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CHAPTER I 

INTRODUCTION 

 

 

1.1  Background and Problem Statement 

The human genome is a set of chromosomes which contain all genetic 

information. It is found in cell’s nucleus. A number of chromosomes are different in 

each organism but similar in same species. There are 46 chromosomes in human. They 

are arranged into 23 pairs by getting one chromosome from mother and the other from 

father. Characteristics of whosehave inherited come from dominant feature, either 

father or mother. Each chromosome is the address of DNA. The DNA 

,deoxyribonucleic acid, consist of deoxyribose, which is sugar unit, link to phosphate 

groups and a nitrogenous base. Two strands of DNA are held by hydrogen bond of 

complementary bases and then form double helix shape of DNA. The sequence of 

bases determines protein synthesis in organism. A main component of human’s body 

is protein. A smallest unit of protein is amino acid which has more than 20 kinds. Each 

type of amino acid is built by determination of different bases sequence in DNA. The 

order of nitrogenous bases in DNA of a human is similar to other human about 99% 

but differences less than 1 % are enough to tell different characteristic of each human 

such as color eye, fingerprint. Most genetic diseases are caused by a mutation of gene 

which changes the base sequence in DNA.  

DNA Microarray technology measures gene expression level of thousands 

gene in one experiment. Gene expression was studied to relation with phenotype. 

Normal and abnormal cells have different expression level. Gene expression data is 

usually classified between normal and disease, or categorized into subgroups by 

building a predictive model from a previous data. The typical problems in analysis are 

a number of variables much more than a number of samples and highly correlate 

between variables. The “large p, small n” problem causes overfitting problem, which 

is a low bias and a large various model. The high correlation of variables problem 

causes collinearlity problem, which is an unreliable model. 
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Classification is often done by logistic regression but it is unsatisfied with 

this data type. There are two reasons for this problem. Firstly, predictive accuracy 

problem causes from overfitting. Second, model interpretability causes from a large 

number of variables. A technique for improving is a model selection. There are many 

kinds of the model selection technique. Subset selection is one of the techniques which 

can solve the model interpretability problem but this technique is a discrete process. If 

data have a little change, the model will have many changes. It may decreases 

performance of the model. Dimension reduction, is another model selection technique, 

can reduce the number of variables but it cannot define the causal variables. Another 

technique of model selection is shrinkage technique. It is an attractive method because 

it selects important variables by shrinking coefficients which are not important toward 

zero. 

Recently, the standard techniques for model selection in genetic studies are 

LASSO and elastic net  which shrink coefficient toward zero and set others to zero by 

constrain optimization. These techniques had been analyzed with DNA microarray 

data and other genetic data such as Single nucleotide polymorphism (SNP). Although, 

these two techniques are popular in nowadays, there is another interested alternative 

technique. The normal exponential gamma had been compared performance with 

ridge, LASSO and elastic net and found that overall performance of NEG distribution 

is the best. The previous study is SNP selection in genome-wide association study. 

Given the current interest in the NEG distribution, this study will evaluate the 

performance of the NEG distribution, LASSO and elastic net in DNA microarray 

classification.  

 

 

1.2  Objectives 

To evaluate the performance of the normal exponential gamma(NEG) 

distribution, the double exponential (DE)distribution, LASSO and elastic net on 

microarray classification. 
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1.3  Scope of Work 

This research is performance comparison of variable selection in DNA 

microarray binary classification between NEG distribution, LASSO, elastic net and 

DE distribution. The real gene expression level data were used in this research. Three 

datasets were leukemia microarray, lung cancer microarray and prostate cancer 

microarray. The performance was measured by predictive accuracy, deviance, the 

number of selected variable and computational time. 

 

 

1.4 Result 

The normal exponential gamma (NEG) distribution had performance better 

than LASSO,elastic net and DE distribution in selecting variables which are related to 

disease. 
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CHAPTER II 

LITERATURE REVIEW 

 

 

Over the past few decades, medical technology has been rapidly 

developed. Many people can overcome serious diseases. Scientists do not only find 

how to treat, but also find how to prevent the disease. Most common diseases, such as 

heart disease, cancer, diabetes, are multifactorial diseases which have multiple causes. 

One of the most common causes is a genetic change which might develop the disease. 

Microarray technology measures genes expression level that different types of cells 

may show different levels. There are a lot of genes expression levels that were 

measured in an experiment. It induced problems in data analysis process because there 

are many variables and data has collinearlity. Many methods for genetic data analysis 

were developed. 

Literature review in this chapter consists of five parts. (1) Genetics (2) 

Microarray technology (3) Model selection (4) Shrinkage technique 

 

 

2.1  Genetics 

Genetics is the study about of heredity, including genes structure and 

function to cells. A main functional unit of heredity is gene. Genes consist of DNA 

which is instruction to determine a molecule synthesis. It is found that the sequence of 

DNA bases involve to genetic variation of organism. Human genes are estimated 

about 20,000 to 25,000 genes. One person is inherited a copy of gene from parent. A 

half of copy gets from father and the other get from mother. Most genes of a person 

are similar to others. There are about one percent of total genes that are different in 

each person. 

Human body is composed of millions of cells. These cells are basic 

structure of organs of body. Cells contain various organelles, including the hereditary 

material. DNA, deoxyribonucleic acid, is the hereditary material which is located in 
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cell nucleus. DNA is composed of nucleotides which have four different nitrogenous 

bases. The four bases are adenine (A), guanine (G), cytosine(C) and thymine(T). The 

hereditary information of DNA is collected as if a code.  The different sequence of 

nitrogenous bases affect to formation of the different genetic code. DNA has double 

helix structure which is generated from two stands of nucleotides. 

 

 
Figure 2.1DNA structure 

Chromosome is a packed DNA. The DNA tightly coiled many times and 

packed into chromosome. There are forty-six chromosomes in human. Forty-four 

chromosomes called autosomes which are the same both male and female. The other 

one pair chromosome is sex chromosome. 
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Figure 2.2Chromosome structure 

The main components of human body are proteins which play a critical 

role for human living. DNA sequences control the phenotypes through protein. The 

DNA sequence specifies amino acids type, which are the smallest units of protein and 

involves to the structure and function of protein. Genes regulate expression of cells in 

the body. If genes become abnormal genes, they will involve cell function. 

The most common cause of changing of gene sequences is mutation. The 

gene mutation is an irreversible change of base sequences within gene. The mutation 

may be inherited by parent or acquired later. The inherited mutation affects to every 

cell of person’s body and may make person be genetic disorder. The acquired mutation 

affects to some cells and some person’s lifetime. The cause of acquired mutation has 

not surely known. It is believed that may cause from environmental factor, such as 

chemical agent, radiation or may cause from mistake in DNA copy process. In normal 

situation, genes determine protein synthesis so that human body can normally 

function. If mutation occurs, abnormal genes may instruct malfunction in protein 

synthesis. The genetic code can be interpreted by measurement of gene expression 

level. A normal cell has different expression level from abnormal cell. 

 

 

2.2Microarray technology 

Microarray technology is a modern technology which has been attracted 

from researchers. This technology simultaneously measures thousands gene 

expression level in an experiment. Microarrays have been applied in many studies. 
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There are two major objectives of microarray studies. First, microarray data has been 

created predictive model. The predictive model is fitted by using previous microarray 

data and classifies new data. Second, this data type has been used to detect pattern. 

The pattern-detection methods screen for interesting relationships. 

The genes-to-protein transformation has two steps. Transcription is the 

first step to transform DNA to RNA. Translation is the second step to transform RNA 

to protein. The gene expression means whole steps of genes-to-protein transformation.  

The data analysis of DNA microarray is a complex process because an 

important characteristic of this data is a high dimension matrix which has many real 

numbers. Furthermore, the DNA microarray has many thousands of genes and always 

has few samples. It leads to overfitting problem. The overfitting problem was occurred 

when the amounts of variables more than the amounts of samples. Besides the above 

problem, collinearlity is an important problem in DNA microarray analysis because of 

genes sharing biological pathway. 

 

 

2.3Model selection 

Logistic regression is a common method for data classification which is a 

qualitative response. A classification was done by fitting model which often uses 

logistic regression. To fitting model must estimate coefficient values. There are many 

methods for estimating coefficients. One of the popular methods is OLS. The ordinary 

least squares (OLS) estimates perform by minimizing the residual squared error. The 

outstanding problems of using OLS are predictive accuracy and model interpretability. 

The predictive accuracy was not good for OLS estimates because OLS estimates often 

have low bias and high variance. It tends to overfitting problem which has high 

accuracy to training data but gives low accuracy to other data. The model 

interpretability of OLS estimates were not satisfied because there are many variables. 

It was difficult to identify that which variables affect to response.  

Model selection is a method for solving these problems. It was divided 

into three techniques. 
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2.3.1 Subset selection  

This method identifies a subset of the variable which is believed that 

associate to response. It can solve a model interpretability problem but it cannot solve 

the predictive accuracy because this method is discrete process. If the training data has 

change, the model will have many changes. It leads that model is not stable.  

 

2.3.2 Dimension reduction  

This method transforms data to other dimension and uses some part of the 

transformed data to fitting model. It cannot solve the model interpretability problem 

because it cannot identify that which variables are important variables. 

 

2.3.3 Shrinkage technique 

This method shrinks coefficient values of variables which have not 

association with response toward zero but variables that are important slightly shrinks 

coefficient values. 

 

 

2.4Shrinkage technique 

Shrinkage technique reduces coefficients by constrain optimization. 

Traditional technique is a ridge regression which uses continuous process. It builds 

more stable model than subset selection but coefficients of model are not toward zero 

so the model is still not easy to interpret. Later, the least absolute shrinkage and 

selection operation (LASSO) are presented. It shrinks some coefficients and set other 

to zero, while casual variables automatic select into the model. An outstanding 

advantage of LASSO is to coefficients can be set to zero. The LASSO has still a 

limitation. If variables highly correlate, it will select only one variable in that group.  

Afterwards, the elastic netis developed for solving this problem. It also shrinks some 

associated coefficients and selects them into the model. Other non- casual variables 

are set to zero. A good feature of elastic net is variable grouping in highly correlate. 

This technique is hybrid between ridge regression and LASSO. In the most previous 

studies, the elastic net has performance better than the LASSO. After, some 

researchers try to develop the LASSO by eliminating weakness of LASSO. The group 
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LASSO can perform same as the LASSO but it can group variables. It has still 

limitation of grouping variables. The initial information about grouping structure is 

limitation of the group LASSO. Then, the OSCAR has been developed to solving the 

initial data requirement. Octagonal shrinkage and clustering algorithm for regression 

(OSCAR) simultaneously selects variables while grouping predictive cluster. It is not 

require the initial information but the previous study found that the performance was 

not different from the elastic net. Recently, the normal exponential gamma distribution 

(NEG distribution) has been developed. It is a Bayesian-inspired penalized maximum 

likelihood approach .It use NEG distribution prior, which has a sharper peak at zero 

and heavier tails. The sharp peak at zero will have a few numbers of selected variables 

and the heavy tail will little shrink coefficients of causal variables. It may benefit to 

variable selection because the ideal variable selection should have a little number of 

causal variables which select into the model. 

 

2.4.1 Ridge regression 

Ridge regression is similar to ordinary least square (OLS) estimates but 

ridge regression has a regularization term while the OLS has not. The regularization 

term affects to estimating coefficients of selected variables. The coefficients were 

estimated by minimizing a slightly quantity. 

௥௜ௗ௚௘ߚ =  ݉݅݊ఉ ൞෍ ቌݕ௜ − ଴ߚ − ෍ ௝௣ߚ
௝ୀଵ ௜௝ቍଶ௡ݔ

௜ୀଵ +  ෍ ௝ଶ௣ߚ
௝ୀଵ ൢ 

or 

 

௥௜ௗ௚௘ߚ =  ݉݅݊ఉ ൞෍ ቌݕ௜ − ଴ߚ − ෍ ௝௣ߚ
௝ୀଵ ௜௝ቍଶ௡ݔ

௜ୀଵ ൢ ෍ ݋ݐ ݐ݆ܾܿ݁ݑݏ    ௣ ݐ ௝ଶߚ
௝ୀଵ  
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Figure 2.3Constraint region of ridge regression 

From the figure 2.3, the blue area is a constraint region for ridge regression 

while the red ellipse is the contours of RSS (objective function). The constraint region 

represents circle. 

A tuning parameter is turned on by setting lambda parameter > 0. The 

regularization term (or called a shrinkage penalty) of ridge regression is  ∑ ௝ଶ௣௝ୀଵߚ   

and the other part of this equivalence is called RSS (∑ ൫ݕ௜ − ଴ߚ − ∑ ௝௣௝ୀଵߚ ௜௝൯ଶ)௡௜ୀଵݔ .  

The ridge regression estimates coefficient values by minimizing RSS. If lambda equal 

zero, the ridge regression will become OLS. When lambda increases, the ridge 

regression fit will decrease and will decrease variance.   The ridge regression can solve 

the predictive accuracy because it is a continuous process. The model interpretability 

still is a problem of ridge regression due to it cannot shrink and set coefficient values 

to exactly zero. 

 

2.4.2 LASSO 

The LASSO estimates coefficients by constraint optimization same as the 

ridge regression but it was developed to overcome the limitation of ridge regression. 

The LASSO can set coefficients to zero. This advantage leads to solve the model 

interpretability.  

௟௔௦௦௢ߚ =  minఉ ൞෍ ቌݕ௜ − ଴ߚ  − ෍ ௝௣ߚ
௝ୀଵ ௜௝ቍଶݔ +  ෍หߚ௝ห௣

௝ୀଵ
௡

௜ୀଵ ൢ 

or 
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௟௔௦௦௢ߚ =  ݉݅݊ఉ ൞෍ ቌݕ௜ − ଴ߚ − ෍ ௝௣ߚ
௝ୀଵ ௜௝ቍଶ௡ݔ

௜ୀଵ ൢ ௝ห௣ߚ෍ห ݋ݐ ݐ݆ܾܿ݁ݑݏ   
௝ୀଵ ≤  ݐ

The formulation of LASSO is similar to ridge regression. The difference is 

regularization term or shrinkage penalty. The formulation of LASSO, ߚ௝ଶ was replaced 

by หߚ௝ห. The LASSO simultaneously does variable selection and shrinkage. 

 

Figure 2.4Constraint region of LASSO. 

From the figure 2.4, the blue area is a constraint region for LASSO while 

the red ellipse is the contours of RSS (objective function). The constraint region 

represents diamond shape. It is believed that the contours of RSS will meet the first 

point of constraint region at corners so the contours of RSS might often meet the 

diamond-shape constrain region.  

Although, the LASSO can solve both the predictive accuracy and model 

interpretability problem, it still has some limitations as follow: 

1. When many more variables than samples, the LASSO has been limited 

the number of selected variables because of the nature of the convex optimization. It 

cannot select more the number of variables than the number of samples. 

2. In case variables have high correlate together, the LASSO will select 

only one variable from that group. 

3. If data has more the number of samples than the number of variables 

and variables have high correlate together, it has observed that the ridge regression 

will have better performance than the LASSO.   
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2.4.3 Elastic net 

The elastic net is hybrid between the ridge regression and the LASSO. It 

shrinks some coefficients of variables and sets other to zero as the LASSO. It also 

automatically selects variables. 

 

௘௟௔௦௧௜௖ ௡௘௧ߚ =  minఉ ൞෍ ቌݕ௜ − ଴ߚ  − ෍ ௝௣ߚ
௝ୀଵ ௜௝ቍଶݔ +  ෍ ൬ሺ1 − ௝หߚห(ߙ + ௝หଶ൰௣ߚหߙ

௝ୀଵ
௡

௜ୀଵ ൢ 

or 

 

௟௔௦௦௢௘௟௔௦௧௜௖ ௡௘௧ߚ = ݉݅݊ఉ ൞෍ ቌݕ௜ − ଴ߚ − ෍ ௝௣ߚ
௝ୀଵ ௜௝ቍଶ௡ݔ

௜ୀଵ ൢ ݋ݐ ݐ݆ܾܿ݁ݑݏ  ෍ ൬ሺ1 − ௝หߚห(ߙ + ௝หଶ൰௣ߚหߙ
௝ୀଵ ≤  ݐ

 

The elastic net was developed to solving the limitation of the LASSO. The 

outstanding advantage of the elastic net is variable grouping. It was said that this 

method suits for highly correlate data. 

 

 

 

 

 

 

 

 Figure 2.5Constraint region of elastic net. 

From the figure 2.5, the red shape has shown a constraint region for the 

elastic net. The constraint region represents a shape between the constraint region of 

LASSO and ridge regression. The shape will change follow the alpha. 

 

2.4.4 Group LASSO 

The group LASSO was developed for solving the one of limitation of 

LASSO. When variables have highly correlated together, the LASSO will select only 
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one variable from group. The group LASSO can group variables but this method still 

has a limitation. It requires initial information about grouping structure. 

 

2.4.5 Octagonal shrinkage and clustering algorithm for regression 

(OSCAR) 

The OSCAR does simultaneously select variables while supervised 

clustering on the important variables. This method does not require initial information 

same as the group LASSO. 

 

Figure 2.6Constraint region of OSCAR. 

 

2.4.6  The normal exponential gamma (NEG) distribution  

This method is Bayesian-inspired. It is not full Bayesian theory. The NEG 

distribution seeks only the posterior mode by using maximization algorithm for 

strongly associated variables. If variables may be not associated, the posterior mode of 

the coefficient of variables will be zero. 

This method uses the normal exponential gamma distribution (NEG) 

which is a shrinkage prior distribution. The important characteristics of NEG 

distribution are a sharper peak at zero and a heavier tails. The sharper peak will select 

few variables to the model. It agrees with the belief that there are few causal variables. 

The heavier tails will shrink little coefficient values of selected variables. 
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Figure 2.7Constraint region of NEG distribution 

From figure 2.7, the NEG distribution compares with DE distribution. The 

NEG shows sharper peak and heavier tail than DE distribution. 

 

2.4.7 The double exponential (DE) distribution  

This method is Bayesian-inspired same as the NEG distribution but it uses 

the double exponential distribution (DE) which is a shrinkage prior distribution.  

In a Bayesian viewpoint, the coefficients of variables in a model have 

some prior distribution. When multiplying the prior distribution by using likelihood, it 

will give the posterior distribution.  

It was proved that the LASSO is the posterior mode for coefficients under 

a double exponential prior. 

 

 



Fac. of Grad. Studies, Mahidol Univ.         M.Sc. (Technology of Information System Management) /15 

 

CHAPTER III 

RESEARCH METHODOLOGY 

 

 

3.1 Material 

 

3.1.1 Leukemia dataset  

Gene expression data of leukemia microarray study were classified into 

two groups: AML and ALL. There were 7,129 variables (genes). The whole data were 

divided to 38 samples for train set and 34 samples for test set. 

 

3.1.2 Lung cancer dataset  

Gene expression data of lung cancer microarray study were classified into 

two groups: mesothelioma and ADCA. There were 12,533 variables (genes). The 

whole data were divided to 32 samples for train set and 149 samples for test set. 

 

3.1.3 Prostate cancer dataset  

Gene expression data of prostate cancer microarray study were classified 

into two groups: tumor and normal. There were 12,600 variables (genes). The whole 

data were divided to 102 samples for train set and 34 samples for test set. 

 

 

3.2 Method 

Case/ control studies are always analyzed by logistic regression that has a 

form of equation 

TX
XY

XY





)|0Pr(

)|1Pr(
log  

When X is a matrix of predictive variable which has n×(p+1) size ,Y is a 

dichotomous phenotype vector and  is a vector of model’s coefficient. 
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Thecoefficientsare typicallydetermined by maximum likelihood estimation that has 

log-likelihood equation, 

1

( ) log(1 exp( ))
n

T T
i i i

i

L y B X B X


    

In genetic study, to find associate between disease and variables such as 

genotype, gene expression often encounter problems due to the number of variables 

much more than the number of samples. This problem may lead to overfitting 

problem. Moreover, the data which come from gene studies usually correlate between 

each variable and lead to collinearlity problem. The standard logistic regression 

cannot produce a suitable predictive model. Penalized logistic regression methods, 

which estimate coefficient while select variables, are attractive methods. 

 

3.2.1 Least Absolute Shrinkage and Selection Operator (LASSO) 

The LASSO is a type of penalized regression method which shrinks some 

coefficients and automatic selects into the model while sets others to zero. The 

LASSOlogistic regression estimates parameter by 

௟௔௦௦௢ߚ = minఉ ቐ෍൫ݕ௜ log ℎሺ்ܺߚ) + ሺ1 − (௜ݕ log൫1 − ℎሺ்ܺߚ)൯൯ே
௝ୀଵ ቑ 

and ℎሺݖ) =  11 + ݁ି௭ 

subject to, 

෍หߚ௝ห௣
 ௝ୀଵ  

where, is a coefficient of model and N is the number of samples. 

 

3.2.2 Elastic net 

The elastic net is another type of penalized regression method which also 

shrinks some coefficients, sets other to zero and selects variables but it can group 

variables. The elastic net logistic regression estimates parameter by 
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௘௟௔௦௧௜௖ ௡௘௧ߚ = minఉ ቐ෍൫ݕ௜ log ℎሺ்ܺߚ) + ሺ1 − (௜ݕ log൫1 − ℎሺ்ܺߚ)൯൯ே
௝ୀଵ ቑ 

and ℎሺݖ) =  11 + ݁ି௭ 

subject to, 

෍൫ߚߙ௝ଶ +  ሺ1 − ௝ห൯௣ߚห(ߙ
 ௝ୀଵ  

where,  is a coefficient of model, N is the number of samples and  is a 

value for tuning parameter. 

 

3.2.3 Normal Exponential- Distribution (NEG Distribution) 

The NEG distribution is a Bayesian-inspired method, which finds the 

posterior mode from defining prior distribution. The NEG distribution has a sharper 

peak at zero and heavier tails more than double exponential distribution (DE), which is 

proven that it is similar to LASSO. The NEG distribution can be represented 

















  



  122

2

4
exp),|( DkNEG  

where  and are shape and scale parameters, k is a integrating constant 

and D is a parabolic cylinder function. When  and  increase, the NEG distribution 

will be changed to DE distribution. The posterior logarithms in Bayes theorem can be 

represented 

const)()(),|(log   fLyXp , 

where L is the log-likelihood for a logistic regression model, (.) is  minus 

the log-prior density. The minus sign of (.) shows this function penalizes the complex 

model. The estimator finds to maximize a penalized log-likelihood. The expectation–

maximization (EM) algorithm was used in linear regression but this study is designed 

for logistic regression. Therefore, Newton’s method is used instead.  

( ) ( )

( ) ( )
new
j j

L f

L f

  
 

 
 

 
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3.3 Evaluation method 

A good predictive model for classification must have a minimal test error 

to new data so fitting the model should have an error control method. The K-fold 

cross-validation is a randomly resampling into k size then brings this data to fit a 

model and remaining data is used to calculate cross-validation error. The K-fold cross-

validation is used in the LASSO and elastic net. The type-I error control is used in the 

NEG distribution. 

 

3.3.1 LASSO 

1) Gene expression data was separated into two groups. Frist data set is 

train set for fitting model. The other is test set for evaluating test error. 

2) The train set was used for cross-validation to tuning parameter 

(lambda).  

3) A lambda was selected for tuning parameter that builds the least 

complicated model. The selected lambda should be a value which gives a smallest 

deviance (a cross-validation error) or a smallest plus one standard error deviance of 

the model.  

4) The model was fit from a selected lambda. 

5) The test set was predicted in the model. 

6) The model was evaluated by measuring a deviance (a test error) , a 

number of selected variables , a predictive accuracy and time. 

 

3.3.2 Elastic net 

1) Gene expression data was separated into two groups. Frist data set is 

train set for fitting model. The other is test set for evaluating test error. 

2) The train set was used for cross-validation to tuning parameter.  

3) An alpha was selected to fitting a model which has a smallest plus one 

standard deviation deviance. 

4) A lambda was selected for tuning parameter that builds the least 

complicated model. The selected lambda should be a value which gives a smallest 

deviance (a cross-validation error) or a smallest plus one standard error deviance of 

the model.  
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5) The model was fit from a selected lambda. 

6) The test set was predicted in the model. 

7)The model was evaluated by measuring a deviance (a test error), a 

number of selected variables and a predictive accuracy. 

 

3.3.3 NEG distribution 

1) Gene expression data was separated into two groups. Frist data set is 

train set for fitting model. The other is test set for evaluating test error. 

2) The train set was built the model by controlling type-I error. 

3) A shape and scale parameter were selected to fitting a model  

4)The test set was predicted in the model. 

5)The model was evaluated by measuring a deviance (a test error), a 

number of selected variables and a predictive accuracy 

 

3.3.4 DE distribution 

1) Gene expression data was separatedinto two groups. Frist data set is 

train set for fitting model. The other is test set for evaluating test error. 

2) The train set was built the model by controlling type-I error. 

3) A lambda parameter was selected to fitting a model  

4)The test set was predicted in the model. 

5)The model wasevaluated by measuring a deviance (a test error), a 

number of selected variables and a predictive accuracy 
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CHAPTER IV 

RESULTS AND DISCUSSION 

 

 

The performance of the normal exponential gamma (NEG) distribution, 

the double exponential (DE) distribution,LASSO, elastic net and DE distribution 

logistic regression were compared in real data of DNA microarray. There are three 

datasets in this experiment. First, leukemia microarray data was classified into two 

groups; ALL and AML. Second, lung cancer microarray data was classified into two 

groups; mesothelioma and ADCA. Third, prostate cancer microarray data was 

classified into two groups; tumor and normal.  

The performances of all methods were evaluated by measuring the number 

of selected variables, predictive accuracy, deviance and computational time. The 

experiment was repeated 30 times in all methods and all datasets. Then values were 

compared by using paired sample t-test. All methods were paired to compare 

performances in each datasets. Paired t-test compares mean between two methods. If 

the p-value more than 0.05, it shows that two mean values is not difference. 
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4.1  Tuning parameter 

A shrinkage method was tuned parameters and selected a suitable 

parameter for fitting model. 

 

Table 4.1  summary of tuning parameter between DE, LASSO, NEG and elastic net 

 

Dataset parameter DE LASSO NEG Elastic net 

Leukemia lambda 0.1 0.123 0.1 0.1617 

 alpha - - - 0.3 

 shape - - 0.1 - 

Lung cancer lambda 0.1 0.00078 0.1 0.0013 

 alpha - - - 0.9 

 shape - - 0.1 - 

Prostate 

cancer 
lambda 

0.1 0.0348 0.1 0.0386 

 alpha - - - 0.9 

 shape - - 0.1 - 

 

 

4.2Performance 

When a predictive model was created from training set data, the model 

was evaluated performance by measuring the number of selected variables, predictive 

accuracy, deviance and computational time. 
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4.2.1  Leukemia microarray dataset 

4.2.1.1  DE distribution 

 

Table  4.2Performance of DE distribution in leukemia 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 25 0.052 0.4396 88.2353 18.5416
2 25 0.052 0.4412 91.1765 17.4094
3 25 0.052 0.4398 88.2353 16.269 
4 24 0.052 0.4399 91.1765 15.4716
5 24 0.052 0.4403 91.1765 16.2095
6 24 0.052 0.4406 88.2353 18.3986
7 23 0.052 0.4394 91.1765 17.2146
8 24 0.052 0.4409 88.2353 16.8856
9 21 0.052 0.4404 88.2353 17.3951

10 26 0.052 0.4393 91.1765 16.5052
11 25 0.052 0.4404 88.2353 17.4992
12 27 0.052 0.438 94.1176 15.9804
13 23 0.052 0.4393 91.1765 16.6021
14 24 0.052 0.4417 88.2353 17.7906
15 24 0.052 0.4405 91.1765 16.1582
16 26 0.052 0.4398 91.1765 16.9872
17 24 0.052 0.4391 91.1765 17.5861
18 21 0.052 0.4399 91.1765 16.838
19 23 0.052 0.4395 88.2353 17.6303
20 21 0.052 0.4393 88.2353 17.4648
21 22 0.052 0.4395 88.2353 19.2666
22 24 0.052 0.4391 91.1765 16.6654
23 25 0.052 0.4401 88.2353 17.3669
24 26 0.052 0.4375 91.1765 16.0465
25 26 0.052 0.4404 88.2353 18.9069
26 27 0.052 0.4405 91.1765 16.7942
27 22 0.052 0.4405 88.2353 17.4851
28 26 0.052 0.4403 91.1765 15.9638
29 25 0.052 0.4404 91.1765 17.18
30 24 0.052 0.4401 91.1765 15.0019
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4.2.1.2  LASSO 

 

Table  4.3Performance of LASSO in leukemia 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 10 4.07 24.1975 73.5294 30.9337
2 5 3.97 32.0101 70.5882 35.7578
3 9 4.80 25.2513 73.5294 33.1021
4 14 4.34 14.078 88.2353 20.8129
5 14 4.23 15.5777 88.2353 20.6396
6 10 4.65 23.0276 73.5294 30.9337
7 7 4.34 25.6379 70.5882 34.5688
8 10 4.45 23.5401 73.5294 30.9337
9 17 4.23 8.2535 88.2353 19.5402

10 9 4.75 23.9318 73.5294 33.1021
11 9 4.45 23.9369 73.5294 33.1021
12 6 4.23 31.6507 70.5882 34.8379
13 11 3.98 20.1419 79.4118 27.6216
14 12 3.89 21.3398 79.4118 26.1635
15 9 4.45 23.7264 73.5294 33.1021
16 11 4.23 22.3442 79.4118 29.1509
17 9 4.12 24.2324 73.5294 33.1021
18 7 4.23 27.2873 70.5882 34.5688
19 9 4.23 23.6341 73.5294 33.1021
20 14 4.12 13.5251 88.2353 20.2209
21 11 4.56 22.4842 79.4118 29.1509
22 7 4.67 28.8765 70.5882 34.5688
23 9 4.78 23.3966 73.5294 33.1021
24 10 4.87 22.8963 73.5294 30.9337
25 14 4.66 11.3732 88.2353 20.1714
26 11 4.98 22.1688 79.4118 29.1509
27 6 4.89 25.9674 70.5882 34.8379
28 9 4.34 26.3177 73.5294 33.1021
29 9 4.56 25.3941 73.5294 33.1021
30 9 4.12 27.4609 73.5294 33.1021
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4.2.1.3  NEG distribution 

 

Table  4.4Performance of NEG distribution in leukemia 

 

Iteration Nonzero 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 9 0.151333 0.3867 94.1176 14.6676
2 13 0.151333 0.3798 94.1176 15.2617
3 15 0.151333 0.3792 94.1176 15.1537
4 14 0.151333 0.3799 97.0588 14.5962
5 15 0.151333 0.3787 94.1176 15.1432
6 8 0.151333 0.3868 94.1176 14.7273
7 14 0.151333 0.3787 94.1176 15.2861
8 13 0.151333 0.3784 94.1176 15.067
9 13 0.151333 0.379 94.1176 15.3194

10 16 0.151333 0.3746 97.0588 12.9487
11 12 0.151333 0.3754 97.0588 12.933
12 14 0.151333 0.3781 94.1176 15.3426
13 15 0.151333 0.3783 94.1176 15.2286
14 13 0.151333 0.382 94.1176 14.868
15 11 0.151333 0.3824 94.1176 14.8943
16 15 0.151333 0.3785 94.1176 15.2169
17 13 0.151333 0.3796 94.1176 15.2853
18 14 0.151333 0.379 94.1176 15.2655
19 8 0.151333 0.3844 94.1176 15.0698
20 14 0.151333 0.3787 94.1176 15.1611
21 12 0.151333 0.3791 94.1176 15.1974
22 14 0.151333 0.3806 94.1176 14.85
23 7 0.151333 0.3871 94.1176 14.6254
24 14 0.151333 0.379 94.1176 15.1111
25 14 0.151333 0.379 94.1176 15.1655
26 18 0.151333 0.3782 97.0588 14.776
27 13 0.151333 0.3788 94.1176 15.1333
28 14 0.151333 0.3817 94.1176 14.7369
29 13 0.151333 0.3788 97.0588 14.8161
30 11 0.151333 0.3821 94.1176 14.9553
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4.2.1.4  elastic net 

Table  4.5Tuning alpha parameter of elastic net in leukemia 

Alpha 
No. of 

variables 
Train 

Accuracy
Train Deviance (min+1SE) 

0.2 115 100 19.790 
0.3 86 100 18.433 
0.4 56 100 19.120 
0.5 33 100 20.581 
0.6 20 100 23.398 
0.7 18 100 24.196 
0.8 13 100 26.119 
0.9 11 100 25.798 

 

Table  4.6Performance of elastic net in leukemia 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 86 12.60 16.9129 82.3529 19.9814
2 70 8.57 20.3859 79.4118 22.2707
3 90 8.83 16.0595 85.2941 18.721
4 77 8.75 16.8179 82.3529 21.2601
5 88 8.89 15.08 85.2941 19.3095
6 95 9.01 13.4443 85.2941 16.8982
7 70 8.45 18.5479 79.4118 22.2707
8 90 8.23 15.0195 85.2941 18.721
9 88 9.12 15.9839 85.2941 19.3095

10 91 9.03 14.7782 85.2941 18.2067
11 95 8.45 13.7622 85.2941 16.8982
12 93 8.78 16.5678 85.2941 17.2971
13 79 8.98 17.2652 82.3529 20.7692
14 74 9.34 19.7044 82.3529 21.7572
15 70 9.78 18.2253 79.4118 22.2707
16 90 8.90 15.9575 85.2941 18.721
17 74 9.45 18.3529 82.3529 21.7572
18 77 9.03 18.1996 82.3529 21.2601
19 77 9.06 18.0603 82.3529 21.2601
20 62 8.23 21.5353 76.4706 23.4517
21 79 9.50 17.1045 82.3529 20.7692
22 91 8.23 16.3941 85.2941 18.2067
23 86 8.67 15.9278 82.3529 19.9814
24 86 9.23 16.4098 82.3529 19.9814
25 62 8.32 20.0688 76.4706 23.4517
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Iteration 
No. of 

variables 
Time  

(min.)
Train 

Deviance
Test 

Accuracy 
Test 

Deviance
26 67 9.14 19.471 79.4118 22.8101
27 79 8.45 17.1721 82.3529 20.7692
28 90 9.12 16.9844 85.2941 18.721
29 102 8.45 12.962 85.2941 15.5662
30 79 9.54 19.7445 82.3529 20.7692

 

4.2.2  Lung cancer microarray dataset 

4.2.2.1  DE distribution 

 

Table  4.7Performance of DE distribution in lung cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 14 0.115333 0.2614 96.6443 24.3095
2 16 0.115333 0.2605 95.302 24.5153
3 15 0.115333 0.261 95.302 23.3561
4 15 0.115333 0.2607 95.302 24.2399
5 14 0.115333 0.2612 95.302 24.2682
6 15 0.115333 0.263 96.6443 26.3998
7 15 0.115333 0.2597 95.302 23.0089
8 16 0.115333 0.2603 96.6443 23.6914
9 14 0.115333 0.26 95.302 23.8844

10 13 0.115333 0.2616 95.302 23.9381
11 15 0.115333 0.259 95.302 23.673
12 13 0.115333 0.2591 95.302 23.985
13 11 0.115333 0.2625 94.6309 25.009
14 14 0.115333 0.2622 95.302 24.3892
15 15 0.115333 0.2616 96.6443 25.0668
16 15 0.115333 0.2604 96.6443 23.6981
17 14 0.115333 0.2603 95.302 23.3999
18 14 0.115333 0.2613 96.6443 26.1627
19 15 0.115333 0.2622 95.9732 27.164
20 14 0.115333 0.2618 96.6443 24.9919
21 14 0.115333 0.2613 96.6443 25.8785
22 14 0.115333 0.2628 96.6443 22.6839
23 16 0.115333 0.2617 96.6443 26.9024
24 14 0.115333 0.2631 95.302 25.8649
25 14 0.115333 0.2629 95.302 23.7587
26 15 0.115333 0.2602 95.302 24.2306
27 16 0.115333 0.2596 96.6443 25.622
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Iteration 
No. of 

variables 
Time  

(min.)
Train 

Deviance
Test 

Accuracy 
Test 

Deviance
28 15 0.115333 0.2615 95.302 25.0188
29 18 0.115333 0.2604 96.6443 26.3877
30 14 0.115333 0.2619 96.6443 27.6271

 

4.2.2.2  LASSO 

 

Table  4.8Performance of LASSO in lung cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 16 6.55 0.3584 95.9732 23.9242
2 16 5.27 1.6306 95.302 23.6456
3 17 6.08 0.8481 95.9732 24.2121
4 17 5.34 0.3529 95.9732 24.1099
5 15 6.23 0.6627 95.302 23.6619
6 16 6.34 0.4249 95.9732 23.9242
7 15 5.56 1.4938 95.302 23.4924
8 16 5.34 0.9433 95.302 23.4504
9 16 6.23 0.9348 95.302 23.7223

10 15 6.45 1.8724 95.302 24.1973
11 16 5.54 0.6242 95.302 23.8488
12 17 6.76 0.2479 95.9732 24.3205
13 17 5.34 0.2383 95.9732 24.1099
14 15 5.42 4.3332 95.302 28.4616
15 15 5.12 0.7819 95.302 23.4924
16 16 6.45 0.9386 95.302 23.7821
17 16 6.12 0.3588 95.9732 23.9242
18 16 6.55 0.9214 95.302 23.8488
19 15 7.02 1.3309 95.302 23.5575
20 15 5.45 1.5192 95.302 23.4924
21 16 6.23 1.1639 95.302 23.4504
22 16 6.45 1.6336 95.302 23.4504
23 15 4.56 1.5595 95.302 23.6052
24 16 5.34 0.6307 95.302 23.7821
25 16 5.45 0.5607 95.9732 23.9242
26 16 6.12 0.5754 95.302 23.7223
27 15 6.34 3.7921 95.302 29.1329
28 17 6.73 0.1992 95.9732 24.3205
29 16 5.32 0.7386 95.302 23.8488
30 16 5.23 1.7476 95.302 23.6456
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4.2.2.3  NEG distribution 

 

Table  4.9Performance of NEG distribution in lung cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 10 0.169667 0.2509 94.6309 30.141
2 11 0.169667 0.2495 94.6309 29.7462
3 10 0.169667 0.2499 94.6309 31.7739
4 11 0.169667 0.25 95.302 29.34
5 9 0.169667 0.2511 94.6309 32.7393
6 11 0.169667 0.2501 94.6309 30.5238
7 11 0.169667 0.2508 94.6309 31.3511
8 10 0.169667 0.2505 94.6309 31.904
9 12 0.169667 0.2515 95.9732 28.5263

10 12 0.169667 0.2513 96.6443 29.0163
11 11 0.169667 0.2517 96.6443 29.602
12 13 0.169667 0.2524 95.9732 26.5953
13 8 0.169667 0.2492 94.6309 32.5387
14 10 0.169667 0.2515 96.6443 29.8868
15 12 0.169667 0.2509 94.6309 30.4136
16 14 0.169667 0.2518 95.9732 28.6773
17 12 0.169667 0.2518 95.302 37.2937
18 11 0.169667 0.2507 94.6309 30.189
19 13 0.169667 0.2523 94.6309 35.4907
20 15 0.169667 0.2518 97.9866 19.534
21 9 0.169667 0.2507 94.6309 32.3839
22 7 0.169667 0.2497 94.6309 32.7537
23 12 0.169667 0.2519 97.3154 24.3721
24 16 0.169667 0.2526 97.3154 19.9449
25 14 0.169667 0.2508 97.9866 18.945
26 8 0.169667 0.2495 94.6309 33.7037
27 13 0.169667 0.2523 95.302 37.5491
28 10 0.169667 0.2503 94.6309 32.9719
29 9 0.169667 0.2511 94.6309 32.5756
30 13 0.169667 0.2523 95.9732 23.906
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4.2.2.4  elastic net 

 

Table  4.10Tuning alpha parameter of elastic net in lung cancer 

 

Alpha 
No. of 

variables 
Train 

Accuracy
Train Deviance (min+1SE) 

0.1 566 100 0.9258 
0.2 320 100 1.099 
0.3 215 100 1.1831 
0.4 147 100 1.1292 
0.5 117 100 1.065 
0.6 90 100 1.0241 
0.7 66 100 0.8691 
0.8 40 100 0.6307 
0.9 31 100 0.4059 

 

Table  4.11Performance of elastic net in lung cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 31 10.03 0.3293 97.9866 15.37
2 31 9.45 0.3979 97.9866 15.3398
3 31 9.47 0.6829 97.9866 15.4063
4 31 8.58 0.4324 97.9866 15.4491
5 31 9.57 0.3197 97.9866 15.3398
6 32 9.35 0.4888 97.9866 15.6196
7 31 9.02 0.4652 97.9866 15.37
8 31 9.43 0.4291 97.9866 15.4989
9 31 8.92 0.6273 97.9866 15.4989

10 25 9.98 1.7292 97.3154 18.2063
11 32 8.47 0.747 97.9866 15.6196
12 31 8.68 0.3187 97.9866 15.3398
13 31 10.20 0.2712 97.9866 15.37
14 24 10.03 2.7698 97.3154 19.1897
15 30 10.08 1.1707 97.9866 16.6125
16 32 10.08 0.9917 97.9866 15.7645
17 30 9.27 0.9181 97.9866 16.4541
18 32 9.52 0.8374 97.9866 15.8501
19 29 9.62 1.8348 97.3154 17.1876
20 31 10.05 0.414 97.9866 15.37
21 31 12.70 1.2358 82.3529 16.0561
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Iteration 
No. of 

variables 
Time  

(min.)
Train 

Deviance
Test 

Accuracy 
Test 

Deviance
22 32 9.53 0.8662 97.9866 15.6881
23 27 9.85 2.1291 97.9866 17.4151
24 32 10.33 0.7802 97.9866 15.7645
25 31 9.57 0.484 97.9866 15.4491
26 31 9.32 0.4034 97.9866 15.4989
27 21 8.38 3.2907 97.3154 22.5707
28 31 9.97 0.2805 97.3154 15.4063
29 32 9.17 0.8058 97.9866 15.6196
30 30 8.67 1.7687 97.9866 16.7861

 

4.2.3Prostate cancer microarray dataset 

4.2.3.1  DE distribution 

 

Table  4.12Performance of DE distribution in prostate cancer 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 42 0.382 0.591 94.1176 86.0048
2 44 0.382 0.5924 94.1176 91.692
3 41 0.382 0.5924 94.1176 99.8087
4 40 0.382 0.5918 91.1765 122.1934
5 43 0.382 0.5913 91.1765 120.4543
6 41 0.382 0.5919 94.1176 98.9922
7 40 0.382 0.5921 88.2353 132.3951
8 45 0.382 0.593 91.1765 125.2544
9 41 0.382 0.5929 91.1765 123.9737

10 41 0.382 0.5914 94.1176 118.8265
11 41 0.382 0.5927 94.1176 87.0423
12 43 0.382 0.5926 94.1176 108.0147
13 42 0.382 0.591 94.1176 118.6211
14 41 0.382 0.5926 94.1176 110.6828
15 41 0.382 0.5922 94.1176 112.331
16 42 0.382 0.593 94.1176 116.0481
17 45 0.382 0.5916 91.1765 119.563
18 41 0.382 0.5927 91.1765 116.376
19 40 0.382 0.5924 94.1176 104.4922
20 44 0.382 0.5921 94.1176 94.1389
21 41 0.382 0.5935 94.1176 94.9467
22 44 0.382 0.5921 91.1765 118.8375
23 41 0.382 0.593 94.1176 115.4402
24 42 0.382 0.5918 94.1176 92.5644
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Iteration 
No. of 

variables 
Time  

(min.)
Train 

Deviance
Test 

Accuracy 
Test 

Deviance
25 40 0.382 0.5921 94.1176 91.3048
26 44 0.382 0.5926 94.1176 86.8961
27 42 0.382 0.5932 94.1176 111.9765
28 40 0.382 0.5923 94.1176 102.28
29 42 0.382 0.5933 94.1176 104.1894
30 41 0.382 0.593 94.1176 97.517

 

4.2.3.2  LASSO 

 

Table  4.13Performance of LASSO in prostate cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 22 10.13 50.9001 82.3529 47.8602
2 22 10.22 56.9901 85.2941 46.9909
3 23 10.21 43.3699 82.3529 40.834
4 22 10.34 53.4536 82.3529 47.8602
5 30 9.89 43.5719 94.1176 23.0734
6 24 9.23 41.6667 82.3529 38.8993
7 22 10.54 57.6007 85.2941 46.9909
8 23 10.15 46.7609 82.3529 44.3118
9 24 9.34 47.855 82.3529 38.8993

10 23 10.45 45.186 82.3529 44.3118
11 24 9.67 46.0281 82.3529 38.8993
12 22 9.23 50.8122 85.2941 47.2843
13 23 10.45 45.13 82.3529 40.834
14 26 9.23 38.0093 88.2353 29.9176
15 22 9.78 49.1116 82.3529 47.8602
16 26 10.56 43.8376 91.1765 25.2951
17 23 10.65 37.5676 82.3529 37.6269
18 23 10.12 43.7642 82.3529 37.6269
19 23 9.28 44.7687 82.3529 37.6269
20 23 9.97 48.8419 82.3529 40.834
21 23 10.56 41.1411 85.2941 35.8614
22 23 10.12 46.8474 82.3529 44.3118
23 23 10.65 42.4065 85.2941 36.5893
24 24 10.34 45.9204 82.3529 38.8993
25 23 10.11 51.6318 82.3529 44.3118
26 26 9.54 41.3783 88.2353 29.9176
27 22 9.45 57.8443 85.2941 46.9909
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Iteration 
No. of 

variables 
Time  

(min.)
Train 

Deviance
Test 

Accuracy 
Test 

Deviance
28 23 9.12 39.1883 85.2941 36.5893
29 26 9.85 37.1811 88.2353 29.9176
30 23 10.54 52.3313 82.3529 44.3118

 

4.2.3.3  NEG distribution 

 

Table  4.14Performance of NEG distribution in prostate cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 36 0.309333 100 94.1176 76.8981
2 36 0.309333 100 94.1176 86.2466
3 38 0.309333 100 94.1176 72.2725
4 34 0.309333 100 94.1176 72.2725
5 35 0.309333 100 94.1176 80.6565
6 36 0.309333 100 94.1176 88.0919
7 33 0.309333 100 91.1765 79.1058
8 34 0.309333 100 94.1176 129.292
9 35 0.309333 100 94.1176 118.1338

10 35 0.309333 100 94.1176 114.4855
11 32 0.309333 100 94.1176 84.3877
12 38 0.309333 100 94.1176 92.037
13 35 0.309333 100 91.1765 96.5618
14 34 0.309333 100 94.1176 127.5577
15 37 0.309333 100 94.1176 84.8608
16 38 0.309333 100 94.1176 93.6265
17 38 0.309333 100 94.1176 95.9948
18 36 0.309333 100 94.1176 79.4716
19 36 0.309333 100 94.1176 75.826
20 36 0.309333 100 94.1176 91.9031
21 33 0.309333 100 94.1176 108.0091
22 34 0.309333 100 94.1176 87.6592
23 36 0.309333 100 91.1765 73.6174
24 33 0.309333 100 94.1176 117.1927
25 35 0.309333 100 91.1765 75.2635
26 35 0.309333 100 94.1176 72.5832
27 36 0.309333 100 94.1176 97.754
28 37 0.309333 100 94.1176 94.8584
29 38 0.309333 100 94.1176 88.2276
30 32 0.309333 100 94.1176 96.0139
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4.2.3.4  elastic net 

 

Table  4.15Tuning alpha parameter of elastic net in prostate cancer 

 

Alpha 
No. of 

variables 
Train 

Accuracy
Train Deviance (min+1SE) 

0.1 243 97.3684 53.0278 
0.2 145 97.3684 50.5521 
0.3 88 97.3684 48.8003 
0.4 60 94.7368 49.2405 
0.5 45 97.3684 49.4871 
0.6 42 97.3684 46.9873 
0.7 36 97.3684 46.3547 
0.8 31 100 45.0036 
0.9 28 100 44.078 

 

Table  4.16Performance of elastic net in prostate cancer 

 

Iteration 
No. of 

variables 
Time  
(min.) 

Train 
Deviance 

Test 
Accuracy 

Test 
Deviance

1 26 11.12 51.0063 82.3529 26.3759
2 26 8.67 57.1474 82.3529 24.8216
3 28 8.63 41.6331 88.2353 24.8549
4 26 12.42 53.0525 82.3529 26.3759
5 30 11.87 45.6977 91.1765 21.2001
6 28 12.78 43.6482 82.3529 24.5512
7 26 12.50 57.5312 82.3529 24.8216
8 27 12.63 50.6317 82.3529 26.2886
9 28 12.25 46.5524 88.2353 24.5203

10 27 12.87 46.1489 82.3529 24.8193
11 28 13.00 44.0758 88.2353 24.5203
12 27 13.25 51.2724 82.3529 26.2886
13 27 13.17 47.0509 82.3529 24.8193
14 30 12.60 40.9156 88.2353 23.8516
15 29 12.72 47.8679 88.2353 23.8674
16 29 13.43 47.8679 88.2353 23.8674
17 28 13.40 38.5145 88.2353 24.5203
18 28 13.18 46.1806 82.3529 24.5512
19 29 14.27 44.1572 88.2353 23.8674
20 27 12.88 50.8546 82.3529 24.8193
21 30 13.32 41.3727 88.2353 23.8516
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Iteration 
No. of 

variables 
Time  

(min.)
Train 

Deviance
Test 

Accuracy 
Test 

Deviance
22 27 12.45 46.9832 82.3529 24.8193
23 28 11.80 45.3877 88.2353 24.8549
24 28 13.32 44.9215 88.2353 24.5203
25 28 13.03 49.1179 88.2353 24.8549
26 30 13.17 42.9415 91.1765 21.2001
27 26 13.35 57.3918 82.3529 24.8216
28 28 12.58 42.6957 88.2353 24.8549
29 31 11.82 37.8211 94.1176 20.7503
30 26 12.80 53.908 82.3529 26.3759

 

 

4.3Summary result 

 

Table 4.17  Comparison summary of performance between DE, LASSO, NEG and 

elastic net 

 

Dataset performance DE LASSO NEG Elastic 

net 

Leukemia No.of variables 24.2 9.9 12.9667 81.9 

Accuracy 90 76.37 94.60 82.7451 

deviance 17.05051 30.21729 14.8934 21.1139 

Time (min.) 0.052 4.4063 0.15 9.0043 

Lung cancer No.of variables 14.5667 15.8667 11.2333 30.1667 

Accuracy 95.8837 95.5034 95.481 97.3536 

deviance     

Time (min.) 0.1153 5.8977 0.1697 9.5763 

Prostate 

cancer 

No.of variables 41.8333 23.5333 35.3667 27.8667 

Accuracy 93.2353 84.3137 93.7255 85.8823 

deviance 107.4286 39.717 91.695 24.483 

Time (min.) 0.382 9.9907 0.3093 12.5093 
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Figure  4.1  Comparison performance chart between no.of variables accuracy 

deviance and time in leukemia 

 

 

Figure  4.2Comparison performance chart between no.of variables accuracy deviance 

and time in lung cancer 
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Figure  4.3Comparison performance chart between no.of variables accuracy deviance 

and time in prostate cancer 
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4.4Paired sample t-test 

 

4.4.1 Leukemia microarray dataset 

4.4.1.1 Compare mean between the DE distribution and 

LASSO 

 

Table 4.18 Paired t-test of number of selected variables, predictive accuracy,deviance 

between DE and LASSO in microarray 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

DE 24.2 1.66919 0.30475 .000 

LASSO 9.9 2.72093 0.49677 

Predictive accuracy DE 90.0 1.6566 0.30245 .000 

LASSO 76.37 6.05643 1.10575 

Deviance DE 17.05 0.97286 0.17762 .000 

LASSO 30.217 5.0415 0.92045 

 

Table  4.19 Comparison of time between DE and LASSO in leukemia 

 

 Mean 

Time DE 0.052 

LASSO 4.4063 

 

Table 4.18  showed result of paired t-test of predictive accuracy between 

DE and LASSO. It was believed that the LASSO is same as the DE. When compare 

between the DE and LASSO, the DE distribution which was controlled by type I error 

had higher accuracy than the LASSO which used 10 fold cross validation. When 
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compare deviances, result of deviance agreed with accuracy. When consider table 

4.19, time of DE running less than the LASSO but variables selection of DE selected 

the number of variables more than the LASSO. To compare performance of the 

LASSO and the DE distribution in leukemia dataset found that performance of the DE 

distribution overcome the LASSO in accuracy, deviance and time. 

 

4.4.1.2 Compare mean between the LASSO and elastic net 

 

Table 4.20Paired t-test of number of selected variables, predictive accuracy, deviance 

between the LASSO and elastic net in leukemia 

 

 Mean 
Standard 

Deviation 

Standard 

Error 

Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

LASSO 9.9 2.720 0.496 .000 

Elastic 

net 

81.9 10.32 1.885 

Predictive accuracy LASSO 76.3725 6.056 1.105 .000 

Elastic 

net 

82.7451 2.645 0.483 

Deviance LASSO 30.2173 5.04 0.920 .000 

Elastic 

net 

20.1139 2.03628 0.37177 

 

Table 4.21Comparison of time between the LASSO and elastic net in leukemia 

 

 Mean 

Time LASSO 4.4063 

Elastic 

net 

9.0043 
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Table 4.20 showed result of paired t-test of predictive accuracy between 

the LASSO and elastic net. It was proved that the elastic net suits for highly correlated 

data while the LASSO has limitations. When compare between the elastic net and 

LASSO, the elastic net which can variables grouping had higher accuracy than the 

LASSO which selects one variable from correlated group. The result agreed with the 

number of selected variable. The elastic net selected many variables into the model. 

When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.21, time of the elastic net running more than the LASSO because of 

limitation of LASSO which selects variables at most n before it saturates. To compare 

performance of the LASSO and the elastic net in leukemia dataset found that 

performance of the elastic net overcome the LASSO in accuracy and deviance. 

 

4.4.1.3 Compare mean between the elastic net and NEG 

distribution 

 

Table 4.22Paired t-test of number of selected variables, predictive accuracy, deviance 

between the elastic net and NEG distribution in leukemia 

 

 Mean 
Standard 

Deviation 

Standard 

Error 

Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

Elastic 

net 

81.9 10.326 1.885 .000 

NEG 12.9667 2.428 0.44 

Predictive accuracy Elastic 

net 

82.7451 2.645 0.483 .000 

NEG 94.6078 1.114 0.203 

deviance Elastic 

net 

20.1139 2.036 0.371 .000 

NEG 14.8934 0.576 0.576 
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Table 4.23 Comparisonof time between the elastic net and NEG distribution 

 

 Mean 

time Elastic 

net 

9.0043 

NEG 0.15 

 

Table 4.22 showed result of paired t-test of predictive accuracy between 

the elastic net and NEG distribution. When compare between the elastic net and NEG 

distribution, the NEG distribution which was controlled type I error had higher 

accuracy than the elastic net. The result of the number of selected variable  showed the 

elastic net selected many variables into the model than the NEG distribution which 

have a shape peak at zero. 

 When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.23, time of the elastic net running more than the NEG distribution. To 

compare performance of the NEG distribution and the elastic net in leukemia dataset 

found that performance of the NEG distribution overcomes the elastic net in accuracy, 

deviance, the number of selected variables and time. 
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4.4.1.4 Compare mean between the DE and NEG 

distribution 

 

Table 4.24 Paired t-test of number of selected variables, predictive accuracy, deviance 

between the DE and NEG distribution in leukemia 

 

 Mean 
Standard 

Deviation 

Standard 

Error 

Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

DE 24.2 1.669 0.304 .000 

NEG 12.96 2.428 0.44 

Predictive accuracy DE 90 1.65 0.302 .000 

NEG 94.60 1.114 0.203 

deviance DE 17.05 0.972 0.177 .000 

NEG 14.89 0.576 0.105 

 

Table 4.25 Comparisonof time between the DE and NEG distribution in leukemia 

 

 Mean 

time DE 0.052 

NEG 0.151 

 

Table 4.24 showed result of paired t-test of predictive accuracy between 

the DE and NEG distribution. When compare between the DE and NEG distribution, 

the NEG distribution which has a sharper peak and a heavier tail had higher accuracy 

than the DE. The result of the number of selected variable showed the DE selected 

many variables into the model than the NEG distribution which have a sharper peak 

than DE distribution. 
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When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.25, time of the NEG running more than the DE distribution. To 

compare performance of the NEG distribution and the DE in leukemia dataset found 

that performance of the NEG distribution overcomes the DE in accuracy, deviance and 

the number of selected variables. 

 

4.4.1.5Compare mean between the LASSO and NEG 

distribution 

 

Table 4.26Paired t-test of number of selected variables, predictive accuracy, deviance 

between the LASSO and NEG distribution in leukemia 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

LASSO 9.9 2.72093 0.49677 .000 

NEG 12.9667 2.42804 0.4433 

Predictive accuracy LASSO 76.3725 6.05643 1.10575 .000 

NEG 94.6078 1.11486 1.11486 

deviance LASSO 30.2173 5.0415 0.92045 .000 

NEG 14.8934 0.57628 0.10521 

 

Table 4.27Comparisonof time between the LASSO and NEG distribution in leukemia 

 

 Mean 

time LASSO 4.4063 

NEG 0.1513 
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Table 4.26 showed result of paired t-test of predictive accuracy between 

the LASSO and NEG distribution. When compare between the LASSO and NEG 

distribution, the NEG distribution which has a sharp peak and a heavy tail and was 

controlled by type I error had higher accuracy than the LASSO. The result of the 

number of selected variable showed the NEG selected many variables into the model 

than the LASSO because of limitation of LASSO. 

 When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.27, time of the NEG running less than the LASSO. To compare 

performance of the NEG distribution and the LASSO in leukemia dataset found that 

performance of the NEG distribution overcomes the LASSO in accuracy, deviance the 

number of selected variables and time. 

 

4.4.2 Lung cancer microarray dataset 

4.4.2.1 Compare mean between the DE distribution and 

LASSO 

 

Table 4.28Paired t-test of number of selected variables, predictive accuracy, deviance 

between DE and LASSO in lung cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of 

selected 

variables 

DE 14.5667 1.22287 0.22326 .000 

LASSO 15.8667 0.68145 0.12441 

Predictive 

accuracy 

DE 95.8837 0.6911 0.12764 .022 

LASSO 95.5034 0.31284 0.05712 

deviance DE 24.7709 1.29015 0.23555 .064 

LASSO 24.1354 1.29659 0.23672 
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Table 4.29Comparisonof time between DE and LASSO in lung cancer 

 

 Mean 

time DE 0.1153 

LASSO 5.8977 

 

Table 4.28 showed result of paired t-test of predictive accuracy between 

DE and LASSO. It was believed that the LASSO is same as the DE. When compare 

between the DE and LASSO, the DE distribution which was controlled by type I error 

had slightly higher accuracy than the LASSO which used 10 fold cross validation. 

When compare deviances, result of deviance was not different in two methods. When 

consider table 4.29, time of DE running less than the LASSO but variables selection of 

DE selected the number of variables more than the LASSO. To compare performance 

of the LASSO and the DE distribution in lung dataset found that performance of the 

DE distribution overcome the LASSO in accuracy and time. 
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4.4.2.2 Compare mean between the LASSO and elastic net 

 

Table 4.30Paired t-test of number of selected variables, predictive accuracy, deviance 

between the LASSO and elastic net in lung cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of 

selected 

variables 

LASSO 15.8667 0.68145 0.12441 .000 

Elastic 

net 

30.1667 2.58755 0.47242 

Predictive 

accuracy 

LASSO 95.5034 0.31284 0.05712 .001 

Elastic 

net 

97.3536 2.8445 0.51933 

deviance LASSO 24.1354 1.29659 0.23672 .000 

Elastic 

net 

16.2037 1.52238 0.27795 

 

Table 4.31Comparison of time between the LASSO and elastic net in lung cancer 

 

 Mean 

time LASSO 5.8977 

Elastic 

net 

9.5763 

 

Table 4.30 showed result of paired t-test of predictive accuracy between 

the LASSO and elastic net. It was proved that the elastic net suits for highly correlated 

data while the LASSO has limitations. When compare between the elastic net and 

LASSO, the elastic net which can variables grouping had higher accuracy than the 

LASSO which selects one variable from correlated group. The result agreed with the 

number of selected variable. The elastic net selected many variables into the model. 
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When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.31, time of the elastic net running more than the LASSO because of 

limitation of LASSO which selects variables at most n before it saturates. To compare 

performance of the LASSO and the elastic net in lung cancer dataset found that 

performance of the elastic net overcome the LASSO in accuracy and deviance. 

 

4.4.2.3 Compare mean between the elastic net and NEG 

distribution 

 

Table 4.32Paired t-test of number of selected variables, predictive accuracy, deviance 

between the elastic net and NEG distribution in lung cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of 

selected variables 

Elastic 

net 

30.1667 2.58755 0.47242 .000 

NEG 11.2333 2.11209 0.38561 

Predictive 

accuracy 

Elastic 

net 

97.3536 2.8445 0.51933 .001 

NEG 95.481 1.11377 0.20335 

deviance Elastic 

net 

16.2037 1.52238 0.27795 .000 

NEG 29.813 4.63718 0.84663 
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Table 4.33Comparison of time between the elastic net and NEG distribution in lung 

cancer 

 

 Mean 

time Elastic 

net 

9.5763 

NEG 0.1697 

 

Table 4.32 showed result of paired t-test of predictive accuracy between 

the elastic net and NEG distribution. When compare between the elastic net and NEG 

distribution, the elastic net had higher accuracy than the NEG. The result of the 

number of selected variable  showed the elastic net selected many variables into the 

model than the NEG distribution which have a shape peak at zero. 

When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.33, time of the elastic net running more than the NEG distribution. To 

compare performance of the NEG distribution and the elastic net in lung cancer 

dataset found that performance of the elastic net overcomes the NEG in accuracy and 

deviance. The performance of the NEG overcomes the elastic net in the number of 

selected variables and time. 
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4.4.2.4 Compare mean between the DE and NEG 

distribution 

 

Table 4.34Paired t-test of number of selected variables, predictive accuracy, deviance 

between the DE and NEG distribution in lung cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

DE 14.5667 1.22287 0.22326 .000 

NEG 11.2333 2.11209 0.38561 

Predictive accuracy DE 95.8837 0.69911 0.12764 .000 

NEG 95.481 1.11377 0.20335 

deviance DE 24.7709 1.29015 0.23555 .000 

NEG 29.813 4.63718 4.84663 

 

Table 4.35Comparison of time between the DE and NEG distribution in lung cancer 

 

 Mean 

time DE 0.1153 

NEG 0.1697 

 

Table 4.34 showed result of paired t-test of predictive accuracy between 

the DE and NEG distribution. When compare between the DE and NEG distribution, 

the DE distribution had higher accuracy than the NEG. The result of the number of 

selected variable showed the DE selected many variables into the model than the NEG 

distribution which have a sharper peak than DE distribution. 

When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.35, time of the NEG running more than the DE distribution. To 
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compare performance of the NEG distribution and the DE in lung cancer dataset found 

that performance of the DE distribution overcomes the NEG in accuracy and deviance. 

 

4.4.2.5 Compare mean between the LASSO and NEG 

distribution 

 

Table 4.36Paired t-test of number of selected variables, predictive accuracy, deviance 

between the LASSO and NEG distribution in lung cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of 

selected variables 

LASSO 15.8667 0.68145 0.12441 .000 

NEG 11.2333 2.11209 0.38561 

Predictive 

accuracy 

LASSO 95.5034 0.31284 0.05712 .919 

NEG 95.481 1.11377 0.20335 

deviance LASSO 24.1354 1.29659 0.23672 .000 

NEG 29.813 4.63718 0.84663 

 

Table 4.37Comparison of time between the LASSO and NEG distribution 

 

 Mean 

time LASSO 5.8977 

NEG 0.1697 

Table 4.36 showed result of paired t-test of predictive accuracy between 

the LASSO and NEG distribution. When compare between the LASSO and NEG 

distribution, It was not different in accuracy. The result of the number of selected 

variable showed the NEG selected many variables into the model than the LASSO 

because of limitation of LASSO. 



Sirikul Laosrivichit                                                                                            Result and Discussion/50 

When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.37, time of the NEG running less than the LASSO. To compare 

performance of the NEG distribution and the LASSO in lung cancer dataset found that 

performance of the LASSO overcomes theNEG distribution in accuracy, deviance and 

the number of selected variables. 

 

4.4.3 Prostate cancer microarray dataset 

4.4.3.1 Compare mean between the DE distribution and 

LASSO 

 

Table 4.38Paired t-test of number of selected variables, predictive accuracy, deviance 

between DE and LASSO in prostate cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

DE 41.8333 1.5105 0.27578 .000 

LASSO 23.5333 1.73669 0.31707 

Predictive accuracy DE 93.2353 1.57345 0.28727 .000 

LASSO 84.3137 3.02453 0.5522 

deviance DE 107.4286 13.18242 2.40677 .000 

LASSO 39.7179 6.81663 1.24454 

 

Table 4.39Comparison of time between DE and LASSO in prostate cancer 

 

 Mean 

time DE 0.382 

LASSO 9.9907 
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Table 4.38 showed result of paired t-test of predictive accuracy between 

DE and LASSO. It was believed that the LASSO is same as the DE. When compare 

between the DE and LASSO, the DE distribution which was controlled by type I error 

had higher accuracy than the LASSO which used 10 fold cross validation. When 

compare deviances, result of deviance of the DE was not agree with accuracy. When 

consider table 4.39, time of DE running less than the LASSO but variables selection of 

DE selected the number of variables more than the LASSO. To compare performance 

of the LASSO and the DE distribution in prostate cancer dataset found that 

performance of the DE distribution overcome the LASSO in accuracy and time. 

 

4.4.3.2 Compare mean between the LASSO and elastic net 

 

Table 4.40Paired t-test of number of selected variables, predictive accuracy, deviance 

between the LASSO and elastic net in prostate cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of 

selected variables 

LASSO 23.5333 1.73669 0.31707 .000 

Elastic 

net 

27.8667 1.4077 0.25701 

Predictive 

accuracy 

LASSO 84.3137 3.02453 0.5522 .016 

Elastic 

net 

85.8823 3.57311 0.65236 

deviance LASSO 39.7179 6.81663 1.24454 .000 

Elastic 

net 

24.4835 1.39031 0.25384 
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Table 4.41Comparison of time between the LASSO and elastic net 

 

 Mean 

time LASSO 9.9907 

Elastic 

net 

12.5093 

 

Table 4.40 showed result of paired t-test of predictive accuracy between 

the LASSO and elastic net. It was proved that the elastic net suits for highly correlated 

data while the LASSO has limitations. When compare between the elastic net and 

LASSO, the elastic net which can variables grouping had higher accuracy than the 

LASSO which selects one variable from correlated group. The result agreed with the 

number of selected variables. The elastic net selected many variables into the model. 

When compare deviances, result of deviance agreed with accuracy. When 

consider table 4.41, time of the elastic net running more than the LASSO because of 

limitation of LASSO which selects variables at most n before it saturates. To compare 

performance of the LASSO and the elastic net in lung cancer dataset found that 

performance of the elastic net overcome the LASSO in accuracy and deviance. 
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4.4.3.3 Compare mean between the elastic net and NEG 

distribution 

 

Table 4.42Paired t-test of number of selected variables, predictive accuracy, deviance 

between the elastic net and NEG distribution in prostate cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

Elastic 

net 

27.8667 1.4077 0.25701 .000 

NEG 35.3667 1.7711 0.32336 

Predictive accuracy Elastic 

net 

85.8823 3.57311 0.65236 .000 

NEG 93.7255 1.01687 0.18565 

deviance Elastic 

net 

24.4835 1.39031 0.25384 .000 

NEG 91.6954 16.33056 2.98154 

 

Table 4.43 Comparison of time between the elastic net and NEG distribution in 

prostate cancer 

 

 Mean 

time Elastic 

net 

12.5093 

NEG 0.3093 

 

Table 4.42 showed result of paired t-test of predictive accuracy between 

the elastic net and NEG distribution. When compare between the elastic net and NEG 

distribution, the NEG distribution which was controlled type I error had higher 
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accuracy than the elastic net. The result of the number of selected variable  showed the 

elastic net selected less variables into the model than the NEG distribution. 

When compare deviances , result of deviance was not agree with accuracy. 

When consider table 4.43, time of the elastic net running more than the NEG 

distribution. To compare performance of the NEG distribution and the elastic net in 

prostate cancer dataset found that performance of the NEG distribution overcomes the 

elastic net in accuracy and time. 

 

4.4.3.4 Compare mean between the DE and NEG 

distribution 

 

Table 4.44Paired t-test of number of selected variables, predictive accuracy, deviance 

between the DE and NEG distribution in prostate cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

DE 41.8333 1.5105 0.27578 .000 

NEG 35.3667 1.7711 0.32336 

Predictive accuracy DE 93.2353 1.57345 0.28727 .134 

NEG 93.7255 1.01687 0.18565 

deviance DE 107.42 13.18242 2.40677 .000 

NEG 91.6954 16.33056 2.98154 

 

Table 4.45Comparison of time between the DE and NEG distribution 

 

 Mean 

time DE 0.382 

NEG 0.3093 
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Table 4.44 showed result of paired t-test of predictive accuracy between 

the DE and NEG distribution. When compare between the DE and NEG distribution, 

the result was not different. The result of the number of selected variable showed the 

DE selected many variables into the model than the NEG distribution which have a 

sharper peak than DE distribution. 

When compare deviances, the DE had higher than NEG. When consider 

table 4.45, time of the DE running more than the NEG distribution. To compare 

performance of  the NEG distribution and the DE in prostate  cancer dataset found that 

performance of the NEG distribution overcomes the DE in deviance and the number of 

selected variables. 

 

4.4.3.5 Compare mean between the LASSO and NEG 

distribution 

 

Table 4.46Paired t-test of number of selected variables, predictive accuracy, deviance 

between the LASSO and NEG distribution in prostate cancer 

 

 Mean 
Standard 

Deviation 

Standard 

Error Mean 

Sig. 

(2-tailed) 

Number of selected 

variables 

LASSO 23.5333 1.73669 0.31707 .000 

NEG 35.3667 1.7711 0.32336 

Predictive accuracy LASSO 84.3137 3.02453 0.5522 .000 

NEG 93.7255 1.01687 0.18565 

deviance LASSO 39.7179 6.81663 1.24454 .000 

NEG 91.6954 16.33056 2.98154 
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Table 4.47 Comparison of time between the LASSO and NEG distribution 

 

 Mean 

time LASSO 9.9907 

NEG 0.3093 

 

Table 4.46 showed result of paired t-test of predictive accuracy between 

the LASSO and NEG distribution. When compare between the LASSO and NEG 

distribution, the NEG had higher than the LASSO. The result of the number of 

selected variable showed the NEG selected many variables into the model than the 

LASSO because of limitation of LASSO. 

When compare deviances, result of deviance was not agree with accuracy. 

When consider table 4.47, time of the NEG running less than the LASSO. To compare 

performance of the NEG distribution and the LASSO in prostate cancer dataset found 

that performance of the NEG overcomes theLASSOin accuracy and computational 

time. 

 

 

4.5Limitation  

Lasso is a constraint optimization method which was developed for 

solving model interpretation problem but still has some limitation about grouping 

variables. Elastic net was developed for solving the LASSO’s limitation.The two 

methods were famous methods for genetic association study. NEG distribution is a 

Bayesian-inspire method which shrinks coefficients by setting normal exponential 

gamma prior. 

 

4.5.1  LASSO 

4.5.1.1  The number of selected variables of LASSA were 

limited by the number of samples. LASSO cannot select more variables than the 

number of samples because of the nature of convex optimization  
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4.5.1.2  LASSO cannot group variables which are correlated 

each other. This method was select one variable from group of correlated variables. 

 

4.5.2  Elastic net 

4.5.2.1  Elastic net can group variables which are correlated 

and selects the whole of correlated group into a model. This method selected the 

number of selected variable more than other methods. It is difficult to interpret model. 

4.5.2.2  Elastic net uses cross validation. It uses computation 

time more than other methods. 

 

4.5.3  NEG distribution 

4.5.3.1  NEG distribution is a non-convex optimization. It 

would find a local optimum.  
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CHAPTER V 

CONCLUSION 

 

 

This study proposed the normal exponential gamma (NEG) distribution to 

classify microarray data. The typical problems of the kind of microarray data are 

overfitting and colinearlity. The standard logistic regression cannot make satisfied 

result. The LASSO and the elastic net are a constraint optimization which are famous 

in genetic association study. The candidate method, NEG distribution, is Bayesian-

inspire method which determines the normal exponential gamma prior. The 

outstanding characteristics of  NEG distribution are sharp peak at zero and heavy tail. 

It was interesting to do a comparative study between the famous methods and this 

method. The advantages of the NEG distribution are variable selection which had less 

the number of selected variables , shrinkage coefficients which little shrink in selected 

variables and using less time than the famous methods. 

Although, the NEG distribution has many advantages, it still has some 

limitations. In some real data, the performance of the NEG distribution were not 

appreciate in overall. It was difficult to identify that what are the cause of this problem 

because using real data. In the future work, other microarray data may be used to 

testing performance. 
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APPENDIX A 

Publication 

การศึกษาเปรียบเทียบการคดัเลือกตวัแปรในการจาํแนก 
ดีเอน็เอไมโครอะเรย ์

A Comparative Study on Variable Selection in DNA Microarray 
Classification 
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บทคดัย่อ 

งานวจิยัน้ีนําเสนอวธิีการลดขนาดสมัประสทิธิข์อง
แบบจําลองการถดถอยโลจิสติกโดยอิงแนวคิดจาก
ทฤษฎีของเบยแ์ละใชก้ารแจกแจงแบบแกมมาเลขชี้
กําลงัแบบปรกติเป็นความน่าจะเป็นก่อนหน้าของ
สมัประสทิธิข์องแบบจําลองในปญัหาการศกึษาดเีอน็
เอไมโครอะเรย ์ผลการเปรยีบเทยีบประสทิธภิาพใน
การทาํนายและความสามารถในการเลอืกยนีกบัแลซ
โซและขา่ยยดืหยุ่นในการจําแนกชนิดย่อยของมะเรง็
เมด็เลอืดขาวพบว่าการใช้การแจกแจงแบบแกมมา
เลขชี้กําลงัแบบปรกติมปีระสทิธภิาพในการทํานาย
และความสามารถในการคดัเลอืกยนีสูงกว่าทัง้แลซ
โซและขา่ยยดืหยุน่ 

 
คาํสําคญัการแจกแจงแบบแกมมาเลขชี้กําลงัแบบ
ปรกตแิลซโซขา่ยยดืหยุน่ดเีอน็เอไมโครอะเรย ์

1. บทนํา 
ดเีอ็นเอไมโครอะเรย์ (DNA Microarray) เป็น
เทคโนโลยีสําหรับวัดระดับการแสดงออกของยีน 
(Gene Expression) จาํนวนหลายพนัยนีพรอ้มกนัใน

หน่ึงการทดลอง  เซลล์ปกติและเซลล์ที่มีความ
ผิดปกติ เช่น เซลล์มะเร็ง จะมรีะดบัการแสดงออก
ของยนีแต่ละยนีแตกต่างกนั [1] ขอ้มลูชนิดน้ีจงึนิยม
นําไปใช้จําแนกการเกิดโรคออกจากภาวะปกต ิ
จาํแนกระยะของการเกดิโรค และจาํแนกกลุ่มยอ่ยทีม่ ี
ความสําคญัต่อการพยากรณ์และการรกัษาโรค โดย
นําข้อมูลการแสดงออกของยีนมาสร้างแบบจําลอง
การจาํแนกและใชแ้บบจาํลองจาํแนกขอ้มลูในปจัจุบนั 

วธิทีีนิ่ยมใชส้รา้งแบบจําลองการจําแนกคอืการ
ถ ด ถ อ ย โ ล จิ ส ติ ก แ ต่ ก า ร วิ เ ค ร า ะ ห์ ดี เ อ็ น เ อ 
ไมโครอะเรย์ที่มีจํานวนตัวแปรหรือยีนมากกว่า
จํานวนตวัอย่างมีผลลพัธ์ไม่ดี เน่ืองมาจากเหตุผล
หลกั 2 ขอ้ [2,3] คอื 1) ค่าความถูกตอ้งของการ
ทํานาย เ น่ืองจากการถดถอยโลจิสติกจะสร้าง
แบบจําลองที่มคีวามเอนเอยีงตํ่าแต่ความแปรปรวน
สงู นัน่กค็อืแบบจําลองทีฟิ่ตเกนิ (Overfitting) และ 
2) การตคีวามแบบจาํลอง (Model Interpretability) 
ชุดขอ้มูลที่มตีวัแปรเป็นจํานวนมากจะต้องเลอืกเซต
ย่อยที่มผีลกระทบสงูต่อการสรา้งแบบจําลองออกมา
เท่านัน้ การเลอืกแบบจําลอง (Model Selection) 
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เป็นวธิสีาํหรบัแกป้ญัหาน้ีโดยการลดความแปรปรวน
ของแบบจาํลองทีนํ่าไปสูก่ารเพิม่ความแมน่ยาํในการ
ทาํนาย[4] 

การเลือกแบบจําลองสามารถแบ่งออกเป็น 3 
วธิ ี[3]คอื 1) การเลอืกเซตยอ่ย (Subset Selection) 
เป็นวธิคีน้หาเซตตวัแปรทํานาย 2) การลดขนาด 
(Shrinkage) เป็นวธิีปรบัลดค่าสมัประสทิธิข์อง
แบบจําลองและ 3) การลดมติิ (Dimension 
Reduction) เป็นการแปลงตวัแปรไปอยูใ่นอกีมติแิลว้
ใช้ตัวแปรที่ถูกแปลงเพียงบางส่วนในการสร้าง
แบบจําลองการเลอืกเซตย่อยสามารถแก้ปญัหาการ
ตีความแบบจําลองได้ แต่เน่ืองจากการค้นหาเซต
ย่อยเป็นกระบวนการแบบไม่ต่อเน่ือง (Discrete 
Process) ถา้มกีารเปลีย่นแปลงขอ้มลูเพยีงเลก็น้อย
จะส่งผลให้แบบจําลองที่ได้เปลี่ยนแปลงอย่างมาก
และทาํใหป้ระสทิธภิาพของแบบจําลองลดลง [3]สว่น
การลดมติถิงึแมจ้ะช่วยแกป้ญัหาได ้แต่การแปลงตวั
แปรทํ า ให้ไม่สามารถระ บุ ได้ว่ าตัวแปรใดที่มี
ความสาํคญั [3]และการลดขนาดเป็นวธิกีารเลอืกตวั
แปรโดยการลดขนาดของสมัประสทิธิข์องตวัแปรทีไ่ม่
มีความสําคัญให้มีค่าเข้าใกล้ศูนย์และลดขนาด
ของสมัประสิทธ์ของตัวแปรที่สําคญัเพียงเล็กน้อย
หรือไม่ลดเลย จึงเป็นวิธีที่นิยมใช้ในการศึกษาหา
ความสมัพนัธ์ของข้อมูลทางพนัธุกรรมกบัการเกิด
โรค [5] 

วิธีการลดขนาดสมัประสิทธิข์องแบบจําลอง
สามารถทําได้โดยวิธีการหาค่าเหมาะสมแบบมี
เงือ่นไข (Constrained Optimization) วธิกีารดัง้เดมิ
ของการลดขนาดสมัประสิทธิค์ือการถดถอยแบบ 
รดิจ(์Ridge Regression) [3 ]ทีเ่ป็นกระบวนการ
แบบต่อเน่ือง (Continuous Process) ทําให้
แบบจําลองมเีสถยีรภาพกวา่การเลอืกเซตยอ่ยแต่ค่า
สมัประสทิธิข์องแบบจําลองทีไ่ดจ้ากการถดถอยแบบ 
ริดจ์ยังไม่ เ ป็นค่าที่ เข้าใกล้ศูนย์ จึงไม่สามารถ
แก้ปญัหาการตีความแบบจําลองได้ ต่อมามีการ
นําเสนอการหดค่าสมับูรณ์น้อยสุดและตวัดําเนินการ
เลอืก (Least Absolute Shrinkage and Selection 
Operator) หรอืแลซโซ (LASSO) [2]ที่ลดขนาด

สัมประสิทธิข์องแบบจําลองด้วยกระบวนการ
แบบต่อเน่ืองและเลอืกตวัแปรไปพร้อมกนั โดยการ
รวมขอ้ดขีองการเลอืกเซตย่อยและการถดถอยแบบ 
รดิจ์มารวมไว้ด้วยกนั คุณสมบตัิเด่นของแลซโซคอื
ค่าสมัประสทิธิข์องแบบจําลองมโีอกาสเป็นศูนย์ได ้
[4] แต่แลซโซยงัมขีอ้จํากดับางประการคอืถา้ตวัแปร
มสีหสมัพนัธร์ะหว่างกนัสงู แลซโซจะเลอืกตวัแปรใน
กลุ่มนัน้มาเพยีงตวัเดยีว [6] โดยปกตขิอ้มลูดเีอน็เอ
ไมโครอะเรยจ์ะเป็นขอ้มลูทีย่นีมสีหสมัพนัธก์นัเอง จงึ
มกีารพฒันาวธิทีีเ่รยีกว่าขา่ยยดืหยุ่น (Elastic Net) 
[6] เป็นวิธีซึ่งผสมระหว่างแลซโซและริดจ์ที่มี
ความสามารถในการลดขนาดสมัประสทิธิใ์หเ้ขา้ใกล้
ศูนยแ์ละจดักลุ่มตวัแปรที่มสีหสมัพนัธร์ะหว่างกนัได ้
พบว่าข่ายยดืหยุ่นมปีระสทิธิภาพสูงกว่าแลซโซใน
ปญัหาทีม่จีาํนวนตวัแปรมากกวา่จาํนวนตวัอยา่งมาก
และกลุ่มตวัแปรมสีหสมัพนัธ์กนัเอง นอกจากน้ียงัมี
การพัฒนาแลซโซให้สามารถแก้ปญัหาน้ีได้คือ 
แลซโซเชงิกลุ่ม (GroupLASSO) [7]แต่ปญัหาคอื
จะตอ้งทราบโครงสรา้งของตวัแปรกลุ่มนัน้ก่อนถงึจะ
สามารถวเิคราะหข์อ้มลูไดเ้พื่อแกป้ญัหาดงักล่าวจงึมี
การพฒันาออสกา (Octagonal Shrinkage and 
Clustering Algorithm for Regression: OSCAR) 
[8]ทีส่ามารถเลอืกตวัแปรและจดักลุ่มตวัแปรโดยการ
แบ่งกลุ่มแบบมผีูฝึ้กสอน (Supervised Clustering) 
ตัวแปรที่มีความสําคัญโดยไม่จําเป็นต้องมีข้อมูล
โครงสร้างของกลุ่มตัวแปร แต่พบว่าออสกาให้
ผลลพัธไ์มแ่ตกต่างกบัขา่ยยดืหยุน่ 

นอกจากการลดขนาดด้วยวิธีก ารหาค่ า
เหมาะสมแบบมเีงื่อนไขแลว้ยงัสามารถทําไดโ้ดยองิ
แนวคิดจากทฤษฎีของเบย์โดยการกําหนดความ
น่ า จ ะ เ ป็ นก่ อนห น้ าสํ า ห รับสัมป ร ะสิท ธิ ข์ อ ง
แบบจําลอง การแจกแจงความน่าจะเป็นที่ดีควรมี
ยอดแคบและหางยาว การมยีอดแคบจะเลอืกตวัแปร
ออกมาน้อย และการมีหางยาวจะทําให้การลด
ขนาดสัมประสิทธ์ของตัวแปรที่ถูก เลือกอยู่ ใน
แบบจาํลองเกดิขึน้เพยีงเลก็น้อย [9]แลซโซไดร้บัการ
พสิูจน์แล้วว่าเป็นวธิทีี่เหมอืนกบัการใชก้ารแจกแจง
แบบเลขชี้กําลังคู่ (Double Exponential 
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Distribution: DE distribution) เป็นความน่าจะเป็น
ก่อนหน้าของสมัประสทิธิข์องแบบจําลอง [2]มกีาร
นําเสนอการแจกแจงแบบแกมมาเลขชี้กําลังแบบ
ปรกต ิ(Normal Exponential Gamma Distribution: 
NEG Distribution) [9] เป็นความน่าจะเป็นก่อนหน้า
ของสมัประสิทธิข์องแบบจําลอง โดยการแจกแจง
แบบแกมมาเลขชี้กําลงัแบบปรกตจิะมยีอดแคบและ
หางยาวกว่าการแจกแจงแบบเลขชี้กําลงัคู่ จากการ
ทดลองพบว่าการแจกแจงแบบแกมมาเลขชี้กําลัง
แบบปรกตมิปีระสทิธภิาพในการเลอืกตวัแปรทีส่าํคญั
สงูกวา่การแจกแจงแบบเลขชีก้าํลงัคู ่

ไ ม่ น า น ม า น้ี มี ก า ร ศึ ก ษ า เ ป รี ย บ เ ที ย บ
ประสทิธภิาพการคดัเลอืกสนิป (Single Nucleotide 
Polymorphism: SNP) หรอืตวัแปรของการศกึษา
ความสมัพนัธท์ัง้จโีนม (Genome-Wide Association 
Study) ระหว่างริดจ์ แลซโซ ข่ายยืดหยุ่นและการ
แจกแจงแบบแกมมาเลขชีก้าํลงัแบบปรกต ิพบวา่การ
แจกแจงแบบแกมมาเลขชีก้ําลงัแบบปรกตเิป็นวธิทีีม่ ี
ประสทิธภิาพในการเลอืกตวัแปรดทีีส่ดุ [5] แต่ยงัไม่
เคยมกีารศกึษาเปรยีบเทยีบประสทิธภิาพกบัขอ้มูล 
ดเีอน็เอไมโครอะเรยจ์งึเป็นทีม่าของการศกึษาน้ี โดย
นํามาเปรียบเทียบกับวิธีที่นิยมใช้ในปจัจุบันคือ 
แลซโซและขา่ยยดืหยุน่ 

2. ขัน้ตอนวิธีท่ีนําเสนอ 
แบบจําลองการถดถอยโลจิสติกมี

สมการในรปูของ 
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3. วิธีการดาํเนินการวิจยั 
ชุดขอ้มลูในการศกึษาน้ีเป็นขอ้มลูการแสดงออกของ
ยนีจากการศกึษาไมโครอะเรย์ของผู้ป่วยมะเรง็เมด็
เลอืดขาว(Leukemia) [10] ในการจาํแนกยนีทีม่กีาร
แสดงออกแตกต่างกนัใน 2 ชนิดยอ่ยของผูป้่วยมะเรง็
เมด็เลอืดขาวชนิดเฉียบพลนัโดยชุดขอ้มูลน้ีจําแนก
ชนิดยอ่ยของมะเรง็เมด็เลอืดขาวออกเป็น 2 ชนิดคอื 
มะเร็งเม็ดเลือดขาวชนิดเฉียบพลนัแบบลิมฟอยด ์
(Acute Lymphoblastic Leukemia: ALL) และมะเรง็
เมด็เลอืดขาวชนิดเฉียบพลนัแบบไมอลีอยด์ (Acute 
Myeloid Leukemia: AML) ระดบัการแสดงออกของ
ยนีถูกวดัทัง้หมด 7,129 ยนี โดยแบ่งเป็นชุดขอ้มูล
ฝึกสอนจํานวน 38 ตวัอย่างประกอบดว้ยลมิฟอยด์
(ALL)จํานวน 27 ตัวอย่างและไมอีลอยด์
(AML)จํานวน 11 ตัวอย่าง และชุดข้อมูลทดสอบ
จํานวน 34 ตัวอย่างประกอบด้วยลิมฟอยด์
(ALL)จํานวน 20 ตัวอย่างและไมอีลอยด์
(AML)จาํนวน 14 ตวัอยา่ง 

การทดลองจะเปรียบเทียบประสิทธิภาพการ
ทํานายและความสามารถในการคดัเลอืกยนีระหว่าง
วธิกีารใช้การแจกแจงแบบแกมมาเลขชี้กําลงัปรกติ
แลซโซและข่ายยดืหยุ่น แลซโซและข่ายยดืหยุ่นใช้
วิธีการตรวจสอบความสมเหตุสมผลแบบไขว ้
(Cross-Validation) กบัข้อมูลเรยีนรู้สําหรบัหา
คา่พารามเิตอรท์ีเ่หมาะสม โดยเลอืกพารามเิตอรท์ีใ่ห้
แบบจาํลองทีม่คีวามซบัซอ้นน้อยทีส่ดุทีม่คี่าดเิวยีนซ ์
(deviance) หรอืลบสองเท่าของค่าลอ็กความควรจะ
เป็นแตกต่างจากแบบจําลองที่ดทีี่สุดไม่เกนิ 1 ค่า
คลาดเคลื่อนมาตรฐาน (Standard Error) จากนัน้ใช้
พารามิเตอร์น้ีสร้างแบบจําลองกับข้อมูลเรียนรู้
ทัง้หมด และจํานวนตวัแปรที่ได้จากแบบจําลองคือ
จํานวนยนีที่แต่ละวธิเีลอืก สุดทา้ยนําแบบจําลองไป
ทดสอบกบัข้อมูลทดสอบเพื่อวดัประสิทธิภาพการ
ทํานาย สว่นวธิกีารใชก้ารแจกแจงแบบแกมมาเลขชี้
กําลงัปรกติจะเลือกพารามเิตอร์โดยการควบคุมค่า
ผดิพลาดแบบทีห่น่ึง (Type-I Error) ต่อตวัแปร โดย
กาํหนดใหม้คีา่แอลฟาเท่ากบั 10-5และแบบจาํลองทีด่ี

ที่สุดจะเลือกจากฐานนิยมของความน่าจะเป็น
ภายหลงั [9] 

4. ผลการทดลอง 
รายละเอยีดการเลอืกพารามเิตอรข์องแลซโซและขา่ย
ยื ด ห ยุ่ น แ ส ด ง ดั ง รู ป ที่  1 เ ป็ น ก ร า ฟ แ ส ด ง
ความสมัพนัธ์ระหว่างค่าดิเวียนซ์และพารามิเตอร์
แ ล ม ป์ ด า ที่ ไ ด้ จ า ก วิ ธี ก า ร ต ร ว จ ส อ บ ค ว า ม
สมเหตุสมผลแบบไขว้ จุดตรงกลางคือค่าเฉลี่ย 
ขอบเขตบนและล่างแสดงค่าคลาดเคลื่อนมาตรฐาน
จากค่าเฉลีย่ และเลอืกพารามเิตอรท์ีใ่หแ้บบจําลองที่
มคีวามซบัซอ้นน้อยทีสุ่ด (เสน้ประยาวทางดา้นซา้ย) 
ที่มีค่าดิเวียนซ์แตกต่างจากแบบจําลองที่ดีที่สุด 
(เสน้ประยาวทางดา้นขวา) ไมเ่กนิ 1 ค่าคลาดเคลื่อน
มาตรฐาน 

สัมประสิทธิข์องแบบจําลองจากการสร้าง
แบบจําลองกบัขอ้มูลเรยีนรู้ด้วยพารามเิตอร์ที่เลอืก
จากวิธีการตรวจสอบความสมเหตุสมผลแบบไขว้
แสดงดงัรูปที่ 2 แสดงความสมัพนัธ์ระหว่างค่า
สมัประสทิธิข์องแบบจาํลองและค่าพารามเิตอรแ์ลมป์
ดา ตวัเลขด้านบนแสดงองศาอิสระ (Degree of 
Freedom) หรอืจํานวนตวัแปรของแบบจําลอง เมื่อ
เปรยีบเทียบการเลือกตวัแปรระหว่างสองวธิีพบว่า
แลซโซเลอืกตวัแปรออกมาน้อยกว่าข่ายยดืหยุ่นแต่
สมัประสทิธิข์องตวัแปรทีเ่ลอืกจะมขีนาดสงูกวา่ 

ผลการเปรียบเทียบประสทิธิภาพการทํานาย
และความสามารถในการคัดเลือกยีนระหว่าง
วธิกีารใช้การแจกแจงแบบแกมมาเลขชี้กําลงัปรกติ
แลซโซและข่ายยดืหยุ่นแสดงดงัตารางที่ 1 พบว่า
วธิกีารใชก้ารแจกแจงแบบแกมมาเลขชีก้ําลงัปรกตมิี
ประสทิธภิาพในการทํานาย 91.18% สูงกว่าทัง้ 
แลซโซและข่ายยืดหยุ่นที่มีความถูกต้อง 82.35% 
แ ล ะ  79.41% ต า ม ลํ า ดั บ  น อ ก จ า ก น้ี ยั ง มี
ความสามารถในการคดัเลอืกยนีทีจ่ําเป็นในการสรา้ง
แบบจาํลองสงูกวา่ทัง้สองวธิดีว้ย คอืสามารถคดัเลอืก
ยนีที่ใช้ในการจําแนกชนิดย่อยของมะเร็งเม็ดเลือด
ขาวออกมาเพยีง 10 ยนี ในขณะทีแ่ลซโซและข่าย
ยดืหยุน่เลอืกออกมา 11 และ 33 ยนีตามลาํดบั 
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(ก) (ข) 

รปูท่ี 1ความสมัพนัธร์ะหวา่งคา่ดเิวยีนซแ์ละคา่แลมป์ดาของ(ก) แลซโซและ(ข) ขา่ยยดืหยุน่ 

(ก) (ข) 

รปูท่ี 2 ความสมัพนัธร์ะหวา่งสมัประสทิธิข์องตวัแปรและคา่แลมป์ดาของ(ก) แลซโซและ(ข) ขา่ยยดืหยุน่ 

ตารางท่ี 1จํานวนยนีที่ถูกเลอืกและความถูกต้อง
ของการทํานายระหว่างแลซโซ ข่ายยดืหยุ่นและ
วธิกีารแจกแจงแบบแกมมาเลขชี้กําลงัแบบปรกต ิ
(NEG) 

วิธี จาํนวนยีน ความถกูต้อง 
(%) 

แลซโซ 11 79.41 

ขา่ยยดืหยุน่ 33 82.35 

NEG 10 91.18 

 
 
 

5. สรปุผลการทดลองและวิจารณ์ผล 
เน่ืองจากขอ้มูลดเีอ็นเอไมโครอะเรย์เป็นขอ้มูลที่วดั
ระดบัการแสดงออกของยนี ซึ่งยนีส่วนใหญ่มาจาก
วถิ ี (Pathway) เดยีวกนัทําใหต้วัแปรมสีหสมัพนัธ์
ระหว่างกนัสงู [6]แลซโซจงึไม่มปีระสทิธภิาพในการ
แก้ปญัหา ขณะทีข่่ายยดืหยุ่นมคีวามสามารถในการ
แก้ปญัหาน้ีได้ดกีว่าแลซโซ แต่เมื่อเปรยีบเทยีบกบั
วิธีการแจกแจงแบบแกมมาเลขชี้กําลงัแบบปรกติ
พบว่ามปีระสทิธภิาพตํ่ากว่าทัง้ความถูกต้องในการ
ทํานายและความสามารถในการคัด เลือกยีน 
เ น่ืองจากทัง้แลซโซและข่ายยืดหยุ่น เ ป็นการ
แก้ปญัหาค่าเหมาะสมแบบคอนเวกซ์ (Convex 
Optimization Problem) ถา้พจิารณาในรปูของความ
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น่าจะเป็นก่อนหน้าจะมยีอดที่กว้างและหางสัน้กว่า
วิธีการแจกแจงแบบแกมมาเลขชี้กําลงัแบบปรกติ
เป็นผลใหจ้ํานวนตวัแปรทีถู่กเลอืกจะมสีงูกวา่และยงั
มีค่าสัมประสิทธิใ์นแต่ละตัวแปรตํ่ ากว่าด้วย ซึ่ง
สอดคลอ้งกบัการศกึษาก่อนหน้าน้ี [5,7] 
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APPENDIX B 

Figure of results 

1. Leukemia data 

 

Figure 7.1Cross –validated deviance of lasso fit in leukemia 

Figure 7.2  Trace plot of coefficients fit by LASSO in leukemia 
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Figure 7.3 Cross –validated deviance of elastic net fit in leukemia 

 

 

 

 

 

Figure 7.4  Trace plot of coefficients fit by elastic net in leukemia 
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2. Lung cancer 

 

 

 

 

 

 

 

 

 

Figure 7.5 Cross –validated deviance of lasso fit in lung cancer 

 

Figure 7.6  Trace plot of coefficients fit by LASSO in lung cancer 
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Figure 7.7 Cross –validated deviance of elastic net fit in lung cancer 

Figure 7.8  Trace plot of coefficients fit by elastic net in lung cancer



Sirikul Laosrivichit                                                                                                               Appendices/72 

 

 

 

 

 

 

 

 

 

 

3. Prostate cancer 

 

 

 

 

 

 

Figure 7.9 Cross –validated deviance of lasso fit in prostate cancer 
 

 

 

 

 

 

Figure 7.10  Trace plot of coefficients fit by LASSO in prostate cancer 
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Figure 7.11 Cross –validated deviance of elastic net fit in prostate cancer 

 
 

 

 

 

 

 

 

 

 

 

Figure 7.12  Trace plot of coefficients fit by elastic net in prostate cancer



Sirikul LaosrivichitBiography /74 

 

BIOGRAPHY 

 

 

NAME MissSirikul Laosrivichit 

DATE OF BIRTH 4April 1984 

PLACE OF BIRTH Bangkok, Thailand 

INSTITUTIONS ATTENDED Mahidol University, 2002-2006 

 Bachelor of Science 

 (Medical Technology) 

 Mahidol University, 2012-2014 

  Master of Science (Technology of 

Information System Management) 

HOME ADDRESS 341/41Sukhumvit 101/1 Bangjak 

Phakanong Bangkok10260 

 Tel 081-889-0710 

 Email: cooly_kul@hotmail.com 

PUBLICATION / PRESENTATION Sirikul Laosrivichit, Sotarat 

Thammaboosadee, Supaporn Kiattisin, 

Waranyu Wongseree, The 6th National 

Conference on Information Technology 

:NCIT)  Thailand, 27-28February2014 
 


