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Abstract. Due to the large number of uncertain factors in hybridization, im-
age capture and processing of the microarray, multiple probes were generally
arranged to improve the reliability of the measurement. However, the small area
limited the number of probes that were allowed to be added on, so a composite
probe would be the better choice. A composite probe contained the linear
combination of a variety of gene fragments. It was used so that the microarray
could easily realize the repeated gene fragments within a limited region. The
number of composite probes would rapidly dwindle when it compared to a
traditional microarray. At the same time, since the sparse characteristics of
biological gene mutation, the compressed sensing idea is adopted to recovery
the gene variation in the composite probes. The 96 fragments can be used with
the 48 × 96 sparse random matrix to construct the 48 composite probes when
the sparsest level K is no more than 12. Simulation results show that compressed
sensing can accurately recover the gene mutation by using the Orthogonal
Matching Pursuit (OMP) algorithm.

Keywords: Compressed sensing � Microarray � Composite probe � Sparse
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1 Introductions

Microarray is a newly technology for high-throughput and quantitative detection in the
biology science area. The abilities of microarray to express of thousands of genes
simultaneously in a single detection have allowed the application in wide variety offields,
such as molecular biology, genetics, agriculture, disease diagnosis, medical treatment,
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food safety supervision, and judicial identification [1]. In a traditional microarray, each of
the probe represents a complementary gene segment to be used to detect the corre-
sponding gene information [2].

For the measurement noises, multiple probes were usually arranged to improve the
reliability of the determination. The same probe was an effective way to avoid the
information losses due to the interference of noises, but the repeated arrangement of
probes resulted in an increase in the number of probes on the microarray. Thereupon,
the weak fluorescence and the small size of probe were producing adverse effects while
the density was increased, which also had caused serious irreparable damage for the
ability to obtain reliable expression of the probes.

A more efficient method for solving the above problems was to use the composite
probes. In this way each composite probe located in a spot was designed to detect the
expression of multiple gene fragments simultaneously. The microarray scanner read the
intensity of linear combination information from the composite probe, and the message
of each gene probe would be obtained via the appropriate recovery algorithm [3].

Traditional cDNA gene sequencing probes produced a large number of mostly
useless information, due to the fact that differences in the sequence between the ref-
erence sample and test sample were sparse. Because of the sparse characteristics of
biological gene mutation, the compressed sensing idea was adopted to recover the gene
variation in the composite probes. The compressed sensing theory had provided a
strong support for the accurate recovery of the sparse signals, and it had been widely
used in biological sensing, radar detection, data compression, image processing, and
pattern recognition [4]. The compressed composite probes were constructed based on
the compressed sensing ideas. The difference gene sequencing signals could be
recovered by observing a small amount of the composite probes [5, 6].

The application of the composite probes on microarray was confirmed by [3]. And
a composite probe method for constructing the compressed sensing microarray was
proposed in [6]. A sparse low density parity check code (LDPC) as the measurement
matrix to construct a compressed sensing microarray, and the recovery algorithm for
the gene difference information were also proposed in [6]. For more information, the
sparse random matrix in the recovery algorithm had the advantage of being a simple
structure, low computational complexity, and easy to update and store in [7].

2 Design of Composite Probe for Compressed Sensing
Microarray

2.1 Compressed Sensing

Compressed sensing is a sampling and reconstruction theory for sparse singles. Signal
or the signal after a special transformation, with sparse or compressible characteristics,
is the premise of compressed sensing [8, 9]. Considering a discrete digital signal
x 2 RN that has K < < N non-zero elements, the signal x is K sparse and N-K elements
in the signal x will be 0 or close to 0. Since the signal x is generally not directly
measured, we could design an M × N measurement matrix A to observe M linear
combinations of the x, where K < < M < < N.
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yM�1 ¼ AM�NxN�1 K\\ M\\ N ð1Þ

Although the Eq. (1) is a underdetermined system, we also could reconstruct the
signal x for K sparse by solving the constrained l0 minimization,

x̂ ¼ arg min xk k0 s:t: y ¼ Ax ð2Þ

where ‖x‖0 denotes the l0-norm.
Unfortunately, solving the l0 minimization is known as NP-hard. In order to solve

this problem, it is usually converted into minimizing the l1 with the optimization
constraints. As long as the measure matrix A satisfies the restricted isometric property
(RIP), the Eq. (1) agree with the following constraints,

x̂ ¼ arg min xk k1 s:t: y ¼ Ax ð3Þ

where ‖x‖1 denotes the l1-norm [10, 11].

2.2 Composite Probe for Compressed Sensing Biological Microarray

The biological microarray uses the principle of molecular hybridization, which the gene
to bind specific complementary sequences in the microarray probes. Since fluorescent
labeling has been achieved already, we can get the fluorescent signal by light excita-
tion. The information of the corresponding gene fragments from the resulting
fluorescence signals can also be analyzed.

A typical cDNA microarray is fixed with a large number of probe spots located on
the surface, but each probe consists of the single gene fragment, which can only detect
specific complementary sequence segments. The detection principle of traditional
cDNA is shown in Fig. 1.

Fig. 1. The principle of traditional cDNA detection
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The fluorescence intensity is at its most when the probes are matched normally on
the microarray, and the intensity is at its weakest when the probes are mismatched.
When the probes are not paired, there is little to no fluorescence intensity. The
fluorescence intensity generated by match pairs is 5 times to 35 times more intense than
that of a single or two bases mismatch in the probe’s sequence. So the accurate
determination of the fluorescent intensity is the basis of the specific detection of the
biological sequence of microarray probe [12].

The composite probe fluorescence intensity is reflected the cumulative number of
fluorescent molecules in various biological fragments fixed in the probe’s spot. Lit-
erature [7] uses similar techniques as literature [3], which the design of the composite
probe is realized by mixing the existing probe molecules according to the linear
relationship of the measurement matrix A. This method can be used concurrently with
the existing cDNA processing technology.

In particular, there are only a small fraction of the genes to be in a state of mutation.
We are considering the difference that the gene expression of test sample is compared
with the reference sample. And the difference of the signals which produced by two
samples is nature sparse.

In order to construct a compressed sensing microarray with M composite probes, an
M × N measurement matrix A with M < < N must be designed for N gene fragments.
And we design the measurement matrix A with binary 0/1 elements only to simplify the
construction difficulty of the compressed probes.

In two-color microarray of cDNA experiments, the reference sample is labeled by
Cy3 while the test sample is labeled by Cy5 [13]. We are comparing two channel’s
sample by data vectors xcy3 and xcy5, and interesting the difference expression of
x ¼ xcy3 � xcy5.

Since there are differences in the small number of gene segments, the distribution of
the x is sparse. The compressed sensing idea is relevant to the applications of DNA
microarrays in the gene variation. Figure 2 illustrates the structure of the composite
probe.

Each row of the matrix A represents a linear combination of the gene fragments.
The m-th composite probe is determined by the positions of the gene fragment in the m-
th row of matrix A. The combination structure of a composite probe is shown as the
following,

Fig. 2. Illustration of the compressed microarray
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yj ¼
XN

i¼1

ajixi; j ¼ 1; 2; � � �M ð4Þ

where M < < N. Additionally, if the number of nonzero elements is different in each
row, the actual mixed solution of probes should be diluted to the specified volume to
ensure the consistency of the dilution.

3 Composite Probe Recovery Using Compressed Sensing

3.1 Sparse Random Measurement Matrices

Each column of the random sparse M × N matrix contains only uM non-zero elements
with independent and identical distribution [14]. Literature [15, 16] also have pointed
out that the recovery effect of sparse random measurement matrix is consistent with the
gauss random measurement matrix. Moreover, the literature [14] have further proved
that the sparse random matrix satisfies the RIP.

Due to the each row of the matrix represents a linear combination of a probe spot.
We limit the elements of the random sparse matrix into binary 1/0 for the sake of
constructing simplicity. The configuration process for sparse random matrix is as
follows,

(1) Production M × N matrix of zeros;
(2) The position of each column elements is randomly selected according to the

sparse coefficient u of the matrix, and these elements would be set to 1.

3.2 Recovery of Variation Gene from Composite Probe

In two-color microarry of cDNA, we are comparing two channel sample by xcy3 and
xcy5, and interesting in the difference expression of x ¼ xcy3 � xcy5. By sparse random
matrix, the normalized observation value of the composite probe is defined as
y ¼ ycy3 � ycy5.

If the compressed sensing recovery x is obtained directly by the combination
method, which is a NP-hard as well known. Formula (3) is an l1-norm optimization
problem, compared to time-consuming convex optimization, the classical sparse
approximation methods, such as the Orthogonal Matching Pursuit (OMP) algorithm,
would be very suitable.

In the OMP algorithm, the residual vector r, which is the error of approximation
vector y, is smaller and smaller after several iterations [17].

Let xk ¼ argminx y� Akxk k2; rk ¼ y� Akx; Ak ¼ Ak�1 ak½ � be a sub-matrix which
selected in step k. Then the OMP algorithm process as follows [18, 19].

Input: compressed sampling matrix A, measured value y, the sparsity level K.
Output: reconstruction of the signal ^x, estimated support I.
Initialization: x0 = 0, r0 = y, k = 0, estimated support I = Ø.
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(1) k ← k + 1;
(2) the index that is the best match with the residual vector rk−1, and λk ←

argmaxj{| < rk−1, aj >|};
(3) update the index Ik = [Ik−1 λk], and Ak = [Ak−1 ak];
(4) reconstruction ^x ← [Ak]

−1 y;
(5) update the residual vector as rk ← y−Ak (^x);
(6) If k ≤ K, then execute step (1), otherwise stop at k > K.

4 Simulation Results and Analysis

We have designed N = 96 cDNA microarray simulation probes with the idea of
array-based comparative genomic hybridization (aCGH). The difference between the
reference probes and the test probes, i.e., the sparsity level is K = 12. In the simulation
experiments, the differences between the reference probes and the test probes have
subjected to random distribution, and the locations of these different composite probes
are also subjected to random distribution.

Figure 3a illustrates the reference probe xcy3, and Fig. 3b demonstrates the probe
xcy5. Then, the differences between them, i.e., x ¼ xcy3 � xcy5 are shown in Fig. 3c.

We also have designed the sparse random matrix as compressed sensing mea-
surement matrix A and let the elements sparsity coefficient u = 0.25. And M = 48
composite probes of compressed sensing microarray are constructed from N = 96 gene
fragments by matrix A in the mixed method.

The observations of the composite probes are shown in Fig. 4a and Fig. 4b, while
the differences between them, i.e., y ¼ ycy3 � ycy5 are shown in Fig. 4c.

Fig. 3. a. The probe xcy3, b. The probe xcy5, c. x ¼ xcy3 � xcy5

Fig. 4. a. The composite probes ycy3, b. The composite probes ycy5, c. y ¼ ycy3 � ycy5
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We have used the OMP recovery algorithm to successfully reconstruct the gene
different vector x, at N = 96, M = 48, K = 24, u = 0.25. As shown in Fig. 5, the
recovery is so accurate that the relative error is e = 4.4016 × 10−15.

The structural parameters of cDNA simulation microarray have remained
unchanged at N = 96, M = 0.5 N and the sparsity coefficient u = 0.25 for matrix A,
and sparse K has been changed from zero to M. We still have used the OMP algorithm
to recover the vector x. The accurate reconstruction ratios of the simulation signals are
shown in Fig. 6.

As shown in Fig. 6, the compressed sensing algorithm recovers the probe’s dif-
ference signals with high accuracy, at N = 96, M = 0.5 N, u = 0.25 and K ≤ 12.

Figure 7 demonstrates the accurate reconstruction ratio of simulation probes under
the OMP recovery algorithm, when only the number of composite probe, i.e., M has
been changed from zero to N.

It is shown in Fig. 7, compressed sensing algorithm achieves high accurate
recovery for difference signals between the reference probes and the sample probes
when the sparse random measurement matrix A is used at N = 96, K = 12, M ≥ 48,
u = 0.25.

Fig. 5. The recovery of ^x ¼ xcy3 � xcy5 with e = 4.4016 × 10−15

Fig. 6. The accurate reconstruction ratio of ^x ¼ xcy3 � xcy5 for M = 48
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5 Summary and Conclusions

There are a large number of uncertain factors in hybridization, image capture and
processing of the microarray. In order to improve the reliability of the measurement,
multiple probes are generally arranged to carry out repeated measurements. With a
composite probe, a single spot of the compressed sensing microarray can easily and
simultaneously measures many gene fragments, so that the repeated measurements of
gene fragments can be realized with a limited number of spots. Considering the ran-
domness and sparsity of genetic mutation, the total number of the composite probes
installed in the compressed sensing microarray can be sharply reduced compared to that
in the traditional microarray. Simulation experiment results show that, by using
composite probes with gene fragment at N = 96, M = 0.5 N, and sparse random
measurement matrix sparsity coefficient u = 0.25, when difference of cDNA probes
K ≤ 12, based on OMP algorithm for compressed sensing, the high accuracy recovery
of the difference signal of cDNA can be realized.
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