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DNA多型とは？

• 各人のヒトゲノム

– 染色体
• 23本（父由来）+ 23本（母由来）

– DNA
• A,	C,	G,	Tの並び

• 3	x	109 塩基対（父由来）
+	3	x	109 塩基対（母由来）

• DNA多型

– DNAで個人差がある箇所

– 日本人集団中での頻度≥1%
– 6	x	106	箇所

• 太郎
・・・ACT GAA GTG・・・（父由来）
・・・ACT GAA GTG・・・（母由来）

• 花子
・・・ACT GAA GTG・・・（父由来）
・・・ACT AAA GTG・・・（母由来）

• 大輔

・・・ACT GAA GTG・・・（父由来）
・・・ACT AAA GTG・・・（母由来）

G/AがDNA多型
Aの頻度が 2/6=33%



DNA多型と体質

• アルデヒド脱水素酵素2遺伝子
• DNA多型

– c.1510G>A (p.Glu504Lys) rs671
・・・ACT GAA GTG・・・

↓
・・・ACT AAA GTG・・・

• 遺伝型GGの人
– お酒飲める

• 遺伝型AGの人
– 酵素活性が1/16
– お酒を飲むと赤くなる

• 遺伝型AAの人
– 酵素活性ない
– お酒が飲めない

エタノール

↓

アセトアルデヒド→毒性

↓アルデヒド脱水素酵素2

酢酸



DNA多型と飲酒行動
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遺伝型と飲酒行動が明確に関連している。



DNA多型と病気

• 疾患感受性遺伝子とは
– DNA多型により、病気の罹り易さ（感受性）が変わる遺伝子

• 疾患感受性遺伝子を見つける意義
– 病気の仕組みの解明

– 創薬のターゲットになる

– 個人の発症予測・至適治療法の選択（個別化医療）

• 疾患感受性遺伝子がそもそも存在するか？
– 疾患感受性の素因は、遺伝と環境（食事など）

– 家族集積性から遺伝が占める割合（遺伝率）が分かる
• 糖尿病 0.5

• 身長 0.8

• こういうのをごっそり見つけよう→ゲノムワイド関連解析（GWAS）



DNA多型と疾患の関連解析

• DNA多型と疾患

– 生体階層構造の両端に離れている

– 関連をゲノムワイドに検定するのが、
ゲノムワイド関連解析（GWAS）

– 統計的関連が、ヒトでの因果関係
を示唆する

– 中間は、ブラックボックスとしてよい

– 遺伝統計学は疾患解明・治療法開
発の強力な手段の一つ
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ゲノムワイド関連解析（GWAS）
• 目標

– ゲノムワイドに、DNA多型の全てについて疾患との関連
を検定する

• DNA多型は6x106個あるが、染色体上で近傍のも
のは相関している（連鎖不平衡）ので、独立なも
のは正味106個

• 約106 回の多重検定を行うので、擬陽性を抑える
ために、有意水準を 0.05/106 = 5x10-8 と厳しくし
ないといけない

• 検出力を上げるためには、罹患者・健常者を数
千人調べる必要がある

ゲノムワイド
に網羅的に
調べる
↓
有意水準を
厳しくする
↓
多数のサン
プルが必要



DNA多型同士の相関（連鎖不平衡）

• 染色体19
番の
200x103塩
基対の領
域中の108 
DNA多型

• 日本人45
人（染色体
90本）



DNA多型と疾患の関連の検定
• i番目の人の遺伝子型を xi = 0, 1, 2

– 例、DNA多型がG/Aのとき、0 (GG), 1 (AG), 2 
(AA)

• 連続形質（血圧など）との関連の検定
– i番目の人の形質の値を yi
– 線形回帰

• 誤差 ei ~ Normal(0, s2)
• 帰無仮説： b = 0

• 疾患との関連の検定
– i番目の人の表現型を yi = 1（罹患）, 0（健常）
– ロジスティック回帰

• yi ~ Bernoulli(pi)
• 帰無仮説： b = 0

• 尤度を最大化する を求める

€ 

log
pi

1− pi
= α + β xi

yi =α +βxi +εi

€ 

ˆ α , ˆ β 



関連検定の検出力
• y の分散は、x で説明される部分（SR）と残差平方和（SE）に分解できる

• 検定に用いる統計量 SR/{SE/(N-2)} は
– 関連が無いとき（帰無仮説）は F1,N-2分布に従う
– 関連が有るとき（対立仮説）は非心度パラメータ N R2/{1-R2} の F1,N-2

分布に従う
• 連続形質 y の分散のうち、DNA多型 x で説明される割合を R2 とする（決

定係数）。これは相関係数の二乗。
• N はサンプルの人数

• 有意水準 5x10-8 のもとで、検出力が 80% となるのは、非心度パラメータが
約40のとき
– R2=0.1 なら N=360
– R2=0.01 なら N=4000（例、日本人での糖尿病に対する KCNQ1）
– R2=0.005 なら N=8000（例、同じく CDKAL1）
– R2=0.001 なら N=40000
– ざっくり N≒40/R2

è弱い関連を検出するには多数のサンプルが必要

€ 

yi − y ( )2

i=1

N
∑ = ˆ α + ˆ β xi − y ( )

2

i=1

N
∑ + yi − ˆ α − ˆ β xi( )

2
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N
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（高）血圧の大規模GWAS

Study Publication 人数
ゲノムワイド有
意なDNA多型
の数

うち新規の
もの

WTCCC Nature	
447:661,	2007

英国人5000 0 0

Global	
BPgen

Nat	Genet	
41:666,	2009

欧米人34433	+	追試 8 8

CHARGE Nat	Genet	
41:677,	2009

欧米人29136	+	追試 8 8

AGEN-
BP

Nat	Genet	
43:531,	2011

東アジア人19608	+	追試 7(+2) 5

ICBP Nature	
478:103,	2011

欧米人69395	+	追試 29 16

iGEN-BP Nat	Genet	
47:1282,	2015

東アジア人31516	+	欧米人
35352	+ 南アジア人33126	
+	追試

35 12



新規の遺伝子座は緑色、赤色は追試データも合わせたもの

新規のもの 12 カ所を含む、計 52 カ所のDNA多型を同定・確認

GWASで見つかった血圧関連DNA多型



Visscher et al. (2012) AJHG 90:7

GWASの大規模化による検出力向上

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
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GWASの成功

Welter et al. NAR (2014) 42:D1001
2007年頃から普及

http://www.ebi.ac.uk/gwas/



1. イントロ
2. 統計モデル

3. 解析結果

4. 細かい点をいくつか



GWASのメタ解析
• 1施設のGWASではサンプル数に限りがあり、複数の

GWASをメタ解析するのが、今は主流

• 連続形質yiは、例えば血圧

• 個別GWASで、DNA多型の効果を推測
– i番目の人のDNA多型遺伝子型を xi = 0, 1, 2
– i番目の人の連続形質の値を yi

– 誤差 ei ~ Normal(0, s2)
– 連続形質に対するDNA多型の効果 b を線形回帰で推定

• 複数GWASで推定された効果をメタ解析で統合
– ｊ番目の研究における効果の推定値が bj 、標準誤差が sj

– 1/sj
2 で重み付けした平均

– 全体での効果の推定値 b 、標準誤差が s
– メタ解析では、個人情報（遺伝型、形質）は不要

€ 

yi = α + β xi +ε i

€ 

β =

β j

s j
2

j
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j
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j
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さらなる大規模化で疾患感受性遺伝子が
もっと見つかりそう

• 身長・BMIについては、ありふれたDNA多型（1000人ゲノムで
imputeできる多型）、遺伝率のほとんどを説明できる

• ありふれた形質については、恐らく、サンプル数を増やして

検出力を上げれば、関連が弱い遺伝子も見つかってくる

形質 DNA多型で説明で
きる分散

家族研究で推定さ
れる遺伝率

身長 56% 60–70%

体重 27% 30–40%
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We propose a method (GREML-LDMS) to estimate heritability 
for human complex traits in unrelated individuals using whole-
genome sequencing data. We demonstrate using simulations 
based on whole-genome sequencing data that ~97% and 
~68% of variation at common and rare variants, respectively, 
can be captured by imputation. Using the GREML-LDMS 
method, we estimate from 44,126 unrelated individuals that 
all ~17 million imputed variants explain 56% (standard error 
(s.e.) = 2.3%) of variance for height and 27% (s.e. = 2.5%) of 
variance for body mass index (BMI), and we find evidence that 
height- and BMI-associated variants have been under natural 
selection. Considering the imperfect tagging of imputation and 
potential overestimation of heritability from previous family-
based studies, heritability is likely to be 60–70% for height 
and 30–40% for BMI. Therefore, the missing heritability is 
small for both traits. For further discovery of genes associated 
with complex traits, a study design with SNP arrays followed 
by imputation is more cost-effective than whole-genome 
sequencing at current prices.

Genome-wide association studies (GWAS) have identified thousands 
of genetic variants associated with hundreds of human complex traits 
and diseases1. However, genome-wide significant SNPs often explain 
only a small proportion of the heritability estimated from family-
based studies, in the so-called ‘missing heritability’ problem2. Recent 
studies have shown that the total variance explained by all common 
SNPs is a large proportion of the heritability for complex traits and 
diseases3,4. This implies that much of the missing heritability is due to 
variants whose effects are too small to reach the level of genome-wide 
significance. This conclusion is supported by recent findings that com-
plex traits and diseases such as height, BMI, age at menarche, inflam-
matory bowel diseases and schizophrenia are influenced by hundreds 
or even thousands of genetic variants of small effect5–9. Nevertheless, 

the genetic variance accounted for by all common SNPs is still less 
than that expected from family-based studies, and there has not 
been a consensus explanation for the missing heritability problem2.  
There are three major hypotheses. The first hypothesis is that missing 
heritability is largely due to rare variants of large effect, which are 
neither on the currently available commercial SNP arrays nor well 
tagged by the SNPs on the arrays. Here we define rare variants as 
variants with a minor allele frequency (MAF) of 0.01. To genotype 
rare variants with reasonably high accuracy, whole-genome sequenc-
ing with sufficiently high coverage in a large sample is required. The 
second hypothesis is that the majority of heritability is attributable  
to common variants (MAF >0.01) of small effect, such that many  
variants are not detected at the level of genome-wide significance; 
most of these common variants are either well tagged by genotyped 
SNPs through linkage disequilibrium (LD) or can be imputed with 
reasonably high accuracy from whole-genome sequencing reference  
panels. If the second hypothesis is true, increasing sample size  
will be more important than extending variant coverage for con-
tinued progress in genetic association studies. The third hypothesis 
is that heritability estimates from family-based studies are biased 
upward, as a result, for instance, of shared environmental effects.  
Therefore, quantifying the relative contributions of rare and com-
mon variants to trait variation is critical to inform the design of 
future experiments and to disentangle the genetic architecture of 
complex traits and diseases. In this study, we seek to quantify the 
proportion of variation at common and rare sequence variants that 
can be captured by SNP array genotyping followed by imputation, 
and we subsequently estimate the proportion of phenotypic variance 
for the model complex traits height and BMI that can be explained 
by all imputed variants.

RESULTS
Unbiased estimate of heritability using whole-genome 
sequence data
Let hWGS

2  denote the narrow-sense heritability (h2) for a complex 
trait captured by the sequence variants from whole-genome sequenc-
ing and h1KGP2  denote the heritability captured by all variants from 

Genetic variance estimation with imputed variants finds 
negligible missing heritability for human height and body 
mass index
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まとめ

• ゲノムワイド関連解析（GWAS）では、多数の罹患者と健常
者についてDNA多型をゲノム全体に渡って測定し、両グ
ループで有意に頻度が異なるDNA多型を探索する。

• これまでに数百の疾患や形質についてGWASが行われ、
万以上のDNA多型との関連が同定された 。

• 高血圧などの生活習慣と関連する個々のDNA多型は（本
物ではあるものの）関連が極めて弱いことが分かってきた。

• 検出力を上げるために大規模なサンプルが必要であり、
複数のGWASを統合するメタ解析、多人種を統合するメタ
解析が行われている。

• 今後の方向性
– DNA多型と分子的形質の関連解析→熊坂先生講演
– 疾患感受性DNA多型を利用した罹患予測→八谷先生講演

• パワーポイント http://fumihiko.takeuchi.name


