. A previous study on using
K-SVD for breast cancer recurrence risk evaluation used
the computed coefficients as inputs for a logistic clas-
sifier task [7]. Combining the proposed algorithm with
this method will not only allow analyzing gene expres-
sion data but also enable more efficient ways for pattern
recognition, data compression in general.
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