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Brief Schedule for Conferences

Afternoon, June 25, 2016 (Saturday) Venue: Lobby
Arrival Registration 13:30~17:00
(Committee Meeting 14:00-16:00)

June 26, 2016 (Sunday) 8:50~17:30
Venue: Gianyar Room & Klungkung Room
Arrival Registration, Keynote Speech, and Conference Presentation

Momning Conference

Venue: Gianyar Room
Opening Remarks §:50-8:55
(Prof. Tjokorda Gde Tirta Nindhia, Engineering Faculty, Udayana University, Bali, Indonesia)
Keynote Speech I 8:55~9:30
Topic: “Sustainable Use and Zero Waste for Water Resources™
(Prof. Orawan Siriratpiriya, Environmental Research Institute of Chulaongkorn University, Thailand)
Keynote Speech II 9:30~10:05
Topic: “Indonesian Wild Silkworm Cocoon as Biomaterial™
(Prof. Tjokorda Gde Tirta Nindhia, Engineering Faculty, Udayana University, Bali, Indonesia)
Coffee Break & Photo Taking 10:05~10:40
Keynote Speech IIT 10:40~11:15
Topic: “Dietary Methylselenocysteine Prevents Mammary Carcinogenesis by Recoupling the
Expression DNA Damage and Response Genes to the Circadian Clock™
(Prof. Helmut Zarbl, Rutgers, The State University of New Jersey, USA)
Keynote Speech IV 11:15-11:50
Topic: “In Situ Arsenic Removal in Groundwater for Rural Communities by Iron Sorption and
Arsenic Immobilization™
(Prof. Solomon W. Leung, Environmental Engineering Civil and Environmental Engineenng
Department, Idaho State University)
Lunch 12:00~13:00 Venue: The Cotfee Shop

Afternoon Conferences

Session 1: 13:00~15:00
Venue: Gianyar Room
8 presentations-Topic: “Food Science &
Biochemistry™

Session 2: 13:00~15:00
Venue: Klungkung Room
8 presentations-Topic: “Biomedicine™

. Coffee Break 15001580/
Session 4: 15:30-~17:30
Venue: Klungkung Room
8 presentations-Topic: “Bioinformatics

Session 3: 15:30--17:30
Venue: Gianyar Room

sentations-Topic: “Envi &
Spresentations-Tople: Tmvronmen®™ | 7 &Medieal”
Dinner 17:40 Venue: The Coffee Shop
June 27, 2016 (Monday) 9:00~17:00

One Day Visit & Tour

Tips: Please arrive at the conference room 10 minutes before the session begins to upload PPT into the laptop.
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One Day Visit & Tour
June 27, 2016 (Monday) 9:00-17:00

(Tip: We will depart on time, please arrive at the Lobby before 9 a.m.)

1. Visit Turtle conservation at Serangan Island 09:00 - 11:00

The Turtle Conservation and Education Center (TCEC)
opened by the governor of Bali, Mr Dewa Barata (20 January
2006) on Serangan island of Bali. TCEC is developed as part of
the comprehensive strategy to eradicate illegal turtle trading on
the island. Established on a land of 2.4 ha, the TCEC 15 trying to
support the community of Serangan to find the altenatives beside

illegal turtle business. The centre harnesses the potential of
education, tourism, conservation and research, with a liberal sprinkling of business, to give endangered turtles
one more chance on Serangan.

The four fundamental aspects to the centre include putting a definitive end to turtle trade, by encouraging the
public not to consume turtle products (religious use or otherwise), and to generally support turtle conservation;
providing turtles for rituals - without their killing - and monitoring turtle size and numbers, so that their use can
be strictly controlled and regulated; offering employment opportunities for locals from Serangan; and finally,
acting as a watchdog for turtle trade - in Serangan in particular and Bali in general.

2. Visit Udayana University (University fospital, Institute of peace and Democracy
(Photo session in front of Rectorat Building) 11:00-12:00

In the beginning of the 1960s, the people of Bali aspired to
have a Tertiary Institution on the island. In order to realize this
aspiration, on May 12th 1961, several figures from the
educational sector, government, and community leaders
conducted a conference led by ProfDr. Purbatjaraka.and
assisted by Prof. Dr. Ida Bagus Mantra as secretary.

The conference discussed the steps required for the
preparation of the establishment of a tertiary institution in Bali. An agreement was also reached for the formation
of a committee led by dr. Anak Agung Made Djelantik, Head of the Board of Health in Bali, with a team of eight
members,

Subsequently, the committee formed an institution named the Tertiary Education Institution of Bali, chaired by Ir.
Ida Bagus Oka (Coordinator of Public Works Boards in the Southeast Islands Region), vice chaired by Dr. |
Gusti Ngurah Gede Ngurah, assisted by two secretaries, Prof. Dr. Ida Bagus Mantra, and Drh, G.D. Teken
Temadja. This institution succeeded in forming the Preparatory Committee for the establishment of Udayana
University Bali on January 15th, 1962.

By a decision of the Directorate General of Higher Education, Ministry of Education and Culture of Indonesia,
Udayana University (UNUD) was officially founded in August 17, 1962, Initially Unud consisted of four

-5l -
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faculties: Letters, Medicine, ¥ eterinary Sciences and Animal Husbandry and Education and Teacher Traiming
The Familty of Letter s was actually established on 29th September 1958, howewer, the time it was a subsidiary of
the Faculty of Letters of Airlangga Urniversity in Swabaya (East Javd. This Faoulty was thenintegrated into
Udayana Universityin 1962 . Althoughit was founded on Avgost 17, the arriversary date of Udayana Ui wersity
iz not Augnst 17, bt was choosen to be on September 29 to commemorate the date of establistument of the
Faculty of Letters in 1958, Urmd has develop rapidly, in 2015 the univeraty has 13 facuties, 25 master
programs and 10 doctoral programes.

Udayana University today’s is listed as one of the 50“Promising Universities of Indonesid” published by the
Mirigtry of Education of Fepublic Indonesia owt of nearly 2 500 higher education instibitions around the
cowrtry. The widwversity has a stromyg position as one of the leading university pariculardly in the Eastern

Indonesian Territory.

3. Lunch at Garuda Wisnu Kpncana

Mandala Garuda YWisnu Kencana, or Garuda Wisnu Kencana
(GWED, is a cultwral park covering approxitation 60 ha area
located in Ungasan Badung Regency, or about 1015 mirntes
driving from Bali Ngurah Rai International Adrport. It is devoted to
the Hincds God Vishroy and his mowdt, Garada, the mythical bird
who become bis compard o : g
Currently, the statue of Vishmis 23 metres (75 5 £ high although [0 Rl 5 =hie

the orignal plan was for a 120-metre (390 5 goldplated Vishm nding Gamda on top of an 11 -storey
enterttaimmert complex. Gamda wing span will be 64 metres (2100 ff across The idea was not without
controver sy, and religious authorities on the island complained that ite massive size might dismpt the spiritaal

balance of the island, and that its commercial natwre was inappropriate, bt some groups agree with the project,
because it will make new tourist attraction over barren land.

In 2013 Nyoman Nuarta and PT Alam Sutera Redlty Thk (DXCASRD joined to build villas and apartmernts in
the GWI area in exchange for Rpl50 billion (3144 milliorh. Muarta plans to spend Fp20 billion to make
another bust and to move the existing bugt to ancther site 300 meters from the original site. It plans to spend
additiona Rp29 billion to make the new statue of sainless steel instead of galvarized steel as proposed previous
design

4. Towr to Ulerprtu Templs

Ulmwaiu Temple (Indonesian Pure (Lafnr) Dewede) is a Balinese
sed temple (ora segard) in Uluwatn (Rluta South Badung The
temple is regarded as ore of the sad kfpangm and is dedicated to
SangHyang Widhi Wasa inhis manifestation as Rudra

The temple (airain Balinese) iz built at the edge ibd of a 70 meter
high ciff or rock (wahd projecting into the sea. In folklore, thisrock
is said to be part of Dewi Dam's petrified bargae.

Though a smal temple was clamed to have existed earler, the stricture was significantly expanded by a
Javanese sage, Empu Kuhran in the 11th Centiry Another sage from East Jawva, Dang Hyang Wirartha is
credited for constacting the padmasana shrines and it is said that he attained moksha here, an evert called
ngehther (Mo go g™ locally. This hasresdted in the temple's epithet Tahur.

3, Dénner (farmwell pasty) at Muaws Beack Finbaran
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CHAPTER 1

- Breast cancer
-most common female malignancy in the world and has recently increased
significantly in Taiwan
- morbidity and mortality rate were estimated 1.7 million cases and 521,900
deaths among females worldwide in 2012
—early d ion of the di and di y of number of genetic variants
are very important and valuable for prognosis and treatment

* In epidemiological studies
- several high-penetrance breast cancer genes were discovered, such as
BRCA1 and BRCAZ increase breast cancer risk up to 20-fold
-more than 70 single nucleotide polymorphisms (SNPs) were identified that
influence breast cancer risk in genome-wide association studies (GWAS)

CHAPTER 1

+ Data mining
- a tool based on machine learning concepts for high dimensional data
- several approaches have been proposed such as
« multifactor-dimensionality reduction (MDR)
« random forest (RF)
- Bayesian
= multi-obj ant colony opti {MACOED)

* In this study
—wrapper algorithm of attribute selection using ions motion optimization
(IMO) for epistasis detection
- I hether the sels d
prediction accuracy rate

bination of locus affect the high risk

5 1
[ E] lons motion optimization (IMO) 2z T
liquid phase
the example of ions motion -~ .:(5
@ ,
Arraiiow

o A

". ‘.. v ¢
) A~
PSS z 1 i solid phase

T,

.
-
Anmaie

CHAPTER 1

OUTLINE

Introduction Discussion
Methods Conclusion
Results

» Single nucleotide polymorphisms (SNPs)
- known as the most common type of DNA sequence variation
- play an essential rale for high risk disease identification
» Genome-wide association studies (GWAS)
- complex diseases with high correlation rates in case-control studies.
- SNP-SNP interaction (or epistasis) to determine genetic multifactorial
associated with biological mechanisms and individual risk prediction

* Traditionally, the parametric linear statistical model is a poor
epistasis detection approach
—some limitations designed for single-locus
- the advantage of computational methods in the machine learning were
presented to solve the limitations of linear ic statistical method

4 |

[STYSIE] lons motion optimization (IMO) v o B

» A physics based metaheuristic optimization algorithm has been
proposed for global optimization problems by Javidy et al. in 2016
- inspired by the nature of the ion motion
~the ions were divided into anion (negative charge) and cation (positive
charge) that represents candidate solutions
-ions motion utilized attraction/repulsion forces between two ions to move
the position around the feasible search space
- forces as acceleration of ions motion
= anions were according to the best fitness of cation and cations were according best
fitness of anion

- two strategies of the movement calculation
+ liquid phase and solid phase for diversification and intensification in search

[T Ed IMO for SNP epistasis detection vs

1MO algorithm




[T =T IMO for SNP epistasis detection 25

Population initialization

A population consists of N Anion/Cation moving around in a D-dimensional search space

Anion: A, =(a,. ap i) * A E oy an e ay)
Cation: C,=(c,. ¢ o) * CE oy 0y}

initialize population of Anions and Cations with random position
each position of an ion is a candidate solution for multi-locus genotypas

(o1, LY 1= 88 IMO for SNP epistasis detection w

Fitness calculation

A i i table was from the
testing samples, then the accuracy was calculated

introl, high-low risk and training-

Actual {or disease)

+ True Positive (TP) False Positive (FP)

Predicted (or test)

False Negative (FN) True Negative (TN}

N ~ TP+ TN
Y = TP ¥ FP+ TN + FN

[T % IMO for SNP epistasis detection ss

External force distribution (solid phase)
If (ChestFit = CworstFit £ 2 AND AbestFit = AworsiFit/ 2)
if rand, ()} = 0.5
Ap= A+ @y % (Chest = 1)
ehe

A= A+ by x Chest

ndom numbers in ran -1t 1

end
if randy() > 05 . numbers
€= G+ by x (Abest — 1)
else .
G = €+ ®, x Abest
emd if
if rand; () < 0.05
Re - initialized A, and ', with random position
end ift
end if
1 |
SV E] Experimental results 2 e
Breast cancer of results from IMO prediction
Mean + SAMs
Number of loci  Training ACC (%)  Testing ACC (%)  CV Consistency
2 61.86 = 0.04 57.99 £ 0.94 7.34 + 0.84
3 63.82 = 0.07 56.93 + 0.94 5.53 + 0.81
4 66.34 + 0.08 54.02 + 0.98 291+ 058
5 70.22 + 0.07 5432 + 1.10 4.41 + 067
*SAMs: standard accuracy of the means, ACC: accuracy, CV: cross-validation
|

[T =T IMO for SNP epistasis detection s

Fitness calculation
accuracy estimation from INME disease model

] A0 W00 0400 400
h\ sNP, | ENP, SNP, B -
£, A | e w
s Moo ce
s, s | b e
5 = | B8 e

|

(o1, LY 188 IMO for SNP epistasis detection P

Force evaluation (liquid phase)

1

ARy = gy > Au = A+ AR X (Cbest; - Aig)
1

CFyy =Ty > Gy = Gy + CFy X (Abest; = C;j)

AD, ;= | Ay — Chesty| is the distance between anion and best cation
COyy = It'.‘f_J = Abesi| is the distance between cation and best anion
AF, and CF,; represent resultant attraction force of anions and cations respectively

s [N C

CHAPTER 3 sEIEELH

554 case-control samples include seven SNPs with breast cancer

SNP (Genes) Chr. Genotype Control Case  OR_ pvakue

S8 |Ganes) Chr. Genotype Contrd Case OB powaks 3
- - 028038 6 nCC FIRT]

btk trd 1z 1AA "7 1 - -
(E04) 287 w78 o7 o VEGR) 2cT W s oosm  oos
31T 1w 16 1145 orz 3T L] 6 1381 o
53138685 17 1-GG 107 w - - rS22ET074 1% 1-GG 164 13 - -
(GCRT) 280 10 14 amo  osr  (MMPD 286 1m w osm osm
IAA a7 » ossT 088 IR »n 0688 08
II8014 H 1co 254 151 - - 310506957 12 11T 182 133 - -
(CXCR) T T 63 1482 007 ITLG) 2CT 13 o 070 ooe
ATT T & 1442 osr 3LC 19 18 1296 aoe
Chr: Chromaosome; OR: odds ratio
1801157 10 106G 175 108 - -
fexcLin 2AG 136 S8 18 037 paser
344 23 16 1148 073 T34 Tomala comal particpants
Ll
(e P = Experimental results 2z
St y of two-I genotype combinations associated with
high risk and with low risk for breast cancer
CXCL1I2 CXCLI2
GG AL AA g AG AL
033 0w
Low  Law
0.56 074
Low Low
02 068
Low Low
| mghrik | Lowrsk

% |
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« MDR
- non-parametric statistical methed and no need to assume a specific
genetic model for the detection of high-dimensional SNP interactions
- has been used in epistasis classically and widely over the past decade
—a robust statistical computing algorithm and can effectively identify high
multi-factorial SNP interactions in the lack of marginal effects
» However, remains an exhaustive search that leads to
computationally very intense and depends on the computing
resources largely

CHAPTER 6 roduction | Memads | Rosunts  Cuscussion | (SN

= Our proposed approach can obtain a better identification ability
based on the cross-validation consistency and prediction accuracy

» For future work, the IMO algorithm will be implemented on the
simulation data and other complex diseases data

] Diccuscion siroduction | Metods | Results [EEEIENE ¢

+ We have implemented IMO as an approach for SNP-SNP
interaction of multi-locus information detection
- to search the classification of best binati in SNPs with marginal
effects that associate with the risk for complex diseases
= has the advantage of few number of tuning par , low comp
complexity, fast convergence and high local optima avoidance
—a potential epistasis detection algorithm for high-dimension data

ngiyabanga
c,,ac;g;;m kﬂﬁﬁi;ﬂlgsplu{kulednumg
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Let me know if you have any questions

Reporter: Kuo-Chuan Wu
Email: kuo.chuan.wu@gmail.com
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Abstract—Breast cancer is the most common female  high-penetrance breast cancer genes were discovered,
malignancy in the world and has recently increased  such as BRCA] and BRCA?2 increase breast cancer risk
markedly in Taiwan. In epidemiological studies, several up to 20-fold. Recently, there are more than 70 single
high-penetrance breast cancer genes, such as BRCA1 and \;)05ide polymorphisms (SNPs) were identified that
BRCAZ, were discovered to increase breast cancer "S!( up influence breast cancer risk in genome-wide association
to 20-fold. Recently, there are more than 70 single R
nucleotide polymorphisms (SNPs) identified that influence studies (GWAS) [5 ]'[7] . . . .
breast cancer risk in genome-wide association studies SNES p.lay a very mmportant role i high risk disease
(GWAS). This study collects 554 samples of breast cancer  identification. It is known as the most common type of
and non-breast cancer data, and implements a wrapper =~ DNA sequence variation and can affect the gene
algorithm of attribute selection using ions motion expression. The SNPs are defined when a nucleotide (A,
optimization (IMO) to identify the SNP-SNP interaction. T, C and G) changes more than 1% or greater within the
The experimental results ha.ve sh.own our pf"oposed. method human population [8]. New opportunities and challenges
has reasonable power fo identify SNPs interactions for 14 pean precented to find association between genetic
multi-locus interaction associated with a common complex polymorphisms and phenotypes to GWAS with the
multifactorial disease. . .

completion of the human genome project (HGP) and the
international haplotype map project (HapMap) in the last

Index Terms—breast cancer, single nucleotide X i
polymorphisms, SNP-SNP interaction, ions motion decade. GWAS are most of the complex diseases with
optimization high correlation rates in case-control studies from SNP

that examine SNP-SNP interaction to determine genetic
multifactorial associated with biological mechanisms and
I. INTRODUCTION individual risk prediction [9]-[12].
Traditionally, the parametric linear statistical model is
a poor epistasis detection approach which has some
limitations designed for single-locus, such as it does work
on statistical modeling of non-linear interactions and
considering multiple SNPs simultaneously [13]. The
advantages of computational methods in the machine
learning are presented to solve the limitations of linear
parametric statistical methods. Data mining is a tool
based on machine learing concepts for high dimensional
data which has been applied in GWAS. Several data
mining approaches have been proposed such as
multifactor-dimensionality reduction (MDR) [9], [12],
random forest (RF) [14], [15], multi-objective ant colony
optimization (MACOED) [16] and Bayesian epistasis
association mapping [17].

Breast cancer is the most common female malignancy
in the world and has recently increased significantly in
Taiwan [1]. The morbidity and mortality rate of breast
cancer were estimated 1.7 million cases and 521,900
deaths among females worldwide in 2012 [2]. Although
breast cancer is curable when diagnosed early in cancer
treatment, if it is recurrence or distant organs metastasis,
it will become incurable and mortal [3]. Thus, early
detection of the disease and discovery of number of
genetic variants are very important and valuable for
prognosis and treatment. Breast cancer is known to be
caused by multiple genetic and nongenetic
(environmental) factors, perhaps the interaction between
the two factors [4]. In epidemiological studies, several

Manuscript received April 25, 2016; revised June 25, 2016.
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In this paper, we implement a wrapper algorithm of
attribute selection using ions motion optimization (IMO)
for SNP-SNP interaction identification. IMO was used to
select the polymorphisms and evaluate whether the
selected combination of locus affect the high risk. The
accuracy rate of prediction was determined using SNP
interactions displaying no marginal effects INME) [10]
with k-fold cross-validation. This study collected 554
samples of breast cancer and non-breast cancer data, and
the genotyping was determined by PCR-restriction
fragment length polymorphism (RELP). Those SNP data
were analyzed by machine learning approach for SNP-
SNP interaction with disease risk prediction.

IMO algorithm |

Initialize population
{Anions and Catons)

Read data
(SNP genotype data)

Calculate force

Update positon of

Get lesting accuracy .
- ) Anions and Cations

L}I‘ii\lnhul'e Anons and

Best taining accuracy
“ations by external force

and best multilocus

The flowchart of IMO for SNP-SNP interaction
identification

Figure 1

II. METHODS

A. lons Motion Optimization (IMO) Algorithm

A physics based metaheuristic optimization algorithm
has been proposed for global optimization problems by
Javidy et al. in 2015 [18]. It is inspired by the nature of
the ion motion. The ions are divided into anion (negative
charge) and cation (positive charge) that represents
candidate solutions to the particular problem. The ions
motion utilizes attractionrepulsion forces between two
ions to move the position around the feasible search space.
The forees are represented as aceeleration of ions motion,
anions are according to the best fitness of cation and
cations are according to the best fitness of anion. T'wo
strategics of the movement caleulation are called liquid
phase and solid phase for diversification and
intensification in search.
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B. IMO for SNP-SNF Interaction Identification

This  paper  presents  an IMO  algorithm  for
identification of SNP-SNP interaction revealing high-
order interactions problem rom casc-control studics. We
used the heuristic algorithm to find the best multi-locus
combination to identily the high risk multi-locus
genotypes. The flowchart is shown in 8R! RHKIF
FAU. and the detail process is described as follows.

Step 1) Initialize population

A population consists of N Anion/Cation moving
around in a D-dimensional search space. The position of
the ith Anion and ith Cation can be represented by A,
(@, dps ooy ain) O (€1, €as ..., Cip)y respectively.
Initialize population of Anions and Cations with uniform
random position 4 € {ay, aa, ..., ay} and position C € {ey,
€3, ..., €y}, each position of an ion is a candidate solution
for multi-locus genotypes.

Step 2) Fitness calculation

The fitness caleulation i1s used as accuracy estimation
from INME disease model (example shown in #iR! #
HREG| R, . SNP interaction refers to combinatorial
effect of genetic variants that observes the marginal effect
on the frequency in cases and controls for the
combination between the SNPs phenotype distribution.
This model can easily obtain disease risk estimation from
the cases: controls ratio. If the ratio exceeds threshold
(e.g., = 1.0) which is labeled as high-risk, or as low-risk,
if the ratio is not exceeded. A prediction contingency
table (H5iR! HRIWF]SI W, ) is generated from the
case-control, high-low risk and training-testing samples,
then the accuracy is calculated.

TABLEL A PREDICTION CONTINGENCY TABLE

Actual {or dizease)
+ -

True Positive (TF) False Positive (FP)

Predicted
for test)

False Negative (FN) True Negative (TN)

Step 3) Update best and worst Anions and Cations

Determine the global best and individual current worst
solution Abest and Chest according to the fitness
evaluation results (i.e., training accuracy).

Step 4) Force evaluation

The repulsion forces are ignored for search space [18].
The attraction force computation is evaluated from
distance between ions; the measurement can be defined
as (ollow:

1
AF; = T 1
CF,; = —— @
i = [0y, 2

where AD;; = |Ai,,- - Cbest,-| is the distance between
anion and best cation, CD;; = |Ci,,-—Abest,-| is the



distance between cation and best anion. 4F,, and CF,,
represent resultant attraction force of anions and cations,
respectively.

In IMO, each ion is updated based on the attraction
force as following equations:

Ayp = A+ AF; x (Cbest; = Aiy) - (3)
Step 5) Update position of Anions and Cations ; : ’
Cij = €y + CFy x (Abest;— C;;)  (4)
400 400 400 400 400 400 SNP, Case [l Control
I I J I
AA
100 100
a L | °
AA Aa aa
300 300
SNP, An
100 400 100 400 100 400 0 0 I Huy el
300 300
aa
100 100
0 0
— |,
BB Bb bb BB Bb bb SNP,
SNP, 2

Figure 2.
cases and controls for the combinations between SNP1 and SNP2. In gray o

l:l High risk I: Low risk

An illustration of the INME disease model. The left indicates the marginal effect of SNP1 and SNP2. The right indicates the frequency in

ells, the allele combinations represent high risk effect (from the threshold

of cases: controls ratio eg., =1.0)

Step 6) Distribute Anions and Cations by external force
In order to escape entrapment in local optima, when

the solid phase condition is satisfied, the external force is

calculated, and the formula is shown as follows:

if (CbestFit > CworstFit / 2
AND AbestFit = AworstFit / 2)

if rand,() > 0.5

A, = A+ ©y X (Chest —1)
else

A, = A+ ©, X Chest
end if
if rand,() > 05

C;=C+ O, x(Abest —1)
else

C; = C+ &, xAbest
end if
if randy() < 0.05

Re
end if

end if

®

initialized 4, and C, with random position

where & and @, are random numbers in range of -1 to 1.
rand\( ), randy( ) and randy( ) are random numbers in
range of 0 to 1. AworstFit and CworstFit are the worst
fitness solutions of anion and cation, respectively.
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Step 7) Stopping criterion

Repeat steps 2-6 until a certain number of iterations
have been completed. Consequently, the best training
accuracy and best multi-locus are obtained.

IIT.  REesuLTs

A. Data Sets

The experimental data sets of this study were obtained
from our previous breast cancer association study [19].
The data include 220 pathologically confirmed female
breast cancer patients and 334 female control participants.
The SNPs of seven genes were used in this data included
CD4, CCR7, CXCR4, CXCL12, VEGF, MMP2 and
KITLG. The cases and controls study was conducted
from Kaohsiung Medical University in Taiwan. The
baseline characteristics of breast cancer data for cases and

controls is shown in 8R! FKIMIGIHE. .
B. Experimental Results

! RMBISIHIE. summarizes the means and
the standard accuracy of the means (SAMs), the cross-
validation consistency, the training accuracy and the
testing accuracy obtained from IMO analysis of the breast
cancer case-control data, for cach number of loci
evaluated. The reported cross-validation consistency 1s
the number of cross-validation intervals that a particular
SNP combination was chosen by IMO from the average
of 100 runs. One tow-locus model had a higher cross-
validation consistency of 10, the accuracy are 61.86 1
0.04 (traming) and 57.99 + 0.94 (testing), and the best



model chosen was CXCLI12 (rs1801157) and KITLG by TMO. As shown in §§iR! R B 5 HiK. , each
(rs10506957). &5 KM B 5 FHI . shows the multi-locus genotype combinations are divided into the
identification of SNP-SNP interaction which 1s  cells, the left bar i cells represents the corresponding
corresponding to the distribution of genotype frequencies  distribution of cases and controls on the right bar.

of cases and controls in the best combination of two-locus

TABLE II.  DESCRIPTIVE LIST OF BREAST CANCER CASES AND CONTROLS

Number of Scoring function
SNP (Genes) Chr. Genotype  Control Case cC SN Sp AVG OR p-value
1. 112812942 12 1-AA 174 128 - - - - - -
(CD4)
2-AT 141 76 0482 0372 0.552 0469 0.733 0.10
3-TT 19 16 0.564 0111 0.902 0.526 1.145 0.72
2. 1s3136685 17 1-GG 107 77 - - - - - -
(CCRT)
2-AG 180 114 0462 0.587 0373 0474 0.880 0.57
3-AA 47 29 0.523 0.274 0.695 0357 0857 0.68
3. rs2228014 2 1-CC 254 151 - - - - - -
(CXCRY 2-CT 73 63 0.586 0.294 0.777 0.552 1452 0.07
3-TT 7 6 0.622 0382 0.973 0.659 1442 0.57
4. rs1801157 10 1-GG 175 106 - - - - - -
(CXCL12)
2-AG 136 98 0.320 0480 0.562 0.524 1.189 0.37
3-AA 23 16 0.597 0131 0.884 0537 1.149 0.73
5. rs3025039 6 1-CC 211 155 - - - - - -
(VEGF)
2-CT 117 59 0.498 0276 0.643 0472 0.687 0.05
3-TT 6 6 0.574 0.037 0.972 0.528 1361 0.77
6. rs2287074 16 1-GG 164 113 - - - - - -
(MMP2) 2-AG 139 93 0.505 0451 0.541 0499 0971 0.93
3-AA 31 14 0.553 0.110 0.841 0510 0.655 0.25
7. 1510506957 12 1-TT 182 133 - - - - - -
(KITLG)
2-CT 133 69 0.486 0342 0.578 0469 0.709 0.08
3-CC 19 18 0.568 0119 0.905 0531 1.296 0.08

*Chr: chromosome, CC: correct, SN: sensitivity, SP: Specificity, AVG: average, OR: Odds Ratio
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A —
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— .
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Figure 3. Summary of two-locus genotype combinations associated with high risk and with low risk for breast cancer
multi-factorial SNP interactions in the lack of marginal
TABLETN. ANALYSIS RESULTS FROM [MO ALGORITHM. effects. However, MDR remains an exhaustive search
Mean + SAMs that leads to computationally very intense and depends on
! 4 . .
— - the computing resources largely [10], [11]. Assuming that
Number Training Testing cv there are n dimension genotype data and m-locus are
of loci ACC (%) ACC (%o} Consistency ) X Hl¥) - K _
chosen, then we get the combination formula: C(n, m) =
— - ! . . .
2 6186+ 0.04 P s e : 2 Tor Therefore, this study presents a heuristic search
nem)ymi
3 22007 56.93 210, 5.5 X H - . -
' 6382£00 6.932054 3081 algorithm to replace brute-force search algorithm. The
4 6634008  34.02:058  291+0.58 goal of our proposed approach is solving high-dimension
5 7022 + 0.07 5432110 4414067 data for SNP-SNP interaction identification of multi-

=5 AMs: sandard accuracy of the means, ACC: acauracy,
CV: cross-validation

C. Analysis of the Differences between Cases and
Controls in Two-Locus

Table IV shows the difference between cases and
controls in two-locus. The most difference between case
and control was found in the SNP4-genotype GG and
SNP7-genotype CT (i.e. 11 — 4 = 7), indicating that this
combination is dominant in case. The SNP3-genotype TT
and SNP4-genotype GG showed the most difference
between control and case (i.e. 137 — 69 = 68), indicating
that this combination is dominant in case. Consequently,
the difference in control-dominant is larger than the
difference in case-dominant. The difference distribution
between case and control shows a lower risk rate in this
data except SNP4 and SNP7. However, our proposed
approach can find the best model for SNP4 (CXCL12)
and SNP7 (KITLG).

IV. DISCUSSION

MDR is a non-parametric statistical method and no
need to assume a specific genetic model for the detection
of high-dimensional SNP interactions [9], [12], [13]. It
has been used in epistasis detection classically and widely
over the past decade. MDR has a robust statistical
computing algorithm and can effectively identify high

locus.

In machine learning area, overfitting problem appears
when computationally intensive search algorithms. If the
set of training data are too close, it will lead to the poor
quality prediction. In order to avoid overfitting, some
additional techniques have been proposed, such as cross-
validation, regularization, and early termination or
resampling [20]. However the best way to avoid
overfitting 1s to use an abundant amount of training data.
In this paper, the k-fold cross-validation was used.

We have implemented IMO as an approach for SNP-
SNP interaction of multi-locus information detection, to
search the classification of best combinations in SNPs
with marginal effects that associate with the risk for
complex diseases. IMO algorithm has the advantages of
few number of tuning parameters (only population size
and number of iterations), low computational complexity,
fast convergence and high local optima avoidance [18]. In
this paper, the parameters of IMO were set with the
values, the population size 40 and the number of iteration
100. run 100 times for detecting interactions
independently. Although the dimension of breast cancer
data just only seven SNPs, it has been verified to possess
potential epistasis detection algorithm for high-dimension
data. In fact, many heuristic algorithms had been
proposed in this area and obtained high performance
outcome, such as genetic algorithm [21] and ant colony
optimization [16].

TABLEIV. THE DIFFERENCES BETWEEN CASES AND CONTROLS FOR THE WHOLE COMBINATIONS IN Two-Locus.

SNPs _Genotype  case control A SNPs Genotype  case control A SNPs Genotype  case control A
4,7 GG-CT 11 4 7 2,7 GG-CT 9 1 -2 4,6 AG-AG 39 58 -19
4,6 AG-GG 11 7 4 34 CC-AG 4 6 -2 4,7 AA-CT 54 73 -19
1,5 AT-TT 9 6 3 36 TT-AA 1 3 -2 12 AT-AG 69 89 -20
3,5 CC-CT 48 45 3 4,7 GG-TT 0 2 -2 1,6 TT-GG 64 84 -20
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37  CCCT B 2 3 56  TT-AA 2 4 22 24  AGAG 47 67 -20
57  CC-CT 6 303 2,5  AG-CC 8 1 3 14  AT-AG 31 52 -2
1,2 TT-AA 9 702 37 CTCT 21 24 3 56  CT-AG 24 45 21
1,5  TI-CT 3 12 37  TI-CC 3 6 -3 56 TT-GG 8L 102 -21
1,7 AT-CC 8 6 2 46  GG-GG 0 3003 1,7 TT-TT 70 92 22
1,3 TT-CC 5 4 1 6,7  GG-TT 0 3003 1,7 TT-CT 56 78 22
14 AT-AA 7 6 1 13 ATCT 23 27 4 1,5  ATCT 24 47 23
1,6 AA-AA 1 0 1 14 TI-GG 8 12 4 25  AG-TT 21 4 23
23 AG-CC 9 8 1 57  CC-TT 12 16 -4 45  AGCT 25 48 23
23 AACT 4 3001 13 AT-CC 35 40 5 67  AG-CT 31 54 223
24 GG-GG 3 2 1 14 AA-AG 5 10 -5 1,7 AT-TT 49 73 24
2,5 AA-TT 2 11 1,7 TT-CC 7 12 -5 2,7 AG-CC 22 46 -4
27 GGTT 2 11 34 CC-GG 12 17 -5 6,7 AA-CT 54 78 24
35  TI-CC 6 51 37 CC-TT 12 17 -5 1,6 AT-AG 33 58 -25
36  CT-AA 4 3001 12 AA-AG 11 17 -6 14 TI-GG 58 84 26
36  TT-AG 37 36 1 1,5 AACC 99 105 -6 47  AGCT 33 59 -26
37 c¢ccC 1 0 1 1,5  AA-TT 7 13 -6 56  CT-GG 66 92 -26
37 CT-CC 2 11 24 GG-AG 8 4 -6 57  CTCT 18 4 26
47  AA-TT 13 12 1 26  AG-GG 8 14 -6 23 GG-IT 54 82 -28
56  CC-AA 1 0 1 2,7 AACC 48 4 6 26 AAAG 55 83 28
56  CT-AA 3 21 45  GG-CC 11 17 -6 56 TT-AG 30 58 -28
57  TI-CC 4 3001 46  GG-AA 8 14 -6 1,6 TT-AG 41 70 -29
67  GG-CT 8 701 47  GG-CC 7 13 -6 34 CT-GG 70 100 -30
67  GG-CC 10 9 1 47  AGTT 3 95 -6 26 AGAG 52 83 31
14 AA-AA 1 10 1,6  AA-GG 11 18 -7 2,7  AG-CT 35 66 -31
L7 AATT 9 9 0 26  GG-AG 7 4 -7 46 AG-AA 43 74 31
1,7 AA-CC 1 1 0 34 CT-AG 26 33 7 47  AACC 66 97 31
23 AATT 2 20 25  GG-TT 54 62 -8 25  AG-CT 30 62 -32
2,5  AACT 4 4 0 46  GG-AG 6 4 -8 46  AA-AA 55 87 32
27 GG-CC 7 70 46  AA-GG 5 13 -8 47  AG-CC 33 65 -32
34 TT-AA 4 4 0 12 AA-GG 18 27 9 2,7  AACT 70 103 -33
35  CC-TT 4 4 0 23 AG-CT 33 2 9 25 GG-CT 80 114 -34
36  CC-AG 5 5 0 2,6  GG-AA 5 14 -9 45  AG-TT 30 64 -34
36  CC-AA 1 1 0 26  AG-AA 33 42 9 45  GG-TT 72107 -35
45  AA-CC 1 10 2,7 AG-TT 12 21 9 57  TT-CT 35 70 -35
45  AA-CT 1 10 56  CC-GG 8 17 -9 36 CT-GG 68 104 -36
45  AA-TT 4 4 0 56  CC-AG 5 4 -9 37  TI-TT 93 129 -36
67  AGTT 8 8 0 2,7 AA-TT 15 25 -10 57  CT-TT 49 86 -37
1,3 AT-TT 5 6 -1 37  TT-CT 37 47 -10 1,5 AT-CC 26 64 -38
1,7 AACT 8 9 1 1,6  AA-AG 2 13 -1 14 TT-AG 40 79 -39
2,5  AACC 0 -l 2,6  AA-GG 19 30 -11 24 AAAG 59 99 -40
2,6  GC-GG 2 3001 36  CT-AG 21 32 -1 67  AG-CC 30 71 -4
34 CT-AA 2 3004 46  AA-AG 53 64 -11 13 AACC 88 130 -42
34 TT-AG 33 34 4 67  AA-CC 73 84 11 1,7 AT-CT 12 54 42
35  CI-TT 2 3001 24 AA-AA 3T 49 -12 1,2 AT-AG 38 82 -4
35  TT-CT 0 -l 2,6  AA-AA 39 51 -12 1,5  AACT 49 93 44
45  AG-CC 4 5001 35 CTCT 15 27 -12 35 CT-CC 42 87 -45
57  CT-CC 2 3001 2,5  GG-CC 21 35 .14 36  TT-GG 75 125 -50
1,2 AT-AA 7 9 2 67  AA-TT 6 20 -14 23 GG-CT 77 135 .58
1,3 AATT 11 13 2 12 TT-AG 27 42 -15 1,3 AACT 52 111 -59
1,3 TI-CT 1 30 2 45  GG-CT 72 87 -15 35  CC-CC 103 162 -59
14 AAGG 10 12 -2 57  TT-TT 94 109 -15 37  CT-IT 46 108 -62
1,5  TT-CC 3 502 24 AG-AA 35 51 -16 34 TT-GG 69 137 -68
1,6 AT-AA 7 9 2 12 TI-GG 41 58 -17 1,2 AA-AA - - -

1,6 TT-AA 8 0 -2 23 GG-CC 20 3717 1,3  TT-TT - - -

23 AG-TT 21 23 2 24 AA-GG 10 27 17 1,5  TT-TT - - -

23 AACC 0 2 2 36  CC-GG 8 25 -17 34 CC-AA - - -

24 GG-AA 5 72 14 AT-GG 60 78 -18 35  TI-TT - - -

24 AG-GG 16 18 -2 1,6 AT-GG 53 72 -19 57 CC-CC - - -

*A: difference between case and control
V. CONCLUSION ACKNOWLEDGMENT

In this paper, we have proposed a detection method,
IMO algorithm with the k-fold cross-validation, for SNP-
SNP interaction: using the SNP data of breast cancer. The
results of this study demonstrated that our proposed
approach can obtain a better identification ability based
on the cross-validation consistency and prediction
accuracy. For future work, the IMO algorithm will be
implemented on the simulation data and other complex
diseases data.
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