
accounted for 0.1,0.7% of the variation in phenotypes. PCs were

not significantly associated with NW and NSA. To account for

potential population substructure in the SNP-phenotype

association tests in Framingham Study, we adjusted PC1 to PC4

along with other covariates in the mixed effect regression models.

Statistical analysis. Sex- and cohort (Original and

Offspring)-specific standardized residuals (mean = 0; SD = 1) of

phenotypes were calculated using multivariate regression. For

BMD phenotypes, the covariates adjusted in the regression models

included PC1–PC4, age, age2 and estrogenic status (in women

only). For hip geometry, the covariates included height, BMI,

PC1–PC4, age, age2 and estrogenic status (in women only). Age2

was considered in the models to account for potential non-linear

age effects. These residuals were used in association analyses

described below. We performed both sex-specific and combined-

sexes GWAS using linear mixed effects regression models (LME),

with fixed SNP genotype effects, and random individual effects

that correlate within pedigree according to kinship relationship

[59]. The R package KINSHIP was used in the analyses.

Although LME accounts for the within family correlation, like

any population-based test for association, LME is sensitive to

population admixture; therefore, PC adjusted residuals were used.

Single SNP association tests were performed, using an additive

genetic effect model that estimated the effect of one copy

increment of the minor allele. To estimate how well the

distribution was calibrated, for each phenotype, we estimated

the genomic inflation factor (l GC) based on the median chi-

squared test of all study participants [60].

Replication Stage (II)
Joint analysis for results from both discovery and replication

stages almost always results in greater power than analyzing

discovery and replication stages separately [61]. We selected SNPs

with association test p-values less than 1023 from Stage I discovery

GWAS, and replicated them using meta-analysis by combining

results from the Framingham Study and two independent

population-based cohorts including the Rotterdam Study and

the TwinsUK Study. Since both the Rotterdam and TwinsUK

studies performed whole-genome genotyping using different

platforms (Illumina platforms), SNP imputation was performed.

Fixed effect meta-analyses were then used to estimate combined

p-values.

Rotterdam Study. The Rotterdam Study is a prospective

population-based cohort study of chronic disabling conditions in

Dutch elderly individuals aged 55 years and over [62]. Microarray

genotyping was performed in the whole original Rotterdam Study

cohort using the Infinium II HumanHap550K Genotyping

BeadChip version 3 (Illumina). The detail of genotyping

procedures and quality control was reported elsewhere [27]. For

population substructure, 102 individuals (.3 standard deviations)

and 129 individuals (.97% probabilities) deviating from

population mean of the IBS clustering [63] were excluded from

association analysis. MACH [64,65] was used to impute all

autosomal SNPs from the HapMap I+II project. To account for

the uncertainty of imputation, instead of using the ‘‘best guess’’

genotype for each individual, the additive dosage of the allele from

0 to 2, which is a weighted sum of the genotypes multiplied by

their estimated probability, was used to perform association tests

(MACH2QTL package). The ratio of the empirically observed

dosage variance (from the imputed genotypes) to the expected

(under binomial distribution) dosage variance (computed from the

estimated minor allele frequency) was estimated for every SNP as a

quality score for imputation. SNPs with the variance ratio ,0.3

were excluded.

Age, gender and the distributions of phenotypes are shown in

Table S1. Hip structural analysis measurements were done as

described previously [66]. Sex-specific standardized residuals of

phenotypes were calculated using general linear regression models

adjusted for age, age2, height (for hip geometry only), and BMI (for

hip geometry only). A linear regression model with additive genetic

effect was used to estimate p-values for single SNP GWAS. The

l GC for each trait ranged from 0.98 to 1.06, suggesting that there

was no major residual confounding by population stratification,

systematic genotyping error, or little evidence of cryptic related-

ness between individuals.

TwinsUK study. The TwinsUK cohort consists of

approximately 10,000 monozygotic (MZ) and dizygotic (DZ)

adult Caucasian twins aged 16 to 85 years recruited from the

general population all over the United Kingdom [67]. This study

was approved by the Research Ethics Committee of St. Thomas’

Hospital, and written informed consent was obtained from each

participant. BMD measurements (g/cm2) of the lumbar spine (L1–

L4) and femoral neck were performed by DXA using a Hologic

QDR 2000W densitometer (Hologic, Bedford, MA, USA). HSA

software developed by Beck et al. [53] was used to measure hip

geometry from the DXA scans as described in Framingham Study.

The genotyping methods and quality control have been described

previously [22]. In brief, 2,820 participants were genotyped by the

Hap300Duo, Hap300 or Hap550 SNP Infinium assay (Illumina,

San Diego, CA, USA). For potential population substructures, the

STRUCTURE program was used to assess participants’ ancestry

genetic background [68]. After excluding 14 outliers (individuals)

that lay outside the CEPH cluster from STRUCTURE analysis,

the l GC for the distribution of test statistic of BMD and hip

geometry ranged from 0.99 to 1.02, suggesting that there was no

residual confounding by population stratification, nor any

apparent systematic genotyping error, and little evidence of

cryptic relatedness. IMPUTE [69] was used to impute all

autosomal SNPs in the HapMap I+II project based on Map

(release 22, build 26, CEU population) reference panel. The ‘‘best-

guess’’ imputed genotypes were used in analyses. For each SNP, a

confidence score was calculated as the average of the maximum

posterior probabilities of the imputed genotypes. Individual

genotypes with confidence score less than 0.9 were excluded.

2,734 women with both BMD and genotypes were in the final

analyses (Table S1); however the sample size was smaller for HSA

as these measurements have not been completed in all cohort

members. Standardized residuals of phenotypes were calculated

using general linear regression models adjusted for age, age2,

height (for hip geometry only), and BMI (for hip geometry only). A

score test implemented in MERLIN [70] was used to estimate p-

values for single SNP analyses. An additive genetic effect model

was tested.

Joint analysis using fixed effect meta-analysis
model. We combined results from Framingham, Rotterdam

and TwinsUK studies using inverse-variance fixed effect meta-

analysis approaches to estimate combined p-values. The METAL

program (http://www.sph.umich.edu/csg/abecasis/Metal/) was

used. All association results were expressed relative to the forward

strand of the reference genome based on HapMap (dbSNP126).

The Cochran’s Q heterogeneity test across studies was also

estimated. Cochran’s Q p-values less than 0.05 indicate large

heterogeneity beyond chance. However, since only 2 or 3 cohorts

were meta-analyzed, there was insufficient number of studies for

the Q -statistics to be accurate calculated.

Multiple-testing. Recent GWAS have used different

genome-wide significant thresholds in between 561027 and

561028 [71–76]. Several GWAS on multiple correlated traits
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