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1 Summary

Summary

Genome-wide association studies (GWAS) are used to identify genetic markers linked with
at least partially heritable diseases or phenotypes without prior knowledge of any diseaseassociated genetic loci.

nia

In summer 2008, all individuals of the population based cohort

Study of Health in Pomera-

(SHIP) were individually genotyped using the Aymetrix Genome-Wide Human SNP

Array 6.0 microarray.
The aim of this work was to establish an ecient workow for GWAS using the more than
4000 individually genotyped samples of the SHIP cohort as well as pooled samples, focusing
exclusively on analyzing genetic variations based on single nucleotide polymorphisms (SNPs).
Firstly, an optimal array platform for the genotyping analysis had to be chosen that
detected most of the available genetic variants at a high level of accuracy. Secondly, extensive
quality controls had to be performed starting from DNA extraction and including tests of
the generated array data by the analysis software to obtain the most reliable data for the
subsequent association studies.
For the identication of loci with smaller genetic inuences, individual cohorts were
meta-analyzed in large nationally and internationally organized consortia (e.g. CHARGE,
BPGen, HaemGen, GIANT, CKD Gen). To participate in those meta-analyses, a comparable
common set of genetic data had to be generated.

This was done by imputation of the

data generated by individual array-based genotyping on the basis of a reference panel using
chromosomal linkage information.
Due to the extensive phenotype information in the SHIP study, it was possible to perform many genome-wide discovery analyses and replication studies of possible susceptibility
loci in a short time once the genetic data was available and processed.

This resulted in

the necessity to set up an ecient workow for storing the huge amount of genetic data,
converting it into dierent formats readable for specic analysis software, performing the association analyses and processing the results into a human-readable and clear format. This
included replications, GWAS and meta-analyses of several cohorts. Many susceptibility loci
were newly identied in dierent association studies with the SHIP data included and were
subsequently published.
In this work, genetic association studies with the SHIP data included were performed and
published on blood pressure, uric acid concentrations, cardiac structure and function, lipid
metabolism, hematological parameters, kidney functions, smoking quantity, circulating IGFI and IGFBP-3 concentrations and thyroid volume including the risk of goiter development.
Besides the SHIP cohort, there was a need to use other, especially patient cohorts for
GWAS. Since no genotype information from these patient cohorts was available and the
individual genotyping of many probands is still expensive and therefore often not aordable,
we established the cost-eective allelotyping method that relied on pooling of DNA samples
prior to the hybridization with microarrays.
After estimating the pooling-specic error of a case-control allelotyping study, the allelotyping approach was used for identifying genetic susceptibility loci associated with aggressive
periodontitis.
If not referring to work of collaborators, all statistical analyses, data handling and

in

silico work concerning the SHIP data described in this context was performed by the author
of this dissertation.

2
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1.1

Array Platform

1.1 Array Platform
In the SHIP cohort, thousands of single measurements and large amounts of phenotypic
information from 4308 participants was collected [8, 26].

The probands participating in

the SHIP study were representative for the north-eastern region of Germany and mostly
non related (Figure 6). The combination of this comprehensive phenotype information with
the genetic information using such large sample collections allows for the determination of
the genetic contribution to various phenotypes or susceptibility loci to increased risk for
common diseases with an adequate statistical power. To nd such genetic markers, GWAS
were computed.
Before it was possible to perform the individual genotyping of the SHIP cohort, a suitable
array platform had to be chosen as part of the present work. Furthermore, the question arose
whether highly puried DNA had to be extracted from blood samples using the

DNA Blood Mini Kit

QIAamp

(QIAGEN GmbH, Hilden, Germany) or if the DNA samples that

were already extracted using the less elaborate standard SHIP protocol would be suciently
suitable to produce genotype results of high quality. Since altogether 4100 individuals were
planned to be individually genotyped, the additional extraction of DNA from blood would
have resulted in a signicant increase in costs. Therefore, we tried to estimate a possible
dierence of the array data quality if dierent sources of DNA were used. The aim of the
genotyping analysis was to perform GWAS based on SNPs and copy number variations
(CNVs) whereas the whole genome should be covered by genetic markers using an aordable
array.

Finally, two array-platforms were short-listed that fullled the requested criteria:

The Aymetrix Genome-Wide Human SNP Array 6.0 and the Illumina Human Hap550 in
combination with the Illumina CNV370 array for detection of CNVs.
A pilot study was therefore performed by genotyping 24 individuals of the SHIP cohort
using both the already available, less pure DNA preparations, and DNA that was newly puried using the

QIAamp DNA Blood Mini Kit.

Finally, 48 samples (mixed women and men)

were processed using both array platforms each. The resulting call rates of the SNPs and
arrays were subsequently compared. The mean array call rates (95% CI) for the Aymetrix
platform were 99.73 [99.66-99.81] and 99.8 [99.77-99.83], for the Illumina platform 99.82
[99.76-99.88] and 99.89 [99.85-99.93] for already extracted SHIP and QIAamp prepared DNA,
respectively. Boxplots of call rates are shown in Figure 1. Comparing the mean call rates
of both platforms stratied by their type of DNA preparation and comparing the sources of
DNA used stratied by array platform, respectively, only the dierences between Aymetrix
and Illumina platform using QIAamp puried DNA were statistically signicant (paired
test,

α=0.05, 2-sided) having a dierence of 0.09 (p=0.001).

t-

Even though the Illumina arrays

had a better average call rate compared to the Aymetrix arrays, the dierences were only
minor and both platforms achieved sucient call rates even without using highly-puried
DNA.
To analyze the dierences between the array platforms and the eects of the dierent
DNA sources, the call data and SNP information were stored in a database (Chapter 1.2).
Using this database, we were able to compare the data. Among the Aymetrix and Illumina
platforms, 165,490 SNPs were present on both array systems. Comparing those SNPs using
all 48 arrays of each platform, there was a discordance of the SNP calls of 0.21%.
To estimate the number of SNPs having NoCalls on 4000 arrays, the failure rate was
modeled using a Poisson distribution with the overall SNP call rate as the parameter. The
results are shown in Figure 2.

For the arrays used in the pilot study this model seemed

to t quite well. The cumulated distribution of NoCall SNPs of the pilot study separated
by the array platform and the type of DNA preparation is shown in Figure 3. When the

3
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Figure 1: Boxplots of the call rates of 24 arrays processed using the Aymetrix GenomeWide Human SNP Array 6.0 and the less pure DNA extracted using the SHIP standard
protocol (DNA Ax) or QIAamp puried DNA (QIAamp Ax) and processed using the
Illumina Human Hap550 array and the less pure DNA extracted using the SHIP standard
protocol (DNA Ilmn) or QIAamp puried DNA (QIAamp Ilmn).
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Array Platform

genotyping of the complete SHIP cohort was nally completed (more than 4000 individuals),
it turned out that the Poisson model does not optimally reect the NoCall rate (Figure 4),
demonstrating that the array call rate error might result from a distribution of dierent SNP
specic call rates. This was supported by the observation that some SNPs had NoCalls on
almost all of the 4000 arrays, whereas many others had call rates of 100%.
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Since the dierences in the call rates were only minor regarding the array platform and
the method of DNA preparation applied, we decided to analyze the SHIP cohort using the
Aymetrix Genome-Wide Human SNP Array 6.0 and the already available DNA that has
been extracted using the SHIP standard protocol (n=4105 individuals). Finally, for each of
these participants of the SHIP study, information about more than 900,000 directly genotyped SNPs and more than 900,000 additional non-polymorphic probes for CNV analyses
was available for association studies. Although the genotype array platform used was able
to determine both CNVs and information on SNPs, this work was focused exclusively on
analyzing genetic variations based on SNPs.
For 146 SNPs of 3194 participants of SHIP, data were available that had been generated
using various dierent other genotyping methods. In detail, two SNPs were genotyped using
Taqman

R,

one was genotyped using PCR and dierent restriction enzymes, six were deter-

mined by Pyrosequencing and a batch of 137 SNPs with the SNPlex

R

system. This enabled

us to compare the call rates and dierences in genotype calls of those SNPs determined
by the dierent methods to the data obtained with the Aymetrix Genome-Wide Human
SNP Array 6.0. The results are shown in Figure 5. In summary, the overall call rates of
the Aymetrix arrays are higher compared to the other genotyping methods used whereas
the dierence of the calls is quite low. Only the SNPs genotyped by SNPlex

R

seemed to

have a relatively high percentage of NoCalls. Despite the fact that it was not possible to
decide nally whether the dierences of the calls are caused by the Aymetrix arrays or
by the alternative genotyping methods used, the results demonstrated the high quality of
the genotype data that was achieved using the Aymetrix array platform. This has been
supported by taking the very low discordance rate of the calls into account when comparing
the Aymetrix and Illumina platform in the pilot study and the high concordance with the
HapMap genotypes (≥

99.7%) tested on 270 samples from the International HapMap Project

according to the Aymetrix Genome-Wide Human SNP Array 6.0 Data Sheet.
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Figure 4: Distribution of the number of SNPs with the observed and expected NoCalls under
a Poisson distribution using all 4081 Aymetrix arrays that passed quality checks.

The

expected distribution of NoCall SNPs can be clearly seen as the Gaussian-like distribution.
The x-axis has been limited to 100 arrays.
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Figure 5: Summary of 146 SNPs from 3194 individuals genotyped using Aymetrix arrays
as well as alternative methods. Shown are dierences in genotype calls (Genotype Errors),
NoCalls on Aymetrix arrays (NoCall Aymetrix) and with the alternative methods (NoCall
Alternative), respectively, in percentage of SNPs analyzed.
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1.2 Data Storage
In order to be able to work fast and ecient with the huge amount of genetic data obtained
from dierent array platforms and in the dierent studies, a database model was designed
and implemented using the database management system (DBMS) Caché
Corporation, Cambridge, USA). InterSystems

R
Caché

R

(InterSystems

combines an object database, high-

performance SQL, and powerful multidimensional data access.
The database was designed to store information concerning the structure of the array
system, sample information, genotype calls, probeset intensity data, gene information, haplotype block structure information and probeset annotation information.
implemented for data import (e.g.

Methods were

Aymetrix and Illumina array data) and export into

various formats and also for performing a complete allelotyping analysis workow. Results
from GWA tests may be stored into the database as well.
The storage of call data oered a exible way to select and export genotypes into dierent
formats which could be used by various association analysis or imputation software (e.g.
PLINK [20] and IMPUTE [13, 6]).
The structured storage of array data enabled a detailed comparison of genotype calls
generated by dierent array platforms and methods (Chapter 1.1).
Since both genotype calls and probeset intensity data of more than 4100 arrays were
available in the database, error estimation and improvement of the allelotyping analysis
methods were possible. A more detailed description of this topic is given in Chapter 1.4.
Each of the 4100 Aymetrix Genome-Wide Human SNP Arrays 6.0 contained more than
900,000 genotype calls and the same amount of probeset intensity data. Altogether, more
than 3,5 billion records from the 4100 individuals were stored in the database among smaller
sets of other information.

Nevertheless, due to the ecient performance of the Caché

R

DBMS and the adequately structured data model, all database related tasks could be performed within a reasonable time frame on a single server. To optimize the performance and
memory usage, most of the relationships were realized by one to many relations and direct
references to classes instead of parent-child relations. The schema is shown in Section A.1.

11
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1.3 GWAS Workow
Association testing was computed using linear regression models for quantitative traits and
binary logistic regression for dichotomous study designs. In these models the phenotype was
used as dependent variable and the amount of one specic allele of the genotype (the coded
allele) as independent variable. For example, if an A→G polymorphism was coded as 0 for
AA, 1 for AG and 2 for GG, the G allele would be the coded allele. To correct for possible
inuences of other parameters during association testing (e.g. sex and age), these variables
could be added as covariates into the model. Since the participants of the SHIP cohort were
mostly non related, no further correction for family structure of the individuals had to be
performed in the association model. Finally, the eect estimate of the coded allele was tested
against deviation from null. The Aymetrix Genome-Wide Human SNP Array 6.0 contains
909,622 SNPs used for association testing. The SNP coordinates were based on NCBI build
36. Due to the haplotype block structure of the Human genome, some of these SNPs were
correlated [24]. Anyway, since in a GWAS large numbers of independent SNPs were tested
for association with the phenotype of interest, correction for multiple testing was mandatory
to control the number of false positive results.
To enhance the power of an association study, the number of analyzed samples had to
be increased.

An eective method to gain the required sample size was the combination

of the association results of several individual studies in so called meta-analyses. Dierent
cohorts were usually genotyped using dierent array platforms which resulted in a relative
small overlap of directly genotyped SNPs that could be combined in a meta-analysis, despite
many dierent SNPs of the various array platforms were strongly correlated to each other
due to the linkage disequilibrium.
form were

imputed.

To solve this problem, the missing SNPs of each plat-

Imputation of the autosomes was performed in SHIP using the software

IMPUTE [13] and the freely available haplotype reference panel phased from the CEPH
(Utah residents with ancestry from northern and western Europe, CEU) population of the
The International HapMap Consortium [24, 25] version 22. Firstly, the genotyped SNPs and
corresponding sample information for every chromosome were exported from the Caché

R

database into a text le readable by IMPUTE. Then, each le was divided into smaller
chunks.

Finally, the imputation of the 427 chunks was performed on a high performance

computer cluster with 176 Intel

R

CPU cores at 2.8 GHz each and was nished in approxi-

mately 14 hours. After imputation was done, the result les were ltered for duplicate SNPs
due to overlapping regions of the chunks and joined per chromosome. Since no haplotype
reference panel of chromosome X based on NCBI build 36 was available for IMPUTE at the
time when the imputation was performed, we used the software Bim-Bam [22] for imputation
of chromosome X. Bim-Bam required the genotypes of the HapMap CEU population as input and performed the phasing implicitly. To convert the imputation output from Bim-Bam
into the output format of the IMPUTE software, an appropriate script written in Perl 5
(http://www.perl.org/) was developed (Section A.2.1).

Altogether, 2,827,674 SNPs were

available for association testing after imputation, including 78,764 SNPs of chromosome X.
Approximately one million of these SNPs were expected to be independent from each other
in the European population and therefore had to be taken into account for multiple testing
correction [19].
A further step of quality control (QC) of the SHIP genotype dataset included checks
for possible duplicates among the individuals.

For this purpose an independent subset of

high quality genotyped SNPs was extracted.

Only SNPs on autosomes having call rate

greater 97% and a minor allele frequency greater 1% and being in HardyWeinberg equilibrium
(pHW E

> 0.001)

were included.

SNPs were considered as independent if their multiple

12
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Figure 6:

1.3

GWAS Workflow

Results from IBD estimation of all genotyped SHIP participants.

Each spot

represents a pair of individuals. The left plot shows the probability of sharing one allele by
descend (x-axis) against the probability of sharing two alleles (y-axis), whereas in the lower
right corner the expected parent-ospring pairs and in the central cloud the expected siblings
are clustered. The right plot is the cumulated distribution function (CDF) of the proportion
IBD (π̂

= P (IBD = 2) + 0.5 ∗ P (IBD = 1))

between a pair of individuals. Red spots were

identied as identical pair of samples. Pairs having

π̂

smaller 0.0625 were considered as non

related and excluded from both plots.

correlation coecient was

R2 < 0.5

within a window of 50 consecutive SNPs, whereas the

window was shifted for 5 SNPs. Based on the remaining 141,804 SNPs, a pairwise identity
by descent (IBD) estimation was calculated using PLINK [20] version 1.05. The results are
shown in Figure 6, whereas seven pairs among all samples could be identied as identical
and 162 as rst degree relatives (π̂ between 0.4 and 0.6).
On the independent SNP dataset, a principal component analysis (PCA) was conducted
and the rst 10 eigenvectors were calculated using the software SMARTPCA [18] from the
package EIGENSOFT version 3.0.

This oered the possibility to adjust for genetic pop-

ulation substructure [16] or remove corresponding outliers, if necessary. Since no detailed
information on genetic origin or relationship of the participants was available, no further
analysis could be performed on this topic. Results of the PCA are shown in Figure 7.
Individuals exhibiting a dierent genotyped gender than originally recorded were excluded from further association analyses. Finally, genotype data from 4081 distinct participants of the

Study of Health in Pomerania with approved quality control and given informed

consent were available for GWAS.
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Figure 7: Plots of the rst two (left plot) and rst three (right plot) principal components,
respectively, of the PCA of the genetic data from all genotyped SHIP participants. Blue,
orange and red spots represent individuals exceeding 8 standard deviations in the rst, rst
two or any of the rst 10 principal components, respectively, after 5 iterations. Green spots
correspond to individuals exceeding 8 standard deviations in the rst principal component at
the rst iteration only. The rst three principal components explain 0.38% of the variance.
After removing any outliers after 5 iterations in the way described above, the variance
explained by the rst three principal components was reduced to 0.16%.
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Association testing was performed using the softwares SNPTEST [13] or QUICKTEST
(http://toby.freeshell.org/software/quicktest.shtml) whereas the allele dosage of the SNP has
been taken into the regression model. Both programs were able to work with the imputed
genotypes output from IMPUTE software.

Compared to SNPTEST version 1, QUICK-

TEST oered a more comfortable data handling for binary logistic regression if both cases
and controls belong to the same set of genotype data. Furthermore, QUICKTEST has the
possibility to include an interaction term for the SNP genotype in the linear regression model.
To perform association analyses using an interaction term for the SNP genotype in a binary
logistic regression model the software ProbABEL (http://mga.bionet.nsc.ru/˜ yurii/ABEL/)
was used. In ProbABEL version v.0.1-1 the option for computing robust (sandwich) standard errors (SEs) was implemented.

Robust SEs tend to be more robust against model

misspecication between covariate and outcome (in terms of non-linearity or non-constant
variance of the residuals) if an interaction term has been used in the regression model. ProbABEL used genotype data for input that have been generated by the imputation software
MACH (http://www.sph.umich.edu/csg/abecasis/MACH/). A Perl script was developed to
convert the genotype output from IMPUTE into MACH format (Section A.2.2).

Besides

the possibility to perform linear and logistic regression, ProbABEL addidionally oers a tool
for computing genome-wide Cox proportional hazards models. In contrast to IMPUTE and
QUICKTEST, a separate phenotype le for every regression model has to be generated for
ProbABEL without the possibility of using a sample exclusion list, which could increase the
workload depending on the number of models needed to be computed.
After calculating the genome-wide associations, QC had to be performed on the results.
Furthermore, the associations needed to be visualized, annotated and the most signicant
results had to be ltered for further analyses, including possible replication.
(plot of the observed

p-value

Q-Q plots

distribution versus the expected uniform distribution) and the

calculation of the genomic control factor (λGC ) could help detecting and correcting possible
ination of the results in terms of unexpected high number of low
associations with the outcome.

p-values

from genotype

A common way of visualizing the results is generating a

genome-wide so-called Manhattan plot or a detailed association plot of the specic region.
In both cases, SNPs are plotted on the x-axis according to their position on each chromosome
against the

−log10 (p)

of the association on the y-axis. More signicant associations show

higher peaks on the y-axis.

Annotation of the results were implemented using InforSense

5.0 (ID Business Solutions Ltd., Guildford, UK) in conjunction with the gene information
imported into the Caché

R

database.

After a common workow for processing the results of a GWAS has been established,
the steps for compiling the results were implemented in R [21] using an annotation le
generated with the help of InforSense and Caché

R

software. Special tasks, e.g. annotating

and formatting the results of a set of SNPs used for replication of a meta-analysis, could be
easily fullled by using InforSense and Caché

R.

Meta-analyses were performed by a sample size or inverse variance weighted xed effect model using the software METAL (http://www.sph.umich.edu/csg/abecasis/METAL/).
The latter model provides the possibility to compute joint eect sizes and standard errors
in case the phenotype measures among the cohorts were comparable.

Prior to the meta-

analysis, the result les from individual cohorts were checked for plausibility using a Perl
script (Section A.2.3). QC, visualization, ltering and annotation of the meta-analysis results
were implemented in R.
Finally, by establishing the workow described, high throughput on computing genomewide and single association studies of SNPs including QC, ltering and annotation of the
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association results into a human readable format could be achieved.
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1.4 Allelotyping Workow
1.4.1 Estimation of Allelotyping specic Error
GWAS using genotyping technologies are performed to identify markers associated with complex diseases. The costs of projects based on individual genotyping using microarrays are
still relatively high and increase directly with the number of samples to be analyzed. Genotyping using pooled DNA samples, the so called allelotyping approach, oers an alternative
at clearly lower costs. Therefore, an allelotyping workow using the Aymetrix GeneChip

R

Human Mapping 100K Set which consists of two arrays, the GeneChip Human Mapping 50K
Array Xba 240 and the GeneChip Human Mapping 50K Array Hind 240, each containing
approximately 50,000 probe sets for SNP genotype calling, was established in this work.
Other analytical methods for allelotyping have already published earlier [11, 14].
A database to store all necessary data for comparing allelotyping results with individual
genotyping results, estimating an allelotyping specic error and performing complete allelotyping analyses including selection of potential disease associated SNPs was also established
in this work. A more detailed description of the database is given in Chapter 1.2.
In an allelotyping experiment, it is not possible to compute the precise genotypes due to
the use of pooled samples, instead, the relative allele signal (RAS) was calculated [12, 1].
In short, the RAS value

R

species the relative quantity of the coding allele A on the total

amount of alleles A and B of a specic probe set:

R=

F requencyA
F requencyA + F requencyB

Hence, the RAS value would be (in theory) 1 if exclusively

B

A

homozygous and 0 if only

homozygous samples for this SNP would be present in the pool. Ideally, the RAS value

for a given individually genotyped heterozygous SNP will be 0.5.

In practice, due to hy-

bridization specic eects, the obtained values deviate from this ideal value for each probe
set. Therefore, if the RAS values obtained with pooled DNA samples from one group (e.
g.

patients) are to be compared to averaged SNP specic call values generated by indi-

vidual genotyping (1, 0.5, and 0 for AA, AB, and BB, respectively) of a dierent group
(e. g. healthy control individuals), a correction step has to be included to compensate for
this hybridization specic bias [23]. This correction can be achieved by performing the so
called k-correction [14, 10].

The correction factor c is specic for each probe set and has

to be determined empirically by individual genotyping of heterozygous individuals. A list
of correction values for the AyMetrix GeneChip

R

10K and 100K array systems can be

downloaded at http://cogent.iop.kcl.ac.uk/. The k-corrected RAS value K for allele A of a
SNP was calculated in the following way:

K :=

1

R(1−c)
(1−R)c
+ R(1−c)
(1−R)c

=

R(1 − c)
(1 − R)c + R(1 − c)

0≤R≤1
0<c<1
c
and k =
1−c
where the correction value c is the RAS value of an individual heterozygous call, R is the
relative allele frequency RAS, and K is the k-corrected RAS value. The distribution of the
correction values c of the AyMetrix GeneChip

17

R

10K and 100K arrays is shown in Figure 8.

Dissertation Alexander Teumer

1.4

Cumulative distribution of correction values
50kXbaI

Cumulative distribution of correction values
10k2

Cumulative distribution of correction values
50kHindIII

100.00%

100.00%

100.00%

90.00%

90.00%

90.00%

80.00%

80.00%

80.00%

70.00%

70.00%

70.00%

60.00%

60.00%

60.00%

50.00%

50.00%

50.00%

40.00%

40.00%

40.00%

30.00%

30.00%

30.00%

20.00%

20.00%

20.00%

10.00%

10.00%

0.00%
0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00

0.00%
0.00

Allelotyping Workflow

10.00%
0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90
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1.00

c

0.00%
0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

for the AyMetrix GeneChip

1.00

R

Human Mapping 10K Array Xba 142 2.0, and the GeneChip Human Mapping 50K Array
Xba 240 and GeneChip Human Mapping 50K Array Hind 240 of the GeneChip

R

Human

Mapping 100K Set, respectively.

To estimate the allelotyping specic error, we used array data from individually genotyped
samples and estimated the error of pooling using pooled data of these individually genotyped
samples.

Altogether, 63 Caucasians (40 patients diagnosed with mandibular prognathism

and 23 healthy control individuals) were included in this study. The DNA samples of all 63
individuals were individually genotyped using AyMetrix GeneChip

R

10K 142 2.0 arrays.

The DNA samples used for individual genotyping were not treated with phenol. DNA pools
were composed as shown in Table 1 and were allelotyped using AyMetrix GeneChip
Xba 240 arrays. Of the 58960 SNPS present on the
SNPs are also present on the GeneChip

R

R
GeneChip

R

50K

50K Xba 240 array, 7215

10K 142 2.0 array. These SNPs were used for the

comparisons between individual genotyping and allelotyping using pooled DNA samples.
The experimental results termed Subpools P and Subpools C were obtained using different subpools of DNA. In the case of Subpools P, 4 subpools, each containing equimolar
DNA samples from 10 patients, were used.

In the case of Subpools C, 2 subpools con-

taining 11 and 12 equimolar DNA samples from healthy control individuals were used. All
DNA subpools were treated with phenol. The experimental results termed PoolALL P and
PoolALL C were obtained with DNA pools containing equimolar samples of all available 40
patients and available 23 control individuals, respectively. These DNA pools were not treated
with phenol.

The results termed PoolALL2 P and PoolALL2 C were obtained using the

same total pools, but here, the DNA was additionally treated with phenol. Results termed
PoolALL3 P and PoolALL3 C represented technical replicates of the experiments termed
PoolALL2 P and PoolALL2 C, which means that these DNA pools were each used in two
completely independent procedures, starting with enzymatic DNA restriction and ending up
with array hybridization, detection, and scanning. All arrays were scanned using AyMetrix
GeneChip

R

Operating Software (GCOS) Version 3.0. Intensity values of probe sets and SNP

calls were generated and exported with the AyMetrix GeneChip

R

DNA Analysis Software

(GDAS) Version 1.2. The call rates in all experiments using AyMetrix GeneChip

R

10K 142

2.0 arrays for individual genotyping were between 92.88% and 99.64%, except one patient
array with a call rate of 85.18%. The mean call rate amounted to 98.15%±2.42%. RAS were
calculated for each probe set by averaging the relative allele frequencies from the sense and
antisense strands according to the MPAM Mapping algorithm [1, 3].
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DNA Pools

Number of
Subpools

Sample number per pool/subpool Phenolized

Subpools C

2

11 resp. 12 control individuals

+

Subpools P

4

10 patients

+

PoolALL C



23 control individuals



PoolALL P



40 patients



PoolALL2 C



23 control individuals

+

PoolALL2 P



40 patients

+

PoolALL3 C



23 control individuals

+

PoolALL3 P



40 patients

+

Table 1: Compositions of DNA pools used for comparison of individual genotyping.
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20

PoolALL C

5875

0.9458

5690

0.9730

7099

0.9644

PoolALL P

5040

0.9419

4876

0.9691

6966

0.9558

PoolALL2 C

5887

0.9620

5662

0.9894

7114

0.9832

PoolALL2 P

5046

0.9640

4848

0.9892

6982

0.9822

PoolALL3 C

5887

0.9577

5662

0.9837

7115

0.9779

PoolALL3 P

5046

0.9626

4848

0.9859

6982

0.9812

Subpools C

5886

0.9639

5661

0.9911

7112

0.9840

Subpools P

5043

0.9639

4845

0.9898

6975

0.9812
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DNA Pools

Intensities obtained by Individual Genotyping
Calls vs. RAS values Calls vs. k-corrected RAS values individual RAS vs. pool RAS values
#SNPs
r
#SNPs
r
#SNPs
r

Table 2: Pearson correlation coecient (r ) between intensity values obtained with DNA pools (allelotyping) and mean intensity values
were converted into ideal RAS values of 1, 0.5, and 0 for AA, AB, and BB, respectively.

1.4

obtained by individual genotyping ("Call values"). "Individual RAS values" means that call values obtained by individual genotyping
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When the RAS values obtained using total DNA pools (Table 2, "PoolALL") were compared with the corresponding averaged RAS values generated using call values obtained by
individual genotyping without k-correcting the pool results (Table 2, "Call versus RAS values"), an acceptable correlation was achieved; application of the k-correction even increased
the mean

r

of the allele frequencies signicantly (Table 2, "Call versus k-corrected RAS

values"). As shown in Table 1, the number of individual DNA samples combined in the total
DNA pools varied between 10 and 40. The number of individual DNA samples combined in a
pool did not signicantly inuence the correlation. However, inclusion of a phenol treatment
step in the preparation and purication of the DNA pools signicantly improved

r in the case

of the k-corrected pool RAS values as well as for values which were not k-corrected. These
comparisons convincingly demonstrated that the most reliable data which can be obtained
with total DNA pools are generated if i) the k-corrected RAS values are used and ii) the
DNA pools are treated with phenol before array hybridization.
To obtain k-correction values, a sucient number of samples need to be individually
genotyped. Furthermore, the value of k might vary with laboratory practice [9]. Therefore,
the public availability of k-correction values could be problematic, especially when the newer
generation of mapping arrays, e.g. the AyMetrix GeneChip
to increased costs of the individual genotyping needed.

R

500K Array Set, is used due

Furthermore, the k-correction is

primarily important if RAS values obtained using DNA pools are compared to call values
generated by individual genotyping, whereas it is less important if dierent pools are compared with each other.

In the latter case, uncorrected RAS values or other uncorrected

frequency intensity values are frequently used in association studies [11, 14, 5].
Finally, the risk of producing false positive or false negative results from analyzing allele
frequency dierences between patient and control groups was tested. To this purpose the correlations were computed for the absolute dierences from patient and control group between
pooled arrays and calls obtained by individual genotyping to see if a small true absolute
dierence between patient and control group produces a high dierence in these groups from
pooled arrays and vice versa. RAS values of pooled technical replicates
and

PoolALL3 C

resp.

P

PoolALL2 C

resp.

P

were averaged. The number of SNPs in this analysis amounted to

4391. For comparison purposes the same procedure was performed using RAS values from
individual genotyped samples instead of pooled arrays. These dierences of the RAS values
obtained by individual genotyping correlated strongly with the dierences obtained when
the individual call values were used with
arrays correlated with

r = 0.8390.

r = 0.9691.

The RAS values obtained from pooled

When the k-correction was applied to the RAS values

from pooled arrays, the correlation slightly increased to

r = 0.8557.

These dierences of RAS

values obtained by allelotyping and individually genotyped samples against the dierences
between patient and control groups obtained using call values are shown in Figure 9. SNPs
near the x-axis with a high x-value are more risky to result in false negatives. Analogously,
SNPs near the y-axis with a high y-value are false positive candidates. False positive candidates would be usually identied in the follow up analysis, but false negative results are more
problematically since they will be ltered already in the rst analysis step [15]. The corresponding cumulated distributions of these errors resulted from uncorrected and k-corrected
RAS values of the pooled arrays are shown in Figure 10. Almost 90% of the SNPs analyzed
showed an error in the expected dierences in the RAS values between patient and control
groups of 0.04 or less, whereas the application of the k-correction decreased this error only
marginally.
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Figure 9: Scatter plots of the absolute dierences of 4391 SNPs between patient and control
groups of RAS values (y-axis) obtained by allelotyping (left) and by individually genotyped
samples (right) compared to the dierences obtained from genotype call values (x-axis) of
the same individuals. The RAS values obtained by allelotyping were calculated by averaging the array data obtained with the technical replicates
and

PoolALL2 P

and

PoolALL3 P,

respectively.

PoolALL2 C

and

PoolALL3 C,

The RAS values obtained by individual

genotyping were calculated by averaging the specic SNP data of the corresponding group
(patients or controls).

1.4.2 Allelotyping Example
After estimating the pooling-specic error of a case-control allelotyping study, we started
using the allelotyping approach for identifying genetic susceptibility loci associated with
various diseases.

An example for such a disease phenotype was aggressive periodontitis

(AgP). Altogether, 361 caucasians (187 patients diagnosed with aggressive periodontitis and
174 control individuals without AgP from the SHIP cohort) were included in this study.
The controls were divided into two groups: 75 relatively old control individuals exhibiting
an extraordinary well dental status (extreme-control group) and 99 control individuals aged
40-60 years with minor dental problems.

All 174 controls were combined together in a

second control group (all-control group). Both control groups and patients were divided into
10 disjoint subpools each containing equimolar amounts of individual DNA samples. Every
subpool was hybridized with a AyMetrix GeneChip

R

Human Mapping 100K set.

Dierent methods for calculating the RAS values (including treatment of RAS values for
each DNA strand as separate experiments) [11, 14, 5, 17] with and without k-correction were
compared and evaluated for their allelotyping specic error. Finally, intensity values were
calculated as relative allele signals (RAS) for each SNP as described in [2, 12] by generating
the mean value of the RAS value of each strand without applying k-correction.
To nd signicant dierences on intensity values between both groups, the following
statistical tests were performed: Student's t-test and the Mann-Whitney

U

test. To consider

the absolute dierence between both groups and to exclude too small, but still statistical
2
signicant changes in allele frequencies obtained from the previous tests, an additional χ -test
was applied for each SNP to the mean intensities of all subpools of each group at signicance
2
level p < 0.05. The χ -test would test for true allelic dierences between patient and control
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Figure 10: Cumulated distribution of errors of corrected and uncorrected RAS values from
true dierences between patient and control group of 4391 SNPs.

RAS and k-corrected

RAS (KRAS) values were obtained using pooled samples by averaging the array data from
the technical replicates

PoolALL2 C

and

PoolALL3 C

respectively.
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and
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and

PoolALL3 P,
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Each test was used to compare the patients

against the extreme-control group and the all-control group, respectively. To reduce the type
I error, the False Discovery Rate (FDR) [4] at
adapted to the

p-values

of the

t-test

q < 0.05

and a sliding window method were

of all SNPs.

The sliding window method from [5] based on consecutive SNPs was modied by considering the phased haplotype block information obtained from the International HapMap
Project [7, 24, 25]. All SNPs of each chromosome were ordered by their chromosomal position. Next, a window dened with a size of 5, 10 and 50 phased haplotype blocks (HapMap
Data Rel#21/phaseII Jul06, on NCBI B35 assembly, dbSNP b125), respectively, was established on each phased haplotype block position. Only windows containing at least two SNPs
where considered for the analysis. The

p-values

obtained from the

corresponding window were averaged and dened the
dened to be signicant if the assigned

p-value

t-test

of all SNPs in the

p-value of that window.

A window was

was less than 0.01. If a SNP was in a sliding

window but not in any signicant one, then the SNP was excluded by the sliding window of
the corresponding size as a potential nding. Most of the windows contained a maximum of
2 or 3 SNPs. We used the arithmetic mean on the SNP's

p-values

to calculate the

p-value

of the window to give the non-signicant SNPs a higher weight than the signicant ones to
reduce the number of potential false positive results. If arrays of higher SNP density would
have been used, applying geometric mean instead would probably be more useful.
To balance between a small number of false positive and a small number of false negative
results, especially taking the additional allelotyping specic error into account, we used
a ranking and exclusion method on the candidate SNPs in conjunction with the dierent
correction methods.

We concentrated our analysis on SNPs which were located directly

within genes or showed a distance to the next gene of maximally 50 kb.
First of all two candidate lists were generated by testing the patients against the extremecontrol group and the all-control group, respectively, thereby establishing the base for further
analyses. The SNPs in these candidate lists exhibited

U -test.

p-values < 0.01

in both the

t-test

and

The major focus was on the list obtained from the comparison with the extreme-

control group.

Originating from this list, the highest rank was assigned to SNPs which
2
were signicantly associated after FDR, had a signicant χ -value and were in at least one
signicant sliding window and not excluded in a sliding window of size 5.

The next best

rank was assigned to SNPs which fullled the same criteria, but were not in a signicant
sliding window. The next best candidate SNPs were in a sliding window in both tests against
the extreme-control and all-control group. In the next step, all SNPs which were not yet
2
ranked and which exhibited a p-value from the χ -test greater than 0.05 or which were
excluded by a sliding window of size 5 in at least one control group were removed from the
candidate list. The lowest rank was assigned to the remaining SNPs which had at least a

p-value (t-test) < 0.001 compared with both control groups. Finally, all SNPs were removed
from the candidate list which exhibited p-values (t-test) ≥ 0.001 and which were not in a
sliding window in extreme-control or all-control group comparisons, respectively. The last
step aected only SNPs with lower ranks, anyway. All SNPs without an assigned rank were
removed from the candidate list. The nal list barely contained 40 SNPs.
After screening the available information about the functions of the genes related to these
SNPs, we focused on

TRAF6.

One SNP on chromosome 11 reached the nal candidate list

and the next 2 closest SNPs were still in the basic candidate list of the extreme-control group.
The next step was the verication of the dierences between patient and control group's allele
frequency of the SNP by individual genotyping of all samples included in the analysis. This
was realized by real-time polymerase chain reaction (RT-PCR). Both, the allele frequency
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Patient (Allelotyping)
Control (Allelotyping)
Patient (RT-PCR)
Control (RT-PCR)

Allelotyping Workflow

Freq
Allele A

P/
OR (95% CI)

Allele Freq
Dierence

77.20%

0.014

0.072

84.40%

1.60 (1.10-2.34)

79.60%

0.025

85.90%

1.56 (1.05-2.31)

0.063

Table 3: Comparison of association results from allelotyping and individual genotyping of

TRAF6

the top candidate SNP in the gene
. p-values were obtained from allele frequencies
2
using a 2-sided χ -test with 1 degree of freedom.

dierences and the disease associations exhibited a high degree of concordance between
allelotyping and individual genotyping for this SNP as shown in Table 3.
Currently we are searching for other AgP cohorts for replication and validation analyses
of our ndings from the discovery analysis.
All data was stored and calculations were performed in a database build on the highperformance object database Caché

R.

After evaluating several analytical approaches for an

allelotyping association study, which was very exible using the database, the nal optimized
workow could be implemented by a common scripting language, that provides a fast and
independent procedure to perform pooled association studies.
In the next future, allelotyping procedures using more recent high density array systems
like the Aymetrix Genome-Wide Human SNP Array 6.0 which includes more than 900,000
polymorphic markers have to be established.

Furthermore, SNP correlation information

using the linkage disequilibrium based clumping procedure of the software PLINK for ltering
and prioritizing the allelotyping association results was already integrated. This method is
more eective than the sliding window method because uncorrelated SNPs will be treated
separately and therefore the number of false negative results will be reduced.
Despite the large advantage of cost reduction, allelotyping has also several drawbacks.
Most importantly, it is only possible to extract the mean allele frequencies and not the
individual's genotypes from the pool and additional adjusting for covariates after creation
of the pools is almost impossible.
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2 Published Results

Published Results

2.1 Genome-wide association study identies eight loci associated
with blood pressure
Increased systolic (SBP) and diastolic (DBP) blood pressure cause increased cardiovascular disease risk and are major contributors in cardiovascular deaths. Despite a substantial
heritable component to blood pressure has been determined, previous GWAS in nding common genetic variants associated with blood pressure were of moderate success. To increase
statistical power for nding genetic markers of moderate eect size the Global Blood Pressure Genetics (Global BPgen) consortium was formed to meta-analyze multiple studies with
large total sample sizes. The initial meta-analysis of GWAS encompassed 34,433 individuals
of European ancestry with SBP and DBP measurements followed by replication in more
than 100,000 individuals which nally revealed eight loci showing genome-wide signicant
association with systolic or diastolic blood pressure and also with hypertension.
From the SHIP cohort, GWAS results of 3,310 individuals were included in the discovery
stage of the meta-analysis. Systolic and diastolic blood pressure of people treated for hypertension was increased (imputed) by 15 mm Hg and 10 mm Hg prior to analysis, respectively,
to reduce bias and improve statistical power. Individuals that were older than 70 years or
had known myocardial infarct or heart failure at time of measurement were excluded from
analysis. A linear and logistic regression model for blood pressure and hypertension, respectively, adjusted for age, age

2

and body mass index was used to test for association of the ca.

2.5 millions imputed SNPs.
Among the loci that showed the strongest association to SBP and DPB, respectively, the
protein encoded by

CYP17A1

has known functions related to the biosynthesis of mineralo-

corticoids and glucocorticoids aecting sodium handling in the kidney, is involved in drug
and xenobiotic chemical metabolism in the liver and the cellular metabolism of arachidonic

CYP1A2 inuence renal function, peripheral vascular
The gene product of FGF5 stimulates cell growth and proliferation

acid derivatives. Enzymes encoded by
tone and blood pressure.

in multiple cell types, including cardiac myocytes, and has been associated with angiogenesis
in the heart. One signicant SNP (rs653178) is perfectly correlated with a missense SNP in
the gene

SH2B3

which has recently been associated with increased odds of type 1 diabetes,

celiac disease, myocardial infarction, hypertension and higher eosinophil and other blood cell
counts.
Despite the fact that each association found explains only a very small proportion of the
total variation in SBP or DBP, the variants identied have an cumulative eect on blood
pressure, which has been shown to produce meaningful population changes in cardiovascular
and stroke risk.
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Elevated blood pressure is a common, heritable cause of cardiovascular disease worldwide. To date, identification of common
genetic variants influencing blood pressure has proven challenging. We tested 2.5 million genotyped and imputed SNPs for
association with systolic and diastolic blood pressure in 34,433 subjects of European ancestry from the Global BPgen consortium
and followed up findings with direct genotyping (N r 71,225 European ancestry, N r 12,889 Indian Asian ancestry) and in silico
comparison (CHARGE consortium, N ¼ 29,136). We identified association between systolic or diastolic blood pressure and
common variants in eight regions near the CYP17A1 (P ¼ 7  1024), CYP1A2 (P ¼ 1  1023), FGF5 (P ¼ 1  1021), SH2B3
(P ¼ 3  1018), MTHFR (P ¼ 2  1013), c10orf107 (P ¼ 1  109), ZNF652 (P ¼ 5  109) and PLCD3 (P ¼ 1  108)
genes. All variants associated with continuous blood pressure were associated with dichotomous hypertension. These associations
between common variants and blood pressure and hypertension offer mechanistic insights into the regulation of blood pressure
and may point to novel targets for interventions to prevent cardiovascular disease.
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The World Health Organization estimated that, in 2005, the annual
death toll from cardiovascular disease reached 17.5 million worldwide1–3. Increases in systolic and diastolic blood pressure (SBP, DBP),
even within the normal range, have a continuous and graded impact
on cardiovascular disease risk and are major contributors in half of all
cardiovascular deaths2,3. Lifestyle influences, including dietary sodium
intake, alcohol excess, elevated body mass index and lack of exercise,
are known to increase blood pressure4. Studies of familial aggregation
suggest that there is also a substantial heritable component to blood
pressure5. Studies of rare mendelian disorders of hypertension and
hypotension have produced the most notable progress toward understanding the heritable basis of blood pressure, showing that mutations
in genes influencing renal salt handling can have a severe effect on
blood pressure6. Detailed study of these genes has identified rare
variants (minor allele frequency (MAF) o 0.1%) that influence blood
pressure in the general population7 and evolving evidence suggests a
potential role for common variation in some of the same genes8–10.
The identification of common variants affecting blood pressure
using genome-wide association studies (GWAS) has proven challenging, compared to the success of GWAS of other common complex
disorders11,12. However, meta-analysis of multiple studies with large
total sample sizes has the potential to facilitate detection of variants
with modest effects. We therefore formed the Global Blood Pressure
Genetics (Global BPgen) consortium and conducted meta-analysis of
GWAS in 34,433 individuals of European ancestry with SBP and DBP
measurements (stage 1), followed by direct genotyping (stage 2a) and
in silico (stage 2b) analyses (Supplementary Fig. 1 online). Our
analyses identified eight loci showing genome-wide significant association with systolic or diastolic blood pressure, each of which was also
associated with hypertension.
RESULTS
Genome-wide association for blood pressure
Global BPgen includes 17 cohorts of European ancestry ascertained
through population-based sampling or case-control studies. In our
primary analysis (stage 1), we examined individuals aged r70 years
from 13 population-based studies and from control groups from four
case-control studies (Table 1). Individuals treated for hypertension
were imputed to have 15 mm Hg higher SBP and 10 mm Hg higher
DBP than the observed measurements, as this has been shown to
reduce bias and improve statistical power13. SBP and (separately) DBP
measures were each adjusted for age, age2, body mass index and any
study-specific geographic covariates within cohort- and sex-specific
regression analyses. Genome-wide SNP genotyping was done on a
variety of platforms and subjected to standard quality control measures (Methods and Supplementary Table 1 online). Genotypes for
B2.5 million autosomal SNPs in the HapMap CEU sample were then
imputed in each study and tested for association with SBP and DBP
separately under an additive genetic model. Test statistics from
association analysis of SBP and DBP from each cohort were adjusted
using genomic control14 to avoid inflation of results due to interindividual relatedness or residual population stratification, and to
ensure good calibration of test statistics. Meta-analysis of results was
carried out using inverse variance weights. Test statistic inflation postmeta-analysis was modest (lGC ¼ 1.08 SBP; lGC ¼ 1.07 DBP);
genomic control correction was applied again. The plots of test
statistics against expectations under the null suggest an excess of
extreme values (cohort-specific and meta-analysis quantile-quantile
plots are presented in Supplementary Fig. 2a online).
On meta-analysis of results from 34,433 individuals in stage 1, we
observed 11 independent signals with P o 105 for SBP and 15 for

DBP, with two results attaining P o 5  108, corresponding to
genome-wide significance when adjusting for the B1 million independent common variant tests estimated for samples of European
ancestry (Supplementary Fig. 2b)15.
Joint analysis of SBP and DBP signals with additional samples
To strengthen support for association, we undertook two analyses.
First, we selected 12 SNPs for follow-up genotyping in up to 71,225
individuals drawn from 13 cohorts of European ancestry and up to
12,889 individuals of Indian Asian ancestry from one cohort (stage 2a,
Table 1, Supplementary Fig. 1 and Supplementary Table 2 online).
Second, we carried out a reciprocal exchange of association results for
ten independent signals each for SBP and DBP (stage 2b, Supplementary Fig. 1 and Supplementary Table 3 online) with colleagues
from the Cohorts for Heart and Aging Research in Genome Epidemiology (CHARGE) blood pressure consortium who had recently
meta-analyzed GWAS data for SBP and DBP in 29,136 individuals,
independent of Global BPgen (Table 1)16. Meta-analysis of the stage 1
Global BPgen GWAS and stage 2a direct and stage 2b in-silico
association results identified genome-wide significant (P o 5 
108) associations at eight loci: 1p36 in MTHFR, 10q24 near
CYP17A1 and 17q21 in PLCD3 with SBP, 4q21 near FGF5, 10q21 in
C10orf107, 12q24 near SH2B3, 15q24 near CYP1A2 and 17q21 near
ZNF652 with DBP (Table 2, Fig. 1, Supplementary Table 2, Supplementary Table 3 and Supplementary Fig. 2b). Three of these loci
overlap with genome-wide significant loci identified in the CHARGE
analyses (10q24 for SBP and 12q24 and 15q24 for DBP).
For SBP, the strongest evidence for association was at 10q24
(rs11191548, MAF ¼ 0.09, 1.16 mm Hg higher per major allele,
P ¼ 7  1024, Table 2 and Fig. 1b). This SNP is part of a large cluster
of associated SNPs spanning a B430-kb region at 10q24 showing
association in our GWAS meta-analysis. The locus includes six genes,
most notably CYP17A1, which encodes the cytochrome P450 enzyme
CYP17A1 (also known as P450c17) that mediates steroid 17ahydroxylase and 17,20-lyase activity. The first enzymatic action is a
key step in the biosynthesis of mineralocorticoids and glucocorticoids
that affect sodium handling in the kidney and the second is involved
in sex-steroid biosynthesis. Missense mutations in CYP17A1 cause one
form of adrenal hyperplasia characterized by hypertension, hypokalemia and reduced plasma renin activity17,18. None of the five
other genes or transcripts in the region (Fig. 1b) is an obvious
candidate for blood pressure regulation.
The second locus associated with SBP was at 1p36 (rs17367504,
MAF 0.14, 0.85 mm Hg lower SBP per minor allele, P ¼ 2  1013,
Table 2 and Fig. 1a). This SNP is located in an intron of the MTHFR
(methylenetetrahydrofolate reductase) gene in a region with many
plausible candidate genes, including MTHFR, CLCN6, NPPA, NPPB
and AGTRAP. The strongest signal in the locus is 6.4 kb away from
and uncorrelated with rs1801133 (C677T, A222V, r2 CEU ¼ 0.06), a
coding variant that has been related to higher plasma homocysteine
concentration19, pre-eclampsia20, and variably hypertension21. In
Global BPgen rs1801133 was associated with 0.08 mm Hg
higher SBP per T allele (P ¼ 0.56), 0.24 mm Hg higher DBP
(P ¼ 0.01) and an odds ratio for hypertension of 1.00 (95%
CI ¼ 0.94–1.05, P ¼ 0.90).
The natriuretic peptides encoded by NPPA and NPPB, also located
within the 1p36-associated interval, have vasodilatory and natriuretic
properties and the NPPA knockout mouse has salt-sensitive hypertension22. A recent study found that the minor allele of rs5068 (43 kb from
rs17367504, r2 CEU ¼ 0.26), in the 3¢ untranslated region of NPPA, is
associated with higher plasma atrial and B-type natriuretic peptide, as
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well as lower SBP, DBP and odds of hypertension23. In the Global BPgen
stage 1 meta-analysis we replicated association of the minor allele of
rs5068 with 0.97 mm Hg lower SBP (P ¼ 3  104), 0.60 mm Hg lower
DBP (P ¼ 1  103) and 10% lower odds of hypertension (P ¼ 0.04).
Whether the associations of rs5068 and rs17367504 reflect the same or

different underlying signals remains to be established. The less wellcharacterized gene CLCN6, also at the 1p36 locus, encodes a neuronally
expressed chloride channel that has not previously been implicated in
blood pressure physiology, although rare mutations in other renally
expressed chloride channels are associated with extremes of blood

Table 1 Study sample characteristics

N

Women (%)

Age, years (s.d.)

SBP,
mm Hg (s.d.)

DBP,
mm Hg (s.d.)

BMI,
kg/m2 (s.d.)

HTN (%)a

Antihypertensive
therapy (%)

BLSA
B58C – T1DGCb

708
2,580

44
51

42.4 (13.2)
44.3 (0.3)

119.5 (15.0)
121.7 (15.3)

77.3 (10.2)
79.4 (10.5)

24.5 (3.6)
27.4 (4.9)

23.2
20.5

5.2
4.7

B58C – WTCCCb
CoLaus

1,473
4,969

50
53

44.9 (0.4)
51.7 (9.5)

126.7 (15.2)
127.3 (17.4)

79.1 (10.2)
79.4 (10.8)

27.4 (4.7)
25.8 (4.6)

17.4
33.9

4.2
16

EPIC- Norfolk - GWAS
Fenland

2,100
1,401

54
56

57.2 (7.8)
45.0 (7.3)

136.7 (19.1)
122.8 (16.3)

83.9 (11.9)
75.5 (10.7)

26.3 (3.9)
27.1 (4.9)

45.6
18.8

16
5.5

InCHIANTI
KORA

562
1,644

55
51

56.9 (14.5)
52.5 (10.1)

138.4 (20.1)
133.4 (18.5)

81.4 (10.1)
81.8 (10.9)

27.1 (4.2)
27.3 (4.1)

59.6
20.9

23.7
17

NFBC1966b
SardiNIA

4,761
3,998

52
57

31*
40.8 (15.3)

125.2 (13.8)
128.7 (28.4)

77.5 (11.7)
79.7 (17.3)

24.6 (4.2)
25.1 (4.6)

21.7
29.5

2
10

SHIP
SUVIMAX

3,310
1,823

53
60

45.0 (13.9)
50.5 (6.2)

133.1 (20.2)
120.9 (12.3)

83.5 (11.3)
78.0 (8.1)

26.9 (4.7)
23.5 (3.3)

40.9
19.0

16.3
0

873

100

45.8 (11.9)

122.9 (15.4)

78.2 (10.3)

24.8 (4.6)

27.3

22

Controls from case-control studies
DGI controls
1,277

51

56.1 (8.7)

133.3 (18.4)

80.1 (10.0)

26.7 (3.8)

41.4

18

FUSION NGT controls
MIGen controls

1,038
1,121

49
38

58.2 (10.7)
48.9 (8.3)

139.4 (19.3)
127.1 (17.8)

81.5 (10.3)
80.2 (11.6)

27.1 (4.0)
27.1 (5.2)

51.8
36.4

21
13.4

795

37

58.9 (6.9)

134.7 (18.6)

82.8 (10.0)

25.9 (3.70)

15.0

2

Study

© 2009 Nature America, Inc. All rights reserved.

Stage 1: GWAS
Population-based cohorts

TwinsUK

PROCARDIS controls
Stage 2: follow-up

2a. Cohorts with direct genotyping data
ARYA
736

52

27.9 (0.9)

125.0 (13.0)

72.0 (8.0)

25.0 (4.0)

15.8

1

BRIGHT-HTN
BRIGHT-NT

2,445
673

59
77

57.1 (10.8)
55.5 (8.5)

153.9 (20.8)
111.1 (6.9)

94.0 (11.0)
71.2 (6.6)

27.4 (3.8)
24.4 (3.2)

100
0

91.2
0

3,909
15,858

37
48

49.0 (7.6)
56.2 (7.6)

132.5 (15.5)
133.8 (17.5)

83.7 (9.0)
82.3 (11.0)

26.0 (3.6)
26.3 (3.8)

43.1
44

12.7
15

7,023
1,162

51
37

47.1 (12.4)
57.5 (6.8)

134.9 (19.4)
138.2 (19.5)

82.3 (11.3)
83.9 (10.1)

26.6 (4.5)
26.8 (3.8)

45.5
8.9

12.4
1

6,006
12,823

35
36

51.2 (10.3)
48.8 (9.9)

130.4 (19.1)
129.9 (19.1)

79.6 (10.6)
80.8 (10.8)

27.5 (5.1)
27.4 (4.5)

39.9
42.9

20
25

5,330
5,934

58
0

57.4 (5.9)
58.1 (6.0)

141.0 (19.0)
142.0 (17.9)

87.0 (9.5)
89.8 (10.2)

25.7 (4.0)
27.3 (4.2)

63.8
69.6

17
40.5

14,249
7,272

34
51

45.3 (7.1)
47.5 (11.4)

125.0 (14.0)
127.7 (19.3)

83.0 (9.1)
73.6 (9.7)

24.4 (3.4)
25.9 (4.2)

34.8
22.0

4
13.7

1,680
2,829

100
52

57.0 (6.0)
40.0 (12)

133.0 (20.0)
128.0 (19.0)

79.0 (11.0)
79.0 (11.0)

26.0 (4.0)
25.0 (4.0)

42.4
32.9

NA
NA

EPIC-Italy
EPIC-Norfolk-REP
Finrisk97
FUSION2
Lolipop (Europeans)
Lolipop (Indian Asians)
MDC-CC
METSIM
MPPc
PREVEND
Prospect-EPIC
Utrecht Health Project

2b. Cohorts with in silico data
CHARGEd

29,136

Study characteristics are shown for cohort samples examined in stage 1 meta-analysis (population-based and controls from case-control studies), stage 2a (direct genotyping followup) and stage 2b (in silico follow-up with the CHARGE consortium). Population cohorts: The Baltimore Longitudinal Study of Aging (BLSA), British 1958 Birth Cohort-Wellcome Trust
Case Control Consortium (B58C-WTCCC), British 1958 Birth Cohort–Type 1 Diabetes Genetics Consortium (B58C- T1DGC), Cohorte Lausannoise (CoLaus), European Prospective
Investigation of Cancer-Norfolk-Genome Wide Association Study (EPIC-Norfolk-GWAS), Fenland Study (Fenland), Invecchiare in Chianti (InCHIANTI), Kooperative
Gesundheitsforschung in der Region Augsburg (KORA), Northern Finland Birth Cohort of 1966 (NFBC1966), SardiNIA, Study of Health in Pomerania (SHIP), Supplementation en
Vitamines et Minéraux Antioxydants (SU.VI.MAX) and TwinsUK. Controls from case-control studies: Diabetes Genetics Initiative (DGI), Finland-United States Investigation of NIDDM
Genetics (FUSION), the Myocardial Infarction Genetics Consortium (MIGen), the Precocious Coronary Artery Disease (PROCARDIS) study. Direct genotyping: The Utrecht
Atherosclerosis Risk in Young Adults (AYRA), British Genetics of Hypertension study–hypertension cases (BRIGHT-HTN), BRIGHT study normotensive controls (BRIGHT-NT), EPICItaly, EPIC-Norfolk-Replication cohort (EPIC-Norfolk-REP), Finrisk97, FUSION stage 2 controls (FUSION2), London Life Sciences Population (LOLIPOP), Malmö Diet and Cancer
Cardiovascular Cohort (MDC-CC), Malmö Preventive Project (MPP), Prevention of REnal and Vascular ENd stage Disease (PREVEND), Metabolic Syndrome in Men Study (METSIM),
Prospect-EPIC cohort, Utrecht Health Project (UHP). NA, not available; HTN, hypertension.
aGlobal BPgen definition of hypertension is SBP Z 140mm Hg or DBP Z 90mm Hg or taking antihypertensive medication. bSubjects from the Northern Finland Birth Cohort 1966 were examined
at age 31; the British 1958 Birth Cohort samples were examined at ages 44–45. cThe Malmö Preventive Project sample excludes all individuals who contributed to the Malmö Diet and Cancer
Cardiovascular Arm (MDC-CC) dFull characteristics of CHARGE constituent cohorts are presented in the CHARGE paper16.
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pressure24,25. Lastly, AGTRAP (encoding angiotensin II receptor-associated protein) negatively regulates angiotensin II signaling by interacting with the angiotensin II type 1 receptor, a critical component of the
renin-angiotensin-aldosterone system26.
The third locus associated with SBP was at 17q21 (rs12946454,
MAF 0.28, 0.57 mm Hg higher SBP per minor allele, P ¼ 1  108,
Table 2 and Fig. 1c). This SNP is located in an intron in PLCD3

(phospholipase C-delta isoform), and is part of a cluster of associated
SNPs. PLCD3 is a member of the phospholipase C family of enzymes,
important in vascular smooth muscle signaling and activated by the
vasoactive peptides angiotensin II and endothelin27.
The DBP SNP with the strongest association evidence on joint
analysis is rs1378942 (MAF ¼ 0.36, 0.43 mm Hg higher per minor
allele, P ¼ 1  1023, Table 2 and Fig. 1g), which is in an intron

Table 2 Loci associated with blood pressure
Genes
Chromosome nearby

BP Trait

SNP ID
(pos NCBI35) function

Coded
Coded
allele Stage allele freq

N

Beta (s.e.)
mm Hg

P

Beta (s.e.)

P

N total

Joint analysis stages 1+2a+2b
1p36

MTHFR

SBP

© 2009 Nature America, Inc. All rights reserved.

rs17367504

G

(11,797,044)
Intron MTHFR

CLCN6
NPPA

1

0.14

34,158 0.79 (0.17) 1  105

2a
2b

0.16
0.16

19,751 0.93 (0.22) 2  105
r2 ¼ 0.07%
29,064 0.85 (0.20) 3  105 0.85 (0.11) 2  1013

82,973

NPPB
AGTRAP
10q24

CYP17A1

SBP

AS3MT
CNNM2

rs11191548

T

(104,836,168)
Intergenic CNNM2/NT5C2

1

0.91

33,123

1.17 (0.23)

3  107

2a
2b

0.91
0.92

71,225
28,204

1.19 (0.15)
1.05 (0.27)

9  1015
9  105

1
2a

0.28
0.25

32,120
17,877

0.68 (0.15)
0.43 (0.21)

4  106
0.045

2b

0.27

27,693

0.50 (0.17)

0.004

1
2a

0.54
0.55

32,674 0.28 (0.09) 1  103
26,910 0.18 (0.08)
0.04

2b

0.53

28,307 0.35 (0.09) 8  105 0.27 (0.05)

1.16 (0.12)

r2 ¼ 0.08%
7  1024 132,552

NT5C2
17q21

PLCD3
ACBD4

SBP

MDS1

T

Intron PLCD3

HEXIM1
HEXIM2
3q26

rs12946454
(40,563,647)

DBP

rs1918974
(170,648,590)

T

Intron
4q21

PRDM8
FGF5

DBP

c4orf22
10q21

c10orf107
TMEM26

rs16998073
(81,541,520)

T

Upstream FGF5
DBP

RTKN2
RHOBTB1

rs1530440
(63,194,597)

T

Intron c10orf107

r2 ¼ 0.04%
0.57 (0.10)

1  108

77,690

r2 ¼ 0.03%
8  108

87,891

109

1
2a

0.21
0.29

26,106
53,508

0.65 (0.11)
0.50 (0.07)

7
6  1013

2b

0.24

22,009

0.36 (0.12)

0.003

r2 ¼ 0.09%
0.50 (0.05)

1  1021 101,623

106

1
2a

0.19
0.18

32,718 0.51 (0.11) 3 
19,884 0.21 (0.11)
0.05

2b

0.19

27,651 0.44 (0.12) 1  104 0.39 (0.06)

1
2a

0.53
0.54

30,853 0.46 (0.09) 1  107
19,689 0.40 (0.10) 3  105

r2 ¼ 0.09%

2b

0.52

29,119 0.50 (0.09) 2  108 0.46 (0.05)

3  1018

1
2a

0.36
0.35

34,126
71,086

0.48 (0.09)
0.41 (0.06)

6  108
2  1012

2b

0.33

29,046

0.43 (0.09)

3  106

1

0.39

34,052

0.40 (0.09)

5  106

2a
2b

0.37
0.37

19,752
28,637

0.23 (0.10)
0.29 (0.09)

0.02
0.002

r2 ¼ 0.04%
1  109

87,273

ARID5B
12q24

SH2B3
ATXN2

DBP

rs653178
(110,470,476)

T

Intron ATXN2
15q24

CYP1A1
CYP1A2

DBP

CSK
LMAN1L

rs1378942
(72,864,420)

C

Intron CSK

79,661

r2 ¼ 0.07%
0.43 (0.04)

1  1023 134,258

0.31 (0.05)

r2 ¼ 0.04%
5  109

CPLX3
ARID3B
17q21

ZNF652
PHB

DBP

rs16948048
(44,795,465)
Upstream ZNF652

G

82,441

Shown is the top SNP for each independent locus associated with systolic or diastolic blood pressure (P o 5 
on joint analysis in up to 134,258 individuals of European
ancestry from Global BPgen GWAS (stage 1), follow-up genotyping (stage 2a) and in silico exchange with the CHARGE consortium (stage 2b). The eight genome-wide significant loci
(P o 5  108) are shown in boldface. For stage 1 and 2b results based on imputed genotypes, an effective sample size is estimated to be the sum of the cohort-specific products
of the imputation quality metric and the sample size. The total sample size is the sum of the effective sample sizes and the direct genotyping sample size. Effect sizes are on the
mm Hg scale for increasing copy of the coded (alphabetically higher) allele as estimated by the beta coefficient in linear regression. The proportion of variance explained by each SNP
is shown (r2). Meta-analysis was conducted using inverse variance weighting. Note that loci 10q21 and 15q24 show results for two SNPs selected for validation genotyping in an
interim analysis (rs1530440, rs1378942) that were genome-wide significant on joint analysis of stage 1+2a+2b. These two SNPs are highly correlated with alternate SNPs at the
locus (rs4590817, rs4886606, respectively) with slightly stronger significance in the final stage 1 meta-analysis. The originally selected SNPs are shown throughout the text
for consistency.
107)
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0
11.4

PTCHD2

11.6

C1orf187

FBXO2

11.8

NPPB

MTHFR

MAD2L2

rs16998073
r 22 >0.8
r 2 >0.5
50
r >0.2
40
30
20
10
0

–log10(P value)

81.4

81.6

CALHM1

DBF4B

NT5C2

rs1530440
r 22 >0.8
r 2 >0.5
50
r >0.2
40
30
20
10
0

63

63.2

f

110

MAP3K14

HEXIM1

110.2

110.4

110.6

ERP29

ALDH2

SH2B3

ARID5B

110.8 (Mb)

ACAD10
FAM109A

C4orf22

MGC57346

rs653178
r 2 >0.8
r 22 >0.5
50
r >0.2
40
30
20
10
0

CUX2
C10orf107

FGF5

LRRC37A4

10
rs653178
–18
8 combined P = 3 × 10
6
4
2
0

63.6 (Mb)

63.4

PLEKHM1

C17orf46

DBP 12q24

TMEM26

PRDM8

LOC201175

LOC100133991

ACBD4

C1QL1

ARHGAP27

FMNL1

PLCD3

RTKN2

C12orf30

C12orf47
ATXN2

MAPKAPK5
BRAP

–log10(P value)

8
6
4
2
0

rs1378942
2
r 2 >0.8
r 2 >0.5
50
r >0.2
40
30
20
10
0

rs1378942
combined P = 1 × 10–23

72.4

72.6

72.8

CLK3

CCDC33
CYP11A1

LMAN1L

EDC3
CYP1A1

SEMA7A

CYP1A2

UBL7
ARID3B

of CSK at 15q24 and is one of a cluster of associated SNPs spanning
B72 kb. Genes in the region include CYP1A2 (cytochrome P450
enzyme), CSK (c-src tyrosine kinase), LMAN1L (lectin mannosebinding1 like) and ARID3B (encoding AT-rich interacting domain
protein). Other nearby genes include CYP1A1 (B60 kb) and
CYP11A1 (B418 kb). Cytochrome P450 enzymes are responsible
for drug and xenobiotic chemical metabolism in the liver and cellular
metabolism of arachidonic acid derivatives28, some of which influence
renal function, peripheral vascular tone and blood pressure. CYP1A2
is widely expressed, representing 15% of CYP450 enzymes produced
in the liver and mediating the metabolism of multiple medications. A
correlated SNP, rs762551 (MAF ¼ 0.31, r2 ¼ 0.63, HapMap CEU) in
an intron of CYP1A2 has been found to influence caffeine metabolism29. The ARID3B gene is embryonic lethal when knocked out in
mouse, with branchial arch and vascular developmental abnormalities30, but is potentially interesting because of the presence of ARID5B
at the 10q21 locus described below.
The second DBP SNP is rs16998073 (MAF ¼ 0.21, 0.50 mm Hg
higher per minor allele, P ¼ 1  1021, Table 2 and Fig. 1d), which

73

73.2 (Mb)

C15orf17

C15orf39

CPLX3

COX5A

ULK3
SCAMP2
CSK

MPI

RPP25
SCAMP5
PPCDC

h

DBP 17q21
rs16948048
r 22 >0.8
r 2 >0.5
50
r >0.2
40
30
20
10
0

10
rs16948048
8
–9
6 combined P = 5 × 10
4

–log10(P value)

DBP 15q24

10

TMEM116

2
0

44.4
CALCOCO2
ATP5G1
UBE2Z
SNF8
GIP

44.6
IGF2BP1

44.8

GNGT2
ABI3
PHOSPHO1

45.2 (Mb)

45

ZNF652

B4GALNT2

Recombination rate (cM/Mb)

g

Recombination rate (cM/Mb)

Figure 1 Regional association plots of eight
blood pressure loci. For each locus, we show
the region extending to within 500 kb of a
SNP with P o 104 on either side. Statistical
significance of associated SNPs at each locus
are illustrated on the log10(P) scale as a
function of chromosomal position (NCBI build
35). The sentinel SNP at each locus is shown
in red. The correlation of the sentinel SNP to
other SNPs at the locus is shown on a scale
from minimal (gray and blue) to maximal
(red). The meta-analysis result for stage 1 is
shown with a red square. The joint analysis
result (combined P) for stage 1 + 2a + 2b is
shown with an arrow. Fine-scale recombination
rate from Myers et al.49 is plotted in aqua.

41 (Mb)

40.8

HEXIM2

NMT1

KIF18B

HIGD1B

40.6

DCAKD

GFAP

GJC1

NEURL

40.4

CCDC103

PDCD11

10
rs1530440
8 combined P = 1 × 10–9
6
4
2
0

62.8

EFTUD2

ADAM11

CALHM3

USMG5

DBP 10q21

82 (Mb)

81.8

40.2

CCDC43

PCGF6
TAF5

e

2
0

CALHM2

CNNM2

C10orf26

IIP45

4

INA

AS3MT

SFXN2

MFN2

rs12946454
8
combined P = 1 × 10–8
6

105.2 (Mb)

105

C10orf32

ARL3

VPS13D

104.8

rs12946454
r 2 >0.8
r 22 >0.5
50
r >0.2
40
30
20
10
0

10

Recombination rate (cM/Mb)

ANTXR2

TRIM8

TNFRSF1B

104.6

CYP17A1

Recombination rate (cM/Mb)

81.2

104.4
SUFU

DBP 4q21

rs16998073
10 combined P = 1 × 10–21
8
6
4
2
0

0

12.2 (Mb)

Recombination rate (cM/Mb)
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NPPA

20
10

0

TNFRSF8

PLOD1

CLCN6

FBXO6

d

KIAA2013

AGTRAP

FBXO44

12

4
2

SBP 17q21

–log10(P value)

0

rs11191548
–24
8 combined P = 7 × 10
6

c

–log10(P value)

20
10

rs11191548
2
r 2 >0.8
r 2 >0.5
50
r >0.2
40
30

10
–log10(P value)

4
2

SBP 10q24

–log10(P value)

–log10(P value)

10
8
rs17367504
–13
6 combined P = 2 × 10

b

Recombination rate (cM/Mb)

rs17367504
2
r 2 >0.8
r 2 >0.5
50
r >0.2
40
30

Recombination rate (cM/Mb)

SBP 1p36

Recombination rate (cM/Mb)

a

SLC35B1

PHB

FAM117A
NGFR

MYST2

NXPH3

TAC4

SPOP

lies 3.4 kb upstream of FGF5 (fibroblast growth factor 5) on 4q21. The
FGF5 protein is a member of the fibroblast growth factor (FGF) family
that stimulates cell growth and proliferation in multiple cell types,
including cardiac myocytes, and has been associated with angiogenesis
in the heart31.
The third DBP SNP, rs653178 (MAF ¼ 0.47, 0.46 mm Hg lower
DBP per major allele, P ¼ 3  1018, Table 2 and Fig. 1f) at 12q24 is
in an intron of the ATXN2 gene. This SNP is perfectly correlated with
a missense SNP in exon 3 of SH2B3 (rs3184504, R262W). The minor
allele of rs3184504, which is associated with higher DBP, has recently
been associated with increased odds of type 1 diabetes32, celiac
disease33, myocardial infarction, hypertension and higher eosinophil
and other blood cell counts34. We did not find that other SNPs
previously reported to be associated with type 1 diabetes, celiac
disease or myocardial infarction were associated with blood pressure
(data not shown). SH2B3 is expressed in hematopoietic precursor cells
and in endothelial cells35. Murine knockout of the SH2B3 gene (also
known as lymphocyte-specific adaptor protein, LNK) is associated
with increased hematopoietic progenitors of several lineages36,
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Table 3 Relationship of SNPs at 8 genome-wide significant loci to both blood pressure traits
SNP ID

Position (NCBI35)

Coded allele

Noncoded allele

Coded allele frequency

N (effective)

1

11,797,044

G

A

0.14

34,158

Trait

Beta mm Hg

s.e.

P

SBP

0.79

0.18

1  105

0.50
1.17

0.12
0.22

3  105
3  107

rs11191548

10

104,836,168

T

C

0.91

33,123

DBP
SBP

rs12946454

17

40,563,647

T

A

0.28

32,120

DBP
SBP

0.56
0.68

0.15
0.15

2  104
4  106

rs16998073

4

81,541,520

T

A

0.21

26,106

DBP
DBP

0.34
0.65

0.09
0.11

6  104
7  109

rs1530440

10

63,194,597

T

C

0.19

32,718

SBP
DBP

0.74
0.51

0.17
0.11

1  105
3  106

rs653178

12

110,470,476

T

C

0.53

30,853

SBP
DBP

0.43
0.46

0.16
0.09

7  103
1  107

rs1378942

15

72,864,420

C

A

0.36

34,126

SBP
DBP

0.47
0.48

0.13
0.09

3  104
6  108

rs16948048

17

44,795,465

G

A

0.39

34,052

SBP
DBP

0.62
0.40

0.13
0.09

2  106
5  106

SBP

0.41

0.13

2  103

For each of eight SNPs, the upper row shows association statistics for the blood pressure trait used for the analysis in which they were selected (SBP or DBP). The lower row (in
boldface) shows the equivalent association statistics for the alternate blood pressure trait. Results are shown for the 34,433 individuals in the stage 1 Global BPgen GWAS samples.

The fifth DBP SNP, rs16948048 (MAF 0.39, 0.34 mm Hg higher
DBP per minor allele, P ¼ 5  109, Table 2 and Fig. 1h) at 17q21 is
upstream of ZNF652 (zinc finger protein 652) and PHB (prohibitin).
Neither gene has previously been implicated in hypertension or other
cardiovascular phenotypes.
We observed no significant interaction between the eight genomewide significant SNPs and sex (P 4 0.01, Supplementary Table 4
online). There was also no evidence of heterogeneity of effect across
the samples examined for the eight SNPs (Q-statistic P 4 0.05).
Although we describe here promising candidates at each locus
identified, the causal gene could be any of the genes around the
association signal in each locus (Fig. 1). Fine mapping and resequencing will be required to refine each association signal and to identify
likely causal genetic variants that could be studied further in humans
and in animal models.
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suggesting that the minor allele of the missense SNP in humans results
in a loss of SH2B3 function. In response to inflammatory stimuli, LNK
seems to be a negative regulator of inflammatory signaling pathways
in the endothelial cell, a cell type central to both blood pressure
regulation and the process of atherosclerosis35.
Noticing that the minor T allele of rs3184504 associated with higher
DBP is common in HapMap CEU (frequency 0.45) and absent in
HapMap YRI, JPT and CHB samples, we sought evidence for recent
positive selection. The derived T allele occurs on a long-range
haplotype B1.5 Mb; relative to the haplotypes tagged by the ancestral
allele, this is an unusual genomic feature (SNP-wise standardized
integrated extended haplotype homozygosity [iHS] of 2.76, genebased empirical P value o0.006)37. In addition, measures of population differentiation provide evidence of a local selective sweep in
HapMap CEU (Wright’s FST ¼ 0.26 for CEU-YRI comparison and
0.29 for CEU-JPT/CHB). Finally, an ascertainment-adjusted Fay and
Wu’s H statistic of 35.7 supports the presence of an excess of high
frequency–derived alleles at the locus. In sum, these measures support
the hypothesis that the minor (derived) allele rose quickly to intermediate frequency in European-derived populations, possibly owing
to some selective advantage of immune response to infectious
pathogens. Although enhancing SH2B3 activity might seem attractive
to reduce risk for multiple diseases, the evidence for positive
selection of an apparent loss-of-function allele and pleiotropic consequences suggest that enhancing SH2B3 activity could have unintended consequences.
The fourth DBP SNP, rs1530440 (MAF ¼ 0.19, 0.39 mm Hg lower
per minor allele, P ¼ 1  109, Table 2 and Fig. 1e) at 10q21 is
intronic and one of a cluster of SNPs in C10orf107, an open reading
frame of unknown function. Nearby genes include ARID5B (A- rich
interactive domain 5B (MRF1 like)), TMEM26 (transmembrane
protein 26), RTKN2 (RhoA GTPase effector, rhotekin-2) and
RHOBTB1 (RhoBTB GTPase). The Rho family of GTPases converts
guanine triphosphate to inactive guanine diphosphate. The actions
relating to other GTP-modulating enzymes may modulate salt-sensitive hypertension38,39. The ARID5B gene is a member of the AT-rich
interaction domain family of transcription factors and is highly
expressed in cardiovascular tissue and involved in smooth muscle
cell differentiation40.

∆ BP (s.d.) per coded allele
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rs17367504

Chr.

Figure 2 Relationship of genome-wide significant loci to SBP, DBP and
hypertension. Shown are the effects of each variant on continuous SBP and
DBP and on the odds ratio for dichotomous hypertension compared to
normotension (see Methods). For comparability, SBP and DBP effects are
shown on the s.d. scale (SBP s.d. ¼ 16.6 mm Hg, DBP s.d. ¼ 10.9 mm
Hg). Alleles are coded as shown in Table 2.
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Table 4 Association of eight SBP- and DBP-associated loci with hypertension

SNP ID

Chr

Position (NCBI35)

Continuous Trait

Coded
allele

Coded allele
frequency

Continuous
BP effect

HTN OR

HTN 95% CI

HTN P

N

rs17367504
rs11191548

1
10

11,797,044
104,836,168

SBP
SBP

G
T

0.14
0.91

k
m

0.89
1.16

0.86–0.93
1.11–1.21

2
3  1013

62,803
99,153

rs12946454
rs16998073

17
4

40,563,647
81,541,520

SBP
DBP

T
T

0.28
0.19

m
m

1.07
1.10

1.04–1.11
1.07–1.13

2  105
7  1010

57,410
73,756

rs1530440
rs653178

10
12

63,194,597
110,470,476

DBP
DBP

T
T

0.19
0.53

k
k

0.95
0.93

0.91–0.98
0.91–0.96

2  103
8  107

83,156
60,030

rs1378942
rs16948048

15
17

72,864,420
44,795,465

DBP
DBP

C
G

0.37
0.39

m
m

1.10
1.06

1.07–1.12
1.03–1.09

2  1014
1  104

99,802
62,411

109
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Shown are the results for the top SNP from each genome-wide significant SBP or DBP locus from a logistic regression analysis of the odds of hypertension compared to normotension
(see Methods). For comparison, the effect of the coded allele on the continuous blood pressure trait is shown. The inverse-variance-weighted meta-analysis results are shown. BP,
blood pressure; OR, odds ratio.

All variants are related to both blood pressure traits
It remains to be clarified whether SBP or DBP is the better target for
genetic investigation of blood pressure. The two traits are correlated
and heritable, and both show strong increases with age, with
DBP starting to plateau and in some individuals fall at ages above
60–65 years. Some have advocated the study of pulse pressure (SBP –
DBP), which increases with advancing age, and is correlated positively
with SBP and negatively with DBP and also shows evidence of
heritability. In our GWAS and follow-up, we chose a priori to consider
SBP and DBP as separate traits. Thus, validation was only attempted
for either SBP or DBP, according to the trait for which the stage 1
P value was lowest. Because SBP and DBP are correlated (r B 0.50–
0.70), it is perhaps not surprising to see that all eight genome-wide
significant SNPs are associated with both SBP and DBP with the same
directions of effect (Table 3 and Fig. 2). Thus, our presentation of
results as SBP- or DBP-associated is somewhat arbitrary. The observation that each SNP shows stronger association with one trait or the
other (typically by 1–2 orders of magnitude) could reflect sampling
variation, small effect sizes or true differences in the underlying
biologic basis of one trait or the other. A study designed to examine
pulse pressure would be expected to show weaker (if any) association
signals for the variants identified, which all showed concordant effects
on SBP and DBP.
All variants are related to hypertension
We did not carry out a global GWAS of hypertension, which is
expected to be underpowered to detect common variants of modest
incremental effects on continuous blood pressure. For the eight SNPs
that were genome-wide significant in continuous trait analysis, we
examined the association with hypertension (SBP Z 140 mm Hg or
DBP Z 90 mm Hg or antihypertensive medication use) compared to
normotension (SBP r 120 mm Hg and DBP r 85 mm Hg and no
antihypertensive medication use) in planned secondary analyses
(N range ¼ 57,410–99,802). All alleles associated with continuous
blood pressure were also associated with odds of hypertension in
directions consistent with the continuous trait effect (Table 4 and
Fig. 2). The relative yields of the two approaches remain to be fully
evaluated and will only become clearer upon completion of large
ongoing GWA studies of dichotomous hypertension case-control
collections. However, we examined the hypertension association of
each of the eight SNPs genome-wide significantly associated with
continuous SBP or DBP in the stage 1+2 meta-analysis. In the stage 1
Global BPgen samples alone, four of the eight SNPs had 0.01 o P r
0.10. These SNPs would not have been selected for follow-up
genotyping had these tests been conducted as part of a hypertension

GWAS. Thus, the study of continuous blood pressure allowed us
to identify effects on risk of hypertension that would not have
been readily discovered in a GWAS of hypertension drawn from
these samples.
Extension to non-European samples
To date, the majority of complex disease association signals reaching
genome-wide significance have been concentrated in populations of
European ancestry, and it remains unclear whether these findings will
transfer to individuals with other genetic backgrounds. We genotyped
all stage 2a SNPs (four of which were not confirmed in the European
ancestry analyses) in a separate Indian Asian sample of up to 12,889
individuals. We replicated the association of the SNP at 4q21 near
FGF5 (rs16998073, P ¼ 5  104, Supplementary Table 2) and the
SNP at 10q24 near CYP17A1 (rs11191548, P ¼ 0.008, Supplementary
Table 2). We did not replicate association of the SNP rs1378942 at
CYP1A2 (P ¼ 0.17, same direction), which could reflect limited power
to detect the modest effect size, differences in linkage disequilibrium
patterns in Indian Asians compared to Europeans, or simply lack of
association in individuals of Indian Asian ancestry. The marked allele
frequency differences between the European samples (C allele frequency B0.35), the Indian Asian samples (0.77) and HapMap YRI
(1.00) suggest distinct patterns of genetic variation at this locus across
populations. A signal of positive selection has been suggested at the
locus37, raising the potential functional importance of genetic variation in the region.
DISCUSSION
The eight loci described here and the additional loci reported by
our colleagues in the CHARGE consortium are among the first
confirmed associations between common genetic variants and
blood pressure. Each association explains only a very small proportion
of the total variation in SBP or DBP (B0.05–0.10%, approximately 1
mm Hg per allele SBP or 0.5 mm Hg per allele DBP, Table 2).
However, the variants identified here have an aggregate effect on
blood pressure, acting throughout the range of values (not just
hypertensive), which has been shown to produce meaningful
population changes in cardiovascular and stroke risk. For example,
2 mm Hg lower SBP, across the range of observed values, has
been estimated to translate into 6% less stroke and 5% less coronary
heart disease2,41.
Given the modest effects observed here and the limited power of
this study to detect such effects, it is likely that many more common
variants exist with weak effects upon blood pressure. This study
illustrates the value of well-powered meta-analysis and follow-up
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genotyping, accompanied by in silico analysis, to establish definitively
the relationship of these loci with blood pressure regulation in the
general population.
In a companion paper, the CHARGE consortium reports as
genome-wide significant three of the eight loci that reached genome-wide significance in our Global BPgen joint analysis of stages 1
and 2. CHARGE also reports common variants at five additional
genome-wide significant loci at 11p15 (Global BPgen P ¼ 0.009),
3p22 (P ¼ 0.01), 12q21 (P ¼ 0.008), 12q24 (P ¼ 0.05), and 10p12
(P ¼ 0.004, see companion CHARGE paper)16. Although these SNPs
were not among our top ten SNPs for either blood pressure trait, the
Global BPgen results from in silico exchange and for the same alleles
are clearly consistent with the conclusions of the CHARGE investigators. Among the ten SBP and ten DBP loci at the top of the Global
BPgen results, five loci were represented in the CHARGE top ten
results (Supplementary Table 3). With the modest effect sizes we
observed, it is not surprising that the top ten loci for each blood
pressure trait would show only partial overlap.
We acknowledge that some limitations apply to our study. The
participants in the individual studies comprising Global BPgen and
our follow-up cohorts were ascertained using diverse criteria, had their
blood pressure measured in a variety of ways and showed a broad
range of age and treatment profiles. Even small differences in these
factors could reduce power to detect the association of genetic
variants with modest effect, although such heterogeneity should not
increase the false-positive rate. Even though SBP and DBP are
dynamic phenotypes resulting from multiple competing influences,
estimates of the test-retest reliability of blood pressure measurements are approximately 0.65–0.75 in studies focused on blood
pressure2,42,43. Moreover, a graded relationship between blood pressure measures and cardiovascular risk has been consistently observed,
despite variability in blood pressure measures2. At the individual level,
genetically determined alteration of 1 mm Hg SBP or 0.5 mm Hg DBP
would be difficult to detect in the clinic, but large sample sizes use
group-level differences in means to detect small genetic effects.
We chose a priori to adjust for body mass index (BMI), which
explains B6–8% of the total variation in SBP and DBP, with the goal
of reducing potential nongenetic contributions to blood pressure
variability. Genetic variants could influence blood pressure acting
through BMI as an intermediate, but such variants are best identified
through BMI GWA studies such as those recently reported by Loos
et al.44 and Willer et al.45.
Exposures such as dietary sodium and potassium intake or excessive
alcohol use also contribute to interindividual differences in blood
pressure. These were measured in a minority of our samples and
thus we could not meaningfully adjust for them in our study. Under
the assumption that these do not alter blood pressure systematically by
genotype, we would expect this omission to reduce power only slightly.
We adjusted for use of antihypertensive therapy by adding 15 mm
Hg and 10 mm Hg to SBP and DBP, respectively. This approach has
been shown to be superior to ignoring antihypertensive treatment or
to excluding individuals on therapy13. However, it is clear that factors
such as medication number and dosage and variation in prescription
patterns in different countries and time periods make this adjustment
scheme an oversimplification. Again, such effects should generally bias
our findings toward the null.
There are many classes of widely used therapies with strong
antihypertensive effects. We examined the association of common
variants at the loci extending 100 kb on either side of the genes
encoding the targets for thiazide diuretics (SLC12A3), loop diuretics
(SLC12A1), ACE inhibitors (ACE), angiotensin II receptor type 1

blockers (AGTR1), beta adrenoreceptor blockers (ADRB1, ADRB2),
alpha adrenoreceptor antagonists (ADRA1A, ADRA1B, ADRA1D),
calcium channel blockers (CACNA1S, CACNA1C, CACNA1D, CACNA1F) and aldosterone antagonists (CYP11B2). No results exceeded
chance expectations. This does not exclude the existence of variants of
weaker effects or variants that were missed because they were not
covered by existing arrays.
Moreover, the strength of association of variation in a gene with a
trait (or lack thereof) says nothing about the potential strength of a
drug designed to agonize or antagonize the product of that gene. For
example, a common variant in HMGCR has only a modest effect on
fasting lipids46, yet statin therapy, which inhibits the HMGCR enzyme
to lower LDL cholesterol, substantially lowers risk of cardiovascular
disease. Thus, the implication of modest common variant genetic
effects is not just a function of the ability to identify tendency toward
higher or lower blood pressure in carriers of alternate alleles, but also
the ability to recognize relevant targets for therapy that have defined
in vivo relevance in humans.
Although targeted pharmacotherapy has theoretical appeal, clinical
trials to demonstrate the utility and cost-effectiveness of such
approaches will be required before such personalized medicine can
be endorsed. The association signals identified here will need to be
refined through fine mapping, and resequencing will be needed to
define more fully the allelic spectrum of variants at each locus that
contributes to interindividual differences in blood pressure. Our
findings offer initial insights into the genetic basis of a problem of
global proportions and the potential for an improved understanding
of blood pressure regulation. These loci may point to new targets for
blood pressure reduction and ultimately additional opportunities to
prevent the growing public health burden of cardiovascular disease.
METHODS
Overall study design. An expanded description of the methods is provided in
the Supplementary Methods online. The study comprised two-staged analyses
carried out separately for SBP and DBP. Stage 1 was a meta-analysis of directly
genotyped and imputed SNPs from individuals of European descent in
17 samples drawn from population-based or control samples in case-control
studies in the Global BPgen consortium. In stage 2a, we selected 12 SNPs for
genotyping in up to 71,225 individuals of European descent from 13 studies
and up to 12,889 individuals of Indian Asian ancestry from one study. In stage
2b, we selected 20 SNPs (10 SBP, 10 DBP) for in silico analysis in 29,136
individuals of European descent from the CHARGE consortium (stage 2b, see
Supplementary Fig. 1).
Stage 1 samples. The Global BPgen consortium comprises 17 GWAS studies:
the Baltimore Longitudinal Study of Aging (BLSA), British 1958 Birth Cohort
(B58C-T1DGC and B58C-WTCCC), Cohorte Lausannoise (CoLaus), Diabetes
Genetics Initiative (DGI), European Prospective Investigation of CancerNorfolk-Genome Wide Association Study (EPIC-Norfolk-GWAS), Fenland
Study, Finland-United States Investigation of NIDDM Genetics (FUSION)
study, Invecchiare in Chianti (InCHIANTI), Kooperative Gesundheitsforschung in der Region Augsburg (KORA), the Myocardial Infarction Genetics
Consortium (MIGen), Northern Finland Birth Cohort of 1966 (NFBC1966),
SardiNIA, Study of Health in Pomerania (SHIP), the Precocious Coronary
Artery Disease (PROCARDIS), Supplementation en Vitamines et Minéraux
Antioxydants (SU.VI.MAX) and TwinsUK. We excluded individuals 470 years
of age and individuals ascertained on case status for type 1 or 2 diabetes (DGI,
FUSION), coronary artery disease (MIgen, PROCARDIS) or hypertension
(BRIGHT), leaving 34,433 individuals for analysis (Table 1). A detailed
description of the study design and phenotype measurement for all cohorts
can be found in the Supplementary Methods.
Genome-wide genotyping. Genotyping arrays and quality control filters are
provided in Supplementary Table 1.
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Imputation. Imputation of allele dosage of ungenotyped SNPs in HapMap
CEU v21a or v22 was carried out using MACH47 or IMPUTE48 with
parameters and preimputation filters as specified in Supplementary Table 1.
SNPs were excluded from analysis if the cohort-specific imputation quality as
assessed by r2.hat (MACH) or .info (IMPUTE) metrics was o0.30. In total, up
to 2,497,993 genotyped or imputed autosomal SNPs were analyzed.

© 2009 Nature America, Inc. All rights reserved.

Phenotype modeling. In individuals taking antihypertensive therapies, blood
pressure was imputed by adding 15 mm Hg and 10 mm Hg for SBP and DBP,
respectively13. Continuous SBP and DBP were adjusted for age, age2, body mass
index and any study-specific geographic covariates in sex-specific linear
regression models. In FUSION and SardiNIA, which included family-based
samples, sex-pooled linear regression was carried out with the addition of sex as
a covariate. Residuals on the mm Hg scale were used as univariate traits in
genotype–phenotype analysis.
In secondary analyses, hypertension was defined by the presence of SBP
Z140 mm Hg or diastolic blood pressure Z90 mm Hg or self-report of taking
a medication for the treatment of hypertension. Normotensive controls
were defined as individuals not taking any antihypertensives and having a SBP
r120 mm Hg and a DBP r85 mm Hg.
Genotype–phenotype association analysis. Genotype–phenotype association
of SBP and DBP residuals was carried out under an additive model using
software as specified in Supplementary Table 1. Analysis of hypertension for
eight genome-wide significant continuous blood pressure loci was done using
logistic regression to adjust for age, age2, sex and body mass index.
Meta-analysis of stage 1 samples. All cohort-specific effect estimates and
coded alleles were oriented to the forward strand of the NCBI35 reference
sequence of the human genome, using the alphabetically higher allele as the
coded allele. For example, for a G/T SNP coded GG ¼ 0, GT ¼ 1, TT ¼ 2, the
coded allele would be T. To capture the power loss due to imperfect imputation,
we estimated ‘N effective’, which was the sum of the cohort-specific products of
the imputation quality metric and the sample size. No filtering on minor allele
frequency was used. Genomic control14 was carried out on cohort- and sexspecific test statistics. Lambda estimates are given in Supplementary Table 1;
quantile-quantile plots are shown in Supplementary Figure 2a. Meta-analysis
in stage 1 was conducted using inverse variance weights. Stage 1 meta-analysis
results were subject to genomic control.
Selection of SNPs for stage 2. Twelve SNPs were selected for follow-up in stage 2a
from among the results with P o 105 during interim analyses. For in silico
exchange with the CHARGE consortium (stage 2b), we identified the top
independent loci to select ten SBP and ten DBP SNPs. If a SNP in one top ten
list was also among the top ten for the alternate blood pressure trait, we kept the
locus with the lower P value and went to the next locus on the list for the alternate
blood pressure trait. Because a SNP at the 3q26 locus (MDS1) was selected in an
interim analysis for direct genotyping, it was retained as the tenth locus for DBP
even though its significance was reduced in the final stage 1 DBP GWAS analysis.
Stage 2a samples. We genotyped 12 SNPs in up to 71,225 individuals of
European descent from 13 studies—Utrecht Atherosclerosis Risk in Young
Adults (ARYA), British Genetics of Hypertension (BRIGHT), EPIC-Italy, EPICNorfolk-REP, Finrisk97, FUSION2, London Life Sciences Population (LOLIPOP), Malmö Diet and Cancer-Cardiovascular Cohort (MDC-CC), Metabolic
Syndrome in Men (METSIM), Malmo Preventive Project (MPP), The Prevention of REnal and Vascular ENd stage Disease (PREVEND), Prospect-EPIC and
the Utrecht Health Project (UHP)—and in up to 12,889 individuals of Indian
Asian ancestry from the LOLIPOP study. Summary demographics are shown in
Table 1 and cohort information in the Supplementary Methods.
Stage 2a follow-up genotyping. For genotyping methods and platforms see
Supplementary Methods.
Stage 2b in silico samples. We obtained results based on the analysis of the
Cohorts for Heart and Aging Research in Genome Epidemiology (CHARGE)
consortium, which comprises 29,136 samples from five population-based cohorts.

Pooled analysis of first and second stage samples. Meta-analysis of stage 1, 2a
and 2b results was conducted using inverse variance weighting. Standard errors
were multiplied by the square root of the lambda estimate for genomic control
and are presented throughout the text. Nominal P values after genomic
control14 are presented. We considered associations genome-wide significant
if they exceeded P ¼ 5  108, a Bonferroni correction for the estimated
1 million independent common variant tests in the human genome of
European-derived individuals14,15.
Note: Supplementary information is available on the Nature Genetics website.
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Medical Research Council of the UK (G0000934, G0501942, G9521010D),
Medical Research Council-GlaxoSmithKline (85374), MedStar Research Institute,
Ministerio de Sanidad y Consumo, Instituto de Salud Carlos III (RD06/0009,
CP05/290, PI061254, CIBERESP), Ministry of Cultural Affairs and Social Ministry
(Federal State of Mecklenburg-West Pomerania), National Institute for Health
Research (NIHR), National Institute for Health Research Cambridge Biomedical
Research Centre, Novartis Institute for Biomedical Research, NWO VENI
(916.76.170), Province of Utrecht, Region Skane, Siemens Healthcare
(Erlangen, Germany), Sigrid Juselius Foundation, Stockholm County Council
(562183), Support for Science Funding programme, Swedish Heart and
Lung Foundation, Swedish Medical Research Council, Swedish National
Research Council, Swedish Research Council (8691), Swiss National Science
Foundation (33CSO-122661, 310030-112552, 3100AO-116323/1, PROSPER
3200BO-111362/1, 3233BO-111361/1), UNIL, University of Utrecht, US National
Institutes of Health (U01DK062418, K23HL80025, DK062370, DK072193,
U54DA021519, 1Z01HG000024, N01AG-916413, N01AG-821336, 263MD916413,
263MD821336, Intramural NIA, R01HL087676, K23HL083102, U54RR020278,
R01HL056931, P30ES007033, R01HL087679, RL1MH083268, 263-MA-410953,
NO1-AG-1-2109, N01-HD-1-3107), WCRF (98A04, 2000/30), Wellcome Trust
(068545/Z/02, 076113/B/04/Z, 079895, 070191/Z/03/Z, 077016/Z/05/Z,
WT088885/Z/09/Z).

NATURE GENETICS ADVANCE ONLINE PUBLICATION

9

38

2.1

Genome-wide association study identifies eight

Dissertation Alexander Teumer

loci associated with blood pressure

© 2009 Nature America, Inc. All rights reserved.

ARTICLES
AUTHOR CONTRIBUTIONS
Author contributions are listed in alphabetical order.
Project conception, design, management: ARYA: M.L.B., C.S.U.; BLSA: L.F.;
B58C-T1DGC: D.P.S.; B58C-WTCCC: D.P.S.; BRIGHT: M. Brown, M.C.,
J.M.C., A. Dominiczak, M.F., P.B.M., N.J.S., J.W.; CoLaus: J.S.B., S. Bergmann,
M. Bochud, V.M. (PI), P. Vollenweider (PI), G.W., D.M.W.; DGI: D.A., C.N.-C.,
L.G.; EPIC-Norfolk-GWAS: I.B., P.D., R.J.F.L., M.S.S., N.J.W., J.H.Z. EPIC-Italy:
S. Polidoro, P. Vineis. Fenland Study: R.J.F.L., N.G.F., N.J.W.; Finrisk97: L.P., V.S.;
FUSION: R.N.B., M. Boehnke, F.S.C., K.L.M., L.J.S., T.T.V., J.T.; InCHIANTI:
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2.2 Meta-analysis of 28,141 individuals identies common variants
within ve new loci that inuence uric acid concentrations
Elevated serum uric acid levels cause gout and are a risk factor for cardiovascular disease
and diabetes. The regulation of serum uric acid levels is under a strong genetic control. This
study describes the rst meta-analysis of GWAS from 14 studies totaling 28,141 participants
of European descent.

We showed that common DNA variants at nine dierent loci were

associated with uric acid concentrations, ve of which were novel.

These variants were

SLC22A11 ), monocarboxylic
acid transporter 9 (SLC16A9 ), glucokinase regulatory protein (GCKR ), Carmil (LRRC16A),
and near PDZ domaincontaining 1 (PDZK1 ). Gender-specic eects were shown for variants
within the recently identied genes coding for glucose transporter 9 (SLC2A9 ) and ATPbinding cassette transporter (ABCG2 ).
located within the genes coding for organic anion transporter 4 (

SHIP participated in the meta-analysis with a GWAS of 4087 individuals.

Separate

analyses for women, men and both genders combined were performed to check for genderspecic genetic eects. The strongest gender-specic eect was observed for the minor allele

SLC2A9 ), resulting in a 2-fold larger eect size on serum UA concentrations in
compared to men. For ABCG2, the eect of the minor allele of rs2231142 demon-

of rs734553 (
women

strated a larger eect on UA concentrations in men compared to women.

For the other

loci, eect sizes did not signicantly dier by gender. The lead SNPs of all nine loci were
tested for independent associations, by including all SNPs in a multiple regression model.
This analysis was performed by each cohort individually and the results were meta-analyzed
resulting in succesfull conrmation of the independence.
Taken together, these associations highlight pathways that are important in the regulation of serum uric acid levels and point towards novel potential targets for pharmacological
intervention to prevent or treat hyperuricemia. The newly identied loci are located within
genes that are likely to be involved in liver and kidney specic functional pathways.
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Abstract
Elevated serum uric acid levels cause gout and are a risk factor for cardiovascular disease and diabetes. To investigate the
polygenetic basis of serum uric acid levels, we conducted a meta-analysis of genome-wide association scans from 14 studies
totalling 28,141 participants of European descent, resulting in identification of 954 SNPs distributed across nine loci that
exceeded the threshold of genome-wide significance, five of which are novel. Overall, the common variants associated with
serum uric acid levels fall in the following nine regions: SLC2A9 (p = 5.26102201), ABCG2 (p = 3.1610226), SLC17A1
(p = 3.0610214), SLC22A11 (p = 6.7610214), SLC22A12 (p = 2.061029), SLC16A9 (p = 1.161028), GCKR (p = 1.461029), LRRC16A
(p = 8.561029), and near PDZK1 (p = 2.761029). Identified variants were analyzed for gender differences. We found that the
minor allele for rs734553 in SLC2A9 has greater influence in lowering uric acid levels in women and the minor allele of
rs2231142 in ABCG2 elevates uric acid levels more strongly in men compared to women. To further characterize the
identified variants, we analyzed their association with a panel of metabolites. rs12356193 within SLC16A9 was associated
with DL-carnitine (p = 4.0610226) and propionyl-L-carnitine (p = 5.061028) concentrations, which in turn were associated
with serum UA levels (p = 1.4610257 and p = 8.1610254, respectively), forming a triangle between SNP, metabolites, and UA
levels. Taken together, these associations highlight additional pathways that are important in the regulation of serum uric
acid levels and point toward novel potential targets for pharmacological intervention to prevent or treat hyperuricemia. In
addition, these findings strongly support the hypothesis that transport proteins are key in regulating serum uric acid levels.
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from deposition of monosodium urate crystals in the joints [1].
Increased UA concentrations have been implicated in cardiovascular disease for more than five decades [2]. In addition, elevated
urate is associated with obesity, blood pressure and insulin
resistance, and consequently with the metabolic syndrome and
type 2 diabetes [2,3]. However, UA also has a positive role as an
antioxidant, and is correlated with longevity in mammals [4].
Thus, human physiology is especially sensitive to the precise range
of UA levels.
Besides environmental factors, there is evidence for a strong
genetic influence upon serum UA concentrations, with heritability
estimates of up to 73% [5]. Recently, genome-wide association
(GWA) studies have identified single nucleotide polymorphisms
(SNPs) in the SLC2A9 gene (solute carrier family 2, member 9
gene), a putative glucose transporter, which are strongly associated
with serum UA concentrations and gout [6–9]. This novel gene
locus functions as a high-capacity urate transporter in humans
[8,10]. This emphasises the power of GWA studies in expanding
our understanding at the molecular level of disease mechanisms
and in pointing to innovative therapeutic strategies.
The power of GWA studies to detect common variants with
modest effects directly depends on the size of the study group.
Therefore, the present study sought to detect novel genetic
variants related to serum UA levels by conducting a meta-analysis
of GWA findings from 14 studies (BRIGHT, CoLaus, CROATIA,
Health 2000, KORA F3, KORA S4, ORCADES, PROCARDIS,
NSPHS, SardiNIA, SHIP, SSAGA, MICROS, and TwinsUK)
totalling 28,141 participants. In addition, the meta-analysis was
performed independently on sex specific GWA results to address
the pronounced gender differences in the regulation of UA
concentrations that have previously been reported [1,6]. Identified
variants were further analyzed for association with metabolite
profiles.

Introduction
Uric acid (UA) is the final catabolic, heterocyclic purine
derivative resulting from the oxidation of purines in humans.
Due to the loss of hepatic uricase activity during human evolution,
UA is excreted as such and is not further metabolized into carbon
dioxide and ammonia. A major mechanism underlying hyperuricemia is impaired renal excretion of urate. Most notably, UA is
causally involved in the pathogenesis of gouty arthritis that results

Author Summary
Elevated serum uric acid levels cause gout and are a risk
factor for cardiovascular disease and diabetes. The
regulation of serum uric acid levels is under a strong
genetic control. This study describes the first meta-analysis
of genome-wide association scans from 14 studies
totalling 28,141 participants of European descent. We
show that common DNA variants at nine different loci are
associated with uric acid concentrations, five of which are
novel. These variants are located within the genes coding
for organic anion transporter 4 (SLC22A11), monocarboxylic acid transporter 9 (SLC16A9), glucokinase regulatory
protein (GCKR), Carmil (LRRC16A), and near PDZ domaincontaining 1 (PDZK1). Gender-specific effects are shown for
variants within the recently identified genes coding for
glucose transporter 9 (SLC2A9) and the ATP-binding
cassette transporter (ABCG2). Based on screening of 163
metabolites, we show an association of one of the
identified variants within SLC16A9 with DL-carnitine and
propionyl-L-carnitine. Moreover, DL-carnitine and propionyl-L-carnitine were strongly correlated with serum UA
levels, forming a triangle between SNP, metabolites and
UA levels. Taken together, these associations highlight
pathways that are important in the regulation of serum
uric acid levels and point toward novel potential targets
for pharmacological intervention to prevent or treat
hyperuricemia.
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GWA data of 28,141 individuals of European ancestry yielded 954
SNPs (full list is provided in Table S4) that exceeded the genomewide significance threshold of 561028 (Figure 1A).
Those SNPs cluster around nine loci (Table 1), four of which are
well known regulators of serum UA levels: SLC2A9
(p = 5.26102201),
ABCG2
(p = 3.1610226),
SLC17A1
(p = 3.0610214), and SLC22A12 (p = 2.061029). The first, SLC2A9,
was identified in previous GWA scans (Figure 2C) [6–9]. A total of
788 SNPs reached the genome-wide significance threshold at the
SLC2A9 locus. The strongest associated marker was the intronic
SNP rs734553 (p = 5.26102201, Table 1), which is in high linkage
disequilibrium (r2 = 0.88) with the missense mutation rs16890979
previously described [11]. The second locus was on chromosome
4q22, harbouring the ABCG2 gene (Figure 2D). In accordance with
previous results, the strongest observed association was at rs2231142
(p = 3.1610226, Table 1), a coding SNP leading to a glutamine-tolysine amino acid change at position 141 [11]. The third previously
implicated locus influencing UA levels was on chromosome 6p23p21.3, which contains the SLC17A3 gene (Figure 2F) [11]. The top
associated marker was SNP rs1183201 (p = 3.0610214, Table 1),
intronic of SLC17A1, but the association signal encompassed a
larger region including the SLC17A1, SLC17A3, SLC17A4 genes and
downstream to HIST1H4C, in agreement with the linkage
disequilibrium at this locus. SNP rs1183201 is in high linkage
disequilibrium (r2 = 0.97) with rs1165205, a SNP intronic of
SLC17A3 gene identified by a previous GWA scan [11].
Among the novel loci identified, the strongest was on
chromosome 11q13. One locus was localized upstream and within
the SLC22A11 gene, and represented by SNP rs17300741
(p = 6.7610214, Table 1, Figure 2H). The second signal was
SNP rs505802 (p = 2.061029), representative of all associated
markers falling within and downstream the extensively studied
SLC22A12 gene coding for URAT1 (Figure 2I). The p-value plot
as well as the LD block structure (r2 = 0.09) suggested two nearby
but independently associated regions, which was verified in
multiple regression analysis (Table S5).
The second novel region was on chromosome 2p23.3-p23.2
(Figure 2B). The most significant SNP in this region was SNP
rs780094 (p = 1.461029), intronic of GCKR, a glucokinase regulator
protein recently associated with several quantitative traits including
the regulation of triglycerides levels [12]. We also identified genomewide significant association on chromosome 1q21 (Figure 2A). The
top ranking SNP in this region was rs12129861 (p = 2.761029,
Table 1), located 2 kb upstream of PDZK1 coding for PDZ domaincontaining 1 reported to interact with URAT1 [13]. The fourth
newly detected region was found on chromosome 6p22.2 (Figure 2E),
where the association signal spans two genes, LRRC16A and SCGN,
within one highly preserved LD block. The strongest p-value was
observed for the SNP rs742132, located within an intron of LRRC16A
(p = 8.561029, Table 1). Independence of the LRRC16A and the
SLC17A1 loci (r2 = 0.07) was verified in multiple regression analysis.
P-values and effect estimates only slightly changed between single
SNP analysis and multiple regression analysis (Table S5). Finally, we
also observed some evidence of association on chromosome 10q21.3
(Figure 2G). One SNP within SLC16A9, rs12356193, reached
genome-wide significance (p = 1.161028). However, there were
several additional SNPs within this gene with borderline significance,
supporting the hypothesis that this locus may be a true signal rather
than a false positive result.

Although the results did not show any additional genome-wide
significant locus (Figure 1B and 1C), we were able to query which
of the aforementioned SNPs have sex-specific effects on serum UA
levels (Table 2). For the SLC2A9 gene, we found that in males the
top ranking SNP was still rs734553 (p = 1.1610241), while for
women it was the nearby intronic SNP rs12498742
(p = 2.46102196). Supporting previously reported results, we found
for both markers that the effect size of the minor allele observed in
women was twice the effect size observed in men (p,3.8610217,
Table 2) [6]. The minor allele of rs2231142 in the ABCG2 gene
showed a greater effect size in men compared to women (p = 0.01,
Table 2). Similar, the effect size of the most significant SNP for
males in the ABCG2 gene locus, rs2199936, was greater in men
compared to women (p = 0.008, Table 2). The effect sizes of the
other SNPs were comparable in men and women (Table 2).

Association of Identified Variants with Metabolite Profiles
To further characterize the identified variants, we analyzed
their association with a panel of 163 metabolites measured in the
KORA F4 survey. After correction for multiple testing, one SNP
within SLC16A9, rs12356193, was associated with DL-carnitine
concentrations (b = 23.58, p = 4.0610226), which in turn were
associated with serum UA levels (b = 0.06, p = 1.4610257). In
addition, this SNP was associated with propionyl-L-carnitine
(b = 20.06, p = 5.061028). Similar to DL-carnitine, propionyl-Lcarnitine concentrations were also strongly associated with serum
UA levels (b = 1.78, p = 8.1610254), forming a triangle between
SNP, metabolites and UA levels. None of the other SNPs were
significantly associated with the measured metabolites.

Discussion
Based on meta-analysis of GWA studies including 28,141
individuals, we have mapped 5 novel loci and confirmed 4
previously implicated loci that influence serum UA levels.
Altogether, these associations highlight biological pathways that
are important in the regulation of urate concentrations and may
point to novel targets for pharmacological interventions to prevent
or treat hyperuricemia.
A genome-wide significant p-value was observed for one SNP
within SLC16A9 gene locus, coding for monocarboxylic acid
transporter 9 (MCT9). This is a member of the monocarboxylate
co-transporter family that has been demonstrated to catalyze
transport of monocarboxylic acids across cell membranes [14].
MCT9 is expressed in various tissues including the kidney [15]. As
other sodium monocarboxylate transporters have been found to
influence urate in knockout models this MCT9 isoform might be a
sodium-dependent transporter in the kidney. The second newly
identified locus was GCKR (glucokinase regulatory protein) a
regulator of glucokinase, the first glycolytic enzyme which serves as
a glucose sensor, responsible for glucose phosphorylation in the
liver. Recently, GWA studies for type 2 diabetes identified the
same rs780094 SNP as a potential marker for modulation of
triglyceride levels [16]. Meanwhile, GCKR polymorphisms were
also shown to be associated with metabolic traits like fasting
glucose and, modestly, type 2 diabetes [12,17,18]. Several
potential mechanisms have been proposed to link serum UA
concentrations with metabolic traits. Exogenous insulin decreases
renal sodium and urate excretion [19]. Furthermore, renal
clearance of UA is inversely related to the degree of insulin
resistance [20]. Finally, insulin resistance is thought to be
accompanied by impaired oxidative phosphorylation in hepatic
mitochondria, leading to increased concentrations of co-enzyme A
esters and thus to increased systemic adenosine concentrations

Sex-Stratified Meta-Analysis Identifies Male and Female
Specific Variants
We have also performed a meta-analysis of sex specific GWA
results using all 14 studies (12,328 males, 15,813 females).
PLoS Genetics | www.plosgenetics.org
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Figure 1. Genome-wide association results. Manhattan plots showing significance of association of all SNPs in the meta-analysis for (A) men and
women combined, (B) men only, and (C) women only. SNPs are plotted on the x-axis according to their position on each chromosome against
association with uric acid concentrations on the y-axis (shown as 2log10 p-value).
doi:10.1371/journal.pgen.1000504.g001
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Table 1. Nine loci associated with uric acid concentrations.

Loci

SNP

Chr*

Frequency
(Effect allele)

Position (bp) Allele
Effect

Other

Explained
variability

All individuals
N

beta

[95% CI]

p-value

PDZK1

rs12129861

1

144437046

A

G

46.40%

25627

20.062

[20.083; 20.042]

2.68E-09

0.19%

GCKR

rs780094

2

27594741

T

C

41.70%

27991

0.052

[0.035; 0.068]

1.40E-09

0.13%

SLC2A9

rs734553

4

9532102

T

G

76.81%

27817

0.315

[0.294; 0.335]

5.22E-201

3.53%

ABCG2

rs2231142

4

89271347

T

G

10.77%

23622

0.173

[0.141; 0.205]

3.10E-26

0.57%

LRRC16A

rs742132

6

25715550

A

G

69.57%

27923

0.054

[0.036; 0.072]

8.50E-09

0.12%

SLC17A1

rs1183201

6

25931423

A

T

48.24%

27908

20.062

[20.078; 20.459]

3.04E-14

0.19%

SLC16A9

rs12356193

10

61083359

A

G

82.68%

23559

0.078

[0.051; 0.105]

1.07E-08

0.17%

SLC22A11

rs17300741

11

64088038

A

G

51.06%

27727

0.062

[0.046; 0.078]

6.68E-14

0.19%

SLC22A12

rs505802

11

64113648

T

C

69.83%

27967

20.056

[20.074; 20.038]

2.04E-09

0.13%

*

Chromosome.
Shown is the most significant SNP for each independent locus associated (p,561028) with uric acid concentrations on meta-analysis in the complete dataset. Position
is given for NCBI Build 36. Effect estimates result from additive linear regression on Z-scores of uric acid concentrations. P-values have been combined weighting by the
inverse variance. The effect allele is the allele to which the beta (effect) estimate refers.
doi:10.1371/journal.pgen.1000504.t001

Figure 2. Regional association plots of nine urate loci. P-value plots showing the association signals in the region of (A) PDZK1 on
chromosome 1, (B) GCKR on chromosome 2, (C) SLC2A9 on chromosome 4, (D) ABCG2 on chromosome 4, (E) LRRC16A on chromosome 6, (F) SLC17A1
on chromosome 6, (G) SLC16A9 on chromosome 10, (H) SLC22A11 on chromosome 11, and (I) SLC22A12 on chromosome 11. 2log10 p-values are
plotted as a function of genomic position (NCBI Build 36). Large diamonds in red indicate the most significant SNP in the region while other SNPs in
the region are given as colour-coded smaller diamonds. Red diamonds indicate high correlation with the lead SNP (r2.0.8), orange diamonds
indicate moderate correlation with the most significant SNP (0.5,r2,0.8), yellow indicates markers in weak correlation with the most significant SNP
(0.2,r2,0.5), white indicates no correlation with the most significant SNP (r2,0.2). Estimated recombination rates (HapMap Phase II) are given in
light blue, genes as well as the direction of transcription (NCBI) are displayed by green bars.
doi:10.1371/journal.pgen.1000504.g002
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rs12498742

rs2231142

rs2199936

rs742132

rs1183201

rs9393672

rs942379

rs12356193

SLC2A9

ABCG2

ABCG2

LRRC16A

SLC17A1

SLC17A1

SLC17A1

SLC16A9

11

11

11

10

6

6

6

6

4

4

4

4

2

2

1

1

64113648

64090690

64088038

61083359

25957599

25950584

25931423

25715550

89264355

89271347

9553150

9532102

27596107

27594741

144435096

144437046

Position (bp)

T

T

A

A

A

T

A

A

A

T

A

T

T

T

A

A

Effect
Allele
p-value

12232

12259

12120

10315

12215

12252

12206

12235

10323

10324

12274

12178

12243

12255

12225

11888

20.073

20.066

0.066

0.089

20.076

20.074

20.076

0.062

0.222

0.221

0.208

0.220

0.047

0.050

0.072

20.080

[20.102; 20.044]

[20.093; 20.039]

[0.039; 0.093]

[0.047; 0.131]

[20.103; 20.049]

[20.101; 20.047]

[20.103; 20.049]

[0.033; 0.091]

[0.173; 0.272]

[0.171; 0.270]

[0.176; 0.239]

[0.188; 0.252]

[0.020; 0.074]

[0.023; 0.077]

[0.044; 0.099]

[20.108; 20.048]

7.22E-07

1.62E-06

1.50E-06

3.57E-05

2.24E-08

6.22E-08

2.52E-08

2.68E-05

1.65E-18

2.25E-18

1.50E-38

1.13E-41

6.18E-04

3.05E-04

2.94E-07

3.68E-07

15735

15750

15607

13244

15686

15738

15702

15688

13218

13298

15761

15639

15751

15736

14289

13739

N

[95% CI]

N

beta

Women

Men

-0.047

-0.061

0.060

0.073

20.054

20.056

20.055

0.048

0.133

0.138

0.395

0.397

0.056

0.055

0.0403

20.047

beta

[20.070; 20.023]

[20.081; 20.041]

[0.040; 0.080]

[0.039; 0.108]

[20.074; 20.034]

[20.076; 20.036]

[20.075; 20.036]

[0.024; 0.071]

[0.091; 0.176]

[0.096; 0.181]

[0.369; 0.420]

[0.371; 0.423]

[0.035; 0.076]

[0.034; 0.077]

[0.016; 0.064]

[20.075; 20.019]

[95% CI]

1.02E-04

3.22E-09

3.60E-09

3.29E-05

1.01E-07

2.77E-08

4.48E-08

8.14E-05

6.85E-10

1.13E-10

2.36E-196

1.05E-192

2.30E-07

3.11E-07

1.10E-03

9.10E-04

p-value

20.026

20.033

0.006

0.016

20.022

20.018

20.021

0.014

0.089

0.083

20.187

20.177

20.009

20.005

0.031

20.033

D beta
(men - women)

Difference
p-value

0.161

0.757

0.735

0.582

0.198

0.296

0.224

0.449

0.008

0.013

2.1E-19

3.8E-17

0.617

0.744

0.094

0.140

Chromosome.
Shown are the gender-specific loci for the most significant SNP at the nine associated loci. Positions are given according to NCBI Build 36. Effect estimates result from additive linear regression on Z-scores of uric acid concentrations
when only males (or females) were considered for the analysis. P-values have been calculated using weighting by the inverse variance. The effect allele is the allele to which the beta (effect) estimate refers. When different from the
main meta-analysis, the most associated marker in males (females) is also listed.
doi:10.1371/journal.pgen.1000504.t002

*

rs505802

rs734553

SLC2A9

SLC22A12

rs780093

GCKR

rs17300741

rs780094

GCKR

rs2078267

rs1471633

PDZK1

SLC22A11

rs12129861

PDZK1

Chr*

2.2

SLC22A11

SNP

Loci

Table 2. Gender specific association results at the nine loci.
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concentrations in women compared to men. For ABCG2, the effect
of the minor allele of rs2231142 demonstrated a larger effect on
UA concentrations in men compared to women. For the other
loci, effect sizes did not significantly differ by gender.
The rapidly evolving field of metabolomics aims at a
comprehensive measurement of endogenous metabolites in a cell
or body fluid [29]. Based on screening of 163 metabolites, we have
observed an association of one of the identified variants,
rs12356193 within SLC16A9, with DL-carnitine and propionylL-carnitine. Moreover, DL-carnitine and propionyl-L-carnitine
were strongly correlated with serum UA levels, forming a triangle
between SNP, metabolites and UA levels. Carnitine is acquired
from diet and endogenous biosynthesis. Its primary function is in
the transport of long chain fatty acids. After strenuous physical
exercise, both acylcarnitine and UA levels increase in the serum of
healthy humans [30]. In spontaneously hypertensive rats, Lcarnitine decreases serum UA levels and the age-dependent rise in
serum UA [31,32]. Kidneys absorb 95% of carnitine from the
glomerular filtrate via an active Na+-dependent transport
mechanism [33]. Impairment of this reabsorptive function can
lead to carnitine deficiency, in which hyperuricemia may be
present because carnitine competes for renal tubular excretion
[34]. Although experimental data are few, currently available data
suggest that urinary acylcarnitine, which reflects the balance
between dietary intake of carnitine and renal excretion, may be
linked to serum UA via oxidative stress pathways [35]. Given that
palmitoyl carnitine inhibits binding of Ca2+ channel ligands to rat
brain cortical membranes and to inhibit voltage-activated Ca2+
channel currents, acylcarnitines may also have direct influences on
MCT9 [36].
Overall, serum UA concentrations are mainly determined by
the balance between urate production and renal excretion. We
have identified nine loci that are associated with serum UA levels
and six of them harbor genes that code for renal transport
proteins. Most notably, five of these transport proteins belong to
the family–and moreover, to one phylogenetic cluster within this
family [37]. These findings strongly support the hypothesis that
genetic variation in urate transport proteins are the key influences
upon regulation of serum UA levels in humans.

[21]. Increased adenosine, in turn, may result in renal retention of
sodium, urate, and water [21,22]. This provides a putative
mechanism for hyperuricaemia via both the break down of
adenosine to urate and increased renal urate retention [21,22].
We also found evidence for association in a region containing
two genes, LRRC16A and SCGN. The strongest association was
located within LRRC16A coding for CARMIL. This large protein
is most abundant in kidney and epithelial tissues and serves as an
inhibitor of the heterodimeric actin capping protein (CP), an
essential element of the actin cytoskeleton which binds to the
barbed ends of actin filaments and regulates their polymerization
[23]. The multiple biochemical functions associated with CARMIL raise many possibilities for its mechanism of action in cells,
but the relation of CARMIL to UA concentration is thus far
unclear. The nearby SCGN is coding for Secretagogin, a calciumbinding protein selectively expressed in neuroendocrine tissue and
pancreatic beta-cells. The function of Secretagogin is unknown,
but it has been suggested to influence calcium influx and insulin
secretion [24].
We also demonstrated association of SNPs in SLC22A11 and
SLC22A12 with UA concentrations. SLC22A12 encodes the
extensively studied URAT1, a member of the organic anion
transporter (OAT) family [25]. URAT1, a well known candidate
gene for UA accumulation/transport, mediates the non-voltagedependent exchange of urate for several organic anions [1].
SLC22A11 codes for OAT4, an OAT isoform which, like URAT1,
is localized at the apical membrane of the proximal tubules. OAT4
serves as an organic anion–dicarboxylate exchanger, which
mediates urate transport across the apical membrane of kidney
[26,27]. In combination with these findings, we also identified
genome-wide significant association of SNPs in and upstream of
PDZK1, coding for PDZ domain containing 1, a scaffolding
protein reported to interact with OAT4, URAT1 and NTP1
(SLC17A1) via their C-terminal PDZ motifs [13,28]. It has been
proposed that the PDZ scaffold may form a bidirectional transport
system by linking URAT1 (reabsorption) and NPT1 (secretion)
leading to a functional complex responsible for the balanced urate
transport regulation at the apical membrane of renal proximal
tubules [1,28].
In accordance with previous genome-wide studies, the strongest
effect on serum UA concentrations was detected for SLC2A9, [6–9]
coding for GLUT9, which has been shown to be strongly
associated with hyperuricemia and gout and to serve as a highcapacity urate transporter in humans [8,10]. Additional confirmed
loci include ABCG2 and SLC17A1 [11]. ABCG2 is a member of the
ATP-binding cassette (ABC) superfamily of membrane transporters, while the SLC17A1 locus, located directly downstream of the
recently identified SLC17A3 locus (NPT4), encodes NPT1 (renal
sodium phosphate transport protein 1). The human NPT1 is
localized at the apical membrane of renal proximal tubules and
serves as a voltage-driven UA transporter in model systems [28].
Although several of the SNPs associated with uric acid
concentrations in this meta-analysis are located within genes that
are plausible candidates for influencing uric acid concentrations,
our association approach is not able to identify underlying genes or
mechanisms in the regions of association signals. Therefore, other
genes might be responsible for the observed associations and
functional studies are warranted to identify the causal variants and
provide insights in the underlying biological mechanisms.
Pronounced gender differences in the regulation of serum UA
concentrations have been reported for both humans and animals
[1,6]. In line with our previous findings, [6] the strongest genderspecific effect was observed for the minor allele of rs734553
(SLC2A9), resulting in a 2-fold larger effect size on serum UA
PLoS Genetics | www.plosgenetics.org

Materials and Methods
Study Participants
The present meta-analysis combined data from 14 GWA scans:
British Genetics of Hypertension (BRIGHT), Cohorte Lausannoise (CoLaus), Vis Island Isolate Study (CROATIA), Health
2000 cohort (Health 2000), two surveys of the Cooperative Health
Research in the Region of Augsburg (KORA F3, KORA S4),
Orkney Complex Disease Study (ORCADES), Precocious Coronary Artery Disease (PROCARDIS), Northern Swedish Population Health Study (NSPHS), SardiNIA Study of Aging (SardiNIA),
Study of Health in Pomerania (SHIP), Semi-Structured Assessment for Genetics of Alcoholism (SSAGA), Microisolates in South
Tyrol (MICROS), and UK Adult Twin Register (TwinsUK).
Altogether, the meta-analysis comprises 28,141 individuals (12,328
males, 15,813 females) of European ancestry with measured serum
UA concentrations (Table S1). Approval was obtained by local
ethic committees for all studies and informed consent was given
from the study participants. A detailed individual description of
study designs is provided in Text S1.

Genome-Wide Genotyping and Imputation
Six different platforms/arrays were used for genotyping: the
Affymetrix 500 K GeneChip array (4 cohorts, n = 13,103), the
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Affymetrix 6.0 GeneChip array (2 cohorts, n = 5,901), Illumina
HumanHap 300 (5 cohorts, n = 3,609), Illumina Human 610 K
Beadchip (1 cohort, n = 2,212), Illumina HumanHap 300-Duo (1
cohort, n = 2,113), and Illumina Human 1 M beadchip (1 cohort,
n = 1,203). Imputation of allele dosage of SNPs typed in the
HapMap CEU population was performed using either MACH
[38] or IMPUTE [39] with parameters and pre-imputation filters
as specified in Table S2. All SNPs with a minor allele frequency
,0.01 were excluded from analysis. SNPs were also excluded if
the cohort-specific imputation quality as assessed by r2.hat
(MACH) or .info (IMPUTE) metrics was ,0.30 or ,0.40,
respectively. In total, up to 2,493,963 genotyped or imputed
autosomal SNPs were analyzed.

association testing Z-scores were calculated in each stratum
separately. Study-specific results of the most significant SNP at
each locus are presented in Table S3. The results from all 14
GWA scans were combined into a fixed-effects meta-analysis with
inverse variance weighting, using the METAL package (www.sph.
umich.edu/csg/abecasis/metal). The individual studies were
corrected for residual inflation of the test statistic using genomic
control methods for genotyped and imputed SNPs combined [40].
For the overall meta-analysis, the inflation factor was 1.028, no
further correction was applied. Quantile-quantile plots of the
association results are shown in Figure S1, study-specific quantilequantile plots are illustrated in Figure S2 and S3. Associations
were considered genome-wide significant below p = 561028,
which corresponds to a Bonferroni correction for the estimated
one million independent common variant tests in the human
genome of European individuals [41]. We also tested whether the
effect estimate resulting from the gender-specific fixed effect metaanalysis differed significantly between men and women by
applying a t-test comparing effect and standard error estimates
in men with the effect and standard error estimates in women.
Genome-wide significant SNPs were tested for independent
associations, by including all SNPs in a multiple regression model,
and then performing inverse variance weighted meta-analysis,
across all cohorts (except for Health 2000), of the coefficient for
each SNP. The analysis of metabolites was performed using the
same linear regression adjusted by sex and gender as in the
genome-wide scan. To specify the dependency of uric acid on
metabolite concentration, a univariate regression model without
further transformation or adjustment was used. The multiple
regression and metabolite analysis were performed using either
posterior expected allele dosages, or on best-guess imputed
genotypes, with the statistical analysis software R.

Uric Acid Measurements
Non-fasting blood samples were obtained from study participants of BRIGHT, KORA, NSPHS, SardiNIA, SHIP and
SSAGA and fasting samples from those of CoLaus, PROCARDIS, CROATIA, Health 2000, MICROS, ORCADES and
TwinsUK. UA analyses were carried out on fresh samples in all
studies except from BRIGHT, NSPHS, CROATIA, MICROS
and SSAGA, where frozen serum was used that was stored at
220uC (BRIGHT) or 270uC (NSPHS, SSAGA, CROATIA,
MICROS). UA concentrations were measured using an uricase/
peroxidase method (CROATIA, MICROS, NSPHS and ORCADES: DVIA1650-Autoanalyzer, Siemens Healthcare Diagnostics) or an uricase method (BRIGHT: Hitachi, Roche Diagnostics;
CoLaus: uricase PGP, Roche Diagnostics; Health 2000: Thermo
Fisher Scientific, Vantaa; KORA F3: URCA Flex, Dade Behring;
KORA S4: UA Plus, Roche; PROCARDIS: Hitachi 917, Roche
Diagnostics; SardiNIA: Bayer; SHIP: UA PAP, Boehringer;
SSAGA: Hitachi 747, Boehringer; TwinsUK: Ektachem/Vitros
system, Johnson & Johnson Clinical Diagnostics).

Accession Numbers

Metabolite Measurements

The OMIM (http://www.ncbi.nlm.nih.gov/OMIM) accession
numbers for genes mentioned in this article are PDZK1 (603831),
GCKR (600842), SLC2A9 (606142), ABCG2 (603756), LRRC16A
(609593), SLC17A1 (182308), SLC22A11 (607097), and SLC22A12
(607096). The HGNC (http://www.gene.ucl.ac.uk) accession
number for SLC16A9 is 23520.

Metabolomic analyses were conducted in 2020 randomly
selected participants (ages 32–81 years) of the KORA F4 survey,
a follow-up survey of KORA S4. Genotype information was
available for 1814 of these participants. Fasting blood samples
were collected in 2006–2008. Blood was drawn into serum gel tube
in the morning between 8 and 10 am. The tube was gently
inverted two times, followed by 30 minutes resting at room
temperature to obtain complete coagulation, and finally centrifugation of blood was performed at 2750 g, 15uC for 10 minutes for
serum collection. Serum was aliquoted and kept at 4uC for a
maximum of 6 hours, after which it was frozen at 280uC until
analyses. Liquid handling of serum samples (10 ml) was performed
with Hamilton Star (Hamilton Bonaduz AG, Bonaduz, Switzerland) robot and prepared for quantification with AbsoluteIDQ kit
(BIOCRATES Life Sciences AG, Innsbruck, Austria). Sample
analyses were done on API4000 Q TRAP LC/MS/MS System
(Applied Biosystems, Darmstadt, Germany) equipped with Schimadzu Prominence LC20AD pump and SIL-20AC auto sampler.
The complete analytical process (e.g. the targeted metabolite
concentration) was performed using the MetIQ software package,
which is an integral part of the AbsoluteIDQ Kit. A total of 163
metabolites were measured. The metabolomics dataset contains 14
amino acids, one sugar, 41 acylcarnitines, 15 sphingolipids, and 92
glycerophospholipids.

Supporting Information
Figure S1 Quantile-quantile plots of association results. Metaanalysis was performed using sample-size weighted Z-scores after
cohort-specific genomic control. Shown are expected p-values
plotted against observed p-values resulting from meta-analysis
based on all subjects (1st row), only males (2nd row) and only
females (3rd row) for all analysed SNPs (left column) and for all
analysed SNPs excluding the SLC2A9 region (GLUT9, right
column).
Found at: doi:10.1371/journal.pgen.1000504.s001 (1.25 MB TIF)
Figure S2 Study-specific quantile-quantile plots. Shown are
expected p-values plotted against observed p-values resulting from
each single study before (black dots) and after (blue dots) genomic
control correction. The study-specific l-values were l = 1.007
(BRIGHT), l = 1.025 (CoLaus), l = 1.013 (CROATIA), l = 1.024
(Health 2000), l = 1.006 (KORA F3), l = 1.016 (KORA S4),
l = 1.246 (MICROS), l = 1.253 (NSPHS), l = 1.182 (ORCADES), l = 1.022 (PROCARDIS), l = 1.090 (SardiNIA),
l = 1.031 (SHIP), l = 1.022 (SSAGA) and l = 1.122 (TwinsUK).
For the overall meta-analysis, the inflation factor was 1.028.
Found at: doi:10.1371/journal.pgen.1000504.s002 (1.95 MB TIF)

Statistical Analysis
GWA scans were made using an additive genetic model on Zscores, calculated by adjusting serum UA levels for age and sex
using linear regression and standardizing residuals. In sex-specific
PLoS Genetics | www.plosgenetics.org

8

49

June 2009 | Volume 5 | Issue 6 | e1000504

2.2

Meta-analysis of 28,141 individuals identifies

common variants within five new loci that influence
Dissertation Alexander Teumer

uric acid concentrations

Meta-Analysis on Uric Acid Levels

of the Swiss Institute of Bioinformatics. The CoLaus authors thank
Yolande Barreau, Mathieu Firmann, Vladimir Mayor, Anne-Lise Bastian,
Binasa Ramic, Martine Moranville, Martine Baumer, Marcy Sagette,
Jeanne Ecoffey, and Sylvie Mermoud for data collection. The CROATIA
authors are grateful to Professor Pavao Rudan and the staff of the Institute
for Anthropological Research in Zagreb, Croatia (organization of the field
work, anthropometric and physiological measurements, and DNA
extraction); Professor Ariana Vorko-Jovic and the staff and medical
students of the Andrija Stampar School of Public Health of the Faculty of
Medicine, University of Zagreb, Croatia (questionnaires, genealogial
reconstruction and data entry). The CROATIA authors acknowledge the
Wellcome Trust Clinical Research Facility (Edinburgh) for performing the
genotyping. The KORA authors acknowledge the contribution of P.
Lichtner, G. Eckstein, G. Fischer, L. Geistlinger, and N. Klopp and all
other members of the Helmholtz Zentrum München genotyping staff for
generating the SNP data. The KORA authors also want to thank C. Prehn
and W. Römisch-Margl for support and advice, and A. Sabunchi, H.
Chavez, B. Hochstrat and T. Halex for technical assistance during the
metabolite analyses as well as all members of field staffs who were involved
in the planning and conduct of the KORA Augsburg studies. The
MICROS authors are grateful to the primary care practitioners Raffaela
Stocker, Stefan Waldner, Toni Pizzecco, Josef Plangger, Ugo Marcadent,
and the personnel of the Hospital of Silandro (Department of Laboratory
Medicine) for their participation and collaboration in the research project.
The NSPHS authors are grateful to the Uppsala Genome Center for
performing the genotyping, the contribution of samples from the Medical
Biobank in Umeå and the contribution of the district nurse Svea Hennix in
the Karesuando study. DNA extractions for ORCADES were performed
at the Wellcome Trust Clinical Research Facility in Edinburgh. The
ORCADES authors would like to acknowledge the invaluable contributions of Lorraine Anderson and the research nurses in Orkney, the
administrative team in Edinburgh and the people of Orkney. The
PROCARDIS authors acknowledge the technical contributions of Anuj
Goel, Simon Heath, Ivo Gut, and Ann-Christine Syvänen. The SardiNIA
authors thank the team of the physician, the nurses and the genotyping
team of biologists: Gianluca Usala, Fabio Busonero, Andrea Maschio,
Sandra Lai, Mariano Dei, and Antonella Mulas. The SHIP authors are
grateful to Stefan Funke for the opportunity to use his Server Cluster for
SNP Imputation, and to the contribution of Florian Ernst, Anja Hoffmann,
and Astrid Petersmann in generating the SNP data. The SSAGA authors
thank Professors Nicholas Martin and Grant Montgomery and all
members of the Genetic Epidemiology and Molecular Epidemiology
Laboratories who were involved in the planning and conduct of the
SSAGA studies. The TwinsUK authors thank the staff from the TwinsUK,
the DNA Collections and Genotyping Facilities at the Wellcome Trust
Sanger Institute for sample preparation; Le Centre National de
Génotypage, France, led by Mark Lathrop, for genotyping; Duke
University, North Carolina, United States of America, led by David
Goldstein, for genotyping; and the Finnish Institute of Molecular Medicine,
Finnish Genome Center, University of Helsinki, led by Aarno Palotie. The
UA measurements (ORCADES, MICROS, CROATIA) were performed
in Regensburg in the laboratory of Professor Schmitz. The details and full
memberships of the consortia are listed at http://www.procardis.org for
the PROCARDIS consortium, http://www.helmholtz-muenchen.de/
kora/ for the KORA study, http://www.euengage.org for the ENGAGE
consortium and http://homepages.ed.ac.uk/s0565445/ for the EUROSPAN consortium. See Text S1 for membership and affiliations of the
Wellcome Trust Case Control Consortium.

Study-specific quantile-quantile plots excluding
GLUT9. Shown are expected p-values plotted against observed
p-values resulting from each single study before (black dots) and
after (blue dots) genomic control correction, excluding SNPs in the
SLC2A9 (GLUT9) region on chromosome 4 (positions 9194245 to
10270832).
Found at: doi:10.1371/journal.pgen.1000504.s003 (1.91 MB TIF)

Figure S3

Table S1 Study sample characteristics. Characteristics are
shown by study for British Genetics of Hypertension (BRIGHT),
Cohorte Lausannoise (CoLaus), Vis island isolate study (CROATIA), Health 2000 cohort (Health 2000), two surveys of the
Cooperative Health Research in the Region of Augsburg (KORA
F3, KORA S4), Orkney Complex Disease Study (ORCADES),
Precocious Coronary Artery Disease (PROCARDIS), Northern
Swedish Population Health Study (NSPHS), SardiNIA Study of
Aging (SardiNIA), Study of Health in Pomerania (SHIP), SemiStructured Assessment for Genetics of Alcoholism (SSAGA),
Microisolates in South Tyrol (MICROS) and UK Adult Twin
Register (TwinsUK). Age is given as mean and range in brackets.
Uric acid concentrations (UA) are given as mean and appropriate
standard deviation (SD). NA indicates not applicable.
Found at: doi:10.1371/journal.pgen.1000504.s004 (0.06 MB
DOC)
Table S2 Genotyping, imputation and analysis procedures by
study. Shown are the genotyping platforms, quality control (QC)
filters applied before imputation, imputation software, number of
SNPs and genotype-phenotype association software.
Found at: doi:10.1371/journal.pgen.1000504.s005 (0.07 MB
DOC)

Study-specific results. Shown are study-specific results
of the most significant SNP at each locus.
Found at: doi:10.1371/journal.pgen.1000504.s006 (0.23 MB
DOC)

Table S3

Table S4 Full list of genome-wide significant SNPs. Shown is a
full list of SNPs that exceeded the threshold of genome-wide
significance (p,561028). Position is given for NCBI Build 36.
Effect estimates result from additive linear regression on Z-scores
of uric acid concentrations. P-values have been calculated using
weighting by the inverse variance. The effect allele is the allele to
which the beta (effect) estimate refers.
Found at: doi:10.1371/journal.pgen.1000504.s007 (2.01 MB
DOC)

Multiple regression analysis. Genome-wide significant
SNPs were tested for independent associations, by including all
nine SNPs in a multiple regression model, and then performing
inverse variance weighted meta-analysis, across participating
cohorts (except for Health2000), of the coefficient for each SNP.
Found at: doi:10.1371/journal.pgen.1000504.s008 (0.04 MB
DOC)

Table S5

Text S1 Study design. This section describes additional study
specific characteristics.
Found at: doi:10.1371/journal.pgen.1000504.s009 (0.14 MB
DOC)
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2.3 Genetic variants associated with cardiac structure and function: a meta-analysis and replication of genome-wide association data
Echocardiographic measures of left ventricular (LV) structure and function are heritable
phenotypes of cardiovascular disease.

The presence of LV hypertrophy and increased LV

mass predict the development of coronary heart disease, congestive heart failure, stroke,
cardiovascular disease and all-cause mortality. To discover previously unsuspected common
genetic variants that are associated with LV parameters, a 2-stage genome-wide association
analysis was conducted. Five studies contributed genome-wide association data to the discovery stage (stage 1), and 2 studies contributed to the replication (stage 2) phase which
included the association results from SHIP. All 7 cohorts formed the EchoGen consortium
that enrolled participants of European ancestry.
Measurements of LV internal dimension, the thicknesses of the posterior wall and interventricular septum, and the diameter of the aortic root and the left atrium at endsystole
were obtained by using echocardiography examinations of the study's participants. In detail,
the following LV parameters were tested for genetic associations during stage 1: the diameter
of the aortic root, the left atrial size (LA), the LV diastolic internal dimension (LVDD), the
left ventricular wall thickness (LVWT) which was calculated as the sum of posterior wall
and interventricular septum measurements, the LV mass (LVM) which was calculated from
LV diastolic internal dimension, interventricular septum and posterior wall, the LV systolic
dysfunction (LVSD) which was dened as the presence of reduced fractional shortening that
corresponds to an ejection fraction of 50%. The diameter of aortic root, LA, LVDD, LVWT
and LVM were analyzed as continuous traits using linear regression whereas LVSD was analyzed as a binary trait using a logistic regression model. All outcomes were adjusted for
age, sex, height, and weight using the allele dosage of the genotypes in an additive model.
In 3212 individuals from the SHIP cohort the associations of the 18 SNPs that were
carried to the stage 2 analysis were tested for association to each of the echocardiographic
traits except LA. One SNP, rs8031633 of locus 15q14, could not be tested for association
because it was monomorphic in the SHIP dataset. Finally, 7 of these SNPs representing ve
dierent loci replicated signicantly in stage 2. These SNPs were associated with LVDD (1
locus) and aortic root diameter (4 loci) showing very modest eect sizes and the proportion
of variance explained between 0.2% and 0.5% for LVDD, and 1% to 3% for aortic root size.
The LVDD associated SNPs are located on chromosome 6q22 covering the genes
and

C6orf204

SLC35F1

which are expressed in cardiac tissue, whereas their role in cardiac physiology

is as yet unknown.

Another gene in this locus is PLN which encodes phospholamban, a
+

protein that inhibits cardiac muscle sarcoplasmic reticulum Ca2 -ATPase and regulates
diastolic function. Mutations in
of dilated cardiomyopathy.

PLN

have been shown to be involved in the pathogenesis

The four dierent loci associated with aortic root size cover

SMG6 (17p13) as well as intergenetic regions in variable distance from the genes
CCDC100 (5q23), HMGA2 (12q14) and PDE3A (12p12). SMG6 is known to be expressed

the gene

in aortic tissue.

These ndings are novel and the biological mechanisms underlying these

associations and their functional importance to cardiovascular disease have to be unraveled
by additional investigations.
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Context Echocardiographic measures of left ventricular (LV) structure and function
are heritable phenotypes of cardiovascular disease.
Objective To identify common genetic variants associated with cardiac structure and
function by conducting a meta-analysis of genome-wide association data in 5 populationbased cohort studies (stage 1) with replication (stage 2) in 2 other community-based samples.
Design, Setting, and Participants Within each of 5 community-based cohorts
comprising the EchoGen consortium (stage 1; n= 12 612 individuals of European ancestry; 55% women, aged 26-95 years; examinations between 1978-2008), we estimated the association between approximately 2.5 million single-nucleotide polymorphisms (SNPs; imputed to the HapMap CEU panel) and echocardiographic traits. In
stage 2, SNPs significantly associated with traits in stage 1 were tested for association
in 2 other cohorts (n=4094 people of European ancestry). Using a prespecified P value
threshold of 5⫻ 10-7 to indicate genome-wide significance, we performed an inverse
variance-weighted fixed-effects meta-analysis of genome-wide association data from
each cohort.
Main Outcome Measures Echocardiographic traits: LV mass, internal dimensions, wall thickness, systolic dysfunction, aortic root, and left atrial size.
Results In stage 1, 16 genetic loci were associated with 5 echocardiographic traits: 1
each with LV internal dimensions and systolic dysfunction, 3 each with LV mass and wall
thickness, and 8 with aortic root size. In stage 2, 5 loci replicated (6q22 locus associated
with LV diastolic dimensions, explaining ⬍1% of trait variance; 5q23, 12p12, 12q14, and
17p13 associated with aortic root size, explaining 1%-3% of trait variance).
Conclusions We identified 5 genetic loci harboring common variants that were associated with variation in LV diastolic dimensions and aortic root size, but such findings explained a very small proportion of variance. Further studies are required to replicate these
findings, identify the causal variants at or near these loci, characterize their functional significance, and determine whether they are related to overt cardiovascular disease.
www.jama.com

JAMA. 2009;302(2):168-178

A

LTERATIONS IN CARDIAC

structure and function adversely affect the prognosis of
individuals in the general
population. In community-based cohorts, the presence of left ventricular
(LV) hypertrophy and increased LV
mass predict the development of coronary heart disease,1,2 congestive heart
failure (CHF),2 stroke,2,3 cardiovascular disease (CVD), and all-cause mor-

tality.2,4 Likewise, increased LV wall
thickness predicts CVD events,5 LV dilation predicts CHF,6 and asymptomatic LV systolic dysfunction predicts
CHF and death.7 Left atrial size is related to incidence of atrial fibrillation,5 stroke, and death.8 Aortic root size
Author Affiliations are listed at the end of this article.
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is associated with risk of CHF, stroke,
and mortality.9 Thus, traits obtained
from echocardiography serve not only
as measures of cardiac structure
and function but also as intermediate
phenotypes for clinical CVD outcomes.
These echocardiographic phenotypes
are heritable10-18 and have been linked to
genetic loci.19-21 Candidate gene studies
have identified several single-nucleotide
polymorphisms (SNPs) in genes such
as ACE (GenBank J04144),22-24 PPARA
(GenBank L02932),25 GNB3 (RefSeq
NM_002075),26 and CYP11B2 (GenBank
X54741)27 that may contribute to variability in LV mass. However, many of the
studies suggesting specific genetic associations were small, based on selected
samples,failedtoadjustforkeyconfounders and were not replicated.28-32
Genome-wide association analyses
have led to the discovery of previously
unsuspected common variants underlying risk for complex diseases unconstrained by prior knowledge.33 The
present investigation uses a 2-stage approach and leverages the availability of
whole genome scans in 5 communitybased samples to perform a prospective combined meta-analysis of findings from these studies to identify
genomic variation associated with echocardiographic traits (stage 1), followed by replication in 2 other population-based samples (stage 2).
METHODS
EchoGen Consortium Organization

The EchoGen consortium includes 7
cohort studies that enrolled participants of European ancestry and had
both genome-wide variation data and
echocardiographic measurements (see
below for details of the cohorts); 3 of
these cohorts (Cardiovascular Health
Study, Rotterdam Study, and Framingham Heart Study) are part of the
Cohorts for Heart and Aging Research
in Genomic Epidemiology (CHARGE)
consortium.34 All participating studies
approved guidelines for collaboration
and arrived at a consensus not only on
phenotype definitions including harmonization, covariate selection, and

analytic plans for within-study analyses but also on a prospective metaanalysis of results. The institutional
review boards at the parent institutions for each cohort study approved
the informed consent procedures,
examination and surveillance components (including DNA collection),
the data access and security processes,
genotyping protocols, and the
genome-wide association design. All
participants provided written informed consent and gave permission
to have their DNA used for research
purposes.
Five studies contributed genomewide association data to the discovery
(stage 1) phase, and 2 studies contributed data to the replication (stage 2)
phase. A description of these samples
follows.
Stage 1 Cohorts

Cardiovascular Health Study. The Cardiovascular Health Study is a population-based cohort study of risk factors
for coronary heart disease and stroke
in adults aged 65 years or older conducted at 4 field centers.35 The original cohort of 5201 persons of primarily European ancestry was recruited in
1989-1990 from random samples of the
Medicare eligibility lists and an additional 687 individuals of African ancestry were enrolled subsequently for
a total sample of 5888. Those with
prevalent coronary heart disease
(n=1195), CHF (n=86), peripheral vascular disease (n=93), valvular heart disease (n = 20), stroke (n= 166), or transient ischemic attack (n=56) at baseline
were excluded from the genome-wide
associations. Because the other cohorts were predominantly of European descent, the African American participants were excluded from this
analysis. Participants were eligible for
the present investigation if their genotyping was complete and they had available echocardiographic phenotype information at their first (1989-1990) or
second (1994-1995) examinations
(n = 3279).
Rotterdam Study. The communitybased Rotterdam Study was founded in

©2009 American Medical Association. All rights reserved.

1990 to examine the determinants of
disease and health in the elderly with
a focus on neurogeriatric, cardiovascular, bone, and eye diseases.36 Inhabitants of a suburb of Rotterdam, the
Netherlands (n = 7983), aged 55 years
or older were included. Participants
were visited at home for a standardized questionnaire and were subsequently examined at the research center in 1990-1993 and every 3 to 4 years
thereafter. For the present investigation, data from the fourth round of examination (2002-2004) were used. Of
3550 eligible participants, 2199 were
free of myocardial infarction (MI) and
CHF and had both echocardiographic
and genome-wide association data
available.
Multinational Monitoring of Trends
and Determinants in Cardiovascular
Disease Study. In 1984, the World
Health Organization instituted a Multinational Monitoring of Trends and Determinants in Cardiovascular Disease
(MONICA) study, which was continued since 1996 in the Southern German region of the Augsburg (KORA).37
The MONICA-KORA study investigated the CVD risk factor profile of randomly selected individuals of the Augsburg population (Bavaria, Germany) in
cross-sectional surveys. The study design, sampling frame, and data collection have been described elsewhere.37
A total of 4856 men and women participated in the study, of which only
2376 participants residing within or
close to the city of Augsburg were offered an echocardiographic examination for logistical reasons. Participants
(n = 3006) had a follow-up examination (KORA F3) in 2004-2005, of whom
1644 participants between 35 and 79
years of age had genome-wide associations conducted.38 Of these, 589 had
available echocardiograms and were free
of prevalent MI and CHF.
Framingham Heart Study. The
Framingham Heart Study is a longitudinal observational, communitybased cohort initiated in 1948 in
Framingham, Massachusetts, to prospectively investigate CVD and its risk
factors. The children (and spouses of
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the children) of the original cohort, labeled the Offspring cohort, were recruited in 1971, and have been examined approximately every 4 years
since.39 At each clinic examination, participants receive routine questionnaires, a physical examination, anthropometry, electrocardiograms, and blood
tests. At the second (1978-1982), fourth
(1987-1990), fifth (1991-1995), and
sixth (1996-1998) examination cycles
participants underwent transthoracic
echocardiography (see supplementary material at http://www.jama
.com). The offspring cohort participants with available echocardiographic
information at any of these 4 examinations and who were free of MI and CHF
at these examinations (n = 3245) were
eligible for the present investigation.
Gutenberg Heart Study. The Gutenberg Heart Study was initiated in 2006
to achieve a contemporary German sexspecific cardiovascular risk score. It is a
community-based, prospective cohort
study including approximately 17 000
participants, aged 35 to 74 years from
the city of Mainz and the district MainzBingen. The sample is stratified according to sex (50% women) and decade of
age. A large variety of noninvasive cardiovascular phenotypes have been assessed including 2-dimensional echocardiography. By September 2008, 5000
individuals have been enrolled; 3300
study participants with genome-wide association data and echocardiographic
measurements and who were free of
prevalent MI and CHF were eligible for
the present investigation.
Stage 2 Cohorts

Study of Health in Pomerania. The
Study of Health in Pomerania (SHIP)
is a longitudinal population-based cohort study conducted in West Pomerania, the northeast area of Germany.40 For
the baseline examinations, a sample of
6267 eligible persons aged 20 to 79
years was drawn from population registries. Only individuals with German
citizenship and main residency in the
study area were included. Selected persons received a maximum of 3 written
invitations. In case of nonresponse, let-

ters were followed by a telephone call
or by home visits if contact by telephone was not possible. The SHIP
population finally comprised 4310 participants (response, 68.8%). Baseline examinations were conducted between
1997 and 2001. Between 2002 and 2006
all participants were re-invited for an
examination follow-up, in which 3300
participants (83.5% of eligible persons) took part. Echocardiography at
baseline was conducted only in those
45 years or older but had no age restriction at follow-up. A total of 3212
individuals who were free of prevalent
MI and CHF were eligible for the present study.
Austrian Stroke Prevention Study.
The Austrian Stroke Prevention Study
is a community-based prospective cohort study on the cerebral effects of vascular risk factors in the normal elderly
population of the city of Graz, Austria.41 From 1991-1994, 509 persons
without neuropsychiatric disease were
randomly selected from the official
community register (stratified by sex
and 5-year age groups) to undergo neuroimaging, cognitive testing, and echocardiography. In 1999-2003, an additional 567 individuals were randomly
selected to undergo the same imaging
procedures, thereby increasing the size
of the baseline cohort to 1076 individuals aged 45 to 85 years. Blood was
drawn from all study participants for
DNA extraction and all consented to genetic testing. Of the 996 study participants from whom DNA was extracted,
908 underwent transthoracic echocardiography. We excluded 26 individuals because of prevalent MI or CHF, leaving 882 eligible for the present analysis.
Echocardiographic Methods

In each cohort, participants underwent
routine transthoracic echocardiography at selected examinations (1 each for
the Rotterdam and Gutenberg studies;
2 for the Cardiovascular Health Study,
MONICA-KORA, SHIP, and Austrian
Stroke Prevention Study, and 4 for the
Framingham Heart Study; data from all
available echocardiographic examinations of each cohort [including the most

recent ones] were included). Measurements of LV internal dimension, the
thicknesses of the posterior wall and interventricular septum, and the diameter of the aortic root (all measured at
end-diastole) and the left atrium at endsystole were obtained by using a leading edge technique and averaging measurements in 3 cardiac cycles according
to the American Society of Echocardiography guidelines.42 Left ventricular
wall thickness was calculated as the sum
of posterior wall and interventricular
septum measurements. The LV mass
was calculated by using the formula
0.8 [1.04{(LV diastolic internal
dimension ⫹ interventricular septum⫹posterior wall)3 −(LV diastolic internal dimension)3}] ⫹ 0.6.43 The LV
systolic dysfunction was defined as the
presence of reduced fractional shortening (⬍0.29, which corresponds to an
ejection fraction of 50%) on M-mode or
a diminished ejection fraction (⬍50%)
on 2-dimensional echocardiography.44
Details of ultrasonographic instrumentation are provided in the “Echocardiographic Methods” section and in
eTable 1 of the supplementary material
(available at http://www.jama.com). The
present investigation focused on 6 echocardiographic traits: LV mass, LV diastolic internal dimension, LV wall thickness, aortic root, and left atrial size
(continuous traits), and LV systolic dysfunction (a binary trait). For cohorts
with multiple echocardiographic examinations, we used the average of all available measurements obtained at the eligible examinations for our analyses.
Genotyping Methods
and Imputation

The 7 studies included in this metaanalysis used different genotyping platforms: the Illumina HumanCNV370Duo for the Cardiovascular Health Study,
the Illumina Infinium HumanHap550chip v3.0 for the Rotterdam Study, Illumina Human610-Quad BeadChip for the
Austrian Stroke Prevention Study, Affymetrix Human Mapping 500K Array
Set for MONICA-KORA, Affymetrix Human Mapping 500K Array Set and 50K
Human Gene Focused Panel for the
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Framingham Heart Study, and the Affymetrix Human SNP Array 6.0 for the
Gutenberg Study and SHIP. Therefore,
to facilitate meta-analyses, all studies
used their genotype data to impute to the
2.5 million nonmonomorphic, autosomal, SNPs described in HapMap
(CEU population, release 22, build 36;
http://hapmap.org).45,46 Imputation of
unmeasured genotypes in order to combine results data across genotyping platforms is an essential and accepted tool
in the conduct of genome-wide association studies.34 Stated simply, the application of imputation techniques on each
specific genotyping platform allowed us
to estimate the association of all 2.5 million polymorphic HapMap SNPs in
each study. The Cardiovascular Health
Study used the BIMBAM algorithm
software for imputation (available at
http://stephenslab.uchicago.edu
/software.html),47 whereas the Rotterdam, Framingham, Gutenberg, Austrian Stroke and Prevention, and
MONICA-KORA studies used the
MACH algorithm software (http://www
.sph.umich.edu/csg/abecasis/MaCH).
SHIP used the IMPUTE algorithm software (http://www.stats.ox.ac.uk
/~marchini/software/gwas/impute
.html). All studies imputed the genotype dosage, from 0 to 2, which is the
expected number of minor alleles. Extensive quality control analyses were
performed in each cohort. Imputation
methods and quality control filters are
described in the “Genotyping Methods” section of the supplementary material (available at http://www.jama
.com).
Statistical Methods

We chose a 2-stage design with a larger
stage 1 (followed by joint analysis) to
combine statistical efficiency with
power for detecting variants with modest effects.48 For stage 1, separate withincohort analyses (n = 5 cohorts) were
performed for each echocardiographic trait using an additive genetic
model relating the trait to genotype dosage (0-2 copies of the minor allele) for
each SNP, adjusting for age, sex, height,
and weight. The Cardiovascular Health

Study additionally adjusted for study
site. For continuous phenotypes, linear regression was used. For LV systolic dysfunction, we used a logadditive model in unconditional logistic
regression to compare those with and
without the condition. In the Framingham Heart Study alone, we used mixedeffects models (linear or logistic depending on trait) to account for familial
correlations. The association of each
echocardiographic trait to each genotype was quantified by the regression
slope (␤), its standard error [SE(␤)],
and P value. Genomic control correction was applied in each study prior to
the meta-analysis.49
After verifying strand alignment
across studies, we conducted a prospective meta-analysis of results from withincohort analysis (n=5 cohorts) for each
echocardiographic trait. We combined
the results from individual studies with
inverse-variance weighting for each SNP
using the R software (http://www
.r-project.org). The approach did not
pool raw participant-specific data, which
could induce problems associated with
phenotypic heterogeneity or population structure/admixture; hence, the approach is robust. We selected an a priori
genome-wide statistical significance
threshold of 5⫻10−7, the threshold used
by the Wellcome Trust Case-control
Consortium.50 For 2.5 million tests, this
threshold provides an expectation of less
than 1.25 false-positive results across the
genome. Post–meta-analytic filters were
an average weighted minor allele frequency of more than 0.005 for continuous traits and more than 0.03 for the binary trait of LV systolic dysfunction.
For stage 2, we selected the top SNP
at each genetic locus that was associated with an echocardiographic trait and
achieved genome-wide significance in
stage 1 (as defined above); a locus was
defined as a set of HapMap SNPs associated with the most significantly associated SNP with an R 2 of 0.5 or
greater. We related the top SNPs to corresponding echocardiographic traits in
the 2 replication samples. To be considered replication, we required that the
direction of the ␤ (for a SNP) must be

©2009 American Medical Association. All rights reserved.

in the same direction in the replication study as in the discovery analysis.
Using a 1-sided P value is therefore necessary in order for the P value distribution to be correct under the null
hypothesis. Accordingly, we only calculated replication P values for SNPs
with ␤s in the appropriate direction and
defined statistical significance based on
a 1-sided P value less than .05 (uncorrected). We queried HapMap for evaluating if any of the replicated SNPs at a
locus was correlated with a nonsynonymous SNP (R 2 ⬎0.5). We estimated that our stage 2 sample size of
4094 individuals yielded more than
80% power to detect associations of a
magnitude similar to that observed in
stage 1 for each trait at a 1-sided ␣ of
.05 (eTable 2 available at http://www
.jama.com).
RESULTS
TABLE 1 displays the clinical and echocardiographic characteristics of the 7
samples contributing to the 2 stages of
the present investigation. The genomic
inflation factor () was small in each of
the 5 studies contributing to stage 1
(⬍1.09 for all traits in all cohorts). The
quantile-quantile (Q-Q) plots of observed against expected P value distributions are shown in eFigure 1 (available at http//:www.jama.com [panels
A-F]) and the meta-analytic  for all traits
was 1.02 or less. The Q-Q plots show a
marked excess of statistically significant associations over that expected by
chance alone for LV diastolic dimensions and aortic root size (eFigure 1, panels B and E, respectively).
SNPs Related to Echocardiographic
Traits Meeting Threshold
for Genome-wide Significance
in Stage 1

FIGURE 1 illustrates the primary findings from the stage 1 meta-analysis and
displays the genome-wide P values for
interrogated SNPs across the 22 autosomal chromosomes separately for each
of the 6 echocardiographic traits.
TABLE 2 lists the 16 genetic loci (and
the SNP with the lowest P value at each
locus) associated with echocardio-

(Reprinted) JAMA, July 8, 2009—Vol 302, No. 2

Downloaded from www.jama.com by guest on April 1, 2010

56

171

2.3

Genetic variants associated with cardiac

structure and function: a meta-analysis and
Dissertation Alexander Teumer

replication of genome-wide association data

GENETIC VARIANTS AND CARDIAC STRUCTURE AND FUNCTION

graphic traits that were marked by 1 or
more SNPs with P ⬍ 5⫻10−7, the prespecified genome-wide significance
threshold: 3 loci each for LV mass and
LV wall thickness, 1 locus each for LV
diastolic internal dimension and LV systolic dysfunction, and 8 loci for aortic
root diameter. There are 18 SNPs representing the 16 loci because 2 LV diastolic internal dimensions SNPs are correlated, as are 2 SNPs on chromosome
17 that are related to aortic root size
(R2ⱖ0.5). No SNP was associated with
left atrial size at the genome-wide significance threshold. The section “Loci
Associated With Echocardiographic
Traits in Stage 1” of the supplementary material provides a description of
these genetic loci and eTable 3 amplifies the details of the SNPs listed in
Table 2 with regard to their imputation status and the quality of imputation. We provide in eTables 4 through
9 a list of all SNPs associated with each
of the echocardiographic traits at a
meta-analytic P ⬍ 1⫻10−5 level. (All

supplemental material is available at
http://www. jama.com.)
SNPs Related to Echocardiographic
Traits in Stage 2 (Replication)

Table 2 shows the association and 1-sided
P value for each stage 1 locus in the stage
2replicationsamples.Sevenofthe17SNPs
(representing 15 loci; 1 LV mass SNP was
notsubjectedtoreplication,givenverylow
minor allele frequency) tested in Table 2
replicated, including 2 for LV diastolic dimensions, and 5 for aortic root dimensions.Fiveofthese7replicatedSNPswere
genotyped in at least 1 of the replication
cohorts (eTable 3 available at http:
//www.jama.com).
The replicated SNPs explained only
a modest proportion in the variance of
LV diastolic dimensions (increments in
R2 attributable to SNPs were 0.0 in the
Rotterdam Study, 0.002 in the Cardiovascular Health Study, 0.004 in the
Gutenberg Heart Study, and 0.005 in
KORA and the Framingham Heart
Study) and aortic root size (incre-

ments in R2 attributable to SNPs were
0.01 in the Cardiovascular Health Study
and KORA, 0.02 in the Rotterdam
Study, and 0.03 in the Framingham
Heart Study; eTable 10 available at http:
//www.jama.com). FIGURE 2 displays
the stage 1 forest plots for each of these
7 SNPs. eFigure 2 (Panels A-B, available at http://www.jama.com) shows the
regional plots for the associations centered on these 7 SNPs.
Table 2 also displays the P values for
combined meta-analysis of the 17 SNPs
in stages 1 and 2.
COMMENT
We identified novel findings for 5
genetic loci that are associated with
LV structure (1 locus) and aortic root
diameter (4 loci). The effect sizes for
the observed associations were generally very modest, and the proportion
of variance explained was 1% to 3%
for aortic root size, and 0.2% to 0.5%
for LV diastolic dimensions. However,
since the causal variants have not

Table 1. Study Sample Characteristics
Stage 2 Samples (Replication)
Stage 1 Samples (Discovery)
Cardiovascular
Health Study
No. with echocardiography
Age, mean (SD), y
Female sex, No. (%)
Physical characteristics, mean (SD)
Height, cm
Weight, kg
Systolic BP, mm Hg
Hypertension, No. (%)
Smoking, No. (%)

Echocardiographic traits, mean (SD)
LV mass, g
LV diastolic dimensions, cm
LV wall thickness, cm
Left atrial size, cm
Aortic root, cm
LV systolic dysfunction, No. (%)

3279

Rotterdam
Study

KORA

Clinical Characteristics
2199
589

Framingham
Heart Study

Gutenberg
Heart Study

Study
of Health
in Pomerania

3245

Austrian
Stroke
Prevention
Study

3300

3212

882

75 (5)
2000 (61)

75 (6)
1341 (61)

52 (10)
1752 (54)

56 (11)
1617 (49)

54 (14)
1734 (54)

66 (7)
503 (57)

165 (9)
72 (14)
135 (19)
1246 (38)
361 (11)

166 (9)
168 (9)
168 (9)
76 (13)
75 (13)
76 (16)
154 (21)
133 (19)
125 (15)
902 (41)
106 (18)
552 (17)
286 (13)
112 (19)
746 (23)
Echocardiographic Characteristics

171 (9)
79 (16)
134 (18)
462 (14)
594 (18)

169 (9)
79 (16)
136 (21)
803 (25)
867 (27)

166 (9)
74 (13)
144 (23)
309 (35)
97 (11)

Men Women
172
133
(48)
(35)
5.1
4.7
(0.6)
(0.5)
1.8
1.7
(0.3)
(0.2)
4.1
3.8
(0.8)
(0.6)
3.5
3.0
(0.6)
(0.3)
237 (7)

Men Women
162
133
(47)
(36)
5.3
4.9
(0.5)
(0.5)
1.7
1.6
(0.3)
(0.3)
4.2
3.9
(0.6)
(0.6)
3.6
3.2
(0.4)
(0.4)
266 (12)

52 (10)
324 (55)

Men Women
186
145
(40)
(37)
5.0
4.6
(0.4)
(0.4)
2.0
1.8
(0.3)
(0.3)
4.0
3.7
(0.4)
(0.5)
3.1
2.7
(0.4)
(0.4)
48 (8)

Men Women
185
137
(33)
(24)
5.1
4.6
(0.3)
(0.3)
2.0
1.8
(0.2)
(0.2)
4.0
3.6
(0.4)
(0.4)
3.4
2.9
(0.3)
(0.2)
159 (5)

Men Women Men Women
212
152
218
163
(57)
(43)
(59)
(53)
4.7
4.3
5.2
4.8
(0.5)
(0.4)
(0.5)
(0.5)
2.1
1.9
2.2
1.9
(0.3)
(0.3)
(0.4)
(0.4)
NA
NA
3.8
3.4
(0.6)
(0.6)
NA
NA
3.3
2.8
(0.4)
(0.4)
165 (5)
405 (13)

Men Women
224
175
(61)
(57)
4.9
4.5
(0.6)
(0.5)
2.3
2.1
(0.4)
(0.4)
4.0
3.7
(0.6)
(0.6)
3.2
2.9
(0.4)
(0.4)
111 (13)

Abbreviations: BP, blood pressure; KORA, Cooperative Health Research in the Region of Augsburg study; LV, left ventricular; NA, not available in Gutenberg Heart Study.
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ably marking the same 6q22 locus
and that included the SLC35F1 (GenBank BC028615) and C6orf204
(GenBank AF308284) genes.
SLC35F1 codes a membrane protein
that belongs to the solute transporter
family. Its role in cardiac physiology
is unknown, although the protein is
expressed in cardiac tissue. Some of
the associated SNPs at the 6q22 locus
are in C6orf204, which is expressed
in cardiac tissue and encodes a pro-

been identified, our investigation may
underestimate the proportion of variance explained by these loci. Four of
the replicated SNPs (2 each that were
associated with LV diastolic dimensions and aortic root size) were within
genes.
Novel Loci Associated
With LV Structure and Function

Left ventricular diastolic dimension
was associated with 2 SNPs presum-

tein (coiled-coil domain containing
protein C6orf204) whose function is
unclear. One of the top SNPs in this
gene (rs11968176), is about 100 kb
from PLN (RefSeq NM_002667,
which encodes phospholamban, a
protein that inhibits cardiac muscle
sarcoplasmic reticulum Ca2⫹-ATPase
and regulates diastolic function. 51
Mutations in PLN have been implicated in the pathogenesis of dilated
cardiomyopathy.52

Figure 1. Genome-wide Signal Intensity Plots
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The plots show the single-nucleotide polymorphism–wise log P values (based on the fixed-effects meta-analysis) against their genomic position for left ventricular
mass, internal dimensions, wall thickness, and systolic dysfunction and for the aortic root diameter and left atrial size. Within each chromosome, shown on the x-axis,
the results are plotted from the p-terminal end. The horizontal dotted lines indicate the significance threshold of P=5 ⫻10−7.
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Novel Loci Associated
With Aortic Root Diameter

Aortic root size was associated with 5
SNPs presumably representing 4 genetic
loci. The SNP at 17p13, rs10852932, is
inthegeneSMG6([GenBankAB018275]
Smg-6 homologue, nonsense mediated
mRNA decay factor). SMG6 is expressed
in aortic tissue and encodes a component
of the telomerase ribonucleoprotein
(RNP) complex that is essential for the
replicationofchromosometermini.53 This
protein may have a general role in telomereregulation,includingpromotingthe
ability of telomerase reverse transcriptase
to elongate telomeres.53 Of note, telomerase activity is up-regulated in the aorta
of spontaneous hypertensive rats, and
down-regulation of telomerase activity
is associated with arrest of the proliferation of vascular smooth muscle cells
and induction of apoptosis.54 Thus, regulation of telomerase activity may play a

critical role in vascular remodeling in
hypertension.
Aortic root diameter was also associated with SNPs at 3 genetic loci that were
intergenic, located at variable distances
from CCDC100 ([GenBank AK095646]
centrosomal protein 120kDa [also referred to as CEP120]; 149 kb), HMGA2
([GenBank U28754] high mobility group
AT-hook 2; 35 kb), and PDE3A ([RefSeq NM_000921] phosphodiesterase 3A,
cGMP-inhibited; 291 kb), all 3 genes are
expressed in aortic tissue. CCDC100 encodes a centrosomal protein that has a
role in development of the neocortex55;
its function in cardiac or vascular tissue
remains unclear. HMGA2 encodes a protein with structural DNA-binding domains that acts as a transcriptional regulating factor. It is expressed largely during
embryogenesis and has been linked to
vascular tumors including angiomyxomas and pulmonary hamartomas.56 The

gene has also been related to adult stature,57 which could be another potential
basis for its association with aortic diameter. A mutation in the gene results
in the “pygmy” mouse,58 suggesting that
the gene may have a vital role in growth
and development and body size; our data
raise the possibility that variation in the
gene may be associated with the size of
the aorta. PDE3A is expressed in aortic
smooth muscle cells, and alterations in
activity levels have been associated with
phenotypic alterations of the smooth
muscle cells in experimental animals.59
It is unclear, however, how such altered activity may contribute to variation in aortic root size in humans.
Strengths and Limitations

The large community-based studies, the
common method of M-mode echocardiography; and the implementation of
quality control procedures in individual

Table 2. Genetic Loci in Which Single-Nucleotide Polymorphisms Associated With Echocardiographic Traits With P⬍ 5x10−7 (Stage 1) and
Replication of These SNPs (Stage 2)
Stage 1

Echocardiographic Trait
LV mass, gm

LV internal diastolic dimensions, cm
LV wall thickness, cm

SNP

Locus a SNP Type

Nearest
Gene a

Major/
Minor Allele
(Minor Allele
Frequency) b

Effect
Size (SE) c

Metaanalysis
P Value d

Stage 2,
Onesided
P Value e

Stages
1 ⫹ 2,
Metaanalysis
P Value d

rs17568359

14q12

Intergenic

NOVA1

G/C (0.07)

−4.78 (0.89)

8.53 ⫻ 10−8

DNR

1.66 ⫻ 10−5

rs7565161

2p21

Intergenic

CALM2

G/A (0.40)

−3.01 (0.59)

3.19 ⫻ 10−7

DNR

9.64 ⫻ 10−5

rs8031633

15q14

Intergenic

MEIS2

T/C (0.006)

16.62 (3.27)

3.71 ⫻ 10−7

Not done

rs89107

6q22

Intragenic

SLC35F1

A/G (0.50)

−0.03 (0.005) 1.14 ⫻ 10−8

.003 e

1.21 ⫻ 10−9

rs11153768

6q22

Intragenic

C6orf204,PLN

C/T (0.45)

0.03 (0.005) 4.61 ⫻ 10−7

rs7910620

10q23

Intragenic

GRID1

C/G (0.009)

0.17 (0.03)

rs2059238

16q23

Intragenic

WWOX

rs17132261

5q21

Intergenic

SLC25A46

-

.002 e

1.67 ⫻ 10−8

5.62 ⫻ 10−9

NS

6.69 ⫻ 10−7

C/A (0.22)

−0.02 (0.004) 1.89 ⫻ 10−7

NS

2.84 ⫻ 10−6

C/T (0.015)

0.060 (0.01)

3.36 ⫻ 10−7

.37

9.32 ⫻ 10−7

−0.38 (0.07)

1.98 ⫻ 10−7

LV systolic dysfunction

rs2235487

16p13

Intragenic

HN1L

A/G (0.22)

.10

6.53 ⫻ 10−5

Aortic root size, cm f

rs10852932

17p13

Intragenic

SMG6

G/T (0.36)

0.03 (0.005) 4.32 ⫻ 10−11

.04 e

2.33 ⫻ 10−11

rs4523957

17p13

Intragenic

SRR

T/G (0.38)

0.03 (0.005) 1.87 ⫻ 10−10

.01 e

3.25 ⫻ 10−11

rs413016

17p13

Intragenic

TSR1

C/T (0.25)

0.03 (0.005) 3.34 ⫻ 10−7

.16

4.11 ⫻ 10−7

rs17608766

17q21

Intragenic

GOSR2

T/C (0.13)

0.04 (0.007) 1.43 ⫻ 10−7

.48

1.04 ⫻ 10−5

rs7543130

1p21

Intergenic

PALMD

C/A (0.49)

0.03 (0.004) 8.08 ⫻ 10−9

.26

1.09 ⫻ 10−7

rs17470137

5q23

Intergenic

CCDC100

G/A (0.29)

0.03 (0.005) 1.63 ⫻ 10−8

⬍.001 e

1.26 ⫻ 10−11

rs4026608

12q14

Intergenic

HMGA2

T/C (0.38)

−0.03 (0.005) 7.30 ⫻ 10−8

.004 e

1.75 ⫻ 10−9

rs10770612

12p12

Intergenic

PDE3A

A/G (0.19)

0.03 (0.007) 2.40 ⫻ 10−7

.002 e

2.43 ⫻ 10−8

rs893817

15q24

Intragenic

LOXL1

A/G (0.34)

0.02 (0.005) 4.12 ⫻ 10−7

.44

2.78 ⫻ 10−6

Abbreviations: DNR, did not replicate; LV, left ventricular; SNP, single-nucleotide polymorphisms.
a See eTables 4 through 9 (available at http://www.jama.com) for exact location. No replication attempted for rs8031633 because of low minor allele frequency. Note that the 18
SNPs likely represent 16 genetic loci: rs89107 and rs11153768 are correlated (r2 = 0.5), as are rs10852932 and rs4523957 (r2 = 0.84) and so may represent the same loci, but are
shown separately in the table because they are in different genes.
b Alleles for the SNP on the forward strand of human genome reference sequence (National Center for Biotechnology Information Build 36) were modeled.
c Effect-size estimates are shown as ␤ coefficient (SE), which represents the change in echocardiographic measure in the units shown in the first column (or log-odds in the case
of LV dysfunction) per unit difference in minor allele dose.
d Inverse variance-weighted meta-analysis performed as detailed in the “Methods” section.
e SNPs that replicated (based on 1-sided P ⬍ .05). DNR indicates that the ␤ was in the opposite direction (no P values provided as tests were 1-sided).
f Only 4 studies in stage 1 (Cardiovascular Heart Study, Rotterdam Study, Cooperative Health Research in the Region of Augsburg study, Framingham Heart Study) contributed to
genome-wide association of aortic root size.
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imaging laboratories in each study cohort (see “Echocardiographic Methods”
section, available at http://www.jama
.com) and the harmonization of imputation strategies and analytical methods into a prospective meta-analysis
strengthen the present investigation
(eTable 3 provides the details regarding
the imputation status of these SNPs).

Several limitations of our investigation merit comment. First, phenotypic
and study design heterogeneity diminished statistical power to detect modest genetic effects in genome-wide association. Measurement errors would
bias the estimates toward the null hypothesis of no association of SNPs. In
this context, it should be noted that M-

mode measurements of the aortic root
may be less accurate and can result in
underestimation of aortic diameter
(compared with 2-dimensional images). Furthermore, our approach has
limited statistical power to evaluate associations of traits with rare SNPs or with
poorly imputed SNPs. We evaluated additive models using pooled sex analy-

Figure 2. Seven Single-Nucleotide Polymorphisms Associated With Select Echocardiographic Traits in Stage 1 and Replicated in Stage 2
Left ventricular diastolic dimensions
rs 89107

rs 11153768

Source
Cardiovascular Health Study
Rotterdam Study
KORA
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Gutenburg Heart Study
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0
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Individual studies are plotted against the individual effect sizes (␤ coefficients for continuous traits). The size of the box is inversely proportional to the estimated variance of
the effect-size estimator. Horizontal lines are the confidence intervals corresponding to the P value threshold of 5⫻10−7. The vertical line indicates the value is consistent with
no association. If a single-nucleotide polymorphism was not available in a study, there is no data point for that study. The diamond represents the meta-analytic effect size.
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ses; additional investigations are required to detect sex-specific associations
and nonadditive genetic effects. Also, we
acknowledge that genome-wide association data may establish significant genomic regions without identifying the
mechanisms of association or establishing causality. The cohorts studied were
all of European descent, limiting the generalizability of our findings to individuals of non-European ancestry.
CONCLUSIONS
Our prospective meta-analysis of echocardiographic data from more than
12 000 participants in 5 communitybased cohorts with replication in more
than 4000 people from 2 other cohorts
identified 5 genetic loci that are associated with interindividual variation in cardiac dimensions and aortic root size.
These findings are novel, but the loci explained a very small proportion of the
variance of the traits. Additional investigations are required to replicate our
findings, to identify the underlying
causal variants and characterize their
functional importance, to understand the
biological mechanisms underlying the
observed associations, and to determine whether they are related to overt
cardiovascular disease.
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31. Sedlácek K, Fischer M, Erdmann J, et al. Relation
of the G protein beta3-subunit polymorphism with left
ventricle structure and function. Hypertension. 2002;
40(2):162-167.
32. Swan L, Birnie DH, Padmanabhan S, Inglis G,
Connell JM, Hillis WS. The genetic determination of
left ventricular mass in healthy adults. Eur Heart J. 2003;
24(6):577-582.
33. Manolio TA, Brooks LD, Collins FSA. HapMap harvest of insights into the genetics of common disease.
J Clin Invest. 2008;118(5):1590-1605.
34. Psaty BM, O’Donnell CJ, Gudnason V, et al;
CHARGE Consortium. Cohorts for Heart and Aging
Research in Genomic Epidemiology (CHARGE) Consortium: design of prospective meta-analyses of genome-wide association studies from five cohorts. Circ
Cardiovasc Genet. 2009;2:73-80.
35. Fried LP, Borhani NO, Enright P, et al. The Cardiovascular Health Study: design and rationale. Ann
Epidemiol. 1991;1(3):263-276.
36. Hofman A, Breteler MM, van Duijn CM, et al. The
Rotterdam Study: objectives and design update. Eur
J Epidemiol. 2007;22(11):819-829.
37. Schunkert H, Doring A, Kuch B, et al; KORA Study
Group. Cardiovascular phenotypes and functional parameters in the general population–results of the
MONICA/KORA studies. Gesundheitswesen. 2005;
67(suppl 1):S74-S78.
38. Wichmann HE, Gieger C, Illig T; MONICA/
KORA Study Group. KORA-gen–resource for population genetics, controls and a broad spectrum of disease phenotypes. Gesundheitswesen. 2005;67
(suppl 1):S26-S30.
39. Kannel WB, Feinleib M, McNamara PM, Garrison
RJ, Castelli WP. An investigation of coronary heart dis-

(Reprinted) JAMA, July 8, 2009—Vol 302, No. 2

Downloaded from www.jama.com by guest on April 1, 2010

62

177

2.3

Genetic variants associated with cardiac

structure and function: a meta-analysis and
Dissertation Alexander Teumer

replication of genome-wide association data

GENETIC VARIANTS AND CARDIAC STRUCTURE AND FUNCTION
ease in families: the Framingham offspring study. Am
J Epidemiol. 1979;110(3):281-290.
40. John U, Greiner B, Hensel E, et al. Study of Health
in Pomerania (SHIP): a health examination survey in
an east German region: objectives and design. Soz
Praventivmed. 2001;46(3):186-194.
41. Schmidt R, Lechner H, Fazekas F, et al. Assessment of cerebrovascular risk profiles in healthy persons: definition of research goals and the Austrian
Stroke Prevention Study (ASPS). Neuroepidemiology.
1994;13(6):308-313.
42. Sahn DJ, DeMaria A, Kisslo J, Weyman A. Recommendations regarding quantitation in M-mode echocardiography: results of a survey of echocardiographic measurements. Circulation. 1978;58(6):
1072-1083.
43. Devereux RB, Alonso DR, Lutas EM, et al. Echocardiographic assessment of left ventricular hypertrophy: comparison to necropsy findings. Am J Cardiol.
1986;57(6):450-458.
44. Vasan RS, Benjamin EJ, Larson MG, et al. Plasma
natriuretic peptides for community screening for left
ventricular hypertrophy and systolic dysfunction: the
Framingham Heart Study. JAMA. 2002;288(10):
1252-1259.
45. Li Y, Abecasis GR. Mach 1.0: rapid haplotype reconstruction and missing genotype inference. Am J
Hum Genet. 2008;S79:2290. http://www.sph
.umich.edu/csg/abecasis/MACH. Accessed June 14,
2009.

46. Marchini J, Howie B, Myers S, McVean G, Donnelly
P. A new multipoint method for genome-wide association studies by imputation of genotypes. Nat Genet.
2007;39(7):906-913.
47. Servin B, Stephens M. Imputation-based analysis of association studies: candidate regions and quantitative traits. PLoS Genet. 2007;3(7):e114.
48. Müller HH, Pahl R, Schäfer H. Including sampling and phenotyping costs into the optimization of two-stage designs for genomewide association studies. Gent Epidemiol. 2007;31(8):
844-852.
49. Bacanu SA, Devlin B, Roeder K. Association studies for quantitative traits in structured populations.
Genet Epidemiol. 2002;22(1):78-93.
50. Wellcome Trust Case Control Consortium. Genome-wide association study of 14,000 cases of seven
common diseases and 3,000 shared controls. Nature.
2007;447(7145):661-678.
51. Asahi M, Otsu K, Nakayama H, et al. Cardiac-specific overexpression of sarcolipin inhibits sarco
(endo)plasmic reticulum Ca2⫹ ATPase (SERCA2a) activity and impairs cardiac function in mice. Proc Natl
Acad Sci U S A. 2004;101(25):9199-9204.
52. Haghighi K, Kolokathis F, Gramolini AO, et al. A
mutation in the human phospholamban gene, deleting arginine 14, results in lethal, hereditary
cardiomyopathy. Proc Natl Acad Sci U S A. 2006;
103(5):1388-1393.
53. Snow BE, Erdmann N, Cruickshank J, et al. Func-

tional conservation of the telomerase protein Est1p in
humans. Curr Biol. 2003;13(8):698-704.
54. Cao Y, Li H, Mu FT, Ebisui O, Funder JW, Liu JP.
Telomerase activation causes vascular smooth muscle
cell proliferation in genetic hypertension. FASEB J. 2002;
16(1):96-98.
55. Xie Z, Moy LY, Sanada K, Zhou Y, Buchman JJ,
Tsai LH. Cep120 and TACCs control interkinetic nuclear
migration and the neural progenitor pool. Neuron.
2007;56(1):79-93.
56. Kazmierczak B, Dal CP, Wanschura S, et al. Cloning and molecular characterization of part of a new
gene fused to HMGIC in mesenchymal tumors. Am J
Pathol. 1998;152(2):431-435.
57. Weedon MN, Lettre G, Freathy RM, et al; Diabetes Genetics Initiative; Wellcome Trust Case Control Consortium; Wellcome Trust Case Control
Consortium. A common variant of HMGA2 is associated with adult and childhood height in the general
population. Nat Genet. 2007;39(10):1245-1250.
58. Zhou X, Benson KF, Ashar HR, Chada K. Mutation responsible for the mouse pygmy phenotype in
the developmentally regulated factor HMGI-C. Nature.
1995;376(6543):771-774.
59. Netherton SJ, Jimmo SL, Palmer D, et al. Altered
phosphodiesterase 3-mediated camp hydrolysis contributes to a hypermotile phenotype in obese jcr:
la-cp rat aortic vascular smooth muscle cells: implications for diabetes-associated cardiovascular disease.
Diabetes. 2002;51(4):1194-1200.

It is nonsense for you to talk of old age as long as you
outrun young men in the race for service and in the
midst of anxious times fill rooms with your laughter
and inspire youth with hope when they are on the brink
of despair.
—Mohandas K. Ghandhi (1869-1948)

©2009 American Medical Association. All rights reserved.

178 JAMA, July 8, 2009—Vol 302, No. 2 (Reprinted)

Downloaded from www.jama.com by guest on April 1, 2010

63

2.4

Genetic evidence for a role of adiponutrin in the
metabolism of apolipoprotein B-containing

Dissertation Alexander Teumer

lipoproteins

2.4 Genetic evidence for a role of adiponutrin in the metabolism of
apolipoprotein B-containing lipoproteins
Adiponutrin (PNPLA3) is a predominantly liver-expressed transmembrane protein. Recent
GWAS identied PNPLA3 to be associated with hepatic fat content and liver function, thus
pointing to a possible involvement in the hepatic lipoprotein metabolism. The aim of this
study was to examine the association between two common variants in the adiponutrin gene
and parameters of lipoprotein metabolism.
This study encompassed 23,274 individuals from eight independent study populations
including 4012 samples from SHIP. Two SNPs, rs2072907 and rs738409, were tested for
association with total cholesterol, LDL cholesterol, HDL cholesterol, non-HDL cholesterol
(total minus HDL cholesterol) and triglycerides, whereas the corresponding regression models
were adjusted for sex, age and alanine-aminotransferase (ALT). Since triglycerides were
provided only for fasting participants and SHIP participants were non-fasting at the time
of blood collection, the association test on triglycerides could not be performed using the
SHIP dataset. Subjects who received statins or brates were excluded from the study. In
SHIP both SNPs were in Hardy-Weinberg equilibrium (p

> 0.2)

and exhibited very high

imputation quality.
The common non-synonymous variant rs738409 results in an amino acid exchange from
isoleucine to methionine and was reported to activate a putative exonic splicing silencer element and might therefore also aect gene regulation. The other SNP, rs2072907, which is
in linkage disequilibrium with rs738409, was reported to be associated with obesity. Recent
GWAS identied variants in the

PNPLA3

gene to be associated with liver-related pheno-

types.
The minor allele of each SNP was associated with lower concentrations of total cholesterol,
non-HDL cholesterol and LDL cholesterol whereas the associations became even stronger
when additionally adjusted for ALT. No statistical signicant association of the SNPs and
HDL cholesterol or triglycerides concentration could be observed. Finally, age-, gender and
alanine-aminotransferase-adjusted means of lipid levels of the individual cohorts were computed and reported. Together with previous ndings these results suggest that adiponutrin
might mainly be involved in processes related to disturbed lipid and energy metabolism and
fat accumulation especially in the liver.
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Adiponutrin (PNPLA3) is a predominantly liver-expressed transmembrane protein with phospholipase
activity that is regulated by fasting and feeding. Recent genome-wide association studies identified
PNPLA3 to be associated with hepatic fat content and liver function, thus pointing to a possible involvement
in the hepatic lipoprotein metabolism. The aim of this study was to examine the association between two
common variants in the adiponutrin gene and parameters of lipoprotein metabolism in 23 274 participants
from eight independent West-Eurasian study populations including six population-based studies [Bruneck
(n 5 800), KORA S3/F3 (n 5 1644), KORA S4/F4 (n 5 1814), CoLaus (n 5 5435), SHIP (n 5 4012), Rotterdam
(n 5 5967)], the SAPHIR Study as a healthy working population (n 5 1738) and the Utah Obesity CaseControl Study including a group of 1037 severely obese individuals (average BMI 46 kg/m2) and 827 controls
from the same geographical region of Utah. We observed a strong additive association of a common nonsynonymous variant within adiponutrin (rs738409) with age-, gender-, and alanine-aminotransferase-adjusted
lipoprotein concentrations: each copy of the minor allele decreased levels of total cholesterol on average by
2.43 mg/dl (P 5 8.87 3 1027), non-HDL cholesterol levels by 2.35 mg/dl (P 5 2.27 3 1026) and LDL cholesterol
levels by 1.48 mg/dl (P 5 7.99 3 1024). These associations remained significant after correction for multiple
testing. We did not observe clear evidence for associations with HDL cholesterol or triglyceride concentrations. In conclusion, our study suggests that adiponutrin is involved in the metabolism of apoB-containing
lipoproteins.
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INTRODUCTION
Adiponutrin (PNPLA3) is a predominantly liver-expressed
transmembrane protein with phospholipase activity (1 – 3). It
is upregulated during adipocyte differentiation and in response
to feeding and downregulated in fasting state, indicating a
potential role in lipid storage in adipose tissue and liver (1 –
5). An increased energy intake, either acute or long-lasting,
leads to an upregulation of adiponutrin (6). In vitro adiponutrin gene expression shows features of lipogenic gene
expression comparable to fatty acid synthase or adipocyte
determination and differentiation of factor-1/sterol regulatory
element binding protein-1c (ADD1/SREBP1c) (1). The
common non-synonymous variant rs738409 results in an
amino acid exchange from isoleucine to methionine in the catalytic patatin domain (see Supplementary Material, Fig. S1
and reference 7). Additionally, rs738409 was reported to activate a putative exonic splicing silencer element and might
therefore also affect gene regulation (8). A further SNP,
rs2072907, in linkage disequilibrium with rs738409, was
reported to be associated with obesity (9).
Recent genome-wide association studies identified the adiponutrin gene to be associated with liver-related phenotypes
(7,10). Romeo et al. (7) found carriers of the minor allele of
rs738409 to have a significantly increased hepatic fat
content in a population of Hispanic, African-American and
European-American individuals and significantly higher liver
enzymes in Hispanics which points to an important role of adiponutrin in the hepatic lipoprotein metabolism. These observations and the experimental findings described above make
adiponutrin an interesting candidate gene involved in lipid
metabolism.
In the present candidate gene study, we aimed to investigate
the association of rs738409 and rs2072907 of the adiponutrin
gene with lipid parameters in eight independent populations
including 23 274 individuals, representing six populationbased studies, a healthy working population and a case –
control study of a severely obese population.

RESULTS
Patient and genotype characteristics
Baseline clinical characteristics and laboratory data of the
eight study populations are reported in Table 1 and are stratified by case –control status for the Utah Obesity Case-Control
Study. The minor allele frequencies ranged from 18.5 to
30.0% for rs738409 and from 16.2 to 24.9% for rs2072907
across the populations (Table 1). Due to these differences in
minor allele and genotype frequencies between populations
in our and earlier studies (7,10) and due to differences in the
lipid levels between populations, the analysis was performed
stratified for the eight populations.
Association of rs738409 and rs2072907 within adiponutrin
and lipid levels
Supplementary Material, Tables S1 and S2 show the age-,
gender- and alanine-aminotransferase-adjusted lipid levels
using an unconstrained model (not assuming any genetic

mode of inheritance) for the three genotypes of the exonic
adiponutrin SNP rs738409 and the intronic SNP rs2072907,
respectively. Calculation of l as the quotient of the
b-coefficients of heterozygote and homozygote carriers of
the minor allele of the unconstrained model revealed an additive mode of inheritance in most of the populations (as an
example, see results for rs738409 in Supplementary Material,
Table S3). Therefore, the main analyses and meta-regression
were based on the additive inheritance assumption. Table 2
shows the b-estimates and P-values from linear regression
models applying an additive model, once adjusted for age
and gender and once additionally adjusted for the liver
enzyme alanine-aminotransferase. We observed that the
minor allele was associated with lower concentrations of
total cholesterol (TC), non-HDL cholesterol (non-HDLC)
and LDL cholesterol (LDLC). Since the associations became
even
stronger
when
additionally
adjusted
for
alanine-aminotransferase, we assumed that the association of
these adiponutrin SNPs with lipid levels is not a secondary
effect of liver impairment. Using a fixed effects model, each
copy of the minor allele decreased total cholesterol levels by
on average of 2.43 mg/dl (P ¼ 8.87  1027), non-HDL
cholesterol levels by 2.35 mg/dl (P ¼ 2.27  1026) and LDL
cholesterol levels by 1.48 mg/dl (P ¼ 7.99  1024). In
addition, we observed a trend for lower triglyceride (TG)
levels per copy of the minor allele (estimate on the log scale
20.011, P ¼ 0.10) but no association with HDLC concentrations. After correction for multiple testing, the effects on
total cholesterol, non-HDLC and LDLC remained statistically
significant. When we analyzed the data for triglycerides in the
Utah Obesity Case-Control Study, we observed lower triglyceride levels per copy of the minor allele which was more pronounced in the cases than in the controls (estimate 20.073,
P ¼ 0.008 for cases, and 20.019, P ¼ 0.54 for controls).
However, this interaction was not significant, and furthermore,
after correction for multiple testing, the effect for triglycerides
was no longer significant.
Similar associations were observed for rs2072907 (Table 2).
Moreover, an additional adjustment for BMI revealed similar
estimates for both SNPs. When we repeated the analysis
using a random effects model, we observed similar beta estimates as for the fixed effects model.
Bioinformatic analysis
To investigate whether or not adiponutrin interacted directly
with cholesterol, we used the BioSapiens DASTY tool,
which integrates several tools for protein domain analysis.
No direct cholesterol-binding domains could be observed
(Supplementary Material, Fig. S1).
Since data mining using STRING 8.0 suggested among
others an interaction of adiponutrin with lipoprotein lipase
(LPL) and hepatic lipase (LIPC) (see Supplementary Material,
Fig. S2), we investigated a potential co-regulation of the adiponutrin promoter with cholesterol metabolism given that
co-regulation and shared transcription factor binding sites
often point to a functional interaction (11,12). For this
purpose, the adiponutrin promoter was predicted using the
Genomatix Promoter Inspector tool and searched for the presence of putative transcription factor binding sites involved in
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Values are provided as mean and standard deviation if not indicated otherwise.

P , 0.05;   P , 0.005;    P , 0.001—comparison between severe obese subjects and controls in the Utah obesity case –control study.
a
Genotypes were imputed with very high imputation quality [RSQR for MACH and proper_info for IMPUTE .0.90 (Kora S3/F3 and S4/F4), RSQR for MACH for the Rotterdam Study (.0.99), proper_info for IMPUTE for the CoLaus
Study .0.97 and for SHIP .0.96].
b
Triglycerides are provided only for fasting participants which were 675 in KORA S3/F3, 1789 in KORA S4/F4, 5389 in CoLaus and 2038 in Rotterdam. Participants of SHIP were non-fasting at the time of blood collection.
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Call rate (%)
rs2072907: CC/CG/GG
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1193/571/50
(65.7/31.5/2.8)
18.5
100a

60.9 + 8.9
884/930
(48.7/51.3)

62.5 + 10.1
813/831
(49.4/50.6)

62.7 + 11.1
398/402
(49.8/50.2)

Age, years
Gender: male/female,
n (%)
rs738409: CC/CG/GG
n (%)

KORA S4/F4 Study
(n ¼ 1814)

KORA S3/F3 Study
(n ¼ 1644)

Bruneck Study
(n ¼ 800)

Table 1. Clinical and laboratory data of participants of the Bruneck Study, KORA S3/F3 Study, KORA S4/F4 Study, CoLaus Study, SHIP, Rotterdam Study, SAPHIR Study and Utah Obesity Case-Control
Study with further stratification of the latter in patients with severe obesity and controls

2.4
Genetic evidence for a role of adiponutrin in the

Dissertation Alexander Teumer
metabolism of apolipoprotein B-containing
lipoproteins

Human Molecular Genetics, 2009, Vol. 18, No. 23
4671

2.4

Genetic evidence for a role of adiponutrin in the
metabolism of apolipoprotein B-containing

Dissertation Alexander Teumer

4672

lipoproteins

Human Molecular Genetics, 2009, Vol. 18, No. 23

Table 2. Association between rs738409 (C.G) and rs2072907 (C.G) of the adiponutrin gene and lipid levels gene in the Bruneck Study, KORA S3/F3 and S4/
F4 Study, CoLaus Study, SHIP, Rotterdam Study, SAPHIR Study and Utah Obesity Case-Control Study (additive model)
Parameters/study

rs738409 (C.G)
Adjusted for age and gender
b (SE)

Total cholesterol, mg/dl
Bruneck Study
1.49 (2.40)
KORA S3/F3 Study 21.65 (1.72)
KORA S4/F4 Study 22.53 (1.58)
CoLaus Study
22.07 (0.96)
SHIP
22.04 (1.30)
Rotterdam Study
0.35 (1.05)
SAPHIR Study
22.89 (1.62)
Utah Cases
24.79 (2.05)
Utah Controls
25.67 (2.08)
a
21.84
Pooled analysis
Non-HDL cholesterol, mg/dl
Bruneck Study
2.26 (2.44)
KORA S3/F3 Study 20.15 (1.73)
KORA S4/F4 Study 22.44 (1.58)
CoLaus Study
21.90 (0.96)
SHIP
22.28 (1.33)
Rotterdam Study
0.10 (1.08)
SAPHIR Study
22.80 (1.70)
Utah Cases
24.92 (2.00)
Utah Controls
24.51 (2.06)
a
21.69
Pooled analysis
LDL cholesterol, mg/dl
Bruneck Study
1.91 (2.14)
KORA S3/F3 Study 20.33 (1.41)
KORA S4/F4 Study 21.32 (1.43)
CoLaus Study
21.40 (0.82)
SHIP
21.39 (1.21)
Rotterdam Study
20.54 (1.22)
SAPHIR Study
21.73 (1.49)
Utah Cases
21.16 (1.57)
Utah Controls
23.37 (1.72)
21.18
Pooled analysisa
HDL Cholesterol, mg/dl
Bruneck Study
20.89 (0.89)
KORA S3/F3 Study 21.55 (0.65)
KORA S4/F4 Study 20.21 (0.53)
CoLaus Study
20.33 (0.35)
SHIP
0.44 (0.43)
Rotterdam Study
0.29 (0.31)
SAPHIR Study
20.06 (0.58)
Utah Cases
20.27 (0.56)
Utah Controls
20.89 (0.80)
a
20.14
Pooled analysis
Triglycerides, mg/dlc
Bruneck Study
0.039 (0.028)
KORA S3/F3 Study
0.028 (0.034)
KORA S4/F4 Study
0.002 (0.021)
CoLaus Study
20.002 (0.01)
SHIP
n.d.
Rotterdam Study
0.001 (0.015)
SAPHIR Study
20.012 (0.022)
Utah Cases
20.074 (0.027)
Utah Controls
20.017 (0.032)
a
20.003
Pooled analysis

P-value

Adjusted for age, gender and
ALT
b (SE)
P-value

0.53
0.34
0.11
0.03
0.12
0.74
0.08
0.02
0.007
1.24 3 1024

1.18 (2.40)
22.45 (1.73)
23.00 (1.59)
22.56 (0.96)
23.18 (1.28)
0.59 (1.24)
23.46 (1.62)
25.07 (2.07)
25.62 (2.07)
22.43

0.62
0.16
0.06
0.008
0.01
0.63
0.03
0.01
0.007
8.87 3 1027,

0.35
0.93
0.12
0.05
0.09
0.93
0.10
0.01
0.03
4.95 3 1024

1.69 (2.42)
21.31 (1.74)
23.06 (1.58)
22.54 (0.95)
23.52 (1.31)
0.67 (1.26)
23.80 (1.69)
25.25 (2.01)
24.51 (2.04)
22.35

0.49
0.45
0.05
0.007
0.007
0.60
0.03
0.009
0.03
2.27 3 1026,

0.37
0.81
0.36
0.09
0.25
0.66
0.25
0.46
0.05
0.007

1.68 (2.14)
20.77 (1.42)
21.75 (1.44)
21.68 (0.83)
22.15 (1.21)
20.34 (1.27)
22.10 (1.50)
21.42 (1.58)
23.31 (1.72)
21.48

0.43
0.59
0.22
0.04
0.07
0.79
0.16
0.37
0.05
7.99 3 1024,

0.32
0.02
0.69
0.30
0.91
0.35
0.92
0.63
0.26
0.40

20.65 (0.89)
21.14 (0.65)
20.05 (0.53)
20.15 (0.35)
0.15 (0.43)
20.02 (0.37)
0.38 (0.57)
20.20 (0.57)
20.83 (0.79)
20.14

0.16
0.40
0.92
0.86
n.d.
0.95
0.59
0.007
0.59
0.60

0.029 (0.027)
0.004 (0.034)
20.014 (0.020)
20.01(0.01)
n.d.
0.009 (0.016)
20.036 (0.021)
20.073 (0.028)
20.019 (0.031)
20.011

rs2072907 (C.G)
Adjusted for age and gender
b (SE)

P-value

Adjusted for age, gender and
ALT
b (SE)
P-value

21.48 (2.54)
21.26 (1.91)
23.84 (1.80)
21.24 (1.07)
21.61 (1.38)
21.11 (1.09)
23.33 (1.72)
24.57 (2.31)
23.04 (2.30)
21.94

0.56
0.51
0.03
0.25
0.24
0.31
0.05
0.05
0.19
1.87 3 1024

21.55 (2.54)
22.12 (1.92)
24.34 (1.80)
21.76 (1.07)
22.44 (1.37)
21.13 (1.27)
23.71 (1.72)
24.65 (2.32)
22.97 (2.29)
22.41

0.54
0.27
0.02
0.10
0.07
0.38
0.03
0.05
0.20
7.01 3 1026,

20.55 (2.59)
0.16 (1.92)
22.94 (1.79)
21.05 (1.06)
22.00 (1.41)
20.69 (1.12)
22.64 (1.81)
24.56 (2.25)
21.76 (2.27)
21.52

0.83
0.93
0.10
0.32
0.16
0.53
0.14
0.04
0.44
0.004

20.70 (2.57)
21.17 (1.93)
23.58 (1.79)
21.73 (1.05)
22.89 (1.40)
20.87 (1.30)
23.32 (1.79)
24.65 (2.26)
21.73 (2.25)
22.14

0.79
0.54
0.05
0.01
0.04
0.50
0.06
0.04
0.44
6.96 3 1025,

20.68 (2.26)
20.12 (1.57)
22.03 (1.63)
20.60 (0.91)
21.01 (1.29)
21.00 (1.26)
22.03 (1.59)
20.29 (1.77)
21.95 (1.90)
20.99

0.77
0.94
0.21
0.51
0.43
0.43
0.20
0.87
0.30
0.04

20.73 (2.26)
20.61 (1.58)
22.51 (1.63)
20.92 (0.92)
21.56 (1.29)
20.40 (1.31)
22.27 (1.59)
20.40 (1.78)
21.88 (1.90)
21.19

0.75
0.70
0.12
0.32
0.23
0.76
0.15
0.82
0.32
0.01b

0.47
0.08
0.93
0.66
0.73
0.96
0.51
0.72
0.29
0.40

20.98 (0.95)
21.39 (0.72)
20.96 (0.59)
20.40 (0.39)
0.21 (0.45)
20.49 (0.32)
20.70 (0.62)
20.16 (0.64)
20.94 (0.89)
20.49

0.30
0.05
0.11
0.35
0.64
0.13
0.26
0.81
0.29
0.005

20.94 (0.95)
20.91 (0.72)
20.78 (0.59)
20.19 (0.39)
0.28 (0.45)
20.34 (0.38)
20.40 (0.61)
20.13 (0.64)
20.86 (0.88)
20.32

0.32
0.20
0.19
0.62
0.53
0.37
0.52
0.84
0.33
0.08

0.28
0.91
0.50
0.20
n.d.
0.06
0.09
0.008
0.54
0.10

0.026 (0.030)
0.027 (0.039)
0.001 (0.023)
20.0007 (0.01)
n.d.
20.018 (0.016)
20.013 (0.023)
20.067 (0.031)
20.017 (0.035)
20.006

0.38
0.48
0.98
0.95
n.d.
0.26
0.57
0.03
0.62
0.35

0.024 (0.029)
0.005 (0.039)
20.015 (0.023)
20.01 (0.01)
n.d.
20.023 (0.017)
20.030 (0.023)
20.065 (0.031)
20.019 (0.035)
20.016

0.41
0.90
0.52
0.28
n.d.
0.17
0.19
0.04
0.59
0.03

b

b

b

b

b

Values are provided as effect size and standard error.
ALT, alanine-aminotransferase; n.d., not determined.
a
Pooled effect sizes and P-values derived from meta-regression using a fixed effects model.
b
Still significant after correction for multiple testing, using Bonferroni–Holm procedure assuming 10 independent tests.
c
Values for triglycerides are calculated based on log-transformed regression and provided only for fasting participants not taking fibrates which were 675 in KORA
S3/F3, 1789 in KORA S4/F4, 5389 in CoLaus, 2038 in Rotterdam. Participants of SHIP were non-fasting at the time of blood collection.
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cholesterol metabolism. We found a definite combination of
binding sites for SREBP factors and the CCAAT binding
factor NFY, a known interactor of SREBP factors (13). This
combination of binding sites (14) could also be detected in
the promoter regions of LPL and LIPC (for details, see Supplementary Material, Fig. S3) and was previously reported to
mediate the sterol response in the promoter of the glycerol-3phosphate acyltransferase during the differentiation of preadipocytes to adipocytes (15). More generally, SREBP factors are
known to play a prominent role in the regulation of cholesterol
metabolism (16 – 18).
Finally, expression profiles were retrieved in BioGPS (https://
biogps.gnf.org/) and showed a strong expression of
adiponutrin in the liver and the adrenal cortex (see Supplementary Material, Fig. S4). Since adrenocortical hormones are synthesized from cholesterol, this finding may further underline a
possible yet unknown role of adiponutrin in cholesterol
metabolism.

DISCUSSION
Our study revealed a significant association of genetic variants
within the adiponutrin gene with total cholesterol, non-HDLC
and LDLC levels which remained significant after correction
for multiple testing. The findings were consistent in six of
the eight study populations for the rs738409 SNP and the
six studies represented 72% of the investigated individuals.
For the intronic rs2072907, SNP results were consistent
across all eight study populations. The populations varied considerably in study design and recruitment procedures which
points to a stable and biologically important interconnection.
Two recent genome-wide association studies identified
the adiponutrin gene to be associated with liver-related
phenotypes (7,10). Yuan et al. (10) observed a strong association of genetic variants within adiponutrin with alanineaminotransferase concentrations in European and Asian
Indian populations. Romeo et al. (7) found rs738409, the
common SNP investigated also in our populations, to be significantly associated with increased hepatic fat content in a
population of Hispanic, African-American and EuropeanAmerican individuals and with liver enzymes in Hispanics.
Despite the observed association with hepatic fat content
and the strong involvement of the liver in lipid metabolism,
they surprisingly did not find an association with parameters
of lipid metabolism in their primary analysis sample.
However, in a corresponding analysis in the ARIC study, the
authors obviously observed an additive effect for total cholesterol in about 11 000 European-Americans (overall P-value ¼
0.014) for the rs738409 (7), which is in support of our findings. One might ask whether the observed association
between adiponutrin variants and lipoprotein levels are
simply a consequence of an impaired liver function as recent
studies observed these variants to be associated with liver
enzyme levels (7,10). This can clearly be excluded for our
investigation, since an adjustment of lipoprotein parameters
for enzymes such as alanine-aminotransferase did not attenuate but strengthened the association. This suggests that liver
enzymes are not in the main causal pathway for the association
between these variants and lipoprotein metabolism in a sense
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that an impaired liver function originating from genetic variation of adiponutrin mocks the association with cholesterol
levels (19).
Several important observations were made in our and other
studies which point to a function of adiponutrin in lipid metabolism. The mechanisms underlying this genetic association,
however, remain to be elucidated. The accumulation of fat
in the liver may be due to impaired release of triglyceriderich lipoproteins by the hepatocyte into the blood stream.
Our study provides evidence that adiponutrin is involved in
the metabolism of apoB-containing lipoproteins, possibly by
participating in the post-prandial packaging of these lipoproteins in the liver. In contrast, this variant was not associated
with HDLC levels. The involvement in the metabolism of
apoB-containing lipoproteins is supported by our bioinformatic analysis. Adiponutrin is possibly co-regulated with
fatty acid synthase and controlled by sterol regulatory
element-binding proteins (SREBPs). SREBPs play a prominent role in the regulation of cholesterol and fatty acid metabolism (16 – 18). In the nucleus, SREBP-1c transcriptionally
activates most genes required for fatty acid synthesis and lipogenesis, whereas SREBP-2 preferentially activates cholesterol
synthesis (16 – 18,20). Indeed, the adiponutrin gene exhibits
features of lipogenic genes. In addition to SREBPs, PPAR g
and the carbohydrate responsive element binding protein
(ChREBP), a new transcription factor mediating glucose
action in liver, were reported to regulate adiponutrin (1,21).
From the data available about adiponutrin in other studies
(5,7,22), it was hypothesized that adiponutrin might mostly
be involved in triglyceride metabolism. We indeed observed
a slight association between our investigated variants and
plasma triglyceride levels which was most pronounced in the
Utah cases of severe obesity (P ¼ 0.008). From this data, we
carefully speculate that per copy of the minor allele G the
functional activity of the enzyme is higher which shifts
more triglycerides into the hepatic cells especially in severely
obese persons who are usually exposed to a higher nutritional
intake. This is in line with the higher hepatic triglyceride
content in carriers of the minor allele of rs734809 observed
by Romeo et al. (7). Whether the triglyceride association
holds true in severely obese individuals as indicated in the
Utah Obesity Case-Control Study needs confirmation in
other large studies.
The investigated variants decreased apoB-containing lipoprotein fractions by 3% and the association was observed
per copy of the minor allele (7). The variants explained less
than 1% of the lipoprotein concentrations on a population
level. It will therefore require a large number of patients and
controls to find an association of these variants with endpoints
such as cardiovascular disease, diabetes mellitus or the metabolic syndrome. Because the adiponutrin variant is associated
with lower levels of atherogenic lipoproteins, one may
wonder whether this enzyme may represent an attractive drug
target for prevention of cardiovascular disease. However, one
may keep in mind that pharmacological modulation of this
enzyme, if feasible, may be associated with liver steatosis as
it was reported for microsomal transport protein inhibitors (23).
In summary, our results clearly support the association of
adiponutrin with apoB-containing lipoprotein fractions in
West-Eurasian populations not only in studies recruited from
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general or healthy working populations but also from severely
obese populations. Our and previous studies suggest that adiponutrin might mainly be involved in processes related to disturbed lipid and energy metabolism and fat accumulation
especially in the liver.

MATERIALS AND METHODS
Study populations
The investigated populations are of West-Eurasian origin and
are described in detail in the Supplementary Material. Briefly,
the Bruneck Study (n ¼ 800) is a prospective population-based
gender- and age-stratified random sample of all inhabitants of
Bruneck, Italy, designed to investigate the epidemiology and
pathogenesis of atherosclerosis (24,25). The KORA cohorts
(Cooperative Health Research in the Region of Augsburg, KOoperative Gesundheitsforschung in der Region Augsburg) are
several cohorts representative of the general population in
Augsburg, Germany, and two surrounding counties that were
initiated as part of the WHO MONICA Study. For the present
analyses, we chose 1644 subjects from the KORA S3/F3
survey, which were part of the recent genome-wide association
study (26,27), as well as 1814 subjects from the KORA S4/F4
survey. The Caucasian Cohorte Lausannoise (CoLaus Study,
n ¼ 5435) is a non-stratified random sample of the population
registry of the city of Lausanne, Switzerland and investigates
the epidemiology and genetic determinants of cardiovascular
risk factors and the metabolic syndrome (28). The Study of
Health in Pomerania (SHIP) (n ¼ 4012) is a population
sample aged 20– 79 years selected using population registries
(29). The Rotterdam Study is a prospective cohort study that
started in 1990 in Ommoord, a suburb of Rotterdam, among
10 994 men and women aged 55 and over (30). The Salzburg
Atherosclerosis Prevention Program in Subjects at High Individual Risk (SAPHIR) is an observational study conducted in
a healthy working population (n ¼ 1738) recruited by health
screening programs in large companies in and around the city
of Salzburg, Austria (31). The Utah Obesity Case-Control
Study (n ¼ 1864) is composed of 1037 subjects recruited for
severe obesity (BMI between 33 and 92 kg/m2) and a general
population sample of 827 persons of the same ethnicity (32 –
34). Informed consent was obtained from each participant.
For the analyses of total, LDL and non-HDL cholesterol, we
excluded all study participants receiving statins as
lipid-lowering drugs. Individuals receiving fibrates were
excluded for the analysis of triglyceride levels.
Genotyping and phenotyping
Genotyping of the non-synonymous SNP rs734809 (a C/G
transversion polymorphism) within exon 3 and of the C/G transversion polymorphism rs2072907, a non-coding variant located
in intron 5, within the gene encoding for adiponutrin was done
using a 50 nuclease allelic discrimination (Taqman) assay in all
subjects with sufficient amount and quality of DNA (for details,
see Supplementary Material). For KORA S3/F3 and S4/F4, the
CoLaus Study and SHIP genotypes were derived from an
imputed SNP data set derived from genotyping with Affymetrix
chips with a high imputation quality. In the Rotterdam Study,

rs734809 was genotyped within an Illumina HumanHap 550 k
chip and rs2072907 was imputed. Methods on the measurement
of total cholesterol, high-density lipoprotein cholesterol, lowdensity lipoprotein cholesterol, triglycerides and alanine-aminotransferase are provided in the Supplementary Material.
Non-HDLC levels were calculated by subtracting HDLC from
total cholesterol. Participants of the Bruneck, KORA S4/F4,
CoLaus, SAPHIR and Utah Study were fasting at the time of
blood collection with the exception of a few individuals. In
KORA S3/F3, 675 of the 1644 subjects were fasting. In the
SHIP Study, blood collection was performed in non-fasting
state. In the Rotterdam Study, TC and HDLC levels used in
this analysis were measured in non-fasting people (baseline
study), while TG was measured in fasting people (third
follow-up examination). Non-fasting individuals of each
study were excluded from the analysis of triglyceride levels.

Statistical analysis
Differences of lipid parameters between the genotype groups
of each study population were tested using general linear
regression models adjusted for age, gender and alanineaminotransferase using an unconstrained genetic model as
well as an additive genetic model. A pooled effect size was
obtained by meta-regression analysis using a fixed effects
model and compared to a random effects model (35 – 37).
Further details are described in the Supplementary Material.

Bioinformatic analysis
We examined the protein domains of adiponutrin that could
potentially influence the cholesterol metabolism by using the
BioSapiens DASTY tool (http://www.biosapiens.info/page
.php?page=dasty) and we investigated the effects of the
amino acid exchange caused by a transversion at rs738409
on the protein function using Polyphen (38) and SIFT (39).
Known and predicted protein interactions were analyzed by
STRING 8.0 (http://string.embl.de/) (11). The potential regulation of the adiponutrin gene promoter by cholesterol-related
transcription factors was investigated using the Genomatix
Suite (Genomatix GmbH, Munich, Germany; www.
genomatix.de). Expression profiles were retrieved by
BioGPS (https://biogps.gnf.org/).

SUPPLEMENTARY MATERIAL
Supplementary Material is available at HMG online.
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eight hematological parameters in the HaemGen consortium
The number and volume of cells in the blood aect a wide range of disorders including cancer
and cardiovascular, metabolic, infectious and immune conditions. A meta-analysis of 13,943
samples from six European population-based studies designated as the HaemGen consortium
was conducted to identify genetic loci associated with eight clinically relevant hematological
parameters. These parameters included hemoglobin levels (Hb), red and white blood cell and
platelet counts (RBC, WBC and PLT, respectively) and the volumes of red blood cells and
platelets (MCV and MPV, respectively). In addition, two derived red cell measures of mean
corpuscular hemoglobin content (MCH) and mean corpuscular hemoglobin concentration
(MCHC) were included for association testing.

MCH and MCHC were included despite

their correlation to the other red blood cell parameters because they are commonly used in
the dierential diagnosis of anemia.
The SNP association analyses were performed using a two-stage design: a GWAS discovery set of 4,627 individuals sampled from three population-based studies and a replication set
of 9,316 individuals from three additional studies including SHIP. After successful replication, 6 loci were associated with red blood cell parameters, 15 were associated with platelet
parameters and 1 was associated with total white blood cell count.

One locus that was

genome-wide signicant associated with PLT, a long-range haplotype at 12q24, was shown
to be also associated with coronary artery disease and myocardial infarction in 9,479 cases
and 10,527 controls. Furthermore, this haplotype was already known to be associated with
risk for type 1 diabetes, hypertension and celiac disease and was therefore demonstrates extensive disease pleiotropy. The newly associated loci included genes that have been associated
with hereditary hemochromatosis, measures of iron status or play a role in iron hemostasis.
Some SNPs also showed pleiotropic eects among the blood parameters analyzed. All but
one SNP exhibited only low to moderate heterogeneity among the studies.
Expression patterns of all the genes within a 1-Mb interval from the lead SNP in eight
blood cell lines and endothelial cells were characterized to prioritize a list of the most plausible candidates in each region. Finally, for platelet loci, associations with transcript levels
of platelet mRNAs was tested. Multimarker score tests for all 12 MPV and the 6 red blood
cell traits associated SNPs, respectively, clearly showed a continuous increase of the corresponding volume depending on the number of volume increasing alleles of each individual,
whereas an average increase of MPV of 0.12  per copy of a MPV-increasing allele and 0.47 
per copy of a MCV-increasing allele has been estimated by linear regression. The fraction of
genetic variance explained by each locus was 8.6% for MPV traits, 0.5% for PLT traits, 3%
for erythrocyte traits and 0.12% for the single validated WBC locus. Finally, a conditional
analysis of the MPV loci where PLT was added as a covariate in the MPV regressions revealed that all but one SNP (rs11602954) were independently of PLT associated with MPV.
Since SNP rs11602954 showed a decreased eect size after the conditional analysis, an eect
through PLT and not MPV could not be excluded.
In SHIP we calculated the association for all blood parameters of the 89 SNPs of the replication stage in 4,092 individuals, adjusted for sex, age and the two study centers (Greifswald
and Stralsund) where phenotype measurement was performed. Furthermore, we performed
the multimarker score tests as well as the conditional analysis of the nally replicated SNPs.
This study reveals common genetic variants of 22 loci associated with eight clinical relevant hematological parameters including a haplotype that also demonstrates extensive disease pleiotropy.
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A genome-wide meta-analysis identifies 22 loci
associated with eight hematological parameters in the
HaemGen consortium
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Angela Döring3, Roberto Elosua22, Stephen E Epstein21, Wendy Erber23, Mario Falchi2,24, Stephen F Garner4,
Mohammed J R Ghori1, Alison H Goodall25, Rhian Gwilliam1, Hakon H Hakonarson26, Alistair S Hall27,
Naomi Hammond1, Christian Hengstenberg28, Thomas Illig3, Inke R König6, Christopher W Knouff29,
Ruth McPherson9, Olle Melander30, Vincent Mooser29, Matthias Nauck31, Markku S Nieminen32,
Christopher J O’Donnell18,33, Leena Peltonen11,12, Simon C Potter1, Holger Prokisch34,35, Daniel J Rader36,37,
Catherine M Rice1, Robert Roberts9, Veikko Salomaa11,12, Jennifer Sambrook4, Stefan Schreiber38,
Heribert Schunkert7, Stephen M Schwartz39,40, Jovana Serbanovic-Canic4, Juha Sinisalo32, David S Siscovick39,40,
Klaus Stark28, Ida Surakka12, Jonathan Stephens4, John R Thompson8, Uwe Völker5, Henry Völzke41,
Nicholas A Watkins4, George A Wells9, H-Erich Wichmann3,42, David A Van Heel43, Chris Tyler-Smith1,
Swee Lay Thein16, Sekar Kathiresan18,33, Markus Perola11,12, Muredach P Reilly36,37, Alexandre F R Stewart9,
Jeanette Erdmann7, Nilesh J Samani25, Christa Meisinger3, Andreas Greinacher44, Panos Deloukas1,45,
Willem H Ouwehand1,4,45 & Christian Gieger3,45
The number and volume of cells in the blood affect a wide range of disorders including cancer and cardiovascular, metabolic,
infectious and immune conditions. We consider here the genetic variation in eight clinically relevant hematological parameters,
including hemoglobin levels, red and white blood cell counts and platelet counts and volume. We describe common variants
within 22 genetic loci reproducibly associated with these hematological parameters in 13,943 samples from six European
population-based studies, including 6 associated with red blood cell parameters, 15 associated with platelet parameters and
1 associated with total white blood cell count. We further identified a long-range haplotype at 12q24 associated with coronary
artery disease and myocardial infarction in 9,479 cases and 10,527 controls. We show that this haplotype demonstrates extensive
disease pleiotropy, as it contains known risk loci for type 1 diabetes, hypertension and celiac disease and has been spread by a
selective sweep specific to European and geographically nearby populations.
The hematopoietic system is one of the best-studied cellular differentiation processes in mammals. The differentiation of the hematopoietic stem cell into its progeny is a tightly orchestrated process of fate
determination and cell proliferation which results in a repertoire of
different types of mature cells in the peripheral blood that supervise a
range of functions including the transport of oxygen, innate and adaptive immunity, vessel wall surveillance, homeostasis and wound repair.
The count and volume of the cellular elements in circulating blood
are highly heritable and tightly regulated1,2 and vary widely between
individuals. Such hematological traits, which include the concentration of hemoglobin (Hb), the numbers of white blood cells (WBC),

red blood cells (RBC) and platelets (PLT), and the volumes of red
blood cells and platelets (MCV and MPV, respectively), are commonly
used parameters in the clinic. Deviations outside normal ranges for
these parameters are indicative of many different disorders including
cancer and infectious and immune diseases. Multiple reports confirm
that high white cell counts are an independent risk factor for coronary
artery disease (CAD) and myocardial infarction (MI)3–5. Increased
platelet volume has also been variably associated with MI risk6.
We established the HaemGen Consortium in order to search for
genetic loci contributing to variation in hematological parameters
and to assess the potential correlation of these loci with disease

*A full list of author affiliations appears at the end of the paper.
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Figure 1 Summary of the study design.

outcomes. In an initial cross-replication analysis of two independent genome-wide association (GWA) studies, we described four loci
associated with MPV in Europeans. The four loci map in or near
WDR66 (rs7961894), ARHGEF3 (rs12485738), TAOK1 (rs2138852)
and PIK3CG (rs342293) and account for approximately 5.5% of
the genetic variation7,8 in MPV. Here, we describe the findings of
the first systematic genome-wide meta-analysis with independent
replication of a broader range of eight clinically relevant hematological traits. We report 22 loci associated with these traits, one of
which is also associated with increased risk of CAD/MI.
RESULTS
GWA analysis of hematological parameters
The study design is shown in Figure 1. We analyzed a total of eight
hematological parameters. Six of these parameters are measured
directly: Hb, RBC and MCV for red cells, PLT and MPV for platelets
and WBC for white cells. In addition, we tested the two derived red
cell measures of mean corpuscular hemoglobin content (MCH) and
mean corpuscular hemoglobin concentration (MCHC). Although
they are derived from, and thus correlated to, the three measured red
cell traits, we included MCH and MCHC because they are commonly
used in the differential diagnosis of anemia.
We implemented a two-stage design involving a discovery set of
4,627 individuals sampled from three population-based samples and
a replication set of 9,316 individuals from three additional studies
(Fig. 1). All participants were of European ancestry. The characteristics of each sample collection are described in Supplementary
Table 1a. After we applied stringent quality control criteria as
described in the Supplementary Note, 2.11 million genotyped and
imputed autosomal SNPs were available for analysis in all the three
stage 1 samples. A uniform analysis plan was applied to each cohort,
and individual summary statistics were combined using an inverse
variance meta-analysis. There was no evidence of inflation of the summary statistics across the eight traits in the three discovery cohorts
(Supplementary Note).
Figure 2 Manhattan plots describing the association of 2.11 M SNPs
with eight hematological traits in the three discovery samples
(UKBS-CC1, TwinsUK and KORA F3 500K). SNPs with P ≤ 10–5 are
highlighted in green; SNPs exceeding the genome-wide significance
threshold of 5 × 10–8 are shown in purple.
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Following meta-analysis, we applied
additional filtering criteria as described in
the Online Methods to prioritize genomic
regions for  replication. A total of 88 independent regions met these criteria across the
8 traits,  including 11 for Hb, 10 for MCH,
3 for MCHC, 12 for MCV, 12 for RBC, 25
for MPV, 8 for PLT and 7 for WBC (Fig. 2).
In each region we selected the SNP with the
lowest P value for follow-up in the replication
samples (‘leading SNP’). For one locus on
chromosome 12q24, we selected two SNPs for
follow-up (rs11065987 and rs11066301) that
Replication in five
were in high linkage disequilibrium (LD) with
further case-control
collections
each other (r2 = 0.82) but were located >500
(5,458 cases/4,648
controls)
kb apart (specifically, the two SNPs are 799
One locus with
kb apart). The replication set included 9,316
P value ≤ 5 × 10–8
individuals from three European populationbased studies (Supplementary Table 1a).
We applied the same uniform analysis plan
and meta-analytical approach described in
the Online Methods for analysis of the replication datasets and for
combining summary statistics.
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threshold of 5 × 10–8 in the combined sample of 13,943 individuals
(Table 1; the summary statistics for loci that did not reach this threshold are given in Supplementary Table 2). Of the 22 loci, 7 are known
loci for hematological parameters, and the remaining 15 identify new
association signals. We searched published literature, databases of mendelian human disease (Online Mendelian Inheritance in Man), gene
function and homology with animal models of function and disease
in order to prioritize the most likely candidate genes (Supplementary
Table 3). Furthermore, we characterized the expression patterns of all
the genes within a 1-Mb interval from the lead SNP in eight blood cell
lines and endothelial cells using Illumina HumanWG-6 (v2) Expression
BeadChip expression arrays (Supplementary Fig. 1 and Supplementary
Note). Finally, for platelet loci, we also tested associations with transcript level in a panel of 35 platelet mRNAs. Although this effort provides supplementary evidence to prioritize a list of the most plausible
candidates in each region, we note that more in-depth characterization will be required in order to conclusively associate genes with the
observed phenotypic variation.

Red blood cell traits. Six independent regions were confirmed as
strongly associated with red blood cell parameters with all exerting
their main effect on MCV or RBC (Table 1). Among these regions
were two well-characterized loci: the HBS1L-MYB region on 6q23–
q24 (rs9402686, P = 7.4 × 10–42) and the C282Y amino acid change
in HFE at 6p21.3 (rs1800562, P = 1.4 × 10–23). Rare nonsynonymous mutations in these genes have been associated with hereditary
hemochromatosis and common SNPs with measures of iron status
(Supplementary Table 3). Of the red cell loci, the HBS1L-MYB locus
had the greatest pleiotropic effect, showing genome-wide significant
associations with MCH (P = 4.5 × 10–40), RBC (P = 1.6 × 10–29),
PLT (P = 2.2 × 10–13) and, to a lesser extent, MCHC (P = 1.2 × 10–5)
and WBC (P = 6.3 × 10–5; Supplementary Table 4). Two other association signals were located near genes known to play a role in iron
hemostasis (TMPRSS6 and TFR2). The serine protease matriptase-2,
encoded by TMPRSS6 (lead SNP rs5756506, P = 9.5 × 10–10), regulates levels of the peptide hormone hepcidin, the master regulator
of iron homeostasis in humans9. The rs5756506 SNP was the only

Table 1 22 loci that reached genome-wide significance for association with eight hematological traits
Discovery (n = 4,627)
Pos
(build 36)

Cytoband

MCH rs5756506b

35,797,338

22q12.3

MCV rs11970772

42,033,268

6p21.1

26,201,120

6p21.3

Trait

SNP

rs1800562
rs9609565

31,197,528

rs9402686

135,469,510

RBC rs7385804
MPV rs10914144

PLT

Minor
allele

MAF
CEU

A1/
A2a

Beta
(s.e.m.)

TMPRSS6

C

0.35

C/G

BYSL/
CCND3
HFE

A

0.15

A/T

A

0.04

A/G

0.192
(0.040)
0.591
(0.117)
1.319
(0.201)
0.549
(0.111)
0.909
(0.109)
0.008
(0.002)
0.016
(0.003)
0.013
(0.003)
0.014
(0.003)
0.013
(0.002)
0.015
(0.002)
0.014
(0.002)
0.014
(0.002)
0.017
(0.002)
0.012
(0.002)
0.013
(0.002)
0.036
(0.004)
0.013
(0.002)
7.521
(1.305)
7.479
(1.251)
6.908
(1.342)
6.951
(1.389)
0.030
(0.006)

Locus

FBXO7

A

0.25

G/A

HBS1L
-MYB
TFR2

A

0.22

A/G

100,073,906

22q12
–q13
6q23
–q24
7q22

C

0.38

C/A

170,216,373

1q24.3

DNM3

T

0.17

C/T

rs11071720

61,129,049

15q22.1

TPM1

T

0.37

T/C

rs11602954

192,856

11p15.5

BET1L

A

0.23

G/A

rs12485738

56,840,816

ARHGEF3

A

0.42

A/G

3p21–p13

rs1668873

203,502,613

1q32.1

TMCC2

A

0.33

G/A

rs2138852

24,727,475

17q11.2

TAOK1

C

0.44

T/C

rs2393967

64,803,162

JMJD1C

C

0.37

A/C

rs342293

106,159,455

10q21.2
–q21.3
7q22.3

PIK3CG

G

0.45

G/C

rs6136489

1,871,734

20p13

SIRPA

G

0.26

T/G

rs647316

31,318,333

2p21

EHD3

A

0.25

A/G

rs7961894

120,849,966

WDR66

T

0.12

T/C

12q24.31

rs893001

65,667,825

18q22.3

CD226

A

0.47

C/A

rs11065987

110,556,807

12q24

ATXN2

G

0.34

G/A

rs11066301

111,355,755

12q24

PTPN11

G

0.35

G/A

rs210135

33,648,670

6p21.3

BAK1

T

0.32

A/T

rs385893
WBC rs17609240

4,753,176
35,364,215

9p24.1
–p24.3
17q12

AK3

T

0.44

C/T

GSDMA/
ORMDL3

T

0.26

G/T

Replication (n = 9,316)
I2
(%)

Beta
(s.e.m.)

1.2 × 10−6

0

4.7 × 10−7

0

0.111
(0.027)
0.569
(0.078)
1.494
(0.197)
0.301
(0.071)
0.777
(0.072)
0.005
(0.001)
0.012
(0.002)
0.008
(0.003)
0.013
(0.002)
0.016
(0.002)
0.011
(0.002)
0.018
(0.002)
0.015
(0.002)
0.015
(0.002)
0.009
(0.002)
0.008
(0.002)
0.029
(0.003)
0.009
(0.002)
4.118
(0.815)
3.467
(0.809)
4.380
(1.138)
5.979
(0.895)
0.015
(0.004)

P

5.9 × 10−11 50
8.2 ×

10−7

0

9.1 × 10−17 14
4.7 × 10−6

0

2.9 × 10−7

48

6.5 × 10−7

27

1.9 × 10−6

0

1.5 × 10−8

71

3.3 ×

10−10

0

2.5 × 10−9

57

2.3 × 10−8

0

6.8 × 10−13 22
1.3 × 10−6

24

7.4 × 10−8

63

8.2 × 10−19

0

10−8

0

8.3 × 10−9

0

2.3 × 10−9

0

2.6 × 10−7

0

8.3 ×

10−7

47

1.2 × 10−6

0

5.6 ×

Combined (n = 13,943)

P

I2
(%)

%
variance

Beta
(s.e.m.)

4.4 × 10−5

0

0.18

2.7 × 10−13

50

0.51

3.1 × 10−14

0

0.94

0.137
(0.022)
0.575
(0.065)
1.408
(0.141)
0.372
(0.060)
0.818
(0.060)
0.006
(0.001)
0.013
(0.002)
0.011
(0.002)
0.013
(0.002)
0.015
(0.001)
0.012
(0.001)
0.016
(0.002)
0.014
(0.002)
0.015
(0.001)
0.010
(0.002)
0.010
(0.002)
0.031
(0.002)
0.011
(0.002)
5.073
(0.692)
4.650
(0.680)
5.438
(0.868)
6.264
(0.753)
0.019
(0.003)

2.0 ×

10−5

0

0.17

5.9 × 10−27

65

1.16

1.2 × 10−5

33

0.17

7.3 × 10−9

0

0.34

3.1 × 10−3

8

0.18

1.4 × 10−9

25

0.41

0

0.93

4.5 × 10−24
10−12

27

0.49

4.5 × 10−15

0

1.21

2.3 × 10−14

0

0.68

2.3 × 10−22

69

0.96

7.6 × 10−6

0

0.25

2.8 × 10−5

55

0.39

0

1.39

2.4 ×

1.3 × 10−27
10−4

0

0.27

4.4 × 10−7

0

0.23

1.8 × 10−5

0

0.16

1.2 × 10−4

0

0.19

1.9 ×

2.4 ×

10−11

2.1 × 10−4

24

0.33

11

0.12

P

I2
(%)

9.5 × 10−10

0

7.0 × 10−19

0

1.4 × 10−23

18

10−10

20

7.4 × 10−42

37

4.3 ×

4.9 × 10−10

0

2.1 × 10−14

9

1.9 × 10−8

31

1.3 × 10−14

0

5.5 × 10−31

46

10−20

24

1.4 × 10−22

34

1.4 ×

3.3 × 10−21

0

1.6 × 10−33

48

7.7 × 10−11

8

3.2 × 10−11

59

2.7 × 10−44

0

10−10

0

2.2 × 10−13

31

7.7 × 10−12

45

3.7 × 10−10

0

1.4 ×

8.5 ×

10−17

9.4 × 10−9

26
33

For each locus, the association statistics were calculated using inverse-variance meta-analysis separately in the three discovery (UKBS-CC1, TwinsUK and KORA F3 500K) and
three replication samples (KORA F4, SHIP and CBR) and in the combined sample. I2 (%) measures the percentage of total variation across studies due to heterogeneity. Most of
the loci show small to moderate heterogeneity, with only rs647316 displaying substantial heterogeneity (I2 = 59%).
aA1/A2

aligned to CEU + strand, increaser allele. bAfter replication, this locus was most significant for MCV (Beta = 0.369 (0.056), P = 3.8 × 10−11).
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Figure 3 Multimarker score tests for MPV
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and MCV. (a) MPV scores were calculated
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from the 12 validated MPV loci and are given
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MPV-increasing alleles. (b) MCV scores were
9.0
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calculated from six validated red blood cell
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loci. MCV multimarker scores were calculated
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for males and females separately to account for
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substantial differences among sexes. Gray bars
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indicate the number of individuals in each score
class; dots and triangles indicate the mean MPV
7.5
88
0
0
and mean MCV levels in each class with bars
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7
8
Number of MPV-increasing alleles
Number of MCV-increasing alleles
showing the associated standard errors (blue for
males and magenta for females);
the lines are the linear regressions though these points. The regression indicates an average increase of MPV of 0.12 fl per copy of MPV-increasing
allele, corresponding to a variation of between 8.25 and 9.59 fl for individuals carrying between 7 and 18 copies of MPV-increasing alleles, respectively.
The corresponding average increase in MCV was 0.47 fl per allele (range 90.60–93.86 fl for individuals carrying ≤ 1 or ≥ 8 copies of MCV-increasing
alleles) in males and 0.47 fl (range 89.23–92.49 fl for the same range of alleles) in females, respectively.
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red-blood-cell locus to be strongly associated with Hb levels (P = 3.4
× 10–8, Supplementary Table 4); the only other red blood cell locus
with a nominal effect on Hb was HFE (P = 1.6 × 10–4). The signal
on chromosome 7q22 (rs7385804, P = 4.9 × 10–10) is centered on the
TFR2 gene, which encodes the type-2 transferrin receptor essential to
cellular uptake of transferrin-bound iron10. Another likely candidate
in this gene-dense region is EPO (erythropoietin), a growth factor
critical for fate determination within the erythroid lineage11. Another
newly identified MCV locus on chromosome 6p21.1 (rs11970772,
P = 7.0 × 10–19) maps to a recombination interval near the
BYSL and CCND3 genes. We found that five out of the seven genes
in the BYSL-CCND3 region were abundantly transcribed in hematopoietic cells (Supplementary Fig. 1). Both BYSL and CCND3 have
roles in hematopoiesis (Supplementary Table 3). BYSL (bystin) is
a target of c-MYC mRNA, which is consistent with a role in rapid
protein synthesis required for actively growing cells12. Ccnd3–/– mice
show lethality due to heart abnormalities combined with severe
anemia13. Finally, the association signal for MCV at 22q12–q13 overlaps with FBXO7 (rs9609565, P = 4.3 × 10–10), a gene highly expressed
in erythroblasts (EBs), which are the precursors of red blood cells
(Supplementary Fig. 1).
White blood cell counts. One association signal for the total number
of leukocytes was identified on 17q12 near GSDMA-ORMDL3
WTCCC

1.15 (1.05, 1.25)

GerMIFS-I

1.12 (1.00, 1.25)

GerMIFS-II

1.15 (1.03, 1.28)

OHGS

1.16 (1.04, 1.29)

MIGen

1.18 (1.05, 1.32)

COROGENE

1.22 (1.06, 1.41)

PennCATH

1.14 (0.94, 1.37)

MedSTAR

1.10 (0.89, 1.34)
1.15 (1.10, 1.20)

Combined
0.5

1
Odds ratio (95% confidence interval)

2

Figure 4 Association of SNP rs11065987 with CAD. Pooled ORs and
95% CI were calculated in eight case-control studies of European origin
under a fixed effects model, as there was no evidence for heterogeneity in
associations at this locus. The remaining nine SNPs characterizing this
haplotype are described in Supplementary Table 5.
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Number of individuals (n)

Average MPV in fl

Average MPV in fl

Number of individuals (n)

b

(rs17609240, P = 9.4 × 10–9), a known susceptibility locus for
childhood asthma14. Notably, this locus contains CSF3, which encodes
colony stimulating factor 3, a cytokine controlling the production,
differentiation and function of granulocytes15.
Platelet counts and mean platelet volume. In addition to the four
loci associated with MPV (WDR66, ARHGEF3, TAOK1 and PIK3CG)
previously described by our groups7,8, we detected eight new loci
associated with MPV and the first three loci found to be associated
with PLT (Table 1, Supplementary Fig. 1). Nine of the 12 MPV loci
were also associated w ith PLT, of which three reached genome-wide
significance in the combined sample. In all cases the MPV-raising
alleles were associated with a decrease in PLT (Supplementary
Table 4). Conditional analyses show however that all SNPs exerted
their main effects through MPV (Online Methods).
Of the newly identified MPV-associated loci, the association signals
on chromosome 1q24.3 (DNM3, rs10914144, P = 2.1 × 10–14) and
18q22.3 (CD226, rs893001, P = 1.4 × 10–10) contained two strong and
highly plausible candidate genes with a known role in megakaryocyte (MK) development (Supplementary Table 3) and enhanced
gene expression in MKs when compared with EBs (Supplementary
Fig. 1). Four additional regions map in or near JMJD1C (rs2393967,
P = 3.3 × 10–21), TPM1 (rs11071720, P = 1.9 × 10–8), SIRPA (rs6136489,
P = 7.7 × 10–11) and EHD3 (rs647316, P = 3.2 × 10–11), which are candidates with indirect evidence for a role in hematopoiesis in humans
(as discussed in Supplementary Table 3). Of these genes, JMJD1C
(10q21) encodes a probable histone demethylase, with a possible
function in hormone-dependent transcriptional activation. Mouse
mutated at Jmjd1c (encoding Jumonji domain containing 1C) display
increased proliferation of MK lineage cells16. TPM1 encodes tropomyosin I, which regulates the calcium-dependent interaction of actin and
myosin, a key step in platelet formation. TPM1 was found to be highly
downregulated in an individual with an unique mutation in RUNX1
(also called CBFA2) and a severe platelet function disorder17. Finally,
two newly identified regions at 1q32.1 and 11p15.5 are gene rich, and
further efforts will be required to identify the most likely gene candidates for association with MPV. The 11p15.5 signal maps to a region
proximal to the genes BET1L, SIRT3 and PSMD13 (among others).
In this region, we found evidence that the lead SNP rs11602954 affects
expression of the two neighboring genes BET1L (Spearman’s test
P = 3.1 × 10–5) and SIRT3 (P = 2.8 × 10–5) as well as PSMD13 to a lesser
degree (P = 7.3 × 10–3, see Supplementary Note and Supplementary
Fig. 1). A G477T variant in the SIRT3/PSMD13 bidirectional promoter
has been shown to co-regulate SIRT3 and PSMD13 and has been
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linked to longevity in humans18. Three independent loci with effects
on PLT were identified. The association signal on the 6p21.3 locus was
centered in the BAK1 gene (rs210135, P = 3.7 × 10–10), which encodes
a protein with a strong proapoptotic effect that is known to control
platelet lifespan19. Two further SNPs map to 12q24.12 (rs11065987,
P = 2.2 × 10–13 and rs11066301, P = 7.7 × 10–12). The association
signal on 12q24.12 spans ~1.6 Mb and harbors 15 genes including
PTPN11, SH2B3 and BRAP. This region is discussed in more detail
below. Finally, an association signal at 9p24.1–p24.3 (rs385893,
P = 8.5 × 10−17) was found 400 kb upstream of JAK2, which is a key
regulator of megakaryocyte maturation and is somatically mutated
in half of the individuals with essential thrombocytosis20.
Multimarker scores
Overall, the fraction of genetic variance explained by each locus in
regression models adjusted for sex and age was 8.6% for MPV traits,
0.5% for PLT traits, 3% for erythrocyte traits and 0.12% for the single
validated WBC locus. We constructed a score to predict MPV levels
from the joint model of the 12 validated MPV SNPs and the 6 validated SNPs associated with red blood cell traits as described in the
Online Methods section (Fig. 3). The regression of mean on score
indicates an average increase of MPV of 0.12 fl per copy of a MPVincreasing allele and 0.47 fl per copy of a MCV-increasing allele.
Associations with coronary artery disease
Because several of the hematological traits analyzed show an association with CAD or MI, we examined the association of the 23 validated SNPs (including the two associated SNPs on 12q24.12) with
CAD. We used a two-stage approach to test for association with CAD
(Fig. 1). First, we obtained association statistics for 4,021 affected
individuals (cases) and 5,879 controls from three European CAD or
MI case-control studies (Wellcome Trust Case Control Consortium
(WTCCC)-CAD, German Myocardial Infarction Family Study
(GerMIFS I and GerMIFS II)) and calculated the pooled odds ratios.
All studies included validated cases of premature MI or CAD as
detailed in Supplementary Table 1b and the Supplementary Note.
Two SNPs from one region (SNPs rs11066301 and rs11065987 on
12q24) had nominal significance (P ≤ 0.05) in the stage 1 analysis
(Supplementary Table 5). For these loci, we obtained summary
statistics from an additional 5,458 cases and 4,648 controls from

RPH3A
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RPL6
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C12orf30

ERP29

TMEM116

ALDH2

ACAD10

BRAP

ATXN2

SH2B3

CUX2

CD4
FAM109A

Figure 5 Heat map of mRNA expression in the
12q24 region. For all genes contained within
the 1.6-Mb interval, VST-transformed signal
intensities from using Illumina HumanWG-6
(v2) Expression BeadChip expression arrays were
median-normalized and values were averaged
across biological replicates in stem cell-derived
erythroblasts (EBs, n = 4), megakaryocytes
(MK, n = 4), human umbilical vein endothelial
cells (HUVECs, n = 3), CD4+ Th (CD4, n = 7)
and CD8+ Tc lymphocytes (CD8, n = 7), CD14+
monocytes (CD14, n = 7), CD19+ B lymphocytes
(CD19, n = 7), CD56+ natural killer cells (CD56,
n = 7) and CD66b+ granulocytes (CD66, n = 7).
For platelet-associated signals, levels of gene
expression in 35 platelet mRNA were averaged
based on genotype at the leading or proxy SNP.
Signal intensities obtained with platelets were
obtained using Illumina HumanWG-6 (v1)
Expression BeadChip expression arrays and were
normalized independently from the remaining
blood cell lines.
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five further case-control collections, including the Ottawa Heart,
MedSTAR, PennCATH, MIGen and the COROGENE studies. All samples had a validated diagnosis of CAD (including MI) compatible with
the clinical criteria used in the stage 1 samples (See Supplementary
Table 1b and Supplementary Note for case definition in the
different studies).
The association results for the two SNPs rs11066301 and
rs11065987 on 12q24 were strongly replicated in the stage 2 sample,
providing independent confirmation for 12q24 as a risk locus for
CAD. In the combined sample of 9,479 cases and 10,527 controls,
the allelic odds ratios of rs11066301 (minor allele frequency (MAF)
= 0.35) and rs11065987 (MAF = 0.34) were, respectively, 1.144 (95%
CI 1.095–1.196, P = 2.52 × 10–9) and 1.152 (95% CI 1.104–1.202,
P = 7.05 × 10–11 Fig. 4 and Supplementary Table 5a); the respective allelic odds ratios for a MI sub-analysis were 1.165 (95% CI
1.111–1.222, P = 3.43 × 10–10) and 1.177 (95%CI 1.124–1.231, P =
2.42 × 10–12; Supplementary Table 5b). For both SNPs, the minor
allele was associated with increased PLT and increased risk of CAD
and MI. The same association with CAD was recently reported by
an independent study21.
Natural selection and human disease at the 12q24 locus
The SNPs rs11065987 and rs11066301 are located 799 kb apart and
are in high LD (r2 = 0.82). Analysis of the PLT association plot shows
that the signals map to two adjacent recombination intervals spanning
approximately 1.6 Mb and containing 15 genes. The expression of such
genes in blood lineages is shown in Figure 5. The haplotype structure
of this region is shown in Figure 6. We analyzed the local LD pattern in
three HapMap population panels (CEU, CHB + JPT, and YRI). In the
CEU panel, the region is characterized by extended LD. Ten common
SNPs (MAF = 0.35–0.4) identify a common haplotype spanning the
length of the associated interval (Table 2). Of the ten SNPs, one is an
Arg262Trp nonsynonymous change in the gene SH2B3 (rs3184504),
seven are intronic within four genes (ATXN2, C12orf30, C12orf51 and
PTPN11) and two are intergenic. All of them display genome-wide
significant association with PLT (Fig. 6a). We calculated the pooled
summary statistics for associations with CAD in the same 1.6 Mb
region using six of the eight case-control studies with available data.
The ten SNPs had similarly elevated P values for association with CAD
(Table 2, see also Supplementary Table 5), whereas the remaining SNPs
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Figure 6 Overview of the 12q24 region. (a–d)
The –log10 P value for associations with platelet
counts (a), coronary artery disease (b), type 1
diabetes (c) and celiac disease (d) are shown
for two consecutive recombination intervals
in a 1.6-MB region on chromosome 12
(Build 36 pos 109,896,664–111,516,664).
(e) The position of the 10 SNPs forming a
high-frequency (MAF 40%) haplotype is
highlighted by gray bars; this also displays
the evolutionarily ancestral (blue) and derived
(red) alleles at the 10 SNPs. (f,g) Signatures
of positive selection obtained from Haplotter,
including a graphical display of haplotypes
at different distances from the lead SNP
rs11065987 (f) and a plot marking the decay
of extended haplotype homozygosity at different
distances from SNP rs11065987 (g).
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e
CUX2
in the region did not show strong association
110,000,000
with CAD (Fig. 6b). The G allele at rs17696736
in C12orf30 is a known risk factor for type 1
diabetes (T1D)22,23. A second SNP on the
same haplotype (rs3184504 in SH2B3) has
f
been previously associated with celiac disease,
whereby the CAD risk allele also increases risk
for celiac disease24. We retrieved association
data for T1D and celiac disease generated in
previous studies (Supplementary Note) and
plotted the association statistics for genotyped
and imputed SNPs over the same interval
(Fig. 6c,d). We observed a similar elevation of
the association signals at the ten SNPs (where
present), which suggests a pattern of association similar to PLT and CAD.
We retrieved the ancestral states by
g 1.0
comparison with chimpanzee data from
0.8
the University of California at Santa Cruz
genome browser for each of the ten SNPs
0.6
showing significant association with PLT
(Table 2). The CAD-risk and PLT-raising
0.4
alleles corresponded to the derived states.
We retrieved the integrated haplotype score
0.2
(iHS)25,26 and Fay and Wu’s H+ statistics
0.0
for HapMap Phase II data (Table 2)25–27
to test the hypothesis that the long-range,
evolutionarily derived haplotype in this region arose from a positive selection event—that is, a selective sweep. The 12q24 region
showed a signature characteristic of a selective sweep, with highly
negative iHS scores (–4.341 to –2.756, an extreme pattern compared to an empirical genome-wide threshold of –2 for positive
selection25) and highly skewed Fay and Wu’s H+ statistics (Table 2).
Accordingly, the extended haplotype homozygosity statistics 28 show
excess homozygosity on the evolutionarily derived haplotype over
a 1.6-Mb interval (Fig. 6g). We estimated the age of the rs3184504
T-allele haplotype25 at approximately 3,400 years (Supplementary
Note). Next, we compared the population differentiation statistics
FST at the ten SNPs with the empirical distributions of frequencymatched HapMap SNPs (Table 2)29. The ancestral  alleles at all
SNPs were fixed in the YRI and CHB+JPT HapMap panels, yielding significant global differentiation (Table 2). Taken together,
these results support the hypothesis of a selective sweep that
increased the frequency of CAD, T1D and celiac disease risk alleles

Nature Genetics

FAM109A
ATXN2
SH2B3

ACAD10 MAPKAPK5 ERP29 TRAFD1
TMEM116 C12orf30 C12orf51
BRAP ALDH2

110,500,000

120

120

100

100

RPL6
PTPN11
111,500,000

111,000,000

80

80

60

60

40

40

20

20

20

20
1.0
0.8
0.6
0.4
0.2
0.0

in Europeans and geographically nearby populations but not
in East Asian or African populations.
DISCUSSION
This study represents, to our knowledge, the first GWA of hematological
parameters to be completed in cohorts with large sample sizes. In a
two-stage design with 4,627 discovery and 9,316 replication samples,
we were able to confirm 22 independent loci as associated with six of
the eight traits at the genome-wide significance level. None of the loci
selected from the meta-analysis of MCHC and Hb were replicated at
genome-wide significance in our study. However, genome-wide significance for Hb was achieved for rs5756506 at locus TMPRSS6 in
the combined analysis (Supplementary Table 4). The regions identified contain several plausible regulators of hematopoiesis in humans
(see also Supplementary Table 3 for discussion on likely candidates).
Associations with erythrocyte-related traits are dominated by two
main effect loci, rs1800562 in HBS1L-MYB and the nonsynonymous
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Table 2 Association with disease and signatures of natural selection at the ten core SNPs in the 12q24 region
Platelet count association
Gene
annotation

SNP
rs3184504a
rs4766578a
rs10774625a
rs653178a
rs11065987
rs17696736b
rs17630235
rs11066188
rs11066301

© 2009 Nature America, Inc. All rights reserved.

rs11066320

SH2B3
(Arg262Trp)
ATXN2
(intron)
ATXN2
(intron)
ATXN2
(intron)
Intergenic
C12orf30
(intron)
TRAFD1
(3′ of gene)
C12orf51
(intron)
PTPN11
(intron)
PTPN11
(intron)

CAD

Natural selection

Increaser
allele

Beta (s.e.m.)
(109/l)

P

Risk
allele

OR (95% CI)

P

Ancestral/
derived
allele

T

7.22 (1.28)

1.6 × 10−8

T

1.176 (1.120–1.238)

4.23 × 10–11

C/T

0.41

0

0

–2.756

–35.656

T

7.33 (1.28)

1.0 × 10−8

T

1.158 (1.100–1.218)

1.16 × 10–8

A/T

0.42

–

–

–2.761

–37.062

A

7.33 (1.28)

9.9 ×

10−9

A

1.158 (1.100–1.219)

1.16 ×

10–8

G/A

0.42

0

0

–2.761

–36.22

0.40**

C

7.25 (1.27)

1.2 × 10−8

C

1.171 (1.117–1.227)

5.69 × 10–11

T/C

0.41

0

0

–2.882

–34.185

0.39**

G
G

7.52 (1.31)
6.89 (1.24)

8.3 × 10−9
3.1 × 10−8

G
G

1.152 (1.104–1.202)
1.144 (1.098–1.192)

7.05 × 10–11
1.41 × 10–10

A/G
A/G

0.34
0.35

0
0

0
0

–3.038
–3.212

–36.295
–57.263

0.34*
0.34*

A

7.07 (1.25)

1.7 × 10−8

A

1.145 (1.096–1.196)

1.33 × 10–9

G/A

0.33

0

0

–3.206

–61.348

0.32*

A

7.22 (1.25)

8.5 × 10−9

A

1.150 (1.103–1.199)

5.28 × 10–11

G/A

0.32 0.008

0

–3.227

–60.794

0.30*

G

7.48 (1.25)

2.3 ×

10−9

G

1.144 (1.095–1.196)

2.52 ×

A/G

0.35 0.008

0

–2.646

–56.342

0.33*

A

7.48 (1.25)

2.3 × 10−9

A

1.149 (1.101–1.198)

1.18 × 10–10

G/A

0.35

0

–4.341

–59.37

0.34*

10–9

DAFc
CEU

DAFc
YRI

DAFc
CHB

Standardized iHS

Fay and
Wu’s H+

FSTd
0.39**

0

–

The PLT summary statistics are relative to the discovery sample. The derived and ancestral allele status was obtained from the UCSC annotations. Derived allele frequencies in the three
HapMap Phase 2 samples were obtained from the HapMap repository. The natural selection statistics iHS and Fay and Wu’s H+ for HapMap Phase 2 were obtained from Haplotter.
aCAD

data not available for WTCCC-CAD; T (derived) allele at rs3184504 increases risk for celiac disease. bAll cohorts with genotyped calls; G (derived) allele increases risk for T1D.
= derived allele frequency. dGlobal FST for the comparison of CEU/YRI/CHB+JPT calculated from HapMap Phase II data. The symbols * and ** indicate SNPs exceeding the 95th
= 0.309) and 99th (FST = 0.37) percentiles of the empirical genome-wide distribution for this MAF bin (0.05–0. 1 worldwide).

cDAF

(FST

change rs9402686 in HFE. Three loci (HFE, TFR2 and TMPRSS6)
mapped to genes known to be associated with iron homeostasis. The
nonsynonymous C282Y change in HFE (rs9402686) is a classic risk
allele for hereditary hemochromatosis, but here we show for the first
time that it also modifies MCV.
The 12 MPV loci showed similar per-allele effect sizes (Table 1) and
jointly explain 8.6% of total genetic variance in MPV after adjusting
for age and sex. We identified several key functional categories of genes
implicated in the regulation of platelet counts and volume, including
transcriptional activation (WDR66 and JMJD1C), intracellular signaling (PIK3CG, ARHGEF3, TAOK1 and SH2B3), protein transport and
endocytosis (BET1L, DNM3 and EHD3), cell adhesion (SIRPA and
CD226) and actin-myosin contraction and cell motility (TPM1) and
apoptosis (BAK1). Of these, only a handful of loci encode proteins
that had previously known roles in hematopoiesis in humans and
mouse knockout models (PIK3CG-PRKAR2B, ARHGEF3, JMJD1C,
CD226, BAK1, SH2B3-PTPN11 and SIRPA). SIRPA and CD226 both
encode MK membrane proteins; results from cell biology studies in
MK cells are strongly supportive of their candidacy for association
to MPV (Supplementary Table 3). The marked overexpression of
DNM3 in MKs compared with other blood cells and the increase in
the TPM1 transcript level with MK polyploidization both support
of the putative role of these proteins in MK and platelet biology, but
further studies will be required to discern their precise role.
We also detected a greater number of loci for MPV than for red and,
particularly, white blood cell traits. Measurements of WBC included
all different white cell subtypes, thus adding to the overall noise in the
association analysis and lowering power. It is possible that dissecting
the WBC measurement into the main types of mononuclear cellular
elements (lymphocytes, monocytes and granulocytes) may improve
the ability to identify a large number of additional loci. A recent study
identified an association of the Arg262Trp nonsynonymous change
in the gene SH2B3 (rs3184504) and eosinophil counts and CAD
(P = 8.6 × 10–8)21. The same locus was identified in our study as being
strongly associated with PLT and CAD.
We extended knowledge of this locus by characterizing the
association signal as a common (frequency ~40%) long-range

haplotype (1.6 Mb) including the Arg262Trp site, seven intronic SNPs
(in ATXN2, C12orf30, C12orf51 and PTPN11) and two intergenic
SNPs. We obtained strong evidence suggesting that the haplotype
at 12q24 has arisen from a selective sweep specific to Europeans and
nearby populations beginning approximately 3,400 years ago, a period
characterized by the expansion of high-density human settlements
in this part of the world. The role of this region in T cell–mediated
immune response is compatible with the notion of immunity being
a strong selective force in human evolution28.
The 12q24 haplotype links risk alleles for T1D, CAD and celiac disease
(carried on the derived haplotype) as well as a recently identified association with hypertension30, thus highlighting a remarkable example of
disease pleiotropy at this locus. The functional validation of the effect of
the Arg262Trp variant in SH2B3 and other variants on this haplotype
will be important to clarify and dissect the underlying causes of such
pleiotropy and also to establish whether variation in PLT and/or the
Arg262Trp change are causal for CAD or whether they merely reflect a
pleiotropic effect due to the persistence of multiple functional variants
on the long-range haplotype. SH2B3 encodes Lnk, an important negative regulator of cell-signaling events originating from cell membrane
activatory receptors such as the T-cell receptor and MPL, the receptor
for thrombopoietin on MKs and platelets. Lnk-mediated regulation of
Stat-5 activation regulates the crosstalk between integrin- and cytokinemediated signaling31. Cells from Lnk-deficient mice show an increased
sensitivity to several cytokines and altered activation of the RAS-MAPK
pathway in response to IL3 and stem cell factor32. Using homology to
mouse protein models, we mapped Arg262Trp to a putative pleckstrin
homology domain (Supplementary Note and Supplementary Fig. 2).
A possible functional effect could be caused by a charge reversal of this
surface-exposed residue, affecting interaction with unidentified downstream signaling molecules. Pleckstrin homology domains form a structurally conserved family associated with several regulatory pathways
through signal transduction or protein ligand recognition33.
Further functional assessment and in-depth analysis of the 12q24
region will be required to dissect the pleiotropic effects observed
at this locus and, in particular, the causality relationship between
platelet counts and CAD risk. We note that the region covered by the
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long-range haplotype contains a number of other candidate genes that
may modify platelet phenotypes. The tyrosine-protein phosphatase
non-receptor type 11 encoded by PTPN11 plays a regulatory role in a
wide array of cell-signaling events involved in the control of cell functions, such as mitogenic activation, metabolic control, transcription
regulation and cell migration. Mutations in PTPN11 are a cause of
the mendelian disorder Noonan syndrome, which is characterized by
platelet abnormalities34,35 and acute myeloid leukemias36,37. Also in
this region, BRAP (encoding BRCA1-associated protein) was shown
to interact in vitro and in vivo with p21 (encoded by CDKN1A), a
regulator of cell cycle progression previously implicated in atherosclerosis38. Notably, a recent study in Japanese individuals has detected
an association between common SNPs in BRAP and risk of CAD39.
Such an effect, however, is not explained by the Arg262Trp variant in
SH2B3, which is absent in East Asian populations.
An overarching scope of our analysis was to test whether blood
cell loci, particularly those for platelets, are risk loci for cardiovascular disease. Apart from the association signal on 12q24, we found
no overwhelming evidence for contribution of these loci to the
risk of CAD or MI. Increased MPV represents a strong, independent predictor of post-event outcome in CAD6,40–42, and the new loci
might contribute to survival and prognosis after a major CAD event.
This possibility merits further investigation. Finally, the regions identified provide new targets to study in a range of other related diseases.
For example, platelets are proposed as having a role in cancer progression and metastasis, which has largely been attributed to platelet-mediated enhancement of tumor cell survival, extravasation and
angiogenesis. It has been proposed that platelet inhibition may slow
the rate of tumor progression and metastasis. Further characterization
of these loci will improve our understanding of key regulatory mechanisms of hematopoiesis in humans and may also lead to the discovery
of new candidate genes that are somatically mutated in premalignant
conditions such as essential thrombocytosis and polycythemia vera and
in other hematological malignancies.
Methods
Methods and any associated references are available in the online
version of the paper at http://www.nature.com/naturegenetics/.
Note: Supplementary information is available on the Nature Genetics website.
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Study design and population description for analysis of intermediate traits.
The study design is summarized in Figure 1. For analysis of intermediate
hematological traits, we used a two-stage design.
Stage 1 (Discovery). A discovery set of 4,627 healthy individuals was
sampled from the general population from three population-based cohorts:
(i) 1,221 healthy donors from the UK Blood Services Common Control (UKBSCC1) collection of the Wellcome Trust Case Control Consortium (WTCCC)22;
(ii) 1,050–1,763 (depending on trait) individuals from the TwinsUK adult twin
registry; (iii) 1,606–1,643 (depending on trait) individuals from the from the
Kooperative Gesundheitsforschung in der Region Augsburg (KORA) F3 500K
study population43,44.
Stage 2 (Replication). The replication set included 9,316 individuals from three additional European population-based studies: (i) Study of
Health in Pomerania (SHIP) from West Pomerania (n = 4,092); (ii) KORA F4
(n = 1,814); (iii) Cambridge BioResource (CBR, n = 3,410).
All participants are of European ancestry. Approval was obtained from local
ethics committees for all studies, and informed consent was obtained from the
study participants. The detailed characteristics of the sample collections are
described in Supplementary Table 1a and in the Supplementary Note.
Genotyping and imputation. Three different platforms were used for genotyping: the Affymetrix 500K GeneChip array (UKBS-CC1 and KORA F3),
the Affymetrix 6.0 GeneChip array (KORA F4 and SHIP) and Illumina
HumanHap300 (TwinsUK). All datasets were imputed using genotype data
from the HapMap project45. As is standard for imputation, we excluded all
X-linked SNPs for the following reasons: (i) the X chromosome has to be
treated differently from the autosomes; (ii) it cannot be predicted which allele
is active on the X chromosome, (iii) testing males separately from females
results in different sample sizes and power. Imputation of SNPs in the HapMap
CEU population was performed using either MACH46 or IMPUTE47. All SNPs
with a MAF <0.01 were excluded from analysis. In total, up to 2.11 million
genotyped or imputed SNPs were analyzed. In the replication step, we obtained
only summary statistics for the loci of interest from GWA data of KORA F4
and SHIP. In CBR, the genotypes for the loci of interest were obtained using
Sequenom iPLEX.
Blood count measurements. UK Blood Services Donor Panel 1 (UKBS-CC1).
Venous blood was taken from the dry pouch (attached to whole blood donation set) and placed in an EDTA-containing tube which was used to perform
full blood counts (FBCs) on a Beckman-Coulter GenS automated blood count
analyzer.
KORA F3 500K. DNA was extracted from fresh blood and was stored at
−80 °C. FBCs were performed on fresh venous EDTA-anticoagulated blood
using an automatic blood counter (Beckman Coulter STKS).
TwinsUK. Venous blood was anticoagulated with EDTA, and FBCs were performed using either an ADVIA 2120 Haematology System (Siemens Healthcare
Diagnostics) or a ×E 2100 automated hematology analyzer (Sysmex) on average within 24 h from venesection (range 20–30 h). To account for different measurement ranges, association analyses were adjusted for instrument
type.
KORA F4. DNA was extracted from fresh blood and was stored at −80 °C.
FBCs were performed on fresh venous EDTA-anticoagulated blood using an
automatic blood counter (Beckman Coulter LH 750).
Study of Health in Pomerania (SHIP). Non-fasting blood samples were taken
in the supine position. The blood count was measured within 60 min and
the following counts were taken: erythrocytes, hemoglobin, hematocrit, mean
corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean
corpuscular hemoglobin concentration (MCHC), platelets and leukocytes.
Samples were analyzed either at the hospital laboratory in Greifswald with a
Coulter Max M analyzer (Coulter Electronics) or at the hospital laboratory in
Stralsund with a Coulter T660 analyzer (Coulter Electronics). Both analyzers
were calibrated and maintained according to the manufacturers’ instructions.
Quality control was performed internally as well as externally through participation in external proficiency-testing programs.
Cambridge Bioresource (CBR). Blood was taken from the dry pouch
(attached to whole blood donation set) and placed into an EDTA tube.

the HaemGen consortium

FBCs were performed on an ABX Pentra 60 Automated Hematology Analyzer
(ABX Diagnostics). All samples were analyzed within 24 h of collection.
CAD and MI case-control associations studies. We used a two-stage approach
to test the association of the 22 loci with CAD and MI. We obtained association statistics for each SNP from 4,021 cases and 5,879 controls from three
European CAD and MI case-control studies (WTCCC-CAD (n = 1,924/2,937),
GerMIFS I (n = 875/1,644) and GerMIFS II (n = 1,222/1,298), Supplementary
Table 1b) and calculated the pooled odds ratios. Two SNPs from the 12q24
region that had nominal significance (P ≤ 0.05) in the stage 1 analysis were
carried forward for replication in an additional 5,458 cases and 4,648 controls
from five further case-control collections, including the Ottawa Heart (OHGS,
n = 1,541/1,452), MedSTAR (n = 875/447), PennCATH (n = 933/468), MIGen
(n = 1,275/1,407) and COROGENE (n = 833/871) studies. The characteristics
of the eight case-control series are described in Supplementary Table 1b.
Statistical analyses. Associations with hematological traits. Each study performed association analyses of blood traits using linear additive models on
natural log–transformed (MPV, RBC and WBC) or untransformed (MCH,
MCHC, PLT, MCV and Hb) variables after adjustment for age, gender
and instrument (TwinsUK). Analyses were carried out using the software
SNPTEST47 (UKBS-CC1 and KORA F4), PLINK48 (CBR) or MACH2QTL
(KORA F3 500K). Imputed genotypes were tested for association after accounting for uncertainty using the ‘PROPER’ option in the SNPTEST software package47. Association analyses in the TwinsUK collection were carried out using
a score test and variance components to adjust for family structure using the
software MERLIN49.
Meta-analyses and signal prioritization. The results from all three GWA
scans were combined into meta-analysis statistics using a weighted z-statistics
method, where weights were proportional to the square root of the standard
errors of the regression coefficients examined in each sample and selected such
that the squared-weights sum would be 1 (ref. 50). Calculations were implemented in the METAL package. SNPs with MAF <0.01 and imputation quality
<0.3 (MACH) or 0.4 (IMPUTE) were excluded from the analyses. The estimated genomic control parameters in each study were low (see Supplementary
Note), suggesting little residual confounding due to population stratification.
After meta-analysis, we applied the following filtering criteria to prioritize
genomic regions for replication: (i) meta-analysis showed P ≤ 10–5, (ii) associations showed the same direction of effect in all three cohorts; (iii) at least
two of the three cohorts showed associations with P ≤ 0.05 and the third had
a P ≤ 0.1. Associated regions were considered independent if the SNPs were
either unlinked or located at distances of ≥500 kb apart. Associations were
considered genome-wide significant below P = 5 × 10–8, which corresponds
to a Bonferroni correction for the estimated 1 million independent common
variant tests in the human genome of European individuals51.
Multimarker score tests for MPV and MCV. We constructed a score to predict MPV levels from the joint model of the 12 validated MPV SNPs. We did
not consider the three validated PLT loci, as none of them were significantly
associated with MPV. For each sample, we calculated the expected mean from
the linear regression coefficients of the primary analysis (in log units). We
transformed these to the original units and further corrected these estimates
for logarithmic transformation bias using the formula exp(0.5 × σ2) = 1.005,
where σ is the residual standard error52. We then computed the mean and
standard error of MPV per number of MPV-increasing alleles as the means
of the corrected predicted values using 1,814 individuals from the KORA
F4 study. Due to their low numbers, we grouped individuals with ≤7 and
≥18 MPV-increasing alleles. Finally, we calculated the regression of mean on
score. We used a similar approach to predict MCV levels for the six validated
SNPs associated with red blood cell traits (rs5756506, rs11970772, rs1800562,
rs9609565, rs9402686 and rs7385804). All calculations were performed on
predicted, best-guess genotypes with the statistical analysis software R.
Conditional analyses. We investigated whether the MPV loci affected MPV
independently of PLT in the three replication cohorts (CBR, SHIP and KORA
F4) using conditional models where PLT was added as a covariate in the MPV
regressions. The conditional analysis showed consistently stable effect sizes
and P values for all but one SNP (rs11602954), a scenario compatible with the
hypothesis that the primary effect of the SNP is on MPV (data not shown). For
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SNP rs11602954 the conditional analysis showed a marked attenuation effect
size and increased P value compared to the basic model, indicating that for
this SNP we cannot exclude an effect through PLT and not MPV.
Association of SNP genotypes with CAD and MI. We tested the association
of CAD and MI with the 23 directly genotyped or imputed SNPs (stage 1)
and 2 12q24 SNPs (stage 2) using a logistic regression model that accounted
for age and sex. To summarize the statistical evidence for each SNP across the
stage 1 and 2 cohorts, we combined odds ratios for the reference allele on a
logarithmic scale weighted by the inverse of their variances using a fixed-effects
model in StatsDirect (v2.7.2).
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sex-specific effects. Nat. Genet. 40, 430–436 (2008).
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2.6 Multiple loci inuence erythrocyte phenotypes in the CHARGE
Consortium
Measurements of erythrocytes within the blood are important clinical traits and can indicate various hematological disorders.

Similar to the analysis of eight hematological pa-

rameters in the HaemGen consortium, the CHARGE consortium conducted almost at the
same time a genome-wide association study for six erythrocyte traits, including hemoglobin
concentration (Hb), hematocrit (Hct), mean corpuscular volume (MCV), mean corpuscular
hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC) and red blood
cell count (RBC). In contrast to the HaemGen GWAS, no white blood cell and platelet parameters were analyzed, but in addition genetic variants inuencing hematocrit were under
investigation.
The initial GWAS encompassed cohorts of the CHARGE consortium totaling 24,167
individuals of European ancestry. The replication was performed in independent cohorts of
the HaemGen consortium totaling 9,456 individuals. The meta-analysis of the discovery and
replication cohorts revealed 23 loci signicantly associated with these traits. The ndings

HBS1L-MYB, HFE, TMPRSS6, TFR2,
(EPO, TFRC, SH2B3 and 15 other loci). These loci

included loci previously associated with these traits (

SPTA1 )

as well as new associations

included previously reported mutations or genes associated with erythrocyte traits, markers
of iron status or fetal hemoglobin levels as well as loci which have been not previously
reported to be associated with erythrocyte traits, though several genes are known to have
important roles in erythrocyte biology or erythropoiesis.
RNA expression levels for erythroblasts (EBs), human umbilical vein endothelial cells
(HUVECs) and seven other blood cell lines for genes within a 1-Mb interval of each of
the 23 loci identied were generated.

Gene expression was detected for genes in multiple

erythrocyte measurement associated loci that supports the prioritization of candidate genes
covered by these loci for further genetic or functional investigations.
The combination of the lead SNPs from each of the trait loci demonstrated that the
average percent variance explained by the lead SNPs was 1.14% of Hb variation (7 SNPs),
1.16% of Hct variation (8 SNPs), 4.53% of MCH variation (9 SNPs), 0.63% of MCHC
variation (2 SNPs), 5.98% of MCV variation (17 SNPs) and 0.85% of RBC variation (2
SNPs).
Among the SNPs of the 23 loci identied in the meta-analysis, SNPs on chromosomes

SH2B3 ) and 7q36.1 (PRKAG2 ) were also associated with blood pressure, whereas

12q24.1 (

the previously reported association of the chromosome 12q24.1 locus with systolic blood
pressure and diastolic blood pressure represented the most signicant association. Inspection of RNA expression data showed that among the genes in this region,

ATXN2

are highly expressed in erythroblasts and endothelial cells.

SH2B3

and

Taken together, this

study demonstrates new and conrms already known pleiotropic eects of the 12q24.1 locus
on hematopoietic traits, autoimmune diseases and vascular diseases.
All SNPs chosen for replication where tested for association to the corresponding erythrocyte parameters in SHIP as being part of the HaemGen consortium. The analysis were
performed independently in 4,092 individuals with blood parameters measured in the SHIP
baseline (SHIP-0) as well as in 3,200 individuals with measurements from the 5 year followup of the SHIP study (SHIP-1). In contrast to the SHIP baseline, the SHIP-1 blood samples
were processed in only one study center which resulted in a reduced variance of the erythrocyte measurements. Therefore, the SHIP-1 association results were nally used in the
meta-analysis despite the lower sample size. All association analyses were adjusted for sex
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and age of the individuals at time of erythrocyte measurements.
This GWAS identied new determinants of erythrocyte traits, oering insights into common variants underlying variation in erythrocyte measures.

86

2.6

Multiple loci influence erythrocyte phenotypes

Dissertation Alexander Teumer

in the CHARGE Consortium

Articles

© 2009 Nature America, Inc. All rights reserved.

Multiple loci influence erythrocyte phenotypes in the
CHARGE Consortium
Santhi K Ganesh1–3,45*, Neil A Zakai4,45, Frank J A van Rooij5,6,45, Nicole Soranzo7,8,45, Albert V Smith9,45,
Michael A Nalls10,45, Ming-Huei Chen11,12, Anna Kottgen13, Nicole L Glazer14,15, Abbas Dehghan5,6,
Brigitte Kuhnel16, Thor Aspelund9,17, Qiong Yang11,18, Toshiko Tanaka19,20, Andrew Jaffe13, Joshua C M Bis15,
Germaine C Verwoert5,6,21, Alexander Teumer22, Caroline S Fox2,11, Jack M Guralnik23, Georg B Ehret3,24,
Kenneth Rice25, Janine F Felix5,6, Augusto Rendon26, Gudny Eiriksdottir9, Daniel Levy2,11, Kushang V Patel23,
Eric Boerwinkle27, Jerome I Rotter28, Albert Hofman5,6, Jennifer G Sambrook26, Dena G Hernandez29, Gang Zheng30,
Stefania Bandinelli31, Andrew B Singleton10, Josef Coresh13, Thomas Lumley25, André G Uitterlinden5,6,21,32,
Janine M vanGils33, Lenore J Launer23, L Adrienne Cupples11,8, Ben A Oostra5,6,34, Jaap-Jan Zwaginga35,36,
Willem H Ouwehand26,7, Swee-Lay Thein37, Christa Meisinger16, Panos Deloukas7, Matthias Nauck38,
Tim D Spector8, Christian Gieger16, Vilmundur Gudnason9,17, Cornelia M van Duijn5,6, Bruce M Psaty14,15,39–41,
Luigi Ferrucci19, Aravinda Chakravarti3, Andreas Greinacher42,45, Christopher J O’Donnell2,11,43,45,
Jacqueline C M Witteman5,6,45, Susan Furth44,45, Mary Cushman4,45, Tamara B Harris23,45 & Jing-Ping Lin30,45
Measurements of erythrocytes within the blood are important clinical traits and can indicate various hematological disorders.
We report here genome-wide association studies (GWAS) for six erythrocyte traits, including hemoglobin concentration (Hb),
hematocrit (Hct), mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin
concentration (MCHC) and red blood cell count (RBC). We performed an initial GWAS in cohorts of the CHARGE Consortium
totaling 24,167 individuals of European ancestry and replication in additional independent cohorts of the HaemGen Consortium
totaling 9,456 individuals. We identified 23 loci significantly associated with these traits in a meta-analysis of the discovery and
replication cohorts (combined P values ranging from 5 × 10−8 to 7 × 10−86). Our findings include loci previously associated
with these traits (HBS1L-MYB, HFE, TMPRSS6, TFR2, SPTA1) as well as new associations (EPO, TFRC, SH2B3 and 15 other loci).
This study has identified new determinants of erythrocyte traits, offering insight into common variants underlying variation in
erythrocyte measures.
Red blood cell disorders such as anemia and erythrocytosis are broadly
associated with multiple comorbid conditions including hypertension and other cardiovascular diseases, yet the genetic determinants
of erythrocyte traits in the general population are poorly defined.
Erythrocytes, which comprise approximately 40–50% of blood volume, are a key component for the transport of oxygen and carbon
dioxide for cellular respiration. In clinical practice, measures of erythrocyte quantity, size and composition are routinely tested to diagnose
and monitor hematologic diseases as well as the overall health of
patients. Variation in erythrocyte measures even within normal ranges
are related to other nonhematologic diseases and mortality1–3.
Erythrocyte production and quality are under various environmental and genetic influences. Although environmental exposures,
dietary intake of vitamins and iron, and the anemia associated
with chronic diseases all contribute substantially to abnormalities of erythrocyte measures, the heritability of erythrocyte traits
ranges from 40 to 90%4–6. Disorders of hemoglobin production and

hemoglobinopathies are some of the most common genetic diseases
in the world. Some known low-frequency mendelian variants also
lead to interindividual variability in erythrocyte traits among the
general population7,8. Candidate gene studies have identified a few
nonhemoglobin loci, including EPOR and HBS1L, related to variation
in erythrocyte traits8–10. Early GWAS and linkage studies of erythrocyte measures, which have identified a few associations, such as that at
chromosome 6q23, lacked statistical power for association and genetic
resolution for testing competing hypotheses6,11–13.
To search for genetic determinants of erythrocyte traits in the general
population, we carried out GWAS and meta-analysis within multiple
community-based cohorts comprising the CHARGE Consortium14,
followed by replication in additional independent cohorts from the
HaemGen Consortium. We identified 23 genetic loci associated with these
erythrocyte traits. We further extend these findings to investigate possible
links between these traits and vascular diseases, reporting associations of
a few of the 23 identified loci with blood pressure and hypertension.

*A full list of author affiliations appears at the end of the paper.
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Table 1 CHARGE cohort description
AGES

ARIC

CHS

FHS

RS

InCHIANTI

3,219

8,127

3,275

3,381

5,523

1,206

58

53

61

54

60

56

51 (6)

54 (6)

72 (5)

38 (9)

68 (8)

68 (16)

Hb (g/dl)

13.40 (1.45)

14.80 (1.02)

14.11 (1.23)

14.46 (1.37)

14.12 (1.28)

13.77 (1.35)

Hct (%)

40.35 (3.53)

43.60 (2.86)

42.14 (3.54)

43.00 (3.9)

41.36 (3.35)

40.63 (3.49)

MCH (pg)

30.91 (1.69)

NA

NA

30.64 (1.85)

30.16 (1.81)

3.05 (1.99)

MCHC (%)

33.57 (0.70)

NA

NA

33.67 (0.91)

34.17 (1.15)

33.84 (1.05)

MCV (fl)

Number of individuals eligible for GWAS
Percent women
Mean age (years)

92.08 (4.49)

90.7 (4.22)

NA

90.7 (5.0)

88.29 (4.30)

90.22 (4.84)

RBC (1 M cell/mm3)

4.39 (0.41)

NA

NA

4.73 (0.46)

4.69 (0.44)

4.51 (0.43)

Years of baseline examinations

1968–1991

1987–1989

1989–1990

1971–1975

1990–1993

1998

Years of DNA collection

2002–2006

1987–1998

1989–1990

1996–1999

1990–1993

1998–2001

RESULTS
Meta-analysis of GWAS for erythrocyte traits
The total sample size for the individual cohort genome-wide association analysis and the CHARGE meta-analysis was 24,167 (the Age,
Gene/Environment Susceptibility Reykjavik Study (AGES) N = 3,205;
the Atherosclerosis Risk in Communities Study (ARIC, N = 7,803; the
Cardiovascular Health Study (CHS) N = 3,256; the Framingham Heart
Study (FHS) N = 3,359; and the Rotterdam Study (RS) N = 5,523). We
also included an Italian cohort study, the Invecchiare in Chianti Study
(InCHIANTI; N = 1,021), in these analyses. Characteristics of the study
participants, including age, sex and trait summaries, are presented in
Table 1.
20

We studied six erythrocyte traits: hemoglobin concentration
(Hb), hematocrit (Hct), mean corpuscular volume (MCV), mean
corpuscular hemoglobin (MCH), mean corpuscular hemoglobin
concentration (MCHC) and red blood cell count (RBC), as defined
in Supplementary Table 1. When cohort results were combined,
831 SNP associations at 23 independent loci (r 2 < 0.3 between loci)
across the six traits reached the genome-wide significance threshold of
P < 5 × 10−8. The –log10 (P value) genome-wide association plots for
the meta-analysis of each of the six traits are shown in Figure 1, and
corresponding quantile-quantile plots are shown in Supplementary
Figure 1a. To assess population structure, we examined the per-cohort
genomic control inflation factor, λGC, demonstrating that these values
TMPRSS6

HFE

Hb

PRKCE

Hct

PRKCE
TMEM163

AMT

PRKAG2

22

HBS1L-MYB
EPO
PRKAG2

HK1

SH2B3

HK1

SH2B3

HFE

KIT

33

TSHZ2

TMPRSS6
TSHZ2

HBS1L-MYB
HFE
BYSL

MCH

TMPRSS6
RCL1
NDUFB9

TFRC

BCL11A

–log10 (P)

© 2009 Nature America, Inc. All rights reserved.

Sample sizes and summary statistics of covariates and erythrocyte traits measured in each cohort in CHARGE. Erythrocyte traits are abbreviated as follows: Hb, hemoglobin
concentration; Hct, hematocrit; MCH, mean corpuscular hemoglobin; MCHC, mean corpuscular hemoglobin concentration; MCV, mean corpuscular volume; RBC, erythrocyte
count. The sample sizes presented are the range of numbers of individuals with both genotype and erythrocyte measures, after the exclusion of individuals with values
beyond 3 s.d. of the population mean for each erythrocyte trait. Values for age and each erythrocyte trait are presented as mean (s.d.). NA, data not available.

MAST1

ITGF3

20
MCHC

HBS1L-MYB

SPTA1

CHST9

50
HBS1L-MYB

BCL11A
TRIM58

TFRC
KIT

20
RBC
0

TMPRSS6
ECGF1

HFE
BYSL

MCV

IZKF1
EPO

RCL1

MAST1
CHAF1A
FNTB ITGF3 C17orf63

MARCH8

HBS1L-MYB
BYSL
EPO
KCNIP1

VIT

1

CD164

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16 17 18 19 20 21 22

Figure 1 Overview of CHARGE meta-analysis results for six erythrocyte traits: hemoglobin concentration (Hb), hematocrit (Hct), mean corpuscular
hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), mean corpuscular volume (MCV) and erythrocyte count (RBC). –log 10 (P
value) is plotted on the y axis against the genomic position of each SNP. Genomic loci with significant association (P < 5 × 10−8) are plotted in red,
and loci with suggestive evidence are in blue (P < 4 × 10−7).
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Table 2 CHARGE discovery meta-analysis results, ordered by genomic locus
Number of SNPs per trait

Gene annotation

Locus

Closest

no.

Chr

Hb

Hct

MCH

MCHC

MCV

RBC

1

In RefGene

RefGenes within 60 kb

1q23.1

0

0

0

8

0

0

SPTA1

OR10Z1; SPTA1; OR10X1; OR6Y1

2

2p21

3

6

0

0

3

2p16.1

0

0

0

0

0

0

PRKCE

PRKCE

27

0

BCL11A

4

3q29

0

0

4

0

BCL11A

11

0

TFRC

5

4q12

0

0

0

TFRC

0

8

0

None

6

6p22.2

49

3

None

72

0

133

0

HFE; LRRC16; SCGN; SLC17A1; SLC17A3; HFE; SCGN; LRRC16; SLC17A1; SLC17A2; SLC17A3;

7

6p21.1

0

0

51

0

65

0

SLC17A2; TRIM38; HIST1H4B; ZNF322A

SLC17A4; ZNF322A; ABT1; TRIM38

PRICKLE4; FRS3; TFEB; MED20; USP49;

PRICKLE4; FRS3; PGC; TFEB; MED20; USP49;

CCND3; BYSL

CCND3; BYSL; TAF8; PGC; FRS3

None

CD164

HBS1L; MYB

ALDH8A1; HBS1L; MYB

8

6q21

0

0

0

0

5

0

9

6q23.3

0

14

43

13

83

24

10

6q24.1

0

0

9

0

13

0

None

None

11

7p12.2

0

0

0

0

5

0

IKZF1

IKZF1

12

7q22.1

0

2

0

0

2

2

TFR2; ZAN

GNB2; PCOLCE; FBXO24; TFR2; ACTL6B; HRBL;

13

7q36.1

1

3

0

0

0

0

PRKAG2

PRKAG2

14

9p24.1

0

0

9

0

19

0

RCL1

RCL1; AK3

15

10q11.21

0

0

0

0

4

0

MARCH8

MARCH8; ALOX5

16

10q21.3

1

3

0

0

0

0

HK1

HK1

17

12q24.12

10

9

0

0

0

0

SH2B3; ATXN2; c12orf30; PTPN11

SH2B3; ATXN2; BRAP; ACAD10; ERP29; TMEM116;

18

14q23.3

0

0

0

0

9

0

MAX; FNTB

MAX; RAB15; FNTB

19

16p13.3

0

0

1

0

1

0

ITFG3

LUC7L; PDIA2; AXIN1; ITFG3; RGS11; ARHGDIG

20

19p13.13

0

0

6

0

25

0

MAN2B1; RTBDN; MAST1;

MAN2B1; MORG1; ZNF490; TNPO2; DHPS; FBXW9;

DNASE2; GCDH; FARSA

ZNF791; C19orf56; JUNB; HOOK2; PRDX2; RNASE-

RefGene

KIT

CITED2

© 2009 Nature America, Inc. All rights reserved.

MOSPD3; LRCH4; ZAN; EPO; POP7; PERQ1; EPHB4

C12orf30; TRAFD1; C12orf30; RPL6; PTPN11

H2A; RTBDN; GADD45GIP1; KLF1; FARSA; RAD23A;
CALR; MAST1; GCDH; DNASE2; DAND5; NFIX
21

20q13.2

3

0

0

0

0

0

None

None

22

22q12.3

13

2

9

0

36

0

C22orf33; TST; MPST; TMPRSS6

IL2RB; C22orf33; KCTD17; TST; TMPRSS6; MPST

23

22q13.33

0

0

0

0

12

0

TMEM112B; NCAPH2; SCO2;

TMEM112B; ADM2; MIOX; ECGF1; KLHDC7B;

ECGF1

LOC440836; SAPS2; SCO2; NCAPH2; SBF1; MAP-

TSHZ2

K8IP2; MIOX; CHKB; CPT1B

CHARGE meta-analysis results, showing the chromosomal position of each locus identified and the number of SNPs identified within each locus for each erythrocyte trait with
meta-analysis P value < 5 × 10−8. Annotation for SNPs within genes (In RefGene), within ±60 kb of annotated RefGenes (RefGene within 60 kb); in cases where no annotated
gene was identified within 60 kb, the nearest gene is reported (Closest RefGene).

were consistently below 1.08 (Supplementary Table 2). The genomic
control inflation factor post meta-analysis, which was not corrected
at the meta-analysis level, showed no systematic inflation (Hb λGC
= 1.066; Hct λGC = 1.045; MCH λGC = 1.014; MCHC λGC = 0.995;
MCV λGC = 1.029; and RBC λGC = 1.029; Supplementary Table 2).
The meta-analysis results for all traits are summarized in Table 2,
which is organized by the 23 independent loci and includes gene annotation information for each locus. The table also lists for each trait
the number of SNPs exceeding the significance threshold. Altogether,
there were 45 trait-locus combinations with at least one genome-wide
significant SNP. The complete set of SNP associations identified by
the CHARGE meta-analysis is provided in Supplementary Table 3.
Replication and further analysis focused on the 45 SNPs that gave the
smallest P values for each of the 45 trait-locus findings in CHARGE.
Replication studies
We pursued replication of the 45 SNPs identified from the initial metaanalysis in the CHARGE datasets, with a meta-analysis of association
data in 9,456 independent European-ancestry individuals from five population-based cohorts of the HaemGen Consortium (Supplementary
Note). A combined meta-analysis of the HaemGen and CHARGE data
showed lower P values for all but two SNPs selected for replication. For
one of the two SNPs (rs1800562) that did not show an improvement

Nature Genetics

in P value when associated with Hct, the association to the Hb trait
was significant after Bonferroni correction, and for the second SNP
(rs4466998), the association to MCV in the joint analysis of CHARGE
and HaemGen data remained genome-wide significant (P = 4.91 ×
10−8). Significant independent replication for at least one trait was
observed at 13 of 23 loci, using a Bonferroni-corrected significance
threshold of P < 0.0011, or 0.05/45 , and the distribution of replication
P values is shown in Supplementary Figure 1b. Taking the joint metaanalysis results in sum, these data provide supportive evidence that
the 23 loci from the discovery meta-analysis are true positives. Table 3
provides the full replication results, including beta coefficients, standard
errors and P values, for the primary CHARGE findings, the HaemGen
replication and a combined meta-analysis of the two datasets.
For each lead SNP in the 23 independent loci, percent variance
explained for each of the lead SNPs in the corresponding trait is provided in Table 3, averaging the percent variance explained for each
SNP across the CHARGE cohorts. The combination of lead SNPs from
each of the trait loci showed that average percent variance explained
by the combination of lead SNPs, beyond the variance explained by
age and gender, was 1.14% of Hb variation (7 SNPs); 1.16% of Hct
variation (8 SNPs); 4.53% of MCH variation (9 SNPs); 0.63% of
MCHC variation (2 SNPs); 5.98% of MCV variation (17 SNPs); and
0.85% of RBC variation (2 SNPs).

1193

volume 41 | number 11 | november 2009

89

2.6

Multiple loci influence erythrocyte phenotypes

Dissertation Alexander Teumer

in the CHARGE Consortium

Articles

Table 3 CHARGE meta-analysis results, ordered by locus and trait, and HaemGen replication analysis
CHARGE

© 2009 Nature America, Inc. All rights reserved.

Locus
no. Trait SNPID

Chr

CHARGE + HaemGen

MAF

Gene

% var

Beta

s.e.m.

P

Beta

s.e.m.

P

G

0.341667

PRKCE

0.10%

0.011

0.011

5.926 × 10-10

0.0537

0.0152

  0.000414

0.0631 0.0088 7.052 × 10-13

26201120

A

0.041667

HFE

0.17%

0.0224 0.0224 3.592 × 10-16

0.1167

0.0322

  0.000295

0.1617 0.0182 5.737 × 10-19

151045974

G

0.258333

PRKAG2

0.14%

0.011

4.605 × 10-08

0.0964

0.0164 4.19 × 10-09

0.0714 0.0091 3.025 × 10-15

70763398

T

0.110169

HK1

0.21%

0.0192 0.0192 1.036 × 10-09

0.0863

0.0329

0.008721

0.1099 0.0164 2.116 × 10-11

111076069

A

0.333333

TRAFD1

0.16%

0.0107 0.0107 1.345 × 10-10

0.0427

0.0151

0.004591

20

50751758

A

0.183673

TSHZ2

22

35792882

A

0.391667

TMPRSS6

rs10168349

2

46208555

C

0.341667

PRKCE

0.16%

0.201

0.0283 1.176 × 10-12

0.1524

0.0471

0.001212

0.1875 0.0238

rs1800562

6

26201120

A

0.041667

HFE

0.09%

0.3747 0.0608 7.204 × 10-10

0.1167

0.1004

0.245

0.3073 0.0513 2.035 × 10-09

Hct

rs9483788

6

135477194

C

0.177966 HBS1L-MYB

0.13%

0.2172 0.0328 3.551 × 10-11

0.2147

0.0527 4.55 × 10-05

Hct

rs7385804

7

100073906

C

0.377358

TFR2

0.17% −0.1592 0.0286 2.745 × 10-08 −0.1269 0.0478

13

Hct

rs10224002

7

151045974

G

0.258333

PRKAG2

0.22%

0.1691 0.0299 1.492 × 10-08

16

Hct

rs16926246 10

70763398

T

0.110169

HK1

0.13%

0.337

17

Hct

rs11065987 12

110556807

G

0.341667 SH2B3-ATXN2 0.15% −0.1809 0.0288 3.343 × 10-10 −0.1438 0.0465

22

Hct

rs2413450

35800170

T

0.381818

4

MCH rs11915082

3

197293536

A

0.425

6

MCH rs1408272

6

25950930

G

0.033898

7

MCH rs9349205

6

42033137

A

0.196429 CCND3/BYSL

0.29% −0.0066 0.0008 1.785 × 10-16 −0.0037 0.0009 2.11 × 10-05 −0.0053 0.0006 8.198 × 10-20

9

MCH rs7776054

6

135460609

G

0.220339 HBS1L/MYB

1.02% −0.0092 0.0008 1.976 × 10-33 −0.0107 0.0009 4.33 × 10-36 −0.0099 0.0006 7.356 × 10-69

10

MCH rs628751

6

139880112

C

0.491667

CITED2

0.34% −0.0049 0.0007

14

MCH rs10758658

9

4846877

A

0.186441

RCL1

0.18% −0.0048 0.0008 1.634 × 10-08 −0.0048 0.0009 5.14 × 10-07 −0.0048 0.0006 2.166 × 10-14

19

MCH rs1122794

249156

A

0.224138

ITFG3

0.28%

20

MCH rs11085824 19

12862547

G

0.366667

GCDH

0.20% −0.0041 0.0007 8.105 × 10-09 −0.003

22

MCH rs2413450

35800170

T

0.381818

TMPRSS6

1

MCHC rs857721

1

156879172

A

0.316667

SPTA1

9

MCHC rs9373124

6

135464902

C

0.220339 HBS1L-MYB

0.30% −0.0023 0.0004 6.486 × 10-10 −0.0018 0.0004 2.6 × 10-05

3

MCV rs2540917

2

60462263

C

0.433333

0.24% −0.0031 0.0005 2.127 × 10-11 −0.0022 0.0006

4

MCV rs9859260

3

197284944

C

0.35

5

MCV rs172629

4

55102519

G

0.116667

KIT

0.27% −0.0043 0.0007

6

MCV rs1800562

6

26201120

A

0.041667

HFE

0.58%

7

MCV rs9349205

6

42033137

A

0.196429 CCND3-BYSL

0.58% −0.0055 0.0005 1.756 × 10-24 −0.0043 0.0008 8.48 × 10-08 −0.0051 0.0004 1.121 × 10-31

8

MCV rs9374080

6

109723113

C

0.375

CD164

0.22% −0.0026 0.0005 3.695 × 10-08 −0.0017 0.0006

9

MCV rs4895441

6

135468266

G

0.225

HBS1L-MYB

10

MCV rs643381

6

139881116

A

0.489362

11

MCV rs12718597

7

50395922

A

0.275

IKZF1

0.26%

0.0032 0.0005 8.138 × 10-12

0.0018

0.0007

0.0145

0.0028 0.0004 4.689 × 10-13

12

MCV rs7786877

7

100051951

G

0.208333

TFR2

0.13%

0.0032 0.0005 5.452 × 10-09

0.0024

0.0008

0.002081

0.003

14

MCV rs10758658

9

4846877

A

0.186441

RCL1

0.29% −0.0041 0.0006 4.354 × 10-13 −0.0045 0.0008 4.65 × 10-08 −0.0043 0.0005 3.184 × 10-20

15

MCV rs11239550 10

45344735

G

0.228814

MARCH8

18

MCV rs4466998

14

64545293

A

0.478723

FNTB

0.17%

19

MCV rs7189020

16

244804

T

0.431034

ITFG3

0.19% −0.0031 0.0005 1.081 × 10-09 −0.0024 0.0007

0.000871 −0.0029 0.0004 1.819 × 10-12

20

MCV rs7255045

19

12793269

A

0.25

RTBDN

0.27% −0.0037 0.0006 1.233 × 10-11 −0.0018 0.0008

0.0266

22

MCV rs2413450

22

35800170

T

0.381818

23

MCV rs131794

22

49318618

A

0.166667

9

RBC rs9483788

6

135461324

G

0.225

HBS1L-MYB

0.65%

0.0141 0.0016 3.115 × 10-19

0.0155

0.0013 2.19 × 10-30

0.0141 0.001

12

RBC rs2075671

7

100183042

A

0.225

EPO

0.20%

0.0086 0.0016 3.058 × 10-08

0.0047

0.0016

0.0068 0.0011 1.123 × 10-09

2

Hb

rs10495928

2

6

Hb

rs1800562

6

13

Hb

rs10224002

7

16

Hb

rs16926246 10

17

Hb

rs11065987 12

21

Hb

rs6013509

22

Hb

rs855791

2

Hct

6

Hct

9
12

22

16
22

PhysPos min_all

HaemGen

46206670

TMPRSS6
TFRC
SLC17A3

BCL11A
TFRC

CITED2

TMPRSS6
ECGF1

0.011

0.15% −0.0699 0.0116 1.963 × 10-09 −0.0479 0.0206
0.20% −0.0962 0.011

0.10% −0.162
0.24%

0.01999

Beta

s.e.m.

P

0.0585 0.0086 1.159 × 10-11
−0.0646 0.01

1.054 × 10-10

2.044 × 10-18 −0.0845 0.0157 7.97 × 10-08 −0.0923 0.0089 3.25 × 10-25

0.0513 4.986 × 10-11

0.2727

0.00799

0.0493 3.08 × 10-08

0.3094 0.096

0.00127

3.748 × 10-15

0.2166 0.0274 2.811 × 10-15
−0.151

0.0242 4.45 × 10-10

0.1963 0.0252 6.045 × 10-15
0.3315 0.0445 9.636 × 10-14

  0.001983 −0.171

0.0241 1.363 × 10-12

0.0279 6.333 × 10-09 −0.2082 0.0467 8.13 × 10-06 −0.1736 0.0236 1.846 × 10-13

0.0041 0.0007 4.888 × 10-09

0.0035

0.0009 5.66 × 10-05

0.0038 0.0005 7.729 × 10-13

0.41% −0.0134 0.0015 1.369 × 10-18 −0.0183 0.0019 2.37 × 10-22 −0.0153 0.0012 3.868 × 10-39

0.0054 0.001

0.41% −0.006

3.84 × 10-13 −0.0034 0.0008 7.24 × 10-06 −0.0043 0.0005 1.262 × 10-17
2.992 × 10-08   0.0036 0.0012
0.0009

0.003

0.0005 3.246 × 10-10

0.003

0.0008

1.36 × 10-09 −0.0051 0.001

0.0115 0.0011 1.425 × 10-27

1.12% −0.008

0.0047 0.0007 2.675 × 10-10

0.0007 8.818 × 10-17 −0.0068 0.0008 5.34 × 10-18 −0.0064 0.0005 8.77 × 10-34

0.33% −0.0022 0.0004 3.414 × 10-09 −0.0013 0.0004

0.23%

0.00299

0.000532 −0.0037 0.0005 1.415 × 10-11

0.0137

0.00266

−0.0018 0.0003 1.033 × 10-10
−0.0021 0.0003 7.003 × 10-14

0.000192 −0.0028 0.0004 1.125 × 10-14
0.000166

0.003

0.0004 8.499 × 10-14

2.22 × 10-07 −0.0046 0.0006 9.816 × 10-16

0.0015 5.02 × 10-20

0.0122 0.0009 1.012 × 10-46

0.003738 −0.0023 0.0004 4.198 × 10-10

0.0005 1.004 × 10-57 −0.0083 0.0008 3.03 × 10-27 −0.0081 0.0004 7.241 × 10-86

0.50% −0.0039 0.0005 2.663 × 10-18 −0.0037 0.0007 1.63 × 10-07 −0.0039 0.0004 4.665 × 10-25

0.15% −0.0028 0.0005 1.873 × 10-08 −0.0022 0.0007
0.0027 0.0005 8.925 × 10-09

0.0008

0.0006

0.0004 2.543 × 10-11

0.003496 −0.0026 0.0004 1.346 × 10-10
0.2061

0.002

0.0004 4.907 × 10-08

−0.0032 0.0004 2.173 × 10-12

0.65% −0.0054 0.0005 1.078 × 10-30 −0.0046 0.0007 7.62 × 10-11 −0.0052 0.0004 2.772 × 10-41
0.22% −0.0044 0.0006 2.189 × 10-13 −0.0029 0.0009

0.001795 −0.004
0.003383

0.0005 1.033 × 10-15
1.148 ×1 0-47

Replication test results for the lead SNP per locus and per erythrocyte trait (45 SNPs). Results are organized by trait, then by locus, as indicated in Table 1. Results from a combined CHARGE
and HaemGen Consortium meta-analysis are presented. SNPID, SNP Identifier; min_all, minor allele; PhysPos, physical position. Minor allele frequency (MAF) is presented based on HapMap
CEU. P values in bold font meet a Bonferroni-corrected significance threshold for replication of P < 0.0011 (0.05/45). Units were: Hb, g/dl; Hct, %; MCH, pg; MCHC, g/dl; MCV, fl; RBC,
1 million cells/mm3.

Annotation of associated loci
For 20 of the identified loci, top associated SNPs were identified
within a window of ±60 kb of a RefSeq gene (Table 2). For three
loci, chromosomes 4q12, 6q24.1 and 20q13.2, no genes were identified within this window, with the nearest genes being approximately
116 kb, 89 Mb and 50 Mb away, respectively. Of the 23 loci, previously reported mutations or genetic associations for erythrocyte
traits, markers of iron status or fetal hemoglobin levels have been
noted at six loci containing the genes HFE, TFR2, TMPRSS6, SPTA1,
HBS1L and MYB (two closely adjacent genes), and BCL11A. Most of

the remaining loci have not previously been reported to be associated with erythrocyte traits, though several genes are known to have
important roles in erythrocyte biology or erythropoiesis. Genes identified near the associated loci, and their associated erythrocyte traits,
are presented in Table 2 and Figure 2. Gene annotations, including gene information, known genetic mutations causing hematologic and nonhematologic diseases, and previously defined roles in
hematologic and cardiovascular systems, are listed in Supplementary
Table 4. We confirmed the association of the known mutations in the
HFE gene resulting in the C282Y (rs1800562) and H63D (rs1799945)
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was detected for genes in multiple loci (Supplementary Fig. 2). Because
the identification of gene expression in biologically relevant tissues provides a rationale for prioritization of candidate genes for further genetic
or functional investigations, we noted broad categories of expression
patterns in EBs and HUVECs. The most highly expressed genes in EBs
were on chromosomes 3q29 (TFRC), 6p22.2 (HIST1H4C, which is near
HFE), 6p21.1 (CCND3), 10q21.3 (HK1), 16p13.3 (HBZ, HBA1), and
22q12.3 (TST, RAC2). The genes most highly expressed in HUVECs
were on chromosomes 6p22.2 (HIST1H4C), 7q22.1 (SERPINE1) and
22q13.3 (MFNG).

MCV, MCH
2p16.1 (BCL11A)
7p12.2 (IZKF1)
3q29 (TFRC)
9p24.1 (RCL1)
4q12 (KIT)
6p21.1 (CCND3) 10q11.21 (MARCH8)
14q23.3 (FNTB)
6q21 (CD164)
6q24.1 (CITED2) 16p13.3 (ITGF3)
19p13.3 (MAST1)
6p22.1 (HFE)
22q13.33 (ECGF1)
22q12.3 (TMPRSS6)
7q22.1
(TFR2EPO)
2p21 (PRCKE)
7q36.1 (PRKAG2)
10q21.3 (HK1)
12q24.12 (SH2B3)
20q13.2 (TSHZ2)

RBC

6q23.3
(HBS1L-MYB)

1q23.1 (SPTA1)
MCHC

Figure 2 Results of the CHARGE meta-analysis are organized into a
Venn diagram, demonstrating the overlap of loci meeting a genome-wide
significance threshold of P < 5 × 10−8.

substitutions, mutations that are already known to underlie hereditary hemochromatosis, with Hb, Hct, MCH and MCV.

Figure 3 Gene expression in blood and
endothelial cells for genes in the chromosome
6q23.3 region. (a) SNPs in the locus are plotted
against recombination rates as observed in
HapMap CEU, using a window of ±500 kb
around the lead SNP identified in this locus,
which is plotted in blue. SNPs identified by
the CHARGE meta-analyses are color coded
according to correlation with the lead SNP (red,
r2 ≥ 0.8; orange, 0.5 ≤ r 2 < 0.8; yellow, 0.2
≤ r2 < 0.5; white, r2 < 0.2 white; gray, no r 2
value provided). The P value for the lead SNP in
this region is provided. (b) A heat map of gene
expression levels in nine blood and endothelial
cell lines is shown, including all genes, as
annotated by ENSEMBL 54, within the ±500-kb
window of the locus. MK, megakaryocyte; EB,
erythroblasts; HUVEC, human umbilical vein
endothelial cells; CD14, monocytes; CD66b,
granulocytes; CD19, B lymphocytes; CD56, NK
cells; CD8, cytotoxic (Tc) T lymphocytes; CD4,
T helper (Th) lymphocytes.
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Gene expression in blood and
endothelial cell lines
RNA expression levels for genes within a 1-Mb
interval of each of the 23 loci we identified
are presented in Supplementary Figure 2, for
erythroblasts (EBs), human umbilical vein
endothelial cells (HUVECs) and seven other
blood cell lines. For the top associated locus,
chromosome 6q23.3, four genes were identified (ALDH8A1, HBS1L, MYB, AHI1) within
the 1-Mb interval. A heat map showing gene
expression levels for each of these four genes
is shown in Figure 3, demonstrating approximately twofold expression of MYB in EBs as
compared to other cell lines. Gene expression
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Hb,
Hct

Association with blood pressure
The results of association testing for the 45 lead SNPs within 23 loci,
as identified from the CHARGE meta-analysis, are summarized in
Supplementary Table 5a. We identified associations at a Bonferronicorrected significance threshold of P < 0.00135 (0.05/37, as 37 of the
45 SNPs are unique) on chromosomes 12q24.1 (SH2B3) and 7q36.1
(PRKAG2). The previously reported association of the chromosome
12q24.1 locus SH2B3 with systolic blood pressure (SBP) and diastolic
blood pressure (DBP) was the most significant association (rs1106598,
SBP P = 1.2 × 10−6, HTN P = 0.0035; rs1763023, DBP P = 4.2 × 10−8).
In the reported blood pressure and HTN analysis, signals at this locus
spanned 700 kb, from rs3184504 to rs11066188, and association signals in Hb and Hct spanned 987 kb, from rs3184504 in SH2B3 to
rs11066301 in PTPN11, and contained multiple genes15. Inspection
of RNA expression data (Supplementary Fig. 2) showed that among
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genes in this region, SH2B3 and ATXN2 are highly expressed in erythroblasts and endothelial cells. Nominal associations (P < 0.05) were
identified in the chromosomes 6p22.2 (HFE), 6q24.1, 7q22.1 (TFR2)
and 20q12.3 (Supplementary Table 5a); results of the evaluation of
SNPs associated with blood pressure and hypertension are presented
in Supplementary Table 5b.
DISCUSSION
In this meta-analysis of genome-wide association data from 24,167
individuals of European ancestry from six cohort studies in the
CHARGE Consortium, we identified 23 loci associated with at least
one of the six erythrocyte traits Hb, Hct, MCH, MCHC, MCV and
RBC. We sought evidence for replication in an additional 9,456
individuals of European ancestry from cohorts of the HaemGen
Consortium. In the joint meta-analysis, combining CHARGE and
HaemGen datasets, all 23 loci had P values <5 × 10−8, meeting our
genome-wide significance threshold and suggesting that they merit
further study. Among the 23 loci, six were previously known quantitative trait loci (QTLs), and 17 are newly associated loci, some of which
include candidate genes whose products are known to be involved
with iron homeostasis, erythropoiesis, globin synthesis and erythrocyte membrane function. Finally, an investigation of possible links
between these erythrocyte traits and blood pressure and hypertension
confirmed overlap at the previously known SH2B3 locus and identified additional suggestive associations, although none of these met
our genome-wide significance threshold.
The six erythrocyte traits examined here include some that are
highly correlated, and as expected, we observed a high degree of concordance in the results across the six traits. Notably, MCHC, a ratio
of Hb and Hct, two directly measured traits, is uniquely associated
with chromosome 1q23.1 (SPTA1), a gene with several rare mutations
known to cause deformation of erythrocytes16,17. Reviewing the overall association results, we observed there were generally three patterns
of significant associations among the six traits (Fig. 2). Results were
generally similar for (i) Hb and Hct, which are mainly quantitative
measures of hemoglobin in the blood; (ii) MCH and MCV, representing erythrocyte size and quantity of hemoglobin per erythrocyte;
and (iii) MCHC, the ratio of Hb to Hct, which appears somewhat
distinct from the other traits. Across the six traits studied, the strongest signal was found in the HBS1L-MYB locus on chromosome 6q23,
which was observed for five of the six individual traits (Hct, MCH,
MCHC, MCV and RBC) at the genome-wide significance level. This
locus also provided a modest but nonsignificant result for the sixth
trait, Hb (rs4895441, P = 4.8 × 10–4). In addition, the Hb/Hct and
MCH/MCV patterns overlapped for associations to the chromosome
6p22.2 (HFE), 22q12.3 (TMPRSS6) and 7q22.1 (TFR2-EPO) loci. The
RBC results represent a subset of the overlap between the Hb/Hct
and MCH/MCV patterns, with associations observed in the 7q22.1
(TFR2-EPO) and 6q23 (HBS1L-MYB) loci. Across the erythrocyte
traits, overlap occurs where known patterns of traits characterize
various clinically observed hematologic diseases, providing a possible
context in which to interpret the overlap of associations.
We annotated and categorized the findings of our analyses by association with known genetic disorders, biologic function or altered
function of the hematopoietic system, to assist with interpretation of
the findings (Supplementary Table 4). We here consider these multiple findings in light of their potential role in several processes critical to erythrocyte biology, including iron homeostasis, erythrocyte
membrane function, erythropoiesis and globin synthesis.
We identified genome-wide significant association of SNPs within
the HFE gene with Hb, Hct, MCH and MCV. The mutation in HFE

encoding the C282Y substitution is the principal cause of hereditary
hemochromatosis, a common autosomal recessive iron overload disease in individuals of northern European descent18. This mutation was
associated with increased MCV and Hb concentrations in a study of
individuals drawn from a screening study for hemochromatosis and
iron overload7, and this variant was the lead association result for both
Hb and Hct in our study. Individuals heterozygous for either allele do
not manifest clinical iron overload but may have an increased iron
uptake and resistance to anemia, and the C282Y-encoding mutation
may increase the risk of coronary heart disease by increasing iron stores
and lipid oxidation19,20. The HFE gene induces expression of the iron
regulatory hormone hepcidin. Hepcidin has recently emerged as the
likely link between the inflammatory response and the handling of
iron for erythropoiesis through its actions in both downregulating the
absorption of iron in the intestine and inhibiting the release of iron
from macrophages21–24. SNPs within TMPRSS6 were associated with
Hb, Hct, MCH and MCV. TMPRSS6 was identified by linkage and association studies in five families and two sporadically affected individuals
with iron-refractory iron-deficiency anemia, a rare mendelian disease25.
TMPRSS6 encodes a type II transmembrane serine protease produced
by the liver that regulates the expression of hepcidin25. The transferrin
receptor (encoded by TFRC, also called TFR1) and transferrin receptor
2 (TFR2) are highly homologous type II transmembrane proteins in
the transferrin protein family. SNPs within TFRC were associated with
MCH and MCV, and SNPs within TFR2 were associated with Hct and
MCV. Reduced TFRC expression is associated with anemia26. Existing
evidence indicates that TFR2 is also a modulator of hepcidin expression
and that mutations in TFR2 cause hemochromatosis type 3 (ref. 27).
Two loci, chromosome 2p16.1 (BCL11A) associated with MCV, and
chromosome 6q23.3 (HBS1L-MYB) associated with all traits except
for Hb, are related to variation in fetal hemoglobin and hemoglobinβ levels28,29. BCL11A is an oncogene related to B-cell malignancies30
and regulates fetal hemoglobin expression31. BCL11A is expressed in
erythroid precursors, and we observed BCL11A expression in EBs
(Supplementary Fig. 2), making it a biologically plausible candidate
gene for erythrocyte trait variation32. A healthy-population study
showed that polymorphisms in HBS1L and MYB influences erythrocyte, platelet and monocyte counts10. Although the role of HBS1L is
unknown, MYB has been associated with proliferation, survival and
differentiation of hematopoietic progenitor cells33,34. MYB is also associated with eosinophil counts in blood and atopic asthma35. There
are strong associations between SNPs within this locus and multiple
erythrocyte traits (lead SNP rs4895441, Hb P = 4.8 × 10−4; Hct P =
9.7 × 10−10; MCH P = 7.8 × 10−32; MCHC P = 4.5 × 10−9; MCV P =
1.0 × 10−57; and RBC P = 2.2 × 10−15). These strong genetic effects
may explain why several earlier linkage analyses of erythrocyte traits
have identified this chromosomal region6,11,13. SNPs within SH2B3
are associated with Hct and Hb. Notably, the SNPs within this gene
are associated with blood pressure, myocardial infarction, type 1 diabetes and celiac disease15,35–39. SH2B3 is expressed in hematopoietic
precursor cells and increases hematopoietic progenitors of erythroid,
megakaryocytic and myeloid lineages35,40. SH2B3 is also expressed
in vascular endothelium, where it promotes inflammation and may
thereby contribute to vascular disease. Expression in different cell lineages and tissues may underlie the diverse pleiotropic effects of SH2B3
on hematopoietic traits, autoimmune diseases and vascular diseases. In
the same locus, the PTPN11 gene product interacts with the transcription factor SHP2, which has an essential role in blood development
that has been demonstrated in a murine Shp2−/− model41, and PTPN11
mutations cause Noonan’s and LEOPARD syndromes and juvenile
myelomonocytic leukemia42–44. Lastly, we identified associations for
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Hct, MCV and RBC near the EPO gene. Erythropoietin, the EPO gene
product, a glycoprotein hormone that controls erythropoiesis, is the
first human recombinant hematopoietic protein approved for human
use and is now used widely for the treatment of anemia. EPO variants
have previously been described in association with diabetic retinal and
renal vascular complications45 but not with erythrocyte traits.
SNPs within the SPTA1 gene were associated with MCHC. SPTA1
encodes erythroid spectrin, a protein in the erythrocyte membrane
that is essential in determining the shape and deformability of erythrocytes. Spectrin mutations have been previously associated with
hemolytic anemia, elliptocytosis, spherocytosis and propoikilocytosis,
but not with variations in MCHC outside of disease states16,17.
The gene expression data may be viewed as additional annotation of
the 23 loci we identified, confirming which genes are expressed in cell
types of interest. These data may be used to generate further specific
hypotheses that can then be tested at a functional and molecular level.
Multiple lines of evidence formed the basis of our rationale for studying the relationship of the SNPs identified through the study of erythrocyte traits to blood pressure and hypertension. Earlier studies have
shown that Hb and Hct levels are associated with increased risks for
hypertension and a variety of other vascular diseases and for mortality1–3,46–49. From a rheologic perspective, blood viscosity depends largely
on Hb or Hct levels and is a determinant of blood pressure50–53. There
is an inverse relationship between viscosity and vascular blood flow54,
and elevated Hct thereby hampers organ perfusion. Given these findings,
we are intrigued by the overlap between the association results for Hb
and Hct from our study and the recently reported associations for blood
pressure and hypertension15,36. We observed overlap of associations in
the chromosome 12q24.12 region across a 98-kb linkage disequilibrium
block containing SH2B3, ATXN2, BRAP, C12orf03, TRAFD1, ACAD10,
TMEM116 and PTPN11. We also identified associations within the
7q36.1 region containing PRKAG2; this gene does not have specifically
known hematologic or vascular roles, but mutations in the gene cause
cardiomyopathy and disorders of the cardiac conduction system55,56.
Neither causality nor independence of these associations is necessarily
supported by these findings. However, the associations suggest that common genetic bases may underlie some of the correlation seen between
erythrocyte, blood pressure and hypertension traits. Further confirmation in large independent cohorts may provide stronger evidence for the
strength and consistency of the associations with hypertension.
One limitation of the current analyses is that our study cohorts
were limited to individuals of European ancestry. Several mutations
affecting spectrin and globin have been identified in African American
kindreds, and the prevalence of hemoglobinopathies of various types
is generally higher among individuals of African ancestry, highlighting
the need for further investigation of these findings in individuals of
non-European ancestry57. As with any meta-analysis of genome-wide
association results across different cohorts, population structure and
other sources of heterogeneity may have caused false positives or false
negatives. In the replication analysis, for those loci that did not meet a
conservative replication test, power may have been limited, and many
of these associations are likely to improve with additional study. Finally,
the interpretation of multiple analyses of correlated traits requires caution, particularly in attributing causality or independence of effects.
We take the findings from our analyses of the six erythrocyte traits to
indicate a set of loci that are of interest with regard to erythrocyte production, homeostasis and function. Specific differences in association
patterns between the individual traits examined may highlight different pathways, but further studies are needed to characterize these.
In summary, we have identified and validated common variants at
several known and novel loci that influence the levels of six clinically
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relevant red blood cell measures in population-based cohorts. These
QTLs have implications for understanding a variety of hematologic
diseases as well as correlates of erythrocyte traits, such as blood pressure and hypertension. Further studies are needed to examine these
associations in ethnically diverse populations and to characterize the
functional impact of variants at the implicated candidate genes.
Methods
Methods and any associated references are available in the online
version of the paper at http://www.nature.com/naturegenetics/.
Note: Supplementary information is available on the Nature Genetics website.
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ONLINE METHODS
CHARGE Consortium organization and study samples. We performed a
cross-sectional analysis of genotype and phenotypic data on erythrocyte
traits in the CHARGE Consortium14, which includes five cohort studies that
have genotyped high-density SNP markers and have phenotypic data on
erythrocyte traits (AGES N = 3,205; ARIC N = 7,803; CHS N = 3,256; FHS
N = 3,359; RS N = 5,523) and InCHIANTI (N = 1,021). Each participating
study was approved by its corresponding Institutional Review Board, and all
study subjects provided informed consent for participation in the study and
genetic research. Participants were excluded if they were of non-European
ancestry, as determined by self-report, and also by principal component analysis in ARIC and RS. Detailed methods for each of the participating cohorts
are provided in the Supplementary Note. Genotyping and imputation. Briefly, each study genotyped samples using high-density SNP marker platforms
(Affymetrix SNP6.0, ARIC; Affymetrix 500K; FHS, Illumina 370K; AGES
and CHS, Illumina 550K; InCHIANTI, RS). Genotypes were then imputed
to a set of approximately 2.5 million HapMap SNPs using Phase II CEU
HapMap individuals for reference using either MACH (ARIC, AGES, FHS,
InCHIANTI, RS) or BIMBAM58 (CHS) software.
Erythrocyte phenotypes. Erythrocyte parameters studied were (i) hemoglobin
concentration (Hb), the concentration of hemoglobin within whole blood;
(ii) hematocrit (Hct), the percentage of whole blood comprising cellular erythrocyte elements; (iii) red blood cell count (RBC), the number of red blood cells
per volume of blood; (iv) mean corpuscular volume (MCV), the average erythrocyte volume; (v) mean corpuscular hemoglobin (MCH), the average quantity of hemoglobin per erythrocyte; and (vi) mean corpuscular hemoglobin
concentration (MCHC), the ratio of Hb to Hct. The definition and units for
each trait are provided in Supplementary Table 1. Blood was drawn from each
participant using standard phlebotomy methods, and erythrocyte measures
were obtained using standard clinical assays in certified laboratories.
Phenotype modeling and statistical analysis. All traits studied were continuous. Based on prior convention and visual inspection of the data, MCH,
MCHC and MCV were natural log transformed, RBC was square root transformed, and Hb and Hct were not transformed before analyses. In order to
focus on determinants of variation of these traits in the general population
rather than on specific hematologic diseases, which are overrepresented at
the tails of the distribution for each of the traits, we restricted analysis to
those individuals within 3 s.d. of the sample mean within each cohort. For
each SNP meeting quality control criteria, linear regression was used to assess
association with trait, separately for all six traits. An additive genetic model
was used throughout. These regressions were adjusted for age, gender and site
in the multicenter cohorts. In FHS, linear mixed effects models were used to
account for relatedness, and these models included adjustment for principal
components, computed using Eigenstrat 2.0 (ref. 59). The genome-wide level
of significance threshold was set at P < 5 × 10−8.
The result for each cohort, including regression coefficients, standard
errors, sample size, imputation quality, minor allele designation and minor
allele frequency, were forwarded to a central repository. Before meta-analysis,
we performed genomic control on each cohort-specific distribution of the
association test statistics for each trait60. We also filtered out SNPs with allelic
frequency <1% or poor imputation quality (the ratio of observed variance
of imputed allele counts to the expected variance of imputed allele counts
>1.1 from the imputation software output). Separately for each SNP and
trait, within-cohort association results were combined in an inverse
variance–weighted meta-analysis, as implemented in METAL. After metaanalysis, the genomic control inflation factor, λGC, was again calculated to
assess stratification between the cohorts and resulting inflation of the test
statistics. Genomic control was not applied to the final meta-analysis results.
The SNAP program was used to estimate linkage disequilibrium between the

in the CHARGE Consortium

associated loci. Percent variance explained within each cohort was calculated
from the r2 estimate derived from a linear regression model for individual
lead SNPs at each trait locus and the combination of all lead SNPs per trait,
accounting for age and gender as well.
Replication samples and analysis. The replication set included samples from the
five population-based cohorts of individuals of European ancestry that comprise
the HaemGen Consortium (Study of Health in Pomerania (SHIP), N = 3,200; UK
Blood Services Common Control (UKBS1-CC1), N = 1,290; Twins UK adult twin
registry, N = 1,510; Kooperative Gesundheitsforschung in der Region Augsburg
(KORA)-F3 500 K study population, N = 1,643; and KORA-F4 1000 K study
population, N = 1,814). Further information on these cohorts is provided in the
Supplementary Note. Trait definitions were identical to those for our initial study.
Analysis for each of the six traits undergoing replication was implemented in the
same way as for the CHARGE analyses. For replication, we used a Bonferroni
correction for the number of SNPs tested by the HaemGen Consortium.
Given the smaller sample size available for the HaemGen replication analysis
relative to the CHARGE discovery analysis, we performed a combined metaanalysis on the top trait-locus SNPs identified by the CHARGE meta-analysis,
to assess the impact of increasing sample size on the association signals.
Gene expression in blood cell subtypes and endothelial cells. To assist with
prioritization of the candidate genes identified in this study, we evaluated RNA
expression in eight blood cell lines (stem cell–derived EBs and megakaryocytes
(MKs), CD14+ monocytes, CD56+ natural killer (NK) cells, CD4+ T helper
(Th) lymphocytes, CD8+ cytotoxic T (Tc) lymphocytes and CD66b+ granulocytes) using an established catalog of gene expression in these lineages61;
we also examined gene expression in cultured HUVECs62. For each of the 23
identified loci, we examined the transcript levels in the nine cell types of all
genes within a ±500-kb window centered on the lead association SNP.
Briefly, EB and MK samples were obtained by culturing CD34+ hematopoietic stem cells purified from cord blood cultured, respectively, for 10 d with
erythropoietin, interleukin-3 and stem cell factor (EPO-IL3-SCF) and for 7 d
with thrombopoietin (TPO) and interleukin-1β (TPO-IL1β)61. Cultured cells
were sorted by fluorescence-activated cell sorting using a monoclonal antibody
either against CD235a (glycophorin A) or against CD41 (αIIb integrin). The
other six blood cell types were purified from the peripheral blood of seven
healthy subjects using the corresponding CD markers. Blood cell types were
hybridized onto Illumina V2 Ref6 gene expression bead arrays; the detailed
methods for isolation of other hematologic cell types, RNA extraction and
microarray analysis are described elsewhere61. Cultured HUVECs and expression profiles were ascertained as has been described elsewhere62 and using the
same microarray platform61.
Raw data was transformed with the variance-stabilizing transform (which
optimally stabilizes the expression variance across the intensity range for
Illumina bead arrays) using the R/Bioconductor package “lumi”63 and then
subjected to quantile normalization. The mode of the transformed signal
intensity is 7.94 and can be taken as the background intensity. The maximum
probe intensity was 15.85, corresponding to a signal intensity of 59,000 in a
linear scale. For each cell type and probe, a Grubbs test for outlier identification was used, and samples with P values <0.01 were removed (implemented
in the R package “outliers”). This was not done for the MK, EB or HUVEC cell
types due to their smaller sample sizes (4, 4 and 3, respectively). Probe mappings were obtained from reannotation efforts available online.
Annotation of genetic loci. To determine genes within or neighboring each
locus, we examined RefSeq gene annotations, build 36. To annotate the loci
and genes, we reviewed the literature, OMIM64 and the Genetic Association
Database65 (Supplementary Table 4).
Blood pressure and hypertension analyses. Following the observation that
epidemiologic studies have identified a strong yet unexplained link between
Hb and Hct and blood pressure, we examined the associations of these SNPs
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to those previously reported meta-analysis within the CHARGE Consortium
for systolic blood pressure (SBP), diastolic blood pressure (DBP) and hypertension1,2,15. The CHARGE cohorts that contributed samples to the blood
pressure and hypertension analyses were AGES, ARIC, CHS, FHS and RS,
with a total sample size of N = 29,136. SBP and DBP measured at the first
visit attended were continuous traits, and hypertension was analyzed as a
dichotomous trait15. We tested the association of the lead SNP per locus
for each trait (45 SNPs) for association with SBP, DBP and hypertension15,
using a Bonferroni-corrected threshold for the number of SNPs tested. We
additionally reversed the analysis, examining the test statistics within each of
the six erythrocyte traits for those SNPs reported to be associated with SBP,
DBP or hypertension15.
URLs. AGES, http://www.hjarta.is/english/ages; ARIC, http://www.cscc.
unc.edu/aric/; Cardiovascular Health Study, http://www.chs-nhlbi.org/;
Framingham Heart Study, http://www.framinghamheartstudy.org/about/index.
html; Rotterdam Study, http://www.epib.nl/research/ergo.htm; BIMBAM,
http://stephenslab.uchicago.edu/software.html; EIGENSTRAT, http://genepath.med.harvard.edu/~reich/Software.htm; GenABLE and ProbABEL, http://
mga.bionet.nsc.ru/~yurii/ABEL/; HapMap, http://hapmap.org/; MACH

in the CHARGE Consortium

version 1.0.15/16 http://www.sph.umich.edu/csg/abecasis/MaCH/index.html;
PLINK, http://pngu.mgh.harvard.edu/purcell/plink; METAL, http://www.sph.
umich.edu/csg/abecasis/Metal/index.html; SNAP, http://www.broadinstitute.
org/mpg/snap; Illumina BeadChip Probe Annotation, http://www.compbio.
group.cam.ac.uk/Resources/Annotation/.
58. Servin, B. & Stephens, M. Imputation-based analysis of association studies:
candidate regions and quantitative traits. PLoS Genet. 3, e114 (2007).
59. Price, A.L. et al. Principal components analysis corrects for stratification in genomewide association studies. Nat. Genet. 38, 904–909 (2006).
60. Devlin, B. & Roeder, K. Genomic control for association studies. Biometrics 55,
997–1004 (1999).
61. Watkins, N.A. et al. A HaemAtlas: characterizing gene expression in differentiated
human blood cells. Blood 113, e1–e9 (2009).
62. da Costa Martins, P. et al. P-selectin glycoprotein ligand-1 is expressed on endothelial
cells and mediates monocyte adhesion to activated endothelium. Arterioscler.
Thromb. Vasc. Biol. 27, 1023–1029 (2007).
63. Du, P., Kibbe, W.A. & Lin, S.M. lumi: a pipeline for processing Illumina microarray.
Bioinformatics 24, 1547–1548 (2008).
64. Hamosh, A (ed.). Online Mendelian Inheritance in Man (McKusick-Nathans Institute
of Genetic Medicine, Johns Hopkins University (Baltimore, Maryland, USA) and
National Center for Biotechnology Information, National Library of Medicine
(Bethesda, Maryland, USA)). <http://www.ncbi.nlm.nih.gov/omim/>.
65. Becker, K.G., Barnes, K.C., Bright, T.J. & Wang, S.A. The genetic association
database. Nat. Genet. 36, 431–432 (2004).
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2.7 New Loci Associated with Kidney Function and Chronic Kidney Disease
Chronic kidney disease (CKD) is a signicant public health problem. The glomerular ltration rate (GFR) describes the volume of uid that is ltered through the kidney in a certain
amount of time and is therefore a characteristics of renal function. Recent genetic studies
have identied common CKD susceptibility variants. The CKDGen consortium performed
a meta-analysis of genome-wide association data in individuals of European ancestry from
20 predominantly population-based studies.
Since using gold-standard measures of glomerular ltration was not feasible in this setting,
an estimated measure of GFR (eGFR) computed by the Modication of Diet in Renal
Disease (MDRD) equation was used as an endpoint, which is based on serum creatinine
concentration. To discriminate true loci for renal function from those related to creatinine
production and secretion, GFR estimated from cystatin c (eGFRcys) was used. Estimates
of eGFR based on cystatin c are less depending on varying muscle mass between individuals.
On the other hand, there are known genetic loci that have relative strong inuence on
cystatin c levels (

CST3, CST4, CST9 ).

Finally, the lower number of individuals with cystatin

c measured compared to serum creatinine resulted in diculties when using both GFR
estimates for nding genetic markers inuencing kidney function. A dichotomized endpoint
ml
was used as a measure to identify genetic markers for
dened as eGF Rcrea < 60
min·1.73m2
an increased risk for moderate or severe kidney disease in the meta-analysis. The aim of
this study was to identify new susceptibility loci for reduced renal function as estimated by
serum creatinine (eGFRcrea), serum cystatin c (eGFRcys) and CKD. The analysis of 23
newly identied genome-widesignicant loci in 22,982 replication samples identied 13 new
loci aecting renal function and CKD and 7 loci suspected to aect creatinine production and
secretion. Only one additional locus was identied primarily in association with eGFRcys,
which was probably due to the limited power by reduced sample size having cystatin c
measures available.

Altogether, data of 90,075 individuals were used for the analysis of

eGFRcrea, 84,740 individuals contributed to the analysis of CKD and 26,071 individuals
contributed to the analysis of eGFRcys.
The variants inuencing renal function and CKD (at

UMOD, SHROOM3

and

STC1

loci) that where identied by recent GWAS in nearly 20,000 individuals explained only
0.43% of the variance in eGFRcrea.

The 13 conrmed loci of this meta-analysis together

with the three previously identied renal function loci now account for 1.4% of the variation
in eGFRcrea. Loci that were not associated with eGFRcys were designated as presumptive
creatinine production or secretion loci. Expression datasets generated from liver tissue and
lymphocytes were associated with the top SNPs and should help in nding candidate genes
of the corresponding loci. Unfortunately, there were no expression databases generated from
renal tissues available at the time of this meta-analysis.
A genetic risk score using all 16 validated renal loci was computed in the individual
cohorts.

Across all categories of the genetic risk score, the mean eGFRcrea ranged from
ml
ml
94.0 min·1.73m2 to 77.1 min·1.73m
2 , and CKD prevalence ranged from 4.3% to 27.9% for individuals having a risk score below 9.5 and above 25.5, respectively. Because diabetes mellitus
and hypertension are major risk factors for kidney disease, an additional eGFRcrea association analysis stratied by diabetes or hypertension status of the newly discovered and
replicated renal function SNPs was performed in the discovery cohorts, whereas none of
these SNPs diered signicantly across the strata.
Initially, we tried to identify genetic loci in the SHIP cohort that inuence the renal
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function including eGFR by using dierent estimates based on serum creatinine (MDRD,
Cockcroft-Gault and Mayo Quadratic formula) and eGFRcys. Cystatin c levels were used
as an additional endpoint for the GWAS. These analyses were performed in SHIP baseline
(SHIP-0) as well as in the 5-year follow-up (SHIP-1).

Dierent cut-points for additional

dichotomization were used, too. Since for most of these individuals data from two dierent
time points were available, we additionally tried to identify genetic markers that might have
inuence on the decline of kidney function.

Nevertheless, the only signicant association

among these traits and associations was the already known

CST3 /CST4 /CST9

locus that

was associated with cystatin c levels.
To increase the power to identify genetic loci inuencing renal function we participated as
one of the discovery cohorts in the CKDGen conducted meta-analysis on eGFRcrea, eGFRcys
and CKD. The eGFRcrea association analyses stratied by diabetes or hypertension status as
well as the risk score calculation was performed in SHIP, too. The results obtained from this
meta-analysis improve the understanding of the physiological mechanisms of kidney function
by identifying loci that potentially inuence nephrogenesis, podocyte function, angiogenesis,
solute transport and metabolic functions of the kidney.
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Chronic kidney disease (CKD) is a significant public health problem, and recent genetic studies have identified common CKD
susceptibility variants. The CKDGen consortium performed a meta-analysis of genome-wide association data in 67,093 individuals
of European ancestry from 20 predominantly population-based studies in order to identify new susceptibility loci for reduced renal
function as estimated by serum creatinine (eGFRcrea), serum cystatin c (eGFRcys) and CKD (eGFRcrea < 60 ml/min/1.73 m2;
n = 5,807 individuals with CKD (cases)). Follow-up of the 23 new genome-wide–significant loci (P < 5 × 10−8) in 22,982 replication
samples identified 13 new loci affecting renal function and CKD (in or near LASS2, GCKR, ALMS1, TFDP2, DAB2, SLC34A1,
VEGFA, PRKAG2, PIP5K1B, ATXN2, DACH1, UBE2Q2 and SLC7A9) and 7 loci suspected to affect creatinine production and
secretion (CPS1, SLC22A2, TMEM60, WDR37, SLC6A13, WDR72 and BCAS3). These results further our understanding of
the biologic mechanisms of kidney function by identifying loci that potentially influence nephrogenesis, podocyte function,
angiogenesis, solute transport and metabolic functions of the kidney.
CKD is estimated to affect over 13% of US adults1 and is increasing
in prevalence1,2. This poses a substantial global disease burden, as the
*A

risk for end-stage renal disease (ESRD), cardiovascular morbidity and
overall mortality increases with declining glomerular filtration rate

full list of author affiliations appears at the end of the paper.
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(GFR)3, the most commonly used measure of kidney function. In
addition, CKD causes substantial financial expenditures in the US4,
with similar trends expected globally5.
Despite the increasing prevalence of CKD, our understanding of its
underlying risk factors and pathophysiological mechanisms remains
incomplete5. Hypertension and diabetes are major risk factors for CKD6.
However, the marked variability in the development of CKD in individuals with hypertension and diabetes demonstrates that additional
underlying factors contribute to its etiology7. In particular, studies
have consistently demonstrated important genetic contributions to
estimated glomerular filtration rate (eGFR), CKD and ESRD8,9. Using
genome-wide association, we recently identified susceptibility variants
for renal function and CKD at UMOD, SHROOM3 and STC1 loci
in nearly 20,000 individuals10. Together, SNPs at these loci explain
only 0.43% of the variance in eGFR10, suggesting that additional loci
remain to be identified.

We performed a genome-wide association meta-analysis in
67,093 study participants of European ancestry from 20 predominantly population-based cohorts within the CKDGen consortium,
which was followed by independent replication of our findings in
22,982 individuals of European ancestry. We analyzed GFR estimated
from serum creatinine by the Modification of Diet in Renal Disease
(MDRD) Study equation (eGFRcrea) as well as CKD. To discriminate
true susceptibility loci for renal function from those related to creatinine production and secretion, we used GFR estimated from a second
serum marker of kidney function, cystatin c (eGFRcys).
RESULTS
Study samples
Overall, 90,075 individuals (67,093 in stage 1 discovery and 22,982 in
stage 2 replication) contributed information to the analysis of eGFRcrea;
84,740 individuals (62,237 stage 1 discovery and 22,503 stage 2

Table 1 Study sample characteristics in stage 1 discovery and stage 2 replication samples
Study

n, eGFRcrea/CKD/eGFRcys

Women, %

Age, years
(s.d.)

eGFRcrea,
ml/min/1.73 m2
(s.d.)

eGFRcys,
ml/min/1.73 m2
(s.d.)

CKD, %

HTN, %

DM, %a

Stage 1 GWAS
AGES
Amish
ARIC
ASPS
BLSA
CHS
ERF
Family Heart Study
Framingham Heart Study
KORA F3
KORA F4

3,219/3,219/NA
1,211/NA/783
8,069/8,069/6,430
850/850/NA
723/723/NA
3,259/3,259/2,820
2,079/2,079/NA
883/883/NA
7,782/4,140/2992
1,641/1,641/1,642
1,814/1,814/1,811

58.0
49.0
52.9
56.8
46.1
53.0
56.3
51.1
54.3
50.5
51.3

76.4 (5.5)
49.3 (16.8)
62.0 (6.1)
65.2 (8.1)
70.4 (15.2)
72.3 (5.4)
49.2 (14.0)
55.5 (11.1)
51.2(14.0)
62.5 (10.1)
60.9 (8.9)

73.0
93.8
81.3
96.5
80.3
80.0
93.5
88.5
92.1
78.7
85.1

(20.0)
(19.6)
(17.7)
(39.9)
(23.1)
(22.6)
(21.4)
(19.4)
(21.7)
(19.0)
(20.2)

NA
114.9 (17.9)
84.1 (19.7)
NA
NA
79.9 (18.3)
NA
NA
77.9 (16.9)
111.9 (26.6)
109.7 (26.2)

24.3
2.9
9.1
8.1
17.4
18.5
3.8
4.4
10.7
10.7
7.0

80.7
6.0
41.7
67.1
21.9
52.7
52.6
30.1
27.2
41.1
20.9

11.4
1.6
14.4
9.2
7.7
11.7
6.7
7.0
7.0
11.1
9.2

Korcula
Micros
Orcades
Rotterdam Study I
Rotterdam Study II
NHSPS
SHIP
Vis
WGHS

888/888/NA
1,201/1,201/1,248
704/704/NA
4,390/4,390/NA
1,863/1,863/NA
565/565/NA
3,231/3,228/3,231
768/768/NA
21,953/21,953/NA

64.0
56.8
53.6
61.4
54.5
53.1
51.7
58.6
100.0

56.3 (13.9)
46.2 (16.1)
54.1 (15.2)
70.0 (9.0)
64.8 (8.0)
51.7 (18.3)
54.5 (15.3)
56.9 (15.2)
54.7 (7.1)

87.3
94.6
89.4
77.1
81.3
90.9
90.5
88.1
90.3

(20.6)
(20.9)
(20.7)
(17.2)
(17.2)
(22.1)
(23.6)
(22.1)
(22.5)

NA
107.4 (23.6)
NA
NA
NA
NA
97.1 (25.31)
NA
NA

7.5
3.8
6.8
13.7
9.1
5.7
7.7
6.9
6.1

54.2
36.5
41.8
34.1
28.4
43.4
51.1
52.2
24.5

13.1
4.1
4.0
10.7
11.1
7.8
11.2
12.0
2.5

Total

67,093/62,237/20,957

Stage 2 replication
ARIC
GENOA

944/944/751
1,056/1,056/NA

54.8
56.2

61.9 (6.1)
59.0 (10.2)

81.6 (16.2)
85.2 (22.8)

85.4 (19.6)
NA

7.5
12.0

37.5
73.2

13.5
15.3

Family Heart Study
Gutenberg Heart Study

1,537/1,537/NA
3,180/3,180/NA

57.1
48.7

47.8 (13.3)
55.9 (10.9)

93.7 (19.7)
87.1 (16.6)

NA
NA

2.2
3.8

18.0
53.1

4.3
6.9

Health ABC
HPFS
KORA F3
KORA F4
Nurses Health Study
Popgen
SAPALDIA
SAPHIR
SORBS
SPLIT
Total

1,663/1,663/1,663
818/818/NA
1,498/1,498/1,498
1,202/1,202/1,202
786/786/NA
1,163/1,163/NA
6,031/6,031/NA
1,733/1,733/NA
892/892/NA
479/NA/NA
22,982/22,503/5,114

47.2
0.0
52.5
52.3
100.0
40.6
50.2
37.0
58.3
58.9

73.7 (2.9)
64.7 (8.3)
51.6 (13.3)
49.2 (15.4)
59.5 (6.5)
53.8 (14.4)
52.2 (11.4)
51.4 (6.0)
48.5 (15.8)
49.2 (14.5)

70.1
85.2
95.2
92.9
86.2
88.1
90.7
91.7
92.6
95.6

77.3 (20.1)
NA
123.5 (29.5)
118.4 (27.5)
NA
NA
NA
NA
NA
NA

25.1
9.5
4.0
5.9
10.7
5.1
2.9
1.1
4.1
3.5

49.3
41.0
29.5
13.3
44.7
46.6
13.3
56.1
50.0
23.4

10.9
100.0
5.1
4.0
100.0
3.7
3.5
3.2
11.0
1.8

(14.5)
(22.7)
(24.2)
(23.2)
(22.1)
(18.8)
(17.3)
(16.0)
(19.3)
(24.1)

A total of 46,644 women, 5,807 CKD cases, 23,868 HTN cases and 5,069 DM cases were in the stage 1 discovery sample, and 11,470 women, 1,366 CKD cases, 8,049 HTN
cases and 2,897 DM cases were in the stage 2 replication. eGFRcrea, estimated glomerular filtration rate by serum creatinine; eGFRcys, estimated glomerular filtration rate by
serum cystatin c; CKD, chronic kidney disease; HTN, hypertension; DM, diabetes mellitus; NA, not available; s.d., standard deviation.
aDM

definition by study may vary; please see Supplementary Note for DM definitions by cohort.
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Table 2 Genome-wide significant associations with renal traits in stage 1 discovery and stage 2 replication meta-analyses
Trait
Known loci
eGFRcread
eGFRcrea
eGFRcrea
eGFRcread
eGFRcys

SNP ID

Chr.

rs17319721
rs10109414
rs2453533
rs12917707
rs911119

4
8
15
16
20

Position
(b36)
77,587,871
23,807,096
43,428,517
20,275,191
23,560,737

Newly discovered renal function loci
eGFRcrea rs1933182
1
109,801,361
eGFRcrea

rs267734

1

149,218,101

CKD
eGFRcrea
eGFRcrea
eGFRcrea
eGFRcrea
eGFRcrea

rs16864170
rs1260326
rs13538
rs347685
rs11959928
rs6420094

2
2
2
3
5
5

5,825,331
27,584,444
73,721,836
143,289,827
39,432,889
176,750,242

eGFRcrea
CKDd
eGFRcrea
eGFRcrea
eGFRcys
eGFRcrea
eGFRcrea
eGFRcrea

rs881858
rs7805747
rs4744712
rs4014195
rs653178
rs626277
rs1394125
rs12460876

6
7
9
11
12
13
15
19

43,914,587
151,038,734
70624527
65,263,398
110,492,139
71,245,697
73,946,038
38,048,731

SNP
function

Minor
Trait
Trait
allele Trait discovery replication meta-analysis
a
b
freq
P value
P value
P value

SHROOM3, CCDC158
STC1
GATM, SPATA5L1
UMOD, ACSM5, GP2, PDILT
CST3, CST4, CST9

Intronic
Intergenic
Intergenic
Upstream
Intergenic

0.43
0.42
0.38
0.18
0.21

1.1
1.0
4.6
1.2
2.3

SYPL2, ATXN7L2, CYB561D1,
PSMA5, AMIGO1, SORT1
ANXA9, FAM63A, PRUNE,
BNIPL, LASS2, SETDB1
SOX11
GCKR, IFT172, FNDC4
NAT8, NAT8B, ALMS1
TFDP2
DAB2, C9
SLC34A1, GRK6, RGS14,
LMAN2, PRR7, F12, PFN3
VEGFA
PRKAG2
PIP5K1B, FAM122A
RNASEH2C, KAT5, OVOL1
ATXN2
DACH1
UBE2Q2, FBXO22
SLC7A9, CCDC123, ECAT8

Intergenic

0.30

1.3 × 10−8

1.9 × 10−1 1.2 × 10−7

Upstream

0.20

5.2 × 10−9

1.1 × 10−4 1.2 × 10−12 9.7 × 10−3

Intergenic
Nonsynonymous
Nonsynonymous
Unknown
Intronic
Intronic

0.05
0.41
0.23
0.28
0.44
0.34

4.5
1.3
2.6
7.0
1.8
3.8

×
×
×
×
×
×

10−8
10−10
10−8
10−9
10−11
10−12

3.5
1.1
7.2
1.4
5.6
6.6

×
×
×
×
×
×

10−1
10−4
10−7
10−3
10−7
10−4

1.6 × 10−7
3.0 × 10−14
4.5 × 10−14
3.0 × 10−11
1.4 × 10−17
1.0 × 10−14

2.9
3.7
1.6
1.2
1.6
1.3

×
×
×
×
×
×

10−2
10−3
10−4
10−3
10−4
10−5

Intergenic
Intronic
Intronic
Intergenic
Intronic
Intronic
Intronic
Intronic

0.28
0.24
0.39
0.35
0.50
0.40
0.35
0.39

2.2
8.6
7.2
3.3
3.8
2.9
3.7
5.5

×
×
×
×
×
×
×
×

10−11
10−9
10−10
10−8
10−8
10−10
10−10
10−9

7.7
7.7
6.6
1.4
1.4
1.0
4.7
2.5

×
×
×
×
×
×
×
×

10−4
10−5
10−5
10−1
10−4
10−2
10−8
10−7

9.4 × 10−14
4.2 × 10−12
8.3 × 10−14
1.4 × 10−7
3.5 × 10−11
2.5 × 10−11
3.3 × 10−17
3.2 × 10−15

3.7
8.1
6.8
2.7
3.5
6.5
6.9
1.2

×
×
×
×
×
×
×
×

10−3
10−7
10−3
10−2
10−11
10−4
10−4
10−2

Nonsynonymous
Intronic
Intergenic
Intronic
Intronic
Intronic
Intronic

0.32
0.12
0.39
0.08
0.36
0.22
0.19

2.4
8.7
3.5
2.1
6.7
1.3
1.4

×
×
×
×
×
×
×

10−9
10−10
10−9
10−8
10−9
10−8
10−8

2.6
1.7
3.5
4.7
7.1
1.0
3.0

×
×
×
×
×
×
×

10−7
10−3
10−2
10−2
10−2
10−5
10−8

1.2 × 10−15
5.5 × 10−12
1.5 × 10−9
1.2 × 10−8
1.4 × 10−9
2.7 × 10−13
1.1 × 10−15

1.9
4.8
7.4
8.9
7.9
8.1
2.8

×
×
×
×
×
×
×

10−1
10−1
10−1
10−2
10−1
10−2
10−1

Genes nearby

Newly discovered creatinine production and secretion loci
eGFRcrea rs7422339e
2
211,248,752
CPS1
eGFRcrea rs2279463
6
160,588,379
SLC22A2
eGFRcrea rs6465825
7
77,254,375
TMEM60, RSBN1L, PHTF2
eGFRcrea rs10794720 10
1,146,165
WDR37
eGFRcrea rs10774021 12
219,559
SLC6A13, JARID1A, SLC6A12
eGFRcrea rs491567
15
51,733,885
WDR72
eGFRcrea rs9895661
17
56,811,371 BCAS3, TBX2, C17orf82

×
×
×
×
×

10−19
10−8
10−22
10−20
10−138

NA
NA
NA
NA
NA

eGFRcys
P valuec

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
5.0 × 10−2

Chr., chromosome; NA, known loci were not replicated in additional study samples.
aThe

minor allele based on sample size–weighted mean allele frequency in the discovery cohorts is modeled. bOnly rs12917707 at the UMOD locus showed significant heterogeneity. cResults
of eGFRcys from discovery and replication combined. dSNP also significantly associated with at least one other kidney trait at P < 5 × 10−8. eSNP rs7422339 has changed the SNP identifier in
the latest dbSNP release: current name is rs1047891. For ATXN2, the P value for eGFRcrea from stage 1 combined with stage 2 is 0.0005. Genes nearby were based on RefSeq genes (build 36).
The gene closest to the SNP is listed first and is in boldface if the SNP is located within the gene.

r eplication) contributed to the analysis of CKD; and 26,071 indivi
duals contributed to the analysis of eGFRcys (20,957 stage 1 discovery
and 5,114 stage 2 replication; Table 1). Additional information about
study design and genotyping is provided in Supplementary Table 1.
Meta-analysis in CKDGen stage 1 discovery cohorts
Table 2 summarizes information for the 28 genomic loci that contained at
least one genome-wide significant SNP association (P < 5 × 10−8) for any
of the three renal traits; the SNP with the lowest P value at each locus (lead
SNP) is shown. In addition to confirming 5 known loci10, we identified
23 new loci containing genome-wide significant SNPs (P values between
4.5 × 10−8 and 3.8 × 10−12); 20 SNPs were identified in association with
eGFRcrea, 2 SNPs with CKD and 1 SNP with eGFRcys. Of note, rs7805747
in PRKAG2 was identified in discovery analyses for both eGFRcrea and
CKD, as was the known lead SNP at the UMOD locus.
Figure 1a shows the genome-wide −log10 P value plot from stage 1
discovery association analyses for eGFRcrea, Figure 1b the plot for CKD
and Figure 1c the plot for eGFRcys. The respective quantile-quantile plots
are presented in Supplementary Figure 1. Study-specific and median imputation quality for the lead SNPs can be found in Supplementary Table 2.

Nature Genetics

Corroborating evidence with eGFRcys
Because serum creatinine concentration is influenced both by renal
function and by creatinine production or secretion, we used eGFRcys
as a second measure of renal function to help distinguish between true
renal function loci and loci that control creatinine production or secretion. Thus, of the 23 newly discovered loci, 16 were classified as related
to renal function based on a direction-consistent association to eGFRcys
with P < 0.05 (Table 2 and Supplementary Table 3), and 7 were classified as loci likely related to creatinine metabolism. Figure 2 shows
comparisons, for each of the 23 genome-wide significant loci and the
5 known findings, of the magnitude of association with eGFRcrea as
compared to eGFRcys. Of the suspected creatinine metabolism SNPs,
all were associated with serum creatinine concentrations (with P values ranging from 5.6 × 10−7 to 1.6 × 10−21). One SNP, rs653178 at the
ATXN2 locus, was identified primarily in association with eGFRcys.
Stage 2 replication of genome-wide significant discovery findings
The lead SNP at each of the 20 new loci for eGFRcrea, the 2 loci for
CKD and the new locus for eGFRcys were evaluated for independent replication in stage 2 analyses with their associated discovery
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a

eGFRcrea
GATM

–log10(P)

20

SHROOM3

production or secretion loci (CPS1, SLC22A2, TMEM60, WDR37,
SLC6A13, WDR72 and BCAS3). More information on these loci is
presented in Supplementary Table 4.

SLC34A1

15
10

UMOD

ANXA9
SYPL2

GCKR
CPS1
NAT8 TFDP2

DAB2

SLC22A2 PRKAG2
DACH1
RNASEH2C
VEGFA
WDR72
PIP5K1B
TMEM60
SLC6A13
STC1 WDR37

UBE2Q2
BCAS3 SLC7A9

5
0
1

3

5

b

7
9
Chromosome

11

13

15 17 19 21

CKD

SNPs associated with eGFRcrea are also associated with CKD
The majority of the 13 validated renal function loci were also nominally associated with CKD (Table 3), underscoring how the study of
intermediate phenotypes can provide insight into disease-based traits.
The odds ratios associated with CKD for each additional copy of the
minor allele ranged from 0.93 to 1.19, and minor allele frequencies
ranged from 0.20 to 0.50.

15

UMOD

10

PRKAG2

SOX11

5
0
1

3

5

c

7
9
Chromosome

11

13

eGFRcys

15 17 19 21
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–log10(P)

20
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5
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9
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11
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Figure 1 Genome-wide −log10 P value plot from stage 1. (a–c) Plots show
discovery analysis of eGFRcrea (a), CKD (b) and eGFRcys (c). The dotted
line indicates the genome-wide significance threshold at P = 5 × 10−8.

trait. After meta-analysis of stage 1 discovery and stage 2 replication results, the associations for all but three SNPs (rs16864170 at
SOX11, rs1933182 at SYPL2 and rs4014195 at RNASEH2C) gained
significance (Table 2). Additionally, 16 of these 20 SNPs also showed
a significant association in the replication samples alone (one-sided
P < 0.0025 for eGFRcrea, P < 0.025 for CKD and P < 0.05 for eGFRcys;
Table 2). Thus, after integrating evidence for replication with association results for eGFRcys, we identified 13 replicated loci for renal
function and 7 replicated loci likely related to creatinine metabolism.
Of note, rs653178 at the ATXN2 locus, which was identified primarily
in association with eGFRcys, was also associated with eGFRcrea in
the combined discovery and replication results. Regional association
plots for all replicated loci related to renal function are shown in
Supplementary Figure 2.
Of the SNPs that were validated by stage 2 replication and were also
associated with eGFRcys, several lie in regions containing genes that
can be linked to renal function and/or renal disease (ALMS1, DAB2,
SLC34A1, PRKAG2, VEGFA, DACH1 and SLC7A9). These genes,
together with the pleiotropic genes GCKR and ATXN2-SH2B3, are
highlighted in Box 1. The remaining newly discovered renal function
loci mapped to regions containing genes such as TFDP2, PIP5K1B,
UBE2Q2 and LASS2. In spite of a lack of clear biological connection to
renal function at these loci, findings were consistent across eGFRcrea,
CKD and eGFRcys analyses. More information on these and other
genes contained in the newly identified associated regions is shown
in Supplementary Table 4.
Of the 20 SNPs that replicated, the remaining 7 SNPs were not associated with eGFRcys and hence were considered as likely creatinine

Stratified analyses and measures of clinical relevance
Because diabetes mellitus and hypertension are major risk factors for
kidney disease, we investigated the association of the known and the
replicated renal function loci with eGFRcrea stratified by diabetes or
hypertension status in the discovery cohorts (Supplementary Table 5).
None of the newly discovered, replicated renal function SNPs reported in
Table 2 differed significantly across strata of diabetes and hypertension
(P < 5.6 × 10−3, Bonferroni-corrected α of 0.1 for 18 tests).
The 13 confirmed and the three previously identified renal function loci account for 1.4% of the variation in eGFRcrea. We computed a genetic risk score using all 16 validated renal loci (13 new
and 3 known). Across all categories of the genetic risk score, the
mean eGFRcrea ranged from 94.0 ml/min/1.73 m2 (in individuals
with a risk score <9.5) to 77.1 ml/min/1.73 m2 (in individuals with a
risk score >25.5), and CKD prevalence ranged from 4.3% to 27.9%,
respectively (Fig. 3).
Analyses of expression-associated SNPs (eSNPs)
Expression SNP analyses can provide evidence for the presence of
functional variants at identified genomic risk loci and can assist in
the prioritization of candidate genes in the associated regions. We
therefore focused on SNPs previously identified in genome-wide
studies as being significantly related to gene expression in liver
(n = 3,322)11, lymphocytes (n = 29,094)12 or lymphoblastoid cell lines
(n = 10,823)13. These eSNPs were then evaluated for their association
with eGFRcrea, CKD and eGFRcys from the discovery analysis. Nine
of the 20 newly discovered susceptibility loci identified for eGFRcrea
1 SHROOM3
2 PRKAG2
3 SOX11
4 SLC34A1
5 UBE2Q2
6 DAB2
7 SYPL2
8 PIP5K1B
9 RNASEH2C
10 DACH1
11 SLC7A9
12 GCKR
13 TFDP2
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Figure 2 Comparison of magnitude of association with eGFR estimated
from serum creatinine (eGFRcrea) and cystatin c (eGFRcys) for SNPs
identified in stage 1 discovery analyses. Note the break in the y axis and
the position of CST3.
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BOX 1 Genes of special interest with respect to kidney function and disease at newly discovered susceptibility loci
Genes highlighted here have previously been linked to renal disease or to traits associated with renal function. Further genes contained in associated regions but
not known to be related to renal disease are discussed in Supplementary Table 4.
SLC7A9. SLC7A9 encodes an amino acid transporter expressed in renal proximal tubule cells; mutations in SLC7A9 cause cystinuria type B (MIM#220100)22.
Individuals with cystinuria excrete elevated amounts of amino acids, resulting in the formation of cystine stones in the urinary tract and cystine-crystal plugging
of Bellini’s ducts, which can cause interstitial fibrosis and, thus, chronic renal insufficiency23. Slc7a9-deficient mice show tubular and pelvic dilatation, tubular
necrosis and chronic interstitial nephritis24.
SLC34A1. Mutations in SLC34A1 cause hypophosphatemic nephrolithiasis/osteoporosis (MIM#612286)25. SLC34A1 encodes the type IIa Na-Pi cotransporter,
which is exclusively expressed in kidney and is located in the brush border of renal proximal tubular cells, where it mediates reuptake of inorganic phosphate26.
ALMS1. Mutations in ALMS1 cause the autosomal recessive Alstrom syndrome (MIM#203800), characterized by retinal degeneration, hearing loss, obesity,
diabetes and, commonly, renal insufficiency27,28. Mutations in this gene are associated with age-dependent ciliopathies in the kidney29. Another gene of interest
in the region is NAT8, in which rs13538 is located. NAT8 is expressed only in kidney and liver. One previous study reported associations of NAT8 SNPs with
systolic blood pressure and kidney function30. The eSNP data support ALMS1 as an important gene in the region (Table 4).
DAB2. DAB2 is a cytoplasmic adaptor protein expressed in renal proximal tubular cells31, where it is reported to represent the physical link between megalin and
non-muscle myosin heavy polypeptide 9, which is encoded by MYH9 (ref. 32). Common variants in MYH9 were recently identified as important susceptibility
alleles for nondiabetic kidney disease in African Americans33,34.
VEGFA. VEGFA encodes vascular endothelial growth factor A, which has roles in angiogenesis and vascular permeability35. Renal podocytes produce large amounts
of VEGFA, which is essential for glomerulogenesis and glomerular filtration barrier formation in animal models35. VEGFA has been reported to affect ureteric bud
growth during embryogenesis and hence may affect nephron numbers36. The associated region maps downstream of VEGFA and does not include other genes.
GCKR. The product of GCKR inhibits hepatic glucokinase37. Common variants in GCKR, and specifically the missense SNP rs1260326 (which yields a P446L
substitution), are associated with a variety of human traits in genetic association studies, including serum triglycerides, fasting glucose, C-reactive protein and
uric acid as well as susceptibility to type 2 diabetes (see URLs), highlighting the pleiotropy of this locus. eSNP analyses point to a role for the neighboring
IFT172, which is involved in the formation of primary cilia38.
PRKAG2. Rare PRKAG2 variants cause a form of heart disease featuring hypertrophic cardiomyopathy and the Wolff-Parkinson-White syndrome39,40 and can
sometimes cause enlarged kidneys41. Studies in transgenic mice indicate that these mutations cause a glycogen-storage disease of the heart40. Several other hereditary
glycogen storage diseases present with renal pathology, such as renal tubular dysfunction42. The lead SNP identified in the region lies upstream of PRKAG2.
DACH1. DACH1 encodes Dachshund homolog 1, a transcription factor with a role in organogenesis; our data implicate a 100-kb region within this gene. It is expressed in adult human kidney as well as in developing mouse kidney, specifically glomerular podocytes and tubular epithelial cells43. DACH1 may have a role in the
development of the Mullerian duct44. DACH1 is part of the genetic network including SIX and EYA45, mutations in which cause brachio-oto-renal syndrome46.
ATXN2. ATXN2 and the neighboring gene SH2B3 are located within a large (>1 Mb) LD block. The eGFRcys-associated SNP rs653178 has also been reported in
genome-wide association studies of blood pressure47 and celiac disease48. This SNP is perfectly correlated (r 2 = 1) with a missense SNP in SH2B3 (rs3184504,
resulting in the substitution W262R; P = 1 × 10−7 in our study), a variant that has been identified in genetic association studies of type 1 diabetes49, eosinophil
counts and myocardial infarction50.

(7 out of 13 renal function loci) contained 1 or more significant eSNPs
in at least 1 of the expression tissues queried (Table 4). In addition,
three of the previously identified loci (in SHROOM3, GATM and
CST3) also contained at least one significant eSNP. The correlation
(r2) between the lead SNP and the significant eSNP at each locus in
the strongest linkage disequilibrium (LD) to the lead SNP ranged
from 0.01 (in FBXO22) to >0.9 (in DAB2 and GCKR; Table 4). The
lead SNP in GCKR (rs1260326), a nonsynonymous coding variant,
was significantly associated with gene expression of the neighboring
IFT172 gene (Table 4). Further, the eSNP data supports SLC7A9 as
the important gene at the susceptibility locus at chromosome 19, as
well as ALMS1 at the susceptibility locus on chromosome 2p13, as an
eSNP in perfect LD (r 2 = 1) with rs13538 in the HapMap CEU population is significantly associated with ALMS1 transcript expression in
lymphocytes. All eSNPs with significant association with at least one
renal trait are listed in Supplementary Table 6.
Secondary analyses based on false discovery rate (FDR)
To further identify genomic loci for kidney function and disease, we
conducted secondary analyses to identify SNPs that did not reach
genome-wide significance but which were associated with eGFRcrea
or CKD at an FDR of 0.05 (P < 4.8 × 10−6). After exclusion of all
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SNPs within 1 Mb of a genome-wide significant SNP, nine additional
loci for eGFRcrea were identified, four of which were also associated
with eGFRcys (Supplementary Table 7). We also compared the loci
identified by FDR with those from the eSNP analysis and identified
three regions of overlap. The r 2 between each FDR-identified SNP and
the eSNP in highest LD with that SNP ranged from 0.18 (in ARL15)
to 1.0 (in CASP9 and CRKRS), providing further support for these
genomic regions as loci of interest. Based on known biology, PARD3B
and CASP9 are particularly interesting genes emerging from FDR
analyses. PARD3B-encoded protein is important in establishing cell
polarity and localizes to tight junctions of epithelial cells14; it shows
highest expression in fetal and adult kidney. Caspase-9 is involved in
the growth of metanephroi in the developing kidney15.
DISCUSSION
Our principal findings are fourfold. We have identified 20 new repli
cated loci associated with eGFR and CKD. Of these, 13 are likely to be
involved in renal function and in susceptibility to CKD, whereas 7 are
likely to be associated with creatinine production or secretion. In aggregate, the 13 new renal function loci discovered here combined with the
3 previously identified renal function loci account for 1.4% of the variation in eGFRcrea. We demonstrate altered gene expression associated
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Table 3 Association of replicated renal function loci with CKD

located in genes or are contained within a
region spanning 3.7 kb upstream of genes, and
Chr. Position (b36) Genes nearby
95% CI
P value
three are nonsynonymous coding variants.
Known loci
This is in agreement with recent studies that
rs17319721 4
77,587,871 SHROOM3, CCDC158
A
1.08 1.03–1.12 7.1 × 10−4
reported an  enrichment of trait-associated
rs10109414 8
23,807,096 STC1
T
1.04 1.00–1.09 5.3 × 10−2
variants identified in GWAS at nonsynonymous
rs12917707 16
20,275,191 UMOD, ACSM5,
T
0.80 0.75–0.84 1.0 × 10−14
coding sites and a depletion of trait-associated
GP2, PDILT
variants in intergenic regions when compared
Newly discovered loci
to a random selection of variants on geno
rs267734
1 149,218,101 ANXA9, FAM63A, PRUNE,
C
0.93 0.88–0.97 2.6 × 10−3
typing arrays17,18.
BNIPL, LASS2, SETDB1
Third, our replicated findings point toward
rs1260326
2
27,584,444 GCKR, IFT172, FNDC4
T
0.96 0.93–1.00 8.7 × 10−2
several pathways and mechanisms in renal
−3
rs13538
2
73,721,836 NAT8, NAT8B, ALMS1
G
0.93 0.89–0.98 6.3 × 10
development and function. We identified
rs347685
3 143,289,827 TFDP2
C
0.93 0.89–0.97 1.2 × 10−3
common genetic variants in genes related to
−5
rs11959928 5
39,432,889 DAB2, C9
A
1.08 1.04–1.12 1.5 × 10
nephrogenesis (ALMS1, VEGFA and, potenrs6420094
5 176,750,242 SLC34A1, GRK6, RGS14,
G
1.08 1.03–1.12 2.1 × 10−4
tially, DACH1), glomerular filtration barrier
LMAN2, PRR7, F12, PFN3
formation and podocyte function (DAB2,
rs881858
6
43,914,587 VEGFA
G
0.93 0.89–0.97 3.7 × 10−3
PARD3B and VEGFA), angiogenesis (VEGFA),
rs7805747
7 151,038,734 PRKAG2
A
1.19 1.13–1.25 4.2 × 10−12
rs4744712
9
70,624,527 PIP5K1B, FAM122A
A
1.06 1.02–1.10 7.0 × 10−4
solute transport (SLC7A9, SLC34A1) and
rs653178
12 110,492,139 ATXN2
T
0.96 0.92–1.00 5.8 × 10−2
metabolic functions of the kidney (PRKAG2
rs626277
13
71,245,697 DACH1
C
0.94 0.91–0.98 4.7 × 10−3
and, potentially, GCKR and LASS2). Several
rs1394125 15
73,946,038
UBE2Q2, FBXO22
A
1.08 1.04–1.13 8.0 × 10−5
of the genes we identified can be linked to the
−4
rs12460876 19
38,048,731
SLC7A9, CCDC123, ECAT8
C
0.93
0.89–0.96 2.6 × 10
role of primary cilia (ALMS1, GCKR-IFT172
OR, odds ratio; CKD, chronic kidney disease; Chr., chromosome.
and PARD3B); mutations in genes with roles
aThe minor allele based on sample size–weighted mean allele frequency in the discovery cohorts is modeled. bResults based on
stage 1 discovery and stage 2 replication combined. Genes within 60 kb of the lead SNP were based on RefSeq genes (b36).
in the development and function of primary
The gene closest to the SNP is listed first and bold if the SNP is located within the gene. P values from the discovery screen are
cilia are known to cause hereditary genetic
corrected for genomic control before and after meta-analysis.
diseases of the kidney such as polycystic kidwith SNPs at several of the identified loci, providing potential func- ney disease and nephronophthisis19.
tional insight. Lastly, we provide suggestive evidence for an additional
Similar to what has been observed previously, we identified modnine eGFRcrea-associated loci using a false discovery rate metric; at est effects of the risk alleles on eGFR and CKD. Taken together,
least four of these are suspected to be related to renal function.
these renal-function loci are associated with 1.4% of the variation
These findings extend previous knowledge of common genetic in eGFRcrea. Nevertheless, we observed substantial gradation of
variation related to indices of renal function. We have confirmed CKD prevalence across the genetic risk score, indicating the potenour prior findings, which identified common risk variants at the tial clinical relevance of a combination of risk alleles of individuUMOD, SHROOM3 and STC1 loci as well as at two positive control ally small effects. Common disorders such as CKD may be thought
loci (GATM and CST)10. We now use predominantly population- of as the extremes of underlying polygenic quantitative traits 20, and
based studies to identify variation at 13 new loci not previously identifying determinants of the whole distribution may improve
associated with renal function. We also uncovered seven loci likely understanding of mechanisms important for renal development and
influencing creatinine production or secretion. This underscores the CKD pathogenesis.
need to separate genetic loci that affect concentrations of a biomarker
independent of underlying disease processes from those that reflect
disease association. Similar to what we have previously reported10,
100
35
we identified many more associations with eGFRcrea as compared to
10,185
10,127
95
30
CKD. Nonetheless, nominal associations with CKD were identified
for most of the SNPs associated with renal function, showing that
8,776
8,698
90
25
genetic variants associated with normal variation in eGFRcrea are
also associated with the clinically important CKD.
6,310
6,443
85
20
Our findings indicate how genome-wide association  studies
(GWAS) can uncover the genetic underpinnings of complex human
80
15
4,341
4,022
traits and diseases. First, they provide information about the
75
10
allelic architecture of known risk loci for genetic kidney diseases.
2,426
2,228
Rare mutations in SLC7A9, SLC34A1, ALMS1 and UMOD are known
70
5
to cause monogenetic diseases that feature a renal phenotype, under1,157
1,019
471
387146
scoring the importance of common genetic susceptibility variants in
76 169
57
65
0
these genes. This phenomenon is also observed for other complex
<9.5 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 25.5+
traits and diseases; approximately 20% of loci discovered in GWAS
Additive risk score
for a variety of complex traits are known to also harbor mutations
Figure 3 Distribution of the genetic risk score in the discovery samples
16
that cause monogenic diseases .
and relation of risk score categories to mean eGFRcrea and prevalence of
Second, our findings provide information about the genomic loca- CKD. Grey squares indicate mean eGFRcrea; white circles indicate CKD
tion of genetic variants associated with renal indices. Eighty percent prevalence. Error bars represent 95% confidence intervals. The number
(20 out of 25) of the SNPs identified in our discovery analyses are of individuals in each risk score category is indicated.
Modeled
allelea OR CKDb

eGFRcrea ml/min/1.73 m

2

Percentage of individuals with CKD
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Table 4 Significant eSNPs associated with eGFRcrea, CKD or eGFRcys
SNP

Tissue

Chr.

rs1260326

Lymphocytes, LCL a

2

rs10198549
rs6440052

Lymphocytes, liver a
Lymphocytes

2
3

rs4256249
rs835223
rs1544457

Liver
Lymphocytes
LCL

4
5
7

rs409783
rs7035163
rs11062357
rs335675

Liver
Liver
Lymphocytes
Lymphocytes, livera

8
9
12
15

rs16967572

Liver

19

Genes within
60 kb of SNP

r 2 to top
SNP
Lead SNP

P value
eSNP

Expressed
gene

P value
eGFRcys

P value
CKD

P value
eGFRcrea

GCKR, IFT172,
FNDC4
ALMS1
TFDP2, ATP1B3

7.0 × 10−12

IFT172 b

6.4 × 10−3

1.8 × 10−1

1.3 × 10−10

4.8 × 10−9
5.2 × 10−22

ALMS1 b
ATP1B3

9.1 × 10−4
1.5 × 10−2

1.4 × 10−1
3.0 × 10−4

3.8 × 10−7
5.0 × 10−7

1.00
0.67

rs13538
rs347685

SHROOM3
DAB2, C9
TMEM60, RSBN1L,
PHTF2
STC1
FAM122A, PIP5K1B
JARID1A, SLC6A13
FBXO22, NRG4,
UBE2Q2

4.3 × 10−6
4.7 × 10−4
2.9 × 10−8

SHROOM3
DAB2
PTPN12 b

2.7 × 10−1
5.5 × 10−3
2.9 × 10−1

8.0 × 10−2
2.2 × 10−5
1.8 × 10−1

1.0 × 10−5
1.7 × 10−10
4.4 × 10−7

0.06
0.93
0.72

rs17319721
rs11959928
rs6465825

C2orf29
FAM122A
JARID1A
FBXO22 b

1.3
8.0
5.3
2.0

10−4
10−5
10−6
10−8

0.29
0.19
0.37
0.01

rs10109414
rs4744712
rs10774021
rs1394125

CCDC123, RHPN2,
SLC7A9, C19orf40

9.6 × 10−13

SLC7A9

5.3 × 10−2

7.2 × 10−5

0.58

rs12460876

5.5
2.4
5.5
2.1

×
×
×
×

10−7
10−11
10−7
10−3

×
×
×
×

10−2
10−1
10−1
10−4

4.2
2.4
1.9
4.3

×
×
×
×

10−1
10−2
10−1
10−1

1.9 × 10−1

3.1
4.0
2.4
9.4

×
×
×
×

Identical rs1260326

P values in bold are <1/n, with n being the number of eSNPs queried (3,322 for liver, 10,823 for lymphoblastoid cell lines (LCL) and 29,094 for lymphocytes).
aOther

significant eSNPs in the same region were significantly associated with kidney traits in the second tissue listed. bOther significant eSNPs in the extended gene region were significantly
associated with eGFRcrea and expression of other genes nearby, but r 2 to the lead SNP in the region was lower. All SNPs, expressed genes and r 2 to the lead SNP are listed in Supplementary
Table 6. Additionally, eSNPs at creatinine and cystatin production loci GATM and CST3 were significantly associated with eGFRcrea and eGFRcys, respectively, in lymphocytes and are listed in
Supplementary Table 6. Genes within 60 kb of the lead SNP were based on RefSeq genes (b36). The gene closest to the SNP is listed first.

The strength of our analysis lies in our sample size of 67,093
subjects used in the discovery stage, which allowed us to uncover
multiple loci despite their small effect size on eGFR and CKD.
We restricted our analyses to predominantly population-based
studies, thereby avoiding potential bias from using case-control
samples21 or from potential counter-regulating disease processes.
We used several more methods, including FDR and eSNPs, to identify additional loci beneath the standard genome-wide threshold.
To enable discrimination of loci associated with renal function
from those associated with creatinine production and secretion, we
used a separate complementary measure of glomerular filtration
obtained from cystatin c.
Some limitations warrant mention. Our sample consists of participants of European ancestry only, and it is unknown whether these
results will replicate in other ancestral groups. We used an indirect
measure of GFR as estimated by the MDRD Study equation; the use of
gold-standard measures of glomerular filtration is not feasible in this
setting. Multiple other equations besides the MDRD Study equation
exist to estimate GFR. We used eGFRcys to provide confirmatory evidence of which newly discovered loci were truly associated with renal
function. Loci that were not associated with eGFRcys were designated
as presumptive creatinine production or secretion loci, but the smaller
sample size with available cystatin c measures limited the power to
confirm renal function loci. We may have falsely labeled some loci as
unrelated to renal function based on the absence of an association with
eGFRcys, particularly loci at WDR37 and WDR72, which showed association of borderline significance with eGFRcys. Further, the smaller
sample size with available cystatin c measurements may explain our
lack of ability to detect many new loci on a genome-wide basis for this
analyte. Our eSNP results are based on expression datasets generated
from liver tissue and lymphocytes; unfortunately, there are no expression databases generated from renal tissues available at the present
time. Lastly, many regions of interest contained several genes each. For
these regions, we were unable to identify which is the most likely gene
to be related to the SNP association based on statistical evidence.
In summary, multiple common genetic variants are associated with
indices of renal function, which highlights the role of specific genes
in nephrogenesis, podocyte function, angiogenesis, solute transport
and metabolic functions of the kidney.
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URLs. Human genome-wide association studies, http://www.genome.
gov/GWAstudies/.
Methods
Methods and any associated references are available in the online version
of the paper at http://www.nature.com/naturegenetics/.
Note: Supplementary information is available on the Nature Genetics website.
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ONLINE METHODS
Renal function indices. Serum creatinine and cystatin c were measured as
detailed in the Supplementary Note. To account for between-laboratory variation across studies, serum creatinine was calibrated to the National Health and
Nutrition Examination Study (NHANES) standards in all studies (including
replication cohorts) as described previously6,10,51. Glomerular filtration rate
based on serum creatinine (eGFRcrea) was estimated using the four-variable
MDRD Study equation52. GFR based on cystatin c (eGFRcys) was estimated
as eGFRcys = 76.7 × (serum cystatin c)−1.19 (ref. 53). CKD was defined as
eGFRcrea < 60 ml/min/1.73 m2 according to National Kidney Foundation
guidelines54. In all studies except FHS and ARIC, CKD was defined on the
basis of a single measurement of serum creatinine at the baseline visit; FHS
and ARIC used a cumulative definition of CKD based on serum creatinine
measurements at several study visits (Supplementary Note).
Covariate definition. Diabetes was defined as fasting glucose ≥126 mg/dl,
on the basis of pharmacologic treatment for diabetes or by self-report.
Hypertension was defined as systolic blood pressure ≥140 mmHg, diastolic blood pressure ≥90 mmHg or pharmacologic treatment for hypertension. All cohorts used these definitions except where stated differently in the
Supplementary Note.
Genome-wide genotyping platforms and imputation. Genotyping was conducted as specified in Supplementary Table 1b and in the Supplementary
Note. Each study conducted quality-control procedures on genotyped SNPs
and then imputed to ~2.5 million HapMap SNPs, based on HapMap CEU samples. Imputed genotypes were coded using fractional counts between 0 and 2
according to the estimated number of copies of a specified allele. Study-specific
details regarding sample sizes and study design, quality-control procedures
and imputation can be found in Supplementary Table 1.
Statistical methods for discovery stage. At the individual study level, GWAS
of CKD and natural log–transformed eGFRcrea and eGFRcys levels were conducted using linear or logistic regression and assuming an additive genetic
effect model, adjusting for age, sex and study site (where applicable) and
accounting for relatedness where necessary. Imputation uncertainty was
accounted for by using allele dosages. All studies provided data for eGFRcrea
meta-analyses; participants in the FHS Third Generation and the Amish studies did not contribute to the CKD meta-analysis because of small numbers
of CKD cases. Details regarding each discovery cohort can be found in the
Supplementary Note.
Fixed-effect meta-analyses of study-specific eGFRcrea, CKD and eGFRcys
SNP-association results, using inverse-variance weighting, were performed
using METAL (see URLs). Genomic control correction by calculating the
lambda factor (λ) across all imputed SNPs55 was applied at both the individual study level before meta-analysis (for studies with λ > 1) and after the
meta-analysis of the overall results. SNPs with minor allele frequency < 1%
were excluded. Heterogeneity was tested using Cochran’s Q test; P < 0.00417
(0.1/24) indicated significant heterogeneity.
To indicate statistical significance, we used the standard threshold of
P < 5 × 10−8, assuming 1 million independent SNPs. Among all SNPs with
meta-analysis P values below this threshold for any of the three traits, we selected
independent SNPs (defined by pairwise r 2 < 0.2) to represent each locus. Not
more than one independent signal was identified per locus; therefore, only one
genome-wide significant SNP per locus was put forward for replication.
Where not specified otherwise, R software was used for data management,
statistical analyses and graphing56.
Replication analysis. Replication studies used the same phenotype definition, had either imputed in silico genome-wide SNP data or de novo genotyped data available, and conducted the same association analyses as discovery
stage studies. Details regarding each replication cohort can be found in the
Supplementary Note.
For all de novo genotyping (10,466 samples from KORA F3, KORA F4,
SAPHIR and SAPALDIA), Assay Design v.3.1.2 and the iPLEX chemistry
(Sequenom) was used at the MassARRAY system at the Helmholtz Zentrum.
Ten percent of the spectra were checked by two independent trained persons,
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a process that yielded 100% concordance. SNPs rs13538 and rs10774021 failed
Sequenom genotyping. Therefore, PCR genotyping of rs13538 was performed
on a 7900HT Fast Real-Time PCR System (Applied Biosystems). Concordance
for duplicate genotypes (5–10% in each study) was 94.3–100.0% (mean
99.1%). The mean call rate across all studies and SNPs was 98.8%, and the
distribution of genotypes did not deviate from Hardy-Weinberg equilibrium
(P > 0.001).
Study-specific replication results on the selected SNPs were combined using
the same meta-analysis approach and software as in the discovery stage. First,
meta-analysis was conducted by combining discovery and replication studies
together and computing two-sided P values. Second, meta-analysis was conducted in the replication studies only, with one-sided P values being computed
with regard to the effect direction found in the discovery stage. All replication cohorts contributed to the eGFRcrea replication; however, due to the
small numbers of CKD cases, the following studies did not provide results for
the CKD replication meta-analysis: Family Heart Study, SAPHIR and SPLIT.
We considered a SNP as validated if the meta-analysis of all discovery and
replication studies together yielded stronger association (smaller P values).
We considered a SNP to show significant independent evidence when the
one-sided P value in the replication stage alone met the following thresholds:
P < 0.0025 (eGFRcrea), P < 0.025 (CKD) and P < 0.05 (eGFRcys), corresponding to a trait-specific Bonferroni correction.
Power estimation for replication used QUANTO (see URLs) 57, assuming
an additive genetic model. In discovery stage, we had 99.6% power to detect
genetic factors on eGFR explaining 0.1% of the phenotypic variance based
on the 5 × 10−8 significance threshold. For independent replication using
one-sided tests, we had 84.8% power to detect an effect size explaining 0.1%
of the phenotypic variance based on 15,000 samples in the replication stage
and correcting for the 23 SNPs tested.
Risk score analysis. The genetic risk score was created as an additive score
by summing the dosages of the risk alleles each individual carried, where the
risk allele was the allele associated with lower levels of eGFRcrea in the discovery meta-analysis. The score was based on information at 16 SNPs: the 13
replicated renal function SNPs and the lead SNP at each of the three already
known renal disease loci (UMOD, SHROOM3 and STC1). To determine mean
eGFRcrea and the proportion of individuals with CKD across categories of
the risk score, the risk score was combined into categories spanning 1 unit
and ranging from ≤9.5 to ≥25.5. Mean eGFRcrea in each risk score category
was then determined by conducting an inverse variance weighted fixed-effects
meta-analysis across the studies that contributed more than two observations
to that risk score category. Similarly, the combined prevalence of CKD was
determined by conducting an inverse-variance weighted fixed effects metaanalysis across studies that contributed more than two observations to the
respective risk score category, where a Freeman-Tukey arcsine transformation
was used to stabilize variance.
eSNP analysis. A database of eSNPs was created from three publicly available datasets. The eSNPs represent SNPs significantly associated with gene
expression in GWAS at a false-discovery threshold defined in the original
reports for three tissues and that passed quality control in the meta-analysis
of traits in this paper. The eSNP sources are as follows: liver (n = 3,322
SNPs)11, fresh lymphocytes (n = 29,094)12 and lymphoblastoid cell lines
(n = 10,823)13. The genomic control–corrected meta-analysis P values for
each renal trait were compared for the predefined eSNP datasets against a
correction threshold of 1/n, where n equals the number of eSNPs surveyed.
The extent of LD between eSNPs below the correction threshold and the lead
GWAS SNPs in the corresponding region was examined in the HapMap CEU
population using SNAP58.
FDR analyses. Estimation of the FDR for association P values in the analysis
of eGFR and CKD was performed using qvalue59 software in R with default
settings. The P values were derived from association statistics after twice correcting by genomic control (study specific and post meta-analysis). To evaluate the influence of LD on the identification of candidate loci by the FDR
approach, we performed separate analyses in subsets of SNPs having reduced
inter-SNP LD among the WGHS imputed genotypes as chosen by the variance
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inflation factor method in PLINK60 using a window of 50 SNPs and clustering
thresholds corresponding to the multiple r 2 values of 0.5, 0.67 and 0.8.
Study-specific methods. All participants in all studies gave informed consent,
and each study was approved by the appropriate Research Ethics Committees
from all participating institutions. Details regarding sample size and descriptive characteristics can be found in Table 1. Details regarding discovery and
replication cohort study design, genotyping platforms, exclusions, imputation and data management software and statistical analysis are summarized in Supplementary Table 1. The study-specific statistical software used
included Mixed Model Analysis for Pedigrees (MAPP) software, developed
by J. R. O’Connell (University of Maryland, Baltimore, Maryland, USA), the
R-based GenABEL and ProbABEL software61, SAS statistical package (version
9.1 for UNIX; SAS Institute), MERLIN62, MACH2 QTL, QUICKTEST v0.94,
SNPTEST v1.1.5. Software for imputation was MACH, BIMBAM or IMPUTE.
Some used the genomic control (GC) correction procedure to account for
pedigree structure63. A detailed description of the study-specific methods is
provided in the Supplementary Note.
URLs. METAL, http://www.sph.umich.edu/csg/abecasis/METAL/; Quanto,
http://hydra.usc.edu/GxE/; GenABEL and ProbABEL, http://mga.bionet.nsc.
ru/~yurii/ABEL/; MACH2QTL, http://www.sph.umich.edu/csg/abecasis/
MACH/; QUICKTEST, http://toby.freeshell.org/software/quicktest.shtml;
SNPTEST, http://www.stats.ox.ac.uk/~marchini/software/gwas/snptest.html;
MACH, http://www.sph.umich.edu/csg/abecasis/MACH/.
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2.8 Meta-analysis and imputation renes the association of 15q25
with smoking quantity
Smoking behavior and nicotine dependence are multifactorial traits with substantial genetic
inuences. Smoking is a cause of disease and mortality. Recently, GWAS have established
one locus associated with nicotine dependence and smoking quantity, which implicates a cluster of three genes,

CHRNA5, CHRNA3

and

CHRNB4

on chromosome 15q25, which encode

neuronal nicotinic acetylcholine receptor subunits. A meta-analysis of 41,150 individuals of
European descent was carried out for smoking quantity, dened as a semiquantitative trait
based on the number of cigarettes smoked per day (CPD).
We performed the GWAS using 4080 participants from the SHIP study on all SNPs
imputed to the HapMap version release 22 using the analysis software SNPTEST v2.0.0 and
provided the results to the meta-analysis. For this project, genome-wide association analyses
were computed for CPD as quantitative and semiquantitative trait in the complete dataset
and in ever-smokers only, as well as for dichotomous traits dened as being a never-smoker
or a current-smoker, respectively. All analyses were carried out sex-stratied and adjusted
for sex using an additive genetic model and additionally including age as a covariate.
Finally, the main focus was on the meta-analysis of semiquantitative CPD within eversmokers adjusted for sex, age and cohort-specic covariates where applicable. This metaanalysis identied a single signicant locus on chromosome 15q25 including rs1051730, a
non-synonymous SNP in the

CHRNA3

gene, which has been previously reported to be

associated with traits related to smoking quantity. Each minor allele of this SNP had an
eect size on smoking quantity of 0.079, which corresponds to approximately 0.8 CPD and
is in line with previous estimates reported.
To ne map this locus, conditional and unconditioned association analyses where computed in some of the cohorts using a SNP dataset imputed to the CEU European-ancestry
haplotypes from the April 2009 release of the 1000 Genomes Pilot 1 data. The SNP showing
the strongest association was rs55853698 which is located within the 5' untranslated region
of

CHRNA5

and makes it a candidate for aecting the mRNA specied by this gene. Af-

ter conditioning on rs55853698, residual association was still detected at many SNPs in the
region, with the most signicant signal occurring at rs6495308, which is located within an
intron of

CHRNA3, but no further association at rs1051730 could be observed.

Conditioning

on rs6495308 and rs55853698 leaves no obvious signal of association in the region, suggesting
that these two SNPs together could be sucient to explain the genetic eect.
It has previously been suggested that a non-synonymous SNP, rs16969968, in

CHRNA5

is associated with nicotine dependence risk and lung cancer risk, but also that variants that
cause high expression of

CHRNA5

mRNA, tagged by rs588765, increase the risk for nicotine

dependence independently. Conditioning on rs16969968 still left some residual association
in this region, whereas conditioning on both rs16969968 and rs588765 did not.
2
The SNPs rs16969968 and rs55853698 are proxies of each other having r > 0.96, but
2
rs588765 and rs6495308, are in low LD with each other (r = 0.21). It is dicult to distinguish functional variation when there is high LD across a region, therefore further analysis of
this locus should not be limited in focus to

CHRNA5, nor particularly to the non-synonymous

SNP rs16969968.
No locus achieved genome-wide signicance in the analysis of persons who reported currently smoking or having smoked in the past versus those who said they had never been
smokers. Neither did the analysis of persons who reported smoking at present versus persons who had smoked in the past but had stopped at the time of interview.
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Prior to the participation in this meta-analysis, we performed a GWAS on continuous
smoking quantity and a dichotomized GWAS at 10 CPD using exclusively th SHIP data.
Unfortunately, none of the top hits identied in theses analyses could be replicated so far,
but we were able to conrm the association of rs1051730 on smoking quantity.

111

2.8

Meta-analysis and imputation refines the

association of 15q25 with smoking quantity

Dissertation Alexander Teumer

letters

© 2010 Nature America, Inc. All rights reserved.

Meta-analysis and imputation refines the association of
15q25 with smoking quantity
Jason Z Liu1*, Federica Tozzi2, Dawn M Waterworth3, Sreekumar G Pillai3, Pierandrea Muglia2, Lefkos Middleton4,
Wade Berrettini5, Christopher W Knouff 6, Xin Yuan3, Gérard Waeber7,8, Peter Vollenweider7,8, Martin Preisig7,9,
Nicholas J Wareham10, Jing Hua Zhao10, Ruth J F Loos10, Inês Barroso11, Kay-Tee Khaw12, Scott Grundy13,
Philip Barter14, Robert Mahley15,16, Antero Kesaniemi17,18, Ruth McPherson19, John B Vincent20, John Strauss20,
James L Kennedy20, Anne Farmer21, Peter McGuffin21, Richard Day22, Keith Matthews22, Per Bakke23,
Amund Gulsvik23, Susanne Lucae24, Marcus Ising24, Tanja Brueckl24, Sonja Horstmann24, H-Erich Wichmann25–27,
Rajesh Rawal25, Norbert Dahmen28, Claudia Lamina25,29, Ozren Polasek30, Lina Zgaga31, Jennifer Huffman32,
Susan Campbell32, Jaspal Kooner33, John C Chambers34, Mary Susan Burnett35, Joseph M Devaney35,
Augusto D Pichard35, Kenneth M Kent35, Lowell Satler35, Joseph M Lindsay35, Ron Waksman35, Stephen Epstein35,
James F Wilson31, Sarah H Wild31, Harry Campbell31, Veronique Vitart32, Muredach P Reilly36,37, Mingyao Li38,
Liming Qu38, Robert Wilensky36, William Matthai36, Hakon H Hakonarson39, Daniel J Rader36,37, Andre Franke40,
Michael Wittig40, Arne Schäfer40, Manuela Uda41, Antonio Terracciano42, Xiangjun Xiao43, Fabio Busonero41,
Paul Scheet43, David Schlessinger42, David St Clair44, Dan Rujescu45, Gonçalo R Abecasis46, Hans Jörgen Grabe47,
Alexander Teumer48, Henry Völzke49, Astrid Petersmann50, Ulrich John51, Igor Rudan52,31, Caroline Hayward32,
Alan F Wright32, Ivana Kolcic30, Benjamin J Wright53, John R Thompson53, Anthony J Balmforth54,
Alistair S Hall54, Nilesh J Samani55, Carl A Anderson11, Tariq Ahmad56, Christopher G Mathew57, Miles Parkes58,
Jack Satsangi59, Mark Caulfield60, Patricia B Munroe60, Martin Farrall61, Anna Dominiczak62, Jane Worthington63,
Wendy Thomson63, Steve Eyre63, Anne Barton63, The Wellcome Trust Case Control Consortium65, Vincent Mooser3,
Clyde Francks2,64 & Jonathan Marchini1
Smoking is a leading global cause of disease and mortality1.
We established the Oxford-GlaxoSmithKline study (Ox-GSK) to
perform a genome-wide meta-analysis of SNP association with
smoking-related behavioral traits. Our final data set included
41,150 individuals drawn from 20 disease, population and control
cohorts. Our analysis confirmed an effect on smoking quantity
at a locus on 15q25 (P = 9.45 × 10−19) that includes CHRNA5,
CHRNA3 and CHRNB4, three genes encoding neuronal nicotinic
acetylcholine receptor subunits. We used data from the 1000
Genomes project to investigate the region using imputation, which
allowed for analysis of virtually all common SNPs in the region and
offered a fivefold increase in marker density over HapMap2 (ref. 2)
as an imputation reference panel. Our fine-mapping approach
identified a SNP showing the highest significance, rs55853698,
located within the promoter region of CHRNA5. Conditional
analysis also identified a secondary locus (rs6495308) in CHRNA3.
Smoking behavior and nicotine dependence are multifactorial traits
with substantial genetic influences3. There is an urgent need to better
*Complete

understand the molecular neurobiology of nicotine dependence in order
to design targeted, more effective therapies4. Recently, genome-wide association studies (GWAS) have established one locus associated with nicotine dependence and smoking quantity, which implicates a cluster of three
genes, CHRNA5, CHRNA3 and CHRNB4 on chromosome 15q25, which
encode neuronal nicotinic acetylcholine receptor subunits5–9. This locus
is also associated with lung cancer8,10,11, peripheral arterial disease8 and
chronic obstructive pulmonary disease and lung function12.
We initially performed a GWAS meta-analytic study of smokingrelated traits in a total sample of 41,150 individuals of European
descent, sourced from several disease, population and control cohorts
(Table 1, Supplementary Table 1 and Online Methods). As the cohorts
were genotyped on a variety of different genome-wide SNP arrays
(Table 1 and Supplementary Table 1), we first imputed genotypes for
all data sets13 for all SNPs in the HapMap version release 22 (ref. 2).
The main focus of our analysis was on smoking quantity within
current and past smokers, defined as a semiquantitative trait based
on the self-reported variable of cigarettes smoked per day (CPD)8. We
performed association analyses separately within each cohort under

lists of author affiliations appear at the end of this paper.
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Table 1 Summary information for the cohorts used in meta-analysis
Description

Genotyping

WTCCC-RA
EPIC
WTCCC-HT
GEMS
GSK-COPD
GSK-Bipolar
GSK-UPD
WTCCC-IBD
KORA
KORCULA
LOLIPOP

Rheumatoid arthritis cases
Obesity case-control
Hypertension cases
Dyslipidemia case-control
COPD case-control
Bipolar depression case-control
Unipolar depression case-control
Crohn′s disease cases
Population-based
Population-based
Population-based

MedStar
ORCADES
PENNCATH
POPGEN
CoLaus
SardiNIA
SHIP
VIS
WTCCC-CAD
TOTALS

All

CPD > 0

Ever

Never

Current

Non-current

Affymetrix 500K
Affymetrix 500K
Affymetrix 500K
Affymetrix 500K
Illumina 550
Illumina 550
Illumina 550
Affymetrix 500K
Affymetrix 500K
Illumina 300
Affymetrix 500K

1,860
3,516
1,952
1,847
1,633
1,805
1,792
1,748
1,644
827
1,288

NA
NA
830
862
1,632
944
899
NA
253
NA
650

NA
1,927
NA
910
NA
1,008
935
713
811
376
653

NA
1,589
NA
793
NA
790
856
540
831
451
635

262
353
1,274
268
725
498
503
713
217
179
258

558
1,574
672
642
905
510
432
420
1,425
654
395

Coronary artery disease case-control
Population-based
Coronary artery disease case-control
Population-based
Population-based

Affymetrix 6.0
Illumina 300
Affymetrix 6.0
Affymetrix 6.0
Affymetrix 500K

1,322
692
1,401
1,107
5,636

820
NA
NA
573
3,132

853
288
NA
495
3,357

469
404
NA
608
2,275

300
60
464
NA
1,485

553
632
612
NA
1,872

Population-based
Population-based
Population-based
Coronary artery disease cases

Affymetrix 500+10K
Affymetrix 6.0
Illumina 300
Affymetrix 500K

4,305
4,080
769
1,926
41,150

1,731
2,011
NA
1,237
15,574

1,743
2,631
441
1,457
18,598

2,562
1,449
328
461
15,041

873
1,240
212
239
10,123

3,432
2,840
557
1,218
19,903

Further details are given in Online Methods and Supplementary Table 1; NA, not applicable.

an additive model using covariate effects for age, sex, disease case or
control status where applicable, and other cohort-specific covariates
(Supplementary Table 1). A meta-analysis was then carried out by
combining study-specific β (regression coefficient) estimates using
a fixed effects model14. In total, 15,574 subjects reported CPD values
over zero and were used for the meta-analysis of smoking quantity
(Table 1 and Supplementary Table 1). We followed up our most
promising association findings by comparing them with results from
two concurrent GWAS meta-analyses of smoking: the ENGAGE study
of 46,481 subjects15 and the TAG study of 74,035 subjects16. We also
made our meta-analysis results available to the authors of those studies to check their top findings for replication.
Our meta-analysis of smoking quantity identified the CHRNA5–
CHRNA3 locus on 15q25 as the single significant locus of note in the
genome (Fig. 1, Table 2 and Supplementary Table 2), with a minimum
P = 9.45 × 10−19 for rs1051730, a SNP which has been previously
reported to be associated with traits related to smoking 5–9; we also
found highly significant P values for many other SNPs in the region
(Supplementary Fig. 1 and Supplementary Table 2). All cohorts in
the analysis contributed at least somewhat to the 15q25 association
(Supplementary Fig. 1). Each copy of the A allele (34% frequency) had
a quantitative effect size on smoking quantity of 0.079 (95% confidence
interval 0.070–0.088), which is in line with previous estimates8. A joint
analysis of our total data set, together with the TAG and ENGAGE data
sets, for rs1051730 yielded P = 1.71 × 10−66 (Table 2).
Multiple variants at the 15q25 locus have been suggested to underlie
its effect on smoking quantity, including a nonsynonymous SNP
in CHRNA5 and variants that affect mRNA expression levels17–19.
We utilized our very large sample, in combination with data from the

1000 Genomes Project (see URLs), to perform fine mapping and modeling of the 15q25 locus in relation to smoking quantity. We reasoned
that with the near complete information on common SNPs derived
from the 1000 Genomes data set, it might be possible to pinpoint a
variant or combination of variants that can explain the entirety of
the signal of association at 15q25. We used data from 108 estimated
CEU European-ancestry haplotypes from the April 2009 release of
the 1000 Genomes Pilot 1 data. This data set contained 2,189 SNPs
in our region of interest (Online Methods), which was approximately
a fivefold increase in density compared to the 437 SNPs in release 22
of HapMap. By imputing genotypes for all SNPs across this locus
from 1000 Genomes and by repeating the meta-analysis, we found
that the most significant association was with a new and previously
untested SNP which is not in the HapMap and is located within the
5′ untranslated region of CHRNA5; this location makes it a candidate
for affecting mRNA transcription (rs55853698, P = 1.31 × 10−16;
Fig. 2). The P value for the commonly reported SNP rs1051730 in this

15

–log10(P)

10

15
16
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20
21
22

14
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2

5

Figure 1 Plot showing the significance of association of all SNPs in the
genome-wide smoking quantity meta-analysis. SNPs are plotted on
the x axis according to their positions on each chromosome against
association with smoking quantity on the y axis (−log10 P value). SNPs
with P values < 1.0 × 10−5 are highlighted in green.
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Table 2 Summary information for selected SNPs at 15q25 from meta-analysis of association with the Smoking Quantity (SQ) phenotype
Ox-GSK
SNP

Chr.

Position

rs588765
rs16969968
rs1051730
rs6495308

15
15
15
15

76,652,480
76,669,980
76,681,394
76,694,711

Coded allele Coded allele freq.
T
G
G
T

0.43
0.65
0.66
0.77

1.74
1.64
9.45
3.30

×
×
×
×

TAG

ENGAGE

P

Phet

P

P

P

Combined

β

s.e.m.

10−3
10−18
10−19
10−10

0.50
0.86
0.68
0.10

NA
1.85 × 10−27
3.62 × 10−27
7.99 × 10−24

NA
1.53 × 10−23
9.98 × 10−25
1.60 × 10−13

NA
4.29 × 10−65
1.71 × 10−66
5.82 × 10−44

NA
−0.078
−0.079
0.073

NA
0.0046
0.0046
0.0052

analysis was similar but slightly less significant (P = 1.47 × 10−15). The
P values for our 1000 Genomes analysis were generally higher than
those from our HapMap-based analysis because not all of our study
cohorts were included in the 1000 Genomes imputation (see Online
Methods). rs55853698 is a G/T substitution, where the G allele has a
frequency ranging from 0.313–0.378 across the various cohorts.
To investigate whether the association to smoking quantity at 15q25
can be explained completely by rs55853698, we carried out tests of association for all SNPs spanning the CHRNA5-CHRNA3 locus conditional
upon this SNP (Fig. 2). Residual association was still detected at
many SNPs in the region, with the most significant signal occurring
at rs6495308 (P = 3.96 × 10−5), which is located within an intron of
CHRNA3 (Fig. 2). In the unconditioned analysis, rs6495308 has a
significance of P = 3.30 × 10−10. Further conditioning on rs6495308
after conditioning on rs55853698 leaves no obvious signal of association
in the region (Supplementary Fig. 2), suggesting that these two SNPs
together could be sufficient to explain the genetic effect.
It has previously been suggested18 that a nonsynonymous SNP,
rs16969968, in CHRNA5 is associated with nicotine dependence risk
and lung cancer risk, but also that variants that cause high expression
of CHRNA5 mRNA, tagged by rs588765, increase the risk for nicotine
dependence independently. The marginal P values of rs16969968 and
rs588765 in our meta-analysis were P = 1.64 × 10−18 and P = 1.74 ×
10−3. Conditional analysis on rs16969968 within our cohorts still left
residual association within the region (Supplementary Fig. 2), with the
most significant signal again occurring at rs6495308 (P = 1.54 × 10−5).
Conditioning on both rs16969968 and rs588765, that is, the combination previously proposed18, leaves no obvious signal of association
(Supplementary Fig. 2). To further investigate which pair of SNPs best
explains the signal of association, we used the Bayesian information

criteria (BIC) measure of model fit, in which smaller values indicate
a better fit20. For the previous model18, that is, conditioning on both
rs16969968 and rs588765, we obtained BIC = 22,719.87 and a posterior
probability 0.15. For the model conditioning on the new promoter
SNP rs55853698 and rs6495308, we obtained BIC = 22,716.49 and a
posterior probability 0.85, which indicates a better model fit.
Examination of the linkage disequilibrium (LD) structure between
the SNPs considered here shows that rs1051730, rs16969968 and
rs55853698 are all close-tagging proxies of each other (all pairwise
r2 > 0.96). These variants either tag or potentially cause the principal risk for high smoking quantity attributable to the 15q25 locus,
but the high LD makes it difficult to assign specific causality. The
SNPs that show residual association, rs588765 and rs6495308, are
in low LD with each other (r2 = 0.21) and are both in only modest
LD with the principal SNPs (maximum r2 = 0.47). It is not therefore
clear that this locus can be completely understood in the way previously proposed18. Although the nonsynonymous SNP in CHRNA5,
rs16969968, may be important, we have identified a new and potentially functional SNP in the 5′ untranslated region of this gene that
is a close proxy for the nonsynonymous SNP in terms of LD, but
which shows a slightly more significant association in our metaanalysis. Furthermore, although rs588765 can explain much of the
secondary or residual association at this locus, we find that a largely
independent variant within CHRNA3, rs6495308, is the best tagger
of the residually associated variation; this variant also contributes to
a better-fitting two-SNP model and has a much stronger marginal
significance in our unconditioned analysis (P = 3.30 × 10−10 for
rs6495308 as compared to P = 1.74 × 10−3 for rs588765).
To our knowledge, our analysis has, for the first time, surveyed
virtually all of the common SNPs in the 15q25 region and provides

–log10(P)

cM/Mb

–log10(P)

cM/Mb

rs55853698
Figure 2 Chromosome 15q25 signal plots.
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Our study is referred to as Ox-GSK. Information for all SNPs spanning the 15q25 locus in our genome-wide analysis is given in Supplementary Table 2. Chr., chromosome; Freq.,
frequency; Phet, heterozygosity P value; NA, not applicable.
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one of the first examples of how data from the 1000 Genomes Project
can contribute new information to mapping and characterizing
loci for complex traits. We recommend that further analysis of this
locus should not be limited in focus to CHRNA5, nor particularly to
the nonsynonymous SNP rs16969968. It is notoriously difficult to distinguish functional variation when there is high LD across a region21.
There are many ways in which variants can be functional, including
expression regulatory changes that affect either close or distant genes,
epigenetic changes, splicing effects, alterations to microRNA binding sites, or noncoding RNAs21. It is also conceivable that association
with common variants can arise through the effects of multiple, rarer
variants that happen to be relatively restricted to specific haplotype
backgrounds. In addition, common insertions or deletions can have
functional effects, and the 1000 Genomes data will allow for analysis
of this class of variant via an imputation framework.
The second-strongest association with smoking quantity within the
genome in our meta-analysis was at a locus on 8p21 that received modest
support from the TAG and ENGAGE studies (Supplementary Table 2
and Supplementary Fig. 3; P = 5.26 × 10−7 for rs11782673). This locus
would not remain significant after correcting for genome-wide multiple
testing; however, it is noteworthy that the locus spans CHRNA2, another
gene that encodes a neuronal nicotinic acetylcholine receptor subunit.
In addition to our analysis of smoking quantity, we also performed
a genome-wide test for allelic differences between those who reported
currently smoking or having smoked in the past versus those who said
they had never been smokers (the ever/never phenotype; sample sizes
are shown in Table 1 and Supplementary Table 1). This test aimed to
identify genetic effects on the establishment of a smoking habit. No locus
achieved genome-wide significance in this analysis, and none of the top
15 loci showed evidence of replication (Supplementary Table 2 and
Supplementary Fig. 4). Likewise, no consistent results emerged when
we tested for allelic differences between those who reported smoking at
present versus those who had smoked in the past but had stopped at the
time of interview (Supplementary Table 2 and Supplementary Fig. 4).
When age-adjusted, this is a rough measure of smoking cessation.
Our study identified association at some loci that, although not
reaching genome-wide significance in our own meta-analysis, supported findings from the concurrent TAG and ENGAGE studies15,16.
These include new loci on chromosomes 8 and 19 for smoking quantity, on chromosome 11 for ever/never and on chromosome 9 for current versus non-current smokers15,16. These findings have provided
further new insights into the biology of smoking behavior.
URLs. ProbABEL software, http://mga.bionet.nsc.ru/~yurii/ABEL/;
SNPTEST, IMPUTE and SNPMETA software, http://www.stats.ox.ac.
uk/~marchini/software/gwas/gwas.html; 1000 Genomes Project:
http://www.1000genomes.org/; April 2009 release of the 1000 Genomes
Pilot 1 data, ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/pilot_data/
release/2009_04/; UCSC Genome Browser, http://genome.ucsc.edu/;
MERLIN, http://www.sph.umich.edu/csg/abecasis/merlin/; R, http://
www.r-project.org/.
Methods
Methods and any associated references are available in the online version
of the paper at http://www.nature.com/naturegenetics/.
Note: Supplementary information is available on the Nature Genetics website.
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ONLINE METHODS
Study samples. Study collections and their basic characteristics are listed in
Table 1 and Supplementary Table 1. Subjects used in our analysis were adults
of European descent. Summary descriptions of the collections are given below,
together with primary citations that describe the collections fully. Data were
used in accordance with the ethical permissions and consents relating to each
collection.
GEMS22: The Genetic Epidemiology of Metabolic Syndrome (GEMS)
study consists of dyslipidemic case individuals (age 20–65 years) matched
with normolipidemic controls by sex and recruitment site, drawn from
non-Mediterranean subjects of the GEMS study (from Finland, Switzerland,
Canada, Australia and the United States).
CoLaus23: The Cohorte Lausannoise (CoLaus) is a single-center,
cross-sectional population-based study, including individuals aged
35–75 years randomly selected from the list of residents of the city of
Lausanne, Switzerland.
GSK COPD12: This collection includes case individuals with chronic
obstructive pulmonary disease, diagnosed according to Global Initiative for
Chronic Obstructive Lung Disease (GOLD) criteria, and unaffected controls
recruited from Bergen, Norway.
GSK UPD24: This collection includes case individuals with recurrent
major depression according to DSM-IV criteria and age- and gendermatched unaffected controls, recruited at the Max-Planck Institute of
Psychiatry in Munich, Germany. Subjects were also recruited at two satellite recruiting hospitals (Bezirkskrankenhaus Augsburg and Klinikum
Ingolstadt) in the Munich area.
GSK Bipolar25: The Bipolar collection included DSM-IV-diagnosed
bipolar case individuals and controls from subjects recruited at three
study sites: the Institute of Psychiatry (IOP) in London, UK; the Centre for
Addiction and Mental Health in Toronto, Canada; and the University of
Dundee, UK.
GSK LOLIPOP26: The London Life Sciences Prospective Population
(LOLIPOP) was a population based study including Indian Asian and
European white men and women recruited from the lists of 58 general practitioners in West London.
GSK MedStar27: The MedStar cohort included case individuals with
acute coronary syndrome or chronic coronary artery disease (CAD) from
Washington DC, together with unaffected controls.
Penn-CATH27: The Penn-CATH cohort was a University of Pennsylvania
Medical Center-based angiographic study from which case individuals with
CAD and controls with no evidence of CAD at the coronary angiography
were derived.
EPIC28: The EPIC-Obesity cohort was a case-control cohort for obesity
drawn from the EPIC-Norfolk cohort which included men and women of
European ancestry aged 39–79 years recruited in Norfolk, UK.
KORA29: The Cooperative Health Research in the Region of Augsburg
(KORA) study was an epidemiological survey of the general population living
in the city of Augsburg, southern Germany, and two adjacent counties.
WTCCC HT30: The WTCCC-HT collection comprised severely hypertensive probands ascertained from families with multiple affected members in
the UK as part of the BRIGHT study.
WTCCC CAD, WTCCC CD and WTCCC RA30: These studies included
individuals with CAD, Crohn’s disease and rheumatoid arthritis from the
Wellcome Trust Case Control Consortium Study.
POPGEN study31: The Population Genetic Cohort (POPGEN) was a
cross sectional epidemiological survey of regional German populations from
Schleswig-Holstein, northern Germany.
SHIP study32: The Study of Health in Pomerania (SHIP) was a longitudinal, population-based survey from West Pomerania, Germany. Data from the
baseline cohort were used for this study.
VIS study33: This population cohort comprised Croatians aged 18–93
years recruited from the villages of Vis and Komiza on the Dalmatian
island of Vis.
ORCADES study34: The Orkney Complex Disease Study (ORCADES) was
a family-based, cross-sectional study that sought to identify genetic factors
influencing cardiovascular and other disease risk in the population isolate of
the Orkney Isles in northern Scotland.
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KORCULA study35: The KORCULA study included healthy volunteers aged
18 and over from the villages of Lumbarda, Žrnovo, and Račišće on the Island
of Korcula, Croatia.
SardiNIA study36: The SardiNIA was a population-based longitudinal cohort
study that included male and female related individuals, aged 14 years and
above, from a cluster of four towns in the Ogliastra province of Sardinia, Italy.
Genotyping, quality control and imputation. Supplementary Table 1 lists the
various genotype platforms used for each cohort, the genotype calling algorithms, SNP and sample quality control measures and details of the imputation
and association analysis software used. The quality control measures from
previous analyses of each cohort were adopted for this study and are detailed
in the table. We used NCBI build 36 coordinates for SNP base-pair positions
so that all the cohorts could be successfully combined.
We imputed all SNPs reported in the CEU sample in HapMap Phase II
using various imputation algorithms13,37 (see URLs for a link to ProbABEL).
Imputations were performed after excluding samples and SNPs that did not
meet the study-specific quality control criteria. Genotypes were imputed for
SNPs not present in the genome-wide arrays or for those where genotyping
had failed to meet the quality control criteria.
Only imputed SNPs with good imputation quality were included in the
meta-analysis. This was defined as proper_info ≥ 0.5 (a software-specific statistic for the studies analyzed with IMPUTE/SNPTEST13) or rsq-hat ≥ 0.5
(a statistic used for studies analyzed using MACH37) and Imp_info ≥ 0.5 (a
statistic used for studies analyzed using ProbABEL).
Derivation of smoking phenotypes. We used the categorical smoking quantity levels previously defined8. The smoking quantity levels were 0 (defined
as 1–10 CPD), 1 (11–20 CPD), 2 (21–30 CPD) and 3 (31 or more CPD). Each
increment represents an increase in smoking quantity of 10 cigarettes per day.
Most of the cohorts in our study have maximal CPD recorded on each sample,
but a few collected average CPD (Supplementary Table 1). We examined the
distributions of CPD across cohorts and found no large differences between
those cohorts using average CPD and those using maximal CPD. The mean
and standard deviation of the CPD measurements in each cohort are given in
Supplementary Table 1. The ever/never and current/non-current phenotypes
used were those collected by the individual cohorts. Not all cohorts had all
three phenotypes (smoking quantity, ever/never and current/non-current)
collected. Precise details of the phenotypes collected in each cohort are given
in Supplementary Table 1. An assessment would typically be questionnairebased, following a structure such as the following:
Tick the option that best describes you:
- I smoke now
- I don’t smoke now. I have stopped for … years.
- I have never smoked
About how many cigarettes do you or did you smoke per day?
List the number of years you have smoked.
Statistical analysis and meta-analysis. Each cohort was analyzed separately
for each of the three phenotypes considered. The majority of the analysis was
carried out on the raw genotype data at the Department of Statistics, University
of Oxford, but some cohorts (SardiNIA, VIS, KORCULA, ORCADES and SHIP)
carried out their own analysis and submitted results for the meta-analysis.
For the binary traits (ever/never and current/non-current) tests for additive
genetic effects on the log-odds scale were carried out using logistic regression.
For the categorical smoking quantity phenotype, tests for additive genetic
effects were carried out on a linear scale using linear regression. The programs
SNPTEST, ProbABEL and MERLIN were used on the various cohorts to fit
these models, taking account of the genotype uncertainty at imputed SNPs.
All tests conditioned on sex and age, and for some cohorts, other covariates
of self-reported ancestry, country of origin or principal components analysisderived covariates were included (a complete list of covariates is given in
Supplementary Table 1). A genomic control inflation factor (λ) estimate was
calculated for each phenotype and each cohort (Supplementary Table 3).
The meta-analysis was carried out by combining study-specific β estimates
using a fixed effects model14, which used the inverse of the variance of the
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study-specific β estimates to give weight to the contribution of each study. The
variance of each cohort’s β estimate was multiplied by the genomic control λ
estimate to correct for observed inflation38. Specifically,
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where βi, σi2 and λi are the β estimate, β-estimate variance and genomic control λ estimate for the ith cohort. This method is appropriate when the same
phenotype and measurement scale are used in each cohort, and it has the
advantage that measures of effect size (eβ is an estimate of the odds ratio of
the risk allele) and its standard error can be calculated. We also repeated the
analysis of smoking quantity by combining z-scores from each cohort weighted
by their sample size38 and obtained almost identical results. All meta-analysis
was carried out using the SNPMETA program (see URLs). After performing
each meta-analysis, the overall λ estimate for each phenotype was 1.0145 for
smoking quantity, 1.002 for ever/never and 0.998 for current/non-current.
For each SNP, we also calculated a P value for the heterogeneity across
the studies38.
SNP selection for replication. In collaboration with two other groups carrying
out similar meta-analyses of smoking related traits (ENGAGE15 and TAG16),
we agreed to an in silico replication strategy in which for each phenotype
(smoking quantity, ever/never, current/non-current) each group would select
15 regions of the genome showing evidence for association, and summary
data (P values, β estimate, β-estimate variances, sample sizes, genomic control λ estimates and sample sizes) would be shared across groups to facilitate
replication. We selected the top 15 regions for each phenotype on the basis
of the P values we obtained in our own meta-analysis. We excluded regions
in which only a small number of cohorts contributed to the study because
the information measure at the SNPs in the excluded cohorts were below
our thresholds. We also excluded regions where the heterogeneity between
the studies was high. Each selected region consisted of several SNPs showing
evidence of association in our meta-analysis with P values below 1 × 10−5.
For each of the three phenotypes, the results from all the cohorts in all three
concurrent studies were combined together using the same genomic-control–
corrected inverse-variance meta-analysis method described above. A full list of
the selected regions and the summary information from all three phenotypes
is given in Supplementary Table 2.
1000 Genomes imputation analysis. We used 108 estimated CEU haplotypes
from the April 2009 release of the 1000 Genomes Pilot 1 data to carry out
our fine-mapping experiments at the 15q25 locus (see URLs for a link to
the data source). We used these haplotypes to carry out imputation in the
interval 76.4–77.0 Mb on chromosome 15 in 12 of the cohorts (GSK-Bipolar,
GSK-UPD, GSK-COPD, KORA, POPGEN, Lausanne, GSK-LOLIPOP, GSKGEMS, MedStar, SHIP, WTCCC-CAD and WTCCC-HT) using the program
IMPUTE13. This release contains 2,189 SNPs in this interval, compared to 437
SNPs in release 22 of the HapMap data. Meta-analysis of the imputed data was
then carried out in the same way as described above. An important technical detail when carrying out imputation using the 1000 Genomes haplotype
data is how to align it with the genotype data from genome-wide studies. The
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program IMPUTE aligns SNPs between the haplotype and genotype database
on the basis of base-pair position (rather than using SNP identifiers such as rs
identities) so that as long as the same coordinate system is used for both the
haplotype and genotype data, the alignment is automatic.
Conditional analysis and modeling. The analysis conditional upon the SNPs
was carried out using all of the centrally analyzed cohorts (Bipolar, UPD,
COPD, KORA, POPGEN, Lausanne, LOLIPOP, GEMS, MEDSTAR, SHIP,
WTCCC-CAD and WTCCC-HT). At the SNP being conditioned upon, we
used expected genotype counts, as this allowed us to combine data from
cohorts which had imputed the SNP and cohorts which had genotyped the
SNP. These expected counts were included in the baseline null model as an
additional covariate, along with the other covariates such as age, sex and covariates coding for population structure. The same method was used when
conditioning upon two SNPs. The model selection analysis of the two pairs of
SNPs in the 15q25 region was carried out using the expected genotype counts.
Analysis was carried out using the R statistical package.
22. Stirnadel, H. et al. Genetic and phenotypic architecture of metabolic syndromeassociated components in dyslipidemic and normolipidemic subjects: the GEMS
Study. Atherosclerosis 197, 868–876 (2008).
23. Firmann, M. et al. The CoLaus study: a population-based study to investigate the
epidemiology and genetic determinants of cardiovascular risk factors and metabolic
syndrome. BMC Cardiovasc. Disord. 8, 6 (2008).
24. Muglia, P. et al. Genome-wide association study of recurrent major depressive
disorder in two European case-control cohorts. Mol. Psychiatry published online,
doi:10.1038/mp.2008.131 (23 December 2008).
25. Scott, L.J. et al. Genome-wide association and meta-analysis of bipolar disorder in
individuals of European ancestry. Proc. Natl. Acad. Sci. USA 106, 7501–7506
(2009).
26. Chahal, N.S. et al. Ethnicity-related differences in left ventricular function, structure
and geometry: a population study of UK Indian Asians and European whites. Heart
96, 466–471 (2009).
27. Kathiresan, S. et al. Genome-wide association of early-onset myocardial infarction
with single nucleotide polymorphisms and copy number variants. Nat. Genet. 41,
334–341 (2009).
28. Day, N. et al. EPIC-Norfolk: study design and characteristics of the cohort. European
Prospective Investigation of Cancer. Br. J. Cancer 80 (suppl. 1), 95–103 (1999).
29. Wichmann, H.E., Gieger, C. & Illig, T. KORA-gen–resource for population genetics,
controls and a broad spectrum of disease phenotypes. Gesundheitswesen 67,
S26–S30 (2005).
30. Wellcome Trust Case-Control Consortium. Genome-wide association study of 14,000
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(2007).
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3 Unpublished Results

Unpublished Results

3.1 A genome-wide association study identies novel loci associated
with circulating IGF-I and IGFBP-3
Insulin-like growth factor-I (IGF-I) and its predominant carrier IGF binding protein 3
(IGFBP-3) are part of a complex biological system important in diverse biological processes
including cell replication, proliferation or dierentiation, protein synthesis and carbohydrate
and bone metabolism. Concentrations of IGF-I and IGFBP-3 in serum or plasma are known
to be associated with the general mortality risk and specic diseases such as cancer and
cardiovascular disease. Blood concentrations of IGF-I and IGFBP-3 are known to have a
high degree of heritability.
To identify novel loci associated with the serum concentrations of IGF-I and IGFBP-3,
meta-analyses encompassing 10,280 individuals for IGF-I and 10,018 individuals for IGFBP3, respectively. All participants were of Caucasian origin from four dierent cohorts: CHS,
FHS, KORA and SHIP. Prior to the meta-analysis, cohort specic statistics of IGF-I and
IGFPB-3 concentrations were collected and compared from all studies. Due to the dierences
in values range among the various assays used by the cohorts, a z-score based meta-analysis
was performed, being aware that no combined eect size could be computed in this case.
We detected four loci which were genome-wide signicantly associated with IGFBP-3
concentrations.

NUBP2.

Of these, tree loci were within or near the genes

The remaining locus was 560 kb apart from

TNS3,

IGFBP3, SORCS2

and

which was the closest known

gene of this region's top SNP. Nevertheless, the lead SNP of this locus was located in a coding
region called

LOC730338;FLJ43321.

This was the only locus that was also signicantly

associated with IGF-I concentrations.
The strongest association on IGFBP-3 was found near gene

IGFBP3

and represented

the non-synonymous SNP rs2854746 already known to be highly associated with IGFBP-3
concentrations. Since rs2854746 was not included in the imputed SNP dataset, this SNP has
been successfully individually genotyped in 3,298 individuals of the SHIP-0 cohort being part
of the meta-analysis. The GWAS results revealed rs2854746 as the most strongly associated
SNP to IGFBP-3 concentrations, whereas after conditioning on rs2854746 the locus

IGFBP3

was no longer signicantly associated to IGFBP-3 concentrations in the SHIP cohort.
The SNP located within the
including the

IGFALS

NUBP2

gene was part of a locus that covered many genes

(IGF acid-labile subunit) gene. The acid-labile subunit (ALS) is a

liver-derived glycoprotein that regulates IGF-I bioavailability by forming a ternary complex
with IGF-I and IGFBP-3 in the circulation, thereby extending the circulating half-life of
IGF-I and reducing its interaction with its receptors.
Three more potential associations with IGF-I were found, exhibiting
nearest known genes of these loci were

RPA3, SPOCK2

and

p < 10−6 .

FOXO3, respectively.

The

In SHIP, there were IGF-I- and IGFBP-3 concentrations available from the baseline
SHIP-0 as well as from the ve-year follow-up SHIP-1 study, which were measured using
dierent laboratory assays and therefore used for sensitivity analyses. The top loci showed
only minor changes in their associations to IGF-I and IGFBP-3 concentrations, respectively,
after using measurements of SHIP-1 instead of SHIP-0. Taking into account the lower sample
size of the SHIP-1 cohort compared to the SHIP-0 baseline, the increase of the association's
p-values would have been more probably caused by reduced power than by dierences among
the laboratory assays.
Because most circulating IGF-I is bound to IGFBP-3, the concentration of free circulat-
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ing IGF-I may be estimated by adjusting blood IGF-I concentrations for the concentrations
of circulating IGFBP-3.

Therefore, we also conducted a genome-wide meta-analysis with

IGF-I concentrations after adjustment for IGFBP-3 concentrations. This analysis revealed
a genome-wide signicant association of SNPs in the

IGFBP3

region with IGF-I concentra-

tions, whereas the SNPs that were associated with higher IGFBP-3 levels were associated
with lower IGFBP-3-adjusted IGF-I levels.
All meta-analyses were conducted independently by two analysts and the results were
checked for concordance. Using the z-score based approach, the individual cohort z-values
were weighted by eective sample size which was calculated as the total sample size multiplied
by the imputation quality ratio for the SNP. Individual SNPs having an eective sample size
below 8,000 were excluded in the meta-analysis.
SHIP was mainly involved in the design of the study and the computation of the metaanalysis.

This included the evaluation of the cohort specic statistics, the design of the

analysis plan, the ne-mapping of the loci and the statistical interpretation of the results.
This meta-analysis revealed novel loci genome-wide signicantly associated with IGF-I
and IGFBP-3 concentrations, respectively, conrmed an already known locus associated with
IGFBP-3 concentration and identied new association candidates for the IGF-I concentration
giving new insights into the mechanisms that modulate the insulin-like growth factor system.
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Abstract word count=230
Insulin-like growth factor-I (IGF-I) and its predominant binding protein, insulin-like
growth factor binding protein-3 (IGFBP-3), which regulates the biological activity of
IGF-I, are key players mediating the biological effects of growth hormone. They are
involved in cell replication, proliferation, differentiation, protein synthesis, carbohydrate
homeostasis and bone metabolism. Circulating IGF-I and IGFBP-3 concentrations have
been associated with anthropometric traits and with risk of cancer, cardiovascular disease
and mortality. In a genome-wide association study of 10,280 middle-aged and older men
and women from four community-based cohort studies, rs700752 on chromosome 7p12.3
had genome-wide significant (using significance threshold of P < 5 × 10-8) associations
with IGFBP-3 (P = 4.4 × 10-21) and IGF-I (P = 4.9 × 10-9) concentrations. Three
additional loci demonstrated genome-wide significant associations with IGFBP-3
concentration, including a previously identified region of IGFBP3 (chr 7p12.3) as well as
two novel loci (rs4234798, chr 4p16.1, and rs1065656, chr 16p13.3). Together these loci
explained 6.5% of the population variation in IGFBP-3 concentration. Loci in the
IGFBP3 region were associated with IGF-I concentrations after adjustment for IGFBP-3
concentrations. We observed a borderline statistically significant (P = 5.1 × 10-7)
between IGF-I concentration and FOXO3 (rs2153960, chr 6q21), which is a locus
previously shown to be associated with longevity traits. These genetic loci deserve
further investigation to elucidate the biological basis for the observed associations and
clarify their possible role in IGF-mediated regulation of cell growth and metabolism.
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Author summary
Insulin-like growth factor-I (IGF-I) and its predominant carrier protein, insulin-like
growth factor binding protein-3 (IGFBP-3), are part of a complex biological system that
regulates diverse biological processes including cell replication, proliferation,
differentiation, protein synthesis, carbohydrate homeostasis and bone metabolism. We
conducted a genome-wide association study to identify genetic loci associated with
circulating IGF-I and IGFBP-3 levels among 10,280 adults in four community-based
studies in the United States and Germany. We identified four genetic loci, three of them
not previously known, that were associated with blood concentrations of IGFBP-3.
Together these four loci explained 6.5% of the between-individual variation in IGFBP-3
concentrations. In addition, two genetic loci were shown to predict blood IGF-I
concentrations. The genetic regions that were identified included several near genes that
are regulators of insulin-like growth factors. Other regions associated with IGF-I and
IGFBP-3 concentrations do not have a known role in regulating the IGF system. These
findings provide the basis for further investigation to explain why these regions of the
genome are associated with IGF-I and IGFBP-3 concentrations, and whether these
genomic regions may play a role in biological processes, such as regulation of cell
growth and metabolism, that are influenced by the IGF system.
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Insulin-like growth factors (IGFs) constitute an evolutionary conserved system of
peptides that has diverse functions throughout embryonic development, growth and
adulthood. IGF-I, which is carried in circulation by IGF binding protein 3 (IGFBP-3), is
synthesized by the liver and by most other tissues of the body upon stimulation by growth
hormone (GH) and is a central mediator of metabolic, endocrine, and anabolic effects of
GH. IGF-I promotes cell proliferation and differentiation, inhibits apoptosis and has
insulin-like metabolic effects 1. A family of six IGFBPs bind with high affinity to IGF-I
and may inhibit or potentiate interaction of IGF-I with its receptors, which include the
IGF-I receptor and the insulin receptor. In addition to its effects on IGF-I bioavailability,
IGFBP-3 has been shown to have intrinsic antiproliferative and proapoptotic activity in
experimental studies 2-4. In population-based studies, circulating IGF-I and IGFBP-3
concentrations as well as genes for IGF proteins, receptors, and downstream signaling
molecules (e.g., IGF-I receptor) have been associated with longevity 5, cancer 6, 7, and
common chronic diseases 8-17.

Prior work has shown high heritability for blood IGF-I (~40-60%) and IGFBP-3
concentrations (60%)

18-20

. We conducted a genome wide association (GWA) study to

identify single nucleotide polymorphisms (SNPs) associated with circulating IGF-I and
IGFBP-3 concentrations among 10,280 middle-aged to older adults of European origin
from four population-based cohorts.
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Results and Discussion
Included in the analyses were 10,280 men and women, including 1712 participants in the
Cardiovascular Health Study (CHS), 3507 participants in the Framingham Heart Study
(FHS), 1607 participants in the Cooperative Research in the Region of Augsburg
(KORA) study, and 3454 participants in the Study of Health in Pomerania (SHIP).
Characteristics are presented in Table 1, with additional details in Supplemental Table
1.

SNPs associated with IGFBP-3 concentrations
Four SNPs had genome-wide significant associations with IGFBP-3 concentrations
(Table 2, Q-Q and Manhattan plots appear in Supplemental Figure 1, cohort-specific
results appear in Supplemental Table 2). These four genome-wide significant SNPs
included: rs11977526 on chromosome 7p12.3, minor allele frequency [MAF] = 0.41 , P =
3.3 × 10-101 (Figure 1 top panel); rs700752 on chromosome 7p12.3, MAF = 0.35, P = 4.4
× 10-21(Figure 2 bottom panel); rs4234798 on chromosome 4p16.1, MAF = 0.39, P = 4.5
× 10-10 (Figure 3); and rs1065656 on chromosome 16p13.3, MAF = 0.32, P = 1.2 × 10-11
(Figure 4). Together these four genome-wide significant SNPs explained 6.5% of the
population variation in IGFBP-3 concentrations. Within the four cohorts, r2 values
ranged from 5.4% to 7.7% of intra-individual variance explained (Supplemental Table
3).

The SNP that was most strongly associated with IGFBP-3 concentrations, rs11977526, is
near a previously identified non-synonymous IGFBP3 SNP on chromosome 7p12.3
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(rs2854746, missense exon 1, A->G) that is associated with circulating IGFBP-3 21-23.
rs2854746 was individually genotyped in the SHIP cohort and was found to have strong
linkage disequilibrium (LD) with rs11977526 (r2 = 0.89). Figure 1 bottom panel
presents the regional plot for GWA results, including rs11977526, in the SHIP cohort.

Another chromosome 7p12.3 SNP that was associated with IGFBP-3 concentrations,
rs700752, is in a coding region called LOC730338;FLJ43321 but is not near any known
gene and has no known function (Figure 2).

rs4234798 is located within SORCS2 (Figure 3), a recently-identified neuropeptide
receptor gene. While little is known about SORCS2 in humans, a related gene, SORCS1,
has been identified as a type 2 diabetes locus 24, 25.

The fourth locus associated with IGFBP-3 concentrations, located within the NUBP2
gene (rs1065656, Figure 4), is ~1 kb away from the IGFALS (IGF acid-labile subunit)
gene. The acid-labile subunit (ALS) is a liver-derived glycoprotein that regulates IGF-I
bioavailability by forming a ternary complex with IGF-I and IGFBP-3 in the circulation,
thereby extending the circulating half-life of IGF-I and reducing its interaction with its
receptors. In a recently-reported human case, a 17-year old boy with inactivation of
IGFALS had profound deficiencies in circulating IGF proteins, although this individual
had normal neurologic development and only slight slowing of linear growth and mild
insulin resistance 26. Other reported cases of IGFALS mutations, including those leading
to complete ALS deficiency, also feature dramatic perturbation in circulating IGF system
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proteins, but somewhat surprisingly these patients have only relatively modest decreases
in linear growth 27.

SNPs associated with IGF-I concentrations
Analyses of SNPs associated with IGF-I concentrations appear in Table 2 (also see Q-Q
and Manhattan plots in Supplemental Figure 2, and cohort-specific results in
Supplemental Table 2). rs700752 was not only associated with IGFBP-3
concentrations but was also strongly associated with IGF-I concentrations (P = 4.9 × 10-9)
(Figure 2 top panel). We constructed models that examined rs700752 as a predictor of
IGFBP-3 concentrations while adjusting for IGF-I concentrations, and that examined
rs700752 as a predictor of IGFBP-3 concentrations while adjusting for IGF-I
concentrations. These analyses showed that rs700752 remained significantly associated
with IGFBP-3 concentrations after adjusting for IGF-I concentrations, but the association
of rs700752 with IGF-I concentrations did not remain statistically significant after
adjustment for IGFBP-3 concentrations (Supplementary Table 4).

Besides rs700752, no other SNP was associated with IGF-I concentration at the level of
genome-wide significance. Three additional SNPs achieved P < 10-6 in relation to IGF-I
concentrations: rs2153960 on chromosome 6q21, MAF = 0.31, P = 5.1 × 10-7; rs1245541
on chromosome 10q22.1, MAF = 0.39, P = 5.0 × 10-7; rs7780564 on chromosome
7p21.3, MAF = 0.45, P = 3.9 × 10-7 (Table 2).
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rs1245541 is located in a region of chromosome 10 that has been associated with lateonset Alzheimer's disease 28. Evidence suggests that IGF-I may have neuroprotective
effects and mediate clearance of beta amyloid 29, 30, suggesting a need for further
investigation of whether IGF-I may in part mediate the association of this chromosome
10 region with Alzheimer’s disease pathology.

rs2153960 is located within FOXO3 which regulates the expression of IGFBP-1 31
(Supplemental Figure 3). Forkhead box O (FOXO) transcription factors induce cell
growth arrest and apoptosis, which can be prevented by FOXO phosphorylation by the
survival kinase AKT in response to growth factors like IGF-I

32

. In the absence of

growth factors, FOXOs reside in the nucleus and up-regulate genes that inhibit the cell
cycle, promote apoptosis and decrease oxidative stress33. Prior studies link human
variation in FOXO3 with longevity

34

.

rs7780564 is not near any known gene and the reason for its possible association with
IGF-I levels is uncertain.

SNPs associated with IGF-I concentration, after adjustment for IGFBP-3 concentration
Analyses of IGF-I were repeated after adjustment for IGFBP-3 (see Q-Q and Manhattan
plots in Supplemental Figure 4). While SNPs in the IGFBP3 gene were not associated
with IGF-I concentrations in our initial analyses, we found a genome-wide significant
association of the IGFBP3 region with IGF-I in analyses that adjusted for IGFBP-3
concentrations. The IGFBP3 SNP most strongly associated with IGF-I concentration
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after adjustment for IGFBP-3 concentration was rs1496499 (P = 1.2 × 10-27) (Figure 5).
This SNP had no significant association with IGF-I in age- and sex-adjusted analyses (P
= 6.7 × 10-2). The SNPs that were associated with higher IGFBP-3 levels were associated
with lower IGFBP-3—adjusted IGF-I levels. For example, rs11977526 was the IGFBP3
SNP most strongly associated with IGFBP-3 concentrations (Table 2). This SNP was
also associated, with the opposite direction of effect, with IGF-I concentration after
adjustment for IGFBP-3 concentration (P = 1.9 × 10-26). The analyses of IGFBP-3—
adjusted IGF-I concentrations also confirmed the presence of borderline-significant
associations between IGF-I and rs7780564 (P = 4.4 × 10-6), rs1245541 (P = 1.6 × 10-6),
and rs2153960 (P = 4.6 × 10-5); these results recapitulate the associations that appear in
Table 2, which were not IGFBP-3—adjusted. As noted above, in age- and sex-adjusted
analyses rs700752 had genome-wide significant associations with both IGF-I and IGFBP3 concentrations, but rs700752 remained associated only with IGFBP-3 (and not with
IGF-I ) when the two analytes were mutually adjusted for one another (see
Supplementary Table 4). No other significant or borderline-significant SNPs were
identified in analyses of IGFBP-3—adjusted IGF-I concentrations.

Sensitivity analyses
Further analyses addressed the possible influence of laboratory assay methodology on
study results. In the SHIP cohort, IGF-I and IGFBP-3 measurements were repeated at
two study visits using different assay methods (see Methods). A sensitivity analysis
suggested that the two different laboratory assays used at the baseline study visit (SHIP-
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0) and the repeat year five study visit (SHIP-1) produced comparable SNP associations
(Supplemental Table 5).

Summary and conclusions
Both adult GH deficiency, which is characterized by low serum IGF-I values, and
acromegaly, accompanied by IGF-I oversecretion, have been related to excess mortality,
increased cardiovascular disease risk and impaired quality of life and functional abilities
35-38

. Moreover, it has also been recognized that in adult populations without frank IGF

system abnormalities, circulating IGF-I and IGFBP-3 concentrations independently
predict risk of mortality and morbidity. Several large population-based cohorts revealed
relationships of low circulating IGF-I concentrations, and both high and low IGFBP-3
concentrations, with higher mortality and greater incidence of cardiovascular conditions
including ischemic heart disease and congestive heart failure 8-13, 39. Furthermore, studies
have suggested that high concentrations of IGF-I may be a risk factor for the
development of cancers including prostate and breast cancers 6, 7 . Thus, IGF-I and
IGFBP-3 appear to mediate several clinical conditions that are associated with substantial
mortality, medical costs, and loss of quality of life in middle-aged to older adults.

The present study is the first, to our knowledge, that has used a GWA study approach to
identify genetic loci associated with circulating IGF-I and IGFBP-3 concentrations.
Studies have found that candidate genes of the GH / IGF-I system such as IGF1 40, 41,
IGF1R 42, GH143 and GHRHR 44 may be associated with circulating IGF-I and IGFBP-3
concentrations and with related phenotypes such as breast cancer and colorectal cancer.
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While the findings from our GWA study confirmed several likely IGF gene candidates
(IGFBP3, IGFALS), they also suggest the existence of other important genes that regulate
circulating IGF-I and IGFBP-3 concentrations.

Our study phenotypes included the main mediator of the GH/IGF axis, IGF-I, as well as
the most abundant IGFBP (IGFBP-3). Study limitations include lack of phenotypic data
on other components of this complex endocrine pathway, including circulating
concentrations of GH, IGF-II, ALS, and additional members of the IGFBP family. The
four cohorts that were studied used different assay methodologies to measure IGF-I and
IGFBP-3 concentrations, albeit all were based on a similar analytical principle. Different
assay methodologies produce different estimates of circulating IGF-I concentrations,
which represents an important problem in clinical practice

45

. We therefore accounted

for variation across cohorts in assay methodologies through a z-score based data analysis
approach, as well as sensitivity analyses that showed consistent results when alternate
assay methods were used at two different visits in the SHIP study. Total circulating IGFI concentrations were measured after an initial dissociation step to remove IGFBP-bound
IGF-I. Direct measurements of free IGF-I concentrations were not available 46.

In summary, we identified three novel genetic loci that were associated with circulating
IGFBP-3 concentrations. In combination with a fourth, previously-known
nonsynonymous IGFBP3 gene variant, the four loci together explained 6.5% of the interindividual variation in circulating IGFBP-3 concentrations. One of these genetic loci
(rs700752), which is distant from any known gene, was associated with circulating IGF-I
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concentrations as well as IGFBP-3 concentrations. In addition, the IGFBP3 region was
associated with IGF-I concentrations after adjustment for IGFBP-3 concentrations,
suggesting that IGFBP3 polymorphisms influence the amount of free circulating IGF-I.
The findings have implications for understanding the diverse influences that modulate the
IGF system in adults.

Methods
Study population
Details of study recruitment, data collection, and genotyping appear in Supplemental
Materials. We studied men and women enrolled in four community-based
epidemiological cohort studies in the United States and Germany: CHS, FHS, KORA,
and SHIP. The present study was limited to individuals who were of European or
Caucasian origin as ascertained by self-report. Individuals with diabetes mellitus or
reduced renal function (estimated glomerular filtration rate < 50 ml/min/1.73m2) were
excluded. All participants provided informed consent and human subjects research
review was obtained from each participating cohort.

IGF-I and IGFBP-3 measurements
IGF-I and IGFBP-3 measurements were performed by each cohort study group using
stored blood specimens (Supplemental Table 1). In CHS, assays were performed using
enzyme-linked immunosorbent assay (ELISA) methods in fasting plasma using reagents
from Diagnostic Systems Laboratory. In FHS, assays were performed on fasting serum
using ELISA methods with R&D Systems reagents. In KORA, assays were performed
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on fasting plasma using automated chemiluminescent immunometric assays (Siemens).
In SHIP, IGF-I and IGFBP-3 measurements were made on non-fasting serum from two
study visits. At the baseline SHIP visit (SHIP-0), assays were performed using
automated two-site chemiluminescence immunoassays (Nichols Advantage). Repeated
non-fasting serum measurements were made at a follow-up visit after five years (SHIP1), using Siemens automated chemiluminescent immunometric assays. For the primary
analyses, we used data from the SHIP-0 visit, and we also repeated the analyses using
data from the SHIP-1 visit. Assay CVs were below 10% in each cohort.

Genotyping and statistical analyses
Genotyping was performed by each cohort using methods described in Table 1. SNP
data were imputed using the HapMap CEU population to harmonize data across the
genotyping platforms used by the four cohorts (~2.5 million SNPs). Data analyses used
an additive model relating SNPs with IGF-I or IGFBP-3 concentration after adjustment
for age and sex. P values from within-cohort results and meta-analysis results were
corrected for genomic control. Meta-analysis was used to combine study results using a
z-score based approach, with weighting by effective sample size which was calculated as
the total sample size multiplied by the imputation quality ratio for the SNP. The z-score
based meta-analysis approach was chosen to account for the non-uniformity in IGF-I and
IGFBP-3 assay methods across study cohorts. The total number of individuals in the
study was 10,280 for analyses of IGF-I concentrations and 10,018 for analyses of IGFBP3 concentrations. Individual SNPs were excluded if they had an effective sample size
below 8,000 in the meta-analysis. A significance threshold of P < 5 × 10-8 was used as
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the criteria for genome-wide significance. We estimated the percentage of betweenindividual variation in circulating IGFBP-3 concentrations that were explained by the
genome-wide significant SNPs. This was derived in a linear regression model that
contained all genome-wide significant loci, age and sex as independent variables; both
cohort-specific and weighted average estimates of r2 were estimated. Because most
circulating IGF-I is bound to IGFBP-3, the amount of free IGF-I in circulating blood is
strongly influenced by the blood IGFBP-3 concentration. Therefore, we also conducted
analyses to identify SNPs associated with IGF-I concentrations after adjustment for
IGFBP-3 concentrations.
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153.3 (115.9, 195.9)
3846.5 (3261.2, 4474.5)
Cedars-Sinai Medical Center
Illumina 370CNV
Illumina BeadStudio
95%
BIMBAM10 v0.99
306,655
2,332,667

N*
Males, percent
Age [Mean (sd)], years
Body mass index [Mean (sd)], kg/m2

IGF-I, median (Q1, Q3)
IGFBP-3 median (Q1, Q3)

Genotyping center

Genotyping platform & SNP panel
Genotyping calling algorithm
Average call rate
Imputation software
Number of SNPs in dataset after QC
Number of SNPs in imputed dataset

Affymetrix 550K
BRLMM
98%
MACH
378,163
2,543,887

Affymetrix

124.5 (101.3, 152.2)
2960 (2273, 3824)

Framingham Heart Study
(FHS)
3507
46%
39.9 (8.7)
26.8 (5.5)

Affymetrix 6.0
Birdseed2
98%
IMPUTE v0.4.2
869,339
2,743,205

128.0 (101.0, 157.0)
3405 (2870, 3972)
HMGU, Neuherberg,
Germany

Cooperative Research in the
Region of Augsburg
(KORA)
1607
48%
60.0 (8.7)
27.8 (4.6)

Affymetrix 6.0
Birdseed2
98%
IMPUTE v0.5.0
869,224
2,748,910

Affymetrix

136.0 (105.1, 173.7)
1918 (1596, 2210)

Study of Health in
Pomerania (SHIP)
3454
49%
47.9 (15.7)
27.1 (4.7)
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* Shown are sample sizes for analyses of IGF-I concentrations. For analyses of IGFBP-3 concentrations, sample sizes were 1465 for CHS, 3507 for FHS, 1592
for KORA, and 3454 for SHIP.

Cardiovascular Health Study
(CHS)
1712
36%
71.5 (4.8)
26.1 (4.3)

Table 1. Characteristics of 10,280 individuals and genotyping methods for four cohorts included in the meta-analysis
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10
6

rs7780564
rs1245541
rs2153960

7,849,848
73,519,645
109,094,877

45,974,635
46,720,078
7,270,834
1,778,837

Position

a
a
a

a
c
t
c

A1

c
g
g

g
g
g
g

A2

0.45
0.39
0.69

0.41
0.35
0.39
0.32

F1
IGFBP3
TNS3
SORCS2
NUBP2

3.3 × 10-101
4.4 × 10-21
4.5 × 10-10
1.2 × 10-11
n.s.
n.s.
n.s.

n.s.
4.9 × 10-9
n.s.
n.s.
3.9 × 10-7
5.0 × 10-7
5.1 × 10-7
RPA3
SPOCK2
FOXO3

Closest gene

P

P

IGFBP-3

125,085
872
0

47,239
561,198
0
0

Gene Distance

16

3.1

Chr = chromosome; A1 = allele 1; A2 = allele 2; F1 = frequency of allele 1; n.s. = not significant

7
7
4
16

rs11977526
rs700752
rs4234798
rs1065656

Chr

IGF-I

Table 2. Loci associated with IGF-I and IGFBP-3 concentrations at genome wide significant (P < 5 × 10-8) and P <1 × 10-6 level
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association with IGFBP-3 concentration. Red shading indicates LD measure (r2) with rs4234798. Red text indicates that rs4234798

Figure 3. Regional plot (IGFBP-3) for rs4234798 on chromosome 4. Diamond indicates rs4234798, the SNP with lowest P for

rs700752. Left Y-axis indicates P for association with IGFBP-3 or IGF-I concentration, and right Y-axis indicates recombination rate.

for association with IGF-I (Top panel) and IGFBP-3 (bottom panel) concentrations. Red shading indicates LD measure (r2) with

3.1

Figure 2. Regional plot (IGF-I and IGFBP-3) for rs700752 on chromosome 7. Diamond indicates rs700752, the SNP with lowest P

axis indicates recombination rate.

cohort. Red shading indicates LD with rs11977526. Left Y-axis indicates P for association with IGFBP-3 concentration, and right Y-

rs700752, the non-synonymous IGFBP-3 exon 1 SNP rs2854746, and other neighboring SNPs measured or imputed in the SHIP

IGFBP1 and IGFBP3 are marked in blue. The top panel shows the overall four-cohort meta-analysis. The bottom panel indicates

association with IGFBP-3 concentration. Red shading indicates LD measure (r2) with rs11977526. Non-synonymous SNPs in

Figure 1. Regional plot (IGFBP-3) for rs11977526 on chromosome 7. Diamond indicates rs11977526, the SNP with lowest P for
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correlation between rs1496499 and rs11977526 was r2 = 0.72.

indicates P for association with IGFBP-3—adjusted IGF-I concentration, and right Y-axis indicates recombination rate. The

concentration. Also shown is rs11977526, the SNP most strongly associated with IGFBP-3 levels (see Figure 1). Left Y-axis

indicates rs1496499, the SNP with the lowest P for association with IGF-I concentration after adjustment for age, sex and IGFBP-3
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Figure 5. Regional plot for association of IGFBP3 region on chromosome 7 with IGFBP-3—adjusted IGF-I concentration. Diamond

indicates recombination rate.

corresponding genes are marked in blue. Left Y-axis indicates P for association with IGFBP-3 concentration, and right Y-axis

association with IGFBP-3 concentration. Red shading indicates LD measure (r2) with rs1065656. Non-synonymous SNPs and

Figure 4. Regional plot (IGFBP-3) for rs1065656 on chromosome 16. Diamond indicates rs1065656, the SNP with lowest P for

recombination rate.

lies within the SORCS2 gene. Left Y-axis indicates P for association with IGFBP-3 concentration, and right Y-axis indicates
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rs11977526 (IGFBP-3 concentration)

Figure 1.
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FIGURE 2.

rs700752 (IGF-I concentration)

rs700752 (IGFBP-3 concentration)

Figure 2.
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rs4234798 (IGFBP-3 concentration)

Figure 3.
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rs1065656 (IGFBP-3 concentration)

Figure 4.
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rs1496499 (IGF-I concentration, adjusted for IGFBP-3 concentration)

Figure 5.
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SF4. Manhattan plot and Q-Q plot for analyses of IGFBP-3--adjusted IGF-I.

SF3. Regional plot (IGF-I) for rs2153960 (FOXO3)

SF2. Manhattan plot and Q-Q plot for analyses of circulating IGF-I
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Supplemental Figures
SF1. Manhattan plot and Q-Q plot for analyses of circulating IGFBP-3

S5. Loci associated with IGF-I and IGFBP-3 concentrations in meta-analysis using data from the baseline SHIP visit (SHIP-0) or the
follow-up SHIP visit (SHIP-1)

S4. Multivariate analyses of IGF-I and IGFBP-3 concentrations in relation to rs700752

S3. Percent of variance in IGFBP-3 concentrations explained by four SNPs reaching genome-wide significance.

S2. Cohort-specific results for loci associated with IGF-I and IGFBP-3 concentrations at genome wide significant (P < 5 × 10-8) and
P < 1 × 10-6 level

Supplemental Tables
S1. Chararacteristics of study cohorts
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3.2 Four genetic loci associated with thyroid volume and goiter risk
Goiter is a highly prevalent thyroid disease in iodine-decient regions and is less commonly
present in iodine-replete areas. Goiter prevalence varies between both genders. In iodinedecient regions, cigarette smoking is one of the most important environmental factors that
increases the risk of goiter development. According to twin and family studies, the genetic
heritability that inuences the thyroid volume has been estimated to be approximately 61%
to 78%.
Candidate gene approaches to identify genes that might account for the inter-individual
variation of the thyroid volume had been less successful. Therefore, we conducted a GWAS
using 3620 genotyped participants of the SHIP study, whereas individuals taking thyroid
medication or reporting thyroid disorders were excluded from the analysis as well as women
being pregnant at the time of the thyroid measurement. Genetic loci that reached genomewide signicance were further validated in 1290 individuals from an independent cohort
study, the

Kooperative Gesundheitsstudie im Raum Augsburg (KORA-F4).

Finally, in order

to identify further signicant associations, we performed a combined GWAS analysis using
data from both cohorts.
Linear regression was calculated on log-transformed thyroid volume and, additionally,
logistic regression on the presence of goiter.
prevalence of 37%.

In the initial GWAS cohort, goiter had a

All regression models were adjusted for sex, age, body surface area

and status of current smoking. Combined meta-analysis was performed using a xed eect
inverse variance weighted model. Finally, we calculated the percentage of variance explained
by the genome-wide signicant loci and estimated their combined genetic eect on the thyroid
volume.
After the initial GWAS, four independent genetic loci were genome-wide signicantly
associated with thyroid volume and all but one were also genome-wide signicantly associated
with the presence of goiter.

All four loci replicated clearly and exhibited genome-wide

signicance in the combined analysis for both phenotypes. The combined analysis did not
reveal any further genome-wide signicant loci.
Two independent loci related to the

CAPZB

gene at 1p36 exhibited signicant associa-

tions with both phenotypes under investigation. The SNP showing the strongest association

CAPZB, in a distance of approximately 27 kb to the
CAPZB promoter.
The second associated region was located within the rst of the nine introns of the CAPZB
gene. The CAPZB gene encodes the β -subunit of the capping protein also known as the

was located in the upstream region of

CAPZB

start codon and, therefore, might inuence the activity of the

barbed-end actin binding protein which represents a member of the F-actin capping protein
family. Members of this protein family modulate actin polymerization by capping the barbed
end of growing actin laments. The polymerization of actin is crucial in the formation of
pseudopodia that engulf the colloid within the follicular lumen of thyroid epithelial cells.
Thyroglobulin, absorbed from the follicular lumen following engulfment by pseudopodia, is
subsequently being hydrolyzed, causing release of T4 and T3 hormones.
plausible that

CAPZB

Therefore, it is

polymorphisms might positively or negatively inuence the ability of

the barbed-end actin binding protein to respond to appropriate external stimuli by initiating the formation of pseudopodia and, nally, causing release of T4 and T3. An increased,
hyperplasia-induced, thyroid volume could therefore compensate for weak T4/T3 release after input of the super-ordinate endocrine signal as a consequence of a

CAPZB

allele-specic

impaired pseudopodia formation in the thyroid epithelial cells. On the other hand, a more
pronounced

CAPZB

allele-specic pseudopodia formation in response to the corresponding

stimulus should result in stronger T4/T3 release, nally causing a clearly smaller thyroid
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volume.
The third locus marks the

FGF7

and goiter risk

gene encoding broblast growth factor 7. The broblast

growth factor (FGF) family members have been discussed as putative autocrine or/and
paracrine signal molecules involved in the regulation of thyroid development by binding to
the FGF receptor 2 (FGFR2).
The fourth locus represents a gene desert on 16q23. The next annotated gene,

MAF, is

located in a distance of around 110 kb to the lead SNPs, and is not in linkage disequilibrium
with the associated 16q23 locus. Interestingly, both lead SNPs are located directly downstream of a predicted coding sequence (Gene symbol:

LOC440389 ) that meanwhile has been

removed from the NCBI database as a result of the standard genome annotation processing. However, the predicted amino acid sequence of this putative human protein encoded
by the hypothetical gene exhibits 100% identity with a predicted

LOC454261 ).

(

Pan troglodytes

protein

Furthermore, the local genomic context of this region is comparable between

MAF and LOC440389 in Homo sapiens as well as the
distance between MAF and LOC454261 in Pan troglodytes amounts to 121 kb, and in both
species, both genes are transcribed in the same direction. The Pan troglodytes as well as the
both species: The distance between

putative human protein encompasses 85 amino acids and exhibits no sequence homology to
any other proteins as revealed by database searches. The two lead SNPs are located in a
distance of around six kb (rs3813579, presence of goiter) and around 11 kb (rs17767419,
thyroid volume) to the stop codon of

LOC440389.

Signicantly, both lead SNPs are located

within a region of elevated linkage disequilibrium that encompasses the furthermost 3'-end of
the

LOC440389

coding region as well as the region immediately downstream of this putative

gene. Therefore, it is tempting to speculate that one or more causative sequence variants
that inuence the thyroid size and that are predicted to be in linkage disequilibrium with
the identied lead SNPs might inuence the expression of the

LOC440389

gene product via

modulation of the 3'-trailer sequence of the gene. Indeed, it is known that 3'-trailers, also
called 3'-untranslated regions (3'-UTRs) represent a preferred binding site for regulatory microRNAs (miRNAs). The 3'-UTRs of human protein-coding genes are rich in miRNA target
sites. It has been proposed that the miRNA regulation may be aected by polymorphisms
in 3'-UTRs. However, it cannot be excluded that the causative sequence variant modies
the protein sequence or mRNA stability of the
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Abstract
Four genetic loci were detected to be associated with thyroid volume on a genomewide level of significance. Of these, two independent loci were located upstream of and
within the CAPZB gene encoding the beta subunit of the barbed-end actin binding protein.
This protein represents a member of the F-actin capping protein family which modulates
actin polymerization by capping the barbed end of growing actin filaments (Mejillano et al.,
2004). The polymerization of actin is crucial in the formation of pseudopodia that engulf the
colloid within the follicular lumen of thyroid epithelial cells. Thyroglobulin, absorbed from
the follicular lumen following engulfment by pseudopodia, is subsequently being hydrolyzed,
causing release of T4 and T3 hormones (Dunn and Dunn, 1999, 2001; Marino and
McCluskey, 2000). Therefore, it seems to be plausible that CAPZB polymorphisms might
positively or negatively influence the ability of the barbed-end actin binding protein
(subsequently referred to as capping protein) to respond to appropriate external stimuli by
initiating the formation of pseudopodia and, finally, causing release of T4 and T3. An
increased, hyperplasia induced, thyroid volume could therefore compensate for weak T4 / T3
release after input of the super-ordinate endocrine signal as a consequence of a CAPZB
allele-specific impaired pseudopodia formation in the thyroid epithelial cells. On the other
hand, a more pronounced CAPZB allele-specific pseudopodia formation in response to the
corresponding stimulus should result in stronger T4 / T3 release, finally giving rise to a
smaller thyroid volume.
Whereas the third associated locus marks the FGF7 gene encoding fibroblast growth
factor 7 (or keratinocyte growth factor, KGF), the fourth locus represents a gene desert on
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chromosome 16q23 in a distance of 110 kb to the next protein coding gene. The fibroblast
growth factor (FGF) family members have been discussed as putative autocrine or paracrine
signal molecules involved in the regulation of thyroid development by binding to the FGF
receptor 2 (FGFR2). This receptor might be essential in thyroid development, because
deletion of one of its isoforms (fgfr2-IIIb) as well as the expression of a dominant-negative
variant of this isoform in murine models results in the complete absence of a functional
thyroid gland (Revest et al., 2001). Furthermore, the homozygous deletion of one member of
the FGF family, FGF10, also results in athyroidism in mice (Celli et al., 1998). Therefore, a
model postulating different FGF7 alleles that positively or negatively influence the final
thyroid gland volume seems to be plausible. Each of the four independent loci found to be
associated with thyroid volume was also significantly associated with goiter.
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Introduction
The occurrence of thyroid diseases is determined by interplay between genetic and
environmental factors. From the clinical and the public health point of view, thyroid
disorders like non-toxic and even more toxic goiter are relevant diseases in iodine deficient
areas. While goiter is highly prevalent in iodine deficient regions, it is less commonly present
in iodine replete areas (Laurberg et al., 1998; Teng et al., 2006). The effect of iodine
deficiency is pronounced by cigarette smoking, whereas this does not play a role for thyroid
enlargement in regions with optimal iodine supply (Ittermann et al., 2008; Knudsen et al.,
2002; Volzke et al., 2005). Further environmental factors include gender, age and body mass
index (Knudsen et al., 2002; Volzke et al., 2005). Goiter prevalence varies between both
genders, with generally larger thyroid volumes in males than females (Hegedus, 1990;
Knudsen et al., 2000; Knudsen et al., 2002).
There is no doubt that genetic factors also play a substantial role in the etiology of
simple goiter (Brix et al., 1999; Hansen et al., 2004). Sibling studies performed in Denmark,
a region with previously mild to moderate iodine deficiency, demonstrated a considerably
higher intra-class correlation for thyroid volume in monozygotic compared to dizygotic twins
(Hansen et al., 2004), suggesting that genetic factors account for approximately 61% to 78%
of the inter-individual variation of the thyroid volume (Hansen et al., 2004). Similar results
were obtained in adolescent siblings living in Sweden, which is also a previously iodine
deficient region (Langer et al., 1999).
Recently, genome-wide association studies (GWAS) identified numerous genetic
polymorphisms, namely single nucleotide polymorphisms (SNPs), associated with various
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phenotypes (Ku et al.). The hypothesis underlying GWAS is that there are genetic loci
influencing a phenotype under investigation. Consequently, genetic markers flagging these
loci are significantly associated with the phenotype. In contrast to the candidate gene
approach, this hypothesis is more general and allows the identification of genetic factors
modulating traits that are at least partially heritable. GWAS investigating such genetic factors
with regard to thyroid enlargement have not been conducted so far. Thus, we have performed
a GWAS on thyroid volume in a previously iodine deficient area.

Results and Discussion
General Study Design
In the discovery stage GWAS, altogether 3620 participants of the population-based
Study of Health in Pomerania (SHIP) were independently analyzed for associations of SNPs
with the phenotypes “thyroid volume” and “presence of goiter”. In the second stage, the lead
SNPs of the four identified loci that exhibited genome-wide significant associations with the
two phenotypes were replicated in 1290 individuals from an independent population-based
study, the Kooperative Gesundheitsstudie im Raum Augsburg (KORA F4). Finally, in order
to identify further significant associations, we performed a combined GWAS analysis using
data from both cohorts. The cohort characteristics and genotyping information are shown in
supplementary table 1.
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Discovery stage GWAS analysis
The primary GWAS identified four defined chromosomal loci (15q21, 16q21, and
two separate loci in 1p36) associated with the phenotype “thyroid volume” on a genomewide significance level (p < 5 x 10-8, (Pe'er et al., 2008)). Two of these loci were also
significantly associated with the “presence of goiter” phenotype, whereas the other two
barely missed genome-wide significance for this phenotype (Table 1).
The strongest associations were found for the CAPZB region on chromosome 1p36.
Within this region, two independent loci were significantly associated with both “thyroid
volume” and “presence of goiter”: at the locus upstream of the CAPZB structural gene,
rs12138950 represented the lead SNP for both phenotypes and exhibited p-values of 9.34 ×
10-14 and 6.67 × 10-11, respectively. Within the CAPZB gene, rs12091047 as the lead SNP for
the phenotype “thyroid volume” showed a p-value of 2.53 × 10-09, whereas the lead SNP for
the “presence of goiter” phenotype, rs12033437, exhibited a p-value of 1.50 × 10-07.
In the case of the third associated locus present at 15q21, the lead SNPs for both
phenotypes were located within the FGF7 structural gene and exhibited p-values of 1.13 ×
10-08 (rs1354920, “thyroid volume”) and 1.65 × 10-08 (rs1023683, “presence of goiter”).
The fourth associated locus identified at 16q21 was located in a distance of 110 kb to
the next gene encoding an annotated protein (MAF) and was therefore designated as a “gene
desert”. The lead SNPs of this locus, rs17767491 for “thyroid volume” and rs3813579 for
“presence of goiter”, were associated with p-values of 1.24 × 10-10 and 8.13 × 10-08,
respectively.
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Replication stage analysis
All four identified associated chromosomal loci were positively replicated in the
second stage of the analysis in the KORA-F4 study (Table 1). The SNP rs12138950 located
upstream of CAPZB, representing the lead SNP at this locus for “thyroid volume” as well as
“presence of goiter” in the discovery stage GWAS, exhibited p-values of 2.33 × 10-06 and
7.11 × 10-05, respectively, in the replication analysis. The phenotype-specific lead SNPs
tagging the locus within the CAPZB structural gene, rs12091047 for “thyroid volume” and
rs12033437 for “presence of goiter”, replicated with p-values of 8.40 × 10-05 and 2.84 × 10-05,
respectively. In the case of the locus at 15q21 within the FGF7 gene, the association of the
discovery stage lead SNP rs1354920 for the “thyroid volume” phenotype was less
pronounced (p = 7.66 × 10-03) in the replication cohort, whereas it was clearly stronger for the
“presence of goiter” lead SNP rs1023683 (p = 9.20 × 10-07). Replication of the lead SNPs at
the fourth associated locus, the “gene desert” at 16q21, namely rs17767491 (“thyroid
volume”) and rs3813579 (“presence of goiter”), produced p-values of 8.57 × 10-04 and 8.46 ×
10-04.

Combined GWAS analysis
Finally, a combined analysis using the genome-wide SNP data from both populationbased studies was performed, resulting in a total study population of n = 4910. This
combined GWAS analysis did not reveal additional, yet unidentified loci exhibiting genomewide significant associations with the two phenotypes under investigation. However, all four
loci detected in the primary stages were confirmed and exhibited clearly stronger associations
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as compared to the discovery analysis (Table 2, Figure 1). In several cases, the combined
analysis yielded lead SNPs within the associated loci that were different from those of the
discovery stage GWAS analysis but were consistently found to be in distinct linkage
disequilibrium with the former. More specifically, for the phenotype “thyroid volume”, the
lead SNPs for the two loci within the CAPZB and the FGF7 structural genes changed from
rs12091047 to rs12045440 (r2 = 0.97) and from rs1354920 to rs4338740 (r2 = 0.60),
respectively. For the phenotype “presence of goiter”, the lead SNPs for the three loci
upstream of CAPZB, within the CAPZB gene, and within the FGF7 gene changed from
rs12138950 to rs10917468 (r2 = 0.60), from rs12033437 to rs12045440 (r2 = 0.97), and from
rs1023683 to rs4338740 (r2 = 0.83), respectively. Whereas the loci at 16q21 (“gene desert”)
and at 1p36 within the CAPZB gene barely exceeded the threshold for genome-wide
significance (p < 5 x 10-8) for the “presence of goiter” phenotype in the discovery stage
GWAS analysis, the corresponding lead SNPs now exhibited clear genome-wide significant
association in the combined analysis with p-values of 3.87 × 10-10 for 16q21 (rs3813579) and
1.65 × 10-11 for 1p36 within CAPZB (rs12045440) (Table 2, Figure 1). We observed no
significant interactions between the lead SNPs of the four loci associated with “thyroid
volume” in one of the two cohorts (p >0.05).

Effect size estimations
The portion of genetic variance for the phenotype “thyroid volume” that can be
explained by the four detected loci of the discovery stage amounted to 3.2% in the replication
cohort (Table 3). The effect sizes of the lead SNPs from the combined GWAS analysis on the
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thyroid volume were as follows: In the case of the lead SNP of the 1p36 locus upstream of
CAPZB the adjusted mean thyroid volume in the SHIP cohort increased from 20.56 ml for
individuals who were homozygous for the major allele up to 24.58 ml for those who were
homozygous for the minor allele. On the contrary, for the lead SNP of the second 1p36 locus
located within the CAPZB structural gene, the adjusted mean thyroid volume decreased from
22.23 ml for homozygous carriers of the major allele down to 19.32 ml for homozygous
carriers of the minor allele. Participants of the SHIP study carrying two copies of the minor
allele of the lead SNP of the 15q21 locus within the FGF7 structural gene showed an
adjusted mean thyroid volume of 23.53 ml, whereas the corresponding value for those
carrying two copies of the major allele amounted to 20.52 ml. Finally, the adjusted mean
thyroid volume in the SHIP cohort increased from 20.47 ml for homozygous carriers of the
major allele of the lead SNP tagging the 16q21 locus (“gene desert”) up to 23.79 ml for
homozygous carriers of the minor allele. Since all four described loci were also significantly
associated with the “presence of goiter” phenotype, the loci 1p36 upstream of CAPZB, 15q21
(FGF7), and 16q21 (“gene desert”) can be regarded as risk loci increasing the susceptibility
for goiter development with respect to the minor allele of the corresponding SNPs, whereas
the second 1p36 locus within the CAPZB gene represents a protective variant. Individuals
who are homozygous for all lead SNP alleles at the four loci that are associated with a
decreased thyroid volume exhibit an adjusted mean thyroid volume of 16.90 ml in the SHIP
cohort, whereas the corresponding value for those who are homozygous for all alleles
associated with an increased thyroid volume amounts to 30.01 ml. For the KORA cohort, the
corresponding mean thyroid volumes are 16.77 ml and 36.67 ml, respectively (Table 4).
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The CAPZB loci at 1p36
Two different loci related to the CAPZB gene exhibited significant associations with
both phenotypes under investigation. The lead SNP showing the strongest association at all
with both phenotypes in the combined analysis was rs12138950. This SNP is located in the
upstream region of CAPZB, in a distance of approximately 27 kb to the CAPZB start codon
(Figure 2). Therefore, it is obvious to assume that the causative sequence variant underlying
the association of this locus with the “thyroid volume” and “presence of goiter” phenotypes
might influence the activity of the CAPZB promoter, thereby modulating the expression level
of the gene. In the case of the second CAPZB locus, the lead SNP for both phenotypes in the
combined analysis, rs12045440, is located within the first of the nine introns of the CAPZB
gene (Figure 2). The two CAPZB loci are clearly independent from each other, as their lead
SNPs are not in significant linkage disequilibrium (r2 = 0.004). Furthermore, the effects of
their minor alleles were antipodal: whereas the minor allele of rs12138950 is associated with
increased thyroid volumes and the presence of a goiter, the minor allele of rs12045440 is
associated with decreased thyroid volumes and the absence of a goiter. As the second CAPZB
locus is marked by a genic lead SNP, it is tempting to speculate that in this case, the linked
causative sequence variant might result in an amino acid exchange and consequently an
altered sequence of the encoded protein. Alternatively, an mRNA splicing site might be
modified by the causative sequence variant, resulting in a different splicing pattern of the
mRNA and an altered sequence of the corresponding protein. However, according to the
HapMap Release #22 CEU data set, neither non-synonymous SNPs changing the protein
sequence of the CAPZB gene product nor sequence variants predicted to influence splicing
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sites were found to be in significant linkage disequilibrium with the lead SNP rs12045440.
Therefore, the causative sequence variation underlying the association of rs12045440 and the
“thyroid volume” and “presence of goiter” phenotypes might probably not yet be identified
and annotated.

The CAPZB gene and its products
The CAPZB gene encodes the β subunit of the capping protein also known as the
barbed-end actin binding protein. Capping protein represents a heterodimeric protein
composed of α and β subunits. The α1 and α2 subunit isoforms of the protein are encoded by
the CAPZA1 and CAPZA2 genes, respectively. These subunits are very similar to each other
but differ by a small number of amino acid residues. In mice, it has been demonstrated that
most tissues contain both isoforms, however, the ratio of α1 to α2 varies widely (Hart et al.,
1997). Interestingly, according to the BioGPS data base (http://biogps.gnf.org/), the human
CAPZA2 gene encoding the α2-isoform is strongly expressed in the thyroid gland, whereas
the corresponding amount of CAPZA1 specific mRNA is substantially lower.
In the case of the β subunit, there are also two isoforms; however, both are encoded
by the CAPZB gene. As demonstrated first in chicken, the 245 amino-terminal amino acids of
the β1 and β2 subunit isoforms are identical. While continuous translation of the canonical
CAPZB sequence results in a protein of 277 amino acids corresponding to the β1 subunit, the
β2 subunit encompasses only 272 amino acids, and, as mentioned above, the carboxyterminal sequences differ between both isoforms. This is caused by alternative splicing of the
CAPZB pre-mRNA: In contrast to the β1 isoform, the 113 nucleotides including those
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encoding the 32 carboxy-terminal amino acids and the stop codon for translation of the β1
protein are spliced out from the primary transcript in the case of the β2 isoform. Thus, the
amino acids comprising the carboxy-terminus of the β2 isoform are encoded by nucleotides
present in the 3' untranslated region of the β1 mRNA, which contains a second stop codon
(Schafer et al., 1994). The pronounced amino acid sequence differences between the
carboxy-termini of the β1 and β2 subunit isoforms are of particular interest, because actin
binding occurs precisely in this region of the monomer. However, in spite of these
differences, both isoforms exhibit comparable actin-binding activities (Schafer et al., 1996).
Therefore, it has been discussed that the structural different β subunit carboxy-termini,
besides binding actin, interact with different target proteins which might regulate their
activity (Yamashita et al., 2003). This hypothesis is substantiated by the fact that the two
isoforms exhibit a tissue-specific expression: The β2 subunit isoform represents the
predominant isoform of non-muscle tissues, whereas the β1 isoform is the predominant
isoform of muscle tissues (Schafer et al., 1994). In cardiac myocytes, both isoforms are
expressed, however, they localize to different sub-cellular structures: Whereas the β1 isoform
is assembled at the Z-discs of sarcomeres, the β2 isoform is located at cell-cell junctions, at
sites of myofibril-sarcolemma attachment, particularly intercalated discs, and throughout the
cytoplasm (Schafer et al., 1994). This spatially separated co-existence of both isoforms also
points to distinct functions and different specific binding partners. As the β2 isoform
generated by alternative splicing was demonstrated to be the pre-dominant isoform in nonmuscle tissues, it can be hypothesized to represent the major isoform in thyrocytes.
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The function of capping protein in the context of colloid engulfment
The single follicles within the thyroid gland are delineated by an epithelium
consisting of thyrocytes (or thyroid epithelial cells). In these cells, the iodinated glycoprotein
thyroglobulin is synthesized and exocytosed at the apical thyrocyte surface (Dunn and Dunn,
1999, 2001; Marino and McCluskey, 2000). Subsequently, thyroglobulin accumulates in the
follicular lumen, also designated as the colloid. Release of the stored thyroglobulin from the
colloid is initiated by thyroid stimulating hormone (TSH) or adrenergic signals. In both
cases, G-protein coupled receptor (GPCR) activation finally causes an increase of the
intracellular cAMP concentration, which mediates synthesis of thyroglobulin as well as
release of thyroid hormones (T3 and T4). The re-absorption of thyroglobulin from the colloid
is accomplished by macropinocytosis of the latter via the extension of microvilli and
filopodia from the apical thyrocyte surface. Subsequently, the endocytotic vesicles fuse with
lysosomes, and proteolysis of the thyroglobulin releases mono-, di-, tri-, and
tetraiodthyronine (T1, T2, T3, and T4, respectively). Only T4 (commonly named thyroxin) and
T3 are released in the blood stream from the basolateral thyrocyte cell surface. T3 represents
the active form of the hormone; therefore, after entering a target cell, T4 is deiodinated to
form T3 which is finally able to bind its specific nuclear receptor (Cavalieri, 1997;
Hennemann et al., 2001; Wu et al., 2005).
Obviously, engulfment of the colloid by extension of microvilli and filopodia
protruding in the thyroid follicular lumen from the surface of the thyrocytes represents a key
step in the thyroglobulin mobilization. Polymerization of actin is crucial in the formation and
extension of microvilli and filopodia. Capping protein, of which most probably the α2β2
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form pre-dominates in the thyroid gland (see above), has been demonstrated to represent a
major antagonist of filopodia formation (Cooper and Sept, 2008; Mejillano et al., 2004).
Indeed, the elongation status of the barbed end of actin filaments can be regarded as the net
result of the interplay between capping and anti-capping activities, with the capping protein
as the major barbed-end terminator (Mejillano et al., 2004). On the other hand, the barbedend actin binding activity of capping protein is modulated by further regulatory proteins that
are in turn able to bind to and to sequester the former. Known examples for this are the
CARMIL and the V-1/myotrophin proteins that can bind to CP and inhibit its ability to bind
to the barbed end of the actin filament, i.e. to cap (Cooper and Sept, 2008). Whereas the
CARMIL protein is able to remove capping protein that is already present on the barbed end,
V-1/myotrophin has little or no comparable uncapping activity in functional assays (Cooper
and Sept, 2008). Interestingly, the capping protein binding activity of V-1/myotrophin was
described to be regulated by cAMP, the most important second messenger involved in the
transduction of the TSH signal (Kitazawa et al., 2005).

Putative influence of capping protein β2 subunit variants and of increased capping protein
amounts on the phenotypes “thyroid volume” and “presence of goiter”
In the present GWAS, two independent loci related to the CAPZB gene were
significantly associated with the phenotypes “thyroid volume” and “presence of goiter” (see
Figure 2). In the case of the genic CAPZB locus whose lead SNP is located within the first of
the nine introns of the CAPZB gene, it might be hypothesized that at least one not yet
identified sequence polymorphism in linkage disequilibrium with the detected associated
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SNPs represents a non-synonymous SNP that causes an amino acid exchange in the encoded
β2 subunit. As the minor allele of the genic CAPZB locus is associated with a decreased
thyroid volume and the absence of a goiter, the postulated β2 variant specified by the minor
allele could be predicted to exhibit a more sensitive response to the TSH/cAMP signal
resulting in enhanced uncapping as compared to the major allele variant. This might, for
example, be caused by an improved interaction of capping protein containing the minor allele
encoded β2 variant with at least one protein that negatively regulates the capping activity,
like cAMP-activated V-1/myotrophin. According to this model, improved reception of the
incoming TSH/cAMP signal would result in accelerated thyroglobulin engulfment by
filopodia, increased T3/T4 release, and, in turn, to a compensatory thyroid hypoplasia,
decreased thyroid volume, and decreased risk of goiter.
The other associated CAPZB locus is located in the upstream region of the gene, with
a distance of approximately 27 kb between the lead SNP and the CAPZB start codon (see
Figure 2). It is therefore intriguing to hypothesize that in this case the causative sequence
variant underlying the association with the two phenotypes influences the activity of the
CAPZB promoter, thereby modulating the expression level of the gene. As the minor allele of
the CAPZB upstream locus is associated with increased thyroid volume and risk of goiter, the
postulated promoter polymorphism specified by this allele most probably represents a
promoter-up variant, causing an increased intracellular amount of the encoded β2 subunit in
the thyrocyte. Assumed that the amount of β1 subunit is adjusted to the increased amount of
β2 (both subunits are unstable in the absence of the respective other subunit but stabilized in
its presence, (Amatruda et al., 1992)), the total amount of the active capping protein
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heterodimer should also be increased, resulting in an attenuated uncapping activity in
response to the incoming TSH/cAMP signal. According to this model, alleviated reception of
the incoming TSH/cAMP signal would result in reduced thyroglobulin engulfment by
filopodia, decreased T3/T4 release, and, in turn, to compensatory thyroid hyperplasia,
increased thyroid volume, and goiter development.

The FGF7 locus at 15q21
The FGF7 locus exhibited significant association with both phenotypes under
investigation, whereby in the combined analysis, the lead SNP rs4338740 was identical for
“thyroid volume” as well as “presence of goiter”. This SNP is located within the second
intron of the FGF7 gene encoding the fibroblast growth factor 7, also named keratinocyte
growth factor (KGF) (see Figure 2). The minor allele of rs4338740 is associated with
increased thyroid volumes and risk of goiter, therefore representing a risk allele for goiter
development. As in the case of the second CAPZB locus, the fact that the FGF7 locus is
marked by a genic lead SNP suggests that the linked causative sequence variant might cause
an amino acid exchange and an altered sequence of the encoded FGF7 protein or a modified
mRNA splicing site. But also in this case, neither non-synonymous SNPs that change the
protein sequence of the FGF7 gene product nor sequence variants that are predicted to
influence splicing sites were identified in significant linkage disequilibrium with the lead
SNP rs4338740 according to the HapMap Release #22 CEU data set. Again, the causative
sequence variation that is responsible for the association of rs4338740 and the “thyroid
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volume” and “presence of goiter” phenotypes obviously has not yet been identified and
annotated.

The FGF7 gene, its product, and its putative influence on the phenotypes “thyroid volume”
and “presence of goiter”
The fibroblast growth factor 7 (FGF7) encoded by the FGF7 gene represents a
member of the fibroblast growth factor (FGF) family. The members of this protein family
exhibit different and broad mitogenic and cell survival activities. They are involved in a
variety of biological processes including cell growth and morphogenesis. There are 22
members of the FGF family described in vertebrates, ranging in molecular mass from 17 to
34 kDa and sharing 13-71% amino-acid identity (Ornitz and Itoh, 2001). All family members
show a high affinity for heparin and heparin-like glycosaminoglycans (HLGAGs) and a
central core of 140 amino acids which is highly homologous between the family members
(Burgess and Maciag, 1989), (Powers et al., 2000). The corresponding receptors for FGFs are
encoded by a tyrosine kinase gene family encompassing at least four members. These four
FGF receptors (FGFRs) are composed by an extracellular ligand binding domain, a single
transmembrane domain, and an intracellular tyrosine kinase domain. Upon binding of an
FGF ligand to the extracellular receptor domain, the receptor tyrosine kinases activate the
RAS/MAPK signaling pathway. Many of the components of this pathway like RAS GTPase,
RAF kinase and MAP kinases are shared among different receptor tyrosine kinases
(Schlessinger, 1993). The RAS GTPase directly activates the RAF kinase which in turn
phosphorylates and activates the MEK kinase. Subsequently, MEK phosphorylates and
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activates MAP kinases, including ERK1 and ERK2 (Sasaki et al., 2003). The ERK kinases
represent extracellular-signal-regulated kinases, which are able to enter the nuclei of their
target cells and to phosphorylate certain transcription factors like ELK-1 within these.
FGF7 is described as a potent epithelial cell-specific growth factor, whose mitogenic
activity is predominantly exhibited in keratinocytes, and is therefore also named keratinocyte
growth factor (KGF). Its main receptor is the isoform IIIb of the fibroblast growth factor
receptor 2 (FGFR2). Whereas FGF7 itself has not yet been described in thyroid-related
contexts until now, it is known that transgenic mice deficient for FgfR2-IIIb, the murine
counterpart of the human receptor FGFR2, isoform IIIb, exhibit, among several other
phenotypes, agenesis of the thyroid (Revest et al., 2001). Similarly, broad mid-gestational
expression of a kinase-deficient variant of this receptor isoform in mice causes athyreosis
(Celli et al., 1998). From these observations it has been concluded that there are FGF signals
which are essential for the development of the thyroid gland. As putative candidates, FGF1,
FGF3, FGF7, and FGF10 were already discussed (De Moerlooze et al., 2000). In mice, the
participation of Fgf10 in the development of the thyroid gland has already been
demonstrated: FGF10 knockout mice exhibited diverse phenotypes closely related to those
for FgfR2-IIIb-deficient animals, including the absence of the thyroid gland (Ohuchi et al.,
2000). The function of FGF10 in the development of the thyroid has not yet been defined,
however it was speculated that it might be related rather to the maintenance of the thyroid
primordium or the regulation of mitotic activity of the thyroid gland than to the induction of
thyroid development (De Felice and Di Lauro, 2004).
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Our association finding demonstrates that FGF7 is obviously involved in the
modulation of the thyroid volume. It can be predicted that the causative sequence variant
which underlies the observed association causes an up-regulation of the FGF7 signal. A
continuously enhanced FGF7 signal could indeed mediate a more pronounced proliferation
of thyroid cells in carriers of the risk allele as compared to carriers of the major allele,
resulting in thyroid hyperplasia, increased thyroid volume, and goiter development. How the
enhanced FGF7 signal is generated is not clear. As already mentioned, the causative
sequence variation could result in a modified amino acid sequence of FGF7, which might
cause a protein with higher affinity to its receptor,

improved secretion efficiency, or

increased protein stability. Otherwise, it finally cannot be excluded that the causative variant
mediates a higher amount of FGF7 mRNA by optimizing the FGF7 promoter sequence or by
extending the half-live of the FGF7 mRNA. Further analyses are necessary to differentiate
which of the putative mechanisms is indeed responsible for the predicted FGF7 signal
amplification in carriers of the goiter development risk allele.

FGF7 is produced by thyroid cells in an autocrine fashion
A further open question concerned the origin of the FGF7 protein that obviously
influences the volume of the thyroid. It has been suggested that the FGF family members that
were described to represent putative candidates involved in thyroid development are
produced and secreted by the mesenchyme surrounding the thyroid gland (De Moerlooze et
al., 2000). However, alternatively, FGF7 could be produced by the thyroid cells themselves,
thereby acting in an autocrine fashion. To differentiate between these possibilities, an
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immunohistochemical analysis of several different human thyroid biopsies using an antiFGF7 antibody was performed. A representative example is shown in Fig. 3. As it clearly
turned out, FGF7 was present throughout the cytoplasm of thyroid cells, whereas, as
expected, it could not be detected in the neighboring colloid. Therefore, it can be concluded
that, at least partially, the FGF7 involved in the modulation of the thyroid volume is
produced within the thyroid cells and secreted in an autocrine manner.

The “gene desert” on chromosome 16q23
The “gene desert” on 16q23 showed significant association with “thyroid volume”
and “presence of goiter” in the combined analysis, where the two lead SNPs (rs17767419 and
rs3813579) were different for the two phenotypes of interest. In each case, the minor allele is
associated with an increased thyroid size, therefore representing a risk allele for the
development of goiter. The next annotated gene, MAF, is located in a distance of around 110
kb to the lead SNPs and is not in linkage disequilibrium with the associated 16q23 locus (see
Figure 2). The MAF protein represents a DNA binding, leucine zipper-containing
transcription factor that acts as a homo- or heterodimer. Depending on the binding site and
binding partner, it functions as a transcriptional activator or repressor. MAF is involved in
the regulation of several cellular processes, including embryonic lens fiber cell development,
increased T-cell susceptibility to apoptosis, and chondrocyte terminal differentiation (Hansen
et al.). However, there is no obvious functional link between MAF and any thyroid
phenotypes.
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Interestingly, both lead SNPs are located directly downstream of a predicted coding
sequence (gene symbol: LOC440389), which meanwhile has been removed from the NCBI
data base as a result of the standard genome annotation processing. However, the predicted
amino acid sequence of this putative human protein encoded by the hypothetical gene
exhibits 100% identity with a predicted Pan troglodytes protein (LOC454261). Furthermore,
the local genomic context of this region is comparable between both species: The distance
between MAF and LOC440389 in Homo sapiens as well as the distance between MAF and
LOC454261 in Pan troglodytes amounts to 121 kb, and, in both species, both genes are
transcribed in the same direction. The Pan troglodytes as well as the putative human protein
encompasses 85 amino acids and exhibits no sequence homology to any other proteins as
revealed by data base searches. The two lead SNPs are located in a distance of around six kb
(rs3813579, “presence of goiter”) and around 11 kb (rs17767419, “thyroid volume”) to the
stop codon of LOC440389. Significantly, both lead SNPs are located within a region of
elevated linkage disequilibrium that encompasses the furthermost 3’-end of the LOC440389
coding region as well as the region immediately downstream of this putative gene. Therefore,
it is tempting to hypothesize that one or more causative sequence variants that influence the
thyroid size and that are predicted to be in linkage disequilibrium with the identified lead
SNPs might influence the expression of the LOC440389 gene product via modulation of the
3’-trailer sequence of the gene. Indeed, it is known that 3’-trailers, also called 3’-untranslated
regions (3’-UTRs) represent a preferred binding site for regulatory microRNAs (miRNAs).
The 3’-UTRs of human protein-coding genes are rich in miRNA target sites. It has been
proposed that the miRNA regulation may be affected by polymorphisms in 3’-UTRs (Landi
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et al., 2008). However, it cannot be unequivocally excluded that the causative sequence
variant modifies the protein sequence or mRNA stability of the LOC440389 gene product.
Alternatively, the re-annotation that resulted in the displacement of LOC440389
might be correct, and the “gene desert” on 16q23 is indeed not related to a protein coding
gene. Then, regulation of the thyroid size via the activity of a regulatory RNA might
represent another option for explaining the 16q23 association. One prominent example for
such a mode of gene expression modulation by a regulatory RNA is the human 9p21.3 locus,
where the large regulatory RNA ANRIL (around 163 kb) regulates the gene expression levels
of the three cell cycle inhibitory genes CDKN2A, CDKN2B, and ARF (Liu et al., 2009);
(Jarinova et al., 2009). This regulation is mediated by direct interference of particularly short
ANRIL splicing variants with the CDKN2A, CDKN2B, and ARF mRNAs, thereby decreasing
the expression of these genes. The 9p21.3 locus represents the best replicated genetic
coronary heart disease risk locus (Schunkert et al., 2008), as specific genetic variants within
the locus modulate the ANRIL splicing pattern by favoring the generation of short versus long
splicing variants. In carriers of the risk alleles, the increased amounts of short splicing
variants result in a pronounced decrease in the expression of the three cell cycle inhibitory
genes relative to carriers of the non-risk allele. This is assumed to give rise to a general proproliferative and pro-inflammatory phenotype that increases the risk of coronary heart
disease (Jarinova et al., 2009; Liu et al., 2009). A similar mechanism could be discussed for
the 16q23 locus and its association with the phenotypes “presence of goiter” and “thyroid
volume”. However, further experiments will be necessary to unravel the molecular
mechanism underlying the observed associations.
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Association findings for other candidate loci related to thyroid size
The human FOXE1 gene encodes a member of the forkhead family of transcription
factors. This protein functions as a thyroid transcription factor which likely plays a crucial
role in thyroid morphogenesis, as mutations in FOXE1 are associated with congenital
hypothyroidism and cleft palate with thyroid dysgenesis (Clifton-Bligh et al., 1998).
Therefore, this gene could be considered as a putative candidate where sequence variants
influence the size of the thyroid gland. However, there was no detectable association of the
FOXE1 locus with the two phenotypes of interest in our combined analysis.
Besides FOXE1, there are three further genes encoding transcription factors, which
are expressed in the thyroid at quite early points of time in the development of the gland,
namely HHEX, NKX2-1, and PAX8. Targeted inactivation of each of these genes in animal
models results in athyreosis (Martinez Barbera et al., 2000) (Kimura et al., 1999; Mansouri et
al., 1998). Furthermore, in human patients, mutations in the NKX2-1 gene cause, among
other disorders, pronounced hypothyroidism (Krude et al., 2002), and mutations in the PAX8
gene result in thyroid dysgenesis (Macchia et al., 1998). Therefore, these genes represented
additional candidates for functional variants putatively influencing the thyroid size. Whereas
HHEX and NKX2-1 did not show any association with both phenotypes in the combined
analysis, one intronic SNP within the PAX8 gene (rs7560701) exhibited an association with
“thyroid size” (p-value: 2.22 × 10-06). This association, although barely clearly below the
threshold of genome-wide significance, might be indicative.
The PAX genes encode transcription factors of the so-called paired box (PAX) family.
Members of this gene family typically encode proteins containing a paired box domain, an
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octapeptide, and a paired-type homeodomain. The PAX8 protein is involved in thyroid
follicular cell development and expression of thyroid-specific genes, among them those
encoding thyroglobulin and thyreoperoxidase (Mansouri et al., 1998). In mice, the targeted
inactivation of Pax8, although causing a complete athyreosis, does not result in
developmental impairment of kidney and midbrain (Torban and Goodyer, 1998). This is
surprising because Pax8 is also expressed in these organs. Obviously, kidney and midbrain
are able to compensate for the lack of PAX8 transcription factor. It was supposed that the
gene product of PAX2 might be the protein that fulfills the Pax8 functions in kidney and
midbrain, as the gene encoding this protein is expressed in both organs (Wendl et al., 2002).
This is consistent with the finding that in the thyroid gland, where no expression of PAX2
occurs, homozygous deletion of PAX8 results in athyreosis (Mansouri et al., 1998). Since
Pax2 as well as Pax8 (and Pax5) are highly homologous to each other and originate from one
common PAX gene ancestor (Dorfler and Busslinger, 1996; Walther et al., 1991), the
observation that the PAX2 gene product can, at least partially, replace the PAX8 gene
product, is conceivable.
Of note, one SNP in the neighborhood of the PAX2 gene (rs17113327) also exhibited
an association with “thyroid size” below the threshold of genome-wide significance (p-value:
8.18 × 10-06) in our combined analysis. Possibly, the observed indicative associations of the
PAX8 and the PAX2 loci with the “thyroid size” phenotype represent “true” associations that
would exceed the genome-wide significance threshold if a larger sample size would be
analyzed and that point towards functions of the two PAX transcription factors in the context
of thyroid development and function.
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As already discussed, one gene encoding a member of the FGF protein family,
namely FGF7, showed genome-wide significant association with both phenotypes of interest.
The participation of FGF growth factors in the development and function of the thyroid gland
has been discussed before, and there was experimental proof from murine models that the
fibroblast growth factor receptor 2 (FGFR2), as the main receptor for FGF7 and other
members of the FGF family, fulfills important functions in the context of thyroid
development and function (Celli et al., 1998; Revest et al., 2001). Therefore, it was obvious
to consider the FGFR2 locus as a further candidate for putative sequence variants that might
be associated with the two phenotypes of interest, as structural changes of the FGFR2 protein
or differences in the amount of FGFR2 can be predicted to influence the intensity of the
transmitted FGF7 signal. Indeed, the intronic SNP rs1219646 within FGFR2 exhibited an
association with the phenotype “thyroid size” in our combined analysis, even on a nearly
genome-wide level of significance (p-value: 8.07 × 10-08). However, this SNP was not
directly genotyped because it was not present on the Affymetrix SNP 6.0 array used in this
study, but determined by imputation. Furthermore, from the 41 SNPs within the FGFR2
gene, which are present on this array and which consequently were directly genotyped, no
one exhibited any association with the two phenotypes analyzed. Therefore, it remains
unsolved if the association of rs1219646 with “thyroid size”, which indeed would make sense
from a physiological point of view, represents a reliable result rather than a statistical
artifact..
Finally, based on the observation that mutations in the gene encoding the thyroid
stimulating hormone receptor (TSHR) cause a strong reduction in the thyroid volume

25

174

3.2

Four genetic loci associated with thyroid volume

Dissertation Alexander Teumer

and goiter risk

(Biebermann et al., 1997), it could be assumed that this locus might exhibit associations with
the two phenotypes of interest. Since variations in the transduction of the thyroid stimulating
hormone (TSH) signal can be predicted to influence thyroidal development and function, the
same could be hypothesized for the loci encoding the two sub-units of the TSH protein itself,
namely TSHB and CGA. However, neither the TSHR locus nor the loci encoding TSHB and
CGA did show any association with the “thyroid volume” or “presence of goiter” phenotypes.

Strengths and limitations
Although we used a much smaller study population as compared to other GWAS
consortia (Liu et al.; Newton-Cheh et al., 2009), we identified four new genetic loci related
to thyroid size, which clearly exceeded the threshold of genome-wide significance. Thus, it
can be assumed that major genetic contributors to thyroid size are uncovered by the present
studies, but further genetic loci of moderate to minor significance may exist. The major
strength of this study is the homogeneity of the phenotype based on two points. First, the
collaborative approach to standardization of thyroid ultrasound including common observer
certifications warranted precise phenotype determination. Likewise, the same methods were
used for evaluating smoking status and somatometric measures, which were considered as
confounders in the present study. Second, we included only studies from one country to
exclude heterogeneity by variations in iodine supply status in different populations. While
our results are likely representative for populations from regions with previously and
currently iodine deficiency and also for populations with recommended iodine intake, they
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may be of limited generalizability to individuals from iodine replete areas. Likewise, further
studies should be performed in populations of non-European ancestry.

Methods
Study design and description of the population studies
To identify genetic variants associated with the phenotypes “thyroid volume” and
“presence of goiter”, a two-stage GWAS design including two independent German
population-based studies was used. Germany is a formerly iodine deficient area with
moderate iodine deficiency in the north-eastern part and moderate to severe iodine deficiency
in the south-eastern part (Meng et al., 1998; Meng, 1998). A voluntary iodine fortification
program has been stepwise introduced during the 1980ies. In December 1993, improved
legislations concerning the iodization of table salt became effective, which considerably
contributed to an increase in the use of iodized salt for food production. This resulted in a
stable iodine supply in the study areas during the past 15 years. Recently, a nation-wide
iodine survey in children demonstrated median urinary iodine concentrations within the
recommended range. Though the measured values were in the lower section of the
recommended range, they clearly indicated that significant regional disparities in iodine
supply within Germany have not been present anymore (Thamm et al., 2007).
For stage one, the discovery stage of the GWAS, 3620 individuals aged 20 to 79
years sampled from the baseline examinations of the Study of Health in Pomerania (SHIP-0)
in West Pomerania (north-east of Germany) were analyzed. For stage two, the replication
stage of the GWAS, we included 1290 individuals aged 30 to 79 years from the Kooperative
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Gesundheitsforschung in der Region Augsburg (KORA F4, south-east of Germany). All
participants were of European ancestry. Approval was obtained by local ethic committees for
all studies, and informed consent was given from the study participants. The detailed
characteristics of the sample collections are described in Supplementary Table 1 and in the
Supporting Online Material.

Phenotype determination
Both SHIP and KORA performed a collaborative quality management for thyroid
ultrasound. Ultrasonography was performed with an Ultrasound VST-Gateway with a 5 MHz
linear array transducer (Diasonics, Santa Clara, USA) in SHIP, and with a ACUSON X300
(Fa. Siemens Medical Solutions USA) or SONOLINE G50 (Fa. Siemens Medical Solutions
USA) both with a 5 MHz linear array transducer in KORA. Thyroid volume was calculated
as length x width x depth x 0.479 [ml] for each lobe (Brunn et al., 1981). The intra- and
inter-observer reliabilities were assessed before the start of the study and afterwards annually
during the studies. Analyses were performed according to (Bland and Altman, 1986). All
measurements of the thyroid volume for within and between study comparisons showed
Spearman correlation coefficients of >0.85 and mean differences (+ 2 SD) of the mean bias
of <5% (<25%). Goiter was defined as a thyroid volume of >18 ml in women and of >25 ml
in men (Gutekunst et al., 1988).
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Genotyping and imputation
Genotyping procedure and quality controls that were performed are described in
detail in Supplementary Table 1 and in the Supporting Online Material. All SNPs with a
minor allele frequency <0.01 were excluded from the analysis. Only SNPs for which
association data from both studies were available were included in the meta-analysis. In total,
approximately 2.5 millions of directly genotyped or imputed SNPs were analyzed. Since all
X-linked SNPs were excluded from imputation (Soranzo et al., 2009), the analysis in stage
one included an additional genome-wide association scan based on all 741.514 genotyped
SNPs (with SNP call rates ≥80%, pHWE >0.001, MAF >1%) using the PLINK software
(Purcell et al., 2007). This analysis included 27.399 SNPs of chromosome X and 46 SNPs
from mitochondrial DNA.

Statistical Analysis
Association was tested using a linear additive model on natural log-transformed
thyroid volume (ml) for the “thyroid volume” phenotype and a logistic regression analysis
for the “presence of goiter” phenotype, respectively. Adjustment for age, gender, current
smoking state (yes/no) and body surface area (BSA) was done for all analyses. Individuals
taking thyroid medication or reporting thyroid disorders were excluded from the analysis as
well as women pregnant at the time of thyroid measurement. We chose BSA as a covariate
because the regression model fitted best among body height, weight, or BMI as alternative
covariates, where the differences were only minor.
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SNPTEST

(http://www.stats.ox.ac.uk/~marchini/software/gwas/snptest.html) (Marchini et al., 2007),
QUICKTEST (http://toby.freeshell.org/software/quicktest.shtml) and PLINK (Purcell et al.,
2007). Imputed genotypes were tested for association after accounting for uncertainty in the
SNPTEST and QUICKTEST software packages. PLINK was used for association with
genotyped SNPs only. All p-values of the discovery GWAS and the results of the metaanalysis were corrected for genomic control. Associations were considered genome-wide
significant below a p-value of 5 x 10-8, which corresponds to a Bonferroni correction for the
estimated one million independent common variant tests in the human genome of European
individuals (Pe'er et al., 2008).
The results from both GWAS were combined into meta-analysis statistics using
inverse variance weights. Calculations were implemented in the METAL package
(http://www.sph.umich.edu/csg/abecasis/metal) applying genomic control both for the
individual cohorts and for the combined results afterwards. The estimated genomic control
was low for the “thyroid volume” phenotype (λGC = 1.016 for both SHIP and KORA F4) and
also for “presence of goiter” (λGC = 0.998 for SHIP and λGC = 1.043 for KORA F4),
suggesting little residual confounding due to population stratification. The genomic control
for the combined analysis was λGC = 1.058 for “thyroid volume” and λGC = 1.021 for
“presence of goiter” (see Supplementary Figure 1). All SNPs that were found to be
associated with one of the two phenotypes of interest either in the discovery GWAS, the
replication stage, or in the combined analysis were in Hardy-Weinberg equilibrium (p
>0.001) in both studies.
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Multimarker analysis and mean effect size estimations
To identify independently associated loci, SNPs were clumped together using the
clumping algorithm of PLINK (Purcell et al., 2007) (r2 >0.1, 1 Mb distance) based on
genotype data of 4105 individuals of the SHIP cohort. To validate the independence of the
four loci found to be associated with “thyroid volume” in the combined analysis, the four
lead SNPs of these loci were analyzed in a linear regression model. This model, which
included the covariates age, gender, current smoking state and BSA, was used to check
whether the association with “thyroid volume” would remain significant and mostly
unchanged (Table 3).
Statistical analyses for independence and interaction were performed with R 2.4.1
(http://www.R-project.org) and the computations for adjusted means and effect sizes were
carried out using the general linear model function of the Statistical Package for the Social
Sciences (SPSS) version 17. Regional association plots were generated based on SNAP
(Johnson et al., 2008).
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Figure 2: Regional association plots showing the association signals in the regions of the four loci associated with the “thyroid
volume” phenotype on the −log10 scale as a function of chromosome position in the meta-analysis: The region upstream of

Figure 1: Manhattan plots showing significance of association of all SNPs in the meta-analysis with the phenotypes “thyroid
volume” (upper plot) and “presence of goiter” (lower plot). SNPs are plotted on the x-axis according to their position on each
chromosome against association with the respective phenotype on the y-axis (shown as 2log10 p-value). SNPs were filtered by
minor allele frequency of 1%. The black horizontal line indicates the threshold for genome-wide significance.

Supplementary Table 1: Cohort characteristics and genotyping information.

3.2

Table 4: Mean thyroid volumes of individuals carrying the specified number of “thyroid volume” increasing alleles (goiter risk
alleles) of the four lead SNPs in the combined analysis. The number of risk alleles ranges from 0 to 7. There were no
individuals homozygous for the thyroid increasing allele at all four loci. Frequency: Number of individuals carrying the
corresponding number of risk alleles; Freq %: Percentage of individuals carrying the corresponding number of risk alleles.

Table 3: Test for independence and variance for the lead SNPs of the four loci associated with the “thyroid volume”
phenotype in the discovery stage GWAS. The values were calculated by analyzing all SNPs adjusted for sex, age, smoking
status and body surface area in a linear regression model.

Table 2: The SNPs (“Lead SNPS”) within the four loci with strongest association with the “thyroid volume” and “presence of
goiter” phenotypes, respectively, in the combined meta-analysis. Allele 1: Effect allele; Freq1: frequency of allele 1; pGC: pvalue of the association after genomic control has been applied.

Table 1: The SNPs (“Lead SNPs”) within the four loci that show the strongest association with the “thyroid volume” and
“presence of goiter” phenotypes, respectively, in the discovery stage GWAS (SHIP cohort). Allele 1: Effect allele; Freq1:
Frequency of allele 1; ImpQual: Imputation quality measurement (observed by expected variance ratio); pGC: p-value of the
association after genomic control has been applied. R²: Linkage disequilibrium value for the respective lead SNP with the lead
SNP of the meta-analysis GWAS of the same locus.

Table and figure legends
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Supplementary Figure 1: Quantile-quantile plots of association results (–log transformed p-value distribution) of the metaanalysis for the phenotypes “thyroid volume” (upper plot) and “presence of goiter” (lower plot). SNPs were filtered by minor
allele frequency of 1%.

Figure 3: Representative immunohistochemical demonstration of FGF7 in a human thyroid biopsy. FGF7 is detected in the
cytoplasm of the thyrocytes, but not in the colloid. Cell nuclei are colored in blue.

CAPZB on chromosome 1, the genic region within CAPZB on chromosome 1, the FGF7 region on chromosome 15, and the
“gene desert” on chromosome 16 (from top to bottom). Large diamonds in red indicate the lead SNPs exhibiting the lowest pvalues for association with the “thyroid volume” phenotype. The correlations (r²) between each of the surrounding SNPs and
the respective lead SNP are indicated by red shading. The left Y-axis indicates the p-values for the association with “thyroid
volume”, and the right Y-axis indicates the estimated recombination rates (HapMap Phase III) given in light blue. Genes as
well as the direction of transcription (NCBI) are displayed by green bars.
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pGC SHIP
9.340E-14
1.130E-08
1.240E-10
2.530E-09

pGC SHIP
6.666E-11
1.651E-08
8.138E-08
1.499E-07

Position Lead SNP SHIP
19711702
rs12138950
47612815
rs1354920
78302988
rs17767491
19644512
rs12091047

Presence of Goiter
Locus
Chr
Position Lead SNP SHIP
1
1
19711702
rs12138950
2
15
47494739
rs1023683
3
16
78306777
rs3813579
4
1
19622481
rs12033437

Thyroid Volume
Locus
Chr
1
1
2
15
3
16
4
1

Table 1:

p KORA
7.111E-05
9.199E-07
8.457E-04
2.844E-05

p KORA
2.333E-06
7.656E-03
8.571E-04
8.400E-05

pGC META
3.641E-14
3.864E-13
3.868E-10
4.055E-11

pGC META
2.876E-18
4.923E-10
8.071E-13
1.777E-12

Allele 1
C
T
G
T

Allele 1
C
T
G
T

Allele 2
A
A
A
C

Allele 2
A
C
A
C

Freq1
0.154
0.758
0.482
0.334

Freq1
0.154
0.302
0.322
0.343

ImpQual
0.989
0.991
0.997
1.000

ImpQual
0.989
0.970
1.000
0.993

3.2

41

R²
0.60
0.83
same SNP
0.97

R²
same SNP
0.60
1.00
0.97
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Position
19711702
47522589
78302049
19638105

Position
19715941
47522589
78306777
19638105

Thyroid Volume
Locus
Chr
1
1
2
15
3
16
4
1

Presence of Goiter
Locus
Chr
1
1
2
15
3
16
4
1

Table 2:

Lead SNP
rs10917468
rs4338740
rs3813579
rs12045440

Lead SNP
rs12138950
rs4338740
rs17767419
rs12045440

pGC
1.114E-14
2.843E-13
3.868E-10
1.649E-11

pGC
2.876E-18
1.441E-12
9.418E-15
3.237E-14

OR
0.66
0.69
1.32
1.38

Effect
-0.102
-0.067
0.068
0.067

95% CI
0.59-0.73
0.63-0.76
1.21-1.44
1.26-1.51

SE
0.012
0.009
0.009
0.009

Allele 1
T
T
A
T

Allele 1
A
T
T
T

Allele 2
C
C
G
G

Allele 2
C
C
C
G

Freq1
0.783
0.739
0.518
0.664

Freq1
0.847
0.738
0.321
0.664
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Lead SNP

rs12138950
rs1354920
rs17767491
rs12091047

Locus

1
2
3
4

Discovery stage GWAS

Table 3:

4.700E-13
2.530E-09
7.390E-11
3.250E-08

p-value
0.093
0.060
0.063
-0.054

Effect

SE
0.013
0.010
0.010
0.010

SHIP

3.33%

Variance
Explained
3.988E-06
6.619E-03
4.437E-04
2.775E-04

p-value
0.103
0.048
0.060
-0.059

Effect

SE
0.022
0.018
0.017
0.016

KORA

3.2
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3.18%

Variance
Explained
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# Risk Alleles
0
1
2
3
4
5
6
7

Table 4:

Mean
16.90
18.72
19.98
21.59
22.68
25.43
26.59
30.01

SHIP
95% CI
Frequency
[14.59,19.2]
76
[17.78,19.66]
459
[19.33,20.63]
962
[20.97,22.2]
1077
[21.94,23.43]
726
[24.16,26.69]
253
[24.01,29.16]
61
[19.96,40.05]
4
3618
Freq %
02.10
12.69
26.59
29.77
20.07
06.99
01.69
00.11
100.00

Mean
16.77
18.28
20.20
21.18
23.75
29.58
27.91
36.67

KORA
95% CI
Frequency
[13.23,20.31]
29
[16.78,19.80]
160
[19.18,21.23]
347
[20.24,22.12]
412
[22.54,24.95]
249
[27.37,31.80]
74
[22.62,33.21]
13
[17.60,55.75]
1
1285
Freq %
02.26
12.45
27.00
32.06
19.38
05.76
01.01
00.08
100.00
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Appendix

A.1 Data model
Classes for SNP, CNV and gene annotation are shown in the rst part of the data model
(Figure 11) as well as classes for statistical computations, data import and export, WWW
interfaces, views and utility methods.

The second part (Figure 12) contains classes for

storage of array data, analysis results, project information and for performing allelotyping
and genotyping workows.
Persistent classes are used for data storage and colored in yellow, registered classes contain
only methods and queries and are colored blue, embeddable classes are colored gray, classes
for WWW interface are white and views are colored green. Classes used for computation are
colored cyan and classes containing detailed information about gene annotation are colored
magenta.
Simple references to classes

via

properties are drawn by blue arrows, inheritance from

super-classes are marked by white arrows. Relationships are shown by diamonds, whereas
references from parent to children are colored in brown and references of type one to many
are given in green color. The numbers represent the corresponding cardinalities.
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Data model

Figure 11: Schema Part I

snp.DataExport

snp.VAnalysisProbeSetCandidat

csp.downloadArray

Join between Candidates and Project ProbeSet data

Methods for exporting data.

snp.Report

csp.executeQuery

snp.VAffyDataProbeSetCandidat

web.analysisprojectinfo

snp.VAnalysisArrayProbeSet

snp.VAnalysisProbeSetCategory

Generates data and executes queries for reports.

snp.Impute
Methods for data export to impute

snp.Plink

snp.Temp

Methods for data export to PLINK

Temp-Data

snp.Special

snp.Dual

Special Methods

Dummy table

snp.VAnalysisProjectProbeSetB

snp.VAnalysisProjectProbeSetD

snp.Util
Utilities

snp.UTest
Methods for U-test.

snp.TTest
Methods for calculating the t-Test

snp.genomics.WebCrossRef
WWW Links for Protein- und GeneCrossRefs

snp.XTest
Organism

Functions for calculating Chi-Square test.

ProteinCrossRef

snp.genomics.PrimaryProtein
Information about a Protein translated directly from a coding
DNA-Sequence without any Modification.

PrimaryProtein
PrimaryProtein
CurrentSynonym
PrimaryProtein
Organism
0..1
Gene

snp.genomics.Organism

Links to all Ids in external Databases of the PrimaryProteins.

List of all Organisms included in the Database.

Information about post translational modified Proteins

GeneSynonym

snp.genomics.ProteinSynonym
ProteinSynonym

snp.genomics.Plasmid

All Synonyms of PrimaryProteins.

The Plasmids/Chromosoms/DnaMolecules of an Organism.

Information about known genes and their position.

snp.genomics.Gene

NearestGeneRef

0..1

All Genes of an Organism.

Organism
CurrentSynonym
Gene
1
Gene
0..1
Plasmid
Gene

0..1
SnpInformation

Plasmid
SeqTerm

0..1

ChromosomeRef 0..1

snp.SnpInformation

All Synonyms of Genes.

1
0..1

annotation.GeneInformation

rs ID, Position and other SNP specific information for SNPs on Arrays.

Organism

snp.genomics.GeneSynonym

snp.genomics.Protein
Protein

WebCrossRef

snp.genomics.ProteinCrossRef

snp.genomics.GeneCrossRef
GeneCrossRef

All References to external Databases of the Gene.

Gene
Gene

snp.SnpInformationGene
The Genes that belong to the SNP or the HaploBlock of the SNP.

Sequence

snp.SnpInformationGeneSequence

SnpInformationGene
1
HaploBlock

SnpInformationGeneSequence

1
HaploBlock

The Gene-Sequences that belong to the SNP or the HaploBlock of the SNP
0..1

0..1

Sequence

snp.genomics.Sequence
List of all Sequences belonging to a Gene.

HaploBlock

snp.SIImportTempHaploBlock
Temp-Class: Used for Import of SnpInformationGene/Sequence.
All HaploBlocks containing SNPs.

1
HaploBlockPopulation

snp.genomics.SequenceType

1

All Types of Sequences.

snp.ProbeSetInformation
Callrate and MAF information of all SNPs of a specific sample source.
Input file was prepared using PLINK and InforSense.

snp.HaploBlock
Information of all HaploBlocks

cnv.CnvInformation

snp.HaploBlockSnpInformation

Position and other CNV probe specific information for CNVs on Arrays.

Information about the SNPs where HaploBlocks are calculated from.

HaploBlock

0..1

HaploBlockPopulation HaploBlockSnpInformation

snp.HaploBlockVersion

snp.HaploBlockPopulation

HaploBlockVersion

Version Information about the HaploBlocks

Populations of the HaploBlock data
HaploBlockPopulation
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Figure 12: Schema Part II

snp.IlmnTest

Array

snp.AffyType

Test for 48 Samples from Ilumnina

0..1

Information about AffyMetrix array type (CDF) file.

snp.ArrayProbeSet

Array

ArrayType

The intensity data of the ProbeSets and other ProbeSet
specific data of each array.

1

1

snp.ArrayType
The Type of the Array

snp.AffyData

Array

All Raw Data for Affymetrix GeneChip Arrays

1

ArrayType

snp.AnalysisProbeSetCandidate

AnalysisProject

1

All interesting probe sets found in the corresponding analysis.

snp.CallData
Contains all calls of an Array.

Array

1

snp.Array
All GeneChip Arrays

Project
1
TechReplicate
1

0..1

snp.AnalysisProjectSW

AnalysisProject

Values of SlidingWindow method calculated from
values of AnalysisProjectProbeSet.

snp.AnalysisProjectProbeSet

1

AnalysisProject

The probe set data belonging to each analysis project.

1

snp.Sample

Array

Simple reference between sample names and arrays.

0..1

snp.AnalysisArray
All Data of an Array used in the specified AnalysisProject.
AnalysisProject

snp.AnalysisProbeSetCandSW
All interesting probe sets found for this project by sliding window method.

AnalysisProject

1

Array
Category

1
1

snp.Category
Category (Patient/Control)

AnalysisArray

snp.AnalysisProject
The Analysis of a Project. The root class.

Project

0..1

snp.Project
All Projects

AnalysisProject

snp.AnalysisCategoryProbeSet
The Analysis data of ProbeSets belonging to the same category

Category
1

1

snp.AnalysisProbeSetBasic
AnalysisProject

snp.AnalysisTechReplicateProbeSet
The Analysis data of ProbeSets belonging to the same
technical replicate (e.g. pool number)

The basic information for analysis probeset data. Embeddable.

snp.TechReplicate

1
TechReplicate

All groups of technical replicates.

1

snp.KCorrectionInformation

snp.Computation

Information about k-korrection values for RAS.

Numerical and statistical computation methods

snp.ComputationForRASImproved

snp.ComputationByCalls

Improved RAS calculation (for 100k Arrays)
Median calculation omits null AND zero values.

Calculates the relative allele score for A by given Call (AA/AB/BB).

snp.ComputationForRAS1

snp.ComputationForRAS

Uses RAS1 as intensity value instead of RAS.

Analysis using RAS Values

snp.ComputationForRAS2

snp.ComputationEvaluation

snp.ComputationBasic

Uses RAS2 as intensity value instead of RAS.

Evaluation of new computation methods (e.g for intensity).

The parent class of all computation types.

AnalysisProject

snp.ComputationCompare

snp.ComputationByUhl

Compares allelotyping with individual GT (and using KRAS values).

Calculation of data for pooled SNP Affymetrix arrays shown in
PNAS Aug 16, 2005, 11864-11869

snp.ComputationForKRAS
Analysis using k-corrected RAS values (KRAS).

snp.ComputationSW
Computation for Sliding Window method.
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Scripts

A.2 Scripts
All scripts have been written in the programming language

Perl

version 5 (www.perl.org).

A.2.1 Convert Bim-Bam imputation output to IMPUTE format
This script converts the output obtained from Bim-Bam imputation to the output format
of the IMPUTE imputation program. The les containing the sample IDs as they shall appear in the output le, the genotype distribution, the SNP position, the genotypes and the
genotyped SNP information les that were needed or generated by the Bim-Bam program
are required as input.

#!

/ usr / bin / p e r l

#
######################
#
#

Convert

output

−

from

Bim Bam

to

IMPUTE

output

format

#
#

(c)

Alexander

Teumer

2009

ateumer@uni

−g r e i f s w a l d

. de

#
#
######################
10
# CHANGE FIXED

#

all

sample

FILE NAMES HERE

IDs

of

impute

genotype

file ,

one

per

line

$ s a m p l e s f i l e =" / home / p r o j e c t s / i m p u t e / s a m p l e s / genotype_X . s a m p l e s " ;

#

get

filenames

$filename

if

20

= $ARGV [ 0 ] ;

( $filename

eq

print STDERR
exit 1 ;

"" )

{

" Genotype

distribution

filename

for

input

r e q u i r e d ! \ n" ;

}

print

" Input :

$callfile

if

$ f i l e n a m e \n" ;

= $ARGV [ 1 ] ;

( $callfile

eq

print STDERR
exit 1 ;

"" )

"SNP

{
position

filename

( snpdata )

for

input

r e q u i r e d ! \ n" ;

}

print

"SNP

positions :

$ c a l l f i l e \n" ;

30
$genofile

if

= $ARGV [ 2 ] ;

( $genofile

eq

print STDERR
exit 1 ;

"" )

{

" Genotype

filename

for

input

( samples )

r e q u i r e d ! \ n" ;

}

print

" Genotypes :

$genosnpfile

if

40

$ g e n o f i l e \n" ;

= $ARGV [ 3 ] ;

( $genosnpfile

print STDERR
exit 1 ;

eq

"" )

{

" Genotyped

SNP

information

filename

}

print

my
my
my
my
50

" Geno

%s n p p o s

SNP

=

$ g e n o s n p f i l e \n" ;

() ;

%g e n o s n p n a m e

@samples

info :

=

=

() ;

() ;

@bimbamsamples

$nSamples =0;

=

() ;

# bimbam

$nImputeSamples =0;

#

impute

readBimbamSamples ( ) ;
readSamples ( ) ;
readPos ( ) ;
readGenoSNPs ( ) ;

202

for

input

r e q u i r e d ! \ n" ;
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$nSNPs = 0 ;

60

$cnt=

open

−1;

(OUTINFO, "> $ f i l e n a m e . o u t " ) ;

open ( F , $ f i l e n a m e ) ;
while (<F>) {
my

$line

$ l i n e =~

= $_ ;

s /[\n|\ r ]// g ;

$ c n t ++;
70

my
my
my
my

=

$rsid

=

$vals [ 0 ] ;

$all1

=

$vals [ 1 ] ;

$all2

=

$vals [ 2 ] ;

# remove

if

80

split ("

@vals

( pre

(( $all1

−i m p u t a t i o n )

eq

next ;

" , $line ) ;

"N" )

||

monomorphic

( $all2

eq

"N" ) )

SNPs
{

}

my
my

$ p o s=$ s n p p o s { $ r s i d } ;
$snpid

=

$genosnpname { $ r s i d } ;

# name

if

( $snpid
$snpid

eq

"" )

{

−−−" ;

=

"

}

90

#

get

genotypes

my $n =( @ v a l s −3) / 2 ;
i f ( $n != $ n S a m p l e s ) {
print "ERROR: S a m p l e
exit 1 ;

−

< >

Genotype

mismatch

for

SNP

$rsid :

$nSamples

}

$nSNPs++;

my

%r e s u l t G T

for

100

( $ i =0;

my
my
my
my
if
110

=

() ;

#

keys

$ i <$ n S a m p l e s ;

$ g 0=$ v a l s [ 3 + ( $ i
$ g 1=$ v a l s [ 3 + ( $ i

are

$ i ++)

sample

IDs ,

for

current

SNP

{

∗2) ] ;
∗2) +1];

$g2 =0;

$geno

=

"0

0

( ! ( ( $g0

eq

" nan " )

my

0" ;

||

( $g1

eq

" nan " ) ) )

{

# no

NoCall

$ b u f =( $ g 0+$ g 1 ) ;

$ g 2=

sprintf ( " %.3 f " ,1 − $ b u f ) ;

$geno

=

" $g0

$g1

$g2 " ;

}

my

$ c u r r S a m p l e=$ b i m b a m s a m p l e s [ $ i + 1 ] ;

$ r e s u l t s G T { $ c u r r S a m p l e }= $ g e n o ;

#

all

samples

per

SNP

}

print OUTINFO " $ s n p i d $ r s i d $ p o s $ a l l 2 $ a l l 1 " ;
for ( $ i = 0 ; $ i <$ n I m p u t e S a m p l e s ; $ i ++) {
my $ c u r r S a m p l e=$ s a m p l e s [ $ i ] ;
my $ c u r r G e n o=$ r e s u l t s G T { $ c u r r S a m p l e } ;
i f ( $currGeno eq " " ) {

120

$currGeno

=

"0

0

0" ;

"

" . $currGeno ;

}

print

OUTINFO

}

print

OUTINFO

" \n" ;

}

203

#

flip

alleles

vs .

$n " ;
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close (OUTINFO) ;
close ( F ) ;
print
sub

" Finished

checkNA

my

{
$v

if

=

( ( $v
$v

140

i n p u t . \ n\n" ;

=

shift ;
eq

" nan " )

||

( $v

eq

" inf ") )

{

"NA" ;

}

return

$v ;

}

sub r e a d S a m p l e s {
print " R e a d i n g S a m p l e s
my
150

$cnt=

from

$samplesfile

. . . ";

−1;

open (G, $ s a m p l e s f i l e ) ;
while (<G>) {
my

$line

$ l i n e =~

= $_ ;

s /[\n|\ r ]// g ;

( $sample )

if

=

( $sample

split ("
ne

"" )

" , $line ) ;
{

$ c n t ++;
160

$ s a m p l e s [ $ c n t ]= $ s a m p l e ;
}

}

close (G) ;

$ n I m p u t e S a m p l e s=$ c n t + 1 ;

print

" : $nImputeSamples

F i n i s h e d . \ n" ;

}

170

sub r e a d B i m b a m S a m p l e s {
print " R e a d i n g BIMBAM
my

$cnt=

samples

from

$genofile

. . . ";

−1;

open (G, $ g e n o f i l e ) ;
while (<G>) {
my

$line

$ l i n e =~
180

if

= $_ ;

s /[\n|\ r ]// g ;

( $line

=~

/^IND , / )

@bimbamsamples =
#

print

last ;

{

split (" ," , $line ) ;

" @bimbamsamples \ n " ;

}

}

close (G) ;

$ n S a m p l e s=$#b i m b a m s a m p l e s ;

print

190

" : $nSamples

F i n i s h e d . \ n" ;

}

sub r e a d P o s {
print " R e a d i n g
my
my
my
200

$cnt=

SNP

positions

from

$callfile

. . . ";

−1;

$ c o l _ s i d =0;
$ c o l _ p o s =4;

open ( H2 , $ c a l l f i l e ) ;
while (<H2>) {

204
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my

$line

$ l i n e =~

A.2

= $_ ;

s /[\n|\ r ]// g ;

$ c n t ++;

if

210

( $cnt

<

2)

my

@vals

=

s p l i t ( "\ t " , $ l i n e ) ;

my

$ b u f=$ v a l s [ $ c o l _ s i d ] ;

next ;

{

#

ignore

first

2

lines

}

$buf

=~

$rsid

=

s / // g ; # remove s p a c e
substr $ b u f , 0 , − 1 ; # r e m o v e

$snppos { $ r s i d }

220

=

Allele

from

SNP

ID

$ v a l s [ $col_pos ] ;

}

close ( H2 ) ;
print " F i n i s h e d . \ n " ;

}

sub readGenoSNPs
print " R e a d i n g
my
my
my

230

$cnt=

{
genotyped

SNP

names

from

$genosnpfile

−1;

$col_sid=

−1;
−1;

$col_rsid=

open (H , $ g e n o s n p f i l e ) ;
while (<H>) {
my

$line

$ l i n e =~

= $_ ;

s /[\n|\ r ]// g ;

$ c n t ++;
240

if

( $cnt

==

0)

{

split ("

@headers

=

$cntCols

= +@ h e a d e r s ;

" , $line ) ;

for (my $ i = 0 ; $ i <$ c n t C o l s ;
i f ( ( l c $ h e a d e r s [ $ i ] ) eq
$col_sid
}

elsif

((

=

lc

$col_rsid

$ i ++)

{

" probeset ")

{

$i ;
$headers [ $i ] )

=

eq

" snp " )

{

$i ;

}
250

}

next ;
}

my

@vals

=

split ("

my

$rsid

=

$vals [ $col_rsid ] ;

$genosnpname { $ r s i d }

" , $line ) ;

=

$vals [ $col_sid ] ;

}

close (H) ;
print " F i n i s h e d . \ n " ;

260

}
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A.2.2 Convert IMPUTE imputation output to MACH format
This script converts the output obtained from IMPUTE imputation program to the output
format of the MACH imputation program which can be used as input for other association
software like MACH or ProbABEL. The IMPUTE genotype output le as well as a le
containing the sample IDs as they appeared in this output le are required as input. Furthermore, a le that stored information of both the coded and non-coded alleles including
the frequency of the coded allele and an imputation quality score of each SNP is required, too.

#!

/ usr / bin / p e r l

#
######################
#
#

Convert

#

Should

output
be

from

used

on

IMPUTE

chunks

to

of

MACH/ProbABEL

dna

only ,

not

input

on

format

whole

chromosomes

( memory

limitations )

#
#

(c)

Alexander

Teumer

2009

ateumer@uni

−g r e i f s w a l d

. de

#
10

#
######################

# CHANGE FIXED

#

text

file

# SNPID

FILE NAMES HERE

with

chr

call

rate

position

n_total

imputed

#

rs10458597

#

rs9629043

#

. . .

1

of

format :

noncoded_all

strand_genome

AF_coded_all

554636

T C +
C T +

0.000979192166462668
0.961585365853659

1

0.99512789

0.481713

0.799026

4085
3280

$ c a l l f i l e =" / home / p r o j e c t s / i m p u t e / C a l l R a t e / C o h o r t . c a l l r a t e " ;
20
#

all

sample

IDs

of

impute

genotype

file ,

one

per

line

$ s a m p l e s f i l e =" / home / p r o j e c t s / i m p u t e / s a m p l e s / g e n o t y p e _ 1 . s a m p l e s " ;

#

get

input

$filename

if

filename

= $ARGV [ 0 ] ;

( $filename

eq

print STDERR
exit 1 ;

"" )

{

" Genotype

filename

for

input

sample

order

r e q u i r e d ! \ n" ;

}
30

print

" Input :

my

%s n p i n f o ;

my

@samples

$ f i l e n a m e \n" ;

=

() ;

$nS amples =0;

readSamples ( ) ;
readCallRates () ;

40

$nSNPs = 0 ;

my

@resultGT

$cnt=

=

() ;

#

keys

in

−1;

open (OUTINFO, "> $ f i l e n a m e . m l i n f o " ) ;
print OUTINFO "SNP\ t A l 1 \ t A l 2 \ t F r e q 1 \tMAF\ t Q u a l i t y \ t R s q \ n " ;
open ( F , $ f i l e n a m e ) ;
while (<F>) {
50

my

$line

$ l i n e =~

= $_ ;

s /[\n|\ r ]// g ;

$ c n t ++;

my
my
my
my

@vals

$snpid
$rsid
$pos

split ("

=

=
=

=

HWE_pval

oevar_imp

554484

1

information

coded_all

" , $line ) ;

$vals [ 0 ] ;
$vals [ 1 ] ;

$vals [ 2 ] ;
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my
my

60

$all1

=

$vals [ 3 ] ;

$all2

=

$vals [ 4 ] ;

A.2

# name

my
if

ne

−−−" ;
"−−−" )

=

$rsid ;

=

$snpid ;

$snpname="
( $rsid

$snpname
}

else

{

{

$snpname
}
70
#

get

genotypes

my $n =( @ v a l s −5) / 3 ;
i f ( $n != $ n S a m p l e s ) {
print "ERROR: S a m p l e
exit 1 ;

−

< >

Genotype

mismatch

for

SNP

$snpname :

$nSamples

vs .

}

$nSNPs++;
#
80

coding

allele

freq

must

be

switched

for ( $ i = 0 ; $ i <$ n S a m p l e s ; $ i ++)
my $ g 0=$ v a l s [ 5 + ( $ i ∗ 3 ) ] ;
my $ g 1=$ v a l s [ 5 + ( $ i ∗ 3 ) + 1 ] ;
my $ g 2=$ v a l s [ 5 + ( $ i ∗ 3 ) + 2 ] ;
my
my
if

allele2

to

allele1

for

allele1

all

samples

{

$ p t o t=$ g 0+$ g 1+$ g 2 ;
$ p r o p="NA" ;
( $ptot

>

$ p r o p =(2
90

from

0)

{

∗ $ g 0+$ g 1 ) / $ p t o t ;

#

reference

dosage

}

$ r e s u l t s G T [ $nSamples

∗ ( $nSNPs − 1)+$ i ]= $ p r o p ;

#

per

SNP

}

#

my
my
my

freq
$ f 1="NA" ;
$ f 2="NA" ;
$ b u f=$ s n p i n f o { $snpname } ;

( $ a l l e l e A , $ a l l e l e A F r e q , $ o e v a r )=
100

if

( $all2

}

eq

$alleleA )

−$alleleAFreq

$f1

= 1

$f2

=

s p l i t ( "#" , $ b u f ) ;

{
;

$alleleAFreq ;

elsif

( $all1

$f1

=

$alleleAFreq ;

$f2

= 1

−$f1

eq

$alleleA )

{

;

}

my
if

110

$maf=$ f 1 ;
( $f2

$maf

<
=

$maf )

{

$f2 ;

}

my $ o e v a r i m p=checkNA ( $ o e v a r ) ;
print OUTINFO " $snpname \ t $ a l l 1 \ t $ a l l 2 \ t $ f 1 \ t $ m a f \ t $ o e v a r i m p \ t $ o e v a r i m p \ n " ;
}

close (OUTINFO) ;
close ( F ) ;

120

open (OUT, "> $ f i l e n a m e . m l d o s e " ) ;
for ( $ i = 0 ; $ i <$ n S a m p l e s ; $ i ++) {
my $ i d =( $ i +1) . '−> ' . $ s a m p l e s [ $ i ] ;
#p r i n t

OUT

$id ."

MLDOSE" . $ r e s u l t G T [ $ i ] . " \ n " ;

print OUT $ i d . " MLDOSE" ;
for ( $ s n p = 0 ; $ s n p<$nSNPs ;
#

print

print

all

OUT "

SNPs

for

$ s n p++)

current

" . $ r e s u l t s G T [ $snp

{

#

get

GTs

sample

∗ $ n S a m p l e s+$ i

];

}

print

130

OUT " \ n " ;

}
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close (OUT) ;
print
sub

" Finished

checkNA

my

140

i n p u t . \ n\n" ;

{
$v

if

=

( ( $v
$v

=

shift ;
eq

" nan " )

||

( $v

eq

" inf ") )

{

"NA" ;

}

return

$v ;

}

150

sub r e a d S a m p l e s {
print " R e a d i n g S a m p l e s
my

$cnt=

from

$samplesfile

. . . ";

−1;

open (G, $ s a m p l e s f i l e ) ;
while (<G>) {
my

$line

$ l i n e =~

160

= $_ ;

s /[\n|\ r ]// g ;

( $sample )

if

=

( $sample

split ("
ne

"" )

" , $line ) ;
{

$ c n t ++;
$ s a m p l e s [ $ c n t ]= $ s a m p l e ;
}

}

close (G) ;

$ n S a m p l e s=$ c n t + 1 ;

print

" F i n i s h e d . \ n" ;

170
}

sub

getHeader

my
my

{

$line

=

@headers

#f o r e a c h
#

shift ;
= split ("

$headers
print

" , $line ) ;

( @headers )

{

" $ h e a d e r s \n " ;

#}
180

return

@headers ;

}

sub r e a d C a l l R a t e s {
print " R e a d i n g C a l l R a t e s

190

my
my
my
my
my
my
my
my
my

$cnt=

from

$callfile

. . . ";

−1;
−1;
−1;

$col_sid=
$col_cr=

−1;
−1;
$col_HWE_pval= −1;
$ c o l _ o e v a r _ i m p = −1;
$ c o l _ i m p u t e d = −1;
$ c o l _ A F c o d e d = −1;
$col_alleleA=
$col_alleleB=

open (G, $ c a l l f i l e ) ;
while (<G>) {
200

my

$line

$ l i n e =~

= $_ ;

s /[\n|\ r ]// g ;

$ c n t ++;

if

( $cnt

==

0)

{

208
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@headers

=

$cntCols

= +@ h e a d e r s ;

$col_sid
}

elsif

((

$col_cr
}

elsif

((

=

lc
=

lc

elsif

((

elsif

((

$headers [ $i ] )

$headers [ $i ] )

lc

=

}

elsif

((

$headers [ $i ] )

lc

=

elsif

((

lc

elsif

((

" callrate ")

{

eq

" coded_all " )

eq

" noncoded_all " )

eq

" hwe_pval " )

eq

" oevar_imp " )

lc

=

eq

" imputed " )

lc

=

eq

" af_coded_all " )

{

{

{

$i ;

$headers [ $i ] )

$col_AFcoded

{

$i ;

$headers [ $i ] )
=

{

$i ;

$headers [ $i ] )

$col_imputed
}

eq

$i ;

$headers [ $i ] )

$col_oevar_imp
}

{

$i ;

$col_HWE_pval =

220

{

$i ;

$col_alleleB
}

$ i ++)

" snpid " )

$i ;

$col_alleleA
}

Scripts

getHeader ( $ l i n e ) ;

for (my $ i = 0 ; $ i <$ c n t C o l s ;
i f ( ( l c $ h e a d e r s [ $ i ] ) eq
210

A.2

{

$i ;

}
}

next ;
}

230

my

@vals

my

$ r s i d =$ v a l s [ $ c o l _ s i d ] ;

=

split ("

$snpinfo { $rsid }

=

" , $line ) ;

$ v a l s [ $ c o l _ a l l e l e A ] . "#" . $ v a l s [ $ c o l _ A F c o d e d ] . "#" . $ v a l s [ $ c o l _ o e v a r _ i m p ] ;

}

close (G) ;
print " F i n i s h e d . \ n " ;

240

}
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A.2.3 QC check of individual cohort result les
This program reports information of a GWAS result le and therefore may be used as
QC check prior to meta-analyses.

Optional parameters may be specied that dene the

delimiter used in the input le, a ag that indicates that a new GWAS result le will
be generated that includes an additional column as the eective sample size (Nef f ective

Ntotal · imputation_quality _score)

and an alternative

Ntotal

if missing in the input le.

#! / u s r / b i n / p e r l

#
######################
#
#

Filecheck

on CHARGE

format

#
#

Checks

columns

named :

" b e t a " , " SE " , " p v a l " , " o e v a r _ i m p " , " AF_coded_all " , " n _ t o t a l " , "

strand_genome " , " c o d e d _ a l l " , " n o n c o d e d _ a l l "
#
#
10

(c)

Alexander

Teumer

2009

ateumer@uni

−g r e i f s w a l d

. de

#
#
######################

#

Parameters :

#

get

input

$filename

if

20

Filename

[ Delimiter

[ CalcNeff

( alternative

N_total

given ) ] ]

filename

= $ARGV [ 0 ] ;

( $filename

eq

print STDERR
exit 1 ;

"" )

{

" Filename

for

input

r e q u i r e d ! \ n" ;

}

#

get

#

use

$sep

if

separator
TAB

( $sep
$sep

}

as

tab

delimiter

= $ARGV [ 1 ] ;
eq

=

elsif

"" )

#

( $sep

$sep

{

" ," ;

=

eq

set

default

"TAB" )

"\ t " ;

#

set

separator

in

input

file

{
separator

in

input

file

to

TAB

}
30
$newout

= $ARGV [ 2 ] ;

$NtotalAlt

=

#

check

for

new

output

file

with

additional

0;

$ n e w o u t f i l e=" " ;

if

( $newout

ne

$NtotalAlt

split

@buf =
$cntbuf

for
40

=

my

(

"" )

{

$newout ;
(" \\. " , $filename ) ;

= +@buf ;
$ k = 0 ; $k<$ c n t b u f

− 1 ; $ k++)

{

$ n e w o u t f i l e=$ n e w o u t f i l e . $ b u f [ $ k ] . ' . ' ;
}
$newoutfile

print
print
print

=

$ n e w o u t f i l e=$ n e w o u t f i l e . ' mod . ' . $ b u f [ $ c n t b u f

" Modified
"PLINK

output

input

" Alternative

file :

file :

$ n e w o u t f i l e \n" ;

$ n e w o u t f i l e . p l i n k \n" ;

( fallback )

N

total :

$ N t o t a l A l t \n" ;

}

# Get

output

$outname
50

@dirs

=

=

split

$outname

=

$col_id

=

$col_rsid
$col_chr

( "/" , $filename ) ;

−1]. " .

txt " ;

− 1;
− 1;
= − 1;
=

$col_alleleA
$col_alleleB
$col_beta

name

$ o u t n a m e . "_" . $ d i r s [

$col_position

60

file

"QC" ;

=

=
=
=

− 1;
− 1;
− 1;

− 1;

210

−1];

filenames

=

Dissertation Alexander Teumer

− 1;
− 1;
$col_callAA
= − 1;
$col_callAB
= − 1;
$col_callBB
= − 1;
$col_callNULL
= − 1;
$ c o l _ m i s s i n g = − 1;
$col_HWE_pval
= − 1;
$col_oevar_imp
= − 1;
$ c o l _ n t o t a l = − 1;
$ c o l _ A F c o d e d = − 1;
$ c o l _ s t r a n d = − 1;
$col_SE

=

$col_pval

70

A.2

=

$ m i s s v a l L i s t =() ;
$ v a l L i s t =() ;
$ s n p e r r L i s t =() ;
$colList

$NULL =

=

() ;

"" ;

80
$cnt=

if

−1;

( $newoutfile

open
open

ne

"" )

{

(MODOUT, "> $ n e w o u t f i l e " ) ;
(PLINKOUT, "> $ n e w o u t f i l e . p l i n k " ) ;

}

90

open ( F , $ f i l e n a m e ) ;
open (OUT, ">$ o u t n a m e " ) ;
print OUT " I n p u t : $ f i l e n a m e \ n " ;
print OUT " Output : " . $ o u t n a m e . " \ n " ;
print OUT " Column s e p a r a t o r : $ s e p \ n " ;
while (<F>)
my

$line

$ l i n e =~

my

{

= $_ ;

s /[\n|\ r ]// g ;

$outline

=

$line ;

#

modified

output

$ c n t ++;
100

if

( $cnt

0)

{

@headers

==

=

$cntCols

= +@ h e a d e r s ;

getHeader ( $ l i n e ) ;

for ( $ i = 0 ; $ i <$ c n t C o l s ;
i f (( lc $headers [ $i ] )
$col_chr
}

elsif

((

=

}

elsif

((

lc

$headers [ $i ] )
=

}

elsif

((

$headers [ $i ] )

lc

elsif

((

lc

=

elsif

((

lc

$col_pval
}

elsif

((

$col_SE
}

elsif

((

lc

=

lc

$col_beta
120

}

elsif

((

lc

elsif

((

=

elsif

((

elsif

((

elsif

((

$headers [ $i ] )
=

eq

" coded_all " )

eq

" noncoded_all " )

eq

" pval " )

eq

" se ")

eq

" beta " )

eq

" hwe_pval " )

eq

" oevar_imp " )

eq

" n_total " )

eq

" strand_genome " )

eq

" af_coded_all " )

{

{

{

{

{

lc
lc
lc
lc

$headers [ $i ] )

$headers [ $i ] )
=

lc

{

$i ;

$headers [ $i ] )
=

{

$i ;

$headers [ $i ] )
=

{

$i ;

$headers [ $i ] )
=

{

$i ;

$i ;

}

$ c o l n a m e [ $ i ]=

{

$i ;

$col_AFcoded
130

" position ")

$i ;
$headers [ $i ] )

$col_strand
}

eq

$i ;

$col_ntotal
}

{

$i ;

$headers [ $i ] )
=

$col_oevar_imp
}

" snpid " )

$i ;

$col_HWE_pval =
}

eq

$i ;

$headers [ $i ] )

$col_alleleB
}

=

$headers [ $i ] )

$col_alleleA
}

{

$i ;

$col_position
110

{

" chr " )

$i ;

lc

$col_rsid

$ i ++)
eq

$headers [ $i ] ;

}
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@colList

=

A.2
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( $ c o l _ b e t a , $col_SE , $ c o l _ p v a l , $ c o l _ o e v a r _ i m p , $ c o l _ A F c o d e d , $ c o l _ n t o t a l ,

$col_strand , $col_alleleA , $ c o l _ a l l e l e B ) ;
@colListNames

=

# CHANGE

columns

to

check

here

( " b e t a " , "SE" , " p v a l " , " o e v a r _ i m p " , " AF_coded_all " , " n _ t o t a l " , "

strand_genome " , " c o d e d _ a l l " , " n o n c o d e d _ a l l " ) ;

#

for

output

of

missing

column

name

only

$outline

if

140

=

$ o u t l i n e . $ s e p . " oevar_imp2 " . $ s e p . " n _ e f f \n" ;

( $newoutfile

print
print

ne

"" )

{

MODOUT " $ o u t l i n e " ;
PLINKOUT

"SNP BETA SE P A1

A2 CHR BP\ n " ;

# PLINK

output

}

next ;
}

my
150

#

my
if

@vals

s p l i t ( $sep , $ l i n e ) ;

=

generate

modout

$ntotal

=

( $col_ntotal
$ntotal

=

values

$NtotalAlt ;

−1)

>

{

$vals [ $col_ntotal ] ;

}

my
my
if

$oevar2
$neff

elsif

}

=

=~

/\ d / ) )

elsif

=

#

set

to

1

−n u m e r i c

for

non

and

empty

>

1)

{

#

set

to

1

max

<

0)

{

#

set

to

0

min

1;

( $oevar2

$oevar2

{

1;

( $oevar2

$oevar2
}

$ v a l s [ $col_oevar_imp ] ;

0;

( ! ( $oevar2

$oevar2

160

=

=

=

0;

}

if

( $ntotal
$neff

=~

int

=

/\ d / )

{

( $oevar2

#

set

neff

to

∗ $ n t o t a l +0.5) ;

oevar2
#

∗ ntotal

round

to

integer

}

if

( $neff
$neff

<

=

0)

{

#

set

to

0

min

0;

}
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# Change

my
my
if

strand

uc
uc

$A1 =
$A2 =

to

fwd

$vals [ $col_alleleA ] ;

(( $col_strand

>

−1)

tr /ATGC/TACG/ ;
tr /ATGC/TACG/ ;

$A1 =~
$A2 =~

#

coded

allele

$vals [ $col_alleleB ] ;
&&

( $vals [ $col_strand ]

eq

−" ) )

"

{

}

$outline
180

if

=

$ o u t l i n e . $ s e p . $ o e v a r 2 . $ s e p . $ n e f f . " \n" ;

( $newoutfile

print
print

MODOUT

ne

PLINKOUT

$A2

"" )

{

$outline ;
" $vals [ $col_rsid ]

$ v a l s [ $col_chr ]

$ v a l s [ $col_beta ]

$ v a l s [ $ c o l _ p o s i t i o n ] \ n" ;

}
# end

#

modout

check

my
if

$snp

values

for
=

( $snp

duplicate / missing / strange

rs

−I D s

$vals [ $col_rsid ] ;

eq

"" )

{ #

if

changed ,

change

output ,

too

$ s n p="MISSING" ;
190

elsif

}

( ! ( $snp

=~

/^ r s \ d+$ / ) )

{

−

$ s n p="NON r s " ;
}

my

$bufval

=

$ s n p e r r L i s t { $snp } ;

$ b u f v a l ++;
$ s n p e r r L i s t { $ s n p}= $ b u f v a l ;

#

numeric

values

my $ i =−1;
foreach $ c o l
200

( @colList )

{

$ i ++;

if

( $col

my

$val

>

−1)

=

{

# column

not

missing

in

input

$vals [ $col ] ;
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$ v a l s [ $col_SE ]

$vals [ $col_pval ]
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if

( $val

=~

/\ d / )

{

#

A.2

check

for

numeric

Scripts

value

$ s x [ $ i ]= $ s x [ $ i ]+ $ v a l ;
$ s s x [ $ i ]= $ s s x [ $ i ] + ( $ v a l

∗ $val ) ;

$n [ $ i ]= $n [ $ i ] + 1 ;

my
if
210

$ b u f=$max [ $ i ] ;
( ( $buf

eq

"" )

||

( $val

>

$buf ) )

{

||

( $val

<

$buf ) )

{

$max [ $ i ]= $ v a l ;
}
$ b u f=$min [ $ i ] ;

if

( ( $buf

eq

"" )

$min [ $ i ]= $ v a l ;
}

#

my

for

median

$lastidx

= $#{ $ v a l L i s t [ $ i ] } + 1 ;

$valList [ $i ] [ $lastidx ]

=

$val ;

220
#p r i n t

}

else
if

" $i : $lastidx

{

# add

( $val
$val

eq

=

error

"" )

$valList [ $i ] [ 0 ] \ n";

values

{

"EMPTY" ;

}

my

$ c b u f=$ m i s s v a l L i s t [ $ i ] { $ v a l } ;

$ c b u f ++;
230

$ { $ b u f e r r [ $ i ] } { $ v a l }= $ c b u f ;

$missvalList [ $i ]

= \%{ $ b u f e r r [ $ i ] } ;

}
}
}

}

print
240

$i=

OUT " \ nColumn \ t m e d i a n \ tmean \ tSD \ tN \ t m i n \ tmax \ tQ1 \ tQ3 \ n " ;

−1;

foreach

$col

( @colList )

{

$ i ++;

if

250

( $col

>

1)

{

my $ s d = calc_SD ( $ s x [ $ i ] , $ s s x [ $ i ] , $n [ $ i ] ) ;
my $mean = c a l c _ m e a n ( $ s x [ $ i ] , $n [ $ i ] ) ;
my @ b u f a r r = @{ $ v a l L i s t [ $ i ] } ;
my $ m e d i a n = c a l c _ m e d i a n ( @ b u f a r r ) ;
my $ q 1 = c a l c _ q u a r t 1 ( @ b u f a r r ) ;
my $ q 3 = c a l c _ q u a r t 3 ( @ b u f a r r ) ;
print OUT " $ c o l n a m e [ $ c o l ] \ t $ m e d i a n \ t$mean \ t $ s d \ t $ n [ $ i ] \ t $ m i n [ $ i ] \ t$max [ $ i ] " . " \ t " . $ q 1 . " \ t
" . $q3 . " \n" ;

}

else {
print OUT

" $ c o l L i s t N a m e s [ $ i ] : MISSING\ n " ;

}
}

print
$i=

−

−n u m e r i c

OUT " \ n > Non

values " ;

−1;

foreach

$col

( @colList )

{

$ i ++;

my $ f i r s t = 1 ;
foreach $ e r r v a l ( keys %{ $ m i s s v a l L i s t [ $ i ] }
if ( $first ) {
print OUT " \ n $ c o l n a m e [ $ c o l ] : \ n " ;

260

$first

=

)

{

0;

}

print

OUT " $ e r r v a l

=

$ m i s s v a l L i s t [ $ i ] { $ e r r v a l }\ n" ;

}
}

270

#

print

implausible

SNPs

my $ s n p d u p c n t = 0 ;
my $ s n p m i s s = 0 ;
my $ s n p n o n r s = 0 ;
print OUT " \ n−> I m p l a u s i b l e

−I D s \ n " ;

SNP

213
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if

( $col_rsid

print

<

0)

A.2

{

OUT "SNPID

column

m i s s i n g ! ! ! \ n" ;

}

foreach $ s n p i d ( keys %s n p e r r L i s t
i f ( $ s n p i d e q "MISSING" ) {

280

$snpmiss

elsif

}

=

elsif

}

{

$s nperrLi st { $snpid };

( $snpid

$snpnonrs

)

=

−

eq

"NON r s " )

{

$snpe rrList { $snpid };

( $s nperrLi st { $snpid } >

1)

{

$ s n p d u p c n t ++;

print

OUT "

Duplicate

ID

:

$ s n p i d \n" ;

}
}

290

print
print
print
print

OUT "Empty

−r s

OUT "Non

=

$ { s n p m i s s }\ n" ;

=

$ { s n p n o n r s }\ n" ;

OUT " D u p l i c a t e s

=

OUT " \ n F i n i s h e d .

close (OUT) ;
close ( F ) ;
i f ( $ n e w o u t f i l e ne " " )
close (MODOUT) ;
close (PLINKOUT) ;

$ { snpdupcnt }\ n" ;

$cnt

result

lines

p r o c e s s e d . \ n" ;

{

}
300

sub

getHeader

my
my

{

$line

=

@headers

return

shift ;
= s p l i t ( $sep , $ l i n e ) ;

@headers ;

}

#
310

Calculate

mean

( $ s x , $n )

sub c a l c _ m e a n {
my $sum = s h i f t ;
my $ c n t = s h i f t ;
#p r i n t

if

" $ c n t \n " ;

( $cnt

==

return

0)

{

$NULL ;

}

return
320

$sum / $ c n t ;

}

#

Calculate

standard

sub calc_SD {
my $sum = s h i f t ;
my $ssum = s h i f t ;
my $ c n t = s h i f t ;
#p r i n t

if

330

deviation

( $ s x , $ s s x , $n )

" $ c n t \n " ;

( $ c n t <=

return

1)

{

$NULL ;

}

my
if

$ s d =(( $ c n t
((

abs

$sd

=

$sd )

∗ $ssum )−$sum ∗ $sum ) / ( $ c n t ∗ ( $ c n t − 1) ) ;
<

0.000001)

{

0;

}

return sqrt

$sd ;

}
340
#

Calculate

median

sub c a l c _ m e d i a n {
my @ a r r = sort {
my

$cnt

#p r i n t

=

scalar

( @array )

$ a <=>

$b

} @_;

@arr ;

" $ c n t \n " ;
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if
350

( $cnt

return

==

0)

A.2

{

$NULL ;

}

if

}

( $cnt

% 2 ==

0)

{

my $ i n d e x = $ c n t / 2 − 1 ;
return ( $ a r r [ $ i n d e x ] + $ a r r [
else {
my $ i n d e x = ( $ c n t + 1 ) / 2 ;
return $ a r r [ $ i n d e x −1 ] ;

$ i n d e x +1

])

/

}

}
360
#

Calculate

25

percent

sub c a l c _ q u a r t 1 {
my @ a r r = sort {
my
my

$cnt

=

scalar

$end

=

0;

#p r i n t

if

370

quantile

$ a <=>

$b

( @array )

} @_;

@arr ;

" $ c n t \n " ;

( $cnt

return

==

0)

{

$NULL ;

}

if
}

( $cnt

% 2 ==

$end

=

$end

=

else

$cnt

/

0)

{

2;

{
( $cnt

+

1)

/

2;

}

my @qArr = ( ) ;
for (my $ i = 0 ; $ i <$ e n d ;

380

$ i ++)

{

$ q A r r [ $ i ]= $ a r r [ $ i ] ;
}

return

c a l c _ m e d i a n ( @qArr ) ;

}

#

Calculate

75

percent

sub c a l c _ q u a r t 3 {
my @ a r r = sort {

390

my
my

$cnt

=

scalar

$end

=

0;

#p r i n t

if

quantile

$b <=>

$a

( @array )

} @_;

@arr ;

" $ c n t \n " ;

( $cnt

return

==

0)

{

$NULL ;

}

if
400
}

( $cnt
$end

=

$end

=

else

% 2 ==
$cnt

/

0)

{

2;

{
( $cnt

+

1)

/

2;

}

my @qArr = ( ) ;
for (my $ i = 0 ; $ i <$ e n d ;

$ i ++)

{

$ q A r r [ $ i ]= $ a r r [ $ i ] ;
}

return

410

c a l c _ m e d i a n ( @qArr ) ;

}
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