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Abstract. A spot-adaptive compound clustering-enhancement-segmentation
(CES) scheme was developed for the quantification of gene expression levels in
microarray images. The CES-scheme employed 1/griding, for locating spot-
regions, 2/Fuzzy C-means clustering, for segmenting spots from background, 3/
background noise estimation and spot’s center localization, 4/emphasizing of
spot’s outline by the CLAHE image enhancement technique, 5/segmentation by
the SRG algorithm, using information from step 3, and 6/microarray spot inten-
sity extraction. Extracted intensities by the CES-Scheme were compared against
those obtained by the MAGIC TOOL’s SRG. Kullback-Liebler metric’s values
for the CES-Scheme were on average double than MAGIC TOOL’s, with dif-
ferences ranging from 1.45bits to 2.77bits in 7 cDNA images. Coefficient-of-
Variation results showed significantly higher reproducibility (p<0.001) for the
CES-Scheme in quantifying gene expression levels. Processing times for
1024x1024 16-bit microarray images containing 6400 spots were 300 and 487
seconds for the CES-Scheme and MAGIC TOOL respectively.

Keywords: DNA, microarray image analysis, microarray griding. CLAHE,
SRG.

1 Introduction

DNA microarrays are an experimental technology for exploring the genome. This
technology provides to biomedical investigators a simple tool for monitoring the ex-
pression levels of thousands of genes, under the same experimental conditions, and
thus an easy way to identify and quantify gene expression levels for all genes in an
organism [1-3].

Microarrays are arrays of glass microscope slides, in which thousands of discrete
DNA sequences are printed by a robotic arrayer, thus, forming circular spots of
known diameter. To compare the relative abundance of each of these gene sequences
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in two DNA samples, the two samples are 1/ labeled with red and green fluorescent
dye, respectively, 2/ mixed, and 3/ competitively hybridized to the microarray slide.
The end product of the comparative hybridization experiment is scanned, using lasers
that excite each dye on the appropriate wavelength. The relative fluorescence inten-
sity between each dye on each spot, which, in turn, represents the relative expression
level of the corresponding gene in both samples, is recorded in 2 array images, one for
each dye [4].

In order to extract those relative intensities [5, 6], a series of image analysis tech-
niques have been employed namely griding, spot segmentation, and intensity extrac-
tion [7, 8]. Griding is the process of identifying and locating the coordinates of each
cell containing the spot; the cell is a rectangular region containing the pixels of both
the spot and its background. Segmentation refers to the classification of cell-pixels as
either signal (spot’s foreground) or surrounding area (spot’s background). Spots’
intensity extraction refers to the calculation of the fluorescence signal’s mean inten-
sity from the spot’s foreground. Extracted mean intensities correspond to gene ex-
pression levels that, in turn, are translated into biological conclusions from molecular
biologists, by employing data mining techniques.

A major factor that complicates the task of image analysis and data mining is that
microarray experiments involve a number of error-prone steps (occurring during fab-
rication, target labeling, and hybridization), which induce noise on the resulting im-
ages [9, 10]. Microarray images are also corrupted by irregularities in the shape, size,
and position of the spot [10, 11]. Improper treatment of noise may result to erroneous
biological conclusions.

One of the most undesirable effects of noise is that it contributes to inaccurate spot
segmentation (i.e. the boundaries of spots are incorrectly estimated), which leads to
wrong estimation of the mean spots’ intensities and reduces the reproducibility of the
gene expression levels, derived from microarray images [12]. Although a variety of
image pre-processing techniques have been suggested for correcting these sources of
error [13], existing software tools, utilized for the analysis of microarray images,
focus mainly on accurate spot localization and segmentation by various segmentation
techniques [14-19]. Only few studies [20-24] have examined the impact of image pre-
processing on cDNA image quality, however, without evaluating the effect of image
enhancement on facilitating spot segmentation and, thus, on increasing the repeatabil-
ity of the extracted gene expression levels.

In the present study, an efficient spot-adaptive compound clustering-enhancement-
segmentation (CES) scheme is proposed for the quantification of gene expression
levels in microarray images. The CES-scheme suitably incorporates the benefits of
image enhancement into the spot segmentation procedure. Accordingly, the CES-
scheme combines 1/a griding algorithm for locating individual spots 2/the Fuzzy
C-means clustering algorithm [25], for automatically differentiating the spot’s fore-
ground and background, 3/a procedure for the assessment of local noise from the
spot’s background and for the determination of the spot’s center, 4/the contrast lim-
ited adaptive histogram equalization (CLAHE) technique, for enhancing individual
spot boundaries [13], 5/the seeded region growing (SRG) [26] segmentation tech-
nique, for segmenting microarray spots, employing information from step 3, and 6/a
procedure for quantification of individual spot intensities. The proposed CES-scheme
was implemented as part of a custom software that we have developed in our
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lab [24]. The efficiency of the proposed CES-scheme was assessed employing both
the Kullback-Liebler divergence metric [27], for goodness of segmentation, and the
Coefficient of Variation metric, for assessing the reproducibility of extracted genes
expression. Results were compared against those obtained by the SRG technique
employed within the MAGIC TOOL’s software [28], using a set of publicly available
microarray cDNA images [29].

2 Material and Methods

Microarrays used in the current study comprised a public available dataset of 7 im-
ages, downloaded from the MicroArray Genome Imaging & Clustering Tool
(MAGIC) website [29]. Each image of the dataset contained 6400 spots investigating
the diauxic shift of Saccharomyces cerevisiae. In the particular dataset, the authors
[30] have used a common reference messenger RNA pool (green, Cy-3) to control for
biological variability [2, 31, 32]. Such a design provides an adequate degree of repli-
cation (7 images), required for the quantitative assessment of image segmentation and
subsequent gene quantification.

2.1 CES-Scheme

The CES-Scheme was initialized by applying a griding procedure on the images.
Ideally, spots are located at certain positions on the rectangular grid. By summing up
the intensities across the pixels in each row and each column of the grid (line pro-
files), each spot center was represented by a peak-valley pattern, where peaks corre-
sponded to spot centers and valleys to spot sites edges. Smoothing the line profiles by
the Lowess filter [33], it ensured minimization of irregularities, introduced by the
printing procedure, and, therefore, success of the griding procedure. Spot sites, in
terms of width and height, were finally estimated from the peak-valley distance in
each line profile. Thus, rectangular spot-containing regions (cell-regions) were
formed.

Within each cell-region, the Fuzzy C-Means unsupervised algorithm [25] was em-
ployed to discriminate spots from surrounding background. The Fuzzy C-Means
searched iteratively for cluster centers (centroids) that minimize the dissimilarity
function (eq.1)

J(U,cl,cz,...,cc)=zcl]i=izn:uijmdij2 (1)

i=1 i=l j=1

where c, is the centroid of cluster i, d, is the Euclidean distance between i-th centroid

(c;) and j-th data point, U is the membership function matrix, and m is a weighting
exponent (m=2). Subsequently, from the segmented spot and background, the location
of the spot’s center and local noise (standard deviation of background) respectively
were assessed.
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Following Fuzzy C-Means rough segmentation, spots in the individual cell-regions
were enhanced using the CLAHE method [34]. CLAHE functioned adaptively on
each cell-region aiming to maximize the contrast of each cell-spot relative to its back-
ground. The basic steps for its implementation were: a) division of the cell-region into
a number of non-overlapping contextual regions of equal sizes (in our case regions
were experimentally set to be approximately 40 pixels), b) computation of the histo-
gram of each contextual region, c) enhancement of the contrast of each contextual
region, by clipping its respective histogram under a certain threshold (t=0.001), d)
redistribution of the histogram in such a way that its height did not exceed the clip
limit, e) bilinear interpolation of the neighboring contextual regions and modification
of the cells’-region gray-levels according to the Cumulative Distribution Function
(CDF) (eq.2) of each contextual region.

fn)= (2)

where M and N are the numbers of pixels and gray-levels in the cell-region respec-
tively and h(k) for k=0,1,...,N-1 is the histogram of each cell-region.

Contrast enhanced cell-regions were segmented using the SRG algorithm. SRG ini-
tially segmented each cell-region into regions of pixels starting from the spot’s center,
as determined by the Fuzzy C-Means segmentation. Pixel regions were iteratively
augmented by assigning neighboring pixels that satisfied a homogeneity criterion: the
neighboring pixels should be 1/of higher intensity than local noise, as it was calcu-
lated during the rough Fuzzy C-Means segmentation stage, and 2/of intensity close to
the mean intensity of the so far seeded region. This iterative procedure of growing
pixel regions within each cell-region continued until all pixels of the cell-region were
assigned to either the spot or its background.

The spot’s boundary, thus determined, was referred to the corresponding cell spot
on the original image and the spot’s intensity was evaluated. This was necessary,
since intensities in the processed cell-spots were altered by the enhancement process.

2.2 Evaluation of Extracted Genes Expression Levels

Foreground (spot) and background intensity values for the common reference chan-
nel (green) were subsequently extracted and, considering all segmented spots for
each image, two density distributions were produced, employing a non-parametric
kernel density estimation method [35]. The distance between those two distributions
was determined employing the Kullback-Liebler (K-L) measure of divergence,
shown in (3):

P(i)

(@)

K-L(PIIQ)= Y P(i)log (©)

where P and Q are the spot and background density distributions respectively. Higher
values of divergence correspond to more distant distributions and, consequently, to
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more accurate segmentation, considering that intensities are evaluated on the original
image alone.

Exploiting the benefits of the replicated common reference channel (Cy-3),
provided through the design of the particular dataset, we quantitatively assessed the
performance of the CES-Scheme in terms of extracted genes expression reproducibil-
ity using the Coefficient of Variation metric (CV) (eq.4).

o
cv=— “
u
where o is the standard deviation and p is the mean value for each spot evaluated for
the all the replications (7 replications totally).

Extracted intensities employing the CES-Scheme were comparatively evaluated, in
terms of both CV and K-L divergence, against the intensities obtained by a recently
published commercial software (MAGIC TOOL [28]). For evaluation purposes, the
same microarray images were introduced to both methods and the SRG segmentation
option of the MAGIC TOOL was chosen, for fairness of comparison.

3 Results

Figure 1 shows the result of the successive griding procedure for two selected sub-
blocks of the microarray images used in the present study.

Fig. 1. Results of the griding procedure

Figure 2 shows the result of the Fuzzy C-Means (Fig. 2b), for rough estimation of
spot and background, and the resulting segmented image (Fig. 2c), with spots’
boundaries outlined, employing the proposed CES-Scheme.
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Fig. 2. a/Original image, b/Fuzzy C-means segmented image, and c/enhanced image, result of
the CES-Scheme for microarray boundary determination

Table 1 presents the results of the Kullback-Liebler divergence between spot and
background intensity distributions (of the common reference channel Cy-3) for the
proposed methodology and the MAGIC TOOL respectively.

Table 1. Kullback-Liebler divergence metric values (in bits) between spot (signal) and back-
ground intensity values for the green (common reference sample) channel, for the seven evalu-
ated cDNA images

Images CES-Scheme MAGIC TOOL
1302_0OD370 10.620 4.807
1303_0D014 8.075 2917
1309_0OD690  10.620 7.284
1310_0D046  7.546 4.858
1311_0D080  6.404 4.405
1312_0D180 10.505 4.680
1313_0D370 8.253 5.127

Figure 3 depicts a randomly selected spot as appeared in 5 out of the 7 replicated
images for the common reference channel. The middle row shows the result of the
SRG algorithm on the latter mentioned spot according to the MAGIC TOOL soft-
ware, and the bottom row presents the segmentation results based on the CES-
Scheme.

Figure 4 illustrates the actual distribution of CV values of extracted gene expres-
sion levels from the set of seven 1024x1024 16-bit replicated images (Cy-3), each
containing 6400 spots, as they were calculated by Magic Tool and the proposed CES-
Scheme.
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Fig. 3. Spot-containing cell region as appeared in 5 replica images and segmentation results
according to the MAGIC TOOL’s SRG (middle row) and the CES-Scheme (bottom row)
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Fig. 4. Probability Density Functions (PDF’s) of the Coefficient of Variation for all the spots as
evaluated from the 7 replicated images of the common reference channel. Thick line corre-
sponds to the results obtained using the MAGIC TOOL’s SRG and thin line to the results ob-
tained using the CES-Scheme.

4 Discussion

DNA microarrays represent a technological intersection between biology and com-
puter science, which enables the gene expression analysis on a genome-wide scale. A
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unique capability provided by the microarray technology is the collection of the nec-
essary data for genomic analysis from just one experiment.

The major challenges of this approach appear in the image processing stage in
which the spotted DNA sequences have to be extracted from the produced microarray
images and quality measures have to be calculated. The accuracy of this stage has a
straightforward impact on the accuracy and the effectiveness of the subsequent gene
expression and identification analysis.

The task of microarray image processing is complicated, since the microarray ex-
periments involve a number of error-prone steps, which induce noise on the produced
images [9, 10]. Noise contributes to inaccurate spot segmentation (i.e. the boundaries
of spots are incorrectly estimated) and, thus, indirectly it evokes the wrong estimation
of the extracted genes expression levels [12].

Despite the variety of existing image pre-processing techniques that address noise
effects [13], existing software tools focus mainly on spot recognition (spot localiza-
tion) and extraction of genes’ intensities employing various segmentation techniques
[14-19]. Nevertheless, as a previous study has indicated [12], different segmentation
methods, while accurate in simulated microarray images, lead to a different number of
differentially expressed genes, when applied to identical real microarray images.
Thus, a solution to the problem of accurate gene quantification might be provided by
an intermediate pre-processing step.

Only few studies have examined the impact of image preprocessing techniques on
cDNA image quality [20-23]. However, most of them were applied globally on the
microarray images without taking into account the specific characteristics of individ-
ual spots [36]. Moreover, to the best of the authors’ knowledge, there are no studies
evaluating the effect of image enhancement in facilitating spot segmentation and,
thus, in increasing the repeatability of the extracted gene expression levels.

In the present study, a compound Clustering-Enhancement-Segmentation (CES)
scheme was developed to efficiently quantify genes expression levels in microarray
images. The proposed compound CES-Scheme comprised 1/a griding algorithm for
locating individual spot containing cell-regions, 2/the Fuzzy C-Means algorithm for
automatically segmenting each cell-region into spot and background, 3/a procedure
for assessing local noise and the spot’s center, 4/the contrast limited adaptive histo-
gram equalization (CLAHE) technique, for enhancing individual spot boundaries,
5/the seeded region growing (SRG) segmentation technique, for outlining the spot’s
boundary, and 6/a routine for quantifying the intensities of individual microarray
spots on the original image.

Observing the original and the corresponding segmented images, as Figure 2 de-
picts, supports our initial hypothesis that an intermediate step of spot-based image
enhancement improves the display of spots and emphasizes the depiction of spot
edges even for those spots that are not well-defined (low intensity spots). Such an
intermediate step resulted in more accurate and reproducible segmentation results,
since it facilitated the spot’s edge-detection. This conclusion is supported by the re-
sults depicted in Figure 3, where the same spot was segmented for 5 replicated images
of the common reference channel using the MAGIC TOOL’s SRG (middle row) and
the proposed CES-Scheme (end row) .

To quantify the effectiveness of the proposed CES-Scheme, the information theo-
retic metric of the Kullback-Liebler divergence (Table 1) was employed and our
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results were comparatively evaluated against those obtained using publicly available
software (MAGIC TOOL). Results, according to the proposed scheme, were obtained
by superimposing spot-outlines from the processed cell-region images on the original
cell-spots. In this way, a higher Kullback-Liebler divergence, achieved by a particular
method between the actual spots and its surrounding background, would eventual lead
to better spot-boundary detection result. Table 1 confirms that the proposed scheme
performed as anticipated, by increasing the divergence (K-L) between signal and
background intensity distributions, as compared to corresponding distributions ob-
tained using the MAGIC TOOL software.

The dataset used in the current study has been designed to control for biological
variability (green channel was a common reference channel) [31]. Hence, an adequate
degree of replication has been provided to quantitatively assess the reproducibility of
the intensities extracted by the proposed CES-Scheme. Normally, replicate experi-
ments have been used for reducing experimental variation [37]. Due to the replication
provided, each spot should have the same intensity throughout the replicated experi-
ments, and therefore the coefficient of variation between replicated experiments
should be minimal (as close as possible to zero). Figure 4 shows the probability den-
sity functions (PDF) of the coefficient of variation for the common reference channel
for all the images in the dataset using the CES-Scheme (thin line) and the MAGIC
TOOL’s SRG (thick line). CES-Scheme’s PDF is narrow and sharp with a peak-value
close to zero in contrast to MAGIC TOOL’s PDF, which is more spread and far from
zero. Distributions were found significantly different (p<0.001), employing Matlab’s
non-parametric statistical test (signtest).

Regarding processing time, the CES-Scheme took 300 seconds against MAGIC
TOOL’s 487 secs for the same 1024x1024, 16-bit cDNA image, containing 6400
microarray spots, and on the same computer.
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