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西郷浩人	



遺伝情報から表現型まで	



私たちの遺伝情報	

http://www.lif.kyoto-u.ac.jp/genomemap/	

懸賞なび	



23本の染色体	

http://www.seibutushi.net	



染色体上のDNA	

http://dna.kokoronogohan.com	

           DNA	



セントラルドグマ	

http://genius.com	



Universal Genetic Code	



タンパク質のおりたたみ	

http://www.lanl.gov	



どれくらいの情報量？	

•  大腸菌： 460万塩基 
•  約4千遺伝子 

•  酵母: 1500万塩基 
•  約6千遺伝子 

•  ヒト： 30 億塩基 
•  約3万遺伝子	



Single Nucleotide Polymorphism(SNP)

　　　　　　　　　　　DNA　∻　30億塩基対

　　　　　　　　　　　　　↓　各個人間で約0.1%異なる部分

　　　　　　　　　　  SNP　∻　 300万塩基

http://www.viagenefertility.com 
http://www.zinbun.kyoto-u.ac.jp/~kato/atgenome	

SNPは個人差を生み出す

肌の色 体質

Aさん Bさん



ライフサイエンス　データベース	

•  Sequence (DNA, Amino Acid) 
•  Genomics 
•  Mutation/Polymorphism 
•  Protein domain/family 
•  Protein 3D 
•  Proteomics (Mass Spectrometry) 
•  Metabolic networks 
•  Expression 
•  Disease/Drug 



歴史	
•  1950s 

•  Watson & Click DNA model 

•  1960s 
•  Sequence Alignment 

•  1970s 
•  PDB (Protein Data Bank) 
•  Sanger sequencing 

•  1980s 
•  GenBank Database 
•  PCR (Polymerase Chain Reaction) 
•  NCBI 



歴史	
•  1990s 

•  WWW 
•  BLAST 
•  Bacterial genome 
•  Yeast genome 

•  2000s 
•  Draft Human genome 

•  2010s 
•  Next-generation sequencer 
•  Personal genome 



Draft human genome in 2000	



Milestones contd.	
•  1990s 

•  WWW 
•  BLAST 
•  Bacterial genome 
•  Yeast genome 

•  2000s 
•  Draft Human genome 

•  2010s 
•  Next-generation sequencer 
•  GWAS (Genome-Wide Association Study) 



NGS（次世代シークエンサー） 
によるデータの増加	

NCBI, EBI, DDBJ に登録された配列データの総量の増加	



SNPの解読の進展	

to a doubling of the number of associated variants discov-
ered. The proportion of genetic variation explained by
significantly associated SNPs is usually low (typically less
than 10%) for many complex traits, but for diseases such
as CD and multiple sclerosis (MS [MIM 126200]), and for
quantitative traits such as height and lipid traits, between
10% and 20% of genetic variance has been accounted for
(Table 1). In comparison to the pre-GWAS era, the propor-
tion of genetic variation accounted for by newly discov-
ered variants that are segregating in the population is large.
It is clear that for most complex traits that have been

investigated by GWAS, multiple identified loci have
genome-wide statistical significance, and thus it is likely
that there are (many) other loci that have not been identi-
fied because of a lack of statistical significance (false nega-
tives). Recently, researchers have developed and applied
methods to quantify the proportion of phenotypic varia-
tion that is tagged when one considers all SNPs simulta-
neously.12–14 These methods focus on estimation rather
than hypothesis testing and do not suffer from false
negatives caused by small effect sizes.15 Whole-genome
approaches to estimating genetic variation have shown
that approximately one-third to one-half of additive
genetic variation in the population is being tagged when
all GWAS SNPs are considered simultaneously.12–14 This
is a surprisingly large proportion given that evolutionary
theory predicts that most variants affecting disease risk
ought to be found at a low frequency in the population
if they affect fitness,16,17 and such risk variants would
not be in sufficient LD with the common SNPs to be
detected in GWASs.

Autoimmune Diseases

We concentrate on seven auto-immune diseases, anky-
losing spondylitis (AS [MIM 106300]), rheumatoid arthritis
(RA [MIM 180300), systemic lupus erythematosus (SLE

[MIM 152700]), and type 1 diabetes (T1D [MIM 222100]),
MS, CD, and UC. Table 2 summarizes the number of genes
that have been identified for these diseases. Across these
diseases, 19 loci (mainly related to human leukocyte
antigen) were known prior to 2007, and 277 have been
discovered from 2007 onward. The total of 277 includes
multiple counts of loci that have been implicated across a
number of diseases; such loci include BLK (MIM 191305),
TNFAIP3 (MIM 191163) and CD40 (MIM 109535).
Inflammatory bowel disease (IBD, not to be confused

here with identity by descent) is thought to arise from
dysregulation of intestinal homeostasis.18 GWASs of IBD
(CD and UC) have been highly successful in terms of
the number of loci identified (99 nonoverlapping loci in

Figure 1. GWAS Discoveries over Time
Data obtained from the Published GWAS Catalog (see Web
Resources). Only the top SNPs representing loci with association
p values < 5 3 10!8 are included, and so that multiple counting
is avoided, SNPs identified for the same traits with LD r2 > 0.8 esti-
mated from the entire HapMap samples are excluded.

Figure 2. Increase in Number of Loci Identified as a Function of
Experimental Sample Size
(A) Selected quantitative traits.
(B) Selected diseases.
The coordinates are on the log scale. The complex traits were
selected with the criteria that there were at least three GWAS
papers published on each in journals with a 2010–2011 journal
impact factor>9 (e.g.,Nature,Nature Genetics, the American Journal
of Human Genetics, and PLoS Genetics) and that at least one paper
contained more than ten genome-wide significant loci. These
traits are a representative selection among all complex traits that
fulfilled these criteria.

The American Journal of Human Genetics 90, 7–24, January 13, 2012 11

Visscher et al. Americaln Journal of Human Genetics 90, 7-24, 2012	



遺伝子健康診断の時代の到来	

l  遺伝子健康診断を開始している企業の例 
l  23andme　(米google) 
l  yahoo! 
l  dena 
l  gene quest 

l  宮城県、岩手県では震災復興の一環として個人のゲ
ノムを調べて健康管理に活かす事業を国が展開 

l  イギリス、アイルランド等では数千人単位でゲノムを
調べて国民に適した医療の研究 



遺伝子健康診断の時代の到来	

l  遺伝子診断でわかる表現型の例　（まだ少ない） 
l  アルコール分解酵素のあるなし 
l  耳垢の型（乾いている、湿っている） 
l  1型糖尿病の発症率 
l  光くしゃみ反応 

l  保険が適用される遺伝病 
l  「デュシェンヌ型筋ジストロフィー」 
l  「福山型筋ジストロフィー」 
l  ｢脊髄性筋萎縮症」など 





耳垢型を決めるSNP(rs17822931) 
の分布	

日経ライフ　2011/1/21 7:00　編集委員　小林明　協力：北海道医療大学　 新川詔夫	



耳垢型を決めるSNP(rs17822931) 
の分布	

日経ライフ　2011/1/21 7:00　編集委員　小林明　協力：北海道医療大学　 新川詔夫	



アルコールの分解を決める
SNP(rs671)の分布	



 
2008年08月04日 産経新聞ニュース	



遺伝子の違いから自分の起源を知る	



その他	

ゲノムシークエンシングのコストは1人10万円 
SNPタイピングのコストは1~2万円 
 



説明出来ない遺伝率の謎	



表現型の遺伝可能性（Heritability）	

親の身長と子の身長の相関が高ければ、身長
（表現型）は遺伝すると考えられる。	

78 An Introduction to Chemoinformatics
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Figure 4-1. The aim of linear regression is to minimise the sum of the differences between the
actual observations and those predicted from the regression equation (represented by the vertical
lines from each point to the best-fit line).
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It is common for there to be more than one independent variable, in which
case the method is referred to as multiple linear regression (the term simple linear
regression applies where there is just one independent variable). The formulae for
the coefficients in multiple linear regression are not so simple as Equations 4.8 and
4.9, but they are easily calculated using a standard statistical package.

3.1 The Squared Correlation Coefficient, R2

The “quality” of a simple or multiple linear regression can be assessed in a
number of ways. The most common of these is to calculate the squared correlation
coefficient, or R2 value (also written r2). This has a value between zero and one
and indicates the proportion of the variation in the dependent variable that is
explained by the regression equation. Suppose ycalc,i are the values obtained by
feeding the relevant independent variables into the regression equation and yi are
the corresponding experimental observations. The following quantities can then
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ゲノムワイド相関解析（GWAS）	

目標は、表現型を遺伝子型で説明すること	
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total18), and a substantial proportion of familial risk, about
20%, has been accounted for.11,12,18 Twenty-eight risk loci
are shared between CD and UC, despite the fact that these
diseases display distinct clinical features, and it has been
suggested that the two diseases share pathways and are
part of a mechanistic continuum.18 There are also strong
overlaps between genes involved in CD and UC, AS,19

and psoriasis (MIM 177900), again suggesting shared aetio-
pathogenic mechanisms in these conditions. Pleiotropic
genetic effects are becoming increasing widely identified,
including in classical autoimmune diseases.20 For example,
a coding variant in the gene PTPN22 (MIM 600716)
confers strong risk for T1D and RA as well as protection
against CD.18

Metabolic Diseases

In terms of metabolic diseases, we focus here specifically
on type 2 diabetes (T2D [MIM 125853]); fasting glucose
and insulin levels; body-mass index (BMI) and obesity;
and fat distribution. A recent review21 already covered
these complex traits, but we have updated that review
wherever necessary. Table 3 gives an overview of the
number of loci identified.

More than 20 major GWASs for T2D have been pub-
lished to date21–24, and there has been a cumulative tally
of around 50 genome-wide-significant hits,21,23,24 only
three of which were known before the GWAS era. Most
of these studies have involved individuals of European
descent; the latest published effort is from the DIAGRAM
(Diabetes Genetics Replication and Meta-analysis)
Consortium and includes more than 47,000 GWAS indi-
viduals and 94,000 samples for replication. More recently,
equivalent studies have emerged from samples of East
Asians,23,25–27 South Asians,22 and Hispanics,28,29 and
large studies involving African Americans and other major
ethnic groups are underway. Notwithstanding differences
in allele frequency and LD patterns, most of the signals
found in one ethnic group show some evidence of associ-
ation in others, indicating that the common-variant
signals identified by GWASs are likely to be the result of
widely distributed causal alleles that are of relatively high
frequency. This is an important observation because it
indicates that most of the GWAS-identified associations
for T2D reflect high LD with a causal variant that has
a small effect size rather than low LD with a causal variant
that has a large effect size. The largest common-variant
signal identified for T2D remains TCF7L2 (MIM 602228)
(detected just prior to the GWAS era30), which has a
per-allele odss ratio (OR) of around 1.35. The remaining
signals detected by GWAS have allelic ORs in the range
between 1.05 and 1.25. Collectively, the most-strongly
associated variants at these loci are estimated to explain
around 10% of familial aggregation of T2D in European
populations.
The MAGIC (Meta-Analysis of Glucose- and Insulin-

Related Traits Consortium) investigators have been
carrying out equivalent analyses focused on the identifica-
tion of variants influencing variation in glucose and
insulin levels in healthy nondiabetic individuals.31–33 Prior
to the GWAS era, the only compelling association signal
for fasting glucose levels was known at GCK (MIM
138079) (glucokinase),34 but GWAS in European samples
(46,000 GWAS and 76,000 replication samples) have
expanded that number to 1632. These variants explain
around 10% of the inherited variation in fasting glucose
levels. Only two signals (near GCKR [MIM 600842] and
IGF1 [MIM 147440]) were shown to influence fasting
insulin levels in the same analysis. Equivalent analyses
for 2h glucose33 (15,000 GWAS samples and up to 30,000
replication samples) identified further signals, including
variants near the GIP (MIM 137240) receptor (GIPR [MIM
137241]).
Before the GWAS era, the only robust association

between DNA sequence variation and either BMI or
weight involved low-frequency variants in MC4R (MIM
155541).35 Now, there are more than 30. In the most
recent study from the GIANT consortium,36 these analyses
extended to almost 250,000 samples, half of them in the
stage 1 GWAS, the remainder for replication. The largest
signal remains that at FTO (MIM 610966),37 where the

Table 1. Population Variation Explained by GWAS for a Selected
Number of Complex Traits

Trait or Disease
h2 Pedigree
Studies

h2 GWAS
Hitsa

h2 All
GWAS SNPsb

Type 1 diabetes 0.998 0.699 ,c 0.312

Type 2 diabetes 0.3–0.6100 0.05-0.1034

Obesity (BMI) 0.4–0.6101,102 0.01-0.0236 0.214

Crohn’s disease 0.6–0.8103 0.111 0.412

Ulcerative colitis 0.5103 0.0512

Multiple sclerosis 0.3–0.8104 0.145

Ankylosing spondylitis >0.90105 0.2106

Rheumatoid arthritis 0.6107

Schizophrenia 0.7–0.8108 0.0179 0.3109

Bipolar disorder 0.6–0.7108 0.0279 0.412

Breast cancer 0.3110 0.08111

Von Willebrand factor 0.66–0.75112,113 0.13114 0.2514

Height 0.8115,116 0.113 0.513,14

Bone mineral density 0.6-0.8117 0.05118

QT interval 0.37–0.60119,120 0.07121 0.214

HDL cholesterol 0.5122 0.157

Platelet count 0.8123 0.05–0.158

a Proportion of phenotypic variance or variance in liability explained by
genome-wide-significant and validated SNPs. For a number of diseases, other
parameters were reported, and these were converted and approximated to the
scale of total variation explained. Blank cells indicate that these parameters
have not been reported in the literature.
b Proportion of phenotypic variance or variance in liability explained when all
GWAS SNPs are considered simultaneously. Blank cell indicate that these
parameters have not been reported in the literature.
c Includes pre-GWAS loci with large effects.

12 The American Journal of Human Genetics 90, 7–24, January 13, 2012
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total18), and a substantial proportion of familial risk, about
20%, has been accounted for.11,12,18 Twenty-eight risk loci
are shared between CD and UC, despite the fact that these
diseases display distinct clinical features, and it has been
suggested that the two diseases share pathways and are
part of a mechanistic continuum.18 There are also strong
overlaps between genes involved in CD and UC, AS,19

and psoriasis (MIM 177900), again suggesting shared aetio-
pathogenic mechanisms in these conditions. Pleiotropic
genetic effects are becoming increasing widely identified,
including in classical autoimmune diseases.20 For example,
a coding variant in the gene PTPN22 (MIM 600716)
confers strong risk for T1D and RA as well as protection
against CD.18

Metabolic Diseases

In terms of metabolic diseases, we focus here specifically
on type 2 diabetes (T2D [MIM 125853]); fasting glucose
and insulin levels; body-mass index (BMI) and obesity;
and fat distribution. A recent review21 already covered
these complex traits, but we have updated that review
wherever necessary. Table 3 gives an overview of the
number of loci identified.

More than 20 major GWASs for T2D have been pub-
lished to date21–24, and there has been a cumulative tally
of around 50 genome-wide-significant hits,21,23,24 only
three of which were known before the GWAS era. Most
of these studies have involved individuals of European
descent; the latest published effort is from the DIAGRAM
(Diabetes Genetics Replication and Meta-analysis)
Consortium and includes more than 47,000 GWAS indi-
viduals and 94,000 samples for replication. More recently,
equivalent studies have emerged from samples of East
Asians,23,25–27 South Asians,22 and Hispanics,28,29 and
large studies involving African Americans and other major
ethnic groups are underway. Notwithstanding differences
in allele frequency and LD patterns, most of the signals
found in one ethnic group show some evidence of associ-
ation in others, indicating that the common-variant
signals identified by GWASs are likely to be the result of
widely distributed causal alleles that are of relatively high
frequency. This is an important observation because it
indicates that most of the GWAS-identified associations
for T2D reflect high LD with a causal variant that has
a small effect size rather than low LD with a causal variant
that has a large effect size. The largest common-variant
signal identified for T2D remains TCF7L2 (MIM 602228)
(detected just prior to the GWAS era30), which has a
per-allele odss ratio (OR) of around 1.35. The remaining
signals detected by GWAS have allelic ORs in the range
between 1.05 and 1.25. Collectively, the most-strongly
associated variants at these loci are estimated to explain
around 10% of familial aggregation of T2D in European
populations.
The MAGIC (Meta-Analysis of Glucose- and Insulin-

Related Traits Consortium) investigators have been
carrying out equivalent analyses focused on the identifica-
tion of variants influencing variation in glucose and
insulin levels in healthy nondiabetic individuals.31–33 Prior
to the GWAS era, the only compelling association signal
for fasting glucose levels was known at GCK (MIM
138079) (glucokinase),34 but GWAS in European samples
(46,000 GWAS and 76,000 replication samples) have
expanded that number to 1632. These variants explain
around 10% of the inherited variation in fasting glucose
levels. Only two signals (near GCKR [MIM 600842] and
IGF1 [MIM 147440]) were shown to influence fasting
insulin levels in the same analysis. Equivalent analyses
for 2h glucose33 (15,000 GWAS samples and up to 30,000
replication samples) identified further signals, including
variants near the GIP (MIM 137240) receptor (GIPR [MIM
137241]).
Before the GWAS era, the only robust association

between DNA sequence variation and either BMI or
weight involved low-frequency variants in MC4R (MIM
155541).35 Now, there are more than 30. In the most
recent study from the GIANT consortium,36 these analyses
extended to almost 250,000 samples, half of them in the
stage 1 GWAS, the remainder for replication. The largest
signal remains that at FTO (MIM 610966),37 where the

Table 1. Population Variation Explained by GWAS for a Selected
Number of Complex Traits

Trait or Disease
h2 Pedigree
Studies

h2 GWAS
Hitsa

h2 All
GWAS SNPsb

Type 1 diabetes 0.998 0.699 ,c 0.312

Type 2 diabetes 0.3–0.6100 0.05-0.1034

Obesity (BMI) 0.4–0.6101,102 0.01-0.0236 0.214

Crohn’s disease 0.6–0.8103 0.111 0.412

Ulcerative colitis 0.5103 0.0512
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Von Willebrand factor 0.66–0.75112,113 0.13114 0.2514
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Bone mineral density 0.6-0.8117 0.05118

QT interval 0.37–0.60119,120 0.07121 0.214

HDL cholesterol 0.5122 0.157

Platelet count 0.8123 0.05–0.158

a Proportion of phenotypic variance or variance in liability explained by
genome-wide-significant and validated SNPs. For a number of diseases, other
parameters were reported, and these were converted and approximated to the
scale of total variation explained. Blank cells indicate that these parameters
have not been reported in the literature.
b Proportion of phenotypic variance or variance in liability explained when all
GWAS SNPs are considered simultaneously. Blank cell indicate that these
parameters have not been reported in the literature.
c Includes pre-GWAS loci with large effects.
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total18), and a substantial proportion of familial risk, about
20%, has been accounted for.11,12,18 Twenty-eight risk loci
are shared between CD and UC, despite the fact that these
diseases display distinct clinical features, and it has been
suggested that the two diseases share pathways and are
part of a mechanistic continuum.18 There are also strong
overlaps between genes involved in CD and UC, AS,19

and psoriasis (MIM 177900), again suggesting shared aetio-
pathogenic mechanisms in these conditions. Pleiotropic
genetic effects are becoming increasing widely identified,
including in classical autoimmune diseases.20 For example,
a coding variant in the gene PTPN22 (MIM 600716)
confers strong risk for T1D and RA as well as protection
against CD.18

Metabolic Diseases

In terms of metabolic diseases, we focus here specifically
on type 2 diabetes (T2D [MIM 125853]); fasting glucose
and insulin levels; body-mass index (BMI) and obesity;
and fat distribution. A recent review21 already covered
these complex traits, but we have updated that review
wherever necessary. Table 3 gives an overview of the
number of loci identified.

More than 20 major GWASs for T2D have been pub-
lished to date21–24, and there has been a cumulative tally
of around 50 genome-wide-significant hits,21,23,24 only
three of which were known before the GWAS era. Most
of these studies have involved individuals of European
descent; the latest published effort is from the DIAGRAM
(Diabetes Genetics Replication and Meta-analysis)
Consortium and includes more than 47,000 GWAS indi-
viduals and 94,000 samples for replication. More recently,
equivalent studies have emerged from samples of East
Asians,23,25–27 South Asians,22 and Hispanics,28,29 and
large studies involving African Americans and other major
ethnic groups are underway. Notwithstanding differences
in allele frequency and LD patterns, most of the signals
found in one ethnic group show some evidence of associ-
ation in others, indicating that the common-variant
signals identified by GWASs are likely to be the result of
widely distributed causal alleles that are of relatively high
frequency. This is an important observation because it
indicates that most of the GWAS-identified associations
for T2D reflect high LD with a causal variant that has
a small effect size rather than low LD with a causal variant
that has a large effect size. The largest common-variant
signal identified for T2D remains TCF7L2 (MIM 602228)
(detected just prior to the GWAS era30), which has a
per-allele odss ratio (OR) of around 1.35. The remaining
signals detected by GWAS have allelic ORs in the range
between 1.05 and 1.25. Collectively, the most-strongly
associated variants at these loci are estimated to explain
around 10% of familial aggregation of T2D in European
populations.
The MAGIC (Meta-Analysis of Glucose- and Insulin-

Related Traits Consortium) investigators have been
carrying out equivalent analyses focused on the identifica-
tion of variants influencing variation in glucose and
insulin levels in healthy nondiabetic individuals.31–33 Prior
to the GWAS era, the only compelling association signal
for fasting glucose levels was known at GCK (MIM
138079) (glucokinase),34 but GWAS in European samples
(46,000 GWAS and 76,000 replication samples) have
expanded that number to 1632. These variants explain
around 10% of the inherited variation in fasting glucose
levels. Only two signals (near GCKR [MIM 600842] and
IGF1 [MIM 147440]) were shown to influence fasting
insulin levels in the same analysis. Equivalent analyses
for 2h glucose33 (15,000 GWAS samples and up to 30,000
replication samples) identified further signals, including
variants near the GIP (MIM 137240) receptor (GIPR [MIM
137241]).
Before the GWAS era, the only robust association

between DNA sequence variation and either BMI or
weight involved low-frequency variants in MC4R (MIM
155541).35 Now, there are more than 30. In the most
recent study from the GIANT consortium,36 these analyses
extended to almost 250,000 samples, half of them in the
stage 1 GWAS, the remainder for replication. The largest
signal remains that at FTO (MIM 610966),37 where the
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a Proportion of phenotypic variance or variance in liability explained by
genome-wide-significant and validated SNPs. For a number of diseases, other
parameters were reported, and these were converted and approximated to the
scale of total variation explained. Blank cells indicate that these parameters
have not been reported in the literature.
b Proportion of phenotypic variance or variance in liability explained when all
GWAS SNPs are considered simultaneously. Blank cell indicate that these
parameters have not been reported in the literature.
c Includes pre-GWAS loci with large effects.
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total18), and a substantial proportion of familial risk, about
20%, has been accounted for.11,12,18 Twenty-eight risk loci
are shared between CD and UC, despite the fact that these
diseases display distinct clinical features, and it has been
suggested that the two diseases share pathways and are
part of a mechanistic continuum.18 There are also strong
overlaps between genes involved in CD and UC, AS,19

and psoriasis (MIM 177900), again suggesting shared aetio-
pathogenic mechanisms in these conditions. Pleiotropic
genetic effects are becoming increasing widely identified,
including in classical autoimmune diseases.20 For example,
a coding variant in the gene PTPN22 (MIM 600716)
confers strong risk for T1D and RA as well as protection
against CD.18

Metabolic Diseases

In terms of metabolic diseases, we focus here specifically
on type 2 diabetes (T2D [MIM 125853]); fasting glucose
and insulin levels; body-mass index (BMI) and obesity;
and fat distribution. A recent review21 already covered
these complex traits, but we have updated that review
wherever necessary. Table 3 gives an overview of the
number of loci identified.

More than 20 major GWASs for T2D have been pub-
lished to date21–24, and there has been a cumulative tally
of around 50 genome-wide-significant hits,21,23,24 only
three of which were known before the GWAS era. Most
of these studies have involved individuals of European
descent; the latest published effort is from the DIAGRAM
(Diabetes Genetics Replication and Meta-analysis)
Consortium and includes more than 47,000 GWAS indi-
viduals and 94,000 samples for replication. More recently,
equivalent studies have emerged from samples of East
Asians,23,25–27 South Asians,22 and Hispanics,28,29 and
large studies involving African Americans and other major
ethnic groups are underway. Notwithstanding differences
in allele frequency and LD patterns, most of the signals
found in one ethnic group show some evidence of associ-
ation in others, indicating that the common-variant
signals identified by GWASs are likely to be the result of
widely distributed causal alleles that are of relatively high
frequency. This is an important observation because it
indicates that most of the GWAS-identified associations
for T2D reflect high LD with a causal variant that has
a small effect size rather than low LD with a causal variant
that has a large effect size. The largest common-variant
signal identified for T2D remains TCF7L2 (MIM 602228)
(detected just prior to the GWAS era30), which has a
per-allele odss ratio (OR) of around 1.35. The remaining
signals detected by GWAS have allelic ORs in the range
between 1.05 and 1.25. Collectively, the most-strongly
associated variants at these loci are estimated to explain
around 10% of familial aggregation of T2D in European
populations.
The MAGIC (Meta-Analysis of Glucose- and Insulin-

Related Traits Consortium) investigators have been
carrying out equivalent analyses focused on the identifica-
tion of variants influencing variation in glucose and
insulin levels in healthy nondiabetic individuals.31–33 Prior
to the GWAS era, the only compelling association signal
for fasting glucose levels was known at GCK (MIM
138079) (glucokinase),34 but GWAS in European samples
(46,000 GWAS and 76,000 replication samples) have
expanded that number to 1632. These variants explain
around 10% of the inherited variation in fasting glucose
levels. Only two signals (near GCKR [MIM 600842] and
IGF1 [MIM 147440]) were shown to influence fasting
insulin levels in the same analysis. Equivalent analyses
for 2h glucose33 (15,000 GWAS samples and up to 30,000
replication samples) identified further signals, including
variants near the GIP (MIM 137240) receptor (GIPR [MIM
137241]).
Before the GWAS era, the only robust association

between DNA sequence variation and either BMI or
weight involved low-frequency variants in MC4R (MIM
155541).35 Now, there are more than 30. In the most
recent study from the GIANT consortium,36 these analyses
extended to almost 250,000 samples, half of them in the
stage 1 GWAS, the remainder for replication. The largest
signal remains that at FTO (MIM 610966),37 where the

Table 1. Population Variation Explained by GWAS for a Selected
Number of Complex Traits

Trait or Disease
h2 Pedigree
Studies

h2 GWAS
Hitsa

h2 All
GWAS SNPsb

Type 1 diabetes 0.998 0.699 ,c 0.312

Type 2 diabetes 0.3–0.6100 0.05-0.1034

Obesity (BMI) 0.4–0.6101,102 0.01-0.0236 0.214

Crohn’s disease 0.6–0.8103 0.111 0.412

Ulcerative colitis 0.5103 0.0512

Multiple sclerosis 0.3–0.8104 0.145

Ankylosing spondylitis >0.90105 0.2106

Rheumatoid arthritis 0.6107

Schizophrenia 0.7–0.8108 0.0179 0.3109

Bipolar disorder 0.6–0.7108 0.0279 0.412

Breast cancer 0.3110 0.08111

Von Willebrand factor 0.66–0.75112,113 0.13114 0.2514

Height 0.8115,116 0.113 0.513,14

Bone mineral density 0.6-0.8117 0.05118

QT interval 0.37–0.60119,120 0.07121 0.214

HDL cholesterol 0.5122 0.157

Platelet count 0.8123 0.05–0.158

a Proportion of phenotypic variance or variance in liability explained by
genome-wide-significant and validated SNPs. For a number of diseases, other
parameters were reported, and these were converted and approximated to the
scale of total variation explained. Blank cells indicate that these parameters
have not been reported in the literature.
b Proportion of phenotypic variance or variance in liability explained when all
GWAS SNPs are considered simultaneously. Blank cell indicate that these
parameters have not been reported in the literature.
c Includes pre-GWAS loci with large effects.
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total18), and a substantial proportion of familial risk, about
20%, has been accounted for.11,12,18 Twenty-eight risk loci
are shared between CD and UC, despite the fact that these
diseases display distinct clinical features, and it has been
suggested that the two diseases share pathways and are
part of a mechanistic continuum.18 There are also strong
overlaps between genes involved in CD and UC, AS,19

and psoriasis (MIM 177900), again suggesting shared aetio-
pathogenic mechanisms in these conditions. Pleiotropic
genetic effects are becoming increasing widely identified,
including in classical autoimmune diseases.20 For example,
a coding variant in the gene PTPN22 (MIM 600716)
confers strong risk for T1D and RA as well as protection
against CD.18

Metabolic Diseases

In terms of metabolic diseases, we focus here specifically
on type 2 diabetes (T2D [MIM 125853]); fasting glucose
and insulin levels; body-mass index (BMI) and obesity;
and fat distribution. A recent review21 already covered
these complex traits, but we have updated that review
wherever necessary. Table 3 gives an overview of the
number of loci identified.

More than 20 major GWASs for T2D have been pub-
lished to date21–24, and there has been a cumulative tally
of around 50 genome-wide-significant hits,21,23,24 only
three of which were known before the GWAS era. Most
of these studies have involved individuals of European
descent; the latest published effort is from the DIAGRAM
(Diabetes Genetics Replication and Meta-analysis)
Consortium and includes more than 47,000 GWAS indi-
viduals and 94,000 samples for replication. More recently,
equivalent studies have emerged from samples of East
Asians,23,25–27 South Asians,22 and Hispanics,28,29 and
large studies involving African Americans and other major
ethnic groups are underway. Notwithstanding differences
in allele frequency and LD patterns, most of the signals
found in one ethnic group show some evidence of associ-
ation in others, indicating that the common-variant
signals identified by GWASs are likely to be the result of
widely distributed causal alleles that are of relatively high
frequency. This is an important observation because it
indicates that most of the GWAS-identified associations
for T2D reflect high LD with a causal variant that has
a small effect size rather than low LD with a causal variant
that has a large effect size. The largest common-variant
signal identified for T2D remains TCF7L2 (MIM 602228)
(detected just prior to the GWAS era30), which has a
per-allele odss ratio (OR) of around 1.35. The remaining
signals detected by GWAS have allelic ORs in the range
between 1.05 and 1.25. Collectively, the most-strongly
associated variants at these loci are estimated to explain
around 10% of familial aggregation of T2D in European
populations.
The MAGIC (Meta-Analysis of Glucose- and Insulin-

Related Traits Consortium) investigators have been
carrying out equivalent analyses focused on the identifica-
tion of variants influencing variation in glucose and
insulin levels in healthy nondiabetic individuals.31–33 Prior
to the GWAS era, the only compelling association signal
for fasting glucose levels was known at GCK (MIM
138079) (glucokinase),34 but GWAS in European samples
(46,000 GWAS and 76,000 replication samples) have
expanded that number to 1632. These variants explain
around 10% of the inherited variation in fasting glucose
levels. Only two signals (near GCKR [MIM 600842] and
IGF1 [MIM 147440]) were shown to influence fasting
insulin levels in the same analysis. Equivalent analyses
for 2h glucose33 (15,000 GWAS samples and up to 30,000
replication samples) identified further signals, including
variants near the GIP (MIM 137240) receptor (GIPR [MIM
137241]).
Before the GWAS era, the only robust association

between DNA sequence variation and either BMI or
weight involved low-frequency variants in MC4R (MIM
155541).35 Now, there are more than 30. In the most
recent study from the GIANT consortium,36 these analyses
extended to almost 250,000 samples, half of them in the
stage 1 GWAS, the remainder for replication. The largest
signal remains that at FTO (MIM 610966),37 where the

Table 1. Population Variation Explained by GWAS for a Selected
Number of Complex Traits

Trait or Disease
h2 Pedigree
Studies

h2 GWAS
Hitsa

h2 All
GWAS SNPsb

Type 1 diabetes 0.998 0.699 ,c 0.312

Type 2 diabetes 0.3–0.6100 0.05-0.1034

Obesity (BMI) 0.4–0.6101,102 0.01-0.0236 0.214

Crohn’s disease 0.6–0.8103 0.111 0.412

Ulcerative colitis 0.5103 0.0512

Multiple sclerosis 0.3–0.8104 0.145

Ankylosing spondylitis >0.90105 0.2106

Rheumatoid arthritis 0.6107

Schizophrenia 0.7–0.8108 0.0179 0.3109

Bipolar disorder 0.6–0.7108 0.0279 0.412

Breast cancer 0.3110 0.08111

Von Willebrand factor 0.66–0.75112,113 0.13114 0.2514

Height 0.8115,116 0.113 0.513,14

Bone mineral density 0.6-0.8117 0.05118

QT interval 0.37–0.60119,120 0.07121 0.214

HDL cholesterol 0.5122 0.157

Platelet count 0.8123 0.05–0.158

a Proportion of phenotypic variance or variance in liability explained by
genome-wide-significant and validated SNPs. For a number of diseases, other
parameters were reported, and these were converted and approximated to the
scale of total variation explained. Blank cells indicate that these parameters
have not been reported in the literature.
b Proportion of phenotypic variance or variance in liability explained when all
GWAS SNPs are considered simultaneously. Blank cell indicate that these
parameters have not been reported in the literature.
c Includes pre-GWAS loci with large effects.
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Schizophrenia	

     http://en.wikipedia.org                                 http://newhealthadvisor.com 



Bipolar disorder	

               http://www.uwf.edu                                         http://www.health.com 



説明出来ない遺伝率の謎	



説明出来ない遺伝率の主な原因	

•  シークエンシング精度の不足 
•  モデルの間違い 

•  複雑な表現型は数100以上のSNPの関与 
•  遺伝子間相互作用の考慮 

•  病気の原因は患者に共通のSNPではなく、患者毎
に異なるSNPである可能性 



個人情報としてのゲノム	



自分のゲノムを公開する人（その1）	



自分のゲノムを公開する人（その2）	



ゲノム情報は誰のものか?	

1.  自分もの 

2.  直系１親等まで（親、子） 

3.  直系2親等まで（祖父母、孫） 

4.  直系3親等まで（曾祖父母、曾孫） 



原因が１つのSNPだけとは限らない！	

 
身長や手足の長さといった量的形質、 
もしくは癌のような複雑な表現型には複数の遺伝的、

環境的要因があると考えられている。 
 
iPS細胞の活性には3つ以上の遺伝子が必要	



SNP間相互作用

･･･G C C A C G T T A 
G･･･

･･･G C A A C A T T A G･･･

･･･G C C A C A T T A G･･･

A子

B子

C子

例：2次の相互作用の場合

SNP2SNP1



SNP間相互作用

･･･G C A A C C T T A G･･･

･･･G C A A C T T T G G･･･

･･･G C C A C T T T G G･･･

D子

E子

F子

例：3次の相互作用の場合

SNP2SNP1 SNP3

SNP組み合わせを全て調べれば、病気の原因とな
っているSNPが分かる



チャレンジ：膨大な計算量
2次の相互作用を見つけたいとき、

(SNP1,SNP2)  (SNP1,SNP3) ……. 
の１つ１つに相互作用があるかないかを見ていけばよい

http://yajiuma-news.seesaa.net/article/
368515053.html	

␡
␡
␡

スパコン京を用いても計算困難 



まとめ	

•  多くの生物種のゲノムが解読されているが、遺伝
子型と表現型の対応はまだほとんど分かっていな
い。 

•  これからは個人ゲノムの時代。 
•  ゲノム創薬によるテーラーメード医療 
•  ゲノム診断による将来の病気の予防 



付録	



人種間の遺伝子の違い	
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family studies, and can be expected to vary across environments.
Narrow-sense heritability estimates in humans can be inflated if
family resemblance is influenced by non-additive genetic effects
(dominance and epistasis, or gene–gene interaction), shared familial
environments, and by correlations or interactions among genotypes
and environment36,37. However, heritabilities estimated from pedi-
gree studies in animals agree well with heritability estimated from
response to artificial selection, suggesting that estimates from family
studies are not necessarily inflated.

Teasing apart the contributions to heritability of environmental
factors shared among relatives will soon be possible because the
availability of genome-wide markers now provides empirical esti-
mates of identity-by-descent (IBD) allele sharing between pairs of rela-
tives. For example, full sibs share on average half their genetic com-
plement, but this proportion can vary—in one large study it ranged
from 0.37 to 0.62 (ref. 38). By relating phenotypic differences to the
observed IBD sharing fraction among sib pairs, marker data were used
to generate a heritability estimate of 0.8 for height38. This is remarkably
consistent with estimates using traditional methods but free of their
assumptions, suggesting that for height at least, heritability is not over-
estimated. Applying such estimation to distantly related or ‘unrelated’
individuals is now feasible using dense genomic scans39; given the num-
ber of people with dense genotyping data, heritability estimates could be
generated for a wide variety of traits free of potential confounding by
unmeasured shared environment.

Improving estimates of all contributors to heritability will facilitate
determination of the proportion of genetic variance that has been
explained. Despite imprecision in current estimates, it may still be
possible to know that ‘all the heritability’ has been explained by pre-
dicting phenotypes in a new set of individuals from trait-associated
markers, and correlating the predicted phenotypes with the actual
values. If the markers truly explain all the additive genetic variance,
the squared correlation between predicted and actual phenotype will
be equal to the heritability40. Population-based heritability estimates
thus provide a valuable metric for completeness of available genetic
risk information, but individualized disease prevention and treatment
will ultimately require identifying the variants accounting for risk in a
given individual rather than on a population basis.

Rare variants and unexplained heritability
Much of the speculation about missing heritability from GWAS has
focused on the possible contribution of variants of low minor allele
frequency (MAF), defined here as roughly 0.5% , MAF , 5%, or of
rare variants (MAF , 0.5%). Such variants are not sufficiently fre-
quent to be captured by current GWA genotyping arrays14,41, nor do
they carry sufficiently large effect sizes to be detected by classical
linkage analysis in family studies (Fig. 1). Once MAF falls below
0.5%, detection of associations becomes unlikely unless effect sizes
are very large, as in monogenic conditions. For modest effect sizes,
association testing may require composite tests of overall ‘mutational
load’, comparing frequencies of mutations of potentially similar
functional effect in cases and controls.

Low frequency variants could have substantial effect sizes (increas-
ing disease risk two- to threefold) without demonstrating clear
Mendelian segregation, and could contribute substantially to missing
heritability42. For example, 20 variants with risk allele frequency of 1%
and allelic odds ratio (or probability of an event occurring divided by
the probability of it not occurring, compared in people with versus
without the risk allele) of three would account for most familial
aggregation of type 2 diabetes. There are relatively few examples of
such variants contributing to complex traits, possibly owing to insuf-
ficiently large sample sizes or insufficiently comprehensive arrays.

The primary technology for the detection of rare SNPs is sequen-
cing, which may target regions of interest, or may examine the whole
genome. ‘Next-generation’ sequencing technologies, which process
millions of sequence reads in parallel, provide monumental increases
in speed and volume of generated data free of the cloning biases and

arduous sample preparation characteristic of capillary sequencing43.
Detection of associations with low frequency and rare variants will be
facilitated by the comprehensive catalogue of variants with
MAF $ 1% being generated by the 1,000 Genomes Project (http://
www.1000genomes.org/page.php), which will also identify many
variants at lower allele frequencies. The pilot effort of that program
has already identified more than 11 million new SNPs in initially low-
depth coverage of 172 individuals44.

Current mechanisms for using sequencing to identify rare variants
underlying or co-located with GWA-defined associations include
sequencing in genomic regions defined by strong and repeatedly repli-
cated associations with common variants, and sequencing a larger frac-
tion of the genome in people with extreme phenotypes. In the absence
of GWA-defined signals, sequencing candidate genes in subjects at the
extremes of a quantitative trait (such as lipid levels or the age at onset),
can identify other associated variants, both common and rare45,46. An
important finding from these studies is that much of the information is
provided by people at the extremes of trait distributions, who seem to be
more likely to carry loss-of-function alleles47.

Sample sizes used for the initial identification of DNA sequence
variants have generally been modest, and sample size requirements
increase essentially linearly with 1/MAF. Much larger samples are
needed for the identification of associations with variants than those
needed for the detection of the variants themselves. They also scale
roughly linearly with 1/MAF given a fixed odds ratio and fixed degree
of linkage disequilibrium with genotyped markers. Sample size for
association detection also scales approximately quadratically with
1/j(OR 2 1)j, and thus increases sharply as the odds ratio (OR)
declines. Sample size is even more strongly affected by small odds
ratios than by small MAF, so low frequency and rare variants will
need to have higher odds ratios to be detected.

Complicating matters further, numerous rare variants may be
detected in a gene or region but they may have disparate effects on
phenotype. Common variants have typically been analysed individu-
ally23,48, but with one or two carriers of each rare variant, pooling
them using specific criteria becomes attractive47,49,50. Pooling variants
of similar class increases the effective MAF of the class and reduces the
number of tests performed, but raises several other questions (Box 1).

Determining which of the multitude of variants carried by an
individual are responsible for a given phenotype represents a massive
task, especially if the causal alleles are relatively anonymous in terms
of known functional consequences. Because only a small proportion
will have obvious functional consequences for the resultant protein,
lesser evidence of association may suffice to implicate variants of this
sort. The best approaches for combining functional credibility and
statistical support in the evaluation of such variants remain to be
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Figure 1 | Feasibility of identifying genetic variants by risk allele frequency
and strength of genetic effect (odds ratio). Most emphasis and interest lies
in identifying associations with characteristics shown within diagonal dotted
lines. Adapted from ref. 42.
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