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中文摘要 

 

關鍵詞：癌症，生化路徑網路，DNA 微陣列，基因次序結構，關連分析 

 

細胞內的生化路徑網路是一體的，雖然可分為基因調控網路、訊號傳遞網路、蛋白質

交互作用網路以及代謝網路等等的類別，每個類別又可分出具有特定特徵或功能的次網

路，次網路之間是相連的，存在交互作用，甚至不同類別的生化路徑次網路也有關連存在，

然而，針對癌症細胞中這種交互作用的分析文獻，目前仍未見到。 

本計畫在研究癌細胞中生化路徑次網路之間的交互作用，首先以目前已知的生化路徑

網路為基礎，重新整理並定義其次網路以及包含之基因，再利用不同細胞狀態具有不同的

基因網路次序結構，以DNA 微陣列數據來篩檢不同癌症細胞的特徵基因，最後利用關連分

析的方法，做生化路徑次網路與癌症細胞特徵基因的關連分析。 



 3

英文摘要 

 

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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研究目的 

    細胞的癌化是基因變異累積的結果，使得基因的表現或功能改變，進而細胞內整體基

因間調控亦發生改變。癌細胞具有正常細胞所沒有的許多能力，例如；癌細胞的生長與細

胞分裂是不受控制的，正常細胞在某些情況下會啟動自殺機制，癌細胞失去這種機制，癌

細胞會刺激血管增生以獲得養分，癌細胞可以不斷做細胞分裂，癌細胞可以侵犯不同組織

的其他器官，這些能力使癌症病人失去生命。 

    癌症相關基因是研究癌症的診斷、形成與治療的關鍵，近幾年來，基因微陣列技術被

大量應用於癌症相關基因的研究，癌症相關基因的篩檢則是根據癌組織與正常組織之間，

基因的表現量是否有顯著差異，以各種統計分析的方法來檢定，例如；倍數改變法

（Fold-Change）(Schena et al., 1995; DeRisi et al., 1997; Chen et al., 1997)、t-檢定法（t-test）、

SAM(Tusher et al., 2001)以及 Mann-Whitney-Wilcoxon Rank Sum 檢定(Chen et al., 1997; 

Chambers et al., 1999)等方法，然而，這些方法找出來的癌症相關基因，在數目上通常偏低，

最近的相關文獻指出，癌症的產生是廣泛的基因變異的結果（Sjöblom et al., 2006）。我們

發展出利用基因表現的次序結構變異來做癌症分型的方法，並篩檢出癌症相關基因，結果

證明其在癌症分類的靈敏度優於其他方法（Liu et al., 2006），這表示次序結構變異的狀況，

更能顯示細胞狀態的變異，而篩檢出來的癌症相關基因（次序變異基因對）應更有代表性。 
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研究背景 

DNA 微陣列技術可以同時偵測數千甚至上萬個基因的表現，如此強而有力的工具被廣

泛應用在癌症分類、癌症標記基因篩選、基因調控網路推論、功能基因體學等方面的研究

(Winzeler et al., 1999; Chen et al., 2001; Yu et al., 2004; Morley et al., 2004; 

Chen et al., 2005)，其中，基因調控網路的推論與分析方法的發展，主要以時間序列的

微陣列數據為分析對象，因為這樣的限制，這方面的研究目前以低等生物為主(Chen et al., 

2004; Liao et al., 2005; Yugi et al.; 2005; Antonov et al., 2006 )，這些生物在

實驗操作上較容易。在癌症方面，癌症相關調控網路的推論，則大多必須結合其他類型的

實驗分析方法，針對局部性少數幾個基因或蛋白質間，就其可能的關係做推論(Katoh et 

al., 2005; Bommert et al.,2006; Ryan et al., 2006)，以系統性的方式來估計與癌症

細胞相關的生化路徑網路，主要以統計上的關連性分析為主(Bussemaker et al., 2001; 

Haverty et al., 2004; Mlecnik et al., 2005; Liu et al., 2006)，原因在於，目前

的實驗技術並無法即時提供足夠的實驗數據，尤其是缺乏時間序列的數據，以作為癌症細

胞相關生化路徑網路的定量分析。 

在探討癌症相關的細胞內生化路徑網時，通常細胞內生化路徑網路是已知的，這些網

路可以是基因調控網路、訊號傳遞網路、蛋白質交互作用網路以及代謝網路等。生物細胞

內生化路徑網的公用資料庫十分豐富(Bader et al., 2006)，其類型分佈如下表： 

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 11 
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Unique total 196 

 

以上這些公用資料庫，雖然都有詳細的註解，但是與人相關的部分共有 59 個資料庫，仍

需再進一步整合。 

細胞內生化路徑網路是由許多次網路(sub-network)組成，每個次網路具有特定的特徵

或細胞功能，並且包含一群已知的特定基因，不同的癌症相關次網路可能不同，若以 Sm

表示第 m個次網路的基因群，其中包含 k 個基因，並以 Gn 表示以微陣列篩檢癌症 n所得

的癌症相關基因群，假設此微陣列總共包含 y 個基因，而細胞內全部基因數為 N，令 I=Sm

∩Gn 的基因數，則對 Sm 與 Gn 這兩群基因的分佈做關連分析(Haverty et al., 2004)，可計

算出 p-value： 
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確檢定(Mlecnik et al., 2005)。關於癌症相關基因群的篩檢方法，主要是比較癌症細胞與
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其中 n1與 n2為癌症細胞與正常細胞的個別實驗次數， 1x 與 2x 分別代表基因 x在兩種細胞

狀態的平均表現量，t-檢定通常要求實驗數據呈現常態分佈，因此，原始基因表現量數據

須做對數轉換（x log(x)），使接近常態分佈，若觀察值為 Te,obs，則 p-vale 為 Prob(|Te| > 

Te,obs)，一般定義 p-vale 小於 0.05 的基因為癌細胞相關基因。 

我們在發展癌症分型方法的過程中，提出了以基因網路的次序結構來來定義細胞狀態

並做癌症分型的方法(Liu et al., 2006)。當兩個基因 i 與 j 在 DNA 微陣列上的信號強度具有

顯著次序關係；即次序關係係數 rij大於某一顯著性門檻值，則建立這兩個基因的連線： 
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上式中 isx 是實驗樣本s中基因i的表現信號強度；N 為樣本總數； maxx 與 minx 則為實驗樣

本中最大與最小基因表現信號強度。次序結構網路是一個有向圖(directed graph)，連線i

→j意味著基因i的信號強度比基因j來得低，我們定義i與j的連線為i流出而j流入，若i與j

的連線具雙向性，我們定義為對等狀態。所以當某一個基因有很高的由內向外連線，表

示這個基因有相對較低的表現信號強度；當某一個基因有很高的由外向內連線表示這個

基因有相對較高的表現信號強度。因為我們不知道此次序關係係數rij的分佈，因此，門

檻值的決定採用隨機取樣測試的過程來模擬樣本空間的分佈：(a) 隨機自各個實驗樣本

中選取一對基因構成一組基因對，重複此過程5000次；(b) 對於這些隨機選取的各組基

因對，分別計算次序關係係數 pγ  (p = 1, 2, … , 5000)；(c) 由上述可以獲得一個次序關

係係數的分布，以這個次序關係係數分布的顯著水平1% (P < 0.01)做為建構次序結構網

路的門檻值。 

    利用次序結構來評估細胞狀態的效果十分顯著，這可以從用於癌症分型的高精確度

來證明(Liu et al., 2006)，若比較癌症細胞與正常細胞的基因次序結構差異，可以篩檢出

造成這些差異的相關基因，這些基因必定與癌症相關，這些基因的分佈是廣泛的，比由

t-檢定等方法(Schena et al., 1995; DeRisi et al., 1997; Chen et al., 1997; Chambers et al., 

1999; Tusher et al., 2001)所篩檢出來的癌症相關基因，更有代表性。 

細胞內的生化路徑網路是一體的，雖然，可分為基因調控網路、訊號傳遞網路、蛋

白質交互作用網路以及代謝網路等等的類別，每個類別又可分出具有特定特徵或功能的

次網路，然而，次網路之間是相連的，存在交互作用，甚至不同類別的生化路徑網路也

有關連存在，針對癌症細胞中這種交互作用或關連的分析文獻，目前仍未見到。 

    我們將以目前已知的生化路徑網路為基礎，重新整理並定義其次網路以及包含之

基因，再利用不同細胞狀態具有不同的基因網路次序結構，來篩選不同癌症細胞的特徵

基因，最後利用現有的關連分析方法，做生化路徑次網路與癌症細胞特徵基因的關連分

析，並發展分析方法來探討癌症相關生化路徑次網路間的彼此影響，以及生化路徑次網
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路內節點之間，與癌症相關的可能互動關係。 
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研究方法 
 

一、細胞生化路徑網路的整合 

目前與人類有關的的生化路徑網路資料庫，可分為七大類，涵蓋蛋白質交互作用、代

謝反應網路、信號傳遞網路、蛋白質-化合物交互作用網路以及基因調控網路，其資料庫名

稱如下列表： 

A. Protein-Protein Interactions 

BIND - Biomolecular Interaction Network Database 

BioGRID - General Repository for Interaction Datasets 

CA1Neuron - Pathways of the hippocampal CA1 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 

HiMAP - 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  
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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  

PhosphoSite - 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  

ECRbase - 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  
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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  

       

以上這些資料庫有些同時含有不同類別之生化路徑網路資料，有些必須付費才能使

用，我們篩選了較完整的資料庫並整合成人類的基因調空網路以及蛋白質交互作用網路，

以人工單筆查詢的方式，逐一下載整理，原始資料中註解有誤或不一致的基因或蛋白質均

予刪除，最後得到如下圖所示的生物網路。 

 
 

人類基因調控網路 
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人類蛋白質交互作用網路 

 

以上的網路是到目前為止，我們所整合出來最完整的生化路徑網路，若以三點以上成一子

群，則其中包含 56 個基因調控子網路以及 135 個蛋白質交互作用子網路，由於人類相關的

資料仍不夠豐富，真實的網路應該更為複雜。至於代謝反應的生物網路，則以 KEGG 的資

料庫為主，並針對其既有之分類為標準，作為後續癌症相關代謝網路分析的依據。 

 

二、微陣列數據資料庫來源 

我們使用 Oncomine database 作為微陣列基因表現的數據來源(Rhodes et al., 2004)，這

是專門提供作為癌症基因體研究的資料庫，其中包含 18,740 個 DNA 微陣列實驗，約

58,000,000 筆以上的基因表現數據。Oncomine database 蒐集的這些微陣列資料並不提供直

接下載，但是有提供其來源可以作為蒐集資料的線索，其中包含 cDNA 微陣列數據與寡核

甘酸微陣列數據。相關的人類癌症微陣列實驗數據來源如下表： 

 

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 

HugeIndex http://zlab.bu.edu/HugeSearch Haverty et al., 2002 

ITTACA http://bioinfo.curie.fr/ittaca Elfilali et al., 2006 

LOLA http://www.lola.gwu.edu/  

PEPR http://pepr.cnmcresearch.org Chen et al., 2004 

RefExA http://www.lsbm.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 

 

蒐集所得的微陣列數據均加以註解，註解內容包含基因的 GenBank accession numbers、

RefSeq ID、UniGene ID、Gene Ontology ID、所屬的生化路徑次網路以及基因功能描述等，

並將每一個 DNA 微陣列實驗的基因表現對應到生化路徑網路上。 

    根據 Oncomine database 這個資料庫提供的資訊，我門蒐集整理了 126 個微陣列實驗

資料集，同一組實驗資料集往往針對多種類型的癌症，總共涵蓋 18 種類型、143 種亞型的

癌症，如下列表： 

 
# Type Subtype Platform＊ Reference＊ 

1 Bladder Cancer 

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

Stage 0is Bladder Urothelial Carcinoma Human Genome U133A Array Dyrskjot et al. 

Superficial Bladder Cancer Human Genome U133A Array Dyrskjot et al. 

2 
Brain and CNS 

Cancer 

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. 

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

Glioblastoma Human Genome U133 Plus 2.0 Array Lee et al. 

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. 

3 Breast Cancer Ductal Breast Carcinoma in Situ Radvanyi Radvanyi et al. 
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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. 

4 Cervical Cancer   Human Genome U133 Plus 2.0 Array Pyeon et al. 

5 
Gastrointestinal 

Cancer 

Barrett's Esophagus Hao Esophagus Hao et al. 

Cecum Adenocarcinoma Human Genome U133 Plus 2.0 Array Kaiser et al. 

Colon Adenocarcinoma GPL4811 Ki et al. 

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.

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. 

6 
Head and Neck 

Cancer 

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. 

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. 

7 Kidney Cancer 

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. 

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. 

8 Leukemia 

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. 

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. 

9 Liver Cancer 

Cirrhosis Human Genome U133 Plus 2.0 Array Wurmbach et al. 

Focal Nodular Hyperplasia of the Liver Chen Chen et al. 

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. 

10 Lung Cancer 

Large Cell Lung Carcinoma Garber Garber et al. 

Lung Adenocarcinoma Human Genome U133A Array Su et al. 

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. 

11 Lymphoma 

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. 

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. 

12 Melanoma 

Benign Melanocytic Skin Nevus Human Genome U133A Array Talantov et al. 

Cutaneous Melanoma Human Genome U133 Plus 2.0 Array Riker et al. 

Non-Neoplastic Nevus Haqq Haqq et al. 

13 Myeloma 

Monoclonal Gammopathy of Undetermined 

Significance Human Genome U133 Plus 2.0 Array Zhan et al. 

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

14 Ovarian Cancer 

Ovarian Adenocarcinoma HumanGeneFL Array Welsh et al. 

Ovarian Clear Cell Adenocarcinoma 

Human Genome U95A-Av2 Array/Human 

Genome U95B Array/Human Genome U95C 

Array/Human Genome U95D Array/Human 

Genome U95E Array Lu et al. 

Ovarian Endometrioid Adenocarcinoma 

Human Genome U95A-Av2 Array/Human 

Genome U95B Array/Human Genome U95C 

Array/Human Genome U95D Array/Human 

Genome U95E Array Lu et al. 

Ovarian Mucinous Adenocarcinoma 

Human Genome U95A-Av2 Array/Human 

Genome U95B Array/Human Genome U95C 

Array/Human Genome U95D Array/Human 

Genome U95E Array Lu et al. 

Ovarian Serous Adenocarcinoma 

Human Genome U95A-Av2 Array/Human 

Genome U95B Array/Human Genome U95C 

Array/Human Genome U95D Array/Human 

Genome U95E Array Lu et al. 

Ovarian Serous Cystadenocarcinoma Human Genome U133A Array 

http://cancergenome.

nih.gov/  

15 Pancreatic Cancer 

Pancreatic Adenocarcinoma Iacobuzio-Donahue  

Iacobuzio-Donahue 

et al. 

Pancreatic Carcinoma Human Genome U133A Array Segara et al. 

Pancreatic Ductal Adenocarcinoma 

Human Genome U133A Array/Human Genome 

U133B Array Ishikawa et al. 

Pancreatic Intraepithelial Neoplasia Buchholz Pancreas Buchholz et al. 

Pancreatitis HumanGeneFL Array Logsdon et al. 

16 Prostate Cancer 

Benign Prostatic Hyperplasia Tomlins Tomlins et al. 

Prostate Adenocarcinoma 

Human Genome U133A Array/Human Genome 

U133B Array Vanaja et al. 

Prostate Carcinoma Human Genome U133 Plus 2.0 Array Varambally et al. 

Prostatic Intraepithelial Neoplasia Tomlins Tomlins et al. 

17 Sarcoma 

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. 

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. 

Seminoma 

Human Genome U133A Array/Human Genome 

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. 

Teratoma 

Human Genome U133A Array/Human Genome 

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. 

＊
上表僅列出各類型癌症其中一個微陣列實驗與其參考資料。 

 

三、癌症相關基因的篩檢方法 

我們以次序結構變異來篩檢癌症相關基因。當兩個基因 i 與 j 在 DNA 微陣列上的信

號強度具有顯著次序關係；即次序關係係數 rij 大於某一顯著性門檻值，則建立這兩個基

因的連線： 
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上式中 isx 是實驗樣本 s 中基因 i 的表現信號強度；N 為樣本總數； maxx 與 minx 則為實驗樣

本中最大與最小基因表現信號強度。次序結構網路是一有向圖(directed graph)，連線 i → j

意味著基因 i 的信號強度比基因 j 來得低，所以當某一個基因有很高的由內向外連線，表

示這個基因有相對較低的表現信號強度；當某一個基因有很高的由外向內連線表示這個基

因有相對較高的表現信號強度。因為我們不知道此次序關係係數 rij的分佈，因此，門檻值

的決定採用隨機取樣測試過程：(a) 隨機自各個實驗樣本中選取一對基因構成一組基因

對，重複此過程 5000 次；(b) 對於這些隨機選取的各組基因對，分別計算次序關係係數 pγ  

(p = 1, 2, … , 5000)；(c) 由上述可以獲得一個次序關係係數的分布，以這個次序關係係數

分布的顯著水平 1% (P < 0.01)做為建構次序結構網路的門檻值。 

根據以上的演算法分別建立癌症以及與之相對應的正常細胞的次序結構網路，比較兩

個次序結構，其中有次序關係變異的連線與其兩端的基因，即為癌症相關基因。 

我們所收集的微陣列資料集有些是同類型癌症但是實驗平台或環境不同，若相同基因

對在不同平台的實驗有不一致的次序關係變異，則分別針對 i → j 與 j →i 在癌細胞與正

常細胞的 r 比值，先轉換為 ln(r 比值)，再利用 meta-analysis (Whitehead et al., 1991)來檢定

其是否顯著，並確認其次序關係變異是否存在，只要 i → j 與 j →i 其中之一的 ln(r 比值)

是顯著的，即認定其次序關係變異存在，其兩端的基因，即為癌症相關基因。 

     

四、癌症相關生化路徑次網路的關連性分析 

利用次序關係變異所篩檢出來的癌症相關基因，對應到整個生物網路（包含基因調空

網路、蛋白質交互作用網路以及代謝網路），並延伸其連結至下一層，定義為癌症相關生

化網路，計算其拓樸性質並探討其可能存在的次網路。探討的基本拓樸性質如下： 

1. Degree：自由度；是網路上節點的連線數量。這裡的連線數量在次序結構網路中，

指的是向外連線與向內連線的總和。 

2. Betweenness：居間度；是度量某節點被其他任兩節點間，最短路徑通過之次數。 
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3. Closeness：緊密度；是度量某節點至其他節點最短路徑的平均值。 

若以 S 表示某個次網路的基因群，其中包含 k 個基因，以 G 表示以次序結構變異所

篩檢出來的癌症相關基因群，假設此微陣列總共包含 y 個基因，而細胞內全部基因數為 N，

令 I=S∩G 的基因數，則對 S 與 G 這兩群基因的分佈做關連分析(Haverty et al., 2004)，可

計算出 p-value： 

∑
=

−
−=

k

Ii
N
k

yN
ik

y
i

val C
CCp  

p-value 越小，表示此癌症 G 與次網路 S 有較高的關連性，計算出 p-value 後，再計算出

Q-value (false discovery rate) (Storey et al., 2003)。 

    超幾何分佈(hypergeometric probability)被廣泛應用在評估兩個事件的相關度，我們亦

應用在評估不同類型癌症的相關性上，以瞭解不同癌症間的關連性，以建立癌症網路。 
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結果與討論 
 

一、各類型癌症之間的相關性網路 

我們利用超幾何分佈(hypergeometric probability)來評估各類型癌症之間的相關程度，

若兩種癌症的顯著相關基因數為 Nr 與 Nq，細胞內的基因總數為 N，且兩種類行癌症的特

徵基因交集數為 Nc，則兩類型癌症相關程度的 p-value 計算如下式： 

∑
=

−
−=

Nq

Nci
Nq
N

iNq
NrN

i
Nr

val C
CCP  

則相關性可定義如下： 

)ln( valedge PWeight −=  

若兩癌症類型間的 Pval小於 0.01 既建立其連結關係，Weightedge即為此連結的權重，如下圖： 

 
結果顯示；同類型但是不同亞型的癌症的確較易聚在一起，但是有些不同類型的癌症

反而比同類型癌症更有相關性，這表示不同類型的癌症有可能具有相同的生物網路模

組或特徵基因，這表示其成癌的過程可能類似，在藥物治療上，可能也會有類似的反

應，甚至可推論；相同的癌症藥物，也許可以治療不同類型的癌症，這個現象仍有待

進一步加以探討。我們亦發現有兩小群的癌症沒有與其他癌症有顯著的關連，分別為

黑色素瘤與神經膠質母細胞瘤。圖中的編號與各類型癌症的對照表如下表： 
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Type Subtype Index 

Bladder Cancer 

Infiltrating Bladder Urothelial Carcinoma 1.1 

Stage 0is Bladder Urothelial Carcinoma 1.2 

Superficial Bladder Cancer 1.3 

Brain and CNS Cancer 

Anaplastic Astrocytoma 2.1 

Anaplastic Oligoastrocytoma 2.2 

Anaplastic Oligodendroglioma 2.3 

Astrocytoma 2.4 

Atypical Teratoid/Rhabdoid Tumor 2.5 

Classic Medulloblastoma 2.6 

Desmoplastic Medulloblastoma 2.7 

Diffuse Astrocytoma 2.8 

Glioblastoma 2.9 

Meningioma 2.10 

Oligoastrocytoma 2.11 

Oligodendroglioma 2.12 

Pilocytic Astrocytoma 2.13 

Primary Glioblastoma 2.14 

Secondary Glioblastoma 2.15 

Breast Cancer 

Ductal Breast Carcinoma in Situ 3.1 

Ductal Breast Carcinoma 3.2 

Fibroadenoma 3.3 

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 

Gastrointestinal Cancer 

Barrett's Esophagus 5.1 

Cecum Adenocarcinoma 5.2 

Colon Adenocarcinoma 5.3 

Colon Adenoma 5.4 

Colon Carcinoma 5.5 

Colon Mucinous Adenocarcinoma 5.6 

Colorectal Adenoma 5.7 

Colorectal Carcinoma 5.8 

Diffuse Gastric Adenocarcinoma 5.9 

Esophageal Adenocarcinoma 5.10 

Gastric Intestinal Type Adenocarcinoma 5.11 

Gastric Mixed Adenocarcinoma 5.12 
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Rectal Adenocarcinoma 5.13 

Rectal Adenoma 5.14 

Rectal Mucinous Adenocarcinoma 5.15 

Rectosigmoid Adenocarcinoma 5.16 

Head and Neck Cancer 

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 

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 

Kidney Cancer 

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 

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 

Leukemia 

Acute Adult T-Cell Leukemia/Lymphoma 8.1 

Acute Myeloid Leukemia 8.2 

B-Cell Acute Lymphoblastic Leukemia 8.3 

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 

Liver Cancer 

Cirrhosis 9.1 

Focal Nodular Hyperplasia of the Liver 9.2 

Hepatocellular Adenoma 9.3 

Hepatocellular Carcinoma 9.4 

Liver Cell Dysplasia 9.5 

Lung Cancer 

Large Cell Lung Carcinoma 10.1 

Lung Adenocarcinoma 10.2 

Lung Carcinoid Tumor 10.3 

Small Cell Lung Carcinoma 10.4 
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Squamous Cell Lung Carcinoma 10.5 

Lymphoma 

Activated B-Cell-Like Diffuse Large B-Cell Lymphoma 11.1 

Burkitt's Lymphoma 11.2 

Centroblastic Lymphoma 11.3 

Cutaneous Follicular Lymphoma 11.4 

Diffuse Large B-Cell Lymphoma 11.5 

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 

Melanoma 

Benign Melanocytic Skin Nevus 12.1 

Cutaneous Melanoma 12.2 

Non-Neoplastic Nevus 12.3 

Myeloma 

Monoclonal Gammopathy of Undetermined Significance 13.1 

Multiple Myeloma 13.2 

Smoldering Myeloma 13.3 

Ovarian Cancer 

Ovarian Adenocarcinoma 14.1 

Ovarian Clear Cell Adenocarcinoma 14.2 

Ovarian Endometrioid Adenocarcinoma 14.3 

Ovarian Mucinous Adenocarcinoma 14.4 

Ovarian Serous Adenocarcinoma 14.5 

Ovarian Serous Cystadenocarcinoma 14.6 

Pancreatic Cancer 

Pancreatic Adenocarcinoma 15.1 

Pancreatic Carcinoma 15.2 

Pancreatic Ductal Adenocarcinoma 15.3 

Pancreatic Intraepithelial Neoplasia 15.4 

Pancreatitis 15.5 

Prostate Cancer 

Benign Prostatic Hyperplasia 16.1 

Prostate Adenocarcinoma 16.2 

Prostate Carcinoma 16.3 

Prostatic Intraepithelial Neoplasia 16.4 

Sarcoma 

Dedifferentiated Liposarcoma 17.1 

Fibrosarcoma 17.2 

Leiomyosarcoma 17.3 

Malignant Fibrous Histiocytoma 17.4 

Pleomorphic Liposarcoma 17.5 

Round Cell Liposarcoma 17.6 

Synovial Sarcoma 17.7 
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Uterine Corpus Leiomyosarcoma 17.8 

Other Cancer 

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 

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 

 

二、癌症特徵網路與次網路 

利用次序結構差異篩選出來的癌症相關基因(p-value <0.01)，我們直接將這些基因以及

其產物蛋白質對應到人類基因調控網路以及蛋白質交互作用網路，並延伸其連結的第一

層，定義為癌症特徵基因調控網路與特徵蛋白質交互作用網路（附錄一）。例如下圖分別為

肺腺癌(Lung Adenocarcinoma)的特徵基因調控網路與特徵蛋白質交互作用網路： 
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肺腺癌特徵基因調控網路 

 

 
肺腺癌特徵蛋白質交互作用網路 

 
在肺腺癌特徵基因調控網路中，有兩個明顯的集散點(hub)，分別為 COL1A2 與 MMP1，
且都是被調控基因，因此可推論其表現易於正常細胞是癌化後的結果，而非致癌的原

因。至於肺腺癌特徵蛋白質交互作用網路，因為沒有上下游關係，因此只能推論，在癌

細胞中，這些交互作用較正常細胞來得強或弱。我們亦計算了這些網路的基本拓樸性

質，下表是肺腺癌特徵生物網路的基本拓樸特性： 
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 <Degree> <Betweenness> <Closeness> 

肺腺癌特徵基因調控網路 1.25 1.25 0.15 

肺腺癌特徵蛋白質交互作用網路 1.56 1.51 0.05 

 

除了基本的拓樸特性外，針對這些特徵網路，我們利用 MLC 演算法(Enright et al., 2002)

來計算其可能存在的次網路。MLC 演算法是模擬流量在網路中的隨機流動過程，並產生出

可能存在的次網路結構，這些次網路可能是癌症基因調控模組或者是蛋白質交互作用模

組。以肺腺癌特徵蛋白質交互作用網路為例，其次網路結構如下： 

 
 

三、癌症特徵次網路與癌症的關連性 

若以 S 表示某個次網路的基因群，其中包含 k 個基因，以 G 表示以次序結構變異所

篩檢出來的癌症相關基因群，假設此微陣列總共包含 y 個基因，而細胞內全部基因數為 N，

令 I=S∩G 的基因數，則對 S 與 G 這兩群基因的分佈做關連分析(Haverty et al., 2004)，可

計算出 p-value： 

∑
=

−
−=

k

Ii
N
k

yN
ik

y
i

val C
CCp  

pvalue越小，表示此癌症 G 與次網路 S 有較高的關連性，我們定義其關連強度為 1-pvalue 

我們計算了癌症相關的次網路以及其關連強度，結果發現其關連度往往不具統計上的
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顯著性。 

 

四、癌症相關生化網路資料庫 

我們總共分析了 18 大類型、涵蓋 143 種亞型的癌症，並建立其相關生化網路資料庫

(http://210.70.82.119/Cancer_Network/)，包含各類型癌症的特徵基因與其蛋白質產物、基因

與蛋白質產物的註解、癌症特徵生物網路、生物次網路、生物次網路與癌症的關連性以及

次網路之間可能的交互作用，這些資料在未來仍有待進一步分析與探討。 
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計畫成果自評 

本計畫為兩年之計畫，在計畫進行過程中，教育學生具備一定之能力參與計畫，

是最困難的一環。本計畫的第一年主要在整理生物網路資料庫以及蒐集癌症相關的微

陣列實驗數據，同時教育學生培養參與計畫的能力，第二年則開始進入計畫的主要部

分--癌症相關生物網路探勘，由於人類相關的生物網路資料仍不豐富，因此，最後的結

果仍有很大的發展空間，相信隨著公用資料庫的資料量增加，未來應能有很大的改善，

另一個問題是，癌症特徵基因的選取，以次序結構變異取代統計檢定，雖然可以得到

較多的基因數，這在生物網路建立上是很有幫助的，但是，為了避免可能的偽陽性，

我們提高了篩選的標準(p-value < 0.01)。最後；我們利用 MLC 演算法定義出基因調控

次網路以及蛋白質交互作用次網路，代謝次網路則依據 KEGG 的分類法，並篩選出癌

症相關的次網路，關於次網路的交互作用，我們往往得到無交互作用的結果，可能原

因是建立的網路並不夠完整以及人類生化網路（除了代謝網路外）基因數太少，未來

應持續探討。 

本計畫已初步完成癌症相關生物網物建立與分析，有待未來進一步探討，個人相

信以綜觀所有類型癌症的角度來看待癌症，而非僅僅探討個別癌症，在未來應該能有

一些新的發現。 
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附錄一、常見癌症的特徵基因調控網路與特徵蛋白質交互作用網路 
 

Type:Bladder Cancer  Subtype:Infiltrating Bladder Urothelial Carcinoma 
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Type:Bladder Cancer  Subtype:Stage 0is Bladder Urothelial Carcinoma 
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Type:Bladder Cancer  Subtype:Superficial Bladder Cancer 
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Type:Brain and CNS Cancer  Subtype:Anaplastic Astrocytoma 
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Type:Brain and CNS Cancer  Subtype:Anaplastic Oligoastrocytoma 
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Type:Brain and CNS Cancer  Subtype:Anaplastic Oligodendroglioma 
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Type:Brain and CNS Cancer  Subtype:Astrocytoma 
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Type:Brain and CNS Cancer  Subtype:Atypical Teratoid/Rhabdoid Tumor 
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Type:Brain and CNS Cancer  Subtype:Classic Medulloblastoma 
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Type:Brain and CNS Cancer  Subtype:Desmoplastic Medulloblastoma 
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Type:Brain and CNS Cancer  Subtype:Diffuse Astrocytoma 
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Type:Brain and CNS Cancer  Subtype:Glioblastoma 
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Type:Brain and CNS Cancer  Subtype:Meningioma 
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Type:Brain and CNS Cancer  Subtype:Oligoastrocytoma 
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Type:Brain and CNS Cancer  Subtype:Oligodendroglioma 
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Type:Brain and CNS Cancer  Subtype:Pilocytic Astrocytoma 
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Type:Brain and CNS Cancer  Subtype:Primary Glioblastoma 
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Type:Brain and CNS Cancer  Subtype:Secondary Glioblastoma 
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Type:Breast Cancer  Subtype:Ductal Breast Carcinoma in Situ 
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Type:Breast Cancer  Subtype:Ductal Breast Carcinoma 
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Type:Breast Cancer  Subtype:Fibroadenoma 
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Type:Breast Cancer  Subtype:Invasive Breast Carcinoma 
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Type:Breast Cancer  Subtype:Invasive Lobular Breast Carcinoma 

 

 



 64

 
Type:Breast Cancer  Subtype:Invasive Mixed Breast Carcinoma 
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Type:Breast Cancer  Subtype:Lobular Breast Carcinoma 
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Type:Leukemia  Subtype:Acute Adult T-Cell Leukemia/Lymphoma 

 

 



 67

 
Type:Leukemia  Subtype:Acute Myeloid Leukemia 
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Type:Leukemia  Subtype:B-Cell Acute Lymphoblastic Leukemia 
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Type:Leukemia  Subtype:Chronic Adult T-Cell Leukemia/Lymphoma 
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Type:Leukemia  Subtype:Chronic Lymphocytic Leukemia 
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Type:Leukemia  Subtype:Hairy Cell Leukemia 
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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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Type:Liver Cancer  Subtype:Hepatocellular Carcinoma 
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Type:Liver Cancer  Subtype:Liver Cell Dysplasia 
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Type:Lung Cancer  Subtype:Large Cell Lung Carcinoma 
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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 
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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 novel classification algorithm of hemagglutinin 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 regression classifier. For evaluating 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.

Keywords:
Influenza A viruses; Hurst exponent; SVM; logistic

regression; SVM-Logistic 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 algorithm 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
quantities.

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 hydrophobicity in
the situation of single amino acid showed as Table 1 [2],
[3]

Table 1.
20 amino acids and its 4 physicochemical quantities

Amino
acid

Acidity
Van der
waal
Volume

Surface
area

HydroPh-
obicity

A 7.0 67 115 0.616
C 3.4 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
V 7.0 105 155 0.825
W 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 al., 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 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, tw
define the Series
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get a line whose slope determines the Hurst exponent.

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

Given the training set of instance-labeled pairs
 , , 1,2,...,i ix y i N , where

 , 1, 1 , 1, 2,...,n
i ix R y i N    (9)

The support vector machine (SVM) algorithm (Boser,



Guyon, and Vapnik 1992 [11], Cortes and Vapnik 1995 [12])
requires
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For any testing point  , 1, 1n
i ix R y   , we can make

an assignment according to the following formula.
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5. Multiple Logistic regression classifier

5.1 Multiple logistic regression model [4], [5]

Let 1 2, ...., , 1,2,...,i i in ix x x y i N be a sample data,

satisfying    1 2, ,..., , 0,1 ,n
i i i in ix x x x R y  

 ~ 1, , 1,2,...,i iY B p i N  (12)
The multiple logistic regression model is denoted as

follows
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where  1 2, , ,..., n    are parameters vector of

regression coefficients.

5.2 Multiple logistic regression classifier [5]

We can obtain the likelihood function and log
likelihood function as following equations (14) and (15)
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Where  1 2, , ,..., n
nR R      

Using Newton-Raphson’s iterative algorithm, we can
get the estimated regression coefficients of the multiple
logistic regression model and the estimated multiple logistic
regression equation as follows:
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where
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Then
 
 

ˆ ˆ1 1| 0.5

ˆ ˆ0 1| 0.5

i i i
i

i i i

if P P Y x
y

if P P Y x

   
  

(25)

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, ( )id x , between the point

 1 2, ,...,i i i inx x x x and the hyperplane in SUM,
Second step, to consider the sample data

 , , 1, 2,...,i id x y i N , using the simple logistic

regression to classify iy .

6.1 Mathematical formulas

Let 1 2, ...., , 1,2,...,i i in ix x x y i N be a sample data,

satisfying    1 2, ,..., , 0,1 ,n
i i i in ix x x x R y   (26)

Using the above support vector machine (SVM)
algorithm, from equation (11), for any point n

ix R ,
we can obtain the signed distance as below

  ( ) 1i i id x w x b       (27)

6.2 Simple logistic regression classifier of the working
sample data

Let the working sample data  , , 1, 2,...,i id x y i N

satisfying   , 1,0i id x R y 

 ~ 1, , 1,2,...,i iY B p i N  (28)
The simple logistic regression model is denoted as

follows
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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:
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Then
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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
logistic regression 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.

Table 2 Accuracies of three classifiers

Classifier 5-fold CV accuracy

SVM 0.8056

LR 0.8833

SVM-LR 0.9000

8. Conclusions and future works

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 regression classifier. For evaluating 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 algorithms 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 λ-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. Finally, we
used Hurst exponent to analyze the value series for
exploring the integrated physicochemical constraints in 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 ClustalX 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 waal volume, and hydrophobicity in the
situation of single amino acid [10, 13], as shown 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.a

Amino acid Acidity Van der waal
volume

Hydrophobicity

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 12.5 167. 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

aThe gaps in 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 as follows:

Definition 1. Let N be a finite set of criteria. A
discrete fuzzy measure on N is a set function ]1,0[2: Nv

which satisfies the following axioms:
(i) 0)( v , 1)( Nv (boundary conditions)

(ii) BA  implies )()( BvAv  (monotonicity)

for NBA 2,  .

For each subset of criteria NS  , )(Sv can be
interpreted as the weight of the coalition S.

The Sugeno λ-measure is a special case of fuzzy
measures. It has the following definition.

Definition 2. Let  1 2, , , nN X X X  be a

finite set and  1,  . A Sugeno λ-measure is a

functionνfrom 2N to [0, 1] with properties:



(i) ν(N) = 1.

(ii) if , 2NA B  with A B   then

( ) ( ) ( ) ( ) ( )A B A B A B         .
As a convention, the value of νat a singleton

set iX is called a density and is denoted by  iX .

In addition, we have that λ satisfies the property

 )(11
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(1)
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 polynomial to obtain the
values of λ uniquely.

Definition 3. Let v be a fuzzy measure on N. The
discrete Choquet integral of function x:N→ R with respect
to v is defined by

 )()()( )1()(
1

)( 


 ii

n

i
iv AvAvxxC , where ( ‧ )

indicates a permutation on N such that

)()2()1( nxxx   . Also

 )()()( ,, nii xxA  , and )1(nA . For

instance, if 231 xxx  , then rank 321 ,, xxx from

the smallest one to the largest one. The result is 1)1( xx  ,

3)2( xx  , 2)3( xx  . Finally,

),,( 321 xxxCv =   ),,(* 3211 xxxvx +

  3213 ,(*)( xxvxx  +   )(*)( 232 xxx 

(2
)

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, )(xCv =




n

i
ixiv

1

)( , nRx . In this study, the

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

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 tw , define the series
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against log , we expect to get a line whose

slope determines the Hurst exponent.
There is a 7-step to make hurst exponent analyze:
Step 1. With quantizing three properties each amino

acid of each protein sequence, we have three time series
for each protein sequence.

Step 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, label
elements in the sample by l and treat each position in
aligned protein sequence as a random variable. Assume the
size of the sample is k. For the element l, let i-th position
of aligned protein sequences for property m be a random

variable ml
iX , where 1≦l≦k, 1≦m≦3, and n is the

length of aligned protein sequences. If

   ml
il
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il

XX ,, minmax   ≠0, then  
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i XX
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 . Otherwise, set

0, ml
iZ .

Step 3. Let lY be a random variable which is 1 if
affecting the human and 0 otherwise for the element l. Let

)',,,( ,,2,1 mk
i

m
i

m
i

m
i XXXX  and

)',,,( 21 kYYYY  . For each m, compute corr( m
iX ,

Y) where “corr” is thePearson correlation coefficient. For

each m, define the weight m
iw to be

1 ( , )
2

m
icorr X Y

for each i. That is,  ( )m m
i iv X w

for 1≦m≦3 and 1≦i≦n.
Step 4. For using Sugenoλ-measure, solve (1) forλ.

Then, for each i

compute  1 2( , )i iv X X ,  1 3( , )i iv X X ,  2 3( , )i iv X X by

Sugeno λ-measure. Note that  1 2 3( , , ) 1i i iv X X X  .

Step 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.

Step 6. Calculate Hurst exponent for each aligned

protein sequence.
Step 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 strains. 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 clusters in 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 constraints 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 proteins is 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 γ-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 λ-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; λ-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 algorithm
of thermostable proteins by using Hurst exponent and
Choquet integral regression model with λ-measure and
-support is proposed. The contribution of this method is
to integrate the physicochemical properties, fractal property
and Choquet integral regression 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.rcsb.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 sequences 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 estimators of physicochemical
properties for 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/ 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
a protein.

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 18Å. Asp, Glu, Arg, Lys and His
residues were used to calculate the ion pairs.

7.4. Contact energies

A 20×20 matrix of effective contact energies, the
interaction energies between all amino acids pairs, was
developed by Miyazawa and Jernigan [5], [6], which was
also called MJ matrix. The MJ effective energy (eij), 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 eij can be presented as the following equation
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The e'ij 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 eii or ejj 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 eii or ejj should
have high correlation with the hydrophobicity of residue
type i or residue type j [5], [6].

The average contact energy of each type of amino acid,
ei, was used in this work, and it is defined as: [5], [6].
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The supscript p denotes the total number of contacts in
all proteins, nij is the total number of contacts between i and
j types of amino acid residues, and nir is the total number
contacts made by residue type i.

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 (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, tw
define the Series
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In plotting ( )
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against log, we expect to get a

line whose slope determines the Hurst exponent.

9. The multiple linear regression, ridge regression

Let  2, ~ N 0, nY X I     be a multiple linear

model,  1ˆ X X X Y   be the estimated regression



coefficient vector, and  1
k̂ nX X kI X Y   be the

estimated ridge regression coefficient vector, Kenard and
Baldwin [1] suggested
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10. Fuzzy measures

10.1. Definition of fuzzy measures [11]

A fuzzy measure μon a finite set X is a set function
 : 2 0,1X  satisfying the following axioms:

(i)   0 , 1X   (boundary conditions) (10)

(ii)  A B A B    (monotonicity) (11)

10.2. Singleton measures [11]

A singleton measure of a fuzzy measure μon a finite
set X is a function  : 0,1s X  satisfying:

  ,s x x x X  (12)

s x is called the density of singleton x .

10.3. λ-fuzzy measure [11]

For given singleton measures s, a λ-fuzzy measure,
g, is a fuzzy measure on a finite set X, satisfying:

(i) , 2 , ,XA B A B A B X   

     g A B g A g B g A g B        (13)

(ii)      
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10.4. P-measure [13]

For given singleton measures s, a P-measure, Pg , is a
fuzzy measure on a finite set X, satisfying:

   2 max maxX
P Px A x A

A g A s x g x
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10.5. L-measure [6], [9]

For given singleton measure s, a L-measure, Lg , is a

fuzzy measure on a finite set X, X n , satisfying:

(i)  0,L  (16)

(ii) , ( 1) 0A X n A A L      


 

  

( 1) 1 max
( ) max

1

x A
x A

L x A

x X

A L s x s x
g A s x

n A A L s x








      
        




(17)

11. Choquet integral regression models

11.1. Choquet integral [10]

Let μ be a fuzzy measure on a finite set X. The 
Choquet integral of :if X R  with respect to μ for 
individual i is denoted by

      1
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, 1,2,...,
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i
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where  0 0if x  ,  i jf x indicates that the

indices have been permuted so that

     1 20 ...i i i nf x f x f x    (19)

     1, ,...,j j j nA x x x (20)

11.2. Choquet integral regression models [12]

Let 1 2, ,..., Ny y y be global or response evaluations

of N sample points and      1 2, ,...,j j N jf x f x f x ,

1,2,...,j n , be their evaluations of independent variabe jx ,

where : , 1,2,...,if X R i N  .
Let μ be a fuzzy measure with γ-support, , R ,
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then ˆˆˆ , 1, 2,...,i iy f dg i N    is called the

Choquet integral regression equation of μ with γ-support,
where

ˆ /yf ffS S (23)
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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
data is listed in Table 2.

The generated data with four features in 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
14.9257

HE-Choquet Integral
Regression model with

P-measure
15.2290

HE-Choquet Integral
Regression model with

λ-measure
15.3812

HE- Ridge regression model 16.3311

HE-Multiple linear regression
model 19.7055

13. Conclusions and future works

In this paper, a novel classification algorithm of
thermostable proteins combining four feature scaling
estimators, Hurst exponent, and the Choquet integral
regression model is proposed. For evaluating 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 algorithm 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
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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
1V8I 75 0.7342 0.6436 0.5099 0.5302
1MP2 37 0.6254 0.5171 0.4296 0.4463
1RJW 65 0.5832 0.7464 0.5373 0.5392
2HCY 30 0.6294 0.632 0.4567 0.511
1O17 85 0.6409 0.761 0.4385 0.455
2BPQ 37 0.6281 0.3409 0.4056 0.505
1EP0 65 0.8782 0.6955 0.6463 0.7016
2IXI 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
1Y7T 75 0.5093 0.6392 0.7754 0.7338

5MDH 37 0.6355 0.6716 0.6931 0.7487
1O4U 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
1MO0 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
1XGS 100 0.6651 0.6296 0.5594 0.5031
1MAT 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 27.5 0.6461 0.7434 0.5171 0.6288


