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EXRE
Keywords: cancer, pathway, DNA microarray, gene ordering structure, association analysis.

There are many types of pathways in the cell cooperate to maintain the cellular function
exactly, such as gene regulation pathways, signaling pathways, protein interactions, and
metabolic pathways. Each pathway network consists of many sub-networks that are characterized
by special biochemical function or topology property. These sub-networks are associated by each
other and existing interaction. Some interactions may occur between different types of pathways.
However, the research literature of such interactions in cancer cell has never seen at present.

In this project, we studied the sub-network interactions in cancer cell. We intended to
reorganize and annotate the sub-networks in pathways based on the public databases. Cancer
related genes were screened according to the variations of gene ordering structures building by
DNA microarray data in a tumor-versus-normal experiment. Association analysis was implement

regarding cancer related genes and sub-network related genes to quantify the correlation.
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Category Number of databases
Protein—protein interactions 79
Metabolic pathways 43
Signaling pathways 41
Pathway diagrams 22
Transcription factors/gene regulatory networks 20
Protein—compound interactions 14
Genetic interaction networks 5
Protein sequence focused 12
Other 1




Unique total 196

IV R =N A ?\#l}i s &/E‘_;”"\'FK"F ’:—I- mmFl‘_ﬁgp s e n\fﬁi A #Efﬁém RA X 59 fﬁ‘?‘ﬁ—'}i y i

fmre oA TR i d 3F 5 =0 e (sub-network) s > F S i B Tehdd i

He o A F 0 P P AR R M X RET A P 0 E L Sm
P F mBREROAFE L ¢ F kKBATF] FuGn & LA F R ORRE 0 AT
R AR B A FRE R ML AR E & S Yy BAF A mre p XA FHE N> £ [=Sm
NGn s Fl#c - )% Sm 27 Gn &5 ¥ A Flens i takd i@ 4 $7(Haverty et al., 2004) » = 3+

5 4 p-value :

k y~N-y
p—value = Z—Ci Ck;i
i=I Ck

p-value 4% | » & 77 B N 220 B M F RF AR o ST PR A T B U
etk 2 (Mlecnik et al., 2005) o B > JRm Ap B A FlE i = 2 0 4 8 B0 RORR e
T ¥ e A TR AL R o RUR T bl R R (ttest) RBCE F * et E

|

— (nl _1)512 + (nz _1)322
P n,+n, —2

HY 2 ok Rk e 2 ¥ v cnip WP Bt i X '?E’X A u S AT X A 80
ARENTIDLRE e d ¥ & RPHRBEHRIRTEAS T 0 T Rie AT ERE
Bt (x2log(X)) > R#ET¥ A4 H > FRFES Teos > P p-vale 3 Prob(|Te| >
Teobs) * — 4k T_& p-vale -] 3+ 0.05 ek F] 5 M w7 4p B AL 7] o

P AR R A A g ARY o/ T WA TR SR As}#j\ % %% ek A
T g A Al e & (Liuetal., 2006)° § & B A F10 27 j & DNA B 5] F enfz 35 B £



.
= X

N X .
7ij:1_z [ -

s=1 N (Xmax - Xmin)

X - x.] = Xe; = X Xe; > X
S]) Sl O X <X

S]_

R A AR RS AR R RE R TN B AR X, 2 X, 05 R

AP BB AFIARGELRA o XA B L - BF » Bl(directed graph) > i A
—JRAFAFIOTER R AFRE MR > AP T RIBJoRRII DA 0 FiE]
G RE e APEEIHERE MR- BAF RF o pw bR £
FEBATFIGARRRKAEIRGCERE F 5 - BATF X3 d e pERE TSR
AFG AR E DAIRGTER AR o FIL A7 o ot = BB G GBonpeh s oo Fpt o P

WEALTHRY TR HRRFDERIERKRAZF LT 1 (@) Ehp L BT RES
P B H A TR - R A FIH  £4F 2 B A250005 5 (D) OB ERE L B A

Fl¥ o A wEREM R GE oy, (p=1,2,...,5000); (c) o FiEF EE - B A

A B LR R B TR s F BT E KT 1% (P < 0.01) R 2 B B
B EE -

I X BB k=i wie ke vk L A RF 0 @ M R A AR R A

kP (Liuetal, 2006) » % ik e B0 F e A FIX R B A R 0 VL E R
BAiplt L R enip b AT Bl AT TR AR M 0 2 A Fleha AR L 1t d
t-#% T % = ;% (Schena et al., 1995; DeRisi et al., 1997; Chen et al., 1997; Chambers et al.,
1999; Tusher et al., 2001) 7 & 4k &1 k e A M AT > L F A& -

wie N oA (VLT R E - B B T A L A TR RER B RER
BRI IR R IR NSRS B iR E BN T A IR G RS D
AR A o SRR B EARE G 3 AT T > H TR AR (LR T R
FME G A ARREEE Y SELT T AP RS2 ﬂ’pwﬂ{ijo

AP P o e drend CRLT R L AH D EATHE Y T RE A RERILE F F 2
AF R AI* 3 ik R G 3 R FIRRES RS REET R R i
AT Bt I B Bl AT E 0 A BT S R R R e e R ) Rl g A

170 FF B AT R R RRARM A RS R R B W 2 R
7



Fop @ Bh2 o B AR 0T L 3 B R TR o



e
|
~=\
=
na
e
=
F
T‘S’Q
R
=
e
gl
¥
Y
| i
M-
e
al
B
g

A. Protein-Protein Interactions

BIND - Biomolecular Interaction Network Database

BioGRID - General Repository for Interaction Datasets

CAL1Neuron - Pathways of the hippocampal CAL neuron Details

DIP - Database of Interacting Proteins

DopaNet - DopaNet

GPCR-PD - G protein-coupled receptors protein database

HiMAP - Human Interactome Map

HPID - Human Protein Interaction Database

HumanPSD - Human Proteome Survey Database

KinaseDB - Kinase Pathway Database

MINT - Molecular Interactions Database

OPHID - The Online Predicted Human Interaction Database

PhosphoSite - Cell Signaling Technology's PhosphoSite Database

PINdb - Proteins Interacting in the Nucleus database

POINT - Prediction of Interactome

PPID - Protein-Protein Interaction Database

ProChart - ProChart database of signal transduction pathway information

ProNet - Protein-protein Interaction Database

PubGene - PubGene

Ulysses - Projection of Protein Networks across Species

HiIMAP - Human Interactome Map

Cancer Cell Map - The Cancer Cell Map

B. Metabolic Pathways

GenMAPP - Gene MicroArray Pathway Profiler

GOLD.db - Genomics of Lipid-associated Disorders

MetaCore - MetaCore pathway database

PathArt - Pathway Articulator

Reactome - Reactome KnowledgeBase




Reactome - Reactome KnowledgeBase

GenMAPP - Gene MicroArray Pathway Profiler

PathArt - Pathway Articulator

GOLD.db - Genomics of Lipid-associated Disorders

MetaCore - MetaCore pathway database

C. Signaling Pathways

CA1Neuron - Pathways of the hippocampal CA1 neuron

Cancer Cell Map - The Cancer Cell Map

GenMAPP - Gene MicroArray Pathway Profiler

GOLD.db - Genomics of Lipid-associated Disorders

Hedgehog - Hedgehog Signaling Pathway Database

INOH - Integrating Network Objects with Hierarchies

MetaCore - MetaCore pathway database

PANTHER - PANTHER

PathArt - Pathway Articulator

Pathways Knowledge Base - Ingenuity Pathways Knowledge Base

PhosphosSite - Cell Signaling Technology's PhosphoSite Database

PID - CMAP Pathway Interaction Database

Reactome - Reactome KnowledgeBase

TRMP - Therapeutically Relevant Multiple Pathways Database

D. Pathway Diagrams

BioCarta - BioCarta Pathway Diagrams

Hedgehog - Hedgehog Signaling Pathway Database

INOH - Integrating Network Objects with Hierarchies

PID - CMAP Pathway Interaction Database

TRMP - Therapeutically Relevant Multiple Pathways Database

E. Transcription Factors / Gene Regulatory Networks

ciSRED - Cis-regulatory element database

ECRDbase - Evolutionary conserved region database

Hedgehog - Hedgehog Signaling Pathway Database

HemoPDB - Hematopoiesis Promoter Database

MAPPER - MAPPER

microrna.org - Microrna.org target database

TRED - Transcriptional Regulatory Element Database

10



F. Protein-Compound Interactions

CTD - Comparative Toxicogenomics

ORDB - Olfactory Receptor Database

G. Genetic Interaction Networks

BIND - Biomolecular Interaction Network Database

BioGRID - General Repository for Interaction Datasets
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B S A > S EHE TG LA ARE 0 (TR R AR M S R R A 3T iR g -

LB T KR
2 & * Oncomine database 1% 5 ' 7| & F] % Jnsicdi % i (Rhodes et al., 2004) » i&
RLPREES RaATMFET TR 19 2 5 18740 B DNA AL 7|3 5% -
58,000,000 ¥ 12 } ¢4k F] & B gcdh - Oncomine database # # cig st et 7| FHLE 2 £ £ 8
2T L R RRT TS HE RS E B9 ¢ 5 CDNA B A Bdh 8 % P

H AL S g o AR A SRR AL S SR dcdy K RAeT £

Database Web site Reference
ArrayExpress http://www.ebi.ac.uk/arrayexpress Brazma et al., 2005
GeneNote http://genecards.weizmann.ac.il/genenote/ Shmueli et al., 2003
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GEO http://www.ncbi.nlm.nih.gov/geo/ Edgar et al., 2002
Hugelndex http://zlab.bu.edu/HugeSearch Haverty et al., 2002
ITTACA http://bioinfo.curie.fr/ittaca Effilali et al., 2006

LOLA http://www.lola.gwu.edu/
PEPR http://pepr.cnmcresearch.org Chen et al., 2004
RefExA http://www.Isbm.org/site_e/database/index.html
SOURCE http://source.stanford.edu Diehn et al., 2003
SMD http://genome-www.stanford.edu/microarray Ball et al., 2005

B AT L A B 354 U ELfR 0 3R F ¢ § AL F]¢h GenBank accession numbers

RefSeq ID ~ UniGene ID ~ Gene Ontology ID ~ #7ff end v g i T e 2 A F# it % >

5 — 1 DNA B 71§ B gk 14 R R TI 2 RS

134 Oncomine database & B 7 B 3 enfe 2l » AP W 8§ BI2 1 126 B AL 5| F %

FHE S F- & A R o R E 18 AT ~ 143 17 A 0

&'}ﬁ: ’ ‘l(f'—r ;IJ %\'

BT AL S

# Type Subtype Platform* Reference™

Infiltrating Bladder Urothelial Carcinoma Human Genome U133A Array Dyrskjot et al.

Bladder Cancer |Stage Ois Bladder Urothelial Carcinoma Human Genome U133A Array Dyrskjot et al.
Superficial Bladder Cancer Human Genome U133A Array Dyrskjot et al.
Anaplastic Astrocytoma Human Genome U133 Plus 2.0 Array Sun et al.
Anaplastic Oligoastrocytoma Human Genome U133 Plus 2.0 Array French et al.
Anaplastic Oligodendroglioma Human Genome U133 Plus 2.0 Array French et al.
Astrocytoma Human Genome U95A-Av2 Array Shai et al.
Atypical Teratoid/Rhabdoid Tumor HumanGeneFL Array Pomeroy et al.
Classic Medulloblastoma HumanGeneFL Array Pomeroy et al.
Desmoplastic Medulloblastoma HumanGeneFL Array Pomeroy et al.

Brain and CNS
Diffuse Astrocytoma Human Genome U133 Plus 2.0 Array Sun et al.

Cancer

Glioblastoma Human Genome U133 Plus 2.0 Array Leeetal.
Meningioma Human Cancer Biology Array \Watson et al.
Oligoastrocytoma Liang Liang et al.
Oligodendroglioma Human Genome U133 Plus 2.0 Array Sun et al.

Pilocytic Astrocytoma

Human Genome U95A-Av2 Array

Gutmann et al.

Primary Glioblastoma

Affymetrix GeneChip 100K SNP

Beroukhim et al.

Secondary Glioblastoma

Affymetrix GeneChip 100K SNP

Beroukhim et al.

Breast Cancer

Ductal Breast Carcinoma in Situ

Radvanyi

Radvanyi et al.




Ductal Breast Carcinoma

Human Genome U133 Plus 2.0 Array

Richardson et al.

Fibroadenoma

Sorlie

Sorlie et al.

Invasive Breast Carcinoma

/Agilent Human Genome 44K

Finak et al.

Invasive Lobular Breast Carcinoma

Human Genome U133 Plus 2.0 Array

Turashvili et al.

Invasive Mixed Breast Carcinoma Radvanyi Radvanyi et al.
Lobular Breast Carcinoma Zhao Zhao et al.

Cervical Cancer Human Genome U133 Plus 2.0 Array Pyeon et al.
Barrett's Esophagus Hao Esophagus Hao et al.
Cecum Adenocarcinoma Human Genome U133 Plus 2.0 Array Kaiser et al.
Colon Adenocarcinoma GPL4811 Kietal.

Gastrointestinal

Cancer

Colon Adenoma

Human Genome U133 Plus 2.0 Array

Sabates-Bellver et al.

Colon Carcinoma Zou Zou et al.
Colon Mucinous Adenocarcinoma Human Genome U133 Plus 2.0 Array Kaiser et al.
Colorectal Adenoma GPL3408 Gaspar et al.
Colorectal Carcinoma Graudens Graudens et al.
Diffuse Gastric Adenocarcinoma Chen Chen et al.
Esophageal Adenocarcinoma Hao Hao et al.
Gastric Intestinal Type Adenocarcinoma Chen Chen et al.
Gastric Mixed Adenocarcinoma Chen Chen et al.
Rectal Adenocarcinoma Human Genome U133 Plus 2.0 Array Kaiser et al.

Rectal Adenoma

Human Genome U133 Plus 2.0 Array

Sabates-Bellver et al.

Head and Neck

Rectal Mucinous Adenocarcinoma Human Genome U133 Plus 2.0 Array Kaiser et al.
Rectosigmoid Adenocarcinoma Human Genome U133 Plus 2.0 Array Kaiser et al.
Floor of the Mouth Carcinoma Human Genome U133 Plus 2.0 Array Pyeon et al.
Head and Neck Squamous Cell Carcinoma Human Genome U133A Array Ginos et al.

Hypopharyngeal Squamous Cell Carcinoma

Human Genome U133A Array

Schlingemann et al.

Oral Cavity Carcinoma

Human Genome U133 Plus 2.0 Array

Pyeon et al.

Oral Cavity Squamous Cell Carcinoma

Human Genome U133A Array

Toruner et al.

Oropharyngeal Carcinoma Human Genome U133 Plus 2.0 Array Pyeon et al.
cancer Salivary Gland Adenoid Cystic Carcinoma Human Genome U95A-Av2 Array Frierson et al.
Thyroid Gland Carcinoma Human Genome U95A-Av2 Array Huang et al.
Tongue Carcinoma Human Genome U133 Plus 2.0 Array Pyeon et al.
Tongue Squamous Cell Carcinoma Human Genome U133 Plus 2.0 Array Ye et al.
Tonsillar Carcinoma Human Genome U133 Plus 2.0 Array Pyeon et al.
Chromophobe Renal Cell Carcinoma Human Genome U133 Plus 2.0 Array 'Yusenko et al.
Clear Cell Renal Cell Carcinoma Human Genome U133 Plus 2.0 Array 'Yusenko et al.
Kidney Cancer |Clear Cell Sarcoma of the Kidney Human Genome U133A Array Cutcliffe et al.
Granular Renal Cell Carcinoma Higgins Higgins et al.

Hereditary Clear Cell Renal Cell Carcinoma

Human Genome U133A Array

Beroukhim et al.
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Non-Hereditary Clear Cell Renal Cell

Carcinoma

Human Genome U133A Array

Beroukhim et al.

Papillary Renal Cell Carcinoma

Human Genome U133 Plus 2.0 Array

'Yusenko et al.

Renal Wilms Tumor

Human Genome U133 Plus 2.0 Array

'Yusenko et al.

Acute Adult T-Cell Leukemia/Lymphoma

Human Genome U133A Array

Choi et al.

Acute Myeloid Leukemia

Human Genome U133A Array

Valk et al.

B-Cell Acute Lymphoblastic Leukemia /Andersson /Andersson et al.
Chronic Adult T-Cell Leukemia/Lymphoma  |Human Genome U133A Array Choi et al.

8 Leukemia
Chronic Lymphocytic Leukemia Human Genome U95A-Av2 Array Haslinger et al.
Hairy Cell Leukemia Human Genome U95A-Av2 Array Basso et al.
T-Cell Acute Lymphoblastic Leukemia Andersson /Andersson et al.
T-Cell Prolymphocytic Leukemia Human Genome U133A Array Durig et al.
Cirrhosis Human Genome U133 Plus 2.0 Array Wurmbach et al.
Focal Nodular Hyperplasia of the Liver Chen Chen et al.

9 Liver Cancer |Hepatocellular Adenoma Chen Chen et al.
Hepatocellular Carcinoma Human Genome U133 Plus 2.0 Array Wurmbach et al.
Liver Cell Dysplasia Human Genome U133 Plus 2.0 Array Wurmbach et al.
Large Cell Lung Carcinoma Garber Garber et al.
Lung Adenocarcinoma Human Genome U133A Array Su et al.

10 Lung Cancer  |Lung Carcinoid Tumor Human Genome U95A-Av2 Array Bhattacharjee et al.
Small Cell Lung Carcinoma Garber Garber et al.
Squamous Cell Lung Carcinoma Garber Garber et al.
Activated B-Cell-Like Diffuse Large B-Cell
Lymphoma /Alizadeh Alizadeh et al.
Burkitt's Lymphoma Human Genome U95A-Av2 Array Basso et al.
Centroblastic Lymphoma Human Genome U95A-Av2 Array Basso et al.
Cutaneous Follicular Lymphoma Storz Storz et al.
Diffuse Large B-Cell Lymphoma Human Genome U95A-Av2 Array Basso et al.

11 Lymphoma
Follicular Lymphoma Human Genome U95A-Av2 Array Basso et al.
Germinal Center B-Cell-Like Diffuse Large
B-Cell Lymphoma /Alizadeh /Alizadeh et al.
Mantle Cell Lymphoma Human Genome U95A-Av2 Array Basso et al.
Marginal Zone B-Cell Lymphoma Storz Storz et al.
Primary Effusion Lymphoma Human Genome U95A-Av2 Array Basso et al.
Benign Melanocytic Skin Nevus Human Genome U133A Array Talantov et al.

12 Melanoma Cutaneous Melanoma Human Genome U133 Plus 2.0 Array Riker et al.
Non-Neoplastic Nevus Haqq Haqq et al.
Monoclonal Gammopathy of Undetermined

13 Myeloma Significance Human Genome U133 Plus 2.0 Array Zhan et al.
Multiple Myeloma HumanGeneFL Array Zhan et al.




Smoldering Myeloma Human Genome U133 Plus 2.0 Array Zhan et al.
Ovarian Adenocarcinoma HumanGeneFL Array \Welsh et al.
Human Genome U95A-Av2 Array/Human
Genome U95B Array/Human Genome U95C
/Array/Human Genome U95D Array/Human
Ovarian Clear Cell Adenocarcinoma Genome U95E Array Luetal.
Human Genome U95A-Av2 Array/Human
Genome U95B Array/Human Genome U95C
/Array/Human Genome U95D Array/Human
Ovarian Endometrioid Adenocarcinoma Genome U95E Array Luetal.
14 Ovarian Cancer Human Genome U95A-Av2 Array/Human
Genome U95B Array/Human Genome U95C
/Array/Human Genome U95D Array/Human
Ovarian Mucinous Adenocarcinoma Genome U95E Array Luetal.
Human Genome U95A-Av2 Array/Human
Genome U95B Array/Human Genome U95C
/Array/Human Genome U95D Array/Human
Ovarian Serous Adenocarcinoma Genome U95E Array Luetal.
http://cancergenome.
Ovarian Serous Cystadenocarcinoma Human Genome U133A Array nih.gov/
lacobuzio-Donahue
Pancreatic Adenocarcinoma lacobuzio-Donahue et al.
Pancreatic Carcinoma Human Genome U133A Array Segara et al.
15 | Pancreatic Cancer Human Genome U133A Array/Human Genome
Pancreatic Ductal Adenocarcinoma U133B Array Ishikawa et al.

Pancreatic Intraepithelial Neoplasia

Buchholz Pancreas

Buchholz et al.

Pancreatitis HumanGeneFL Array Logsdon et al.
Benign Prostatic Hyperplasia Tomlins Tomlins et al.
Human Genome U133A Array/Human Genome

16 Prostate Cancer |Prostate Adenocarcinoma U133B Array Vanaja et al.
Prostate Carcinoma Human Genome U133 Plus 2.0 Array Varambally et al.
Prostatic Intraepithelial Neoplasia Tomlins Tomlins et al.
Dedifferentiated Liposarcoma Human Genome U133A Array Detwiller et al.
Fibrosarcoma Human Genome U133A Array Detwiller et al.
Leiomyosarcoma Human Genome U133A Array Detwiller et al.
Malignant Fibrous Histiocytoma Human Genome U133A Array Detwiller et al.

17 Sarcoma
Pleomorphic Liposarcoma Human Genome U133A Array Detwiller et al.
Round Cell Liposarcoma Human Genome U133A Array Detwiller et al.
Synovial Sarcoma Human Genome U133A Array Detwiller et al.
Uterine Corpus Leiomyosarcoma HumanGeneFL Array Quade et al.

18 Other Cancer  |Actinic (Solar) Keratosis Human Genome U133A Array Nindl et al.
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Adrenal Cortex Adenoma

Human Genome U95A-Av2 Array

Giordano et al.

Adrenal Cortex Carcinoma

Human Genome U95A-Av2 Array

Giordano et al.

Embryonal Carcinoma

Human Genome U133A Array/Human Genome

U133B Array

Korkola et al.

Endometrial Endometrioid Adenocarcinoma

HumanGeneFL Array

Mutter et al.

Familial Parathyroid Hyperplasia

Human Genome U133A Array

Morrison et al.

Malignant Glioma

HumanGeneFL Array

Pomeroy et al.

Mixed Germ Cell Tumor

Human Genome U133A Array/Human Genome

U133B Array

Korkola et al.

Non-Familial Multiple Gland Neoplasia

Human Genome U133A Array

Morrison et al.

Parathyroid Gland Adenoma

Human Genome U133A Array

Morrison et al.

Parathyroid Hyperplasia

Human Genome U133A Array

Morrison et al.

Pleural Malignant Mesothelioma

Human Genome U133A Array

Gordon et al.

Primitive Neuroectodermal Tumor

HumanGeneFL Array

Pomeroy et al.

Renal Oncocytoma

Human Genome U133 Plus 2.0 Array

'Yusenko et al.

Human Genome U133A Array/Human Genome

Seminoma U133B Array Korkola et al.
Skin Basal Cell Carcinoma Human Genome U133 Plus 2.0 Array Riker et al.
Skin Squamous Cell Carcinoma Human Genome U133 Plus 2.0 Array Riker et al.
Human Genome U133A Array/Human Genome
Teratoma U133B Array Korkola et al.
Testicular Intratubular Germ Cell Neoplasia ~ [Skotheim Skotheim et al.
Testicular Seminoma Skotheim Skotheim et al.
Testicular Teratoma Skotheim Skotheim et al.
Testicular Yolk Sac Tumor Skotheim Skotheim et al.
Uterine Corpus Leiomyoma HumanGeneFL Array Quade et al.

Vulvar Intraepithelial Neoplasia

Human Genome U133 Plus 2.0 Array

Santegoets et al.

'Yolk Sac Tumor

Human Genome U133A Array/Human Genome

U133B Array

Korkola et al.
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Type Subtype Index

Infiltrating Bladder Urothelial Carcinoma 1.1

Bladder Cancer Stage 0is Bladder Urothelial Carcinoma 1.2

Superficial Bladder Cancer 1.3

Anaplastic Astrocytoma 2.1

Anaplastic Oligoastrocytoma 2.2

Anaplastic Oligodendroglioma 2.3

Astrocytoma 24

Atypical Teratoid/Rhabdoid Tumor 2.5

Classic Medulloblastoma 2.6

Desmoplastic Medulloblastoma 2.7

Brain and CNS Cancer |Diffuse Astrocytoma 2.8

Glioblastoma 2.9

Meningioma 2.10

Oligoastrocytoma 211

Oligodendroglioma 212

Pilocytic Astrocytoma 213

Primary Glioblastoma 214

Secondary Glioblastoma 2.15

Ductal Breast Carcinoma in Situ 31

Ductal Breast Carcinoma 3.2

Fibroadenoma 3.3

Breast Cancer Invasive Breast Carcinoma 3.4

Invasive Lobular Breast Carcinoma 3.5

Invasive Mixed Breast Carcinoma 3.6

Lobular Breast Carcinoma 3.7

Cervical Cancer 4

Barrett's Esophagus 51

Cecum Adenocarcinoma 5.2

Colon Adenocarcinoma 53

Colon Adenoma 54

Colon Carcinoma 55

Colon Mucinous Adenocarcinoma 5.6

Gastrointestinal Cancer

Colorectal Adenoma 5.7

Colorectal Carcinoma 5.8

Diffuse Gastric Adenocarcinoma 5.9

Esophageal Adenocarcinoma 5.10

Gastric Intestinal Type Adenocarcinoma 511

Gastric Mixed Adenocarcinoma 512
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Rectal Adenocarcinoma 5.13
Rectal Adenoma 5.14
Rectal Mucinous Adenocarcinoma 5.15
Rectosigmoid Adenocarcinoma 5.16
Floor of the Mouth Carcinoma 6.1
Head and Neck Squamous Cell Carcinoma 6.2
Hypopharyngeal Squamous Cell Carcinoma 6.3
Oral Cavity Carcinoma 6.4
Oral Cavity Squamous Cell Carcinoma 6.5
Head and Neck Cancer |Oropharyngeal Carcinoma 6.6
Salivary Gland Adenoid Cystic Carcinoma 6.7
Thyroid Gland Carcinoma 6.8
Tongue Carcinoma 6.9
Tongue Squamous Cell Carcinoma 6.10
Tonsillar Carcinoma 6.11
Chromophobe Renal Cell Carcinoma 7.1
Clear Cell Renal Cell Carcinoma 7.2
Clear Cell Sarcoma of the Kidney 7.3
Granular Renal Cell Carcinoma 7.4

Kidney Cancer
Hereditary Clear Cell Renal Cell Carcinoma 7.5
Non-Hereditary Clear Cell Renal Cell Carcinoma 7.6
Papillary Renal Cell Carcinoma 7.7
Renal Wilms Tumor 7.8
Acute Adult T-Cell Leukemia/Lymphoma 8.1
Acute Myeloid Leukemia 8.2
B-Cell Acute Lymphoblastic Leukemia 8.3
Leukermia Chronic Adult T-Cell Leukemia/Lymphoma 8.4
Chronic Lymphocytic Leukemia 8.5
Hairy Cell Leukemia 8.6
T-Cell Acute Lymphoblastic Leukemia 8.7
T-Cell Prolymphocytic Leukemia 8.8
Cirrhosis 9.1
Focal Nodular Hyperplasia of the Liver 9.2
Liver Cancer Hepatocellular Adenoma 9.3
Hepatocellular Carcinoma 9.4
Liver Cell Dysplasia 9.5
Large Cell Lung Carcinoma 10.1
Lung Adenocarcinoma 10.2

Lung Cancer

Lung Carcinoid Tumor 10.3
Small Cell Lung Carcinoma 10.4

22




Squamous Cell Lung Carcinoma 10.5
Activated B-Cell-Like Diffuse Large B-Cell Lymphoma 111
Burkitt's Lymphoma 11.2
Centroblastic Lymphoma 11.3
Cutaneous Follicular Lymphoma 11.4
Diffuse Large B-Cell Lymphoma 115
Lymphoma Follicular Lymphoma 11.6

Germinal Center B-Cell-Like Diffuse Large B-Cell
Lymphoma 11.7
Mantle Cell Lymphoma 11.8
Marginal Zone B-Cell Lymphoma 11.9
Primary Effusion Lymphoma 11.10
Benign Melanocytic Skin Nevus 12.1
Melanoma Cutaneous Melanoma 12.2
Non-Neoplastic Nevus 12.3
Monoclonal Gammopathy of Undetermined Significance 13.1
Myeloma Multiple Myeloma 13.2
Smoldering Myeloma 13.3
Ovarian Adenocarcinoma 14.1
Ovarian Clear Cell Adenocarcinoma 14.2
Ovarian Endometrioid Adenocarcinoma 14.3

Ovarian Cancer
Ovarian Mucinous Adenocarcinoma 14.4
Ovarian Serous Adenocarcinoma 145
Ovarian Serous Cystadenocarcinoma 14.6
Pancreatic Adenocarcinoma 15.1
Pancreatic Carcinoma 15.2
Pancreatic Cancer Pancreatic Ductal Adenocarcinoma 15.3
Pancreatic Intraepithelial Neoplasia 154
Pancreatitis 15.5
Benign Prostatic Hyperplasia 16.1
Prostate Adenocarcinoma 16.2
Prostate Cancer

Prostate Carcinoma 16.3
Prostatic Intraepithelial Neoplasia 16.4
Dedifferentiated Liposarcoma 17.1
Fibrosarcoma 17.2
Leiomyosarcoma 17.3
Sarcoma Malignant Fibrous Histiocytoma 17.4
Pleomorphic Liposarcoma 175
Round Cell Liposarcoma 17.6
Synovial Sarcoma 17.7
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Uterine Corpus Leiomyosarcoma 17.8
Actinic (Solar) Keratosis 18.1
Adrenal Cortex Adenoma 18.2
Adrenal Cortex Carcinoma 18.3
Embryonal Carcinoma 18.4
Endometrial Endometrioid Adenocarcinoma 18.5
Familial Parathyroid Hyperplasia 18.6
Malignant Glioma 18.7
Mixed Germ Cell Tumor 18.8
Non-Familial Multiple Gland Neoplasia 18.9
Parathyroid Gland Adenoma 18.10
Parathyroid Hyperplasia 18.11
Pleural Malignant Mesothelioma 18.12
Other Cancer Primitive Neuroectodermal Tumor 18.13
Renal Oncocytoma 18.14
Seminoma 18.15
Skin Basal Cell Carcinoma 18.16
Skin Squamous Cell Carcinoma 18.17
Teratoma 18.18
Testicular Intratubular Germ Cell Neoplasia 18.19
Testicular Seminoma 18.20
Testicular Teratoma 18.21
Testicular Yolk Sac Tumor 18.22
Uterine Corpus Leiomyoma 18.23
Vulvar Intraepithelial Neoplasia 18.24
Yolk Sac Tumor 18.25

BN Xy & SN Y

I =t BBt £ R & E Ok ke 4p M A& F(p-value <0.01) - 24 7 B & #-ip it L F U A
AP 0 FHEINAFAFIDLEREZE o0 T35 e S g By -
B oo RGBT R RS B 3 R R O o BlAeT WA G

¥ Hﬁ'u%'(Lung Adenocarcinoma) s i ik F1 e B 2 s R T T gk
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<Degree> <Betweenness> <Closeness>

il ”%’ﬁri’rﬁ?f.ﬁ& FIR iR 1.25 1.25 0.15
”* “’j’v‘@r%&:}é BRI EH R 1.56 151 0.05

K,ﬁ; 1A AR S e B R AP )% MLC JF & 2 (Enright et al., 2002)
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Type:Leukemia Subtype:Chronic Lymphocytic Leukemia
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Type:Leukemia Subtype:Hairy Cell Leukemia

OIRE)

71



Type:Leukemia Subtype:T-Cell Acute Lymphoblastic Leukemia
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Type:Leukemia Subtype:T-Cell Prolymphocytic Leukemia
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Type:Liver Cancer Subtype:Cirrhosis
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Type:Liver Cancer Subtype:Focal Nodular Hyperplasia of the Liver
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Type:Liver Cancer Subtype:Hepatocellular Adenoma
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Subtype:Hepatocellular Carcinoma
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Type:Liver Cancer



Type:Liver Cancer Subtype:Liver Cell Dysplasia
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Subtype:Large Cell Lung Carcinoma
79

Type:Lung Cancer



Type:Lung Cancer Subtype:Lung Adenocarcinoma
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Type:Lung Cancer Subtype:Lung Carcinoid Tumor
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Type:Lung Cancer Subtype:Small Cell Lung Carcinoma
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Type:Lung Cancer Subtype:Squamous Cell Lung Carcinoma

o Gy e

@ & 6 &

83



N REEEE

£k ¢
#

International Conference on Wavelet . .
Analysis and Pattern Recognition ¢ % 2008 = 8

§

29 p
T 15 00 &

L
# 4

45 i

€&/
75

18 R e DAL AR I S A, S 1R SOR BRI B 7 20 J i
FHl, £ Pattern Recognition [FJ4HIEAE, 18 & —FFr ek, T3 b A B fg 2
LA T BURAAY, DU B B 0 JEORS T P AN SR, 38 7 3 T i s T A9
BRI R 1 AR B AN IR [P 41 20 LA N2 DNA s (i he 70 48 L
FEEL SR, A AR B R R, BAM IR 2 B BRI BE (R Ak 5t %, BT
T 2R 00 10 R L v PR R S SR L SR A o P AR AR PR R AT AT AN BE LA
Pearson’s {RIVE 2 BOMINAIE , 2 H AT A1k, SSAKE R — A e ik, DU
WRE 23 A AN R SRS A 2 TR IS AR, R B ARHIE S AR B 2B AL i 158
A AT HATE I T )

Blgr =R, BEHURZBHIMICHER, MiRE.




A NOVEL CLASSIFIER FOR INFLUENZA AVIRUSESBASED ON SVM AND
LOGISTIC REGRESSION

Hsiang-Chuan Liu*, Shin-Wu Liu?, Pei-Chun Chang'
Wen-Chun Huang?, Chien-Hsiung Liao*

'Department of Biocinformatics, Asia University, Taiwan
2 National Institute of Allergy and I nfectious Diseases, National Institutes of Health, USA
3Graduate I nstitute of Educational Measurement and Statistics, Taichung University, Taiwan
E-MAIL: Ihc@asia.edu.tw, liushin@mail.nih.gov, pcchang@asia.edu.tw,

huang.hwc@gmail.com, ace.liao@gmail.com

Abstract:

In search of good classifier of hosts of influenza A viruses
is an important issue to prevent pandemic flu. The
hemagglutinin protein in the virus genome is the major
molecule that determining the range of hosts. In this paper,
a novd classification algorithm of hemagglutinin proteins
integrating SVYM and logistic regression based on 4 kinds of
Hurst exponents for each protein sequence is proposed. This
method not used before is the first one integrating the
physicochemical properties, fractal property, SVM and
logistic regression classifier. For evaluating the perfor mance
of this new algorithm, a real data experiment by using 5-fold
Cross-Validation accuracy is conducted. Experimental result
shows that this new classification algorithm is useful and
batter than SVM and logistic regression, respectively.

Keywords:
Influenza A viruses, Hurst exponent; SVM; logistic
regression; SVM-L ogistic regression

1. Introduction

Influenza A viruses are negative-strand RNA viruses that
infect a wide variety of animals in the nature. The infection
of human may cause significant mortality and morbidity
worldwide [1]. The hemagglutinin (HA) protein in the virus
genome is the major molecule that determining the range of
hosts. The natural reservoir of influenza virus such as avian
flu may emerges in strains infectious to human by mutation
of HA protein and brings pandemic flu, therefore, in search
of good classification agorithm of HA proteins is an
important issue to prevent pandemic flu. In this paper,
a novel classification algorithm of HA proteins combining
Hurst exponents, SVM and logistic regression is proposed
[2], [3], [4], [5]. This method not used before is the first one
integrating the physicochemical properties, fractal property,

support vector machine (SVM) and logistic regression
classifier.

The protein residues were coded according to its
physicochemical quantities of acidity, Van der waal volume,
surface area and hydrophobicity in the situation of single
amino acid [6], [7]

First step, the HA sequence data of serotype H5 of
influenza A viruses with two classes used in this research
were downloaded from public databases: Influenza
Sequence Database (http://www.flu.lanl.gov). The sample
included 90 HA protein sequences of human infections and
90 HA protein sequences of bird infections.

Second step, to replace each residue of amino acid in
the sequences of the HA proteins with 4 physicochemical
guantities.

Third step, computing the Hurst exponents of each
non-symbolic sequences of the HA proteins, we can
obtained four features of Hurst exponents in each sequences
of the HA protein [2], [6], [7]..

Last step, two well known and appealing classifiers,
Support Vector Machine (SVM) and Logistic regression
(LR), and our new hybrid classifier combining SVM and
LR were used to discriminate the correct class of the 180
HA proteins with four features of Hurst exponents

For evaluating the performance of above three
classifiers, the above HA proteins data experiment by using
5-fold Cross-Validation accuracy is conducted.

This paper is organized as followings: four
physicochemical quantities of 20 amino acids are
introduced in section 2, Hurst exponent is introduced in
section 3, support vector machine classifier is introduced in
section 4, logistic regression is introduced in section 5, the
new hybrid classifier combining SVM and logistic
regression is introduced in section 6, experiment and result



are described in section 7 and final section is for
conclusions and future works.

2. Four physicochemical properties of amino acids

There are four physicochemical quantities of acidity,
Van der waal volume, surface area and hydrophaobicity in
the situation of single amino acid showed as Table 1 [2],

(3]

Table 1.
20 amino acids and its 4 physicochemical quantities
Van der
Amino | Acidity | waal Surface Ht)){droPh-
acid Volume aea obicity
A 7.0 67 115 0.616
C 34 86 135 0.680
D 3.9 67 150 0.028
E 4.1 109 190 0.043
F 7.0 135 210 1.000
G 7.0 48 75 0.501
H 6.0 118 195 0.165
I 7.0 124 175 0.943
K 10.5 135 200 0.283
L 7.0 124 170 0.943
M 7.0 124 185 0.738
N 7.0 148 160 0.236
P 7.0 90 145 0.711
Q 7.0 114 180 0.251
R 12.5 167 225 0.000
S 7.0 73 115 0.359
T 7.0 93 140 0.450
\Y 7.0 105 155 0.825
wW 7.0 163 255 0.878
Y 10.5 141 230 0.880

3. Hurst exponent

The Hurst exponent occurs in several areas of applied
mathematics, including fractals and chaos theory, long term
memory processes and spectral analysis[8]. Hurst exponent
estimation has been applied in areas ranging from
biophysics to computer networking. Estimation of the Hurst
exponent was originally developed in hydrology. However,
the modern techniques for estimating the Hurst exponent
comes from fractal mathematics.

Estimating the Hurst exponent for a data set provides a
measure of whether the data is a pure random walk or has

underlying trends.

The Hurst exponent (H) is a statistical measure used to
classify time series. H=0.5 indicates a random series while
H>0.5 indicates a trend reinforcing series. The larger the H
value is, the stronger the trend. Experiments with
backpropagation Neural Networks show that series with
large Hurst exponent can be predicted more accurately than
those with H value close to 0.50. Thus the Hurst exponent
provides a measure for predictability.

Three methods were used most often for the estimation
of the Hurst exponent: the R/S method, the
roughness-length (R-L) method and a variogram. The R/S
method (Hurst et a., 1965) [9] is commonly perceived as
the most suitable for the time series analysis, because it
presents the relationship between irregular (singular)
rescaled ranges, signal value and their local statistical
properties relative to the scale factor.

In this study R/S method is used. R/S method [10]
is based on empirical observations by Hurst and estimates
H are based on the R/S statistic. It indicates (asymptotically)
second-order self-similarity. H is roughly estimated through
the dlope of the linear line in a log-log plot, depicting the
R/S statistics over the number of points of the aggregated

series. That is, given a time sequence of observations, W,

definethe  Series
t
W(t,t)=> (w,-W),1<t<r, (5)
u=1
1
Where W, ==>w . (6)
T =1
Define
R(z) = rpéxW(t,r) - njan(t,f) ™
ad  S(r)= \/(%Z(W ~W, )ZJ (®)
t=1
R(r)

In plotting log—— againstlogr, we expect to
S(r)

get aline whose slope determines the Hurst exponent.

4. Support vector machine (SVM), [11~14],

Given the training set of instance-labeled pairs
(%.¥),i=22..,N,where

xeRy e{l-1},i=12..,N 9

The support vector machine (SVM) algorithm (Boser,



Guyon, and Vapnik 1992 [11], Cortes and Vapnik 1995 [12]) N
requires |:|(aa§)=;[)’i log p, +(1-y;)(1-logp,) ]
.1 W N N
min W+Ci2é - —Z[Iog(1+ o[ ~(a+p%)])+ (@ )(a+Bx )]
= i=1
subject to y; (Wg (%) +b)21-&, (16)
G20 19 Where a eR. = (B, fyrn ) € R"
" P
where b,ce Rw¢(x)eR Using Newton-Raphson’s iterative algorithm, we can
¢ R" > R" get the estimated regression coefficients of the multiple

, , N logistic regression model and the estimated multiple logistic
For any testing point X € R",y; € {1 -1}, we can make regression equation as follows:
an assignment according to the following formula.

R=P(Y =1]%)= - (17)
d(x)= [‘L\/(P(E )+b_(1_ é ):I ( ) 1+ exp[—(o‘urg’l()}
) ifd(x)=0 (11) [ 57 o) A Tra 1
" -1, ifd(x)<0 ¢ @1 |oa® oadp, 0adp, | |oa
B B A ol o
5. Multiple Logistic regression classifier B,| =|B,| -| 0poa op? dadp, 0B,
5.1 Multiplelogistic regression model [4], [5] . : 3 : :
Bl A |n o o A
Let(X;, %o X ), 1 =1,2,..,N  beasample data, S T | ooa 0Bop, opE |, L9
SASYing X = (X, X0 %) € R,y {01}, (18)
m . where
Y4 ~B(Lp).i=12..,N (12)
The multiple logistic regression model is denoted as a3 1 _(1—v 19
follows oa .221: 1+exp[_(a+é,5)] 1-v) (19)
E’=P(Yi=1|>ﬁ)= ,i=12,..,N
1 - ' N
+exp[ (a+[_31()] 8_I:Z 1 —(1—yi) X, j=12,..,n
(13) B, F|1+ep|-(a+px)]
where 8’ = (a, By, B,,... B,) are parameters vector of
regression coefficients. (20)
2 N ex "X
5.2 Multiplelogistic regression classifier [5] 6—|2:— p(a+[_35) 5 (21)
oa” i3 [1+exp(a+ﬂ'5 )]
We can obtain the likelihood function and log ) , a
likelihood function as following equations (14) and (15) AR exp(a+é5) i12.n (@
- aﬂjz i-1 [1+ exp(a +B'% )]2
L(ps P P)= [ P (1-p) (14) o
N # & ¥ xep(atfix) i=12,..n
| =logL(py, Py Pu) = 2 [ M 10G P +(1-y )(1-log )] 000F; B0 E[1sexp(atp'x)]
i=1 —
(15) (23)

And we can get



# A xxeep(atfix) (12
aﬂjaﬁk aﬂkaﬂj i=1 |:]_+ exp(a +é”§ )]2
a a
Increment k; until - {31 <¢
Bn K+1 Bn Kk
(24)
1 if P=P(Y =1|x)>05
Then vy = R A(' %) (25)
0 if P=P(Y =1]x%)<05

6. SVM-Logistic regression classifier

In this paper, an improved hybrid classifier combining
SVM and logistic regression is proposed here.
First step, using the SVM classifier, we can find the

signed distance, d(X) , between the point
% =(%4,%,,.- %, ) ad the hyperplanein SUM,

Second step, to consider the sample data
(d(%).¥%),i=12..,N , using the simple logistic

regression toclassifyy, .
6.1 Mathematical formulas

Let(Xq, X e X, Y, )21 =1,2,.., N beasample data,
satisfying X = (X1, %,,...%, )€ R, y, €{0,1}, (26)
Using the above support vector machine (SVM)
agorithm, from equation (11), for any pointx € R",
we can obtain the signed distance as below

d(x)=[wWe(x)+b-(1-¢)]

(27)

6.2 Simplelogistic regression classifier of theworking
sample data

Let the working sample data(d (% ), y;),i=12,...,N
satisfying d(x)eRy {10}
Y ~B(Lp )i =12..N (28)

The smple logistic regression model is denoted as
follows

! ,i=12..,N

=P(Y =1/d(x))= Trep] (s pax))]

(29)
Similarly as multiple logistic regression classifier, we
can get log likelihood function, the estimated regression
coefficients of the simple logistic regression model and the
estimated simple logistic regression equation as follows:

=|(a,ﬁ)=§[yi logp +(1-y)(1-logn) |

- —izh‘l:[log(lJre(p[—(a +pd(x ))J) {1y ) e+ Bd(x ))J

(30)
A 1
R=P(Y =1]d(x))= . (31)
( ) 1+exp[—(o?+ﬁd(5))]
A A Tl
al [a] |oa® oadp | |oa
R PR
opoa op® |, LB I
where
a 1
—= -(1-y, (33)
oa Z_;[hexp[ (a+pd(x))] ( )]
a Q 1
a_ —(1-y 34
p iZl:[l+e<p[—(a+ﬁd(5))J ( y')}j('y}) 9
azlzz_N exp(a+ﬁd(z<,)) : (35)
Jo = [1+exp(a +pd(% ))]
A sld ]exp(wﬂd(éz)) ()
op i=1 [1+exp a+Bd(x J
o _ o1 ydx)ep(arpd(x)
0adp  opde F[1+exp(a+pd(x))]
é é
Increment k; until {A} —LJ <€ (38)
Then 3 = 1 ifIADizlAD(Yi=1|d(5))20.5 39
0 if R=P(Y =1]d(x))<05

7. Experiment and result

The sequence data of serotype H5 of Influenza A



viruses with two classes used in this research were obtained
from public databases: Influenza Sequence Database
(http://www.flu.lanl.gov). The sample included 90 HA
protein sequences of human infections and 90 HA protein
sequences of bird infections.

The protein residues were coded according to its
physicochemical quantities of acidity, Van der waal volume,
surface area and hydrophobicity in the situation of single
amino acid as Table 1.

Computing the Hurst exponents of each non-symbolic
sequences of the HA proteins, we can obtain four features
represented as Hurst exponents respectively in each
sequences of the HA protein.

The above real data with four features in terms of
Hurst exponents is applied to evaluate the performances of
the Support Vector Machine (SVM) algorithm, logistic
regression and the proposed classifier combining SVM and
logigtic regresson  classifier by using 5-fold
Cross-Validation method to compute the accuracies of the
response category variable.

The experimental results for Accuracies of above three
classifiers are listed in Table 2. We can find that our new
classification algorithm is useful and batter than SVM and
logistic regression, respectively.

Table2 Accuraciesof threeclassifiers

Classifier 5-fold CV accuracy
SVM 0.8056
LR 0.8833
SVM-LR 0.9000

8. Conclusionsand futureworks

In search of good classifier of influenza viruses is an
important issue to prevent pandemic flu. In this paper,
a novel classification algorithm of HA proteins integrating
SVM and logistic regression based on 4 kinds of Hurst
exponents for each protein sequence is proposed. This
method not used before is the first one integrating the
physicochemical properties, fractal property, SVM and
logistic regresson classifier. For evauating the
performance of this new algorithm, a real data experiment

by using 5-fold Cross-Validation accuracy is conducted.
Experimental result shows that this new classification
algorithm is useful and batter than SVM and logistic
regression, respectively.

Our proposed new classifier can be used to classify not
only the data of Influenza A viruses but also the data of
other biological sequences.

In future, we will consider look for some further
improving classification agorithms by using Hurst
exponent and other hybrid Classifiers.
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Abstract

Influenza A viruses are negative-strand RNA viruses. The
gene of hemagglutinin (HA) protein in the virus genome is the
major molecule that determining the range of hosts. Mutation of
HA gene may bring infection cross species. In this paper, we
studied physicochemical constraints during the variations of HA
gene. Fuzzy measure and Choquet integral were used to estimate
the combining effect of different physicochemical properties for
single residue in HA protein that related to infective events. With
this method, a HA sequence was quantified residue by residue
and produced a value series. Finally, the Hurst exponent was
adopted to infer the constraints in the series. We found that the
physicochemical constraints in HA sequences mainly falling into
two classes of interdependence strength during gene variation,
that were distinct from the diversity of clusters in the
phylogenetic analysis.

4. Introduction

Influenza A viruses are negative-strand RNA viruses
that infect a wide variety of animals in the nature. The
infection of human may cause significant mortality and
morbidity worldwide [1]. The gene of hemagglutinin (HA)
protein in the virus genome is the major molecule that
determining the range of hosts. The natural reservoir of
influenza virus such as avian flu may emerge in strains

infectious to human by mutation of HA gene [2,3]. Owing
to that, it is important to understand the variation nature of
HA gene. In the past, the researches in this field mainly
have been focused on the phylogenetic reconstructions
[4,5]. As shown in the explosive information on HA
sequences, the reconstruction of a phylogenetic tree can
provide abundant evolution information, and help in
understanding the drifts of influenza hosts [6]. However,
the feature and tendency about physicochemical properties
of gene variations for specific host are never been
discussed.

Fuzzy measure theory considers a number of special
classes of measurements, each of which is characterized by
a special property. In the fuzzy measure theory, the
conditions are precise, but the information about an
element alone is insufficient to determine which special
classes of measure should be used. The fuzzy measure
estimates the possible interactions among the special
classes of measurements [7]. Choquet integral is a tightly
related concept with fuzzy measure. It assesses the
integrated effect for some issue based on the concept of
fuzzy measure [7,8]. The Hurst exponent (H) is a statistical
measure used to classify time series [9]. For example,
H=0.5 indicates a random series while H>0.5 indicates a
constrained reinforcing series. The larger the H value is,
the stronger the constraint. In this paper, we studied the
physicochemical constraints of HA protein of Influenza A



viruses regarding to serotypes H1, H3, and H5. We
concerned three types of physicochemical property for
each residue that have acidity, Van der waal volume, and
hydrophobicity [10]. Pearson’s correlation coefficient was
used to quantify the dependence of physicochemical
properties on infection hosts, human or avian. For each
residue, there were three values of Pearson’s correlation
coefficient  corresponding to three types of
physicochemical properties. Based on the coefficients,
Sugeno A-measure [11] was adopted to calculate the fuzzy
measure. Subsequently, the Choquet integral was applied
to assess the integrated effect of physicochemical
properties on infection hosts for each residue. A protein
sequence implies a series of integral values. Finaly, we
used Hurst exponent to analyze the value series for
exploring the integrated physicochemical constraintsin the
protein sequence.

5. Methods
5.1. Sequence data collection

The sequence data of Influenza A viruses used in this
research were obtained from public databases. Influenza
Sequence Database (http://www.flu.lanl.gov). All HA
nucleotide sequences of human and birds in this databases
were downloaded on October 16, 2006. The HA sequences
were extracted, of which less than 900 nucleotides were
considered as partial sequences and were excluded from
this study. Identically coded sequences are considered as
duplicates and only the earliest isolated strain among the
duplicates was used as a representative sequence in the
group. In total, we had 831 H1 sequences, 3018 H3
sequences and 1376 H5 sequences for our analysis. All
sequences were isolated between 1963 and 2006 from
locations around the globe. The exact isolation time
(calendar year), host type and location can be found in the
strain names.

2.2. Residue coding

The sequence alignment processes were implemented
in Clustal X 3.14 [12] regarding to H1, H3, and H5. After
alignment, the sequence length regarding to H1, H3, and
H5 were 565, 567, and 583 amino acids respectively. The
protein residues were coded according to its values of
acidity, Van der waa volume, and hydrophobicity in the
situation of single amino acid [10, 13], asshown in table 1.
For every physicochemical property, we had a matrix size
of 831x565 for H1 group, 3018x567 for H3 group, and

1376x583 for H5 group.

Table 1. The residue codes regarding to acidity,
Van der waal volume, and hydrophobicity.?

Amino acid Acidity | Van der waal | Hydrophobicity
volume
Alanine 7.0 67. 0.616
Cysteine 8.4 86. 0.68
Aspartic acid 3.9 67. 0.028
Glutamic acid 4.1 109. 0.043
Phenylalanine 7.0 135. 1.
Glycine 7.0 48. 0.501
Histidine 6.0 118. 0.165
Isoleucine 7.0 124. 0.943
Lysine 10.5 135. 0.283
Leucine 7.0 124. 0.943
Methionine 7.0 124. 0.738
Asparagine 7.0 148. 0.236
Proline 7.0 90. 0.711
Glutamine 7.0 114. 0.251
Arginine 125 167. 0.
Serine 7.0 73. 0.359
Threonine 7.0 93. 0.45
Valine 7.0 105. 0.825
Tryptophan 10.5 163. 0.878
Tyrosine 7.0 141. 0.88

*The gapsin the aligned sequences were coded as 7., 0., and 0.5
for acidity, Van der waal volume, and hydrophobicity.

2.3. Inference of physicochemical constraints

Choquet integral is defined to integrate functions with
respect to the fuzzy measure [7]. It is very useful in
assessment of the effect that results from the nonlinear
interactions. The definitions of fuzzy measure and Choquet
integral are asfollows:

Definition 1. Let N be a finite set of criteria. A
discrete fuzzy measure on N is a set function .ov _,og

which satisfies the following axioms:
(i) V(#) =0, v(N) =1 (boundary conditions)
(i) Ac Bimplies V(A) <Vv(B) (monotonicity)
for ABe2V.

For each subset of criteria S< N, V(S) can be

interpreted as the weight of the coalition S.
The Sugeno A-measure is a special case of fuzzy
measures. It has the following definition.

Definition 2.  Let N:{Xl,Xz,w-,Xn} be a
finite set andie(—loo). A Sugeno A-measure is a

functionv from 2" to [0, 1] with properties:



(i) v(N)=1

i) if ABc2" with ANB=¢ then
v(AUB)=v(A)+v(B)+ Av(A)(B).

As a convention, the value of v a a singleton
set{ X;} is caled a density and is denoted by v{X;}.
In addition, we have that A satisfies the property

A+1=T1(L+ Av(X))

D
Tahani and Keller [14] as well as Wang and Klir [15]
have showed that that once the densities are known, it is
possible to use the previous polynomia to obtain the
values of A uniquely.

Definition 3. Let V be afuzzy measure on N. The
discrete Choquet integral of function x; N— R with respect
to V is defined by

n
Cv(x):ZX(i)[V(Ati))_V(Aml))]’ where (- )
indicates I71a permutation on N such that
Xay S Xzy S0 = Xy . Also
Ay =Moo Xl ad Agy =4 . For
instance, if X, < X; < X,, then rank X, X,,X; from
the smallest one to the largest one. Theresultis X, = X,
X = X3, Xz = X, . Finally,

C, (X, %, %) = % * [V({Xv X2,X3})] +
(X3 - X1)* [V({Xz’x3 }] +(X2 - X3)* [V({Xz })]

@
)

The discrete Choquet integral takes into account the
interaction by means of the fuzzy measure V. If the
criteria are independent, the fuzzy measure is additive.
Then, the discrete Choquet integral coincides with the

weighted arithmetic mean method. That is, C,(X) =

Z:V(i))(i , XeR" . In this
i1

correlation-based method proposed by Hsiang-Chuan Liu
in 2006 [16,17] to construct the fuzzy measures in the
discrete Choquet integral was used.

study, the

The Hurst exponent occurs in several areas of applied
mathematics, including fractals and chaos theories, long
memory processes and spectral analysis. Hurst exponent
estimation has been applied in areas ranging from
biophysics to computer networking. Estimation of the
Hurst exponent was originally developed in hydrology.
However, the modern techniques for estimating the Hurst
exponent come from fractal mathematics.

Estimating the Hurst exponent for a data set provides
a measure of whether the data is a pure random walk or
has underlying trends. Another way to state this is that a
random process with an underlying trend has some degree
of autocorrelation. Furthermore, when the autocorrelation
has a very long (or mathematically infinite) decay this kind
of Gaussian process is sometimes referred to as a long
Memory Process.

The Hurst exponent (H) is a statistical measure used
to classify time series. H=0.5 indicates a random series
while H>0.5 indicates a trend reinforcing series. The larger
the H value is, the stronger the trend. In this paper we
investigate the use of the Hurst exponent to classify series
of financial data representing different periods of time.
Experiments with back propagation Neural Networks show
that series with large Hurst exponent can be predicted
more accurately than those with H value close to 0.50.
Thus the Hurst exponent provides a measure for
predictability.

Three methods were used most often for the
estimation of the Hurst exponent: the R/S method, the
roughness-length (R-L) method and variogram. The R/S
method [18] is commonly perceived as the most suitable
for the time series analysis on the stock market or an
optimal volume of water reservoirs, because it presents the
relationship between irregular (singular) rescaled ranges,
signal value and their local statistical properties relative to
the scale factor. In this study R/S method is used. R/S
method [19] is based on empirical observations by Hurst
and estimates H are based on the R/S statistic. It indicates
(asymptotically) second-order self-similarity. H is roughly
estimated through the slope of the linear line in a log-log
plot, depicting the R/S statistics over the number of points
of the aggregated series. That is, given a time sequence of

observations W, define the series

t T
W)=Y (W-w) . whee W =23w
u=1

T =1

Define R(z) = m%l\xwa,f) - njian(t,f)
t= =



and S(T)z\/(li(wt—v_vr)zj . In  plotting
T t=1

log R(7)

S(z)
slope determines the Hurst exponent.

Thereis a7-step to make hurst exponent analyze:

Sep 1. With quantizing three properties each amino
acid of each protein sequence, we have three time series
for each protein sequence.

Sep 2. For each property, normalize the data for
each position which the same position of aligned protein
sequences for affecting human and birds. That is, 1abel
elements in the sample by | and treat each position in
aligned protein sequence as a random variable. Assume the
size of the sample is k. For the element I, let i-th position
of aligned protein sequences for property m be a random

variable X'™ where 1=1=k, 1=m=3, and n is the

against 10gT , we expect to get a line whose

length of aligned protein sequences. If
mlax{xi"’“}— mi n{x'm} 0, then
X min{xi"m}
z"m = max{X"m}—l min{X"m} Otherwise, et
! : | :
z'™=0.

Sep 3. Let Y'be a random variable which is 1 if
affecting the human and O otherwise for the element |. Let

Xim — (XiLm, Xiz,m’“. , Xik,m)n and
Y =(YLY?,--, Y5 For each m, compute corr( X",
Y) where “corr” is the Pearson correlation coefficient. For

each m, define the weight W" to be
Lt corrz(xi YD for each . That i v({ X"} =w"

for1=m=3and 1=i=n.
Sep 4. For using Sugeno A-measure, solve (1) for A.
Then, for each i

compute V({ X', X2 1), v({ X, X 1) w({ X, X)) by

Sugeno A-measure. Note that V({ X X2, Xf}) =1.

Sep 5. Combined the three properties to be one,
compute the Choquet integral for each position by
equation (2). Then we get one time series for each aligned
protein sequence.

Sep 6. Calculate Hurst exponent for each aligned

protein sequence.

Sep 7.  Analyze the results.

The above steps were calculated using Matlab
package, except for Hurst exponent was obtained from the
website: http://www.mathworks.com/matlabcentral/.

2.4. Results

We calculated the Hurst exponent regarding to H1,
H3, and H5 to infer the physicochemical interdependency
among the residues in the HA protein. The serotype H1 are
shown in Fig.1, there are 2 clusters in the frequency
distributions of Hurst exponents for human strains and
avian gtrains. The Hurst exponent is nearby 1 for one
cluster, and nearby 0.5 for another cluster. That mean some
variations are constrained strongly, and some variations are
random-like. The tendency of H3 is shown in Fig.2 and
similar to H1, but the Hurst exponents in the two clusters
are closer and away from 1 and 0.5. The results about H5
are shown in Fig.3, the distribution pattern is different
from H1 and H3 for avian strains. There are three clusters
in the frequency distribution.

The phylogenetic analysis is based on the mutation
frequency between residues regarding homologous
proteins. The evolution of quantitative property during the
process of residue changes is ambiguous. In this study, we
proposed a method based on the quantitative properties of
residues regarding to infection issue of Influenza A viruses
to estimate the constrain strength in the HA proteins.  The
distribution of constrain strength are distinct from the
diversity of clustersin the phylogenetic analysis.
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Figure 1. The frequency distribution of H1 Hurst
exponents for human strains and avian strains.
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Figure 2. The frequency distribution of H3 Hurst
exponents for human strains and avian strains.
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Figure 3. The frequency distribution of H5 Hurst
exponents for human strains and avian strains.

2.5. Discussion

The gene of HA protein in the virus genome is the
major molecule that determining the range of hosts.
Basically, the infection process is physicochemical
interaction between receptor of host and HA protein. For
the sake of successful infection, the gene variations must
follow certain rules under physicochemical base. Higher
value of Hurst exponent implies more constraints or
intra-structure in the sequence properties. As to that, the
gene variations are apt to destroy the intra-structure with
high value of Hurst exponent. The variation tolerance is
different for the same serotype of HA corresponding to the
different clusters of Hurst exponents.

4. Conclusions

The congtraints in HA sequences mainly fall into two
classes of Hurst strength during gene variations. That
imply the variation tolerance of HA gene is diverse in the
same serotype of HA.
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Abstract:

Establishing a good algorithm for predicting temperature
of thermostable proteinsis an important issue. In this study,
a novel thermostable proteins prediction method using Hurst
exponent and Choquet integral regression model based on
L-measure and y-support is proposed. The main idea of this
method is to integrate the physicochemical properties, fractal
property and Choquet integral regression model for amino
symbolic sequences with different lengths. For evaluating the
performance of this new algorithm, a 5-fold Cross-Validation
MSE is performed. Experimental result shows that this new
prediction scheme is better than the Choquet integral
regression model based on A-measure and P-measure,
respectively and two methods based on Hurst exponent and
the traditional prediction models, ridge regression and
multiple regression model, respectively.

Keywords:
L-measure; P-measure; A-measure; Singleton measures,
Hurst exponent

6. Introduction

Many experiments and chemical reactions have to be
performed in high temperature environment in many fields
such as medical industry, foodstuff industry, and cosmetics
industry. Furthermore, many materials employ the
thermostable proteins as its basic component. These make
the research about thermostable proteins a new and
important field nowadays. One important issue about
thermostable proteins is to predict the temperature of
thermostable proteins. In this paper, a prediction agorithm
of thermostable proteins by using Hurst exponent and
Choquet integral regression model with A-measure and

Y -support is proposed. The contribution of this method is
to integrate the physicochemical properties, fractal property
and Choquet integral regresson model based on our

proposed fuzzy measure, L-masure, for amino symbolic
sequences with different lengths.

Basically, the procedure of the proposed method is as
follows. A thermostable proteins data set was downloaded
from the Protein Data Bank (PDB), http://www.rcsh.org, [1].
By substituting four physicochemical quantities of each
residue of amino acid in sequence of the thermostable
proteins using the four feature scaling estimators, we can
obtain four non-symbolic sequences of the thermostable
proteins. Then we compute the Hurst exponents of each
non-symbolic sequences of the thermostable proteins, so
that we can obtained four features of Hurst exponents in
each seguences of the thermostable protein. With these
extracted features, the Choquet integral regression model
based on our proposed fuzzy measure, L-measure, is used
to predict the temperature of the 40 thermostable proteins.

For evaluating the performance of this new proposed
scheme, the thermostable proteins data experiment is
conducted to compare the 5-fold MSE of the proposing
methods and those methods based on Hurst exponent and
the traditional classification model, multiple regression
model.

7. Four scaling estimator s of physicochemical
propertiesfor each amino acid

Four physicochemical scaling estimators,
solvent-accessible surface area, solvent accessibility
percentage, electrostatic interaction, and contact energy in
the situation of single amino acid were described as
follows.

7.1. Solvent accessible surface area (ASA)

The ASA of a protein was obtained using POPS [2], [3]
on the web side (mathbio.nimr.mrc.ac.uk/~ffranca/l POPS/),




selecting output residue areas (POPS_R). Both the polar
(hydrophilic) and apolar (hydrophobic) surface areas can be
obtained from the output residue areas, which were then
changed to the percentage of apolar area for each residue in
aprotein.

7.2.  Solvent accessibility percentages

The solvent accessibility percentages of the residues
were obtained using the ASAView [4] data base
(www.netasa.org/asaview/). Residues were classified to be
buried in a protein core as the values between 0-50%, and
those were considered to be exposed to solvent when the
percentage exceeded 50%.

7.3. Electrostatic interactions

The number of ion pairs (electrostatic interactions)
was calculated according to the following criterion [4]: two
oppositely charged residues were considered an ion pair if
the distance between the oppositely charged atoms of these
residues was less than 18A. Asp, Glu, Arg, Lys and His
residues were used to calculate theion pairs.

7.4. Contact energies
A 20x20 matrix of effective contact energies, the
interaction energies between al amino acids pairs, was
developed by Miyazawa and Jernigan [5], [6], which was
aso called MJ matrix. The MJ effective energy (g;), which
is the element of MJ matrix, was derived from all the
possible interaction energies, including hydrophobic and
solvation energies. Furthermore, the hydrophobic
interaction is the dominant contribution to the MJ effective
energy. The g; can be presented as the following equation
.+ e.

q]‘ :(:"|i1'"LQI 2 s (1)

The € is the mixing term, which is the free energy
change upon the mixing of residues of type i and residues
of type j when the contacts in self-pairs i-i and j-j are
separated to form i-j pairs. The e; or g; is the free energy
change after the desolvation of residue i or of residue j to
form the self-pairs i-i or j-j. The values of &; or g; should
have high correlation with the hydrophobicity of residue
typei or residue typej [5], [6]-

The average contact energy of each type of amino acid,
e, was used in thiswork, and it is defined as: [5], [6].

&;N;;
=1
€ = 'T )
where
Ny =2 Ny ®)
and p
no=>.n (4)

j=0

The supscript p denotes the total number of contactsin
al proteins, n; is the total number of contacts between i and
j types of amino acid residues, and n;, is the total number
contacts made by residue typei.

8.  Hurst exponent

The Hurst exponent (H) is a statistical measure used to
classify time series for long term memory and predictability
[7].

In this study, R/S method is used for the estimation of
the Hurst exponent: R/S method [8],[9] is based on
empirical observations by Hurst in 1965 and estimates H
are based on the R/S statistic. It indicates (asymptoticaly)
second-order self-similarity. H is roughly estimated through
the slope of the linear line in a log-log plot, depicting the
R/S datistics over the number of points of the aggregated
series. That is, given a time sequence of observations, w;

define the Series

W(tr)= (w,~® ) 1<t <z 5)
where -
_1g
W o==> W (6)
T 't=1
Define
R(z) = niale(t,r) —njan(t,r) @
and
S(r) = [ji(w—vv,)zj (®)

In plotting Iog@ against logr , we expect to get a
S(r)
line whose slope determines the Hurst exponent.
9. Themultiplelinear regression, ridge regression

=XB+e, e~N(0,0°,) be a multiple linear

Y
model, j=(xX)'XY be the esimaed regression



coefficient vector, and [_?k:(XX+kIn)71XY be the

estimated ridge regression coefficient vector, Kenard and
Baldwin [1] suggested

A2
no

’

k=

9

>
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10. Fuzzy measures
10.1. Definition of fuzzy measures[11]

A fuzzy measure p on afinite set X is a set function
p:2* —»[01] satisfying the following axioms:

(1) u(¢)=0,u(X)=1 (boundary conditions)
(i) AcB= u(A)<u(B) (monotonicity)

(19)
(11)

10.2. Singleton measures[11]

A singleton measure of a fuzzy measure p on a finite
set X isafunction s: X —[0,1] satisfying:
s(x) = ({x}), xe X
s(x) iscalled the density of singleton x.

(12

10.3. A-fuzzy measure[11]

For given singleton measures s, a A-fuzzy measure,
g, , isafuzzy measure on afinite set X, satisfying:

(i) ABe2*, ANB=¢, AUB= X

39/1(AUB):gA(A)"'gA(B)"';LgA(A)gA(B) (13)
(i) lfl[[l+/ls(>g)]=/l+1>o, s(x)=g, (1)) (14)

10.4. P-measure[13]

For given singleton measures s, a P-measure, gy, isa
fuzzy measure on afinite set X, satisfying:
"Ae2* =g, (A)= max s(x)= max g, ({d) (19

10.5. L-measure|6], [9]

For given singleton measure s, a L-measure, g, , isa
fuzzy measure on afinite set X, |X|=n, satisfying:

(i) Le[0,) (16)

(i) "Ac X,n-|A+(A-)L>0=
(A-DLT s 1-mex( ()]
[n-[A+(A-DL]Zs09

0. (A)=max[s(x) ] +

17

11. Choquet integral regression models
11.1. Choquet integral [10]

Let p be a fuzzy measure on a finite set X. The
Choquet integral of f:x >R with respect to p for

individual i isdenoted by

where fi(x(o)):o, fi(x(j)) indicates that the

indices have been permuted so that

0< i (Xy ) < i (X ) << i (X)) (19)

(20)

11.2. Choquet integral regression models[12]

Let V4,Ys,.... YN be global or response evaluations
of N sample points and f,(x;), (%), f (%))

j=12,..,n, be their evaluations of independent variabex; ,

Let pu be a fuzzy measure with y-support, «,f R,

y=a+fch, g, e=N0o ,i=12..N (21

(@.0)-momn| Sy -a-pl o1, )| @

Choguet integral regression equation of p with y-support,
where

B =Sy Sk (23
) yi*i ) Yi}|: fidgy*i ) fkdg‘u:|
e () o
N-1
N 1 & 2
5 [1om, 25 von,|
Sy = i=1 k=1 (25)

N-1
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12. Experiment and result

A thermostable proteins data set is provided by the
Protein Data Bank (PDB), http://www.rcsb.org/. There are
40 instances with two classes. Substituting four
physicochemical quantities, solvent-accessible surface area,
solvent accessibility percentage, electrostatic interaction,
and contact energy, for each residue of amino acid in
sequence of the thermostable proteins by using the four
feature scaling estimators, we can obtained four
non-symbolic sequences of the thermostable proteins.
Computing the Hurst exponents of each non-symbolic
sequences of the thermostable proteins, we can obtain four
features represented as Hurst exponents respectively in each
sequences of the thermostable protein. The transformed
dataislisted in Table 2.

The generated data with four featuresin terms of Hurst
exponents is applied to evaluate the leave-one-out
classification accuracies of three classifiers: the Choquet
integral regression, SVM, and the multiple linear regression
by using 5-fold Cross-Validation MSE.

The experimental results are listed in Table 1. We can
find that the Choquet integral regression model based on
L-measure has the best performance.

Table 1 : MSE of prediction models
HE-Prediction models 5-fold CV MSE
HE-Choquet Integral
Regression model with
L-measure
HE-Choquet Integral
Regression model with
P-measure
HE-Choquet Integral
Regression model with
A-measure

HE- Ridge regression model

14.9257

15.2290

15.3812

16.3311

HE-Multiple linear regression

model 19.7055

13. Conclusions and futureworks

In this paper, a novel classification algorithm of
thermostable proteins combining four feature scaling
estimators, Hurst exponent, and the Choquet integral
regresson model is proposed. For evauating the
performance of this new algorithm, a thermostable proteins
data set by using leave-one-out classification accuracy is

conducted. Experimental result shows that this new
prediction algorithm is useful and better than the traditional
two prediction models.

In future, we will consider looking for some improving
prediction agorithm of thermostable proteins by using
Hurst exponent and other prediction models.
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Table ecf2 Hurst exponents of four feature scaling of Thermostable Proteins

Code of Proteins | Temperature ASA Electrostatic Interactions Contact Energy | Solvent Accessibility Percentages
2CVZ 75 0.6559 0.6435 0.3978 0.553
1VPD 37 0.5117 0.6349 0.4814 0.372
1HEX 75 0.6212 0.8094 0.6873 0.7599
1CM7 37 0.5975 0.8063 0.6101 0.5528
1J3N 75 0.7124 0.6768 0.5593 0.4956
1E5M 30 0.6132 0.63 0.463 0.5017
1v8l 75 0.7342 0.6436 0.5099 0.5302
1IMP2 37 0.6254 0.5171 0.4296 0.4463
1RIW 65 0.5832 0.7464 0.5373 0.5392
2HCY 30 0.6294 0.632 0.4567 0.511
1017 85 0.6409 0.761 0.4385 0.455
2BPQ 37 0.6281 0.3409 0.4056 0.505
1EPO 65 0.8782 0.6955 0.6463 0.7016
21X 37 0.8204 0.5416 0.6022 0.5604
1ULU 75 0.798 0.6098 0.52 0.5792
2PD4 37 0.7795 0.6212 0.4152 0.4787
2FTZ 80 0.7049 0.6165 0.5334 0.6231
1RTR 37 0.775 0.5714 0.5082 0.5775
1R3U 75 0.7789 0.7885 0.6561 0.7263
1GRV 37 0.7884 0.7388 0.541 0.5326
Y71 75 0.5093 0.6392 0.7754 0.7338
5MDH 37 0.6355 0.6716 0.6931 0.7487
104U 75 0.6884 0.6218 0.3857 0.4246
1QAP 37 0.7866 0.5896 0.4162 0.3935
1KKJ 65 0.7697 0.4715 0.6382 0.6613
1DFO 37 0.606 0.4759 0.7825 0.8338
1B9B 80 0.5785 0.7805 0.5718 0.6376
1IMOO0 22 0.5165 0.7064 0.4896 0.554
1EFT 71 0.6162 0.6058 0.5075 0.4391
1EFU 37 0.6188 0.5536 0.4947 0.4843
IXGS 100 0.6651 0.6296 0.5594 0.5031
1IMAT 37 0.5434 0.5215 0.4436 0.4638
2PRD 72.5 0.7198 0.6668 0.7226 0.6889
1INO 37 0.7965 0.5308 0.6047 0.4988
1AYG 94 0.6404 0.7141 0.5922 0.5253
2PAC 47.3 0.7569 0.6259 0.5012 0.4128
1Jul 85 0.8471 0.4787 0.5739 0.6153
1PII 35 0.7266 0.4996 0.469 0.4957
3MDS 85 0.7288 0.6151 0.5171 0.6288
3SDP 275 0.6461 0.7434 0.5171 0.6288




