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LD and Human Sequence Variation

ancestral
chromosome

present day
chromosomes:

alleles on the preserved "ancestral background" tend to 
be in linkage disequilibrium (LD)



Linkage Disequilibrium

• How to formally measure LD between alleles at 2 loci?



To measure LD between alleles at 2 biallelic loci
Locus A Locus B
A1, A2 B1, B2

Given 2N haplotypes:
Haplotype freq for AiBj is 

Compare hij to the frequency 
expected under no association: 

Define the disequilibrium coefficient:  

n11 n12

n21 n22

2N

B1 B2

A1

A2



Common LD measures

Disequilibrium coefficient:
D = h11 - pA1 pB1

Normalized disequilibrium coefficient:
D' = D / |D|max , where 

Range of D' is [-1,1]
Correlation coefficient: 
r2 = D2 / ( pA1pA2pB1pB2 )



Measuring LD 
Example:

50 0 50

0 50 50

50 50 100

B1 B2

A1

A2

Only observe
2 haplotypes:
A1B1 and A2B2

D = h11 – pA1pB1 = (0.5) – (0.5)(0.5) = 0.5 – 0.25 = 0.25
Dmax = min(pA1pB2 , pA2pB1 ) = min(0.25,0.25) = 0.25

|D'| = 1, r2 = 1

25 25 50 

25 25 50 

50 50 100 
 

 

B1 B2
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observed expected



Measuring LD 

To measure significance:  c2 (1 df):

Example:

Chi-sqr = 100, r2 = 1, |D'| = 1

Only observe
2 haplotypes:
A1B1 and A2B2

50 0 50

0 50 50

50 50 100

B1 B2

A1

A2

25 25 50 

25 25 50 

50 50 100 
 

 

B1 B2
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LD measures
Another useful example:

10 0 10

0 90 90

10 90 100

B1 B2

A1

A2

D' = (.1 - (.1)(.1)) / (.09) = 1 
c2 = 100, p-value ~ 0.0 
r2 = 1

0 10 10

10 80 90

10 90 100

B1 B2

A1

A2

D' = (0 - (.1)(.1)) / (.01) = -1 
c2 =1.23 , p-value = 0.27
r2 = 0.012



LD measures
|D'| is 1 when the alleles of the two markers are as correlated as 
they can be, given the allele frequencies of the co-occuring 
alleles.

The range of r2 depends on the marker allele frequencies.

r2 equals 1 if and only if 1) the MAFs at the two loci match and 
2) the minor alleles always co-occur

D' : useful for identifying regions of reduced recombination.
r2 : useful for identifying markers that are good predictors of 
allelic status at other markers.



Describing empirical LD patterns

Haploview output: D’
Dick et al., 2007



LD across TCF7L2 in CEU HapMap.

Grant et al., Nat Genet 2006, Figure 1



LD is not a simple monotonic function of distance
Dawson et al., Nature 2002



LD patterns can vary by population:
differing population history, allele frequencies

ASW:
African-American

CEU:
European-American

r2, Chromosome 15q25 region



The 1000 Genomes Project catalogs variants and LD 
structure

www.1000genomes.org

(Previous work: The Haplotype Mapping (HapMap) 
Project)



Be aware of LD in design and in interpretation

A popular LD-based "tagging SNP approach:
• "r2 bin tags" (Carlson et al., 2004): greedy algorithm 

that identifies bins of SNPs such that at least one 
member of each bin has r2 > T (threshold, e.g. 0.8) 
with all bin members.
– important: bin members are not necessarily contiguous

The modern GWAS: "SNP chip" design
• Illumina
• Affymetrix



LD measures

r2 (between a marker and disease locus) is closely 
related to the statistical power to detect disease 
association:

Suppose, in a sample of size N, the power to detect 
disease association, when the disease locus is 
genotyped, is X%.  Then to achieve the same power if a 
marker is genotyped, the sample size must be 
increased to N/r2 .
(Pritchard and Przeworski, 2001, Am J Hum Genet 69:1-14) 

Power = probability of correctly rejecting H0.



Statistical testing

H0: null hypothesis
H1: alternative hypothesis

Typically we compute a statistic which follows a certain 
distribution if H0 is true, and a different distribution if the 
alternative is true.



Power, Statistical significance

Power = 1 - b = 1 - (Type II error)
= probability of correctly rejecting H0

H0 true H0 false

Retain H0 correct decision Type II error
(b)

Reject H0 Type I error
(a)

correct decision

Truth

statistical
decision



a = P(reject H0 when H0 true)

b= P(keep H0 when H0 false)
1-b = power

Distribution of statistic 
when H0 true

Distribution of statistic
when H1 true

selected threshold for declaring significance



Implications of this N/r2 formula
1. Can quantify the degree to which minor allele frequency of 

genotyped (MAF) SNPs limits success: 
If we genotype only common SNPs, we have power to 
detect only loci that satisfy the "common disease, common 
variant hypothesis" (unless we ramp up sample size)

Ex/ Suppose all genotyped SNPs satisfy MAF ≥ 0.1
For a SNP with MAF = 0.1, what is the maximum r2 it can have 

with SNPs having these MAFs:

MAF max possible r2 required sample size (N / r2)
0.1 1 N (e.g. 1000)
0.05
0.02



Implications of this N/r2 formula

MAF1 MAF2 max possible r2 between them
0.1 0.05 0.4737

B1 B2

A1

A2

0.05(2N) 0.05(2N) 0.1(2N)

0 0.9(2N) 0.9(2N)

0.05(2N) 0.95(2N) 2N

D = 0.05 - 0.1*0.05 = 0.045

r2 = D2 / (0.1*0.9*0.05*0.95) 
= 0.002025/ 0.004275 = 0.47368

2x2 table
of 
haplotype
counts
corresp. 
to max r2



Implications of this N/r2 formula

MAF max possible r2 min required sample size  N / r2

0.1 1 N (e.g. 1000)
0.05 0.4737 N/0.4737 = 2.11*N (e.g. 2111)
0.02 0.1837 N/0.1837 = 5.44*N (e.g. 5444)

Ex/ Suppose all genotyped SNPs satisfy MAF ≥ 0.1
For a SNP with MAF = 0.1, what is the maximum r2 it can have 

with SNPs having these MAFs:



Implications of this N/r2 formula
Hence it is said that “GWAS designs rely on the CDCV hypothesis”

However, modern SNP arrays do include large numbers of rare 
variants, in addition to "tagging" SNPs.

Other options: exome arrays, of course sequencing.

Also, imputation



Imputation
• Method(s) for "in silico genotyping" or 

predicting/estimating genotype status at un-typed 
variants

• Obtain probabilities of having the 3 genotypes:
p11, p12, p22

• Benefits:
• Improved detection of a signal at an imputed SNP
• Ease of combining data/results across studies with differing 

SNP coverage.



Green = genotyped, Red = not genotyped, Blue = imputed

SNP	1 SNP	2 SNP	3 SNP	4 SNP	5

SNP	1 SNP	2 SNP	3 SNP	4 SNP	5

SNP	1 SNP	2 SNP	3 SNP	4 SNP	5

Your	data:

Reference
data:

Imputed	
Data:



Imputation overview

(adapted from Marchini & Howie, Nat Rev Genet 2010)

d. Reference haplotypesb. Testing typed SNPs
f. Testing typed and 
imputed SNPs

c. Phase each sample; model 
haplos as mosaic of those in 
reference

e. Impute alleles for the 
samples (orange)

a. Data for samples.
? = untyped SNPs



Imputation software
• IMPUTE2 

https://mathgen.stats.ox.ac.uk/impute/impute_v2.html (Howie, 
Donnelly, Marchini 2009)

• Mach 
http://csg.sph.umich.edu/abecasis/MACH/tour/imputation.html 
(Abecasis group)

• Beagle
https://faculty.washington.edu/browning/beagle/b3.html (Browning 
and Browning)

• Others



Assessing imputation reliability/quality
– Genotype the variant to confirm genotype and test 

association.  How to compare imputed with truth?
• Concordance (but is misleading for rare SNPs)
• Squared correlation (r2)
• Imputation Quality Score (Lin P et al 2010, PLoS One e9697): 

concordance adjusted for chance agreement. 
– If “true genotype” not available:

• Statistics to compare genotype probabilities and the 
"most likely genotype"

versus

(BEAGLE allelic R2, etc.)

11 12 22
Geno 
probs

0.4 0.3 0.3

Most 
likely

1 0 0

11 12 22
Geno 
probs

0.97 0.01 0.02

Most 
likely

1 0 0



Assessing imputation reliability/quality
– Databases for SNP imputability

• E.g. http://www.unc.edu/~yunmli/1000G-imp/
Duan et al. 2013, Bioinformatics 29:528-531

– Still important to assess imputation quality in your 
own data



“Reference panels” for imputation
• 1000 Genomes project: multiple populations

e.g. for IMPUTE2, 10/2014:
- ~77.8M bi-allelic SNPs; ~3M biallelic  in/dels
- 2,504 samples

vs 2013:
- ~36.8M SNPs, 1,4M indels,
-1,092 individuals (EUR, AFR, ASN, AMR) 

• New European-ancestry reference population
• “Cosmopolitan” reference panel usually recommended: 
combine populations.

• For the sample data: impute racial/ethnic groups 
separately



An important concern: population stratification 
Spurious association between a locus and disease can occur if there 

are two (unknown) subpopulations.
Exaggerated example: if an allele occurs only in stratum 2, then any 

trait with higher prevalence in stratum 2 could appear to be 
associated with this allele.

Population stratification in case-control association studies

subpop1: allele A1 subpop2 alleles A1, A2

unshaded = affected



An example of spurious association due to admixture/stratification:

population 1 population 2

9 1 10

81 9 90

90 10 100

25 25 50

25 25 50

50 50 100

chi-square = 0 chi-square = 0

34 26 60

106 34 140

140 60 200

combined

chi-square = 7.26
p-value = 0.007



1. Match geographic/racial background of the case and 
control samples. (at the very least!)

2. Check to make sure there is no underlying 
stratification

• Can use GWAS data
• If study is not GWAS, would need a set of 

“ancestry-informative markers (AIMs)”
3. If there is, account for this in the analysis

4. Software: 
EIGENSTRAT software (principal components) (Price et al.)
STRUCTURE software (Pritchard et al.)
Devlin, Roeder, Bacanu "genomic control"

How to protect against population stratification?



Next steps (post-GWAS)?
1. Narrow down to "true" (biologically causal) variants in the 

associated region
2. Determine how/why these variants alter disease risk
3. Translate to *clinical care, outcomes* (next lec)
How to do 1 and 2?

– Look across multiple diverse populations, leverage LD 
differences

– Bioinformatic prioritization
– Imputation, genotyping, sequencing to query the 

regions of association more thoroughly (1000 Genomes 
Project)

– Meta-analysis for larger, more powerful samples
– Functional follow-up
– Effects in model organisms



CHRNA5-CHRNA3-CHRNB4 region: the r2 ≥ 0.8 bin.
Associated with nicotine dependence, smoking, lung cancer, cocaine 
dependence

rs16969968
Saccone SF, 2007
Bierut et al., 2008
Liu et al, 2008
Grucza et al., 2008

rs1317286
Berrettini et al., 2008

rs8034191
Hung et al., 2008
Amos et al., 2008

rs1051730
Thorgeirsson et al., 2008
Hung et al., 2008
Amos et al., 2008

Hap
Map 
CEU

Blue: nicotine dependence / smoking
Red: lung cancer
Green: cocaine dependence

Conclusive evidence in
European-ancestry populations



In HapMap YRI, there are 
only 2 non-trivial r2 bins

The other SNPs are singleton bins!

CHRNA5-CHRNA3-CHRNB4 region: the r2 >0.8 bin.
Associated with nicotine dependence, smoking, lung cancer 

Hap
Map 
CEU



For example, meta-analysis and/or combined ("mega") 
analysis

Benefits:
Improved power
Extends value of existing data (often costly to collect)

Challenges:
1.Harmonizing phenotypes
2.Harmonizing genotypes: genetic imputation

Combining data through sharing/collaboration



• Meta-analysis: statistically combines summary statistics 
across multiple datasets 

• Thus meta-analysis can be applied to published data/results

• Collaborative meta-analyses goes further: not just 
retrospective literature review, but carrying out new, 
coordinated analyses across multiple datasets
• Not limited to the "published analyses" for a given dataset
• Can include unpublished datasets



Targeted smoking meta-analysis 
(Saccone et al., PLoS Genetics 2010)

– 34 datasets, 17 sites
– rs16969968 on chr 15 genotyped in most but 

not all datasets
– Used proxy "tag" SNPs (rather than imputation):

Locus Target	SNP position	(bp) Proxy	SNP position	(bp) LD	(r2)
1 rs16969968 76669980 rs8034191 76593078 0.966

rs2036527 76638670 0.932
rs951266 76665596 0.966
rs1051730 76681394 0.900



Example: Targeted smoking meta-analysis (rs16969968)

Saccone et al., PLoS Genetics 2010

OR P-value
Summary          1.33 (1.26-1.39)    5.96 x 10-31



More and more data are available by request

• All NIH funded GWAS studies are required to make their 
data available through the Database of Genotypes and 
Phenotypes (dbGaP)

• Not just results – also individual-level 
genotype/phenotype data.

• (Open-access: for non-sensitive data)
• Controlled-access: Data access by request; granted after 

panel review - e.g. dbGAP DAC: Data Access Committee



dbGaP homepage: www.ncbi.nlm.nih.gov/gap

"Embargo Release" 



Ethical use of "publicly available" data
dbGaP Approved User Code of Conduct 
(https://dbgap.ncbi.nlm.nih.gov/aa/GWAS_Code_of_Condu
ct.html)
The elements of the NIH Code of Conduct for Genomic Data Use include:
• Investigator(s) will use requested datasets solely in connection with the research project 

described in the approved Data Access Request for each dataset;
• Investigator(s) will make no attempt to identify or contact individual participants from 

whom these data were collected without appropriate approvals from the relevant IRBs;
• Investigator(s) will not distribute these data to any entity or individual beyond those 

specified in the approved Data Access Request;
• Investigator(s) will adhere to computer security practices that ensure that only authorized 

individuals can gain access to data files;
• Investigator(s) will not submit for publication or any other form of public dissemination 

analyses or other reports on work using or referencing NIH datasets prior to the embargo 
release date listed for the dataset (or dataset version) on dbGaP;

• Investigator(s) acknowledge the Intellectual Property Policies as specified in the Data Use 
Certification; and,

• Investigator(s) will report any inadvertent data release in accordance with the terms in the 
Data Use Certification, breach of data security, or other data management incidents 
contrary to the terms of data access.



Ethical use of "publicly available" data

• For dbGaP, investigators who request the data sign an 
agreement that includes a pledge not to submit 
analyses/manuscripts for publication before the embargo 
date

• Requestors may still conduct analyses, get ready to 
submit a manuscript.

• This gives the PI who collected the data a proprietary 
period, usually several months.  Note that data often is 
made available on dbGaP at the same time it is available 
to the PI.



Science, September 18 2009



Ethical use of "publicly available" data
• Dr. Laura Bierut’s SAGE (Study of Addiction, Genes and 

Environment) study was at dbGaP, and under embargo 
until September 23, 2009

• On August 31, 2009 a paper came out in PNAS by Yale / 
Princeton investigators – on the SAGE dataset.

• The paper had been submitted March 2009
• NIH cut off the investigators’ dbGaP access, launched 

investigation
• That paper was retracted; PI was banned from dbGaP for 

a period of time.
• Bierut et al. then published SAGE findings in PNAS.

• Lessons: Read rules of data use (and anything else you 
sign) very carefully. And abide by them.



dbGaP homepage: www.ncbi.nlm.nih.gov/gap

"Embargo Release" 


