Compression of DNA microarrays using a mixture of finite-context models
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Abstract Parameter ¢ allows balancing between the maximum likelihood estimator

DNA microarray images are experiments that allow the identification of
the function and regulation of a large number of genes in a single ex-
periment. These micrarray experiments consist of a pair (green and red
channel) of 16 bits per pixel grayscale images. This paper addressed a
lossless method to compress these kind of images, using a mixture of
finite-context models and arithmetic coding. We use a 3D context con-
figuration, expectation-based bitplane coding and also a typical image
context template in the mixture. We conclude that using a mixture of
finite-context models we are able to improve the compression results.

1 Introduction

We can use DNA microarray technology to study and monitoring gene
function across a large number of genes, and even entire genomes. The
raw data resulting from a microarray experiment consist of a pair of 16
bits per pixel grayscale images (see Figure 1). These images usually re-
quire tens of megabytes to be stored or transmitted without any compres-
sion. Due to this fact, and the need for long-term storage and efficient
transmission, a lossless compression method with progressive decoding
capabilities is an important challenge. In the literature we can find several
proposals for lossless compression of microarray images [1, 4, 5, 6, 7].
In [3] we can find a review of DNA microarray image compression, where
the authors describe the most relevant approaches published in the litera-
ture.
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Figure 1: Example of a pair of images (1041 x 1044 pixels) that results
from a microarray experiment.

2 Method

The proposed method is based on a mixture of finite-context models,
where several models are used to estimate the probability of each sym-
bol. Each model generates a probability estimate and the final probability
is a weighted sum of the probabilities estimated by all models used.

2.1 Finite-context models

A finite-context model assigns probabilities to the symbols of an alpha-
bet A, according to a conditioning context. The probability estimates
P(X, 11 = s|c") are calculated using symbol counts that are accumulated
while each bitplane of the microarray image is compressed. We use the
estimator
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and an uniform distribution. For o = 1, (1) is the well-known Laplace
estimator. The per symbol information content average provided by the
finite-context model of order-k, after having processed n symbols, is given
by
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where “bps” stands for bits per symbol.

2.2 [Expectation-based bitplane Coding (EBC)

In 2010, Chen et al. [2] proposed a lossless compression algorithm that
uses EBC. EBC is a strategy that is useful in some bitplanes where the
pixel values are not so meaningful as they seem. Sometimes, the neigh-
boring bits are only refining bits that fine-tune the value of a particular
pixel. This model can be used in our approach in microarray images.
Suppose that p = {pis,p14,---,P2,P1,Po}> Where p; is the value of the
pixel at bitplane ;. When we are encoding the n'® bitplane, if the pixel p is
already encoded at the current bitplane, its expectation value is formulated
as
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On the other hand, if the pixel p has not been encoded at current bitplane,

its expectation value is defined as:
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During the compression process, we use this expectation values in-
stead of the real bit values. In case of using the EBC, if the expected
value of the context is lower than the expected value of the current pixel,
the context bit used is 0, otherwise 1 is used. The variable size template
used is described in Figure 2 and as we can see, there are two future pixels
(pixels 4 and 3) that are used in the context template. The pixel denoted
by O represents the current pixel being compressed. Using this approach,
we can select future pixels for the context template, which is more effi-
cient for the least significant bitplanes, where the neighboring bits of each
bitplane are merely refining bits and they only fine-tune the final value of
that particular pixel.
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Figure 2: Context template used in EBC.

2.3 Proposed approach

As already said, the proposed method is based in a mixture of finite-
context models. The algorithm processes the microarray images bitplane
by bitplane using several models. We used the 3D finite-context model
(see Figure 3) proposed in [6], a typical context template (see Figure 4)
and also the EBC model presented in the previous subsection. The goal
of our approach is to compute a probability estimate of several models



and to combine them into a single probability that is used to compress
each symbol. Each model contributes to the final probability estimate
of the next outcome symbol. Therefore, we can compute the probability
estimate using a weighted average of the probabilities provided by each
model, according to

P(xy41) = ZP(Xn+1 = s|e") Wk.n) (%)
k

where wy , denotes the weight assigned to model k and
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Figure 3: 3D context configuration proposed in [6].

We use a typical context template configuration similar to the tem-
plate presented in Figure 4. The proposed algorithm supports several
template configurations at the same time.
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Figure 4: An example of context template configuration used in our ap-
proach.

3 Results and Conclusion

In order to be able to compare our results with the results presented in [6],
the microarray images used were collected from three publicly available
sources. 1) 32 images that we refer to as the APO_AI set; 2) 14 images
forming the ISREC set; 3) three images previously used in MicroZip.
The image sizes ranges from 1000 x 1000 to 5496 x 1956 pixels and all
of them have 16 bits per pixel. The average results presented take into
account the different sizes of the images, i.e., they correspond to the total
number of bits divided by the total number of image pixels.

In Table 1, we have the compression results of 3 standards (JPEG2000,
JPEG-LS and JBIG), the algorithm proposed in [6] and our approach
(rows “Mix10” and “MixEBC”). The “Mix10” corresponds to a mixture
between the 3D context configuration presented in Neves [6] and the con-
text template configuration presented in Figure 4. As we can see, there are
small improvements in all datasets for the “Mix10”. On the other hand,
the “MixEBC” which correspond to a mixture between the same 3D con-
text configuration of “Mix10” and EBC, generates worst compression re-
sults. Table 2 presents another interesting metric, which is the number of
bits per pixel that would required if we could select always the best model
to encode each symbol (but without considering the side information in-
dicating the model used). Therefore, this lower bound values describes
how good is the quality of the model mixing procedure. The use of EBC
(row “MixEBC”) does not provide good compression results in the mix-
ture, compared to the use of a typical image context template similar to
the one presented in Figure 4. However, according to Table 2, the lower
bound value obtained is smaller than that for “Mix10”. We can conclude

Mothod Dataset | \p AI | ISREC | Microzip | Average
JPEG2000 11.063 | 11366 | 9.515 | 10.653
TBIG 11851 | 10925 | 9297 | 10.393
JPEG-LS 10.608 | 11.145 | 8974 | 10218
Micro3DEnc [6] 10314 | 10.199 | 8667 | 9.617
Mix10 10302 | 10.194 | 8662 | 9.610
MixEBC 10316 | 10214 | 8674 | 9.625

Table 1: Compression results in bits per pixel for the proposed method
(“Mix10” and “MixEBC”), and the method presented in [6]. We included
also the results for 3 image compression standards (JPEG2000, JPEG-LS
and JBIG).

Dataset

Method APO_AI | ISREC | Microzip | Average
Mix10 9.571 9.564 7.954 8.915
MixEBC 9.460 9.536 7.848 8.828

Table 2: Lower bound of each proposed method. These values represent
the number of bits per pixel that would be required if we could select
the best model to encode each pixel (but without considering the side
information indicating the model used).

that, despite using the EBC model in the mixture, it does not provide bet-
ter results, although in a competitive approach it could be more efficient
than the “Mix10” approach.

The proposed method, based on a mixture of finite context-models, as
we can see, provides small improvements compared to the method [6]. As
future work, it will be interesting to explore other models than the EBC
in the mixture. Also, we could use some pre-processing techniques in the
microarray images in order to improve the compression results.
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