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Abstract. The paper presents the comparison analysis of various techniques of 
DNA microarrays data pre-processing in order to choose the optimal 
combination of the methods in terms of the minimum value of Shannon entropy 
criterium. The Bioconductor package tools of R software were used during the 
simulation process. The DNA microarray data of patients, which were 
investigated on lung cancer from database Array Express, were used as the 
experimental data. The algorithm of step-by-step procedure of the data 
processing for purpose of determination of the optimal combination of the 
methods has been proposed as the results of the research. The results of the 
simulation have shown that the optimal combination of the methods for the 
investigated data is the following one: rma method background correction, 
invariant set method normalization and mas method PM correction and 
summarization. This combination of the methods corresponds to the minimum 
value of the Shannon entropy criterion.   
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1 Introduction 

One of the current directions of modern bioinformatics is reconstruction and 
simulation of gene regulatory networks based on the data from DNA-microchip 
experiments [1]. Implementation of this process involves the preliminary 
experimental data pre-processing in order to form the array of gene expression 
profiles. DNA microchip data are presented as a matrix of light intensities, the values 
of which are proportional to the expression of the appropriate genes. The genes 
expression value determines the amount of appropriate type of protein which will be 
generated by this gene. Each of the DNA microchips includes the results of the 



experiment for appropriate investigated object or for appropriate conditions of the 
experiment performing. In this case the quantity of the DNA microchips corresponds 
to the quantity of the investigated objects. It should be noted, that conditions of the 
experiments performing are differed in the most cases. In this case very important is 
the stage of the obtained data pre-processing. This procedure involves the use of four 
steps: background correction, normalization, PM correction and summarization [2–5]. 
Each of the steps can be implemented using various methods.  

The technique to determine the optimal combination of methods to form the gene 
expression profiles array objectively is absent nowadays. In this paper we propose the 
technique of gene expression array formation based on Shannon entropy criterion 
which is calculated with the use of James-Stein shrinkage estimator method [6]. The 
optimal combination of the methods is determined based on the minimum value of the 
Shannon entropy criterion. 

2 Formal problem statement 

The data, which are obtained during the DNA microchip experiments, are presented 
as a matrix of light intensities. A block chart of procedure of DNA microchip light 
intensities matrix formation during the experiment performing is presented in fig. 1.  

 

Fig. 1. A block chart of the procedure of DNA microchip light intensities matrix formation 

Joining of complementary single-chain nucleotides with fluorescent labels to a single 
molecule is performed during the hybridization process. It is obvious, that the level of 
light intensities in appropriate point of the microchip is proportional to quantity of the 
hybridized RNA molecules, which correspond to appropriate type of the protein. The 
following stages of the DNA microchip processing are filtering in order to remove 
unhybridized samples and scanning for purpose of the matrix of light intensities 
formation. Fig. 2 presents the step-by-step procedure to transform the light intensities 
values to the expression of the corresponding genes. As it can be seen from fig. 2, 
each of the steps assumes the use of various methods and choice of the combination 
of these methods influences directly to the quality of the obtained genes expression 
data. Thus, the main problem consists in determination of the optimal combination of 
methods to process the DNA microchip data in order to increase the informativity 
level of the obtained gene expression data.   



 

Fig. 2. A chart of step-by-step procedure to transform the light intensities matrix to the matrix 
of genes expression  

3 Literature review 

The issues concerning the DNA microarray processing are presented in [7–9]. The 
authors considered in detail the stages of DNA microarrays creation and the 
peculiarities of their processing. In [10] the author considered the possibility of the 
neuro-fuzzy modeling implementation for purpose of the microarrays experiments 
data processing. In [11] the authors presented the results of research concerning 
analysis of genes expression for the purpose of the objects classification using 
Bayesian network. However, it should be noted, that the hereinbefore works do not 
contain the investigations concerning choice of the appropriate combination of the 
methods to process the DNA microchip data based on quantitative criteria. 

Classification and detail description of the background correction methods are 
presented in [2–5]. Ideal Mismatch method was proposed by Affymetrix company [3]. 
This method involves the complex use of both the Perfect Match (PM) nucleotide 
samples which fully correspond to the investigated genes and the Miss Match (MM) 
samples, in which the mean nucleotide is changed to complementary one. Robust 
Multichip Average (RMA) background correction method involves the use only PM 
samples [4]. This fact decreases the costs to the microchip preparing due to absence of 
the MM samples. The values of light intensities in this case are presented as the sum 
of the useful signal, which is distributed exponentially, and the normally distributed 
noise component. Distribution Free Convolution Model (DFCM) background 
correction method [5] also assumes that values of light intensities are presented as the 
combination of both the useful signal and the noise component. But in this case do not 
any assumes about the character of the components distribution. This method involves 
the use of both the PM and MM samples. The main idea and the detail description of 
the Affymetrix Micro Array Suite 5.0 (MAS 5.0) technique of background correction 
are presented in [2,3].  

The techniques of DNA microchip data normalization are presented in [2,12–16]. 
The necessity of this stage is determined by low correlation of the data which were 
determined when different conditions of the experiment performing. The aim of the 
normalization process is the reduction of the microchip empirical data to the same 
distribution. This step allows minimizing the technological differences between the 



parameters of different genes and, as the result, to carry out the comparison of the 
expression values of the corresponding genes obtained under different conditions of 
the experiment performing. The results of the research concerning comparison 
analysis of various methods of PM corrections and summarization of the DNA 
microchip data are presented in [2,14,17,18]. PM correction stage is performed in 
order to reduce the nonspecific hybridization effect by correction of the PM samples 
light intensities taking into account the light intensities of the corresponding MM 
samples. The summarization process assumes the calculation of gene expressions 
values from light intensities of the samples for investigated genes.  

However, it should be noted that in spite to the achievements in this subject area 
the effective technique to choose the optimal combination of methods of DNA 
microchip data processing is absent nowadays. This problem can be solved based on 
modern techniques of the complex data processing which are used in different field of 
scientific research nowadays [19–23]. 

The aim of the paper is the improvement of technique of DNA microarray data 
processing based on the complex use of Bioconductor tools and Shannon entropy for 
purpose of gene expression array formation.  

4 Materials and methods 

The Shannon entropy criterion, which is calculated based on James-Stein shrinkage 
estimator [6], was used as the main criterion to estimate the gene expression 
informativity during the simulation process. This technique is based on the complex 
use of the two different models: a high-dimensional model with low bias and high 
variance, and a lower dimensional model with larger bias but smaller variance. 
Evaluation of the probability of values distribution in cells in accordance with James-
Stein shrinkage technique is calculated by the formula: 
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where ML
ip  is the probability of the gene expression values distribution in the i-th 

cell which is calculated by maximum likelihood method, 
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expression values, in  is quantity of the features in the i-th cell. It is obvious, that 
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ip  corresponds to the high-dimensional model with low bias and high variance and 
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distribution. Parameter of the intensity λ in this case is calculated as follows: 
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where n is the quantity of the features in the investigated vector. The value of the 
Shannon entropy is calculated with the use of standard formula taking into account 
the method of the probability estimation: 
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 Less value of the criterion (3) corresponds to the higher level of the investigated 
vector informativity. 

A structural block chart of the algorithm which was used to determine the optimal 
combination of the methods of DNA microarray data processing is shown in fig. 3. 
Implementation of this algorithm involves the following steps: 

1. Loading of the DNA microarray data. 
2. Setup of the stage of data processing (background correction, normalization, 

PM correction, summarization). Fixation of the methods, which do not correspond to 
this stage randomly. 

3. Choice of the first method for current stage. 
4. DNA microarray data processing by selected methods.  
5. Calculation of the Shannon entropy by formulas (1)–(3) for each of the 

microchips. Calculation of average value of the Shannon entropy for all DNA 
microarrays. 

6. If the number of the method is less than the maximum quantity of the methods 
at this stage, then choice the next method and go to the step 4 of this procedure. 
Otherwise fixation of the method which correspond to the minimum value of the 
Shannon entropy.   

7. If the number of the stage is less than maximum quantity of the stages, then go 
to the next stage and go to the step 3 of this procedure. Otherwise, DNA microarray 
data processing with the use of determined combination of the methods. 

5 Experiments 

Simulation process of DNA microchip data pre-processing was performed based on R 
software [24] using functions of Bioconductor package [25]. The lung cancer 
patients’ gene expression profiles E-GEOD-68571 [26] from database ArrayExpress 
[27] were used as the experimental data during the simulation process. These data 
includes 96 of DNA microchips of patients which were investigated on lung cancer. 



Each of the DNA microchips includes 7129 of genes. 10 patients were identified as 
healthy and 86 sick patients were divided by the state of their health into three groups.   

 

Fig. 3. A chart of the step-by-step procedure to transform the light intensities matrix to the 
matrix of genes expression  

Fig. 4 shows the images of nine of the investigated DNA microchips which were 
obtained by scanning of the appropriate objects. The following step of the data 
processing is the transform of the light intensity matrixes into array of genes 
expressions using the hereinbefore presented methods. 

    6 Results and discussions 



The character of light intensities values distribution at the selected DNA microarray is 
presented in fig. 5. Fig. 6 shows the MA charts for all pairs of five selected DNA 
microchips. The MA chart presents the difference of logarithms of the PM (Perfect 
Math) samples values (M) versus the average of logarithms of the PM samples values 
(A). Parameters M and A for i-th gene and samples k and n are calculated in the 
following way: 
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The chart is created for PM values for all possible pairs of the investigated samples. 
In the case of the highest quality of the data processing, the data should be distributed 
in a rather narrow range, and the points at MA diagram should be located along the 
axis of M = 0 with the lowest averages. 

 

Fig. 4. Scanning images of nine of the investigated DNA microchips 

The analysis of the received diagrams confirms the assumption concerning the 
necessity of the initial data preprocessing. The character of the data distribution for 
various microchips is differed significantly (Fig. 5a). The kernel density plots which 
are shown in fig. 5b are distributed along axis of the light intensities logarithm 
randomly too. Finally, the corresponding points on the MA diagrams (Fig. 6) have 
different distributions too. These facts do not allow us to compare the investigated 
gene expression profiles objectively. Fig. 7 and Fig. 8 present the results of the 
research concerning background correction of the DNA microarrays by methods: 



“rma”, “mas” and “DFCM”. The “Ideal Mismatch” method has not used due to lower 
quality of its operation [28]. The analysis of the obtained charts allows us to conclude 
that the background correction increases the image quality. The processed data are 
distributed more uniformly to compare with unprocessed data. However, it should be 
noted that visual analysis of the diagrams does not allow us to compare the quality of 
the used methods objectively in order to choose the best one. Fig. 9 presents the 
results of the research concerning determination of the optimal combination of the 
methods to process the DNA microarray data based on the minimum value of the 
Shannon entropy in accordance with hereinbefore technique. 

 

Fig. 5. Estimation of light intensities distribution at the selected DNA microchips 

 

Fig. 6. MA charts of light intensities distribution for PM samples 



 

 

Fig. 7. Boxplot charts of unprocessed and processed data when the various background 
correction methods are used 

 

Fig. 8. Kernel density plots of unprocessed and processed data when the various background 
correction methods are used 



 
 

Fig. 9. Charts of the Shannon entropy distribution versus the methods of the data processing at 
the stages: a) background correction; b) normalization; c) PM correction; d) summarization 

The analysis of the obtained charts allows us to conclude that the optimal methods 
in terms of the minimum value of Shannon entropy criterion are the following ones: 
“rma” background correction method; “invariant set” normalization method; “mas” 
methods PM correction and summarization. This combination of the methods was 
used to process the investigated DNA microarrays. Fig. 10 presents the boxplots of 
genes expression vectors for the investigated samples of both the non-processed (fig. 
10a) and processed (fig. 10b) data.   

    

Fig. 10. Results of the DNA microchips processing 



As it can be seen from fig. 10b, the values of genes expression are distributed in 
the same range. The change of this range can be explained in the following way. The 
expression values of the largest quantity of genes are low. But some of the genes have 
significantly higher values of expression. It means that these genes determine some 
important processes in the investigated objects. The expression values of these genes 
determine the variation range of another genes expression. The analysis of the 
boxplots allows us also to conclude that the values of the largest quantity of gene 
expressions for various objects lie in a very narrow range. This can mean that these 
genes are responsible for the functions that are inherent for all investigated objects. 
However, each of the investigated samples contains genes, the expression of which 
goes beyond the inter-quartile range. These genes are very important for the following 
research since they allow us to distinguish the investigated objects by their 
particularities.  

7 Conclusions 

In this paper we have proposed the technique of gene expression array formation 
which were obtained based on DNA microarray experiments. The initial data is 
presented as a set of DNA microchips, each of which contains the matrix of light 
intensities, the values of which are proportional the expression values of the 
appropriate genes. Four stages have been performed during the simulation process: 
background correction, normalization, PM correction and summarization. Each of the 
stage assumed the use of different methods. The Shannon entropy criterion which is 
calculated based on James-Stein shrinkage estimator has been used as the main 
criterion to estimate the genes expression informativity.  
The simulation process has been performed based on R software with the use of 
Bioconductor package functions. The lung cancer patients’ gene expression profiles 
E-GEOD-68571 from database ArrayExpress have been used as the experimental data 
during the simulation process. The results of the simulation have shown that the 
optimal combination of the methods in terms of the minimum value of the Shannon 
entropy is the following one: “rma” background correction method, “invariant set” 
normalization method and “mas” methods PM correction and summarization. This 
combination of the methods has been used to process the investigated DNA 
microchips.  

The boxplots of both the non-processed and processed data have been created as 
the simulation results. The analysis of the obtained results has shown that the values 
of the largest quantity of gene expressions for various objects lie in a very narrow 
range. It means that these genes are responsible for the functions that are inherent for 
all investigated objects. However, each of the investigated samples contains genes, 
the expression of which goes beyond the inter-quartile range. This fact can mean that 
these genes are very important for the following research since they allow us to 
distinguish the investigated objects by their particularities.      
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