
 

 

저 시 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

l 차적 저 물  성할 수 습니다.  

l  저 물  리 목적  할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

http://creativecommons.org/licenses/by/2.0/kr/legalcode
http://creativecommons.org/licenses/by/2.0/kr/


 

이학석사학위논문 

 

Joint identification of differentially expressed 

gene and phenotype associated genes 

 

특정형질과 유의성과  

차별 발현 유전자 공동 판별 

 

 

 

 

2013년 2월 

 

서울대학교 대학원 

협동과정 생물정보학 전공 

조성환 

 



Joint identification of differentially expressed 

gene and phenotype associated genes 

 

지도교수 박태성 

이 논문을 이학석사학위논문으로 제출함 

 

2013년 2월  

 

서울대학교 대학원 

협동과정 생물정보학 전공 

조성환 

 

조성환의 석사학위논문을 인준함 

2013년 2월  

 

위  원  장      김 선 (인) 

부 위 원 장   박 태 성(인) 

위 원         천 종 식(인) 



 

i 

 

Abstract 

 
Samuel Sunghwan Cho 

Interdisciplinary Program in Bioinformatics 

The Graduate School 

Seoul National University 

 

The emergence of a wide variety of new techniques has led to the 

production of diverse types of biological data. Among them 

microarray technology has brought innovative changes in biological 

field and is still most commonly used in various research fields. For 

the last decade, many analytical methods and tools have been 

developed. In general, the detection of differentially expressed 

genes (DEGs) among different treatment groups is often a primary 

purpose of microarray data analysis. In addition, the association 

studies investigating the relationship between genes and the 

phenotype of interest such as survival time became also popular in 

microarray data analysis. Such association analysis provides the list 

of phenotype associated genes (PAGs). In this study, I consider a 

joint identification of DEGs and PAGs in microarray data analyses. 

The first approach is a naïve approach which detects DEGs and 

PAGs separately, and then identifies the intersection genes of PAGs 

and DEGs. The second approach is a hierarchical approach which 

detects DEGs first and then chooses PAGs among DEGs, or visa 

versa. I propose a new model-based approach for a joint 



 

ii 

 

identification of DEGs and PAGs simultaneously. Through a real 

microarray data analysis, I show that our model-based approach 

provides a more powerful result than the naïve approach and the 

hierarchical approach.  

Keyword: Differential expression genes (DEGs), Phenotype 

associated genes (PAGs), Joint identification, association study, 

Linear regression model. 

Student number: 2010-23163 
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1. Introduction 

 

1.1 Microarray technology 
 

The development of various new technologies has greatly 

affected the biological field. Specifically, the advent of microarray 

technology provides a crucial turning point in biological research 

areas (Hal. et al., 2000; Schulze and Downward, 2001; Debouck and 

Goodfellow, 1999; Gershon, 2002). Microarray technology has been 

commonly used for identifying the gene expression patterns in cells 

for thousands of genes simultaneously. Additionally, microarray 

technology continues to improve in performance aspects regarding 

sensitivity and selectivity and in becoming a more economical 

research tool (Heller, 2002). An important emerging medical 

application domain for microarray technology is clinical decision 

support in the form of diagnosis of disease as well as the prediction 

of clinical outcomes in response to treatment (Statnikov. et al., 

2005).  

Recently, the improvement of microarray technology leads to 

development of various platforms. So far, many studies have tried 

to integrate various platforms. For example, the MicroArray Quality 

Control (MAQC) project provided gene expression levels that were 

measured from seven different platforms. MAQC study provided a 

resource representing an important first step toward establishing a 
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framework for the use of microarrays in clinical and regulatory 

settings (MAQC Consortium, 2006). In addition, microarray 

technology has been successfully commercialized, and as results, 

numerous microarray data have been generated. Several studies 

have been performed for the integration analysis of microarray data. 

Meta-analysis was shown to be very powerful in unifying various 

results of gene expression studies (for example, breast cancer,  

Wirapati. et al., 2008). Statistical models such as analysis of 

variance model were shown to be effective in integration analysis to 

identify genes that have different gene expression profiles in the 

presence of many controlling variables (Park. et al., 2006). 
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1.2 DEGs and PAGs 

 

In general, the most common goal of microarray data analysis is to 

identify differentially expressed genes (DEGs). Microarray 

technology allows us to produce expression data of target genes 

more easily than other technologies. Thus, DEGs would become 

more easily detected by microarray technology than before. In real 

data application, causal genes of diseases can be easily obtained by 

discovering DEGs. For the last decade, many statistical methods 

have been extensively proposed such as t-test, significance 

analysis of microarray (SAM) (Tusher et al., 2001), the regression 

modeling approach, the mixture modeling approach (Pan, 2002), and 

local pooled error (LPE) test (Jain N. et al., 2003).  

Among these approaches, a t-test is the most commonly used 

statistical test for comparing means between two groups. It is a 

parametric method which requires a normality assumption. However, 

microarray data rarely satisfy the normal distributional assumption. 

Therefore, a permutation test which does not require such a 

normality assumption is alternatively used to detect DEGs (Dudoit 

et al., 2002; Klebanov. et al., 2001). SAM (Tusher et al., 2001) 
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uses a t-type of statistics using a fudge factor to stabilize the 

variance and it controls the false discovery rate (FDR) (Benjamini 

and Hochberg, 1995). SAM is also a non-parametric analysis which 

does not require a normal distributional assumption. 

The application of microarray technology has also led to diverse 

studies beyond identifying DEGs such as a study examining relation 

between phenotype and expression data. Various phenotypes have 

been used in microarray experiments. For example, the survival 

time was utilized as a phenotype for analyzing the recurrence of 

cancer in the survival analysis (Kantoff. et al., 2010; Newland. et al., 

2006). Several genes associated with the survival time were 

identified. Microsatellite instability (MSI) was utilized as a 

phenotype for a microarray study of colorectal cancer. Since the 

CpG island methylator phenotype (CIMP) is associated with 

microsatellite instability (MSI) and BRAF mutation in colorectal 

cancer (Ogino.et al., 2009), MSI plays an important role in 

colorectal cancer studies. Additionally, subtype of tumor can also be 

an important phenotype. For example, Estrogen Receptor(ER), 

Progesterone Receptor (PR), and HER2 jointly define the subtypes 

of breast cancer. Triple-negative phenotype (ER-negative, PR-
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negative, and HER2-negative) is most commonly used (Bauer. et 

al., 2007).  

I call genes that are associated with a phenotype of interest as 

phenotype associated genes (PAGs). PAGs can be identified by 

regression analysis such as linear regression analysis for the 

continuous phenotypes and Cox regression model for the survival 

time phenotype (Wei, 1992; Lin, 1994). When the phenotype is a 

binary variable representing two groups, identification of PAGs 

becomes equivalent to identification of DEGs. 
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1. 3. Purpose of research 

 

In this article, I focus on the joint identification of DEGs and PAGs 

in microarray data analyses. Our study was motivated from a 

microarray experiment consisting of high fat diet (HFD) and normal 

diet (ND) groups. 10 mice were assigned for each ND group and 

HFD group for microarray experiment. In addition, four phenotypes 

composing of leptin, adiponectin, insuline-like growth factor 1 

(IGF-1) and insulin were extracted from each blood sample. I are 

interested in determining influential genes associated with obesity. 

Thus, I need to identify genes that are both DEGs between HFD and 

ND groups and PAGs for these phenotypes. 

 

Although many approaches have been proposed for the separate 

identification of DEGs and PAGs, only a few approaches are 

available for the joint identification of DEGs and PAGs. In this 

article, I consider the methods for the joint identification and then 

propose a new method.   

The first approach for the joint identification of DEGs and PAGs is a 

naïve approach which detects DEGs and PAGs separately, and then 
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identifies the intersection genes of PAGs and DEGs. The second 

approach is a hierarchical approach (Reiner-benaim.et.al, 2006) 

which detects DEGs first and then chooses PAGs among DEGs, or 

visa versa. Both approaches are two-stage analysis which requires 

separate testing of DEGs and PAGs, and as a result, are not easy to 

control false positive errors. Thus, I propose a new model-based 

approach for a joint identification of DEGs and PAGs simultaneously. 

The model-based approach uses a linear regression model. This 

method is one-stage analysis which has less computing time, is 

easier to control false positive errors, and has higher power than 

naïve and hierarchical approaches. Through a real mice microarray 

data analysis, I compare our model-based approach with naïve and 

hierarchical approaches. 
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2 Materials and Methods 

 

2.1 Data 

  

Microarray data consist of high fat diet (HFD) and normal diet 

(ND) groups to determine influential genes associated with obesity. 

ND is ingested normal fat diet which is made of 11% fat. HFD is 

ingested high fat diet which has 40% of fat. Therefore, I observed 

change in the gene expressions due to obesity and fat proportion. 

10 mice were assigned for each ND group and HFD group. Then, 3 

mice among ND group and 6 mice among HFD group were selected 

for microarray experiment. Finally, I got data which consists of 3 

ND samples and 6 HFD samples, and each sample has 45281 probes. 

Four phenotypes associated with regulating metabolism were 

extracted from the blood sample including leptin, adiponectin, 

insuline-like growth factor 1 (IGF-1) and insulin. Leptin is an 

adipocyte-secreted hormone with a key role in energy homeostasis 

(Brennan and Mantzoros, 2006). IGF-1 is similar in molecular 

structure to insulin. IGF-1 is the important hormone for childhood 

growth. Adiponectin take a role to control glucose levels as well as 

fatty acid breakdown. Insulin is one of the important hormones in 

the metabolism system. 
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2.1 DEG detection 

 

First of all, I detect DEGs by two-sample t-test and permutation 

test. Since the permutation test needs no normality assumption, it 

has been used in many microarray fields and previous studies 

(Dudoit et al., 2002; Klebanov. et al., 2001ref xxx).  

Secondly, Significant Analysis of Microarrays (SAM) (Tusher. et 

al., 2001) is performed to identify DEGs. The SAM method was 

proposed to identify differential expressions from microarray data. 

SAMThis method uses the modified t statistics by adding new a 

fudge factor (  ) to common statistics (     ) as one of the penalized 

methods.    is the estimated standard error from gene  , and    is 

calculated as a percentile based on α. Then, the following test 

statistic is used: 

   
           
     

           

In addition, the SAM method uses the permutation algorithm to 

control False Discovery Rate (FDR) (Benjamini and Hochberg, 

1995). Therefore, I can control FDR more easily than other tests 

such aslike t-test. 
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2. 3.  PAG detection 

 

Linear regression analysis is utilized to determine PAGs. There are 

two treatment groups: ND and HFD. As mentioned earlier, the 

phenotypes of interest consist of leptin, adiponectin, IGF-1 and 

insulin. Then linear regression analysis is performed for each 

phenotype. Two linear regression models are applied to identify 

linear relationship between genes and phenotype:  

                                                  , 

                                         

                  , 

where             represents genes. Group information is 

denoted by Group.             indicates the expression value for 

the  th gene. The first model M1 is to identify the effect of 

expression on the phenotype. The second model M2 is an extension 

of M1 with an additional Group covariate. Since the significance of 

linear relationship between gene and phenotype may be affected by 

group effect, some genes may not have marginal effects on the 

phenotype but may have conditional effects given the group 

information. M1 is for detecting the marginal effect, while M2 is for 
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detecting conditional effect. For example, V1rh4 gene is a non-PAG 

by model M1. However, it is identified as a PAG by model M2 

(Figure 1.). Model M2 is a more appropriate model than M1, when a 

group effect exists. However, model M1 provides PAGs that do not 

depend on the group effect. Thus, both M1 and M2 need to be fitted.  

 In model M1, the expression effect    is the main interest 

explaining the high fat diet effect between the ND group and HFD 

group. In model M2, the group effect    is added.  The PAGs can 

be identified by testing the following hypotheses: 

               

               

Significances of these hypotheses can be tested by calculating F-

statistics for each gene. 
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Figure1. The problem of model M1.  

Model without consider a group effect cannot detect significant 

correlation between phenotype and gene V1rh4 (left). However, if I 

consider a group effect (2), I can identify novel significant 

interaction (right). Y-axis is phenotype value and x-axis is 

expression value. Blue is high fat diet (HFD) group and red is 

normal diet (ND) group 
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2. 4.  Joint identification 

 

Naïve approach 

The naïve approach detects DEGs and PAGs separately, and then 

identifies the intersection genes of PAGs and DEGs. It consists of 

the following two steps: 

Step1. Identifying DEGs and PAGs separately 

Step2. Determining intersection gene sets of DEGs and PAGs 

Hierarchical approach 

The hierarchical approach (Reiner-benaim.et.al, 2006) detects 

DEGs first and then chooses PAGs among DEGs, or visa versa. The 

hierarchical approach consists of two steps: identifying DEGs and 

then detecting PAGs among DEG set, or alternatively, identifying 

PAGs and then detecting DEGs among PAG set. 

Step1. Identifying DEGs  

Step2. Detecting PAGs by linear regression with models M1 and M2 

for the DEGs selected at Step 1 

Both naïve and hierarchical approaches are two-stage analysis 

which requires separate testing of DEGs and PAGs, and as a result, 
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are not straightforward to control false positive errors. Thus, I 

propose a new model-based approach for a joint identification of 

DEGs and PAGs simultaneously. The model-based approach uses a 

linear regression model as follows.  

 

Model-based approach  

I propose a new model M3 to determine DEGs and PAGs 

simultaneously.  

                                                              

        

The proposed model M3 has a different structure from models M1 

and M2. M3 regards Expression as a dependent variable and Group 

and Phenotype as covariates. On the other hand, M1 and M2 treat 

Phenotype as dependent variable. In M3, the group effect    

accounts for the differential expression between ND group and HFD 

group. The phenotype effect    indicates linear relationship 

between gene   and phenotype. In model M3, I am interested in 

identifying DEGs and PAGs at the same time.   

             

I perform a significant test of this hypothesis by calculating F-test 
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for each gene. DEGs and PAGs are determined simultaneously by 

testing    and    in one model. Then, I can detect DEGs and PAGs 

simultaneously by determining significant genes from null 

hypotheses. 

Model M3 provides significant genes as for DEGs and PAGs 

simultaneously. However, I cannot definitely determine genes which 

are identified by group or phenotype effects. Therefore, I need 

post-hoc analysis for phenotype and group. The t-value from 

linear regression analysis is utilized for testing for each effect. In 

post-hoc test,     is used to cut-off p-value as multiple 

comparison (Box et.al., 1978). 

Unlike other joint identification methods, our proposed model does 

not need to identify DEGs and PAGs separately, but jointly identify 

DEGs and PAGs. 
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3. Result 

 

3.1. DEGs 

 

Two-sample t-test, permutation test and SAM method were 

utilized to identify DEGs. T-test didoes not provide any significant 

results after controlling FDR at the 5% level for the multiple 

comparison. Neither Bonferroni correction for the p-values 

provided any significant results at the 5% significance level. Next, I 

obtained significant results at the 5% significance level from the 

permutation test which used adjusted p-values to control family 

wise error rate (Westfall and Young, 1993). Finally, I obtain DEGs 

by nominal p-value from student t-test without multiple 

comparisons. Tthe SAM method provided significant results at the 0% 

median FDR=0. Although SAM provided only a few significant 

genes which only up regulated genes compared to other methods, 

the SAM result is expected to be very reliable because it didoes not 

contain any false positive results (FDR=0). Moreover I obtain 

significant result from permutation test that use adjusting p-value 

to control family wise error rate at α=0.05 (Westfall and Young, 

1993). As a result, the top lists of genes are summarized in three 

statistical methods provide different result (Tables 1 and 2). 
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 Table 1.  Top significant genes list for t-test. 

 

 Table 2.  Top significant probes list for SAM. 

 

 

 

 

 

Gene Symbol p-value q-value 

A230069A22Rik 0.000166 0.930077 

2610018G03Rik 0.00019 0.930077 

Pim3 0.000303 0.930077 

D930042N17Rik 0.000326 0.930077 

Ctns 0.000333 0.930077 

Cib3 0.000374 0.930077 

Gene Symbol q-value 

Tfrc 0 

0 

0 

0 

0 

Tfrc 

Sprr1a 

Cyp4f16 

9030605I04Rik 

Tfrc 
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3. 2. PAGs 

  

  Figure 2 shows the pairwise plot showing correlation coefficients 

among the four phenotypes. They are all highly positively 

correlated. Leptin and insulin have a high correlation coefficient 

(0.836). Both leptin and insulin are well known to be associated 

with body composition (Zoico. et al., 2008), and with BMI and type 

2diabetes (Lacobellis. et al., 2005; Osuna. et al., 2006).  

Models M1 and M2 were employed to detect PAGs for these 

phenotypes. Figure 3 shows the Vendiagram of the number of PAGs 

identified by M1 and M2 at the significance level 1%. Depending on 

the phenotypes, the numbers of overlapped and non-overlapeed 

PAGs differ greatly. Figure 4 shows examples of PAGs. The first 

one is detected only by M1, the second detected by both M1 and 

M2, and the third one detected only by M2. 

 

 

 

 

 

 

 

 



 

19 

 

 

Figure 2. Correlation plot of phenotype.  

Leptin and Insulin show the highest correlation value. IGF-1 and 

ADIPO represent low correlation values with reported to Leptin or 

Insulin. 
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Figure3. The venn diagram of PAG.  

I can found M1 reveals a lot of number of significant PAG. 

Therefore, model M1 should be considered statistical model to 

detect PAG. However, it may have high false positive rate and M2 is 

more appropriate model.  
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Figure 4. The PAG example plots 

The y-axis is phenotype and the x-axis is the expression value. (a) 

detected only by model M1 (2610018G03Rik). (b) detected by 

models M1 and M2 at the same time (1700052N19Rik). (c) 

detected only by model M2 (4921524L21Rik). Blue is high fat diet 

(HFD) group and red is normal diet (ND) group T-test 

 

 

 

 

 

 

 

 

 

 

 



 

22 

 

3. 2. Joint identification 

  

I applied three joint identification methods to the mice microarray 

data. I first applied the naïve approach by comparing the list of 

DEGs and PAGs. I then applied the hierarchical approach by 

detecting DEGs first and then PAGs. Finally, I applied the model-

based approach using model M3. For the purpose of fair comparison, 

I fixed the same level of significance and FDR. Table 3 summarizes 

the numbers of significant genes that are both DEG and PAG. The 

number of significant genes that are identified by the model-based 

approach is greater than those obtained by other methods. However, 

it is difficult to determine whether or not the model-based 

approach produced a more false positive rate is unknown. The top 

lists of genes are summarized in Table 4. 
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Table3. The number of significant genes from joint identification. 

I can see model-based approach provide s shows better power than the naïve approach. Significance 

level is fixed for 5%

 

Joint identification 

method 
the Naïve 

approach 

the Hierarchical 

approach 

(DEG   PAGs) 

model-based approach 

 
PAGs method M1 M2 M1 M2 M3 

Leptin 

T-test 932 124 385 55 

640 SAM 0 0 4 0 

Permutation test 92 90 28 33 

IGF.1 

T-test 41 67 25 29 

171 SAM 0 0 0 0 

Permutation test 95 87 30 42 

Adiponectin 

T-test 0 13 0 1 

124 SAM 0 0 0 0 

Permutation test 97 93 21 23 

Insulin 

T-test 337 130 188 62 

307 SAM 0 0 0 0 

Permutation test 81 88 35 42 
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Leptin Adiponectin 

Gene Symbol P-value Gene Symbol P-value 

Aps-pending 7.77E-05 LOC236170 1.43E-05 

1700028I16Rik 7.89E-05 1700072E05Rik 1.68E-05 

V1rh4 9.96E-05 Asb17 1.95E-05 

Gnptg 0.000113278 Grb10 6.33E-05 

LOC383443 0.000136373 Smyd4 9.62E-05 

LOC231501 0.000172273 1700006J14Rik 0.000124993 

IGF-1 Insulin 

Gene Symbol P-value Gene Symbol P-value 

4930564C03Rik 3.98E-05 Klhdc4 8.84E-05 

Bivm 5.53E-05 9030421J09Rik 0.000103105 

4933400A22Rik 0.000101201 Mphosph8 0.00015379 

D630037D12Rik 0.000108573 D930042N17Rik 0.000155715 

Sfxn3 0.000135788 LOC381996 0.000191544 

Glmn 0.000172726 4930404F20Rik 0.000226355 

Table4. Top gene list from model-based approach. 
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4. Simulation study 

 

In the previous section, we applied three joint identification 

methods to real microarray data. Although the model-based 

approach using model M3 showed a better performance than other 

methods, the comparison based on the number of significant genes 

is rather limited. For a more systematic comparison, we perform an 

extensive simulation study.  We need biological validation to detect 

false positive rate in the result. We perform simulation study 

instead of biological validation for comparing joint identification 

methods.  

First, we generated phenotype data from normal distribution with 

the same mean and variance of real phenotype data. Since 

adiponectin most well followed the normal distribution as 

determined by the normality test (Shapiro and Wilks, 1965), the 

mean and variance of adiponectin were used to simulate phenotype 

data. Then, microarray data were generated from the normal 

distribution and were assumed to be log-transformed. We 

generated 10,000 genes data which consisted of 1,000 DEGs and 

9,000 non-DEGs. In this simulation data, differentially group falls in 

both DEGs and PAGs criteria. To categorize differential expressed 

group and non-differential expressed group, we add effect size (i.e. 

fold-change) to the differentially expressed group. Then, we use 
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linear regression analysis with model M2 to produce PAGs group 

and non-PAGs group. Finally, we obtain the simulation data sets 

which consist of DEGs and non DEGs. 

Simulation data is generated for each effect size from 1 to 5. Then 

we calculate true positive rate and false positive rate for each effect 

size. The model-based approach and the naïve approach with T-

test and linear regression from models M1 and M2 are compared. 

Figure 5 (a) shows the simulation results, x-axis is the effect size, 

and y-axis is true positive rate. The model-based approach 

represents the best performance among the available methods. In 

Figure 5 (b), false positive rate is plotted. The model-based tend 

to have low false positive rate. 
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Figure5. Simulation result. 

The model-based approach shows better power than the naïve 

approach. All joint identification approach tends to provide almost 

zero value of false positive rate.  
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5. Discussion 

 

As the microarray experiment design becomes more complex, a 

more complicated analysis method needs to be developed. In the 

previous microarray studies, either DEGs or PAGs need to be 

identified. However, recent microarray design requires a more 

challenging method in order to detect the genes that are 

simultaneously DEGs and PAGs. Although various methods have 

been proposed for detecting DEGs and PAGs, most of them can 

identify DEGs or PAGs separately. Then, integrating DEGs and 

PAGs tend to have low statistical power.  

In this paper, we propose a statistical model for detecting DEGs and 

PAGs simultaneously. The proposed model is more efficient than 

other naïve methods for the simultaneous identification of DEGs and 

PAGs. Through a real microarray data and simulation studies, the 

proposed model was compared to the other methods and was shown 

to have larger power. In other words, the proposed model provided 

more significant genes than other approaches at the same condition 

(Table 4.).  

Additionally, the proposed approach was flexible and easy to extend. 
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Since our model is linear regression model, it can be extended to 

analysis when there are more than two factors. For example, our 

model can be applied for analyzing of variety clinical covariate at 

the same time. 

Also, four phenotypes were well known that associated with 

regulating metabolism. Thus, a lot of significant genes may be 

associated with regulation function. For example, the Olfr137 gene 

Olfactory receptors interact with odorant molecules in the nose, to 

initiate a neuronal response that triggers the perception of a smell 

(Young et al., 2003; Amadou et al., 2003). The Cntnap4 gene which 

was identified significant gene with adiponectin product belongs to 

the neurexin family, members of which function in the vertebrate 

nervous system as cell adhesion molecules and receptors (Spiegel 

et al., 2002). The Grb10 gene encodes a growth factor receptor-

binding protein that interacts with insulin receptors and insulin-like 

growth-factor receptors (Garfield. et al., 2011). In addition, we can 

found many genes had function of regulating systems by gene 

ontology analysis. 
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Abstract (Korean) 

 

특정형질과 집단간  

유의한 유전자 공동 판별 

 

다양한 기술의 등장에 따라서 다양한 종류의 생물학적 데이터가 

만들어졌다. 그 중에서도 마이크로어레이 기술을 이용한 데이터는 

생물학분야에 중요한 전환점이 되었고, 마이크로어레이 기술이 등장한지 

10년이 넘어가지만 아직도 생물학분야에서는 활발하게 사용되고 있는 

기술이다. 10년동안 이런 마이크로어레이 데이터를 분석하기 위한 

다양한 분석방법과 도구가 개발되어왔다.  

일반적으로 DEGs는 마이크로어레이 데이터를 이용한 연구에서 가장 

주된 연구 주제로 다루어졌다. 게다가 특정형질과 유전자의 발현간의 

간계를 연구하는 연관분석이 성행하면서 다양한 형질들이 연구에서 

사용되었다. 이런 연관분석을 통해서 우리는 특정형질과 관련되어 있는 

유전다, 즉 PAGs(phenotype associated genes)를 찾을 수 있다. 

우리 연구는 마이크로어레이 데이터와 특정형질의 데이터를 이용하여 

DEGs와 PAGs를 동시에 찾는 작업을 수행하였다. 첫번째로 DEGs와 

PAGs를 독립적으로 전체 데이터에서 분별한 후에 이들의 교집합을 

찾는 the niave approach 방법을 사용하였다. 두 번째로는 DEGs를 

먼저 찾고 그 다음 DEGs 중에서 PAGs를 고르는 hierarchical 

approach 를 사용하였다.  

마지막으로 우리는 통계적인 모델을 기반으로 DEGs와 PAGs를 동시에 
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찾는model-based approach 방법을 제안하였다. 실제 마이크로어레이 

데이터와 simulation study를 통해서 우리가 제안한 model-based 

approach 방법과 다른 방법들을 비교 분석 하였다. 

 

Keyword: Differential expression genes (DEGs), Phenotype 

associated genes (PAGs), Joint identification, association study, 

Linear regression model. 

Student number: 2010-23163 
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