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The analysis of microarray data is a challenging task because of the large dimensionality 

and small sample size involved. Although a few methods are available to address the 

problem of small sample size, they are not sufficiently successful in dealing with 

microarray data from extremely small (~<20) sample sizes.  We propose a method to 

incorporate information from diverse sources to analyze the microarray data so as to 

improve the predictability of significant genes. A transformed data set, including 

statistical parameters, literature mining and gene ontology data, is evaluated. We 

performed classification experiments to identify potential allergy-related genes. Feature 

selection is used to identify the effect of features on classifier behaviour.  

An exploratory and domain knowledge analysis was performed on noisy real-life 

allergy data, and a subset of genes was selected as positive and negative class. A new set 

of transformed variables, depending on the mean and standard deviation statistics of the 

data distribution and other data sources, was identified. Significant allergy- and immune-

related genes from the microarray data were selected. Experiments showed that 

classification predictability of significant genes can be improved. Important features from 

the transformed variable set were also identified. 
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Chapter 1   

Introduction 

1.1 Motivations of the Research 

Given the advances made in molecular-based information technology, microarrays have 

become a powerful tool for exploring the vast amount of data produced by whole-genome 

sequencing and other projects. Microarrays, also known as gene chips, are a collection of 

large number of different DNA molecules synthesized or spotted on a solid surface. 

Microarrays are useful for the simultaneous monitoring of a large number of 

differentially expressed genes. The microarray technology allows the understanding of 

gene functions and complex relationship among the genes.  

In a microarray experiment, treated and control samples collected from a tissue of 

interest are labeled with fluorescent dyes and hybridize equal amount of both samples to 

the microarray. The microarray data generated by scanning the hybridized array present 

great opportunities for data mining. Microarray data analysis has become significant in 

different areas of data mining such as class discovery, gene and sample clustering, gene 

selection, and sample classification [1, 2]. Similarly, gene expression pattern obtained 

through microarray data analysis suggests similar or related genes, while the technology 

is also useful in identifying possible biomarkers for particular diseases and in suggesting 

targets for drug discovery [1].  

Although microarray technology has potential for use in several applications, 

microarray data analysis is not an easy task to perform. A major issue in microarray data 

analysis is the limited sample sizes available in microarray data for the large number of 
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genes being considered [1, 2, 3]. The sample size can be defined as the number of 

samples required in a study to achieve findings that are significant to the question of 

concern [2, 3]. Determining sample size is an important step when designing a microarray 

experiment, because the number of samples used for an experiment is directly related to 

the quality of both the experiment and the experimental results [3]. A small sample size 

may not adequately represent the microarray data, and hence, the occurrence of rare 

events may not be detected. A typical statistical analysis may indicate there is no 

significant difference in an experimental result; however, because of limited sample size, 

statistical tests may sometimes fail to provide sufficient proof of a significant difference 

between two samples treated under different conditions. Because of this limitation in 

microarray data analysis, particular gene expression patterns, and gene behaviour that 

occur infrequently, may not be detected.  

Often a small sample size is used in microarrays in view of the handling difficulty 

and the cost of collecting microarray samples. However, using an insufficient number of 

samples for an experimental study may result in wasting of resources because of the 

statistical unreliability of results. Moreover, because the microarray experiments are 

performed on animal and human subjects, small sample size experiments sometimes 

expose these subjects to unnecessary harmful conditions without gaining useful 

information [14]. The number of samples used for an experiment will continue to be 

small as long as the cost of the microarray data is high. Therefore, it is important to find 

alternative methods to analyze data from the small sample size.  

Other challenges associated with microarray data analysis include, first, the high 

correlation between genes. Sometimes one gene is involved in various biological 



 

 3 

mechanisms and has different functions, and hence, it becomes difficult to establish a 

specific role for a particular gene. The second challenge concerns the biological 

interpretation of the analysis results.  Large numbers of significant genes are obtained as 

an outcome of an experiment, making the understanding of the final result difficult and 

complicated [1].  

Many traditional methods are available for the analysis of microarray data. They 

are statistical and domain knowledge analysis methods. The fold-change rule and T-

statistic are the two important statistical methods initially used for the microarray data 

analysis. Although these methods are most commonly used by researchers, they are 

unreliable because of their inability to consider statistical variability in the microarray 

data and lead researchers to select genes that are not truly differentially expressed [5, 6]. 

Bayes T-test [7], B-statistic [8], SAM [9], Samroc [10], and Zhao-Pan method are a few 

of the statistical methods recommended for the issue of statistical variability. SAM and 

Samroc assume equal variance, whereas B-statistic and Bayes T-test assume unequal 

variance among the two samples.  Although these methods are recognized to work well 

with a small sample size, a comparison study between these methods performed by Kim 

and Lee [11] shows their poor performance on the data from a small sample size, 

especially when the microarray data come from an extremely small sample size (~< 20). 

They are, however, useful for the analysis of data from a large sample size. 

Domain knowledge analyses, which also increase the biological interpretability of 

the results, are an example of other attempts to perform the microarray data analysis. 

Here, the genes are grouped depending on their functional characteristics. Gene Ontology 

(GO) analysis by Ashburner et al. [12], and Gene Set Enrichment Analysis (GSEA) by 
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Mootha et al. [13] are examples of the methods used to improve the biological 

interpretability of the results. Domain enhanced analysis (DEA) proposed by Liu et al. 

performed functional level analysis as opposed to gene level analysis to improve the 

biological interpretability of the result. Although it outperformed other statistical or 

domain aggregated methods, its behaviour is inconsistent for some of the latent variables 

used in the analysis [1]. The domain knowledge analysis is capable to provide significant 

results, but it is very tedious and time consuming process. 

1.2 Problem Definition and Thesis Organization 
 

The experimental microarray data (allergy microarray data) used in our study is collected 

when mice were treated with the allergen ‘Ovomucoid’ found in hen’s eggs and our 

initial objective was to identify the potential biomarkers for allergy. The microarray 

experiment contain 45013 genes and 16 samples - 8 samples were used as treated and the 

remaining 8 samples as control. The allergy data have sample size of 16, which is 

extremely small, and none of the above-mentioned traditional methods handled well the 

problem of small sample size. There is no meaningful way available for the direct 

statistical analysis in the case of our allergy microarray data. The initial analysis of the 

statistical distribution of the allergy data showed that the treated and control genes are 

overlapping; hence made the analysis difficult to differentiate the variation between the 

samples. Therefore, the purpose of our study is to find a solution to analyze the highly 

uncertain allergy microarray data to identify significant genes specific to allergy 

prediction as well as to address the issue of small sample size in microarray data analysis. 

Also use the classification algorithms and feature selection methods based on data 

transformation to increase the predictability of genes to allergy.  
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The first step is to generate a significant data subset from the initial microarray 

experimental data by reducing the large dimensionality of the data. Therefore, we 

performed statistical and domain knowledge analysis on the experimental data to identify 

genes that are statistically significant for further analysis. The second step is to address 

the issue of extremely small sample size of the experimental microarray data. Because of 

the unavailability of any direct statistical methods for the analysis of data with small 

sample size, additional feature variables were incorporated with the data subset. The 

additional features contained more descriptive information about each gene collected 

from other data sources such as gene ontology and microarray literature. The gene 

descriptors obtained were then combined with the data subset to create a newly 

transformed, and presumably more relevant, data set. We performed the reclassification 

of the data after applying classification, feature selection, and grouping of feature values 

methods to this new, transformed multi-source allergy data to improve the predictability 

of the significant genes related to allergy.  

The proposed method allows the transformation of a high dimensional microarray 

data into a concise and significant data set. The use of transformed data set, including 

statistical feature values as well as additional feature values taken from external data 

sources, helps in handling the small sample size problem in computing statistics. The 

incorporation of additional features as well as the reclassification of the highly uncertain 

data would improve the understanding of the data under study. As the proposed method 

aims to analyze data with extremely small sample sizes, this might be more promising for 

researchers to continue their analysis using microarrays with small sample size since the 

cost of each microarray is high.   
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Chapter 2 provides a detailed description of current microarray technology. It also 

includes a review of commonly used microarray analysis methods such as inference 

analysis, statistical analysis, unsupervised analysis, and domain aggregated analysis. The 

techniques and algorithms used in each of these methods are described in detail, as are 

their advantages and disadvantages.  

Chapter 3 describes the methods used for the analysis of microarray data when the 

sample size is extremely small. A brief description of the experimental allergy data used 

in our study is presented. The chapter also describes the exploratory and domain 

knowledge methods applied in obtaining the transformed distribution variables, and 

outlines how the gene ontology and literature mining variables are obtained. The steps 

used to create a subset of genes for the microarray data analysis and the machine learning 

and feature selection methods for the experiments are described.  

Chapter 4 discusses the experimental results obtained at each stage of the analysis. 

Chapter 5 presents the conclusions, summarizes the contribution of the thesis, and 

recommends future work.  
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Chapter 2 

 

Review of Literature 
 

 

The recent advancement in technical and computational capabilities has provided more 

awareness about the genome details of many organisms. Among the various techniques 

available to take advantage of the mounting data, microarray technology allows 

synchronized examination of gene expression patterns for a large number of genes; it 

provides more insight into the gene function, regulation and interaction and thereby helps 

to understand the complex relationship among the genes [14]. Although it is capable of 

providing us with immense knowledge through data mining, we need to fully understand 

microarray technology before proceeding with a microarray experiment and the data 

analysis. 

2.1 Microarray Technology 
 

The microarray technology is derived from the southern blotting technique, although the 

principle behind this technology originated almost 25 years ago. Over the decades, the 

arrays have improved regarding structural layout, probe density and quality [2, 15].  

In general, a microarray is defined as “a collection of microscopic spots arranged in 

an array or grid-like format and attached to a solid surface or membrane” [2, 16, 17]. The 

spots in the array, known as probes, are used to determine gene expression levels. Probes 

are specific nucleic acid sequences, which can be a small gene segment or a DNA 

element. Microarrays are used to measure the gene expression through the process of 

hybridization (binding of base-pairs of DNAs or RNAs of different origin). Prior to the 
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hybridization, the targets from tissues of interest are labeled with fluorescent dye or some 

kind of detectable molecule. These hybridized arrays are scanned to measure the intensity 

of the fluorescent or signal produced by the dye. The relative fluorescence or signal 

intensity provides the binding level between a probe and its target [2, 18].   

2.1.1 Different Types of Microarrays 

 

The availability of extensive genome information through public databases has increased 

the application of microarray technology in various fields, such as disease 

characterization, drug development and production, evolutionary biology, toxicology and 

forensics.  The increased use of this technology has contributed to the development of 

special types of microarrays using different technologies for measuring gene expression 

levels. Examples of different types of microarrays include complementary DNA (cDNA) 

or spotted arrays, fiber optic arrays, long oligonucleotide arrays, and short 

oligonucleotide arrays. The most commonly used microarrays are spotted arrays and 

chemically in-situ synthesized arrays.  To prepare spotted arrays, either oligonucleotides 

or cDNAs are spotted on the array by a printer. In experiments using spotted arrays, two 

samples are hybridized to the array after marking it with different fluorescent dyes, and 

the gene expression is measured simultaneously on the two samples. Chemically in-situ 

synthesized arrays are made by synthesizing DNA molecules directly on the chip. Even if 

only one sample can be hybridized to these chips, the quality of the chips is higher than 

spotted arrays [19].  

The two important factors in microarray technology are target preparation and 

probe construction. Since several types of microarrays are available, different cellular 

components, such as genomic DNA, RNA, cRNA, cDNA, and PCR components, can be 
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used as targets [2, 20, 21]. The stability, reproducibility, and quality of the created targets 

are critical considerations in microarray technology. Similarly, the probes are constructed 

using cDNA, expressed sequence tags (ESTs), oligonucleotides, oligomers, fragments of 

PCR products, or restriction-enzyme digested fragments and so forth [2, 15, 21]. 

2.2 Steps Involved in Microarray Technology 
 

Microarray technology has attracted great attention in the past few years and has become 

an important tool for biological research since it enables simultaneous analysis of huge 

amounts of genes.   The technical limitations and the complexity of data analysis, 

however, make the use of microarray technology a challenging task. Several factors, 

detailed below, affect the outcome of microarray data analysis.  The important stages of a 

typical microarray experiment are shown in Fig. 2.1. 

2.2.1 Experimental Design and Implementation 

 

The enormous size of the data provided by microarray experiments makes the analysis of 

microarray data a difficult task, and it is crucial to design the experiment properly to 

achieve the experimental goal. Hence, while designing a microarray experiment, Jaluria 

et al. recommend to identify the experiment goals first, then to identify the most 

appropriate biological comparisons both to attain the identified goals and to nominate the 

best procedure to design and perform the experiments. Finally, the most suitable 

evaluation method to verify the experimental results must be found [2, 3, 22]. 

Selection of a suitable experimental design is critical to the success of an 

experiment because it addresses the biological question under study in a manner that 

avoids such errors as detection of false positives, disguising fundamental patterns, and 

inaccurate interpretation of the biological behavior during the analysis of experimental 
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data [3, 23].  The sample size required for an experiment needs to be determined when 

designing the experiment as it affects the quality of the experimental results. The use of 

under-sized or over-sized samples in a study will result in wasting of resources, time and 

money, and will harm the subjects under study [13].   

Another factor to be considered when designing a microarray experiment is to 

standardize the information generated. A microarray experiment could suffer variability 

in gene expression at different stages; for example, discrepancies could occur during 

biological sample preparation, RNA isolation and purification, cell synchronization, 

hybridization protocols, and target preparation. Also, the quality of the printed 

microarrays can affect the microarray experiments [23, 24, 25].  Without a standardized 

procedure, the results obtained after performing the experiments at two locations might 

vary, and affect the reliability of results.   

To address this issue, Microarray Gene Expression Data (MGED) Society, now 

known as Functional Genomics Data Society (FGED) [26], designed standards for 

microarray data called Minimum Information About a Microarray Experiment (MIAME) 

[27]. It includes a series of recommendations and standards that specify all the 

information needed to understand the results of microarray experiments. Hence, it is 

appropriate to perform every step in a microarray experiment according to the 

requirements of MIAME standard [3]. 
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Fig.  2.1: Flow of a Typical Microarray Experiment 
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2.2.2 Microarray Experiments 

To perform a microarray experiment, initially RNA is isolated from a biological sample 

and converted as cDNA through reverse transcription. Using two fluorescent dyes, the 

two RNA samples taken from the subject under study are labeled – for example, Cy5 (red 

dye) for the test sample and Cy3 (green dye) for the control sample. The gene sequences 

from both samples are hybridized onto the complementary sequence in the spotted array. 

After the hybridization of the target and probe, the slides are scanned. The relative 

fluorescent intensities for each element are measured by generating independent images 

for the scanned control and test samples [2, 16, 21]. Fig. 2.2 shows the important stages 

in a spotted cDNA microarray experiment.  

Comparing fluorescent intensities between test sample and control sample helps to 

identify the differentially expressed genes. The intensity of a spot’s fluorescence depends 

on the number of molecules hybridized to it. The genes in the test sample can be up- or 

down-regulated corresponding to the control sample.  The image processing of the 

scanned microarray shows different colors, each color representing the degree of binding 

between the target and the probe. The green represents the stronger binding of the control 

sample to the target than to the test sample, and red represents the stronger binding of the 

test sample to the target than to the control sample. Yellow indicates equal binding 

between the control and test sample, and black indicates no binding. The gene expression 

is up-regulated when the spot is red and down-regulated when it is green.  Because there 

is considerable variation in the ability of spots to hybridize to the labeled molecules, one 

usually focuses on the difference between the red and the green labeled spots [2, 17, 20, 

28]. 
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Fig. 2.2: Steps in cDNA Microarray Experiment (Figure courtesy Jaluria et al. [2]) 
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first, performing all the steps in biological and hybridization experiments to the utmost 

possible standards to create a high-quality microarray, and second, the careful choosing 

of the scanning parameters for each microarray project [3].  Another important issue is 

getting a balanced image while scanning. During the scanning process, the intensities 

between the CY3 (Green) and CY5 (Red) channels can be achieved by adjusting the gain 

settings of the photomultiplier tube. A convenient way to evaluate a balanced image is to 

visually inspect the scanned image. A balanced image appears mostly yellow (equal 

binding of control and test sample) because most of the probes are non-differentially 

expressed. Use of high laser power and excessive scanning result in photo-bleaching, so 

these factors must be taken into consideration during image acquisition [3]. 

Spot recognition or gridding can be performed with the help of image analysis 

software, although it is sometimes necessary to manually adjust the grid to flag poor-

quality images. Segmentation differentiates the foreground pixels (i.e. true signals) from 

the background pixels.  Additional information on algorithms available for segmentation 

can be found in [29, 30, 31, 32, 33], and these algorithms are included in many image 

analysis software.  Segmentation becomes difficult for poor-quality images because of 

high background signals, so it is important to choose the appropriate algorithms 

depending on the quality of the image [3, 31]. 

Fluctuations in the background fluorescence can affect the intensity values, so it is 

essential to perform background correction to obtain a noise-reduced intensity value. The 

foreground and background intensities are calculated by averaging the pixel intensities 

within the foreground and background areas. Several background estimation algorithms 

are available and are implemented in most of the image analysis software [34, 35, 36]. A 
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simple method for background correction is to determine the difference between 

background intensity and foreground intensity and use the spot intensity obtained to 

calculate the expression ratio between two channels. To obtain more similar up-regulated 

and down-regulated values, the expression ratios should be log transformed [2, 3, 37]. 

The equation to calculate expression ratio is  

 

, 

where CY5 is the red or the test sample intensity and CY3 is the green or the control 

sample intensity. 

2.2.4 Data Pre-processing and Normalization 

Pre-processing allows removal of the low-intensity spots of the data generated through 

image scanning. It can also change the size or shape of the grids that include the spot.  

Following the pre-processing, normalization procedures can be carried out to adjust the 

differences in labeling, to detect the effectiveness of fluorescent dyes, and assess the 

difference in the quantity or quality of RNA sample. These problems can develop from 

various sources such as variation in the effectiveness of dye labeling, heat and light 

sensitivities, and settings of a scanner, and will lead to a change in the average ratio of 

CY5 to CY3. Therefore, the rescaling of intensities should be done prior to performing 

further analysis.   

The three most common normalization techniques are total intensity, regression, 

and ratio statistics [2, 38, 39]. These techniques assume that all the genes or some sets of 

genes have an average expression ratio equal to 1 [40].  The total intensity technique 

assumes that both the control and test samples have equal amounts of RNA and the same 

amount of mRNA was hybridized to the array for each sample. Hence, both fluorescent 
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dyes would give the same total intensity. Normalization using the regression technique 

assumes a similar gene expression level in both samples. A scatter plot for red and green 

intensities gave genes on a straight line. The slope calculated for the straight line would 

be 1 if both samples had the same labeling and detection efficiencies [40, 41]. A best-fit 

slope is calculated for the data using regression techniques and the intensities are adjusted 

to make the slope equal to 1.   The ratio static method assumes that some groups of genes, 

known as housekeeping genes, were up- or down-regulated the same in both samples. 

The probability density for the ratio of red and green intensities is calculated, and is 

adjusted to make the mean expression ratio equal to 1 [38]. These normalization methods 

are inefficient if the variation is dependent on probe intensity and spatial location on the 

array. Several non-linear methods can be used to correct variations for spot intensity and 

spatial information [3, 25, 40]. 

Once the data pre-processing and normalization is applied to the microarray data, 

proper comprehension and interpretation of the expression data created by this 

technology is essential. To recognize the relation between microarray data and biological 

function, we should determine how the gene expression for particular genes changed 

between the control and test groups corresponding to the presence or absence of a 

specific biological function. The allergy data used in our study also experienced change 

in gene expression; therefore, our aim is to determine the allergy related genes that could 

be specific biomarkers for allergy. This can be achieved by applying various microarray 

data analysis methods and is described in the following section.   



 

 17 

2.3 Microarray Data Analysis Methods 

Over the years, lots of microarray data analysis techniques have evolved from simple and 

traditional methods such as fold change and t-test, and from many sophisticated and 

computationally intensive methods such as clustering algorithms and classification 

algorithms [5, 42]. The challenging aspects that make microarray data analysis difficult 

are the high dimensionality of gene expression data with a smaller number of 

replications, the high correlation in genes due to involvement in multiple biological 

pathways, and the difficulty in interpreting results when many significant genes are 

identified [1,11]. In the following sections, various microarray data analysis methods, 

such as inference analysis, exploratory data analysis, supervised data analysis and 

pathway analysis, are discussed. 

2.3.1 Inference Analysis  

 

The most common and simple approach used in inference analysis is the fold change rule, 

whereby a gene is said to be up- or down-regulated if its average expression level is 

changed by a predetermined number of ‘folds’ (e.g. 2-fold, 3-fold or 5-fold) [11, 6]. 

However, this method is considered unreliable and inefficient [3, 5, 6, 11] due to its 

inability to reveal a desired biological shift in gene expression.  Another drawback of this 

method is that it does not consider the role of related genes or of neighboring genes when 

comparing its expression levels to determine whether a specific biological function is 

present or absent. Due to the variations in the gene expression data, using the fold change 

rule alone increases the proportion of false-negatives and false-positives.  

False positives and false negatives are inferential errors, also known as Type 1 and 

Type 2 errors. The inferential error occurs when a differentially expressed gene is falsely 
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stated as not differentially expressed and a non-differentially expressed gene is falsely 

stated as differentially expressed. A better way to infer significance is to choose a statistic 

to order the genes in accordance with their differential expression based on the strength 

of expression, and then select a threshold value for the statistic used for ranking the 

genes. Below this threshold, any value is rejected, considering that the gene is not 

differentially expressed [5, 11]. 

Since the gene expression data has variation in its expression levels, it is important 

to have replicated data to perform statistical analysis on the data. The two types of 

replication that could be carried out in microarray analysis are biological replication, 

where measurements are taken from multiple individual biological samples, and technical 

replication, where the same mRNA sample is used in multiple microarray experiments [5, 

40]. Although technical replication could provide accurate gene expression measurements 

for a specific sample and remove the technical variations, biological replication is 

preferred over technical replication in experiments that require statistical inference 

because this process resolves the problem of biological variation as well as any technical 

variations introduced during the experiments. Technical replicates are useful in some 

situations like quality-control studies; they can also be used in addition to biological 

replications when the number of samples is small.   

Another important factor in microarray data analysis is the number of samples used 

in the experiments. The number of biological replicates required depends on the 

experimental design. Traditional statistical power analysis is not suited to calculate the 

power and the number of samples used for microarrays [5, 43, 44], since a microarray 

study often includes testing of a large number of hypotheses (multiple testing problem), 
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inference analysis by false discovery rate (FDR) estimates, [45, 46] and use of 

classification methods that have many transcripts. Hence, statisticians have developed 

several methods to address the issue of the optimal number of samples for differential 

expression or classification studies [47]. 

 Pooling of mRNA from biological replicates is a method used by many researchers 

to reduce variability among arrays and also to increase sample size [5, 24, 42, 48].  

Pooling is valuable if the only aim is to identify differential expression and also when the 

cost of biological samples is low compared with the cost of array. 

2.3.1.1  Statistical Methods for Ranking Genes 
 

Commonly used statistical methods for determining differential gene expression in 

microarray data include t-test and its variants, Bayesian method, and logistic regression; 

these statistical methods will be described here. Assume Xij stands for the log2 expression 

level for gene ‘i’ in replicate ‘j’ under two conditions, and n1 and n2 are the number of 

arrays for each condition, i.e. n = n1+n2.  Also suppose the sample means of Xij’s for gene 

‘i’ are indicated as Xi1, S
2
i1 and sample variance of Xij’s for gene ‘i’ are indicated as Xi2, 

S
2
i2, under two conditions.   D denotes the difference between Xi1 and Xi2. Si is the joint 

standard deviation and SE is the standard error of D.  

T-statistic: The T-statistic is a simple method applied in gene expression data 

analysis to find statistically significant differentially expressed genes amongst two groups 

by observing the difference between two independent means.  Different versions of the 

two-sample t-test are used by researchers, but the t-test is totally dependent on the sample 

size and the variability between two samples. The experimental microarray data used for 
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our study had fewer samples, and the statistical variability was high. So, assume no equal 

variance between two samples, and then the t-statistic for two independent samples is  

 

. 

However, traditional t-statistic is considered inadequate [7, 11, 24, 50, 51] because 

a gene with slight variance has a chance to produce large t-values regardless of the 

independent mean difference, resulting in Type 1 error [10]. Another issue with t-statistic 

is that the processes are very time-consuming and expensive, given the necessity to 

perform repetitive treatment and control experiments [6]. This method is known to 

perform well with large sample size. Shi et al. [52] and Guo et al. [53] suggested that 

gene ranking by fold change is superior to t-statistics, a conclusion that is made in terms 

of reproducibility of gene lists. However, many researchers disagree with this suggestion 

[54, 55].   

The two important statistical methods used initially for the microarray data analysis 

were fold-change rule and two sample t-test; these are the preferred methods for 

identification of gene expression experimental data due to their simplicity and 

interpretability. The methods are, however, unreliable because of their inability to 

consider statistical variability in the microarray data and result in selecting genes that are 

not truly differentially expressed [5, 6].  Several statistical methods, including B-statistic, 

SAM, and samroc, have been proposed to overcome the small variance issue of t-

statistics, and these could be used for ranking genes from the replicated data.  

B-Statistic: Smyth [56] proposed B-statistic by developing a hierarchical model of 

the empirical Bayes approach proposed by Lonnstedt and Speed [8], which used log 

posterior odds to  avoid the issue of conventional t-statistic [11,38].   
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SAM (Significant Analysis of Microarrays): Thusher et al. (2001) proposed SAM 

statistic, which identified significantly expressed genes by incorporating gene specific t-

tests. The small sample variance issue of the traditional t-statistic was avoided by adding 

a small positive constant ‘a’. The SAM statistic is   

 

  

where ‘a’ decreases the coefficient of variation. SAM used the gene expression changes 

based on the variability of recurring measurements to give a score to each gene, and a 

gene is considered significant if its score is greater than a threshold. The threshold can be 

adjusted to identify either a small or a large gene set. The percentage of false positives 

among significant genes, the false discovery rate (FDR), was approximated by analyzing 

the variations of the repeated measurements [9, 11, 38]. Efron et al. [57] nominated ‘a’ as 

the 90
th

 percentile of S values, in a method similar to SAM.    

Bayes T-test: Another approach to the issue of statistical variability was the Bayes 

T-test proposed by Baldi and Long [7], which used estimates of population mean and 

standard deviation parameters by the Bayesian probabilistic technique. In contrast, 

traditional t-statistic used the sample mean and sample variance.   

Samroc: This method, proposed by Broberg (2003), ranked the genes based on the 

possibility of being differentially expressed. The idea is to minimize the Type 1 and Type 

2 errors by finding an optimal constant for a given significant level of alpha (α). The 

success of this approach can be shown by an ROC curve.  

The nominator and the denominator of the null static are supposed to be 

independent in both SAM and Samroc techniques; however, they are actually related to 

each other. To deal with this problem, Zhao and Pan use a modified mixture modeling 
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method, where the distribution of the null static is equivalent to the distribution of test 

static. Although all these methods are recognized to perform well on both small and large 

sample size data, on the comparative study between these methods done by Kim and Lee, 

the above mentioned statistical methods yielded poor performance on the microarray data 

with extremely small sample size [11].   

2.3.1.2  Gene Ranking - Setting Up Threshold Value 

 

Once the gene ranking is performed based on the chosen statistics, setting up a threshold 

value to determine the significant genes posed a challenge because one had to balance 

both Type 1 and Type 2 errors. Since microarrays involve multiple testing – testing more 

than one hypothesis at a time in a single study – performing statistical tests on thousands 

of genes would probably exaggerate Type 1 errors if a commonly applied p-value were 

used to infer the significant genes [3, 5, 58].  Applying the Bonferroni correction was the 

classical approach to the ‘multiple testing problem’ where it controlled the family-wise 

error rate (FWER), the likelihood of making one or more Type 1 errors with all typing 

hypotheses [59]. Controlling FWER, however, can be difficult in some situations and 

may lead to some Type 1 errors. Most biologists are willing to accept a few Type 1 errors 

if most of the findings are true positive.  Hence, Benjamini and Hochberg [60] proposed 

an approach that controlled FDR at or below a certain level [5, 58, 61].  SAM is an 

example of a program that incorporates the FDR concept to determine a threshold [62]. 

Many other approaches proposed for the multiple testing in microarray experiments are 

described in [63, 64, 65, 66, 67].  
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2.3.2 Unsupervised Data Analysis in Microarrays 

 

Unsupervised data analysis, also called exploratory data analysis, organizes the data 

based on the properties of the data themselves without referring to any additional 

information. In microarray data analysis, this approach is used to locate genes with 

similar behaviors; an example is genes with similar expression profiles that do not require 

any previous facts of the data such as class labels or survival times. Several clustering 

algorithms are available today to perform exploratory data analysis, but no one algorithm 

is found that suits all situations. There is no adequate guidance as to which circumstances 

each algorithm is most suited; hence, analysis with different parameters or different 

analyses on the same data may provide unique aspects of the data. 

Clustering is defined as grouping of similar data items into clusters. In microarray 

data analysis, clustering algorithms are applied to classify genes with similar behavior 

and group them into clusters. The values in the microarray data set can be considered a 

matrix, each row having values for a single gene and each column having values for a 

single array/experiment.  The gene values are defined as gene expression vectors in the 

matrix [68]. The similarity – or dissimilarity – between different gene expression vectors 

can be calculated using standard distance metrics such as Euclidean distance, Manhattan 

distance, correlation metrics, and these metrics in conjunction with certain rules could be 

used for clustering [40, 68]. 

Clustering algorithms can be classified as hierarchical and non-hierarchical, as well 

as divisive and agglomerative.  The final outcome of hierarchical clustering resembles a 

phylogenetic classification or a tree-like structure, whereas non-hierarchical techniques 

simply partition the data into different clusters.  A divisive approach begins with forming 
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a cluster of all genes and gradually breaks it down into small clusters.  In the 

agglomerative approach, the cluster has only a single gene initially, while later, more 

genes are added to the cluster by finding the most similar genes using a distance metric 

[40]. A brief explanation of different clustering algorithms follows.  

2.3.2.1  Hierarchical Clustering 

 

In hierarchical clustering, genes with similar patterns are grouped, so exploring the data 

becomes easier. The genes are organized in a tree-like structure, where each gene is 

linked to the most similar genes based on the distance metric chosen. Each node in the 

tree represents a cluster of similar genes, and height of the node in the tree represents the 

degree of similarity. It is an agglomerative approach [69] where it begins with solo 

member clusters and steadily fuses them together by finding the most similar genes. 

Since visualizing the data is straightforward, this technique is usually used for gene 

expression analysis.  The hierarchical clustering begins with generating a gene similarity 

score for the genes to be clustered by calculating pair-wise distance matrix. The smallest 

distance in the distance matrix gives the two most similar genes or clusters, which are 

then joined to form a node.  The distances between other genes are also calculated, and 

nodes are formed to make a single hierarchical tree with all genes. Various available 

hierarchical clustering algorithms are complete linkage clustering, average linkage 

clustering, single linkage clustering, weighted pair-group average, and Ward’s method 

among others [6, 40, 68, 70], and the difference between these algorithms depends on the 

metrics used to measure the distance among the clusters.  

Although hierarchical cluster analysis has the advantages of simplicity and easy 

visualization of the end result, and it presents researchers with three drawbacks. One 
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potential problem is the ‘greedy’ nature of the algorithm. Like other greedy algorithms, it 

suffers from the fact that any incorrect assignment made earlier cannot be improved later.  

Quackenbush described the downside of the hierarchical clustering that “as clusters grow 

in size, the expression vectors that represent the cluster might no longer represent any of 

the genes in the cluster. Consequently, as clustering progresses, the actual expression 

patterns of the genes themselves become less relevant” [40]. Another issue with 

hierarchical clustering is that when calculating the similarity score between two gene 

expression vectors, these algorithms do not take into account the relationship with related 

genes or neighboring genes, which could be of biological significance [6, 68]. Another 

issue is applying hierarchical structure to data with no evidence of a hierarchical lineage 

[2, 7, 31]. A remedy to this problem is the partitioning clustering approaches such as k-

means clustering and self-organizing maps, as discussed next.  

2.3.2.2 K-Means Clustering  
 

K-means clustering is a non-hierarchical divisive method which simply partitions gene 

expression data with comparable expression patterns into a fixed number of clusters [71]. 

K, is the number of clusters into which the data is dropped [6].  The gene expression 

vectors within a cluster are similar, but there is no specific relationship between the 

clusters. The k-means clustering begins by arbitrarily placing each gene expression vector 

into one of the clusters. Then, the distances between the clusters are calculated and the 

gene expression vectors are moved iteratively between clusters. On each move, the intra- 

and inter-cluster distances are measured. This process is repeated until all the gene 

expression vectors are optimally placed. In other words, the distance between clusters is 

increased whereas the distance between gene expressions vector of a given cluster is 
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reduced [2, 40, 41].  For instance, Tavazoie et al. [72] used k-means clustering to analyze 

microarray data generated from studies of the yeast cell cycle. 

The k-means clustering is simple, reliable, and easy to implement. This approach is 

very useful when the number of clusters that represented is known, although determining 

correct number of partitions poses a challenge. Many methods have been suggested for 

choosing the optimal number for ‘k’s, a topic discussed in [73, 74]. Another problem with 

k-means clustering is that this algorithm’s unstructured nature will result in unorganized 

groupings of clusters and make the biological interpretation of the final clustered data 

more difficult [6, 75]. 

2.3.2.3 Self-Organizing Maps 

 

This is a neural network clustering approach that allows one to plot the data into a high 

dimensional space and that facilitates easy visualization and interpretation of the gene 

expression data.  Before initializing the data analysis, a user-specified geometric 

configuration, usually a two-dimensional rectangular or hexagonal grid, and a reference 

vector, which is randomly generated for each partition, is defined. Once the reference 

vector is assembled and allocated to each partition, a gene is chosen randomly and a 

reference vector closer to the gene is recognized. Further, this reference vector is 

modified to resemble closely the allocated gene. The reference vectors on the adjacent 

partitions are also modified so as to make the vector closer to the allocated gene, but to a 

lesser degree. During successive iterations, the total of reference vectors on the adjacent 

partitions modified decreases and gradually the reference vectors unite to rigid values. 

Finally, the genes are allocated to suitable partitions based on the reference similarity of 

the vectors to each gene [40, 76]. 
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2.3.2.4 Principal Component Analysis (PCA) 

 

Principal component analysis, or PCA, is defined as “a linear mathematical technique that 

finds base vectors that expand the problem space (gene-expression space)” [6]. The 

vectors are known as principal components, or PCs [6]. Many researchers have suggested 

the benefits of applying PCA in microarray data analysis [77, 78, 79]. In expression data 

analysis, the algorithm picked out the expression patterns (PCs) without losing much 

information and gave the best separation of the data in a dimensionally reduced gene-

expression space.  

PCA has the benefit of being simple and easily understood, and it allows the 

patterns to be visualized onto a two- or three-dimensional plot. PCA works well only in 

linearly separable problem spaces, which is a drawback. PCA is a powerful technique 

when combined with other classification techniques such as k-means clustering and 

SOMs because PCA helps to choose the number of clusters needed for data 

representation [2, 40, 68, 79]. 

Although there are several ways to find patterns in gene expression data, there is no 

one correct way to analyze a data set. Hence, it is sensible to make use of various 

clustering techniques and distance metrics to reveal the different features of the data. 

Finally, evaluating the results of any analysis should depend on both the statistical 

characteristics and the biological knowledge [3, 40].  

2.3.3 Supervised Data Analysis 

 

Supervised data analysis uses classification algorithms to assign objects to predefined 

categories. The classification algorithm searches the entire space of probable hypotheses 

to discover the hypothesis that best fits the available training samples and other prior 
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knowledge. In microarray data analysis, the classification algorithm is first trained with 

gene expression profiles of predefined sample groups. Then the trained classifier is 

applied on new sample groups to classify them into the corresponding sample groups. 

Many classification algorithms have been proposed over the years for microarray data 

analysis, most of them being customized from machine learning algorithms and data 

mining to suit the classification of microarray data [5]. The common algorithms used in 

microarray classification include Decision Tree, Naive Bayes, Artificial Neural 

Networks, and Support Vector Machines, although it is a challenge to identify algorithms 

that perform best in different situations. 

2.3.3.1 Decision Tree 

 

Among many methods, decision tree is the commonly used algorithm for microarray 

classification, because the results obtained from a decision tree can be easily interpreted 

by someone with limited knowledge of the algorithm.  A decision tree begins at the root 

node to classify an instance, then proceeds with estimating the attributes at the node using 

some evaluation function, and then travels along the tree branch matching to the possible 

values for this attribute. For the sub-tree, the process continues at the new node. Quinlan 

proposed ID3 algorithm [80] and C4.5 [81], a successor of ID3, to learn decision trees by 

building them top-down and partition the training data by choosing the best attribute. 

Information gain is used as an evaluation function to choose the best attribute. ID3 used 

information gain measure at every stage while growing the tree to choose the best 

attribute that separates the training examples with respect to their target classification.  

The best attribute used for partition has the highest information gain ratio, and this can be 
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achieved only by minimizing the entropy, which is the amount of noise in a group of 

training examples [82].  

2.3.3.1.1 Issues in Decision Tree Learning 

 

Many issues are involved in generating decision trees, such as determining the size of the 

tree, choosing an appropriate evaluation function, handling training data with missing 

attributes, and handling continuous attributes. Some of these issues are discussed next.  

Overfitting: Although the ID3 algorithm could classify the training examples 

perfectly, in some situations this algorithm is inclined to over-fit.  This occurs when a 

machine learning algorithm generates a classification representation that excessively 

relies on unrelated features of the training instances, without capturing the essential 

characteristics of the class [83]. Therefore, the algorithm often provides a good result on 

the training data but a quite poor performance on new instances [83].  Over-fitting occurs 

when there is considerable variation or impurity in the data or when the number of 

training examples is small and therefore affects the accuracy of the classifiers.  

Many approaches have been proposed to avoid over-fitting in decision tree 

learning, and these belong mainly to two groups: pre-pruning and post-pruning. The 

former stops the growth of the tree earlier than the latter – in other words, it prevents the 

generation of insignificant branches. The latter removes the insignificant branches after 

the generation of decision tree [82, 83]. Although the applicability of decision trees is 

increased by both the methods, post-pruning is practically more feasible than pre-pruning. 

The drawback of the pre-pruning is that it becomes difficult to choose the correct time to 

stop the growth of the tree to generate a correct size tree.  
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Among the many approaches [84, 85] to generate a decision tree with a correct tree 

size, training and validation set is the most common. This approach divides the gene 

expression data into a training set to train the classifier, and a validation set to assess the 

precision of the classifier and also to estimate the effect of post-pruning on the decision 

tree.  An example of this approach is reduced error pruning [86], which considers each 

node in the tree to undergo pruning. Here, the nodes are excised only if the newly 

generated pruned tree performed over the validation set, not less than the original tree 

[82].  The pruning is performed iteratively until the precision of the tree decreases over 

the validation set. An important challenge with this method is that it requires a large 

amount of data to perform effective pruning. A small amount of data is not sufficient for 

both validation and training of a classifier. Rule post-pruning is a successful training and 

validation set method for finding decision trees with high accuracy. This is achieved by 

generating rules to each branch in the inferred decision tree from the training set and 

pruning all rules by eliminating every prerequisite that increases expected accuracy.   The 

resulting rules are sorted according to accuracy and used in sequence for classifying 

subsequent instances. 

Selecting Attributes: Although the ID3 algorithm uses information gain measure to 

select the attributes, sometimes it mistakenly chooses attributes with many values rather 

than those with fewer values. Attributes with many values would have higher information 

gain than any other attributes and would predict well the target function over the training 

data. However, they become a poor predictor of target function over unseen data. To 

overcome this situation, Quinlan used gain ratio measure, where he incorporated split 

information, the entropy regarding the values of attribute, to penalize attributes with 
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many values [80]. This method also had the practical issue of having a zero or very small 

split information, resulting in undefined or very large gain ratio for attributes with many 

values.  Lopez de Mantaras designed a distance based measure to address this difficulty 

and successfully produced significantly smaller trees for data sets that have attributes 

with many uniformly distributed values [87]. Many other selection measures were also 

proposed to address a variety of problems [87, 88, 89, 90]. 

Missing Attribute Values: Microarray gene expression data often do not contain 

values for all attributes. Handling missing attribute values became a practical issue in 

decision tree learning, because missing attribute values affected the accuracy of the 

classifier.  One way to deal with a missing attribute value is to assign the most frequent 

value among examples at node and apply the decision tree algorithm to this training data 

[88]. C4.5, an extension of ID3 algorithm, used a more complicated method of assigning 

a likelihood score to every probable attribute value [81]. 

Continuous-valued Attributes: In decision tree learning the instances are 

represented using discrete sets of attributes and their values. To include continuous-

valued attributes (A) in a decision tree, a new set of discrete-valued attributes is defined 

and used to separate the continuous-valued attributes using intervals [82].  In a typical 

decision tree generation, continuous-valued attributes are separated into two discrete 

intervals. The algorithm generates a threshold value (T). The best threshold value has the 

highest information gain and is selected from a bunch of thresholds that lie halfway 

between the corresponding attribute values: if A is greater than T, they are assigned to 

one interval, and if A is less than T, they are assigned to the other interval [91].  In 

general, the two-interval approach based on a single threshold could be used for learning 
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decision trees, but there are other approaches such as splitting the continuous attributes 

into multiple intervals [92] and thresholding linear combinations of several continuous 

attributes [93].  

2.3.3.2  Naive Bayes Classifier 

 

Naive Bayes classifier is a probabilistic model that calculates the most probable value 

from given attribute values to best classify an instance. In general, Naive Bayes classifier 

is applied to data sets that have a set of attribute values to describe each instance in the 

data and a target class with a finite set of target values. Naive Bayes classifier is so called 

because it assumes that all attribute values of the instances are conditionally independent 

given the target class. The independent assumption of Naive Bayes classifier is certainly 

inaccurate when it is applied to real-world data. However, many researchers have shown 

that Naive Bayes classifier performs equal to or better than other classification methods 

such as decision trees and neural network algorithms in certain learning problems [82, 94, 

95]. 

The Naive Bayes classifier is trained with a set of training samples of the target 

class and is then applied to a new set of samples to predict the target class that maximizes 

the probability. The classifier estimates the prior probability of target class and the 

conditional probability of training data given the target class.  Using the probability 

estimates learned from training data, Naive Bayes classifier assigns a target class to a new 

instance. By normalizing the probability estimates’ sum to one, one can calculate the 

conditional probability of target class given the attribute values [96].  

The main advantage of the Naive Bayes classifier is its robustness to noise in real 

data despite use of the independent assumption.  Another advantage is that it 
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incrementally adjusts the estimated probabilities until the target value is correct instead of 

discarding an inconsistent target value. One weakness of the Naive Bayes classifier is that 

it requires an initial probability and some background knowledge of the target value.  

2.3.3.3  Artificial Neural Networks 

 

Artificial Neural Networks (ANN) is a learning algorithm containing a multi-layered 

network with many computing nodes, and is modeled after the highly parallel information 

processing abilities of a biological neural system [82, 97]. The computing nodes in the 

neural network are thoroughly interconnected by a weight factor, and this weighting 

factor is adjusted to reduce the error between the input classes and the predicted output 

classes when ANN is presented with training examples [98, 99]. The successfully trained 

ANN can be used for function approximation, object classification, prediction of output 

value, and pattern recognition in multi-factorial data [100]. The most commonly used 

ANN algorithm is the back-propagation algorithm that uses a gradient descent weight 

factor to minimize the error.  

ANN has been successfully applied to many fields such as learning to recognize 

handwritten characters [101], face recognition [102, 103], prediction in clinical problems, 

classifying and diagnosing diseases from the gene expression data [104, 105, 106, 

107,108, 109], facilitating the financial industry [110, 111, 112], and supporting medical 

decisions [113, 114, 115,116].  

The artificial neural networks perform well on non-linear problems compared with 

other learning algorithms and are robust to noise in the training data. Another advantage 

is that neural network has the capability to self-learn from the samples by adjusting its 

own parameters.   One of the disadvantages of ANN is its inclination to over-fit, as other 
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learning algorithms do.  Other issues are its computational intensity, especially for larger 

networks, the difficulty in understanding how the decisions are made by the network, and 

the complex interpretability due to high variation in the experimental data [117]. 

Some of the other supervised learning algorithms available for the gene expression 

data analysis are K-Nearest Neighbor (KNN) [118], Support Vector Machines (SVM) 

[119], and Genetic Algorithms [120].  

2.3.4 Gene Ontology and Pathway Analysis 

 

All the data analysis methods already discussed can help us find the genes that have 

changes in their expression levels from a normalized microarray data.  However, these 

methods are incapable of providing the biological context, mainly because the genes are 

highly correlated through their involvement in multiple biological networks. The outcome 

of the experimental analysis of a microarray study is thousands of differentially expressed 

genes, and therefore, understanding its biological meaning poses a challenge.  

The Gene Ontology Consortium [12] have addressed the above issue by 

categorizing genes into three classes – biological process, molecular function, and sub-

cellular localization – and organizing them into a hierarchy. Ashburner et al. [12] define 

the three GO categories as follows: “Molecular function is defined as the biochemical 

activity of a gene product. Biological process referred to a biological objective to which 

the gene or gene product contributed. Cellular Component referred to the place in the cell 

where a gene product was active.” These three functional characteristics of a gene 

facilitate the interpretation of its role in any biological mechanism. The description 

obtained for each gene under these three categories is used for further data analysis. 

Exploring microarray data by combining gene ontology information with other 
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microarray analysis techniques can help to extract meaningful relationships between 

genes. Many researchers have successfully applied gene ontology information for the 

microarray data analysis [see 121, 122, 123], and these proved to be highly effective in 

determining genes that are involved in a particular biological function. Some popular 

tools available for the gene ontology analysis of expression data are GoMiner [124], 

DAVID [125], ErmineJ [126], ChipInfo [127], and Onto-tools [128].  

Beyond Gene Ontology analysis, one can explore the molecular level further 

through pathway analysis, a process that allows one to record gene expression data into 

biological pathways and evaluate the changes that develop in pathways while performing 

the experiments. Many software tools are available for pathway analysis – for example, 

Pathway Miner [129], Pathway Processor [130], MAPPfinder [131], and PathExpress 

[132] – and most of these rely on pathways from KEGG [133] or GenMAPP [134] 

database.  

Other domain aggregated methods used to analyze the microarray data, increasing 

in turn the biological interpretability of the results, are the Gene Set Enrichment Analysis 

(GSEA) method proposed by Mootha et al. and domain enhanced analysis (DEA) 

proposed by Liu et al. In the GSEA method, each GO term is given a score depending on 

the rank of significant genes in that GO term. Although this approach improved the result 

interpretability because of gene-level analysis, conducting analysis for all genes prior to 

the GO level analysis is a tedious process. Defining a statistical threshold to perform 

gene-level analysis is difficult to accomplish, and it affects the analysis of results [13]. 

The DEA method used a summary static for each GO term and considered this static the 

latent variable for individual genes in each GO term [1]. The researchers used these 
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variables to assess the significance of each GO term, and performed a functional level 

analysis as opposed to gene level analysis to improve the biological interpretability of the 

result. Although it outperformed other statistical and domain aggregated methods used 

for the small sample size data, its behavior is sometimes inconsistent for some of the 

latent variables used in the analysis [1].  

In summary, this chapter provided details of microarray technology and the 

important points to be considered when generating a microarray data to understand the 

experimental data used for the study. It also discussed the importance of determining the 

sample size as well as the issue of having small sample size in analyzing microarray data. 

Further, the different ways to analyze the microarray data is discussed. The conventional 

statistical techniques, its advantages and disadvantages in analyzing a microarray data, 

are discussed. We used the T-statistic to identify the statistically significant genes in the 

allergy data.  Other statistical methods were not used because of the small sample size 

problem in our allergy data. Unsupervised methods were not useful for the analysis of 

allergy data because of the highly uncertainty of the data. We used the decision tree and 

naive Bayes classifiers in the supervised analysis methods. The gene ontology analysis is 

also performed to obtain the domain knowledge information of the genes. The selection 

of techniques for microarray data analysis depends on the nature of the data and the 

intention of the study. The next chapter details the use of above mentioned methods in 

performing a data mining of small sample size microarray data. 
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Chapter 3 

 

Experimental Design 
 

This chapter describes the analysis of extremely small sample microarray data and also 

the use of reclassification method in analyzing a highly uncertain microarray data. The 

allergy data used for our analysis contain only 16 samples and because of the 

unavailability of significant methods to perform a direct statistical analysis on the small-

sample data, different analytical methods are used to identify significant genes in the 

allergy data. Initially, an exploratory and domain knowledge analysis is performed on the 

pre-processed allergy data to understand the general distribution of genes in treated and 

control samples. An analysis of variance is performed to identify the changes that 

occurred to gene expression levels of both the samples. A two sample t-test is performed 

to select the statistically significant genes and the p-value of each gene is used to create a 

subset of gene classes based on significance.  

To address the issue of small sample size, each gene in the subset are described 

using gene descriptors collected from various data sources and a new data representation 

is created. The transformation of the experimental data into a multi-source data enables 

us to examine the data not only statistically but biologically also. The newly transformed 

data contain positive and negative classes with significant and insignificant genes, 

respectively.  A data mining of the newly transformed data is performed to find important 

genes related to allergy.   

The initial analysis of the allergy data using scatter diagram showed not much 

variation between treated and control samples and making it difficult to draw any 
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significant conclusions because of the high uncertainty of the data. Hence, the 

transformed data is further investigated by applying a new reclassification method to 

increase the predictability of genes to allergy. First, the transformed data is classified 

using machine learning methods to see the relationship between the feature and the two 

classes. Then, the relevance of each feature on the classifier performance is identified 

using feature selection methods. Next, the grouping of feature values of external data 

sources is performed to increase the gene significance. The reclassification of the 

transformed data is performed after feature filtering and grouping method to increase the 

classifier relationship to allergy related genes. Fig. 3.1. illustrates the main steps used in 

the proposed method for analyzing microarray data.  
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The figure 3.1 shows the steps involved in the multi-source data mining method. In 

general, the genes are selected from the high dimensional microarray data through pre-

processing. A brief description of the experimental data and the pre-processing used in 

our study is given in section 3.1. The gene descriptors for these selected genes are 

gathered from the following data sources: the gene ontology details, literature mining 

details, and statistical values from the allergy data. A description about the methods such 

as exploratory analysis, domain knowledge analysis, two sample t-test used for the 

creation of multi-source allergy data are given in section 3.2, 3.3, 3.4 and 3.5, 

respectively. The selected genes are grouped into two classes, P and N, and then 

continued the data mining using classification and feature selection methods. Section 3.6 

and 3.7 describes the experimental set up of the classifiers and feature filtering methods, 

respectively. We performed further analysis by grouping of feature values and is 

described in section 3.8.  

3.1 Allergy Data Description  
 

Food allergy has become a serious health problem among both children and adults.  Little 

is understood about the factors influencing the development of food allergy, and many 

researchers have used animal models for the analysis of food allergy in humans. Since 

mouse genome is very similar to human genome, most of the allergy-related studies have 

been performed on mouse models to identify the genes involved in allergic reactions and 

in immunological response mechanisms [28,135, 136, 137].  

The microarray data used for our analysis were obtained from the study titled 

“Transcriptome profile of spleen from BALB/c mice is analyzed using Affymetrix 

arrays,” done by M. Hussain at the Animal and Poultry Science Department, University 
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of Guelph. He treated experimental mice with the dominant allergen ‘Ovomucoid’ found 

in hen’s eggs, and the control mice were treated with amino acid solution.  The RNA 

extracted from the spleen of these mice was used for microarray hybridization [138].   

The microarray experiments were performed on a total of 16 samples – 8 samples 

for the allergen treated experimental mice and 8 for amino acid-treated control mice. The 

normalized allergy data obtained after image scanning had a total of 45103 genes. The 

data include both differentially expressed and non-differentially expressed genes. Like 

other typical microarray data, allergy data have a large number of genes but extremely 

small sample size (16 samples).  The normalized data, which include probe ID, Gene ID, 

GO annotation details and the values obtained from the 16 samples, is used for further 

analysis. 

3.1.1 Pre-processing of Allergy Microarray Data 

 

The allergy microarray data is represented as a gene expression matrix, where each row 

and column represents a gene and a sample, respectively. This microarray data 

representation is similar to the one used for data mining and machine learning, where a 

gene is represented as an attribute or feature and a sample as a data point or instance. 

Because the allergy data contain both differentially and non-differentially expressed 

genes, pre-processing was carried out by removing the non-differentially expressed genes 

to reduce the high dimensionality of the data. Among the 45103 genes, only 25063 genes 

had experienced up-regulation or down-regulation during the experiment. In other words, 

only 25063 genes were differentially expressed, and we used those genes for further 

analysis. 
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3.2 Exploratory Analysis of Allergy Data 
 

It is essential to perform an exploratory analysis of the pre-processed data to identify 

genes with interesting behavior such as particular patterns and groups of genes acting 

together [139]. This allows the visual inspection of the data using statistical information 

(for a review, see Hibbis et al., on visualization techniques that incorporate statistical 

information into data visualization and its effects in cluster analysis [140]). VizRank and 

radviz, proposed by Mramor et. al [141]., were two visualization techniques used in 

microarray data classification with a very small subset of genes. The simple scatter plot is 

used for the analysis of allergy data where each point represents the gene expression 

values obtained from the experimental and control groups. The mean (µ) and standard 

deviation (σ) were then calculated for the control and the experimental groups to find out 

how each gene varies in its expression level between two groups. The mean (µ) and 

standard deviation (σ) were represented on the x-axis and the y-axis of the scatter 

diagram, respectively. Similarly, the difference and the log ratio of the mean as well as 

standard deviation calculated between the experimental and control genes in the allergy 

data can be visually analyzed using the scatter plot. The difference (Diff) and log ratio is 

calculated using the following equations: 
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3.3 Domain Knowledge Analysis of Allergy Data 
 

As proposed in our method, the domain knowledge of the genes was used for the analysis 

of allergy data. The gene ontology details of the differentially expressed genes were used 

to identify significant GO categories.  Then the significant genes within the significant 

GO categories that are potential biomarkers for allergy were identified.  The allergy data 

were grouped into three GO categories based on Molecular Function, Biological Process, 

and Cellular Component. Most genes in the allergy data had their biological process 

known when compared with their molecular function or cellular component categories.  

Therefore, the genes were grouped based on their biological process values to make the 

allergy data analysis more feasible, and the GO terms of biological process were used to 

describe each group.  The size of the groups varied from small to large depending on the 

number of genes in each GO term.  

3.4 Selecting Statistically Significant Genes 

Although pre-processing enabled reduction in the number of genes to 25063 expressed 

genes, the number of genes in the allergy data is still large. Therefore, the statistically 

significant genes required for further analysis were selected using the most common 

method of two sample t-tests.  Since the sample size for our experimental data is small 

and the genes have experienced a change in expression level, a two sample t-test of 

independent genes, assuming unequal variance, was performed to assess whether the 

experimental and control genes are statistically different from each other.  The p-value 

obtained from the t-test was used to sort the genes according to significance. A gene with 

a small p-value is considered to be more significant for the allergy and immune response 

reaction. Two subsets of genes were selected based on p-value, and named P class and N 
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class. P class contains 86 genes with a p-value < 0.01, and N class contains 86 genes with 

the highest p-values. Note that the selected genes created the two sets for classification 

evaluation. 

3.5 Creating New Data Representation Using Multi-Source Data  
 

Once the genes were selected based on their statistical significance, more information 

about each gene from different data sources were incorporated with the values from 

statistical analysis.  A gene list was prepared using the probe ID of the genes to collect 

information from various data sources. First, the Gene Ontology [12] details were 

collected using GO Miner software [124] (GO Miner is available at 

http://discover.nci.nih.gov/gominer).  The gene ontology analysis provides the biological 

characteristics of a gene and is organized in a hierarchical structure. GO Miner is capable 

of providing functional characterization of gene lists of any length.   

Next, the citation information about each gene is collected through the literature 

analysis. A literature mining is performed to find articles related to the genes in the list 

using MILANO (Microarray Literature-based Annotation) [142]. This tool is designed to 

automatically search for gene-related articles using user-defined terms for the list of 

genes taken from microarray results (MILANO, a web based tool, is available at 

http://milano.md.huji.ac.il). The gene details collected from three different sources were 

combined to produce a newly transformed multi-source allergy data; the gene descriptors 

used are summarized next. 

3.5.1 Newly Transformed Microarray Descriptors 

The probe ID and gene ID taken from the normalized microarray data were used to record 

the identity of the genes used for further analysis. The gene identifier was used to 
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reference the name of the gene using the NCBI database. Other descriptors used from 

microarray data were the difference in the mean and difference in the standard deviation 

calculated between the experimental groups and control groups; hereafter the variables X 

and Y are used to represent the difference in mean and difference in standard deviation, 

respectively. Hence, the transformed multi-source allergy data contain probe ID, Gene 

ID, X and Y as features taken from the microarray data. 

3.5.2 Gene Ontology Descriptors 

 

Four features from gene ontology annotation were used when creating a new multi-source 

data. The gene ontology annotation is organized as a hierarchical structure based on three 

categories: Molecular function, Biological process, and Cellular component. These three 

categories were renamed GO Process, Go Function, and GO Component, and the values 

for these features describe each gene in the new multi-source data. Gene ontology also 

provides the biological pathway information for each gene; hence, the pathway was also 

included as a feature in the multi-source data set.   Note that the pathway information was 

available for only very few genes in the list. The gene ontology details of P class and N 

class genes were analyzed using the GO Miner software.   

3.5.3 Literature Mining Descriptors 

The mining of literature provides information about the genes under study. Literature 

mining proves whether or not a gene was studied well in the past and states whether it is 

of any significance. The significance of a gene can be indicated by the number of articles 

previously published about the gene.  The literature mining software MILANO was used 

to find the significance of the genes in the P class and N class. A set of user-defined terms 

related to the question under study is required prior to literature mining. The genes were 
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given four different values: High (highly cited), Medium (moderately cited), Low (least 

cited), and No (not cited), based on the number of citations obtained corresponding to the 

user-defined search terms for each gene. We assumed a gene is highly cited if that gene 

has many hits (or citations) when it is searched against user-defined search terms. 

Similarly, a gene is moderately cited if it has a reasonable number of hits; least cited if it 

has fewer hits; and not cited if it has no hits.  These four values were used to describe 

each gene for the feature ‘Citation’ in the multi-source data. The genes in the allergy data 

were assigned one of the four values depending on the number of hits received during the 

mining of literature. We arbitrarily used the value ‘High’ for genes with more than 1000 

hits, ‘Medium’ for genes with 250 to 1000 hits, ‘Low’ for genes with 1 to 250 hits, and 

‘No’ for genes with no hits and with no gene ID existing in the MILANO search result.   

The newly transformed multi-source allergy data contain the statistical features X 

and Y from the allergy data, domain knowledge features GO Process, GO Function, GO 

Compartment, Pathways and Citation from gene ontology analysis and literature mining 

to describe each gene. The exploratory analysis of allergy data with information from 

various data sources would be useful in identifying significant allergy-related genes, 

especially when the size of the sample is not sufficient to make findings. 

3.6 Classification Using Machine Learning Algorithms  
 

The analysis of multi-source allergy provided us with few allergy- or immune-related 

genes. Many genes lacked the information needed to draw a conclusion about their role in 

the allergy or immune response mechanism, although they seem to be significant during 

the analysis. Hence, by applying machine learning algorithms to the selected subset of 
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genes (P class and N class), the classification relationship is used to relate genes to the 

experimental group (react to allergen) even if the gene lacks details.  

3.6.1 Pre-processing the Transformed Allergy Data for Classification 

 

The pre-processing of the multi-source allergy data was performed to make the data 

compatible with classification analysis, which requires both training samples and test 

samples. So the allergy data were divided in the ratio of 3:1 using the 4-fold cross 

validation method. Three-quarters of the data were used as training samples and one-

quarter of the data were used as test samples. The multi-source allergy data contain 172 

genes – 86 genes in the P class and another 86 genes in the N class – with 10 gene 

descriptors to describe each gene.  The 4-fold cross validation of allergy data provided us 

with four data sets, each data set containing 129 instances in the training sample and 43 

instances in the testing sample. The feature ‘pathways’ was discarded from the allergy 

data for classification experiments, since very few genes had pathway information.  

3.6.2 Classifiers Used in Multi-source Allergy Data Analysis 

 

The classification experiments were performed using four classifiers. They were, J48 

Tree, Random Tree, NBTree, and Naive Bayes Simple classifiers of Weka 3.5.3, a library 

of several machine learning algorithms from University of Waikato, New Zealand [143].  

J48 Tree, a Java implementation of the C4.5 algorithm [81], depends on feature values in 

the data to build the decision tree and also on the highest information gain to classify the 

instances. The NB Tree is a hybrid classifier where a decision tree is created with 

decision nodes and leaf nodes. Naive Bayes rule is applied at the leaf node to classify the 

instances [144]. The Random Tree classifier considers randomly chosen features at each 

node for splitting, and performs no pruning [145]. 
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3.6.2.1 Experimental Setup of Classifiers 

The multi-source allergy data was converted into .arff format [143] accepted by Weka 

software. The classification experiments were performed by keeping the default 

parameters, as well as by changing some of the test parameters. The default parameters 

for the J48 tree are shown in Fig. 3.2.  

 

Fig. 3.2: Default Parameters of J48 Tree 

The experiments were repeated by changing the parameter values of confidence 

factor, reduced error pruning, and un-pruned tree. Confidence factor is a threshold used 

for pruning. The classifier produces the most pruned tree when the confidence factor is 

very small. In addition to the default value of 0.25, the trees were built by using values 

ranging from 0.1 to 1. Initially, the trees were built with the default parameter settings in 
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the classifier. The trees were again built with the reduced error pruning method instead of 

the default C.4.5’s standard pruning method. Similarly, in addition to the pruned tree, an 

un-pruned tree was produced. The default parameters used for Random Tree (Fig. 3.3), 

NBTree and Naive Bayes Simple (Fig. 3.4) algorithms are shown in Fig. 3.2.  A 

description for the parameters is given in Appendix I. 

 

 

Fig. 3.3: Default Parameters of Random Tree 

 

Fig. 3.4: Default Parameters for NBTree and Naïve Bayes Simple 
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3.6.3 Regrouping of Transformed Multi-source Allergy Data 

The analysis of the multi-source allergy data using the classifiers shows that some of the 

features were not taken into consideration during classification. It seems that the 

distinctive values of GO features had affected the classifier performance. These unique 

GO feature values for each gene were taken from the lowest level of gene ontology 

hierarchy. Many genes shared the same values in a higher level in the gene ontology 

hierarchy; hence, the genes were regrouped after replacing them with the new values 

given in Table 3.1. The genes in the GO Process and GO Component features shared 

mainly eight values and the genes in GO Function feature shared mainly seven values.  

The classification experiments were repeated using the new regrouped data. A sample of 

the regrouped multi-source allergy data is given in Appendix II. 

Table 3.1: The New GO Feature Values 

Biological Process Molecular Function Cellular Component 

• cellular process 

• response to stimulus 

• metabolic process 

• biological regulation 

• developmental process 

• establishment of 

localization 

• reproduction 

• biological process 

unknown 

 

• catalytic activity 

• binding 

• enzyme regulator 

activity 

• molecular transducer 

activity 

• transporter activity 

• structural molecule 

activity  

• molecular function 

unknown 

 

• extracellular region 

• nucleus 

• cytoplasm 

• intracellular 

• membrane 

• cytoskeleton 

• cellular component 

unknown 

• cell fraction 

 

 



 

 50 

3.7 Selecting Relevant Features  
 

The use of feature selection methods helps us choose those features that are relevant in 

the classifier’s performance [146, 147]. The features were filtered individually from 

multi-source allergy data to discover how each feature influenced the performance of a 

classifier. The ‘filter’ option provided in the Weka software was used to remove the 

features from the allergy data. The classification experiments were repeated after filtering 

the features. The filtered classifier results were compared with the previous non-filtered 

classifier results to assess the behavior of the classifier.  

The feature selection methods were performed on the multi-source allergy data as 

well as on the regrouped multi-source allergy data. Initially, one feature was removed to 

show how the filtering of one feature has affected the classifier performance. Similarly, 

other features were also filtered one by one and then the filtering continued with two, 

three and so on features simultaneously in the next iterations. For example, the 

percentage of test sample accuracy rate obtained after filtering the feature X was 

compared with that of non-filtered data.  Likewise, other features such as Y, citation, GO 

process, GO component, and GO function were also filtered individually to reclassify the 

allergy data. Next, two features were filtered simultaneously to assess their effect in the 

classification. For example, the features X and Y were filtered simultaneously and the 

accuracy rate compared with the results of non-filtered data as well as with the one 

feature filtered data. Similarly, three features, four features and so on were also filtered, 

and the experiments were repeated.  
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3.8 Grouping of Feature Values in the Multi-source Allergy Data 

The reclassification of the multi-source allergy data after feature filtering showed 

difference of mean and difference of mean as two relevant features that affected the 

classifier’s performance. Since the filtering of GO and citation features could not greatly 

impact the classifier performance, the values of these features were grouped based on 

how they correlate to P class and N class to find out if these feature values have any 

significance on classifier performance. A selection table was created for each feature 

depending on the number of genes favoured P class and N class. If a feature value had 

more genes in P class than in N class, that feature value was renamed as Label 1. 

Similarly, if a feature value had more genes in N class than in P class, that feature value 

was renamed as Label 2.  If a feature value had an equal number of genes in both the P 

and N classes that feature value were renamed as Don’t Count. The feature values 

renamed as Don’t Count had an equal chance to be either in the P class or in the N class. 

The missing feature values were renamed as Label 1, Label 2, or Don’t Count according 

to the number of genes favoured each class. Followed by renaming of the feature values, 

the regrouped multi-source allergy data was reclassified using the J48 Tree classifier. 

 

3.8.1 Chi-square Analysis of Missing Values 

The grouping of feature values in the multi-source allergy data showed that many genes 

were missing their GO feature values. So a 2x2 contingency table analysis using Chi-

square test of independence between two variables was carried out (i.e., between the GO 

features and the Class) to predict the gene significance. The term ‘defined’ described the 

genes with feature values, whereas the term ‘missing’ described the genes with no or 

missing feature values. The observed frequency (obs.freq.) of the GO features and the 
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class were used to calculate the expected frequency (exp.freq) using the following 

equation:  

 

The chi square (χ
2
) values were calculated by taking the sum of the difference between 

the observed frequency and the expected frequency and dividing it by the expected 

frequency. The equation to calculate chi-square value is given as follows, the  (cutting 

threshold) value being derived from the chi-square table: 

 

This chapter describes the techniques used to analyze the large microarray data 

with extremely small sample size. The pre-processing of the allergy data was performed 

to reduce the dimensionality of the allergy data. The gene distribution was analyzed using 

the exploratory and domain knowledge methods. The information collected about each 

gene from diverse data sources were used to create a new data representation of the 

allergy data.  The new transformed allergy data further analyzed using classification, 

feature selection and grouping of feature values methods to increase the predictability of 

genes to allergy.  The analysis result obtained for the allergy data after applying the 

above mentioned methods are discussed in chapter 5. 
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Chapter 4 

 

Experimental Results and Discussion  
 

 This chapter discusses the analysis results obtained for the allergy microarray data after 

performing our proposed method. Initially, the allergy data was analyzed using 

exploratory and domain knowledge methods, and then a new transformed multi-source 

allergy data subset was created using the information gathered from various data sources 

about each gene.  Further the data subset was analyzed using classification and feature 

selection methods to increase the predictability of genes to allergy. We were also 

performed grouping of feature values to identify the gene significance of missing values.  

4.1 Exploratory and Domain Knowledge Analysis of the Allergy Data 
 

The statistical analysis was performed on the pre-processed allergy data. First, the mean 

and standard deviation of the 8 treated and 8 control samples were calculated. Further, the 

gene ontology details (biological process, molecular function, cellular component) were 

collected for the 25063 expressed genes.  The gene ontology details were useful in 

grouping these large numbers of genes under the GO terms. The statistical distribution of 

differentially expressed genes in both the experimental and control groups was analyzed 

using scatter diagram.  The scatter diagram used the mean on the X- axis and the standard 

deviation on the Y- axis.  Scatter diagrams were plotted for GO terms that contain more 

than 100 genes because the visual analysis gives greater insight into the distribution of 

differentially expressed genes, as is demonstrated here using GO 74, a randomly selected 

GO term.  
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The term GO 74 is a biological process term and it includes the genes involved with 

the process of regulation of cell cycle.  Fig. 4.1 and Fig. 4.2 show the scatter diagram 

plotted for the control and experimental groups of genes in GO 74, respectively. The 

diamonds represent the control genes and triangles represent the experimental genes in 

GO 74. A comparison of the experimental and control genes in GO 74 indicate that the 

experimental genes had experienced up-regulation or down-regulation. The experimental 

genes had more variation in the region of 2 to 2.5; however, most of the genes appeared 

to be centric.  

The analysis of variance for experimental and control groups of genes plotted for 

GO 74 is shown in Fig. 4.3. E(M) - C(M) and E(S) - C(S) represent the difference in 

mean and the difference in standard deviation between the experimental and control 

groups, respectively. In Fig. 4.3, although more genes were centric, many genes had more 

variation, implying those genes had experienced change in their expression level.  The 

midpoint was calculated to find the GO categories with more down-regulated genes.  

A log ratio scatter diagram plotted for the experimental and control groups are 

shown in Fig. 4.4. The Log E (M)/C (M) and Log E(S)/C(S) represent the log ratio of the 

mean and the standard deviation for the experimental and control groups, respectively.  

The log scale analysis provides us with the normal distribution of the genes. Fig. 4.4 

shows that most genes are close to the center even though some genes are scattered and 

located very far from the center. The difference in the mean and standard deviation 

plotted for the GO terms GO 122, GO 5975, GO 6118, GO 6350, GO 6412, GO 6810 is 

shown in Appendix III.  
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Fig. 4.1: Mean vs. Standard Deviation of Control Genes in GO 74  

 

Fig. 4.2: Mean vs. Standard Deviation of Experimental Genes in GO 74 
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Fig.4.3: Analysis of Variance for Experimental & Control Genes in GO 74 

 

Fig. 4.4: Log Ratio Analysis for Experimental and Control Genes in GO 74 
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4.1.1 Selecting Statistically Significant Genes Using P-value 

Following the visualization analysis, a t-test was performed on the allergy data, and the 

genes were sorted based on their p-value of significance. The results showed that among 

25063 expressed genes, 86 genes had a p-value < 0.01, 477 genes had a p-value < 0.05, 

and 1121 genes had a p-value < 0.1.  A minimum of one gene with p-value < 0.01 was 

included in 33 GO terms of the allergy data. Among these 33 GO terms, GO 6350, GO 

6412 and GO 6810 included more genes with p-value < 0.01. It is the genes in these 

categories that are mainly involved in transport and transcription biological processes.  

These significant GO terms were visually examined using the scatter diagram. The 

distribution of significant genes was analyzed for the GO terms GO 6350, GO 6412 and 

GO 6810, with these shown in Fig. 4.5, Fig. 4.6, and Fig. 4.7, respectively.   

 

Fig. 4.5: Scatter Diagram of Significant Genes in GO 6530 



 

 58 

 
 

Fig. 4.6: Scatter Diagram of Significant Genes in GO 6412 

 

 

Fig. 4.7: Scatter Diagram of Significant Genes in GO 6810 
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Triangles represent the experimental genes and diamonds represent the control 

genes. The different colors represent the genes with p-value < 0.01 in three GO terms. 

Among these three GO terms, genes in GO 6350 had experienced the maximum value of 

deviation (~0.65). The experimental group of GO 6350 and GO 6810 had more up-

regulated genes than GO 6412. However, the analysis of statistical distribution of many 

GO terms showed that the control and experimental genes were highly overlapping. The 

uncertainty of the allergy data made the analysis difficult to draw any conclusion. 

The domain knowledge analysis showed that some GO terms contain genes related 

to allergy or immune response. Those GO terms specific to allergy and immune response 

were GO 6950, GO 6955, GO 9607, and GO 19538. Among these, GO 6955 had genes 

that are related to immune response. The genes in other GO terms were found to be 

mainly associated with response to stress.  The scatter diagram plotted using the 

difference and log ratio values showed that the genes are randomly scattered and have 

experienced high variation in their expression level. Among 151 genes in GO 6995, 14 

genes had p-value < 0.1. The gene name and log values for those 14 immune-related 

genes are given in Appendix IV. The exploratory and domain knowledge analysis of the 

experimental data provided us with a set of genes that are related to allergy and are 

significant.  

4.2 Analysis of the P Class and N Class Genes 
 

The statistical analysis of the experimental data using a t-test has enabled us to select a 

subset of genes based on significance. The expressed genes were grouped into two 

classes, the P (Positive) class and the N (Negative) class, based on the p-value. The P 

class included significant genes that are predictive of experimental versus control genes. 
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The N class included genes that are not at all significant. The 86 genes with p-value < 

0.01 were selected as P class, and another set of 86 genes with highest p-value (p-value > 

0.05) were selected as N class. The genes in the N class were considered insignificant 

based on their p-value; however, those genes were chosen for a comparison study 

between the P class and N class of genes and also for the classification process. The 

genes in P and N classes are given in Appendixes V and VI, respectively. 

Among 25063 expressed genes in the allergy data, the P class contained the most 

significant 86 genes whereas the N class contained the least significant 86 genes. The 

scatter diagram plotted for these two classes are shown in Fig. 4.8 and Fig. 4.9. Blue 

denotes the significant genes or P class, and pink denotes the insignificant genes or N 

class. Significant genes have large standard deviation and mean and are more randomly 

scattered than insignificant genes, especially in the region of 1 to 5.   

 

Fig. 4.8: P- and N- Class of Control Genes 
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Fig. 4.9: P- and N- Class of Experimental Genes 

The differences in mean and standard deviation (X and Y) for P and N class are 

given in Fig. 4.10.  It clearly shows the variation between two classes. The genes at the 

center of the diagram indicate that only a little expression change occurred for many of 

the insignificant genes and for very few of the significant genes.   

 

Fig.4.10: X and Y of the P- and N- Class Genes 
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4.3 Multi-source Allergy Data  
 

After generating the gene subset as P and N classes, additional information about each 

gene was collected from diverse data sources to identify genes that could be potential 

biomarkers of allergy. Hence, the new information was used as gene descriptors and 

transformed the allergy data into multi-source allergy data. An illustration of the 

transformed multi-source allergy data is given in Table 4.1.   

Table 4.1: Illustration of the multi-source allergy data 

 

 

 

 

 

 

 

 

 

 

 

 
 

 
 

 

 

 

The first row in the multi-source allergy data table represents the main features used 

to describe the genes.  The probe ID and Gene ID are the gene identifiers used in the 

microarray data. The P/N column represents the significance of each gene - P or N – 

class. The X and Y are the statistical variables calculated using the microarray data. X 

gives the difference of mean between experimental and control genes. Similarly, Y 

represents the difference of standard deviation between experimental and control genes.  

Probe ID Gene ID
Positive/ 

Negative

Difference 

(Mean)

Difference 

(STDEV)

Citation 

Characte

ristics

GO Process
GO 

Component

GO 

Function
Pathways

1415837_

at
BC010754 N 1.469529 -0.347727 Medium Proteolysis

extracellular 

space

serine-

type 

endopepti

dase 

activity

-

1415909_

at

NM_01673

7
P -0.327019 0.1175387 High

response to 

stress
nucleus binding -

1416055_

at

NM_00966

9
N 6.274069 -0.780121 Low

Carbohydrat

e metabolic 

process

extracellular 

space

catalytic 

activity
-

1416123_

at

NM_00982

9
P -0.191025 -0.084551 Medium

Regulation 

of 

progression 

through cell 

cycle

nucleus
protein 

binding

jak-stat 

signaling 

pathway//

focal 

adhesion

1416129_

at

NM_13375

3
P 0.398996 0.100282 No

response to 

stress
cytoplasm

Rho 

GTPase 

activator 

activity

-
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Citation shows the number of citations obtained for each gene when a microarray data 

literature mining is performed. The features GO process, GO function, GO component 

and pathways are taken from the gene ontology details. 

4.3.1 Literature Mining of P Class and N Class Genes 

 

The 29 search terms, closely related to allergy and immune response (Table 4.2), were 

used to retrieve the articles published in the context of allergy and immune response for 

each gene in the gene list. Literature mining results provided us with 12 genes in the 

highly-cited category, 17 genes in the moderately-cited category, 41 genes in the least-

cited, and 102 genes in the not-cited category. The 18 genes in the not-cited category, 

however, did not have a gene ID in the MILANO database. Among the 12 genes with 

high citations, 8 of them belonged to P class and 4 belonged to N class. A scatter 

diagram, shown in Fig. 4.11, is plotted for the transformed multi-source allergy data, 

where red indicates the highly cited genes in the P and N classes. 

Table 4.2: Allergy and Immune Related Search Terms 

1 Allergy 11 Eosinophil 21 Chemokines 

2 Food Allergy 12 Macrophage 22 Cytokines 

3 Allergen 13 Histamine 23 TH2 Cells 

4 Inflammation 14 CD 24 24 IL-4 

5 Anaphylaxis 15 CD 28 25 IL-5 

6 IgE 16 CD 40 26 IL-6 

7 IgG1 17 CD 80 27 IL-9 

8 Igh4 18 T-Cell 28 IL-13 

9 Asthma 19 TCR 29 Spleen 

10 Mast cell 20 B-Cell   
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Highly Cited Genes in P and N Class
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Fig. 4.11: Highly Cited Genes in P- and N- Class 

The analysis of the P and N class of genes along with the literature mining result 

indicates that all genes in the region of 0.2 to 1 in the X-axis are predictive of allergy as 

all the genes had experienced up-regulation. Among the 12 highly-cited genes, four were 

found in this region, and we can assume that these genes may be specific biomarkers for 

allergy. We could also assume that the remaining genes in this region may be related to 

allergy because of having undergone up-regulation as well as having shown up in this 

region. However, this assumption has to be proved experimentally because these genes 

have not yet been well studied.  

 The visual analysis of the extremely small sample multi-source allergy data with 

large dimensionality illustrates that some inference can be achieved through the gene 
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details collected from various data sources. In our study, the statistical and domain 

information of a gene enabled us to identify few potential genes related to allergy 

although the sample size is extremely small.  

4.4 Classification Using Machine Learning Algorithms 
 

Although exploratory and domain knowledge analysis of the allergy data provided us 

with few allergy related genes, no reference to any other gene was available to make a 

conclusion about its involvement in allergy reactions.  Therefore, machine learning 

algorithms were applied on multi-source allergy data because the classification 

relationship is useful in relating genes to allergy even though the genes are poorly studied 

and doing so would increase the predictability of genes to allergy.  The classifiers J48 

Tree, Random Tree, NB Tree, and Naïve Bayes Simple in the Weka software are used for 

the classification analysis. 

4.4.1 Classification Analysis Results 

The multi-source allergy data contained a total of 172 genes; 86 in the P class and 86 in 

the N class. For the classification purpose, the data was divided into four sets of training 

and test samples through the method of 4-fold cross validation. Therefore, each data set 

contained 129 instances for the training sample and 43 instances for the testing sample. 

The average accuracy rate obtained when models were built with the four classifiers is 

shown in Table 4.3.  C and INC denote the percentage of correctly classified instances 

and incorrectly classified instances, respectively. 
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Table 4.3: Percentage of Accuracy Rate for Original Multi-Source Data 

Training Sample Test Sample 

Classifiers 

C INC C INC 

J48 Tree 80.62 % 19.38% 74.45% 25.58% 

NBTree 79.07 % 20.93% 69.77% 30.23% 

Random Tree 72.87% 27.13% 65.12% 34.88% 

Naïve Bayes 54.26% 45.74% 67.44% 32.57% 

 

Among four classifiers, J48 Tree produced the high accuracy rates of 80.6% and 

74.5% for training sample and test sample, respectively.  NBTree (79%) and Random 

Tree (72.8%) performed reasonably well, whereas the Naive Bayes (54.2%) performed 

poorly for the training sample. The test sample results for NBTree, Random Tree, and 

Naive Bayes are 69.8%, 65.1%, and 67.4%, respectively. The training sample accuracy 

rates were higher than the test sample accuracy rates, except for Naive Bayes classifier. 

The accuracy rate of the classifiers varied when the experiments were performed by 

changing the parameters. The J48 pruned tree with a confidence factor of 0.5 provided 

the maximum accuracy rate for the classification.  The decision tree produced by the J48 

Tree method is shown in Fig. 4.12.  The size of the tree is 5 and number of leaves is 3. 

This tree had undergone pruning and the growth of the tree had stopped earlier, before it 

had generated the insignificant branches.  The values for GO categories and the citation 

appear to be insignificant. The fact that the decision tree did not consider the values 

during classification may be because of the occurrence of too many unique values for 

each GO category.   
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Fig. 4.12: J48 Tree Produced Using Cross Validation Method 

 

4.4.2 Regrouped Multi-Source Allergy Data 

 

The decision tree diagram shown in Fig. 4.12 indicates that the values of GO categories 

were not considered during the classification; hence, the feature values of GO categories 

were regrouped assuming doing so would improve the classification accuracy. The values 

for most of the genes were replaced with new values, and the classification experiments 

were repeated on the regrouped multi-source allergy data.  The accuracy rate obtained for 

classifiers after regrouping allergy data is given in Table 4.4.  

Table 4.4: Percentage of Accuracy Rate for Regrouped Multi-Source Allergy Data 

Training Sample Test Sample  

Classifiers 

C INC C INC 

J48 pruned 80.21% 19.79% 81.40% 18.60% 

NBTree 67.88% 32.12% 69.77% 30.23% 

Random Tree 76.59% 23.41% 73.26% 26.74% 

Naïve Bayes 53.43% 46.57% 48.26% 51.74% 
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J48 Tree produced the maximum classification accuracy rate among four 

classifiers, with 80.21% for the training sample and 81.4% for the test sample.  Random 

tree is the second best classifier, the correctly classified instances for training and test sets 

being 76.59% and 73.26%, respectively. NBTree produced 67.88% accuracy for the 

training sample and 69.77% for the test sample. Naïve Bayes has, however, the least 

accuracy rate: 53.43% for training sample and 48.26% for the test sample.  

4.4.3 Comparison of Original and Regrouped Multi-source Allergy Data 

 

A comparison of the multi-source allergy data with the regrouped data was performed to 

determine whether the regrouping affected the classifier performance. The accuracy rate 

obtained for the original and regrouped multi-source data is shown in Table 4.5. The J48 

Tree and Random Tree gave 7% (74% to 81%) and 8% (65% to 73%) increase in the test 

sample accuracy rate, respectively. The NBTree kept the same test sample accuracy rate 

of 69%, while the Naïve Bayes test sample accuracy rate dropped from 67% to 48%. 

Random Tree is the only classifier that improved the accuracy rate for both training and 

test samples. 

Table 4.5: Comparison of Original and Regrouped Multi-Source Data 

Training Sample Test Sample  

Classifiers Original 

Data 

Regrouped 

Data 

Original 

Data 

Regrouped 

Data 

J48 pruned 80.62% 80.21% 74.42% 81.40% 

NBTree 79.07% 67.88% 69.77% 69.77% 

Random Tree 72.87% 76.59% 65.12% 73.26% 

Naïve Bayes 54.26% 53.43% 67.44% 48.26% 
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 The regrouping of the GO categories improved the classification result 

substantially from the original multi-source allergy data.  Among these four classifiers, 

J48 pruned tree provided the best results for both the training and test samples on all 

features. Naïve Bayes had the poorest result, possibly because it does not consider 

interaction effects between features.  

4.5 Selecting Relevant Features with Feature Filtering Method 
 

The classification analysis provided a good accuracy rate; however, it is important to 

know the features that played an important role in the classification because multi-source 

allergy data included features from multiple sources. To identify the relevant and 

irrelevant features in the multi-source allergy data, therefore, the filter option in the Weka 

software was used to filter the features.  The features were filtered individually from both 

the original and the regrouped multi-source allergy data to assess their effect on the 

classifier’s performance. Tables 4.6 and 4.7 shows the classification accuracy after 

filtering one feature from the original and regrouped multi-source allergy data, 

respectively.  The first column shows the features filtered and the remaining columns 

show the percentage of correctly classified instances obtained for both training and test 

samples.  

4.5.1 Filtering of One Feature from Original Multi-source Allergy Data 

The filtering of the feature X reduced the test sample accuracy rate by 21%; it reduced 

the Random Tree and Naïve Bayes rate by 12%, and the NBTree rate by 9%. The 

filtering of other features such as Y, citation, and GO categories did not affect the test 

sample accuracy for J48Tree. Random Tree showed a trivial increase (4%) for the GO 

process feature.  Naïve Bayes reduced the accuracy rate, except for GO function feature, 
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where it increased by 5%. The test sample accuracy rate for NBTree remained the same 

when Y, citation, and GO process features were filtered. However, the filtering of GO 

component and GO function features improved the accuracy rate by 5% and 3%, 

respectively.  

Table 4.6: Filtering One Feature from Original Multi-source Data 

Training Sample Test Sample Features 

Filtered J48 

Tree 

Random 

Tree 

NB 

Tree 

Naïve 

Bayes 

J48 

Tree 

Random 

Tree 

NB 

Tree 

Naïve  

Bayes 

X 51.94% 68.22% 70.54% 55.81% 53.49% 62.79% 60.46% 55.81% 

Y 80.62% 62.02% 81.39% 42.64% 74.42% 67.44% 69.77% 53.49% 

Citation 78.30% 66.67% 81.39% 48.06% 74.42% 67.44% 69.77% 62.79% 

GO Process 80.62% 62.80% 81.39% 54.26% 74.42% 69.77% 69.77% 65.12% 

GO Component 80.62% 65.89% 79.07% 56.59% 74.42% 67.44% 74.42% 58.14% 

GO Function 80.62% 65.89% 82.17% 55.04% 74.42% 65.12% 72.09% 72.09% 

 

4.5.2  Filtering of One Feature from Regrouped Multi-source Allergy Data 

The feature selection experiments were repeated on the regrouped multi-source data and 

also to determine whether the feature filtering had the same effect. The filtering of X 

from the regrouped data reduced the test sample accuracy rate from 81.4% to 56.9% for 

J48Tree. Similarly, a drop of 20%, 7%, and 2% of the test sample accuracy occurred for 

Random Tree, NBTree, and Naive Bayes classifiers, respectively. The filtering of Y 

slightly improved the test sample accuracy for J4Tree and Naïve Bayes by 1%, while the 

Random Tree and NBTree increased it by 24% and 22%, respectively.  The filtering of all 
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other features either decreased slightly or retained the same test sample accuracy rate for 

all classifiers, except for Naive Bayes classifier, where the accuracy rate increased.    

Table 4.7: Filtering of One Feature from Regrouped Multi-source Data 

Training Sample Test Sample Features 

Filtered J48 

Tree 

Random 

Tree 

NB 

Tree 

Naïve 

Bayes 

J48 

Tree 

Random 

Tree 

NB 

Tree 

Naïve 

Bayes 

X 60.08% 57.36% 66.67% 54.26% 56.98% 53.49% 62.79% 46.51% 

Y 79.85% 68.22% 78.29% 38.76% 82.36% 97.67% 91.47% 49.61% 

Citation 78.68% 65.89% 77.52% 51.94% 79.65% 60.46% 67.44% 53.49% 

GO Process 78.87% 66.67% 79.85% 55.04% 80.23% 58.14% 69.77% 55.81% 

GO Component 79.07% 68.99% 77.52% 53.49% 79.65% 67.44% 69.77% 62.79% 

GO Function 79.46% 67.44% 79.85% 55.81% 79.65% 60.46% 69.77% 60.46% 

 

The feature filtering method identified the most relevant feature in the allergy data. 

The feature X of multi-source allergy data is the most relevant feature because the 

filtering of X greatly affected each classifier’s performance. Other features made a small 

impact on the classifier performance. Among all the classifiers, Naïve Bayes gave the 

poorest performance on the classification of multi-source allergy data.  A comparison of 

the accuracy rates obtained for both the original and the feature filtered data shows that 

the regrouped data were greatly affected by the filtering, more than the original data. The 

original data were not largely affected by the filtering of Y; on the other hand, the 

filtering of Y improved the classification accuracy of regrouped data. The result obtained 

for regrouped data is more consistent than the original data in providing a better 

classification.  
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4.5.3 Simultaneous Filtering of More Than One Feature 

Subsequently, the experiments continued on regrouped multi-source allergy data by 

filtering two features, three features and so on, simultaneously. The percentage of 

correctly classified instances obtained for filtering of two features is shown in Table 4.8.   

Table 4.8: Filtering of Two Features from Regrouped Multi-source Data 
 

J48Tree Random Tree NBTree Naïve Bayes  

Features Filtered Training  Test  Training  Test Training  Test Training  Test  

Mean & Std Dev. 50.2% 41.28% 52.13% 50.58% 53.10% 49.42% 50.97% 52.91% 

Mean & Citation 61.44% 56.98% 58.72% 61.05% 61.05% 62.21% 55.62% 53.49% 

Mean & GO Pro. 60.47% 56.97% 59.30% 59.88% 65.89% 63.37% 55.04% 48.25% 

Mean & GO Com. 61.63% 60.47% 59.30% 59.30% 64.92% 61.62% 54.65% 51.74% 

Mean & GO Fun. 60.08% 61.05% 58.92% 55.23% 64.34% 63.37% 55.62% 49.42% 

Std. Dev. & Citation 79.65% 79.65% 72.09% 64.54% 78.68% 77.34% 48.45% 47.67% 

Std. Dev. & GO Pro. 79.65% 80.24% 71.71% 72.09% 79.26% 77.91% 45.93% 50.00% 

Std. Dev & GO Com. 79.85% 79.65% 71.90% 71.51% 79.07% 78.49% 47.87% 52.33% 

Std. Dev & GO Fun. 80.23% 79.65% 69.57% 63.37% 78.87% 77.33% 48.84% 49.42% 

Citation & GO Pro. 78.68% 79.65% 71.70% 67.43% 78.10% 72.67% 51.36% 45.35% 

Citation & GO Com. 79.07% 79.65% 72.28% 69.18% 77.14% 76.75% 50.19% 46.51% 

Citation & GO Fun. 78.87% 79.65% 69.96% 59.88% 77.93% 76.76% 53.68% 47.09% 

GO Pro. & GO Com. 78.87% 80.24% 73.45% 73.25% 78.68% 73.84% 51.74% 46.51% 

GO Pro. & GO Fun. 79.26% 79.65% 68.22% 61.05% 78.68% 74.42% 52.91% 48.25% 

GO Com. & GO Fun. 79.26% 79.65% 73.65% 75.00% 78.1% 73.26% 52.91% 50.00% 

 

The filtering of X and Y features together dropped around 40% (from 81.4% to 

41.28%) of test sample accuracy rate for J48 Tree, 20% (from 69.77% to 49.42%) for 

NBTree, and 23% (from 73.26% to 50.58%) for Random Tree.  The Naive Bayes, 
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however, had a 4% (from 48.26% to 52.91%) increase in test sample accuracy rate.  None 

of the other feature combinations produced a big impact on the performance of the 

classifier.   

The result suggests that the X and Y have some kind of interaction because the 

accuracy rate reduced further down to 40% when they were filtered together. This did not 

occur for any other feature combinations, signifying that the X and Y are redundant, or 

overlapping in some way. This may be the reason for the poor performance of the Naive 

Bayes classifier, since this algorithm does not consider interaction effects between 

features. It also implies that the X alone is not enough; hence, both the X and the Y are 

playing a role and are relevant.  

The experiments were repeated by filtering more features at a time to see whether 

the combination of features made any significant change in the classification result. The 

results obtained after filtering three features are shown in Appendix VII. It did not, 

however, produce better results than obtained for filtering one or two features. The result 

clearly indicates that filtering of the X and Y along with any other features produces a 

poor classifier performance.  

The feature selection experiments proved that the X is the most relevant feature 

because its removal reduced the test sample accuracy rate from 81.4% to 56.98%. The 

filtering of X and Y together, however, again reduced the accuracy rate from 81.4% to 

41.28%. This drop in accuracy rate is much higher than that of X alone. Even though the 

filtering of Y alone had only a small effect (from 81.4% to 82.36%), the X and Y are 

significant with interactions. The filtering of citation had only a very small effect, ~ 2%. 
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Similarly, the effect is very small for the three GO categories. Hence, the X and Y are the 

most relevant and second-most relevant feature, correspondingly.  

4.6 Grouping of Feature Values in P and N Classes 
 

Apart from the features X and Y, no other features were identified as relevant. Therefore, 

the genes in P class and N class were grouped based on how each feature value correlates 

to the two classes. The feature values of the GO process, GO component, and GO 

function features P and N class are given in Tables 4.9, 4.10 and 4.11, respectively.  

Table 4.9: Number of Genes in GO Process that Favoured P- & N- Class 

GO Process Values P Class  N Class   Groups 

Anatomical structure formation 1 1 Don’t count 

Biological process unknown 2 0 Label 1 

Biological regulation 10 9 Label 1 

Cellular process 34 28 Label 1 

Developmental process 4 1 Label 1 

Establishment of localization 5 4 Label 1 

metabolic process 3 2 Label 1 

Response to stimulus 5 0 Label 1 

Reproduction 0 2 Label 2 

Missing feature value 22 39 Label 2 

 

Table 4.9 shows the number of genes in P class and N class with the same values 

for GO process feature. The cellular process value has 34 genes in P class and 28 genes in 

N class. Likewise, there are 5 genes in P class and none in N class for response to 

stimulus. The number of genes in P class and N class for other values was almost similar 

for each. Missing values had 39 genes in N class and 22 genes in P class.  Most of the 
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values in the GO process were grouped as Label 1 because more genes were in P class 

than in N class. 

The number of genes in the GO component feature that favoured the P class and N 

class is shown in Table 4.10. The 11 genes in P class and the 5 genes in N class had 

intracellular region feature values. Similarly, the membrane had more genes in N class 

than in P class. The N class had more genes that missed value than P class.  The value 

nucleus had an equal number of genes in both classes. All other values had an almost 

similar number of genes in P class. The feature values were renamed depending on which 

class they belonged to.  

Table 4.10: Number of Genes in GO Component that Favoured P & N Classes  

GO Component Values P Class  N Class  Groups 

Cell fraction 1 1 Don’t count 

Cellular component unknown 5 2 Label 1 

Cytoplasm 7 4 Label 1 

Cytoskeleton 5 3 Label 1 

Extra-cellular region 13 10 Label 1 

Intracellular 11 5 Label 1 

Membrane 7 10 Label 2 

Nucleus 17 17 Don’t Count 

Missing  feature value 20 34 Label 2 

 

Table 4.11 shows the number of genes in P class and N class with same feature 

values as for GO function feature. The feature values such as binding, catalytic activity, 

and enzyme regulator activity had more genes in P class than N class. Similar to other 
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GO categories, most of the values had an almost equal number of genes in both the 

classes. The missing values also had 36 genes in N class and 21 genes in P class. 

Table 4.11: Number of Genes in GO Function that Favoured P& N Classes 

GO Function Values P Class  N Class Groups 

Binding 34 31 Label 1 

Catalytic activity 15 11 Label 1 

Enzyme regulator activity 4 1 Label 1 

molecular transducer activity 2 1 Label 1 

Molecular function unknown 6 2 Label 1 

Structural molecule activity 2 1 Label 1 

transporter activity 2 3 Label 2 

Missing feature value 21 36 Label 2 

 

The feature values for the citation were also grouped according to which class the 

genes belong, and are shown in Table 4.12. The number of genes in P class is 8 and N 

class is 4 for the value high. Likewise, medium and low values had favoured P class than 

N class. The value ‘no’ (missing value) had 57 genes in N class and 45 genes in P class. 

The missing values favoured N class than P class in all the GO categories and the 

citation. 

Table 4.12: Number of Genes in Citation that Favoured P & N Classes 

Citation P Class  N Class Groups 

High 8 4 Label 1 

Medium 10 7 Label 1 

Low 23 18 Label 1 

No 45 57 Label 2 
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The value for each gene was renamed based on which class it belonged, and the 

allergy data was reclassified using the J48 Tree classifier.  The result obtained for 

reclassification on four data sets is given in Table 4.13.  The test sample accuracy rate 

dropped 5%, from 81.40% to 76.74%. The average accuracy rate obtained for the training 

and test sample is approximately 80% and 76%, respectively. In other words, about 8 out 

of 10 genes are classified correctly. When the accuracy rate is compared with the 

selection table results, the classification accuracy appears to be reasonably high. 

According to the selection table results, the GO categories and citation features can not 

classify better than ~50%, hence we could assume the features X and Y produced the 

high classification accuracy. 

Table 4.13: Percentage of Accuracy Rate after Grouping the Feature Values 

Training Sample Test Sample 

Data Set 
Percentage of Correctly 

Classified Instance 

Percentage of Correctly 

Classified Instance 

I set 84.49% 74.42% 

II Set 78.29% 79.07% 

III Set 75.97% 76.74% 

IV Set 83.72% 76.74% 

Average 80.62% 76.74% 

 

4.6.1 Chi-square Analysis of Independence for Genes with No Feature Values 

The selection table shows that a large number of genes had missing values in N class than 

P class. Therefore, a 2x2 contingency table analysis of independence to predict the gene 

significance was performed on the GO and citation features is discussed below. 
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4.6.1.1 GO Process Analysis of Independence 

The observed frequency and expected frequency calculated for the GO process are shown 

in Table 4.14. P class had 64 genes with defined values and 22 genes with missing values. 

Likewise, N class had 47 genes with defined values and 39 genes with missing values. 

Hence, for the GO process, 111 genes had defined values and 61 genes had missing 

values in a total of 172 genes. The P class and N class had an expected frequency of 55.5 

for defined values and 30.5 for missing values. The chi-square value was calculated for 

the ratio of 22 to 39, favouring Class N.  

Table 4.14: Observed and Expected Frequency for GO Process 

Observed Frequency Expected Frequency 

 GO/Class 

P Class N Class Total P Class N Class  Total 

Defined 64 47 111 55.5 55.5 111 

Missing 22 39 61 30.5 30.5 61 

Total 86 86 172 86 86 172 

 

4.6.1.2 GO Component Analysis of Independence: 

The GO component feature had a total of 118 genes with defined values, of which 66 

genes belonged to P class and 52 genes belonged to N class. Similarly, there were a total 

of 54 genes with missing values in which 20 genes were included in P class and 34 in N 

class. The expected frequency was 59 and 27 for defined and missing values in both P 

class and N class correspondingly, and is given in Table 4.15.  The chi-square analysis of 

independence was calculated for missing values in the GO component by taking the ratio 

of 20 to 34 favouring Class N.  
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Table 4.15: Observed and Expected Frequency for GO Component 

Observed Frequency Expected Frequency 

 GO/Class 

P Class N Class Total P Class N Class Total 

Defined 66 52 118 59 59 118 

Missing 20 34 54 27 27 54 

Total 86 86 172 86 86 172 

 

4.6.1.3 GO Function Analysis of Independence:  

The analysis of independence for the GO function shows that P class and N class had 65 

and 50 defined values, respectively.  Similarly, 21 and 36 missing values were in the P 

class and N class, respectively. Table 4.16 gives the observed and the expected 

frequency; the expected frequencies of defined and missing values were 57.5 and 28.5 for 

P class and N class, respectively. The chi-square analysis of independence was calculated 

for the ratio of 21 to 36 favouring Class N for missing GO function values.  

 

Table 4.16: Observed and Expected Frequency for GO Function 

Observed Frequency Expected Frequency 

 GO/Class 

P Class N Class Total P Class N Class Total 

Defined 65 50 115 57.5 57.5 118 

Missing 21 36 57 28.5 28.5 54 

Total 86 86 172 86 86 172 

 

4.6.1.4 Citation Analysis of Independence:  

The analysis of independence on citation gave a total of 70 genes with literature mining 

details; among these, 41 and 29 defined values were in P class and N class, respectively. 

Similarly, 102 genes were missing literature details, 45 missing values being in P class 
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and 57 missing values in N class. The expected frequency of 35 and 51 for P class and N 

class, respectively, is shown in Table 4.17.  The ratio of 45 to 57 favouring N class was 

used to calculate the chi-square test of independence for the missing citation. The chi-

square test results obtained for missing values are shown in Table 4.18. The analysis of 

the genes with no feature values in GO categories using chi-square showed that the 

missing feature values are significant and those values also affect the classifier 

performance. 

Table 4.17: Observed and Expected Frequency for Citation 

Observed Frequency Expected Frequency 

 GO/Class 

P Class N Class  Total P Class N Class  Total 

Defined 41 29 70 35 35 70 

Missing 45 57 102 51 51 102 

Total 86 86 172 86 86 172 

 
 

Table 4.18: Chi-square Analysis of Independence for No Feature Values 

Attribute Categories Chi-square (χ
2
) Alpha (α) 

Missing GO Process Values χ
2 
=7.34

 
Α >99% 

Missing GO Component Values χ
2 
=5.29 Α >95% 

Missing GO Function Values χ
2 
=6.68 Α >99% 

Missing Citation Values χ
2 
=3.80 α >94% 

 

4.6.2 Reclassification with ‘Missing’ as a Feature Value 

The chi-square analysis shows that the missing values can also be accounted for in 

identifying gene significance. In the previous experiments, the sample size for GO 
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categories and citation were less than 172 because of missing feature values. The multi-

source allergy data is modified by adding ‘missing’ as a feature value to the GO 

categories where it is absent. Further, the data was reclassified using the J48 classifier, 

and the features were filtered to identify the benefits of adding ‘missing’ as a feature 

value.  The test sample accuracy increased by ~1% (from 76.74% to 77.90%) for J48 

Tree classifier during the reclassification. During the feature filtering experiment, 

however, the filtering of X decreased the test sample accuracy rate to 63.4%, ~6% higher 

than the 57% accuracy rate obtained in a data with no feature values for many genes. The 

filtering of one feature after including ‘missing’ as a value is given in Appendix VIII. 

Table 4.19 shows the comparison of the test sample accuracy rate obtained after filtering 

one feature from the data with no feature values and with ‘missing’ as a value. 

Table 4.19: Reclassification with No Feature Value and ‘Missing’ as a Value 

Genes with no feature values 
Genes with ‘missing’ as a 

feature value 
Features filtered 

Correctly Classified Instance Correctly Classified Instance 

X 56.98% 63.37% 

Y 82.36% 77.91% 

Citation 79.65% 77.91% 

GO Process 80.23% 77.91% 

GO Component 79.65% 77.91% 

GO Function 79.65% 79.65% 

 

Similarly, filtering of other features also reduced the accuracy rate a little, but, the 

accuracy rate obtained after including ‘missing’ as a feature value is slightly less than the 

values obtained from previous experiments. The test sample accuracy for Y (77.91%) is 
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approximately 5% lower than that (82.36%) in the previous experiment.  Likewise, the 

citation, GO process and GO component test sample accuracy dropped to 77.91%, which 

is lower than in former experiments by roughly 2%, 3%, and 2%, respectively. In both the 

experiments, however, the GO function provided the same accuracy rate (79.65%). When 

the experiments were repeated by filtering two features, the removal of X and Y reduced 

the test sample accuracy rate to 44.18% which is little higher (41.28%) than the earlier 

experiments.  The result obtained while removing two and three features together are 

given in Appendixes IX and X.  

The chi-square analysis proved that genes with ‘no’ feature values also have some 

significance on classification, as is clear when the data is reclassified after including 

‘missing’ as a feature value. As in previous experiments, the filtering of X and the 

filtering of X and Y together produced a large drop in accuracy rate; the classifier 

performance had slightly improved for the data include ‘missing’ as a feature value when 

compared with the data include no feature values. The analysis showed that the filtering 

of GO features slightly reduced the accuracy rate and thus affected the classifier 

performance indicating its significance in classification. Overall, the inclusion of 

‘missing’ as a value has shown that, besides X and Y, the filtering of other features also 

played a role in classification.  

4.7 Discussion 

The analysis of the allergy data shows that our method (refer to Fig. 3.1) is capable of 

providing potential biomarkers for allergy even though the sample size is extremely 

small. The incorporation of gene details from different data sources enabled us identify 

few genes that are specific to allergy and immune response. Our method shows that a 
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high dimensional microarray data with small sample size can be transformed into more 

relevant, concise and significant data subset (P class and N class) through feature 

transformation. The use of statistical values as well as feature values gathered from 

external sources effectively handled the issue of small sample size and thereby addressed 

the issue of wasting resources or harming the subject of the study because the analysis is 

benefited with some meaningful results.  

By combining the statistical and domain aggregated methods, our method enabled 

us not only solved the issue of small sample size but also increased the biological 

interpretability of the test. The exploratory analysis using analysis of variance and t-test 

helped us identify the statistically significant genes from this vast amount of data.  The 

use of domain knowledge analysis, such as gene ontology analysis and the literature 

citing analysis of the genes, enabled us identify the allergy and immune response related 

genes from the significant genes. The domain knowledge analysis increased the 

identification of predictive allergy-related genes.  

The integration of machine learning algorithms, feature filtering and grouping of 

feature values to the analysis illustrated the advantage of combined analysis. Identifying 

X (difference of mean) and Y (difference of mean) as the most relevant features in the 

data and also the interaction effect between these two features had shown that the 

statistical values play an important role in finding important genes. Even though the gene 

information collected from other sources did not produce a big impact on the classifier 

performance initially, the grouping of feature values and the chi-square analysis showed 

that the genes with no values in GO features also plays a significant role in classification. 

The reclassification of the data after including the value ‘missing’ for genes with no 
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values in the GO feature improved the classifier performance indicated the significance 

of external data sources in the classification analysis. 

The proposed method is useful in analyzing the microarray data with few numbers 

of samples, and it also provides the biological meaning of the genes. This method can be 

applied to other microarray data with small sample sizes because the data sources we 

used (gene ontology and literature mining) are available for other microarray data as well. 

The use of multi-source data and the reclassification methods showed that significant 

conclusions can be drawn from a small sample microarray data. Our method shows the 

feasibility that analysis of extremely small sample microarray data could be done with 

significant results. The conclusion of our analysis on gene related allergy prediction from 

a highly uncertain microarray data using the new reclassification method is given in 

chapter 5. 
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Chapter 5 

 

Conclusion and Future Work 
 

5.1 Research Contributions 
 

The microarray data analysis is more challenging because of its large number of genes 

and small sample size. Our goal was to develop a method to analyze a highly uncertain 

microarray data with extremely small sample size. The exploratory analysis, domain 

knowledge analysis, and classification/feature selection/grouping of feature value 

analyses were performed on the allergy data; the contributions of these analyses are 

discussed in the following: 

• The exploratory analysis and the domain knowledge analysis of the allergy data 

enabled us to identify a few statistically and biologically significant allergy 

related genes.  

• Because the sample size (16 samples) of the allergy data is extremely small, a 

multi-source data was generated by incorporating gene information from various 

external data sources for microarray data analysis.  

• A transformed multi-source allergy data subset was created with significant and 

insignificant genes (P class and N class) selected from the expressed allergy data 

based on p-value. The analysis of P class and N class genes with their added 

information identified some significant and up-regulated genes that could be 

potential biomarkers for allergy. 
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• The classification relationship is used to increase the predictability of the genes to 

allergy, even though not much information is available about that gene.  

• The feature selection analyses identified X (difference in mean) as the most 

relevant feature and Y (difference in standard deviation) as the next relevant 

feature due to its interaction effect with X. It is also possible that the features X 

and Y are redundant or overlapping in some way to indicate whether a gene is 

significant.  

• Through the grouping of feature values in correlation with P class and N class, it 

was found that some genes show no values for the GO features. The chi-square 

analysis of genes with no values showed that GO features (GO Process, GO 

Component and GO Function) and citation features are significant if the missing 

values are considered. In other words, knowing what specific GO feature a gene is 

related to add more to the gene significance.   

In conclusion, we developed a method to analyze an extremely small sample size 

microarray data by using the features values from experimental data as well as from 

diverse external data sources and we identified a set of genes that were specific to allergy. 

A new reclassification method was applied to the multi-source allergy data to increase the 

predictability of genes to allergy. The classification analysis showed the relationship 

between the features and classifier. The feature filtering identified the difference in mean 

as the most relevant feature and also the interaction between the features. The grouping of 

feature values illustrated that the gene with no feature values can also be accounted for 

predicting gene significance. The analysis of the highly uncertain allergy data showed 

that one can determine whether a gene is significant or insignificant by looking at the 
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mean or standard deviation level, or alternatively by examining whether all GO feature 

values are missing.  

 This method enabled us to transform the high dimensional microarray data into a 

concise, relevant data set and increased the identification of predictive allergy-related 

genes. This method is also intuitively effective in addressing the issue of small sample 

size in computing statistics.  The use of classification and feature selection method 

identifies the significant features and interaction between features. The new 

reclassification method illustrated the feasibility in analyzing a highly uncertain 

microarray data with extremely small sample size. 

5.2 Future Work 

The purpose of our study was to provide a strategy to analyze a highly uncertain 

microarray data with very limited sample size. None of the existing methods proved to be 

suitable for analyzing microarray data when the number of samples used in a study was 

extremely small. The analysis of allergy data using new reclassification method 

illustrated the feasibility that it can be done. Some of the analyses that can be performed 

in the future are discussed below. 

The combined exploratory analysis and domain knowledge analysis of multi-source 

allergy data yielded a set of significant genes that experienced up-regulation in a 

particular region of the scatter diagram, and those genes could be potential biomarkers for 

allergy. Many genes present in that region have no information related to allergy, 

although they are significant; hence, those genes can be analyzed experimentally in the 

future in order to shed light on its involvement in allergic reaction mechanism. 



 

 88 

The experimental allergy data was transformed into a multi-source allergy data 

using features gathered from other external data sources. There are many other data 

sources that could be beneficial for the analysis of allergy data and those features would 

be identified in the future. Further we could evaluate in the future which external data 

sources are more useful when handling the allergy data.  
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Appendix I: Description of parameters used in classifiers 

 

J48Tree Options 

binarySplits -- Whether to use binary splits on nominal attributes when building the trees. 

confidenceFactor -- The confidence factor used for pruning (smaller values incur more 

pruning). 

debug -- If set to true, classifier may output additional info to the console. 

minNumObj -- The minimum number of instances per leaf. 

numFolds -- Determines the amount of data used for reduced-error pruning.  One fold is 

used for pruning, the rest for growing the tree. 

reducedErrorPruning -- Whether reduced-error pruning is used instead of C.4.5 pruning. 

saveInstanceData -- Whether to save the training data for visualization. 

seed -- The seed used for randomizing the data when reduced-error pruning is used. 

subtreeRaising -- Whether to consider the subtree raising operation when pruning. 

unpruned -- Whether pruning is performed. 

useLaplace -- Whether counts at leaves are smoothed based on Laplace. 

 

NBTree Options 

debug -- If set to true, classifier may output additional info to the console. 

 

Random Tree  Options 

KValue -- Sets the number of randomly chosen attributes. 

debug -- Whether debug information is output to the console. 

minNum -- The minimum total weight of the instances in a leaf. 

seed -- The random number seed used for selecting attributes. 
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Appendix II: A sample of the regrouped data 

 

 

 

 

Difference 

(Mean) 

Difference 

(STDEV) 
GO Process 

GO 

Component 
GO Function Citation 

Significant/ 

Not 

Significant 

-0.32702 0.117538 
'response to 

stimulus' 
Nucleus Binding High S 

6.274069 -0.78012 
'metabolic 

process' 

'extracellular 

region' 

'catalytic 

activity' 
Low NS 

-0.19103 -0.08455 
'biological 

regulation' 
Nucleus Binding Medium S 

0.398997 0.100282 
'response to 

stimulus' 
Cytoplasm 

'enzyme 

regulator 

activity' 

No S 

-0.33419 0.024201 'cellular process' Intracellular 
'catalytic 

activity' 
Low S 

-0.11097 -0.09675 'cellular process' Nucleus Binding High NS 

-0.25739 0.406046 
'response to 

stimulus' 

'extracellular 

region' 
Binding Medium S 

0.035279 0.032862 
'biological 

regulation' 
Membrane 

'catalytic 

activity' 
Medium NS 

0.038913 0.041036 'cellular process' 
'extracellular 

region' 

'catalytic 

activity' 
High S 

0.4747 -0.37684 
'metabolic 

process' 
Cytoskeleton 

'catalytic 

activity' 
Low S 

-0.2368 0.303415 'cellular process' Nucleus ? No S 

-0.38239 -0.31003 ? ? ? No S 

-0.60907 -0.09325 'cellular process' 
'extracellular 

region' 

'catalytic 

activity' 
Medium S 

0.01015 0.059662 'cellular process' 
'extracellular 

region' 

'molecular 

transducer 

activity' 

Low S 

-0.10838 -0.0257 
'establishment of 

localization' 
Membrane 

'transporter 

activity' 
Low NS 

-0.32704 0.107759 'cellular process' 
'extracellular 

region' 
Binding High S 

-0.50163 0.265975 ? Nucleus ? No S 

0.900713 0.739766 
'establishment of 

localization' 
Cytoplasm 

'transporter 

activity' 
No NS 

-0.06769 -0.01264 Reproduction 
'extracellular 

region' 
Binding Low NS 

-0.05318 0.001624 ? ? ? No NS 
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Appendix III: Scattered diagram of difference in mean and standard deviation for 

selected GO terms 

 

 
Difference in mean and standard deviation for GO 122 

 

 
Difference in mean and standard deviation for GO 5975 
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Difference in mean and standard deviation for GO 6118 

 

 

 

 
Difference in mean and standard deviation for GO 6350 
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Difference in mean and standard deviation for GO 6412 

 

 

 

 
Difference in mean and standard deviation for GO 6810 
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Appendix IV: 14 Immune related genes 

 

Log(E/C(M)) Log(E/C(M)) Gene name 

-0.0314 0.29073 Riken cdna 5830443l24 gene 

0.050609 0.213767 Riken cdna 9830147j24 gene 

-0.02729 0.677543 
Mucosal vascular addressin cell adhesion  

molecule 1 

-0.0165 0.155034 Complement receptor 2 

-0.04623 0.080552 Histocompatibility 28 

-0.1068 -0.14653 Sam domain and hd domain, 1 

-0.09339 0.993656 Interferon-induced protein with tetratricopeptide repeats 3 

-0.02673 1.198336 Cannabinoid receptor 2 (macrophage)      

-0.02814 1.043774 Properdin factor, complement 

-0.03651 -0.56137 Interferon activated gene 205 

-0.03964 -0.13468 Dead (asp-glu-ala-asp) box polypeptide 58 

-0.0648 -0.84429 Histocompatibility 28 

0.133626 0.581992 Interleukin 7 

0.042044 1.61471 
Sema domain, immunoglobulin domain(ig), secreted, 

(semaphorin) 3c 
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Appendix V: P Class Genes 

 
Probe ID Gene ID Difference (Mean) Difference (STDEV) 

1415909_at NM_016737 -0.32702 0.117538 

1416123_at NM_009829 -0.19103 -0.08455 

1416129_at NM_133753 0.398997 0.100282 

1416362_a_at BB456860 -0.33419 0.024201 

1416630_at NM_008321 -0.49503 0.073695 

1416930_at NM_010742 -0.25739 0.406046 

1417263_at M94967 0.038913 0.041036 

1417273_at NM_013743 0.4747 -0.37684 

1417619_at BE368753 -0.2368 0.303415 

1417769_at AW208944 -0.38239 -0.31003 

1417867_at NM_013459 -0.60907 -0.09325 

1418806_at NM_007782 0.01015 0.059662 

1418930_at NM_021274 -0.32704 0.107759 

1419402_at NM_008613 -0.50163 0.265975 

1420845_at AV031454 -0.26354 0.200365 

1421278_s_at BB740660 0.247934 0.222554 

1422011_s_at BC005560 -0.41699 0.134504 

1422141_s_at NM_033616 -0.50681 0.004222 

1422188_s_at NM_011558 -0.56098 -0.05125 

1423805_at BC006588 0.3097 0.339563 

1424775_at BC018470 -0.53131 0.1489 

1424921_at BC008532 -0.62846 0.46404 

1424980_s_at BC012406 0.222393 0.360528 

1425191_at BC019407 -0.45678 -0.02664 

1425319_s_at BC021443 -0.21723 0.277366 

1426519_at AI314028 -0.34062 -0.44358 

1426526_s_at AU017520 0.525878 -0.20545 

1426573_at BM235734 -0.3277 -0.11474 

1426651_at AK007652 -0.28854 0.088685 

1427151_at BC021511 -0.25384 -0.23322 

1427161_at BE848253 0.144028 0.076464 

1427217_at AV172851 -0.6548 -0.43868 

1427410_at BB812902 -0.22687 0.114273 

1427870_x_at K00686 0.638243 0.457485 

1428289_at AW488885 0.552368 0.255145 

1428920_at AI987819 -0.32229 0.193719 

1429252_at AK002491 -0.28509 0.149317 

1430295_at BG094302 0.667101 -0.17128 

1431768_a_at AK008118 -0.39558 -0.17032 

1431812_a_at AK014572 0.320237 0.180363 

1434789_at BB136172 0.204542 0.404589 

1435344_at BM246377 0.128717 -0.12426 

1436142_at BM218877 -0.10712 0.142453 

1436404_at BM119088 0.703901 0.254031 

1436479_a_at BB746075 -0.47396 0.046287 

1436933_at BM211430 0.402933 -0.31461 

1437370_at AV316937 0.339244 0.069371 

1437552_at AV302436 -0.20732 -0.14621 

1438076_at BB283415 -0.14813 -0.27532 

1438097_at BG066967 -0.243 0.088456 
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1439157_at BB326394 -0.38574 -0.08298 

1439442_x_at BB204225 -0.2665 -0.1315 

1439771_s_at BG070246 -0.28736 0.415282 

1439932_at BQ174624 -0.26638 0.160591 

1441442_at BM232203 -0.10213 -0.01171 

1441850_x_at BB449960 -0.3064 0.08902 

1442339_at BB667930 0.65214 0.039982 

1443619_at BB745549 -0.38171 0.275945 

1445545_at AW743721 -0.35148 0.309182 

1446219_at BB140256 -0.00911 -0.22422 

1447584_s_at AI642973 -0.15492 0.099449 

1447780_x_at AV097965 -0.29794 0.011241 

1449368_at NM_007833 0.272822 0.298597 

1449434_at NM_007606 0.576205 -0.81674 

1449512_a_at BB283590 -0.24899 -0.27751 

1449645_s_at AL024092 0.292909 -0.2342 

1449682_s_at C79445 -0.26089 0.103822 

1449983_a_at NM_020282 -0.07541 0.180151 

1450087_a_at NM_053086 -0.35753 0.132755 

1450297_at NM_031168 1.254046 1.977844 

1450733_at NM_029791 -0.23124 0.206354 

1451347_at BG065288 -0.46599 0.059227 

1451360_at BC018188 -0.5625 -0.03599 

1452158_at BM238943 -0.39351 -0.08503 

1452333_at BM230202 -0.75461 0.183039 

1452414_s_at BB051286 -0.37843 -0.01801 

1452583_s_at AV307219 -0.13121 -0.02082 

1453226_at AK013867 0.10693 0.071891 

1453317_a_at AK014353 -0.44651 -0.04924 

1454084_a_at AK018606 -0.31072 0.099368 

1454236_a_at AK012261 -0.4742 0.277845 

1454769_at BB314680 0.530321 0.140509 

1456733_x_at BB329489 -0.44754 -0.19998 

1457580_at AU015341 -0.22262 -0.21981 

1458634_at BB254163 0.305633 0.162689 

1458710_at BB550311 -0.25046 -0.25052 

 

 

Red color represents the up-regulated genes.  

Green color represents the down-regulated genes. 
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Appendix VI: N Class Genes 

 
Probe ID Gene ID Difference (Mean) Difference (STDEV) 

1415837_at BC010754 1.469529 -0.34773 

1416055_at NM_009669 6.274069 -0.78012 

1416423_x_at BG796845 -0.11097 -0.09675 

1417237_at NM_008876 0.035279 0.032862 

1418478_at NM_057173 -0.04007 0.013945 

1418849_x_at AB056091 -0.10838 -0.0257 

1419970_at C86506 0.900713 0.739766 

1420006_at AU015375 -0.06769 -0.01264 

1420072_s_at C78041 -0.05318 0.001624 

1420172_at C80049 -0.31666 0.240998 

1420412_at NM_009425 -0.00805 -0.01554 

1420746_at NM_025896 -0.02406 -0.00181 

1421429_a_at NM_033525 -0.36073 -0.24433 

1422325_at NM_020018 -0.02604 -0.0012 

1424855_at BC025001 -0.02415 -0.00691 

1425573_a_at BE943736 -0.08067 -0.14977 

1426188_s_at D44443 -0.17742 -0.06828 

1427152_at BC021511 0.049341 -0.3253 

1427816_at U14648 -0.06643 -0.01307 

1427865_at AF071431 -0.29826 -0.37838 

1428916_s_at AK002609 -0.02984 0.014172 

1429136_at AK006771 0.10207 0.130533 

1429606_at AI648250 -0.01207 -0.00868 

1429998_at AV330789 -0.03179 0.00111 

1430132_at AK014642 -0.06364 0.047143 

1430991_at AK017634 0.136789 0.747281 

1431247_at AK005005 -0.02206 0.00748 

1432882_at AK016539 0.214918 0.410314 

1432990_at AK018068 -0.01361 -0.00229 

1433168_x_at AK018017 0.032171 0.211939 

1435132_at AI505698 -0.05606 -0.0432 

1435417_at BG063189 -0.05843 -0.22396 

1435628_x_at AW763751 -0.36676 -0.27803 

1436386_x_at BG072059 -0.29909 -0.14826 

1436454_x_at BB393998 0.083833 0.053332 

1437638_at BB821417 0.048917 -0.0895 

1438369_x_at AV008714 0.127856 0.42349 

1438766_at AV001197 -0.04453 0.287159 

1438787_at BB397151 -0.02825 0.017194 

1438806_at BF464707 -0.01367 -0.01231 

1438818_at BF020788 -0.26712 0.098009 

1440180_x_at AV258279 0.093889 0.2892 

1440308_at AV347071 -0.01923 0.002177 

1440597_at AW553082 -0.00752 -0.04518 

1440772_x_at BB257157 -0.02652 0.008406 

1440927_x_at AA214835 0.440546 -0.16426 

1441818_at AI642706 0.002167 0.037713 

1441895_x_at AV226590 -0.16627 -0.07091 

1441929_at AV370012 -0.02482 0.009722 
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1442571_at BM203260 -0.04406 -0.00744 

1442860_at BB429621 -0.41075 -0.02309 

1443452_at BM212484 0.134651 0.251723 

1445941_at BG076114 -0.02217 0.009659 

1446368_at AV377066 -0.04425 -0.00574 

1446509_at BB541614 0.19364 0.558521 

1447423_at BB815861 -0.02646 -0.00252 

1447504_at AI593417 -0.08708 -0.00933 

1447756_x_at AV308361 -0.03686 -0.00578 

1447779_x_at BB145254 -0.02214 0.115423 

1447865_x_at BB037788 -0.18937 -0.36545 

1448003_at BI414944 -0.10794 0.065966 

1448107_x_at BC010754 1.38266 -0.18593 

1448125_at BB271919 -0.04146 0.009434 

1448581_at AW493043 -0.09146 -0.10564 

1448847_at NM_012032 -0.35046 -0.20151 

1449706_s_at C80272 -0.02932 0.007434 

1449774_at BB370015 -0.0562 -0.00629 

1449979_a_at NM_023689 -0.16591 0.073479 

1450271_at NM_009184 -0.02824 -0.00932 

1450543_at NM_026145 0.004398 0.030992 

1451382_at BC025169 0.009748 -0.03243 

1453092_at AK009010 -0.02398 -0.00442 

1453540_at BM218780 -0.1123 -0.10918 

1453673_at AV248422 0.005405 0.001097 

1456672_at BG063254 -0.02709 0.027507 

1456751_x_at BB495258 -0.12029 0.000846 

1456974_at BG067274 -0.03615 -0.00053 

1458088_at BB153601 -0.03296 -0.01102 

1458139_at BB465823 -0.03172 -0.00264 

1458318_at BB164159 -0.24362 -0.08068 

1459155_at BG070352 -0.04478 0.016794 

1459272_at BB207273 -0.04142 -0.01107 

1459518_at BG062201 -0.0334 0.006634 

1460462_at AK012903 0.183877 -0.26919 

1460609_at BB224305 -0.03964 0.092404 

1460627_at AV270900 -0.14939 -0.04832 

 

Red color represents the up-regulated genes.  

Green color represents the down-regulated genes. 
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Appendix VII: Filtering of three features from regrouped multi-source allergy data 

 
J48 Pruned Tree Random Tree NBTree Naïve Bayes 

 

 

Features Filtered 
Training 

Set 

Test 

Set 

 

Training 

Set 

Test 

Set 

 

Trainin

g Set 

Test 

Set 

 

Trainin

g Set 

Test 

Set 

 

Mean, Sta. dev. & 

Citation 
51.20% 41.86% 46.51% 47.68% 51.74% 50.58% 51.36% 44.77% 

Mean, Sta. dev. & GO 

Pro. 
50.78% 41.86% 52.91% 52.33% 51.55% 55.81% 48.25% 52.33% 

Mean, Sta. dev. & GO 

Com. 
50.97% 42.44% 49.81% 50% 47.09% 51.16% 48.64% 49.42% 

Mean, Sta. dev. & GO 

Fun. 
51.36% 44.19% 52.91% 55.81% 53.29% 56.39% 51.74% 51.74% 

Mean, Citation & 

GO Pro. 
61.05% 65.70% 55.81% 70.35% 63.37% 67.44% 53.88% 51.16% 

Mean, Citation & 

GO Com. 
60.27% 56.98% 59.49% 66.28% 62.98% 64.53% 57.17% 58.72% 

Mean, Citation & 

GO Fun. 
60.27% 56.98% 61.63% 58.14% 64.34% 62.79% 56.01% 52.33% 

Mean, GO Pro. & 

GO Com. 
62.21% 58.72% 61.05% 62.79% 65.50% 68.02% 55.43% 49.42% 

Mean, GO Pro. & 

GO Fun. 
60.08% 58.72% 59.88% 59.30% 65.70% 64.54% 55.62% 48.26% 

Mean, GO Com. & 

GO Fun. 
61.82% 63.95% 59.69% 59.88% 65.70% 61.62% 56.20% 51.74% 

Sta. dev. Citation & 

GO Pro. 
79.26% 79.65% 74.61% 72.67% 82.56% 77.33% 49.42% 48.84% 

Sta. dev., Citation & 

GO Com. 
79.65% 79.65% 76.16% 73.26% 80.04% 76.16% 49.22% 48.84% 

Stan. dev. Citation & 

GO Fun. 
80.23% 79.65% 71.90% 70.35% 79.26% 76.16% 51.55% 47.68% 

Sta. dev. GO Pro. & 

GO Com. 
79.65% 80.23% 74.22% 73.26% 80.04% 79.65% 49.23% 51.16% 

Sta. dev., GO Pro. & 

GO Fun. 
79.84% 79.65% 69.77% 65.70% 79.84% 76.74% 49.22% 49.42% 

Sta. dev., GO Com. & 

GO Fun. 
80.23% 79.65% 72.67% 68.60% 79.07% 76.16% 49.42% 51.75% 

Citation, GO Pro. & 

GO Com. 
78.88% 79.65% 73.26% 75.58% 78.49% 75% 50% 47.10% 

Citation, GO Pro. & 

GO Fun. 
79.07% 79.65% 71.71% 70.93% 78.10% 79.07% 53.10% 46.51% 

Citation, GO Com. & 

GO Fun. 
79.07% 78.49% 73.84% 69.19% 78.29% 76.16% 50.77% 47.09% 

GO Pro. GO Com. & 

GO Fun. 
78.49% 77.91% 74.42% 73.26% 78.49% 78.49% 53.68% 48.26% 
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Appendix VIII: Filtering of One Feature after Including ‘Missing’ as a Value 

Training Sample Test Sample 

Features filtered 

Correctly Classified Instance Correctly Classified Instance 

X 62.60% 63.37% 

Y 81.59% 77.91% 

Citation 80.23% 77.91% 

GO Process 80.43% 77.91% 

GO Component 80.23% 77.91% 

GO Function 80.81% 79.65% 
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Appendix IX: Filtering of two features after adding “missing” as a value 

 
Training Set Test Set Features Filtered 

C INC C INC 

Mean & Standard Deviation 53.10% 46.90% 44.18% 55.82% 

Mean & Citation 61.82% 38.18% 62.79% 37.21% 

Mean & GO Process 65.31% 34.69% 63.95% 36.05% 

Mean & GO Component 63.57% 36.43% 62.79% 37.21% 

Mean & GO Function 61.63% 38.37% 60.46% 39.54% 

Standard Deviation & Citation 81.01% 18.99% 77.91% 22.09% 

Standard Deviation &  GO Process 81.20% 18.79% 77.91% 22.09% 

Standard Deviation & GO Component 81.59% 18.41% 77.91% 22.09% 

Standard Deviation & GO Function 81.40% 18.60% 79.65% 20.35% 

Citation & GO Process 80.04% 19.96% 77.91% 22.09% 

Citation & GO Component 80.62% 19.38% 77.91% 22.09% 

Citation & GO Function 78.68% 21.32% 79.65% 20.34% 

GO Process & GO Component    79.84% 20.16% 78.49% 21.51% 

GO Process & GO Function 79.84% 20.16% 80.81% 19.17% 

GO Component & GO Function 80.62% 19.38% 79.07% 20.93% 
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Appendix X: Filtering of three features after adding ‘missing’ as a value 

 
Training Set Test Set Features Filtered 

C INC C INC 

Mean, Standard deviation & Citation 79.46% 20.54% 77.91% 22.09% 

Mean, Standard deviation & GO Process 79.46% 20.54% 79.65% 20.35% 

Mean, Standard deviation & GO Component 79.07% 20.93% 79.65% 20.35% 

Mean, Standard deviation & GO Function 80.23% 19.77% 76.16% 23.84% 

Mean, Citation &  GO Process 81.39% 18.61% 79.07% 20.93% 

Mean, Citation & GO Component 81.39% 18.61% 80.24% 19.76% 

Mean, Citation &  GO Function 81.20% 18.80% 78.49% 21.51% 

Mean, GO Process & GO Component 80.23% 19.77% 77.33% 22.67% 

Mean, GO Process & GO Function 81.20% 18.80% 77.91% 22.09% 

Mean, GO Component & GO Function 76.94% 23.06% 70.93% 29.07% 

Standard deviation, Citation &  GO Process 62.79% 37.21% 62.79% 37.21% 

Standard deviation, Citation & GO Component 63.76% 36.24% 59.30% 40.70% 

Standard deviation, Citation & GO Function 63.56% 36.44% 62.21% 37.79% 

Standard deviation, GO Process & GO Component 58.72% 41.28% 59.88% 40.12% 

Standard deviation, GO Process & GO Function 63.95% 36.04% 61.63% 38.37% 

Standard deviation, GO Component & GO Function 66.67% 33.33% 63.37% 36.63% 

Citation, GO Process & Go Component 54.26% 45.74% 44.19% 55.81% 

Citation, GO Process & GO Function 53.68% 46.32% 45.35% 54.65% 

Citation, GO Component & GO Function 49.42% 50.58% 45.93% 54.07% 

GO Process, GO Component & GO Function 52.71% 47.29% 43.02% 56.98% 

 

 

 

 


