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Abstract

Microarray images used to study gene expression
in cancer diseases has recently attracted a variety
of researchers including medical doctors, computa-
tional biologists, and bioinformaticians. Most com-
mercial softwares rely heavily on manual operations
to obtain spot features from a microarry image con-
sisting of several hundreds to tens of thousdands of
spots with the image resolution of 3000 pixels per
inch or 1000 pixels per centimeter, which is not
practical. We propose a nearly automatic approach
for computing spot features and test our method by
30 cDNA microarray images made from the tissues
of patients of gastric cancer provided by the angio-
genesis research center at National Taiwan Uni-
versity (ARCNTU). The average of Pearson cor-
relation coefficients between spot features obtained
by our method and by Array-Pro Analyzer on 30
microarray images is over 0.92, which encourages
our work.

Keywords: M-A plot, Microarray, spot fea-
tures, tissues.

1 Introduction

Microarrays are widely adopted for simultane-
ously investigating gene expression in a number
of diseases such as adenocarcinoma, breast cancer,
colon cancer, gastric cancer, hepatoma, lymphoma,
and etc. [3]. A microarray is typically a glass or
polymer slide, onto which DNA molecules are at-
tached at fixed locations called spots. There may
be up to many thousands of spots on an array,
each containing tens of millions of identical DNA
molecules or fragments of identical molecules of
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lengths from tens to hundreds of nucleotides [4].
The resolution of a microarray image is usually
3000 pixels per inch or 1000 pixels per centime-
ter. Given such a high resolution of microarray
image, how to make the spot computations fast,
accurate, and repeatable is one of the central is-
sues of developing software for microarray image
pattern analysis. Conventional softwares such as
Array-Pro Analyzer 3.0 [10] and GenePix Pro 4.0
[11] are either expensive or requesting many user-
specified parameters such that the work is infea-
sible or is not repeatable. This paper depicts a
paradigm of microarray image analysis as shown
in Figure 1. The purpose is to fast and accurately
compute the repeatable statistics such as spot fea-
tures, associated with the number of spot pixels
and background pixels, standard deviations, and
etc. for further statistical analysis.
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Figure 1. A Paradigm of Microarray
Image Pattern Analysis.

A cDNA microarry [3] made of nylon membrane
is acquired via a sequence of biological experi-
ments and is scanned by a high resolution color



scanner Umax 6000 to get a color image rep-
resented by three primitive color signals of 24-
bit (R,G,B) triple for each pixel. After apply-
ing mimor manual image operations such as ro-
tation, cropping, and color to gray conversion by
g = 0.299R+0.587G+0.114B, we obtain an image
of size 600×896 as shown in Figure 2. The remain-
ing of this paper is to describe, as characterized in
Figure 1, step by step, how to get the spot features
from Figure 2 which consists of 384 = 16 × 24 po-
tential spots corresponding to genes under studies
with darker spots regarded as more expressed ones.
We demonstrate the intermediate results by images
and data plots.

Figure 2. An input 600×896 gray-
level microarray image.

2 Gridding and Spot
Detection

The purpose of microarry image processing is
to locate the spots, a set of local darker pixels
as shown in Figure 2 and compute the mean or
median of these pixel values associated with the
mean or median of surrounding background pix-
els. Conventional software used to let users man-
ually move pre-defined circular shapes of the same
radius or elliptic shapes with known x-intercepts
and y-intercepts to fit the spots [11] which may
not be appropriate since a microarray image usu-
ally contains a lot of noise during the processes of
biological experiments and the shape of each spot
need not be circular or elliptic. We propose to put
a grid of h by k pixels (h = k = 36 for our images)
according to previous studies to cover each spot as
shown in Figure 3 and do local segmentation based
on a simple thresholding algorithm [5] [8] for the

area of each grid. Consider an image block con-
sisting of n pixels, with gi representing the gray
level for pixel i, where 0 ≤ gi ≤ 255. A segmen-
tation algorithm is to find a threshold T ∈ [0, 255]
such that a pixel i being classified as ”spot pixel”
if gi ≤ T and ”background pixel” if gi > T such
that the following criterion is maximized.

CT = |m1 − m0|/(p1s
2
1 + p0s

2
0), (1)

where n0 and n1 are the number of ”spot pixels”
and ”background pixels”, respectively with p0 =
n0/n, p1 = n1/n and
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The segmentation result for the image in Fig-
ure 2 is shown in Figure 4. Note that the shapes
of spots are generally not circular with the same
diameter and not all of them have circular or ellip-
tic shapes. Furthermore, a sequence of microarray
experiments might introduce a lot of noise before
the image is acquired, a smoothing operation like
mean or median filtering [7] might be applied to
further reducing noise before a local segmentation
is adopted. Here, we adopted a 5 × 5 mean filter
to get rid of noise and smooth the image.

Figure 3. Result of Gridding.

3 Feature Computation

The most important output statistics from a
microarray image processing are the spot features



which measure the gene expression level corre-
sponding to the quantity of molecules during a cer-
tain period. A spot feature is usually computed by
the difference

G = |Fµ − Bµ|, (2)

where Fµ is the mean spot intensity and Bµ is
the mean background intensity defined as the mean
of gray levels of pixels surrounding the detected
spots (complementary to the inner 30 × 30 pixels
in the grid). One of the microarray applications
is to search for a set of genes in a certain disease
which are differentially expressed in tumor tissues
but not expressed in normal tissues or vice versa.
The image shown in Figure 2 is a microarray image
acquired from a normal tissue of a gastric patient
whose tumor tissues are also experimented to get
the spot detection and feature computation with
the segmentation result shown in Figure 5 and the
corresponding spot feature R can be similarly com-
puted by Equation 1.

Figure 4. Spot Detection for a Mi-
croarray with Normal Tissues.

4 M-A Plot of Gene Expres-
sion Levels

A pair of microarray images made of normal
and tumor tissues, respectively, were acquired via
a sequence of biological experiments. An image of
size 600 × 896 containing 16 × 24 potential spots
corresponding to 384 genes in this study was ob-
tained after manual operations of minor rotation
and cropping on the original image. We have

Figure 5. Spot Detection for a Mi-
croarray with Tumor Tissues.

demonstrated that we can obtain 384 pairs of spot
features {(Gj , Rj) | 1 ≤ j ≤ 384} corresponding
to the target genes under studies. Microarray ana-
lysts attempt to determine which genes are differ-
entially expressed by analyzing the plot of vectors
{(Gj , Rj)}, 1 ≤ j ≤ 384. Since some unavoid-
able noise of biological unknowns or phenomena,
the experiment designers usually put some con-
trol spots such as plant genes to reduce the dif-
ference crossing microarrays and leave some spots
blank regarded as ”unused” to normalize the in-
tensity levels of each spot. Our microarray images
used 16 plant genes (spots, ”*”), marked 39 un-
used spots (blanks, ”+”), and one positive control
gene located in the 11th row and the 12th column
for quality control (it must be ”dark” enough if
it is in effect). Table 1 lists first 16 pairs of spot
features derived from normal and tumor tissues, re-
spectively. An M-A plot [4] of these spot features
are given in Figure 6, where the coordinates on x-
axis (A values) and y-axis (M values) are defined
as

Aj = 1
2 [log2(Gj) + log2(Rj)]

Mj = [log2(Gj) − log2(Rj)]
(3)

The differentially expressed genes are defined as
those feature vectors in the M-A plot that are far
above or below the horizontal line corresponding
to M = 0. Due to the uncertainty and distor-
tion of experiments, a variety of statistical ap-
proaches have been proposed to make the inter-
pretations more practical, whereas no universally
best method has come out yet [3][4].



Table 1. Spot Features Gj and Rj

for Normal and Tumor Tissues.

Index 1 2 3 4 5 6 7 8
Gj 8 102 74 64 5 12 71 47
Rj 5 106 88 59 6 8 67 21

Index 9 10 11 12 13 14 15 16
Gj 53 87 18 3 4 12 8 4
Rj 24 94 13 3 4 17 13 3
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Figure 6. M-A Plot of 384 Spot Fea-
tures.

5 Discussion and Conclusion

We propsed a nearly automatic microarray im-
age processing system which takes within less than
15 minutes running on a Linux based system with
Pentinum 4 CPU to compute spot features and M-
A plot for a pair of cDNA microarray images of
size 600 × 896 containing 16 × 24 spots with each
expressed gene consisting in average of 300∼600
pixels out of 900 pixels in a grid. We compared
our system with a commercial software by Array-
Pro Analyzer 3.0 on 30 cDNA microarray images
from patients of gastric cancer provided by ARC-
NTU [9]. The high Pearson correlation coefficients
(0.92 in average) encourages our approach. If the
locations of control genes or spots can be further
re-arranged or specifically designed, an automatic
system to report statistics for spot features and
their associated statistics will be available which

merits further studies.
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