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ABSTRACT

This thesis proposes usingthe shrinkage method for logistic regression.
The normal exponential gamma (NEG) distribution is a Bayesian-inspire method. This
method uses the normal-exponential-gamma prior for coefficients of model. The
typical problems of microarray data have been solved by the LASSO and the elastic
net. The comparative study of the two famous methods, NEG distribution and double
exponential (DE) distribution were measured by the number of selected variables,
predictive accuracy, deviance and computational time. The paired sample t-test was
used to analyze the mean difference between two values. The results showed that the
NEG distribution was more efficient the LASSO, the elastic net and the DE
distribution.
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CHAPTER |
INTRODUCTION

1.1 Background and Problem Statement

The human genome is a set of chromosomes which contain al 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
isprotein. 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 problemsin 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 evauate 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.

1.4Result

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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CHAPTERIII
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 devel oped.

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 isinstruction 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), cytosing(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.

Base pairs [ o

Adenine Thyminea

F—

Guanina Cylasine

Sugar phosphate
backbone

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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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 cellsin
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’sbody 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. Trandation 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

Logigtic regression is a common method for data classification which is a
gualitative 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 OL S are predictive accuracy and model interpretability.
The predictive accuracy was not good for OL S estimates because OL S 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 Shrinkagetechnique

This method shrinks coefficient values of variables which have not
association with response toward zero but variables that are important sightly 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 casua 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- casua 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 till
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 afew 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 Ridgeregression

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.

n

p 2 p
Briage = ming Z yi — Bo _Z.Bj Xij | + ﬂz B?
= =

i=1

or

P 2 p
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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
representscircle.
A tuning parameter is turned on by setting lambda parameter > 0. The
regularization term (or caled a shrinkage penalty) of ridge regression is /125;1 ﬁjz

and the other part of this equivalence is called RSS (Y7L, (y; — Bo — X7, B; xl-j)z).
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.

Blasso = min
B

p 2 p
Vi~ ,Bo_zlgjxij + ﬂzmjl
=1 =1

n
i=1

or
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2
n

14 p
Biasso = ming Z Vi — Bo — Zﬁj Xij subject to Z|,Bj| <t
j=1 j=1

i=1 j

The formulation of LASSO is similar to ridge regression. The differenceis
regularization term or shrinkage penalty. The formulation of LASSO, ﬁjz was replaced
by |B;|- The LASSO simultaneously does variable selection and shrinkage.

P

Figure 2.4Constraint region of LASSO.

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

2
n

p p
i 2
ﬂelasticnet = mﬁm Z Vi — BO _Zﬁj xij + AZ ((1 - a)lﬁ]l + alﬁjl )
j=1 j=1

i=1

or

p

2
n 14
. . 2
.Blassoelasticnet = mlnﬁ Z <yi - ﬁo - Zﬁ] xij) Sub]eCt tOZ ((1 - a)|ﬂ]| + a|ﬂj| ) <t
j=1

i=1 j j=1

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.

A
<

Elastic Net

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 apha.

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 requiresinitial 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 Thenormal 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 norma 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
adouble exponential prior.
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CHAPTER 11
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 samplesfor 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

Pr(Y =1| X
o PO =11X)

Pr(Y=O|X)_X p

When X is a matrix of predictive variable which has nx(p+1) size Y isa

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,

()= Y. yB"X, - log(1-exp(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 atype 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
N
Brasso = min{ > (vilog h(X) + (1 = ) log(1 — h(6™)))
j=1
and

1
1+e?

h(z) =

subject to,

14
> sl
j=1

where,fis acoefficient 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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:Belastic net = mﬁin {Z(Yi log h(ﬁTX) + (1 - yi) log(l - h(.BTX)))}
j=1

and

h(z) =

1+e2
subject to,

p
D (@t + a-alg))
j=1

where, S is a coefficient of model, N is the number of samples and « is a

value for tuning parameter.

3.2.3 Normal Exponential-y 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), whichis
proven that it issimilar to LASSO. The NEG distribution can be represented

NEG(S | 4,y) =k exp(f—yij D, “(@]

where A4 and yare shape and scale parameters, k is a integrating constant

and D is a parabolic cylinder function. When A and y increase, the NEG distribution

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

log p(5 | X,y) = L(B) - f(p) +const,

where L is the log-likelihood for alogistic regression model, f(.) is minus
the log-prior density. The minus sign of f(.) 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.

_L®B)-1'(B)

T =)
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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.

331 LASSO

1) Gene expression data was separated into two groups. Frist data set is
train set for fitting model. The other istest 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 wasfit from a selected lambda.

5) Thetest 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) Thetrain set was used for cross-validation to tuning parameter.

3) An aphawas 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) Thetest 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 istest set for evaluating test error.

2) Thetrain set was built the model by controlling type-1 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

3.34 DE distribution

1) Gene expression data was separatedinto two groups. Frist data set is
train set for fitting model. The other istest set for evaluating test error.

2) Thetrain 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
RESULTSAND 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 al 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 valuesis not difference.



Fac. of Grad. Studies, Mahidol Univ. M.Sc. (Technology of Information System Management) /21

4.1 Tuning parameter
A shrinkage method was tuned parameters and selected a suitable

parameter for fitting model.

Table4.1 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
apha - - - 0.3
shape - - 0.1 -

L ung cancer lambda 0.1 0.00078 0.1 0.0013
apha - - - 0.9
shape - - 0.1 -

Prostate 0.1 0.0348 0.1 0.0386
lambda
cancer
apha - - - 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 Leukemiamicroarray dataset
4.2.1.1 DE distribution

Table 4.2Performance of DE distribution in leukemia

lteration Np. of Time Tr_ain Test T_eﬂ

variables (min.) Deviance Accuracy  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 0.43%4 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 941176  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

lteration NQ. of Ti_me Tr_ain Test T_est

variables (min.) Deviance Accuracy  Deviance

1 10 4.07 24.1975 735294  30.9337
2 5 397 32.0101 70.5882  35.7578
3 9 4.80 25.2513 735294  33.1021
4 14 4.34 14.078 88.2353  20.8129
5 14 4.23 155777 88.2353  20.6396
6 10 4.65 23.0276 735294  30.9337
7 7 4.34 25.6379 70.5882  34.5688
8 10 4.45 23.5401 735294  30.9337
9 17 4.23 8.2535 88.2353  19.5402
10 9 4.75 23.9318 735294  33.1021
11 9 4.45 23.9369 735294  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 735294  33.1021
16 11 4.23 22.3442 79.4118  29.1509
17 9 412 24.2324 735294  33.1021
18 7 4.23 27.2873 70.5882  34.5688
19 9 4.23 23.6341 735294  33.1021
20 14 412 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 735294  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 735294  33.1021
29 9 4.56 25.3941 735294  33.1021
30 9 4.12 27.4609 735294  33.1021
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4.2.1.3 NEG distribution

Table 4.4Performance of NEG distribution in leukemia

. Time Train Test Test
Iteration Nonzero . . .
(min.) Deviance Accuracy  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 0.37%4 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 apha parameter of elastic net in leukemia

Alpha vaNr(i)ét())lfes Agcruarlgcy Train Deviance (min+1SE)
0.2 115 100 19.790
0.3 86 100 18.433
0.4 56 100 19.120
05 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

lteration Np. of Time Tr_ain Test Tgst

variables (min.) Deviance Accuracy 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 823529  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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lteration NQ. of Time_ 'I_'rain Test T_est
variables (min.) Deviance Accuracy Deviance
26 67 9.14 19471 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

lteration N(_). of Time Tr_ain Test T_est

variables (min.) Deviance Accuracy  Deviance

1 14 0.115333 0.2614 96.6443  24.3095
2 16 0.115333 0.2605 95302 245153
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 95302 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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lteration NQ. of Time_ 'I_'rain Test T_est
variables (min.) Deviance Accuracy 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

lteration NQ. of Ti_me Tr_ain Test T_est

variables (min.) Deviance Accuracy  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 17 534 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 16 534 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 15192 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 16 534 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

lteration NQ. of Ti_me Tr_ain Test T_est

variables (min.) Deviance Accuracy  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 apha parameter of elastic net in lung cancer

Alpha val\rl?élg)lfes A;rcruarlgcy Train Deviance (min+1SE)
0.1 566 100 0.9258
0.2 320 100 1.099
0.3 215 100 1.1831
04 147 100 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

lteration Np. of Time Tr_ain Test Tgst

variables (min.) Deviance Accuracy 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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lteration NQ. of Time_ 'I_'rain Test T_est

variables (min.) Deviance Accuracy 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 225707
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

lteration NQ. of Ti_me Tr_ain Test T_est

variables (min.) Deviance Accuracy  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 941176  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 941176  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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lteration NQ. of Time_ 'I_'rain Test T_est

variables (min.) Deviance Accuracy Deviance
25 40 0.382 0.5921 94.1176  91.3048
26 44 0.382 0.5926 941176  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 104.18%4
30 41 0.382 0.593 94.1176 97.517

4.2.3.2 LASSO

Table 4.13Performance of LASSO in prostate cancer

lteration Np. of Time Tr_ain Test Tgst

variables (min.) Deviance Accuracy 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 941176  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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lteration NQ. of Time_ 'I_'rain Test T_est
variables (min.) Deviance Accuracy 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

lteration NQ. of Ti_me Tr_ain Test T_est

variables (min.) Deviance Accuracy  Deviance

1 36 0.309333 100 94.1176  76.8981
2 36 0.309333 100 941176  86.2466
3 38 0.309333 100 94.1176 72.2725
4 34 0.309333 100 941176  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 941176  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 941176  91.9031
21 33 0.309333 100 94.1176 108.0091
22 34 0.309333 100 941176  87.6592
23 36 0.309333 100 91.1765 73.6174
24 33 0.309333 100 941176 117.1927
25 35 0.309333 100 91.1765  75.2635
26 35 0.309333 100 941176  72.5832
27 36 0.309333 100 94.1176 97.754
28 37 0.309333 100 941176  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 val\rl?élg)lfes A;rcruarlgcy 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
04 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

lteration Np. of Time Tr_ain Test Tgst

variables (min.) Deviance Accuracy 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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lteration I_\lo. of Time_ 'I_'rain Test T_est

variables (min.) Deviance Accuracy 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 819
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 No.of variables 41.8333 23.5333 35.3667  27.8667
cancer 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 timein leukemia

120 ~

100 -

80 -
m DE

60 -
H LASSO

40 - "W NEG
M elastic net

20 A

O -
no. of accuracy deviance time
variables

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

and timein 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

Standard Standard Sig.
Mean
Deviation Error Mean (2-tailed)
Number of selected DE 24.2 1.66919 0.30475 .000
variables 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 | 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

Standard _
Standard Sig.
Mean o Error )
Deviation (2-tailed)
Mean
Number of selected LASSO 9.9 2.720 0.496 .000
variables Elasic 819 10.32 1.885
net
Predictiveaccuracy LASSO  76.3725 6.056 1.105 .000
Elastic 82.7451 2.645 0.483
net
Deviance LASSO 30.2173 5.04 0.920 .000

Elastic 20.1139 2.03628 0.37177
net

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

M ean
Time LASSO 4.4063
Elastic 9.0043

net
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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 éastic 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

Standard _
Standard Sig.
Mean o Error )
Deviation (2-tailed)
M ean
Number of selected  Elastic 81.9 10.326 1.885 .000
variables net
NEG 129667 2.428 0.44
Predictive accuracy  Elastic 82.7451 2.645 0.483 .000
net
NEG 94.6078 1.114 0.203
deviance Elastic 20.1139 2.036 0.371 .000
net

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 9.0043
net
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 | 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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4414 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

Standard _
Standard Sig.
Mean o Error )
Deviation (2-tailed)

M ean

Number of selected DE 24.2 1.669 0.304 .000
variables NEG 129 2.428 0.44

Predictiveaccuracy 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

Standard Standard Sig.
Mean o )
Deviation Error Mean (2-tailed)
Number of selected LASSO 9.9 2.72093 0.49677 .000
variables NEG  12.9667 242804  0.4433
Predictiveaccuracy 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 | 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

Standard Standard Sig.
Mean

Deviation Error Mean (2-tailed)
Number of DE 14.5667 1.22287 0.22326 .000
selected LASSO 158667 0.68145  0.12441
variables
Predictive DE 95.8837 0.6911 0.12764 .022
accuracy 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 | error
had dlightly 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

Standard Standard Sig.
M ean o )
Deviation Error Mean  (2-tailed)
Number of LASSO 15.8667 0.68145 0.12441 .000
selected Elatic 30.1667 2.58755 0.47242
variables net
Predictive LASSO 955034 0.31284 0.05712 .001
accuracy Elastic 97.3536 2.8445 0.51933
net
deviance LASSO 24.1354 1.29659 0.23672 .000
Elastic 16.2037 1.52238 0.27795

net

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

M ean

time LASSO

Elastic

net

5.8977
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 Standard Sig.
Deviation Error Mean (2-tailed)
Number of Elastic 30.1667 2.58755 0.47242 .000
selected variables net
NEG 112333  2.11209 0.38561
Predictive Elastic 97.3536 2.8445 0.51933 .001
accuracy net
NEG 95.481 1.11377 0.20335
deviance Elastic 16.2037  1.52238 0.27795 .000
net
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 9.5763
net
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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4424 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

Standard Standard Sig.
M ean
Deviation Error Mean  (2-tailed)
Number of selected DE 145667 1.22287  0.22326 .000
variables NEG 11.2333 211209  0.38561
Predictive accuracy DE 95.8837 0.69911  0.12764 .000

NEG 95481 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

M ean
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.

4425 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

Standard Standard Sig.
M ean o )
Deviation Error Mean (2-tailed)
Number of LASSO 15.8667 0.68145 0.12441 .000

selected variables NEG 11.2333 211209  0.38561

Predictive LASSO 955034 0.31284 0.05712 919
accuracy 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

M ean
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.
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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

Standard Standard Sig.
M ean o )
Deviation Error Mean (2-tailed)
Number of selected DE 41.8333 15105 0.27578 .000
variables LASSO 235333 1.73669  0.31707
Predictive accuracy DE 93.2353 157345  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

M ean

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 | 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

Standard Standard Sig.
M ean
Deviation Error Mean  (2-tailed)
Number of LASSO 235333 1.73669 0.31707 .000

selected variables Elagtic  27.8667  1.4077 0.25701

net
Predictive LASSO 843137 302453 05522 016
accuracy Elatic 858823 357311  0.65236

net
deviance LASSO 397179 681663  1.24454 000

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

M ean
time LASSO 9.9907
Elastic 12.5093

net

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

Standard Standard Sig.
M ean
Deviation Error Mean (2-tailed)
Number of selected Elastic 27.8667 1.4077 0.25701 .000

variables net
NEG 353667 1.7711 0.32336

Predictiveaccuracy Elastic  85.8823  3.57311 0.65236 .000
net
NEG 93.7255  1.01687 0.18565

deviance Elastic 24.4835 1.39031 0.25384 .000
net
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 12.5093
net
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 | 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 |ess 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.

4434 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

Standard Standard Sig.
M ean
Deviation Error Mean (2-tailed)
Number of selected DE 418333 1.5105 0.27578 .000
variables 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

M ean

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.

4435 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

Standard Standard Sig.
M ean
Deviation Error Mean (2-tailed)
Number of selected LASSO 235333 1.73669  0.31707 .000
variables NEG 353667 1.7711 0.32336
Predictiveaccuracy 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. 5L imitation

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.

451 LASSO
45.1.1 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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45.1.2 LASSO cannot group variables which are correlated
each other. This method was select one variable from group of correlated variables.

45.2 Elastic net
45.2.1 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
45.3.1 NEG distribution is a non-convex optimization. It

would find alocal optimum.
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CHAPTER YV
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 till has some
limitations. In some real data, the performance of the NEG distribution were not
appreciate in overal. 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 B

Figure of results

1. Leukemiadata
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Figure 7.1Cross —validated deviance of lasso fit in leukemia
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df
.3
83{1@ 2 1113 14 1817 18 1920
gL
41

0 107 0
Larnbda
Figure 7.2 Traceplot of coefficients fit by LASSO in leukemia
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Cross-validated Deviance of Elastic Met fit
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Figure 7.3 Cross —validated deviance of elastic net fit in leukemia

Trace Plot of coefficients fit by Elastic Met (Alpha =0.3)
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Figure 7.4 Trace plot of coefficientsfit by elastic net in leukemia
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2. Lung cancer
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Cross-validated Deviance of Lasso fit

4

4

‘.“
*ia, :
““ -
"‘N“, :
M A e ALl LT TTTTIONT PR I

10° 10°

Lambda

Figure 7.5 Cross —validated deviance of lasso fit in lung cancer
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Figure 7.6 Traceplot of coefficientsfit by LASSO in lung cancer
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Cross-validated Deviance of Elastic Met fit
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Figure 7.7 Cross —validated deviance of elastic net fit in lung cancer
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Figure 7.8 Trace plot of coefficientsfit by elastic net in lung cancer
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3. Prostate cancer
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Figure 7.9 Cross —validated deviance of lasso fit in prostate cancer
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Figure 7.10 Trace plot of coefficientsfit by LASSO in prostate cancer
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Cross-validated Deviance of Elastic Met fit
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Figure 7.11 Cross —validated deviance of elastic net fit in prostate cancer
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Figure 7.12 Trace plot of coefficients fit by elastic net in prostate cancer
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