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Abstract: Gene expression assay provide a fast and organic way to identity disease markers relevant to clinical trial in modern 

age. In microarray experiments, differentially expressed genes, or discriminator genes, are the genes with considerably different 

expression patterns in two user-defined groups. Typically microarray data consists of huge amount of genes, and which genes are 

responsible or differentiable for a particular disease. Identification of differentially expressed genes across multiple conditions 

has become a vigorous statistical problem in analyzing large-scale microarray data. In this perspective, we considered a 

simulated data and real data sets (Head and Neck cancer). This paper uses some statistical methods: t-test, Wilcoxon signed-rank 

sum test and renewed approach to detect the differential expression of genes between conditions and finding the required number 

of differentially expressed genes. Additionally Principal Component Analysis (PCA) and largest difference from mean and data 

methods are used for visualizing outliers and finding numerical outliers respectively. If introducing some artificial outliers to 

simulated and real data sets and these outliers are not affected or not related to the differentially expressed genes. Results reveal 

that 25, 126 and 385 differentially expressed genes are identified by using t-test, Wilcoxon Rank sum test and Renewed 

Approach respectively. Among the three methods 23 common genes those are may be responsible for cancer disease. This paper 

shows that the two samples mean test (t-test) is perfectly used to identify the differentially expressed genes in microarray data. 

Keywords: Microarray Gene Expression Data, T-Test, Renewed Approach, Wilcoxon Signed Rank Test,  

Differentially Expressed Genes, Outlier 

 

1. Introduction 

Microarray technology has been introduced as an important 

tool in genome research during the last two decades and it is 

used to simultaneously evaluate the expression levels of 

thousands of genes [1]. Microarray studies produce very 

large-scale data sets, requiring statistical methods planned for 

their analysis. An important goal of microarray studies is to 

find genes with different level of expression across various 

types of tissue samples. Gene expression in cells is of 

concerning because it allows a way to pinpoint disease 

markers that are related to medical treatments [2]. A term that 

many researchers may want to perform that used to identify 

which genes in a cell are differentially expressed in microarray 

data. For example, a researcher may need to prosecute an idea 

to discover differentially expressed genes between two 

different conditions. For explanation purposes it is used to be 

between healthy patients and cancer patients. Microarray 

analysis is to allow the researcher to find which genes are 

expressed differently between these two different groups of 

patients. Then researchers will be able to develop a treatment 

to the targeted differentially expressed genes and create a 

more effective type of therapy. 

A microarray is used to analyze gene expressions data 

analysis. Mostly the gene expression microarray technology 

is available in two types of stages, single channel 

microarrays (Affymetrix) and double channel microarrays 

(cDNA) [3, 10, 13]. In this technology, easily used these 

methods to identify those genes that are differentially 

expressed. This study conducted under both of the simulated 
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and real data sets. 

Over the years many methods have been used to perform 

the analysis of microarray data. To analyze the large number 

of genes in the complicated biological systems, researchers 

usually group the genes with similar expression profiles [3]. 

That means, one group is from normal cells and another is 

from cancer cells. Several statistical methods for such an 

analysis have been proposed. A straightforward method is to 

use the traditional two-sample t-test [4]. Thomas [5] Proposed 

a regression modeling approach. Pan [6] suggested a mixture 

model allows, which follows the basic idea of A Renewed 

Approach [9] to the Nonparametric Analysis and Willcoxon 

Rank sum test [8]. These methods are used to nursing 

expression levels of thousands of genes simultaneously and 

detecting those genes that are differentially expressed. 

There are a small number of analyses in recent literature for 

identifying the differentially expressed genes the performance 

of different method applied to microarray gene expression 

data. Recently, some methods to identify and analyze the 

differentially expressed genes based on microarray glioma 

data [11, 12] were worked for identifying differentially 

expressed genes and signature pathways of human prostate 

cancer. Most recently, the identification of robust clustering 

methods in gene expression data analysis are discussed in [13]. 

However all of the author’s demonstrated different methods in 

different studies are better measure to analyze the 

differentially expressed genes in microarray data in their 

analysis. 

Motivated by this problem it is important to consider all of 

the methods for identifying differentially expressed genes by 

which method are comparatively best. This paper considered 

two-sample t-test, Wilcoxon signed-rank sum test and 

renewed approach for identification of differentially 

expressed genes with replicated measurements of expression 

levels of each gene under each condition. Additionally PCA 

and largest difference from mean and data methods are used 

for visualizing outliers and finding numerical outliers 

respectively that are implemented to both simulated and real 

data set. 

2. Materials and Methods 

2.1. Data Description 

Suppose that ���  is the expression level of gene j in array i 

(j=1,… n; j=1,…, �, �� + 1, ... �� + ��). Suppose that the 

first ��	and last ��arrays are obtained under two conditions 

respectively. A general statistical model can be written as 

���  =	
� + 	�� ��+ ɛ�� 
Where �� =1 for 1≤ i ≤ ��  and ��  = 0 for �� + 1	≤ i 

≤	�� + ��), and ɛ� are random errors with mean 0. Hence 
�+ �� and 
� 	are the mean expression levels of gene j under two 

conditions respectively. Determining how many a gene has 

differential expression is equivalent to testing for the null 

hypothesis 

H0: 	�� =0 against H1:		��  ≠0. 

A statistical test consists of two parts. The first is to 

construct a summary test statistic. The second is to determine 

the significant level or p-value associated with test statistic. 

The p-value is usually calculated based on null distribution of 

the test statistic (i.e the distribution of the test statistic under 

H0), which may be specified or estimated via modeling 

assumptions. 

This study considered a simulated data and real data sets. To 

create a simulated data of a 4400 (100×44) gene expression 

microarray (including 20 differentially expressed genes) are 

created by adding a single simulated gene to the current data 

set. More about the real data set (Head & Neck Cancer), Data 

platform GPL8300: [HG_U95Av2] Affymetrix Human 

Genome U95 Version 2 Array. Dataset Record GDS2520. 

Sample count: 44. Data set consist of 12,625 genes. There are 

two distinct part of this data set. One part consists of 22 

samples from normal mucosa. Another part consists of 22 

samples from cancer. Both samples are taken from same 

patients. That is each gene contains 22 normal samples and 22 

cancer samples. 

2.2. Two Sample T-Test 

Two samples mean t-test is a widely recommended 

approach in modern days for finding differentially expressed 

genes. It should use two samples mean t-test when sample 

sizes and variances are unequal between groups, and gives the 

same result when sample sizes and variances are equal. 

The test statistic is, 

� = ��� − ���
�. √( 1�� + 1��) 

Where, the pooled standard deviation is- 

� = �(�� − 1)��� + (�� − 1)���
�� + �� − 2  

This t-test is also known as student t-test. It is the method of 

calculating the degrees of freedom is related to the idea of the 

satterthwaite approximation. The good performance of this 

test, compared with many other alternatives (e.g., 

approximating by ��+��-2), has been well documented [14]. 

Ignoring the part of multiple comparison adjustment [15], 

adopt the same t-statistic, but calculate the p-value by 

permutation. 

2.3. Renewed Approach 

A renewed approach is most widely used popular method to 

identify the differentially expressed genes. [9] Proposed a 

nonparametric analysis of replicated microarray studies. This 

method is based on the mixture model proximity given in [6] 

and uses nonparametric kernel estimation to calculate the 

distributions of the test statistics. The idea of the mixture 

model proximity is to combine two test statistics, the common 

t-test statistic with a second null statistic. Under the null (H0) 

hypothesis both test statistics should have the same 
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distribution. However this was not the case for the null 

statistic given in [6] and proposed a new version of the null 

statistic [6, 20]. Combine the method of [9] with this corrected 

test statistic [9]. In simulation data and also for real data it can 

use this renewed approach method to find exact number of 

differentially expressed genes. 

2.4. Wilcoxon Signed-Rank Sum Test 

The Wilcoxon signed-rank sum test is a non-parametric 

statistical hypothesis test used when comparing two related 

samples, matched samples, or frequent measurements on a 

single sample to assess whether their population mean ranks 

differ (i.e. it is a paired difference test). Today’s the Wilcoxon 

signed-rank sum test is most powerful test to find out the 

differentially expressed genes in microarray data sets under 

the test statistic, 

� = ��������,� − ��,�!.
"#

�$%
&�' 

For large sample this test statistic follows the normal 

distribution under the given test statistics, 

( � �
)*

, )* � √�+,�+, � 1��2+, � 1��/6� 

If |(| 0 (1,�2�134 	then reject H0 (two-sided test) 

Alternatively, one-sided tests can be realized with either the 

exact or the approximate distribution. P-value can also be 

calculated. 

2.5. PCA Method for Visualization of Outliers 

Principal component analysis (PCA) is one of the most vital 

techniques for detecting outliers in various applications such 

as microarray technology. Most PCA-based models for outlier 

detection handle in batch mode [16], where the model is first 

informed using training data and is then used to test the others 

data for outliers. PCA is a statistical multivariate analysis 

technique which shows the correlation among variables and 

represents the data into a new set of few variables showing the 

maximum variance. These variables are identified as principal 

components (PCs) and each PC is a linear combination of 

main variables [17]. The coefficient vectors of this linear 

combination define the corresponding principal components 

direction. PCA can be formulated as an optimization problem 

which reduces the reconstruction error as 

min
89:;<=,‖8‖$?

�‖��� � μ� � AAB��� � μ�‖�
2

�$�
 

This is the mathematical view of PCA and need to find the 

various PCA’s with the concepts of eigen value and eigen 

vector. 

2.6. Largest Difference from Mean and Data 

In microarray data, finds value with largest difference 

between it and sample mean, which can be an outlier. Outliers 

should be investigated cautiously. Often they include valuable 

information about the process under investigation or the data 

gathering and recording process. Before assuming the possible 

elimination of these points from the data, one should try to 

understand why they revealed and whether it is likely similar 

values will continue to appear. Of course, outliers are often 

bad data points. [18] Proposed an outliers detection procedure, 

which is popularly known as largest difference from mean and 

data for finding numerical outliers. 

3. Experiments and Results 

3.1. Data Analysis 

The Anderson-Darling normality test [19] is techniques to 

detect the normality pattern of the identification of 

differentially gene expression microarray data. Our simulated 

data are scaled by their normality pattern. By applying 

Anderson darling normality test in real data (Head & Neck 

Cancer) we get 7382 genes whose both conditions (normal & 

cancer) come from normal distribution, 1807 genes whose 

both condition come from out of normal distribution and 3436 

genes whose one condition comes from normal distribution 

only. 

3.2. Outliers Analysis 

Mainly the microarray gene expression data is so much noisy, 

mixture with expression pattern, down regulated and up 

regulated i.e., outliers may be presented. Here it use two 

methods for monitoring the outliers one is PCA method for 

visualizing outliers and another is largest difference from mean 

and data for finding numerical outliers. Adding 11 artificial 

unusual observations in 4400 (100×44) gene expression 

microarray simulated data sets also gives the same result. 

 

Figure 1. PCA method for visualizing outliers in simulated data. 

That is 20 differentially expressed genes in simulated data 

with outliers by t-test at 5% level of significance. Again, PCA 
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method visualized outliers in real microarray gene expression 

data and 44 outliers are detected by using largest difference 

from mean and data. Although real data provided some 

outliers but these outliers are not affected or not related to the 

differentially expressed genes. 

That means, if introduced some artificial outliers to the both 

simulated and real data sets and these outliers are not affected 

or not related to the differentially expressed genes. 

 

Figure 2. PCA method for visualizing outliers in real data. 

3.3. Identification of Differentially Expressed Genes 

Mainly in microarray data uses some statistical methods: 

t-test, Wilcoxon signed-rank sum test and renewed approach 

are identified the mean differential expression of genes 

between conditions are conducted applying correction for 

multiple testing and finding the required number of 

differentially expressed genes. To identify differentially 

expressed genes most times R 3.3.0 has used with extra 

package like degenes, tests, pca, limma, fpc, gplots and 

outliers. Several times Microsoft-Excel and Microsoft-Word 

are used as calculation and typing software. 

In formulated microarray gene expression simulated data, 

we get 20 deferentially expressed genes by using t-test at 5% 

level of significance. But in renewed approach method and 

Wilcoxon signed-rank sum test gives more than 20 

differentially expressed genes from 100 microarray gene 

expression simulated data at 5% level of significance. 

In real microarray gene expression data, we get 25 

differentially expressed genes at 5% level of significance. By 

applying the Wilcoxon signed-rank sum test we get 126 

differentially expressed genes from the given microarray gene 

expression real data sets with Bonferroni Correction and FDR 

(False Discovery Rate) at 5% level of significance. By 

renewed approach method we get 385 differential expressed 

genes with Bonferroni Correction and FDR at 5% level of 

significance. 

3.4. Some Common Identification of Differentially 

Expressed Genes in Real Data 

In microarray gene expression data we have some genes 

these are commonly predominated at all of three methods 

(t-test, renewed approach and Wilcoxon signed-rank sum test). 

Here, 23 common genes those are detected all methods and 

some of the genes are responsible for cancer disease. The list 

of these genes with related disease is given in Table 1. 
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Table 1. List of 23 Common Genes. 

S.N. Gene name Related disease 

1 KRT13 Leukokeratosis (http://www.informatics.jax.org/disease/193900) 

2 KRT4 basaloidn squamous cell carcinoma(http://www.genecards.org/cgi-bin/carddisp.pl?gene=KRT) 

3 PLOD3 
lysyl hydroxylase 3 deficiency, and ullrich congenital muscular dystrophy 

(http://www.genecards.org/cgi-bin/carddisp.pl?gene=PLOD3) 

4 COL4A2 porencephaly 2, and porencephaly(http://www.genecards.org/cgibin/carddisp.pl?gene=COL4A2) 

5 ITPR2 Carcinoma, Lung Diseases, Hepatitis B, Myeloid Leukemia, Kidney Neoplasm (http://www.novusbio.com/itpr2.html) 

6 MAL Breast, esophageal, ovarian, and cervical cancers(http://mcr.aacrjournals.org/content/7/2/199.abstract) 

7 PPL  

8 SASH1 colon cancer, breast cancer (http://www.novusbio.com/SASH1-Antibody_NBP1-26650.html) 

9 LRP10 Alzheimer‘s disease (http://www.molecularneurodegeneration.com/content/7/1/31) 

10 RAF1 
leopard syndrome, and murray valley 

encephalitis(http://www.genecards.org/cgi-bin/carddisp.pl?gene=RAF1) 

11 CSTB Alzheimer's disease (www.wikigenes.org/.../1476.ht) 

12 TRIO toxic encephalopathy, and soft tissue sarcoma (www.genecards.org/.../carddisp..) 

13 TYR oculocutaneous albinism type 1, and amelanotic melanoma(www.genecards.org/.../carddisp.....) 

14 CEACAM1 Prostate carcinomas, hepatic tumors, breast cancer (http://www.wikigenes.org/e/gene/e/634.html) 

15 PITX1 acute diarrhea (http://www.genecards.org/cgi-bin/carddisp.pl?gene=PITX1) 

16 EPHX2 Hypercholesterolemia(http://www.ncbi.nlm.nih.gov/gene/203) 

17 EXT1 
hereditary multiple exostoses.... Bessel-Hagen disease; diaphyseal aclasis; exostoses, multiple hereditary; familial exostoses 

(ghr.nlm.nih.gov/.../hereditary) 

18 TGM3 Celiac Disease (http://en.wikipedia.org/wiki/Anti-transglutaminase_antibodies) 

19 11-Sep  

20 IL1RN Tourette syndrome (http://www.ncbi.nlm.nih.gov/pubmed/20399384) 

21 FSCN1 cell sarcoma, and juvenile xanthogranuloma (www.genecards.org/.../carddisp) 

22 UBE2S 
Carcinoma, Squamous Cell; Esophageal Neoplasms; Pemphigoi, Bullous 

(http://www.ncbi.nlm.nih.gov/IEB/Research/Acembly/av.cgi?db=human&c=Gene&l=UBE2S) 

23 PGF placental growth factor(https://www.ncbi.nlm.nih.gov/gene/5228) 

 

3.5. Comparative Summary of Three Methods 

The different explicit expression of the test statistic of these 

three methods are given i.e., these three methods are identified 

some different types of differentially expressed genes in 

microarray data. Among these methods we get some common 

genes to identify the differentially expressed genes in microarray 

data. Using t test we get 25 Deferentially Expressed genes, by 

Wilcoxon Rank sum test we get 126 Deferentially Expressed 

genes, by Renewed Approach we get 385 Differentially 

Expressed genes. We get 23 common genes those are detected all 

the three methods and some of the genes are responsible for 

cancer disease. The summary results are shown in Table 2 and 

Figure 3 among these different statistical methods. 

Table 2. Summary results. 

Methods 
Differentially Expressed 

Genes (DEG) 
Accuracy 

t-test 25 0.92 

Renewed Approach 385 0.06 

Wilcoxon Signed Rank Sum Test 126 0.18 

Table 2 and Figure 3 illustrates two samples mean test 

(t-test) is the most powerful widely used method to detect the 

differentially expressed genes in huge number of data set in 

gene expression microarray real data analysis. 

 

Figure 3. Summary Results. 
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4. Conclusion 

Identify a small number of differentially expressed genes 

for accurate classification of gene samples is essential for the 

development of diagnostic tests. The aim of this paper is to 

examine the identification of differentially expressed genes in 

microarray data. Results reveal that the identification of 

differentially expressed genes by using such kind of different 

statistical methods - two samples mean test (t-test), Bonferroni 

correction and FDR, Renewed method, Wilcoxon signed-rank 

sum test. Additionally PCA and large sample mean test for 

outlier’s detection with simulated data set and gene expression 

microarray real data set. To best of our knowledge, two 

samples mean test (t-test) method is perfectly used to detect 

the differentially expressed genes in microarray data 

according to their accuracy. 
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