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Abstract
Despite the success of genome-wide association studies (GWAS) in detecting genetic loci involved in
complex traits, few susceptibility genes have been detected for essential hypertension (EH). We aimed to
use pooled DNA GWAS approach to identify and validate novel genomic loci underlying EH susceptibility
in an Australian case-control population. Blood samples and questionnaires detailing medical history, blood
pressure, and prescribed medications were collected for 409 hypertensives and 409 age-, sex- and ethnicitymatched normotensive controls. Case and control DNA were pooled in quadruplicate and hybridized to
Illumina 1M-Duo arrays. Allele frequencies agreed with those reported in reference data and known EH
association signals were represented in the top-ranked SNPs more frequently than expected by chance.
Validation showed that pooled DNA GWAS gave reliable estimates of case and control allele frequencies.
Although no markers reached Bonferroni-corrected genome-wide significance levels (5.0 x 10-8), the top
marker rs34870220 near ASGR1 approached significance (p = 4.32 x 10-7), as did several candidate loci (p
< 1 x 10-6) on chromosomes 2, 4, 6, 9, 12, and 17. Four markers (located in or near genes NHSL1, NKFB1,
GLI2, and LRRC10) from the top 10 ranked SNPs were individually genotyped in pool samples and were
tested for association between cases and controls using the χ2 test. Of these, rs1599961 (NFKB1) and
rs12711538 (GLI2) showed significant difference between cases and controls (p < 0.01). Additionally, four
top-ranking markers within NFKB1 were found to be in LD, suggesting a single strong association signal
for this gene.

Keywords
1) essential hypertension; 2) genome-wide association study; 3) pooled DNA; 4) NFKB1; 5) GLI2
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Introduction
In recent years, the number of genome-wide association studies (GWAS) investigating complex diseases
has exponentially increased due to the ability of GWAS to investigate thousands of markers simultaneously
(Basson et al. 2012), and to do so without a priori assumptions (Maresso and Broeckel 2008). This increases
the potential for finding completely novel disease associations, and also allows the identification of broad
genomic regions with a high number of overall associations, which may then be fine-mapped to identify
the disease-causing gene or genes within the region. GWAS has proven to be a valuable study tool, able to
successfully identify susceptibility markers and provide a more comprehensive understanding of the
aetiology of complex polygenic disorders such as essential hypertension (EH) (Thongboonkerd 2005).
Despite the fact that EH is a major risk factor for cardiovascular diseases and affects more than 1 billion
people worldwide (Chobanian et al. 2003), the genetic aetiology of EH is still largely unknown.
To date, fourteen GWAS have been published on EH in various population types; markers from these
studies obtaining a significance level of p < 1 x 10-5 are summarized in Table 1. Other GWAS studies on
the BP traits of systolic blood pressure (SBP) and diastolic blood pressure (DBP) (Wain et al. 2011) , and
mean arterial pressure (MAP) and pulse pressure (PP) (Kato et al. 2011; Wain et al. 2011) are summarized
in Supplementary Tables S1, S2, and S3. The EH studies include GWAS performed on large population
cohorts, including the Wellcome Trust Case Control Consortium (WTCCC) (Burton et al. 2007); the
CHARGE Consortium (Cohorts for Heart and Aging Research in Genome Epidemiology) (Levy et al.
2009); and the International Consortium for Blood Pressure (ICBP) GWAS (Ehret et al. 2011).
The WTCCC was one of the first GWAS to be performed on EH in 2007, which examined 14,000 cases of
seven common diseases and 3,000 shared controls. Although no markers were associated with EH at the
study genome-wide significance level of 5 x 10-7 (Burton et al. 2007), the top marker, located near the gene
CHRM3, nearly obtained significance with p = 7.7 x 10-7. Another large cohort GWAS was conducted on
the CHARGE Consortium, which is composed of six smaller population-based cohorts (Levy et al. 2009),
together totaling 29,136 participants of European descent. Ten markers were found to be associated with
EH at study significance level of p < 4 x 10-7, with the top SNP rs2681472 in the gene ATP2B1 (involved
in calcium transportation) being highly significant at p = 2 x 10-11. The largest EH GWAS to date was
performed in 2011 by the ICBP on 69,395 individuals. The ICBP found six associated SNPs with study
significance of p > 5 x 10-8 (Ehret et al. 2011), with the top associated marker rs6015450 (near the ZNF831
and EDN3 genes) highly significant at p = 4 x 10-14. More recently, a large consortium of African American
population cohorts, the NHLBI-CARe Project (National Heart, Lung, and Blood Institute–sponsored
Candidate gene Association Resource Project), which performed GWAS in 8,090 African Americans,
reported a genome-wide significant association for the SNP rs7801190 in the chloride transporter gene
SLC12A9, with initial and replication combined p-value of p = 3 x 10-8 (Lettre et al. 2011). However, as
study cohorts increase in size, the cost of conducting GWAS becomes ever more prohibitive for most
research centres, despite the diminishing price of SNP arrays in the last 5 years (Docherty et al. 2007;
Macgregor et al. 2008).
A practical way to reduce the cost of GWAS while keeping study numbers as large as possible is by using
a DNA pooling approach to GWAS (Meaburn et al. 2005; Meaburn et al. 2006; Butcher et al. 2008). In a
pooled DNA GWAS, multiple DNA samples belonging to a specified group (i.e. cases or controls) are
combined and screened by a single array (Craig et al. 2005; Kirov et al. 2006; Docherty et al. 2007). Pooling
thus offers a much cheaper alternative than individual sample GWAS, in which a minimum of one array is
required per sample. Though DNA pooling cannot be used to assess genotyping frequencies, it has been
successfully used to estimate allele frequencies, known as “allelotyping” (Meaburn et al. 2005; Yin et al.
2008). Array replicates can be used to reduce error and improve estimation of allele frequencies, and
validation of allelotyping results can be obtained by genotyping individual samples for a small number of
markers. Studies have typically shown high correlation (R > 0.9) between true allele frequencies (as
determined by individual genotyping) and estimated allele frequencies (as determined by pool allelotyping)
(Bosse et al. 2009). Thus conducting GWAS using pooled DNA can be as effective as traditional GWAS.
The probability of false-positive associations (which is elevated in GWAS due to large numbers of markers
tested) is compounded by employing a pooling approach, as due minor variations in pool construction and
array hybridization may potentially contribute to spurious associations (Sebastiani et al. 2008). However,
the variance attributable to pool construction and array variance has been well-characterised previously, by
measuring variation in allele frequencies both between and within DNA pools using replicate arrays on the
same DNA pool (to estimate the within-pool variance) and using arrays on two different DNA pools (to
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estimate the between-pool variance) (Earp et al. 2011). While early estimates of array and pool variance
found 87.5% of total variance from pooling was due to array variance, and 12.5% of variance was due to
pool construction (Macgregor 2007), more recent estimates have found that array variance may contribute
only 60-80% of total pooling variance and pool construction may contribute 20-40% (Earp et al. 2011).
Thus, the contribution of array and pool construction to errors in estimated allele frequencies can be
decreased by increasing numbers of array replicates and validation of top hits from pooled GWAS by
individual genotyping. Allele frequencies obtained from the pools can then be compared with allele
frequencies obtained from individual genotyping, and analysed for correlation (Meaburn et al. 2006).
Though a number of studies have successfully used pooled DNA GWAS to identify putative susceptibility
genes for other complex diseases and traits, such as Type II Diabetes (Bosse et al. 2009) or allergic asthma
(Ricci et al. 2011), no pooled DNA GWAS have as yet been conducted on EH or BP-related traits. This
study therefore aimed to identify EH susceptibility genes using a pooled DNA GWAS approach, both to
identify novel EH genes and to confirm that known EH genes can be detected using a pooling approach,
and to validate the most significant markers through individual genotyping of case-control cohorts.
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Table 1 Published GWAS on EH (Top markers with p ≤ 5 x 10-5)
Reference

Arrays
Analysed SNPs

Initial
sample

WTCCC
(Burton et al. 2007)
(Adeyemo et al.
2009)

Affymetrix
469,557
Affymetrix
808,465

1,952 cases
2,938 controls
509 cases
508 controls

2009

(Levy et al. 2009)

Affymetrix
Illumina
2,533,153 (imputed)

29,136 individuals

34,433 individuals

2009

(Org et al. 2009)

Affymetrix
395,912

364 cases
590 controls

1,043 cases
1,769 controls

2009

(Yang et al. 2009)

Affymetrix
91,713

175 cases
175 controls

833 cases
833 controls

2010

(Padmanabhan et al.
2010)

Illumina
521,220

1,621 cases
1,699 controls

19,845 cases
16,541 controls

2010

(Hiura et al. 2010)

Illumina
368,274

936 individuals

6,123 individuals

Year
2007
2009

Replication
sample
None
366 cases
614 controls

2011

ICBP GWAS
(Ehret et al. 2011)

Affymetrix
Illumina
~2.5 million (imputed)

69,395 individuals

Up to 133,361
individuals

2011

(Slavin et al. 2011)

Affymetrix
405,022

WTCCC Data
2 marker analysis

None

Risk
Allele

p-value

Context

Region

Gene

rs2820037
rs2398162
rs1550576
rs991316
rs2681472
rs11014166
rs16982520
rs11775334

T
A
T
T
A
A
A
A

8 x 10-7
6 x 10-6
3 x 10-6
5 x 10-6
2 x 10-11
6 x 10-8
2 x 10-7
4 x 10-6

intergenic
intergenic
intergenic
intergenic
intron
intron
intergenic
intron

1q43
15q26.2
15q21.3
4q23
12q21.33
10p12.31
20q13.32
8p23.1

CHRM3
NR2F2
ALDH1A2
ADH7
ATP2B1
CACNB2
ZNF831
MSRA

355kb
39kb
32kb
11kb
7kb
-

rs11646213

T

8 x 10-6

intergenic

16q23.3

CDH13

18kb

3 x 10-10

-

2p22.3

LOC344371
MYADML
FAM98A
RASGRP3

219 kb
322 kb
457 kb
495 kb

A

4 x 10-11

near 5’

16p12.3

UMOD

21kb

-

NS

-

-

intergenic
intron
intron
missense
intergenic
intron
intergenic
intergenic
5’ region
missense
intron
intron
intergenic
intergenic
intron
intron
intergenic
intron
intergenic
intron

20q13.32
11q22.1
6p21.33
6p22.2
5p13.3
10q23.33
10p12.33
5q33.3
1p13.2
4q24
15q26.1
8q24.22
8q24.12
5p13.2
2q21.2
6q14.1
2p12
20p12.1
12q12
5q14.2

Top SNPs

4-SNP-haplotype:
rs9308945
rs6711736
rs6729869
rs10495809
rs13333226
rs6015450
rs633185
rs805303
rs1799945
rs1173771
rs932764
rs4373814
rs11953630
rs2932538
rs13107325
rs2521501
2-SNP haplotype-7
2-SNP haplotype-6
2-SNP haplotype-3
2-SNP haplotype-2
2-SNP haplotype-5
2-SNP haplotype-1
2-SNP haplotype-9
2-SNP haplotype-8
2-SNP haplotype-4

G
G
G
G
G
G
G
T
G
T
T

-14

4 x 10
5 x 10-11
1 x 10-10
2 x 10-10
3 x 10-10
9 x 10-9
9 x 10-8
2 x 10-7
3 x 10-7
5 x 10-7
7 x 10-7
2 x 10-44
3 x 10-16
5 x 10-13
1 x 10-10
3 x 10-10
2 x 10-9
7 x 10-9
1 x 10-7
2 x 10-7

Distance

-

-

ZNF831
ARHGAP42
BAT3
HFE
C5orf23
PLCE1
CACNB2
EBF1
MOV10
SLC39A8
FES
ZFAT
NOV
RANBP3L
GPR39
MYO6
Intergenic
MACROD2
AN06
XRCC4

15kb
26kb
10kb
277kb
0.5kb
70kb
>200kb
>1Mb
~100kb
-
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Table 1 Published GWAS on EH (continued)
Year

Reference

Arrays
Analysed SNPs

Initial
sample

Replication
sample

2011

(Lettre et al. 2011)

Affymetrix
909,622

In silico imputation;
cohort n = 2,572

2012

(Guo et al. 2012)

Illumina
503,984

5,441 cases
5,330 controls
111 hypertensive
probands and their
211 siblings

None

2012

(Yang et al. 2012)

Illumina
546,376

400 cases
400 matched controls

Illumina
560,184

2014

2015

(Chiang et al. 2014)

(Lu et al. 2015)

Various platforms
2,485,448 genotyped
or imputed

Risk
Allele

p-value

Context

Region

Gene

rs7801190

G

3 x 10-8

intron

7q22.1

SLC12A9

-

rs6596140

T

9 x 10-8

intergenic

5q31.1

FSTL4

>100kb

Guo et al 2012
cohort; WTCCC

Not available
Not available

-

8 x 10-6
4 x 10-5

Not available
Not available

9p21
9p21

KIAA1797
KIAA1797

-

400 young-onset
hypertension cases
400 matched controls

592 YOH cases
592 matched
controls

7-SNP haplotype-1
7-SNP haplotype-2
7-SNP haplotype-18
7-SNP haplotype-26
7-SNP haplotype-28

3 x 10-8
3 x 10-8
1 x 10-7
3 x 10-7
4 x 10-7

intron
intergenic
intron
intron
intron

5q32
1p36
5q32
5q32
5q32

SH3RF2
STMN1
SH3RF2
SH3RF2
SH3RF2

50kb
50kb
50kb
50kb
50kb

11,816 individuals
from 6 GWAS cohorts

3 replication cohorts
of 12,108 individuals;
22,896 individuals;
34,142 individuals

8 × 10-18
7 × 10-13
4 × 10-11
2 × 10-9
3 × 10-9

intergenic
intron
intron
intron
intron

4q21.21
10q24.32
6p21.33
1p36.22
1p13.2

FGF5
BORCS7
TNXB
CASZ1
CAPZA1

~50kb
-

Top SNPs

rs1902859
rs4409766
rs2021783
rs880315
rs10745332

C
T
C
C
A

Distance

NS = none significant. Studies with no EH associated markers at p ≤ 5 x 10-5: (Hiura et al. 2010).
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Materials and methods
Study Population
The study population has been previously described (Fowdar et al. 2012); briefly, the population was
composed of 409 hypertensives and 409 age- (±5 years), sex- and ethnicity-matched normotensive
controls, who resided in the South East Queensland region of Australia. All participants were of
Caucasian origin. Cases were strictly defined as individuals who were clinically diagnosed as suffering
from hypertension (having a SBP greater than 140 mmHg and/or a DBP of more than 90 mmHg) and
who were taking antihypertensive drugs. This classification of EH phenotype served to capture more
extreme EH cases and exclude individuals with a milder forms of hypertension. In many cases, EH cases
also had one or both parents suffering from EH also. Extreme sampling strategies have been widely
shown to enrich genetic association study results, particularly with complex traits such as cardiovascular
disease (Lanktree et al. 2010), or when non-standard study designs are employed, such as for multi-allelic
or rare loci, or in DNA pooling studies (Jawaid et al. 2002; Barnett et al. 2013). Normotensive controls
were defined as participants who were not taking antihypertensive drugs, and whose SBP/DBP was less
than 140/90 mmHg. 53.3% of the population was female and 46.7% was male. The average age of the
case group was 63.1±10.9 years and the average age of the control group was 61.0±10.5 years, showing
no statistically significant difference. Peripheral blood samples as well as questionnaires detailing
medical history, including blood pressure and prescribed medications, were obtained from all
participants. All participants signed informed consent agreements prior to collection of blood and clinical
information, and the study protocol had been approved by the Griffith University’s Ethics Committee
(HSC/18/04/HREC).
Pooled GWAS Power Calculation
Although estimates have shown that power is roughly 70-80% for Illumina arrays with small sample
sizes (n < 500), causal allele frequency > 0.05, and effect size of ≥ 2 for relative risk (Klein 2007), the
online power calculator “CaTS – Power Calculator for Two Stage Association Studies” (Skol et al. 2006)
was used to determine power for this study. Firstly, power was calculated as a non-pooled for a range of
genotype relative risk (GRR) values (1.1, 1.25, 1.5, 1.75, 2, 2.5, and a range of disease allele frequencies
(DAF 0.1, 0.25, 0.5, 0.75, 0.9), then the results plotted using Microsoft Excel 2010 version 14.0. The
online tool “PoolingPlanner” was then used to estimate pool and array variance for this study (Earp et al.
2011) to correct the GWAS power estimates obtained by the CaTS power calculator. The variance
estimation is transformed into an “effective sample size” (ESS), or the sample size of the study if
individual GWAS was performed instead of pooled GWAS. Input parameters were as follows: size of
DNA pool was input as 409 samples; array was selected as “1MD Normalized” (Illumina 1M-Duo array;
variance 3.2 x 10-4); pool construction variance was set to “negligible”. Average minor allele frequency
(MAF) was set to five alternate settings of 0.1, 0.2, 0.3, 0.4, and 0.5. Relative sample size (RSS) was
determined for each MAF assuming four array replicates, and effective sample size (ESS) was obtained
by multiplying RSS by original sample size (OSS) of 409 (i.e. MAF 0.1: OSS 409 x RSS 0.579 = ESS
236.81). Effective sample size was then substituted for original case and control sample sizes in the CaTS
online power calculator, with all other CaTS parameters remaining the same. Power was again calculated
for a range of GRR values and DAFs and plotted using Microsoft Excel 2010 version 14.0.
DNA pool preparation
Genomic DNA was extracted from the 818 participant whole blood samples using the modified saltingout method (Miller et al. 1988), quantitated by spectrophotometry (Nanodrop ND 1000), and low quality
samples (1.7>A260/A280>2.0) underwent phenol-chloroform-isoamyl alcohol purification (Moore and
Dowhan 2003) while low concentration samples (< 20 ng/µL) underwent ethanol precipitation. After
purification, all 818 samples had an A260/A280 ratio of 1.7-1.9. Samples were then normalised to 20
ng/µL using the CAS1200 automated liquid handling robot (Corbett). 100 samples were randomly
selected across all plates to assess amplification efficiency by qPCR. All samples amplified at
approximately the same cycle and amplification curves clustered well for all samples. Pools were
constructed by using the CAS1200 liquid handling robot to aliquot 2ul (40ng) of each case sample into
a single tube to generate a case pool consisting of the 409 cases, and the same procedure was used to
construct a control pool consisting of the 409 controls. Constructed pools were at a concentration of 20.4
and 20.2 ng/ul respectively, which were then concentrated to 50ng/ul using a drying centrifuge (Savant
Speedvac DSC1680), to meet protocol requirements for Illumina SNP array hybridization.
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Array hybridization and data generation
Case and control pools were split into four replicates, which were then hybridized to four Illumina 1M
Duo arrays and scanned on an Illumina Beadstation in-house, according to manufacturer’s guidelines.
Briefly, 8ul (400ng) of each pool replicate was whole-genome amplified overnight. The DNA samples
were then fragmented, denatured and hybridized to the arrays. The arrays were then washed to remove
any un-hybridized fragments and hapten labelled nucleotides were used in a single base extension
reaction of each probe on the array using the hybridized DNA as its template. Biotin-labeled ddCTP and
ddGTP and 2,4-dinitrophenol (DNP)-labeled ddATP and ddUTP were used. This was followed by a
multi-layer immunohistochemical sandwich assay. Arrays were then dried and scanned in the Illumina
BeadStation.
Illumina BeadStation scan files (.idat) are collected by default during the scan using BeadScan 3.2
software for analysis on the Genome Studio software (Illumina). However, as GenomeStudio cannot
analyse pooled data to obtain allele frequency, alternative data files were generated in order to analyse
the data using an alternative analysis algorithm specifically for pooled SNP array data. This was done by
altering BeadArray default settings in the program folder <C:/ProgramFiles/Illumina/Beadscan/
settings.xml> prior to commencing BeadChip scanning (see Supplementary Material S4 for specific
commands changed). This allowed raw fluorescence intensity data to be collected as a text file for each
array.
Pooling Allele Frequency (PAF) calculation and GWAS Association Testing
Raw data were used to calculate pooling allele frequency (PAF) according to the method published by
Macgregor et al. in a modification of an earlier algorithm developed for Affymetrix arrays (Macgregor
et al. 2008). Briefly, raw fluorescence data was obtained for each bead on the arrays, with up to 64 beads
per marker, and the PAF was computed as red intensity divided by the total (red plus green) intensity
(Craig et al. 2009). PAF were then corrected due to the presence of array bias organised by array stripe
which results in green beadscores being inconsistently larger than red (with each stripe having a different
green/red ratio). Illumina 1M-Duo arrays are divided into 20 stripes which each contain 50,000 SNPs,
organised into half of SNP changes designated by Illumina as ‘‘TOP’’ (A/C and A/G SNPs) and half
from the SNP changes designated ‘‘BOTTOM’’ (T/C and T/G SNPs) (Craig et al. 2009). Normalization
was performed within stripe, by rescaling the red fluorescence beadscore to make the mean PAF value =
0.5 for all SNPs on that stripe (Craig et al. 2009). Corrected PAF was then re-calculated for each bead
for a marker, as follows: corrected PAF = corrected red / (corrected red + green) (Macgregor et al. 2008).
Generated PAFs for each bead then underwent quality control filtering for nine different quality control
criteria, including exclusion of SNPs with low fluorescence, low minor allele frequency (<5%) and
located on sex chromosomes. All quality control filters were applied using a script run on a
UNIX/LINUX platform.
As pooled alleotypes cannot be used for principal components analysis of ancestry-informative markers,
which is a common of method of adjusting GWAS results for population substructure, this was not
included in the QC. In this study, the population is a small enriched group of Australian Caucasians
exclusively, who have been shown to have less admixture, with 85% of Australians descendants of
European settlers in 2009, and the majority of these British or Irish as determined by PCA (McEvoy et
al. 2009). Furthermore self-reported Australian ancestry back to the grandparents has been shown to have
an extremely high correlation with PCA-determined ethnicity (McEvoy et al. 2009), indicating that
selection based on self-reported ancestry information is likely to be highly reliable. However, this rather
highlights the need for high-fidelity ethnicity phenotyping for pooling studies given that post-GWAS
adjustment for fine-scale substructure is not possible.
After QC, markers were individually assessed for association by calculation of a test statistic designed
to compare the difference between case pooling allele frequency (PAF) and control PAF and obtain pvalues (see Supplementary Material S5 for a detailed outline of the test statistics) (Macgregor et al. 2008;
Sebastiani et al. 2008). Marker p-values were then evaluated for significance at a genome-wide
significance level of 5 x 10-8. Case and control AF were then plotted against each other and the correlation
coefficient R was calculated to determine the level of concordance between estimated case AF and
estimated control AF. Case and control AF is generally expected to have high concordance due to the
fact that the vast majority of markers genotyped by the GWAS will show no significant association with
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the disease being investigated (Craig et al. 2009), and plotting case-control AF offers a preliminary
estimation of array AF allelotyping quality. Case and control AF were also plotted separately against
expected AF from the Wellcome Trust Case Control Consortium (WTCCC) release 2 control data, also
offering an estimation of how well pool AF conform to reference data.
Analysis of GWAS Top Markers
Markers with p < 1 x 10-4 (approximately the top 200 hits) were tabulated showing marker identification
(rs ID) number, chromosome, gene closest to the marker, context of the marker (location with respect to
the closest gene), GWAS p-value, rank position for each marker and examined for previously reported
EH or BP-related genes. Odds ratios and 95% confidence intervals were also calculated using determined
PAF and sample size. To determine whether known EH genes were found in the top hits of the GWAS
more often than expected by chance, numbers of previously reported EH genes with GWAS hits within
a certain rank position threshold was calculated and divided by eleven (the number of reported EH genes
at the time of analysis) to determine the proportion of ‘known’ EH genes within the top hits. This
proportion was then compared with the expected proportion under the null hypothesis, which was
calculated by dividing the number of genes representing all the GWAS markers at the same threshold by
the number of genes in genome (approximated at 17000 for the purposes of this analysis). This
comparison was calculated for three rank thresholds: the top 10,000 markers, the top 5,000 markers, and
the top 1,000 markers. GWAS p-values were also transformed by calculating the -log10(p-values) and a
Manhattan plot was generated using the freely downloadable software Integrated Genomics Viewer,
version 2.0 (<www.broadinstitute.org/igv/>) (Robinson et al. 2011), plotting the
-log10(p-values)
against chromosomal position. To identify genes with more than one top GWAS marker, markers with
p < 1 x 10-4 were organised by gene, and genes ranked according to how many hits were present.
LocusZoom plots, which are focused Manhattan plots centering on a marker, gene, or area of interest,
and incorporating LD information into the plot, were created for each of the top five genes ranked by
number of GWAS hits using the LocusZoom tool, freely accessible online at
<https://statgen.sph.umich.edu/locuszoom/> (Pruim et al. 2010), which were then used to examine the
relationship (LD structure) of the genes with multiple GWAS hits.
GWAS validation SNP selection and genotyping
The top five most significant markers were initially chosen for pooled DNA GWAS validation:
rs34870220 (ASGR1, p = 4.32 x 10-7); rs4836667 (PRRX2, p = 5.54 x 10-7); rs1928277 (NHSL1, p = 6.76
x 10-7); rs1599961 (NFKB1, p = 6.86 x 10-7); and rs11170043 (KRT7, p = 7.09 x 10-7). However, due to
the fact the ASGR1 marker and the KRT7 marker were difficult to genotype, the final list of markers
genotyped for validation purposes were: rs1928277, located in an intron of NHSL1 on chromosome 6;
rs1599961, located in an intron of NFKB1 on chromosome 4; rs12711538, coding for a non-synonymous
amino acid substitution in GLI2 on chromosome 2; and rs11177752, located approx. 5kb from the 5’
UTR of LRRC10 on chromosome 12. These four markers were genotyped in the individual samples that
comprised the DNA pools in the case-control cohort. Data from four markers individually genotyped on
the same cohort previously in a candidate pathway association study (Fowdar et al. 2012) were also used
to assess the accuracy of pooled DNA GWAS allelotyping by comparing with pooled array allele
frequencies. Pre-designed TaqMan® assays were available for each marker and genotyping was
performed on an Applied Biosystems 7900HT instrument (see Supplementary Material S6 for detailed
protocol and information about each marker including assay ID number).
GWAS validation statistical analysis
Each marker was tested for conformation to Hardy-Weinberg equilibrium (HWE) and χ2 analysis was
used to test whether there was a significant difference in allele and genotype frequencies between cases
and controls for all four markers at an α-level of 0.05. Odds ratios and 95% confidence intervals (CI)
were calculated for each genotype group and each allele group, using the most common group as the
reference. For markers with n < 5 in one or more cells of the contingency table, the CLUMP program
was employed instead to implement a Monte Carlo approach to assess significance (Sham and Curtis
1995), with 200,000 Monte Carlo simulations run to determine p-values. For comparisons where n = 0
in one or more cells, a correction of n+1 was performed on all cell counts to obtain odds ratio and 95%
CI estimates. Individual genotyping allele frequencies were compared to array allele frequencies by
subtracting control allele frequency from case allele frequency, allowing determination of the magnitude
of case-control difference, as well as indicating the direction of difference or trend direction. Array allele
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frequencies were also plotted against individual genotyping allele frequency with a linear trendline fitted
and the correlation coefficient (R) was calculated, with groups that did not conform to HWE removed
from analysis.
Results
Calculated Study Power
Initial study power estimated using the CaTS GWAS power calculator in a non-pooled approach, showed
that the study power was estimated to be 76% for a disease allele frequency (DAF) of 0.25 and 86% for
a DAF of 0.5, with an effect size of genotype relative risk (GRR) equal to 1.5. At higher effect sizes the
power increased to 100% for DAF 0.25 and 0.5 (see Supplementary Material S7 for a plot of power
against a range of disease allele frequencies and effect sizes, Figure S1). This power estimate was
corrected for the effect of pooling using the online tool
PoolingPlanner to calculate Relative Study Size (RSS) for
a range of minor allele frequencies (MAF) ranging from
Table 2 PoolingPlanner Effective
0.1 to 0.5, assuming four array replicates, which was
Sample Sizes
multiplied by n = 409 to obtain Effective Study Size (ESS;
Table 2). As MAF increased, the effective sample size
Relative
Effective
MAF
approached 80% of the original sample size.
Sample Size Sample Size
Recalculation of study power using effective sample sizes,
at a range of disease allele frequencies and genotype
relative risks, showed that study power using a pooling
approach was estimated to be 80% or greater for markers
with effect sizes of GRR ≥ 1.55 and risk allele frequencies
≥ 0.13 (Supplementary Material S7, Figure S2).

0.1

0.579

236.81

0.2

0.710

290.28

0.3

0.762

311.83

0.4

0.786

321.37

0.5

0.793

324.15

Assay and Quality Control Results
Of the 1 million SNPs typed using the Illumina 1M-Duo platform, stringent quality control filters (see
Supplementary Material S8, Figure S3) resulted in a final output of 842,539 markers genotyped on 818
Australian Caucasians from an EH case-control cohort. Pool case and control allele frequency (AF)
conformed extremely well to expected frequencies obtained the Wellcome Trust Case Control
Consortium (WTCCC) release 2 control data (R > 0.95 for both cases and controls; Figure 1. Control
frequencies correlated slightly more with WTCCC2 control frequencies (R = 0.966) than case
frequencies did (R = 0.961), as expected if a proportion of the markers are significantly different between
cases and controls. A slight S-shape was observed on both plots, which can be observed in similar plot
data for pooled array frequencies against individually genotyped frequencies (Docherty et al. 2007;
Macgregor et al. 2008), indicating that pool allelotyping overestimates allele frequencies for markers of
low allele frequency (AF < 0.2) while underestimating for markers with high allele frequency (AF > 0.8).
This would seem to suggest that the pooling approach can estimate AF with greatest accuracy for markers
with AF in moderate ranges (0.2 < AF < 0.8).
Figure 1 Scatterplots of EH case (a) and control (b) pool allele frequencies versus reference allele
frequencies obtained from the Wellcome Trust Case Control Consortium release 2 (WTCCC2)
control data
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Case and control pool allele frequencies showed a 99% correlation (Supplementary Material S9, Figure
S4), as expected given that the majority of genotyped markers would not be significantly associated with
EH and therefore should show no significant difference between case and control frequencies
(Macgregor et al. 2008).
GWAS Association Testing Results
Association analysis was conducted for the 842,539 SNPs remaining after quality control processing; no
markers reached genome-wide significance under a conservative Bonferroni correction for 1 million
markers (5.0 x 10-8), though the top marker rs34870220 near the 5’ UTR region of the ASGR1 gene
approached genome-wide significance with p = 4.32 x 10-7. Table 3 shows the top 30 markers with p <
1 x 10-5 (markers with p < 1 x 10-4 are displayed in Supplementary Material S10, Table S5) and Figure 2
shows the Manhattan plot of p-values for chromosomes 1 to 22. The top 10 markers were rs34870220 (p
= 4.32 x 10-7) near the gene ASGR1; rs4836667 (p = 5.54 x 10-7) in the gene PRRX2; rs1928277 (p = 6.76
x 10-7) in the gene NHSL1; rs1599961 (p = 6.86 x 10-7) in the gene NFKB1; rs11170043 (p = 7.09 x 107
) near the gene KRT7; rs12711538 (p = 7.72 x 10-7) in the gene GLI2; rs11177752 (p = 8.08 x 10-7) near
the gene LRRC10; rs7574068 (p = 1.35 x 10-6) near the locus LOC100420968; and rs1437897 (p = 1.42
x 10-6) near the gene NCKAP5. None of the genes linked to these top 10 markers have previously been
investigated with respect to hypertension or cardiovascular diseases, except NFKB1, which has been
examined in both cardiomyopathy (Zhou et al. 2009) and endothelial dysfunction (Park et al. 2007),
though it has not been investigated in any case-control association studies of hypertensives and
normotensives.
However, the marker rs8046875 (p = 1.18 x 10-5), present in the top 200 markers, is an intronic SNP
within the gene CDH13, which been previously associated with EH (Org et al. 2009) and also with SBP
(Levy et al. 2007). Additionally, thirty-four known hypertension genes were found to be present in the
top 5% of markers (top 41,257 markers). Six were from nine known Mendelian hypertension genes:
CYP11B1 (top SNP p = 2.44 x 10-3), NR3C2 (top SNP p = 3.86 x 10-3), CYP11B2 (top SNP p = 9.37 x
10-3), SCNN1G (top SNP p = 9.92 x 10-3), NEDD4 (top SNP p = 2.00 x 10-2), and SCNN1B (top SNP p
= 2.52 x 10-2); two were from the six previously associated RAAS pathway genes: AGT (top SNP p =
2.72 x 10-3), ACE (top SNP p = 1.09 x 10-2); three were from the eleven previously associated sodium
transport genes: WNK1 (top SNP p = 1.64 x 10-3), SCNN1G (top SNP p = 9.92 x 10-3), NEDD4 (top
SNP p = 2.00 x 10-2); three were from the six previously associated adrenergic receptor genes: ADRA2C
(top SNP p = 3.62 x 10-3), ADRA1A (top SNP p = 3.75 x 10-3), ADRB1 (top SNP p = 4.39 x 10-3); one
was from the two previously investigated homocysteine pathway genes: MTRR (top SNP p = 1.23 x 103
); and 19 were from the 30 previously reported GWAS genes: MACROD2 (top SNP p = 2.26 x 10-4),
LOC344371 (top SNP p = 8.66 x 10-4), CHRM3, RANBP3L, RASGRP3, CACNB2, MYO6, ALDH1A2
(top SNPs all < 1 x 10-2), EBF1, MSRA, PLCE1, MYADML, UMOD, GPR39, C5orf23, XRCC4, ATP2B1,
NOV, SLC39A8 (top SNPs all < 5 x 10-2). Many of these genes had multiple hits, for example the ACE
gene had three hits (ranks 9811; 18328, and 23829), while AGT and AGTR1 had four hits each (AGT
ranks 2889, 11574, 20490, 3954; AGTR1 ranks 9649, 34510, 39095, 40889).
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To examine whether greater numbers of known genes were found in the top GWAS hits than expected
by chance, the frequency and rank position were found of markers in eleven previously reported EH
genes that have been strongly validated and replicated ADH7, ZNF831, ALDH1A2, ATP2B1, CACNB2,
CDH13, CHRM3, EDN3, MSRA, RYR2, and ZP4. For the top 10,000 GWAS SNPs (approximately
markers with p < 0.01), about 5000 of the 17000 genes in the genome appear in the list, indicating that
the expected proportion of hits under the null hypothesis is 5000/17000, or 0.29. The observed proportion
of hits in the top 10,000 SNPs was 0.55, as six of the eleven known EH genes (ALDH1A2, CACNB2,
CDH13, CHRM3, RYR2, and ZP4) had one or more hits. Likewise, for the top 5,000 markers, the
expected proportion of genes under the null hypothesis was 3124/17000 (0.18), while the observed
proportion of known EH genes was 4/11 (0.36). For the top 1,000 markers, the expected proportion of
genes under the null hypothesis was 834/17000 (0.05), while the observed proportion of known EH genes
was 3/11 (0.27), suggesting that there are disproportionately more hits in known hypertension genes than
expected by chance. These findings support the reliability of these pooled GWAS results.
Figure 2 Manhattan plot summarizing the GWAS p-values for analysed chromosomes (markers on
sex chromosomes were removed during QC filtering). Chromosomes 1-22 are represented in
different colours analysed chromosomes (markers on sex chromosomes were removed during QC
filtering); the red line highlights p = 1 x 10-6, indicating several loci on chromosome 2, 4, 6, 9, 12,
and 17 approaching genome-wide significance (5.0 x 10-8 under a conservative Bonferroni
correction)
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Table 3 GWAS Results: Top Markers (p < 1 X 10-5)
Marker rs ID

Region

Closest Gene

Context

GWAS
p-value

rs34870220

17p13.2

ASGR1

flanking 5’ UTR

OR

(95% CI)

Rank

4.32 X 10-7

0.42

(0.3 - 0.58)

1

-7

2.15

(1.6 - 2.88)

2

rs4836667

9q34.1

PRRX2

Intron

5.54 X 10

rs1928277

6q23.3

NHSL1

Intron

6.76 X 10-7

3.49

(2.56 - 4.75)

3

Intron

6.86 X

10-7

0.49

(0.37 - 0.65)

4

10-7

2.38

(1.72 - 3.3)

5

rs1599961

4q24

NFKB1

rs11170043

12q13.13

KRT7

flanking 5’ UTR

7.09 X

rs12711538

2q14

GLI2

Coding

7.72 X 10-7

0.47

(0.35 - 0.63)

6

rs11177752

12q15

LRRC10

flanking 5’ UTR

8.08 X 10-7

0.5

(0.37 - 0.66)

7

flanking 3’ UTR

1.35 X

10-6

2.17

(1.62 - 2.91)

8

10-6

0.47

(0.36 - 0.63)

9

rs7574068

2p12

LOC100420968

rs1437897

2q21.2

NCKAP5

Intron

1.42 X

rs6576745

1p22.3

WDR63

Intron

1.58 X 10-6

2.86

(2.13 - 3.84)

10

rs1012873

3q26.33

PEX5L

flanking 3’ UTR

2.29 X 10-6

rs8044957

16q23.3

LOC729847

Intron

3.11

(2.3 - 4.19)

11

2.90 X

10-6

2.6

(1.79 - 3.78)

12

10-6

2.64

(1.88 - 3.69)

13

rs17823706

18q22.1

DSEL

flanking 3’ UTR

2.96 X

rs9293231

5p14

CDH9

flanking 3’ UTR

3.47 X 10-6

2.67

(2 - 3.56)

14

rs9918611

7q34

KIAA1549

Intron

3.54 X 10-6

2.36

(1.71 - 3.25)

15

3.92 X

10-6

0.31

(0.2 - 0.48)

16

10-6

2.03

(1.53 - 2.71)

17

rs3001167

1q31.3

LOC647167

flanking 3’ UTR

rs8049010

16p13.1

ABCC1

Intron

4.14 X

rs11002865

10q22.3

ZMIZ1

Intron

4.84 X 10-6

0.44

(0.31 - 0.62)

18

rs131842

22q13.1

CSF2RB

flanking 3’ UTR

5.17 X 10-6

0.43

(0.31 - 0.6)

19

5.83 X

10-6

0.43

(0.31 - 0.6)

20

10-6

2.55

(1.9 - 3.43)

21

rs4474466

11q14.1

NARS2

Intron

rs7671480

4q13.2

UGT2B11

flanking 3’ UTR

6.64 X

rs11134466

5q34

ODZ2

Intron

6.77 X 10-6

0.46

(0.34 - 0.63)

22

rs13128919

4q24

EMCN

flanking 5’ UTR

7.27 X 10-6

0.32

(0.22 - 0.47)

23

7.91 X

10-6

2.48

(1.77 - 3.48)

24

10-6

0.52

(0.39 - 0.68)

25

rs7107174

11q14.1

GAB2

Intron

rs12020645

13q13.3

FREM2

Intron

8.14 X

rs4512347

8q22.3

SLC25A32

flanking 3’ UTR

8.17 X 10-6

3.31

(2.07 - 5.29)

26

rs154316

14q31

NRXN3

Intron

8.67 X 10-6

2.72

(1.96 - 3.79)

27

8.73 X

10-6

0.41

(0.29 - 0.59)

28

10-6

0.46

(0.33 - 0.63)

29

0.31

(0.22 - 0.43)

30

rs9895330

17q12

CCL1

flanking 5’ UTR

rs12550012

8q22.2

STK3

Intron

8.93 X

rs10786658

10q24.32

C10orf76

Intron

9.40 X 10-6
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LD structure analysis of genes with multiple hits
In order to identify potentially strong gene candidates with more than one top GWAS marker, markers
with p < 1 X 10-4 were sorted by gene, and genes were ranked according to how many SNPs they
contained (Table 4). Of the markers with p < 1 x 10-4, four were found to be in or close to NFKB1, three
were found to be in ODZ2 and GAB2, while two markers were found to be in GLI2, LOC100420968,
NCKAP5, ZMIZ1, FREM2, NRXN3, LOC646538, LOC388458, DYX1C1 and BNC2. No multiple hits
were found in the remaining 162 genes.

Table 4 Genes with Multiple Top
GWAS Hits (p < 1 X 10-4)
Gene
NFKB1
ODZ2
GAB2
GLI2
LOC100420968
NCKAP5
ZMIZ1
FREM2
NRXN3
LOC646538
LOC388458
DYX1C1
BNC2
All other genes

No. of
GWAS hits
4
3
3
2
2
2
2
2
2
2
2
2
2
1

These genes with multiple hits were considered to be
potentially strong candidates and were considered for further
investigation to determine whether the multiple markers
within genes were in linkage disequilibrium (LD) or not.
LocusZoom plots (Pruim et al. 2010) were used to examine
the LD structure for each of the top five genes in Table 4
(NFKB1, ODZ2, GAB2, GLI2, and LOC100420968).
Separate signals were observed for ODZ2 and GAB2, while
non-independent signals were found for the remaining genes
NFKB1, GLI2, and LOC100420968, showing high LD
between markers within the same gene and providing
support for a true association signal.
LocusZoom plots for NFKB1 (Figure 3 below) showed that
the top four markers within these gene were in high LD (R2
= 0.6 - 0.8) with each other. There also appeared to be a
cluster of markers in high LD to very high LD (R2 > 0.8)
with the top marker in NFKB1 (rs1599961), which although
not approaching significance alone, indicate that the
association signal is strong for NFKB1.
Figure 3 EH association results in LD at the NFKB1 locus

LocusZoom plots for ODZ2 (Figure 4) showed that the top marker (rs11134466) is in high LD with a
cluster of markers which appear to have greater elevated -log(p-values) compared to the non-LD markers
surrounding it. This suggests that the top marker is a genuine association signal Interestingly, ODZ2 also
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shows two markers in high LD (rs4869078 and rs1477284) that are not in LD with the top marker
rs11134466, suggesting two different association signals are localising to ODZ2.Closer examination of
this second signal (bottom panel) shows a cluster of markers in low to moderate LD that have elevated log(p-values), also suggesting that the second signal is genuine.
A similar finding of two apparent association signals was also observed with GAB2 and markers in the
adjacent gene NARS2 (Supplementary Material S11, Figure S5), while plots for GLI2 (Supplementary
Material S10, Figure S6) and LOC100420968 (Supplementary Material S11, Figure S7) show only a
single linked association signal within their respective regions.
Figure 4 EH association results in LD at the ODZ2 locus. Top panel shows first cluster of association
signal with rs11134466, bottom panel shows second cluster of association signal with rs4869078.
The two association signals appear to be independent

GWAS validation
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Frequencies for the four top markers that were chosen for validation of GWAS allele frequencies, as well
as the previously genotyped homocysteine pathway markers in MTHFR and MTHFD1 are shown in
Table 5.
Array allele frequencies (AF) and individual allele frequencies generally exhibited the same trend
although the magnitude of difference in allele frequency between cases and controls was often
overestimated by the array allelotyping. For example, both array typing and individual typing showed
that the T allele was more frequent in cases than controls for the NHSL1 marker; however, the difference
in AF was 0.27 as determined by the array frequencies, but only 0.003 as determined by individual
genotyping frequencies. However, this was not consistent as the case-control difference was
approximately the same for MTHFD1 and MTHFR A1298C, although the MTHFR C677T marker
showed the opposite trend direction between array and individual typing, with the T allele more frequent
in cases (52.7%) than controls (49.4%) by the array typing, but more frequent in controls (32.2%) than
in cases (31.8%) by the individual typing. This is the only marker out of the seven examined which shows
a deviation from expected trend based on array results.

Table 5 Comparison of Typing Method and Case-Control Allele Frequency
Gene (Allele)

Group

Array
AF

Individual
AF

Array Trend

Individual Trend

Trend
Direction

NHSL1 (T)

Cases
Controls

0.473
0.203

0.060
0.057

0.270
Cases > Controls

0.003
Cases > Controls

Same

NFKB1 (A)

Cases
Controls

0.372
0.548

0.379
0.443

-0.176
Controls > Cases

-0.063
Controls > Cases

Same

GLI2 (A)

Cases
Controls

0.557
0.727

0.668
0.742

-0.170
Controls > Cases

-0.074
Controls > Cases

Same

LRRC10 (T)

Cases
Controls

0.471
0.643

0.810
0.824

-0.172
Controls > Cases

-0.014
Controls > Cases

Same

MTHFR
C677T (T)

Cases
Controls

0.527
0.494

0.318
0.322

0.033
Cases > Controls

-0.004
Controls > Cases

Opposite

MTHFR
A1298C (A)

Cases
Controls

0.621
0.611

0.654
0.644

0.01
Cases > Controls

0.01
Cases > Controls

Same

MTHFD1 (A)

Cases
Controls

0.484
0.499

0.442
0.457

-0.015
Controls > Cases

-0.015
Controls > Cases

Same

Array AF data for all markers was also plotted against AF obtained by individual genotyping (Figure 5),
both with all groups together (panel A) separated by case/control status (panel B). Strong correlation was
obtained between array and individual frequencies for the control group (R = 0.94) but there was a large
discrepancy between array and individual AF for the case group (R = 0.36); however, after removal of
an outlier (the NHSL1 cases), the correlation for the case group improved to R = 0.67. Over all data
points, correlation between array AF and individual genotyping AF was also strong (R = 0.77), showing
that pooled array allelotyping is an effective estimator of true allele frequencies in a sample.
Figure 5 Comparison of pooling versus individual genotyping allele frequency. Panel A contains
data for both case and control groups for each validation marker typed excluding the outlier of
NHSL1 cases; panel B divides data into case (broken line; diamond outline) and control groups
(solid line; solid square)
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Individual association results
The genotype data for the four GWAS validation markers was also analysed individually. Genotyping
call rate >95% for all markers and minor allele frequencies that conformed well with expected
frequencies determined by the Hap-Map CEU population and the WTCCC release 2 controls. Case and
control groups for all four markers were found to conform to Hardy-Weinberg equilibrium (p > 0.05).
Chi-square analysis (Table 6) showed a statistically significant association with essential hypertension
for GLI2 and NFKB1 markers.
For the GLI2 marker, the minor G allele appeared to be the risk allele, significantly increasing EH risk
about one and half times that of the A allele (OR 1.43, 95% CI 1.15 - 1.78). Genotype analysis showed
an increasing additive risk of G alleles, with AG risk (OR 1.27, 95CI 0.95 - 1.71) intermediate between
AA and GG genotype risk (OR 2.26, 95% CI 1.36 - 3.75). GG genotype carriers were more than two
times as likely to be an EH case compared to AA genotype carriers. For the NFKB1 marker, the minor
A allele appeared to have a protective effect against EH risk, having about three-quarters the risk of the
G allele (OR 0.77, 95% CI 0.63 - 0.94). The more common G allele therefore appears to increase EH
risk by about 29%. This effect also appeared to be additive, with the GA genotype having an
approximately 20% lower risk of EH compared to the GG genotype (OR 0.83, 95% CI 0.52 - 1.31), while
the AA genotype had approximately 40% lower risk of EH (OR 0.6, 95% CI 0.4 - 0.9). The other two
markers tested, NHSL1 rs1928277 and LRRC10 rs11177752, showed no significant differences in
genotype or allele frequency between cases and controls.
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Table 6 Genotype and allele frequencies for individually genotyped markers
Gene, marker

Case

Control

399

401

AA

185 (46.4%)

AG
GG

p-value

OR

(95% CI)

221 (55.1%)

1

Reference

163 (40.8%)

153 (38.2%)

1.27 (0.95 - 1.71)

51 (12.8%)

27 (6.7%)

2.26 (1.36 - 3.75)

798

802

A

533 (66.8%)

595 (74.2%)

1

G

265 (33.2%)

207 (25.8%)

1.43 (1.15 - 1.78)

GLI2, rs12711538
Genotype

Allele

p = 0.004

p = 0.001
Reference

NFKB1, rs1599961
Genotype

402

400

GG

157 (39.1%)

128 (32.0%)

1

GA

185 (46.0%)

190 (47.5%)

0.79 (0.58 - 1.08)

AA

60 (14.9%)

82 (20.5%)

0.6

(0.4 - 0.9)

804

800

G

499 (62.1%)

446 (55.8%)

1

Reference

A

305 (37.9%)

354 (44.2%)

0.77 (0.63 - 0.94)

391

397

CC

349 (89.2%)

352 (88.7%)

1

CT

37 (9.5%)

45 (11.3%)

0.83 (0.52 - 1.31)

TT

5 (1.3%)

0 (0.0%)

6.05ǂ (0.72 - 50.52)

Allele

p = 0.04
Reference

p = 0.01

NHSL1, rs1928277
Genotype

Allele

p = 0.23
Reference

782

794

C

735 (94.0%)

749 (94.0%)

p = 0.77
1

T

47 (6.0%)

45 (6.0%)

1.06 (0.7 - 1.62)

385

401

TT

256 (66.5%)

265 (68.0%)

1

GT

112 (29.1%)

113 (29.0%)

1.03 (0.75 - 1.41)

GG

17 (4.4%)

12 (3.0%)

1.47 (0.69 - 3.14)

770

780

T

624 (81.0%)

643 (82.4%)

1

Reference

G

146 (19.0%)

137 (17.6%)

1.1

(0.85 - 1.42)

Reference

LRRC10, rs11177752
Genotype

Allele

p = 0.61
Reference

p = 0.48

ǂ An ‘n+1’ correction was performed for OR and 95% CI calculations involving a zero cell count

Discussion
We have shown that using a DNA pooling approach for GWAS is a cost-effective and reliable method
of identifying candidate markers for complex traits, as similar to other pooled DNA GWAS studies, the
data correlated highly with expected allele frequencies from a reference dataset (WTCCC2) for both the
case and control pools (R > 0.95). Although comparison of pool allelotyping frequencies with individual
genotyping for validation markers showed that array AF generally overestimated both raw allele
frequency and absolute difference in AF between cases and controls, this finding corresponds well with
the reported overestimation by array typing in Bosse et al (2009) which also showed overestimation of
both raw AF and case-control differences (Bosse et al. 2009). Bosse et al. has also shown high correlation
values between allelotyped DNA pools and genotyped samples (Rcontrols = 0.956, Rcases = 0.943), and
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correlations have been typically figures reported in other studies as R > 0.9, which concorded well with
our control group data despite the fact that the case data showed a lower correlation.
Furthermore, the overrepresentation of known EH genes within the top hits of the GWAS, at the levels
of the top 1% (top 10,000 markers), top 0.6% (top 5,000 markers), and top 0.1% (top 1,000 markers)
suggests that the pooled GWAS was able to detect known EH genes in greater proportions than expected
by chance. The detection of thirty-four known hypertension genes in the top 5% of markers, which
included genes involved in the RAAS pathway, sodium transport, adrenergic receptor pathways, and the
homocysteine pathway—all pathways known to be involved in essential hypertension aetiology—further
strengthens these pooled GWAS results. Additionally, the 19 of 30 previously reported GWAS genes
had also been detected in the top 5% of GWAS markers, again supporting overlap between this GWAS
and prior identified EH genes. The patterns of LD among multiple-hit genes also support genuine
association signals; previous markers in ODZ2 have been studied in an EH GWAS of the Candidategene Association REsource (CARe) cohort, an overarching cohort consisting of nine smaller cohorts
maintained by the National Heart, Lung, and Blood Institute. Although the ODZ2 markers studied in the
CARe GWAS did not reach genome-wide significance, they all reached p < 3 x 10-4, supporting some
association of ODZ2 with hypertension (Lettre et al. 2011). Additionally, although no markers in this
study were significant at the genome-wide significance level, the fact that so many previously associated
genes were found in the top thresholds of markers suggests that this GWAS is detecting known
association signals, albeit at lower significance levels. This may be due to the application of the overconservative Bonferroni correction, which assumes complete independence between markers without
taking into account interactions among genes and markers. Thus, the top five ranked markers, which
approached genome-wide significance at p < 1 x 10-6, present putative novel EH loci for future studies.
Of the top five markers, the second, third, and fifth markers do not currently appear to have any
involvement in EH, BP maintenance, or cardiovascular disease. The second top marker rs4836667 is
located on chromosome 9, in the intron of the PRRX2 (Paired related homeobox 2) gene, and was found
to be the top marker from the combined cohort GWAS analysis. PRRX2 encodes a homeobox protein
which is mainly expressed in proliferating foetal fibroblasts and dermal layer. Increased expression of
PRRX2 has been detected during skin wound healing and has thus suggested a role for PRRX2 in the
control of dermal regeneration and cellular proliferation (Stelnicki et al. 1998). The third marker from
the top 5 GWAS hits is rs1928277, located on chromosome 6, in the intron of the gene NHSL1 (NanceHoran Syndrome Like 1). The fifth marker, rs11170043, is located on chromosome 12 near the 5’ UTR
of the gene KRT7 (Keratin 7) and encodes cytokeratin-7, a 51kD protein, which is a member of the type
II cytokeratins. Cytokeratins provide support and tensile strength to cells and cytokeratin-7 is mainly
expressed in blood vessels, gland ducts and the epithelial lining of the cavities of internal organs,
suggesting that perhaps it may be involved in epithelial integrity in the vasculature. While there is
currently little biological evidence for a role of these genes in EH, further investigation may be warranted.
However, the other first and fourth top 5 GWAS hits, the top marker in ASGR1 and the fourth marker in
NFKB1, appear to be more interesting candidates for validation and follow-up.
The top marker rs34870220 is located on chromosome 17, near the 5’ UTR of the gene ASGR1
(asialoglycoprotein receptor 1) which encodes a subunit of the asialoglycoprotein (ASG) receptor. It is a
transmembrane protein which mediates the endocytosis and degradation of plasma glycoproteins, such
as von Willebrand factor (vWF), which is increased when endothelial damage has occurred (Lip et al.
2001). It is thought that the ASG receptor is actively involved in the clearance of vWF, and animal studies
have shown that ASGR1 knock-out mice have a 1.5 fold increase in circulating plasma vWF (Grewal et
al. 2008). Thus, polymorphisms in ASGR1 that decrease its function in clearing vWF could potentially
result in higher levels of vWF, and which plays a role in responding to endothelial damage and promoting
platelet aggregation. As it is not currently clear how ASGR1 and vWF could play a role in increased BP,
a possible involvement for ASGR1 in endothelial damage is suggested by this result.
The fourth marker, rs1599961, is located on chromosome 4 in the intron of the gene NFKB1 (nuclear
factor of kappa light polypeptide gene enhancer in B-cells 1). NFKB1 was found to contain four GWAS
markers within the top 200 SNPs, the most multi-hits for any gene in the top 200, and analysis of the
underlying LD structure of the markers revealed that the markers were all in strong LD, suggesting that
the top association signal is a genuine one.
Of the four markers selected for validation from the top ten GWAS hits—rs1928277 (NHSL1);
rs1599961 (NFKB1); rs12711538 (GLI2) and rs11177752 (LRRC10)—GLI2 and NFKB1 were found to
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be positively associated with EH (p < 0.05) using individual genotyping. Although these markers were
not significant at the genome-wide significance level of p < 5 x 10-8, they were ranked in the top 10
GWAS hits, and were all p < 1 x 10-6. This proportion (two validated associations out of four top hits) is
similar to that found in a 2011 pooled GWAS, which individually genotyped 41 top SNPs which had
GWAS p < 1 x 10-6 (though 32 were not significant at the study genome-wide significance level of p <
1 x 10-7), and found that 6/41 hits were validated by positive associations found through individual typing
(Janicki et al. 2011). However, other studies have reported higher success rates, including another recent
paper which used silhouette clustering method to rank SNPs, and which individually typed 37 SNPs
representing the top-ranked clusters (Ricci et al. 2011). The study reported a high success rate, with 36/37
of SNPs being validated by individual genotyping. The success rate for GWAS validation in general has
not been consistent across studies, most likely due to differences in quality control filtering and ranking
methods of GWAS data.
Additionally, the success rate of EH SNP discovery may be decreased further if validated associations
fail to be replicated in an independent cohort. Although replication studies are an important part of
confirming positive associations found during discovery GWAS, approximately one-third of published
EH GWAS do not undertake independent replication studies, including the Wellcome Trust Case Control
Consortium (WTCCC) (Burton et al. 2007). In the case of smaller groups, limited recruitment
opportunity or limited funding may restrict the ability to conduct replication analyses, and instead of
dividing participants into smaller cohorts for discovery and replication, groups may decide to place
emphasis on analysing the largest possible discovery cohort in order to obtain the statistical power to
detect potential candidate genes. Candidates detected during discovery phases can then be followed up
either through collaboration with other EH cohorts, as in Yang et al. 2012, who utilised the participants
of Guo et al. 2012 as a replication cohort (Yang et al. 2012); or by data mining available datasets such
as the WTCCC and running in silico replication analyses (Lettre et al. 2011). In this study, we have aimed
for the largest possible discovery sample size in order to maximize power, particularly as pooling GWAS
have reduced power compared to non-pooled GWAS; however, our findings of an association in GLI2
and NFKB1 will require further investigation in a replication cohort, as well as investigation of the
possible mechanism by which they may be involved in EH.
Although neither GLI2 nor NFKB1 has been directly investigated with EH susceptibility, their known
biological roles strongly suggest a possible mechanism by which they might be involved in EH
development. The GLI2 gene codes for a transcription factor, glioma-associated factor 2, which belongs
to a subclass of the GLI protein family, containing C2H2-type zinc finger motifs. Though GLI2 is
associated with a number of polydactyly-related phenotypes, it has not thus far been related to either EH
or BP regulation. However, GLI2 is a mediator of the Sonic hedgehog (Shh) signalling pathway, which
has been linked to vascular remodelling and cardiac muscle development. Activation of Shh signalling
by GLI2 results in increased cyclin D1 expression and promotes human vascular smooth muscle cells
proliferation, which is characterised by thickening of the intima media, or inner layer of vascular smooth
muscle (Li et al. 2010). Moreover, GLI2 is known to play important roles in embryonic heart muscle
development and cardiomyogenesis in stem cells (Voronova et al. 2012). Further studies also suggest
that GLI2 may not be limited to Shh signalling pathways, and may have alternate downstream effects
through other signalling pathways such as Ras and TGF-β (Li et al. 2010). Though this shows no direct
involvement of GLI2 in BP regulation, it does suggest some possible mechanisms by which GLI2 may
affect EH susceptibility.
The NFKB1 gene encodes a 105 kD Rel protein-specific transcription factor which is present in almost
all cell types and which is involved in a huge number of signalling pathways, both as an enhancer or a
repressor. This protein can be cleaved to form a 50kD protein which is part of the DNA binding subunit
of the p50/p65 NFKB DNA-binding complex (Park et al. 2007). The NFKB complex is activated by both
intracellular and extracellular stimuli. A number of inflammatory diseases, dysregulated immune cell
development and delayed cell growth have been associated with the inappropriate activation of NFKB
complex. This suggests that an inflammatory immune reaction may play a role in the development of
hypertension. It is also the only gene out of the top GWAS hits which has been examined in relation to
cardiovascular disease previously. It has been investigated with regard to both cardiomyopathy (Zhou et
al. 2009) and endothelial dysfunction (Park et al. 2007), with the link to endothelial dysfunction
particularly interesting from a hypertension perspective. In vascular endothelial cells, NFKB1 detects
and transmits changes in wall shear stress to the nucleus, instigating gene expression of NOS3, nitric
oxide synthase, in endothelial cells in response to laminar shear stress (Davis et al. 2004; Park et al.
2007). This generates the vasodilatory substance nitric oxide, a powerful regulator of BP. This suggests
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an alternative and more direct mechanism than inflammation by which NFKB1 may be involved in EH
susceptibility: if NFKB1 is downregulated, abrogation of NOS3 induction may lead to lack of NO and
subsequent vasoconstriction, elevating BP. Previous research has shown that deletion polymorphism in
the NFKB1 promoter region lowers NFKB1 expression, NOS3 expression, and thus affects vascular
function and adaptability to shear stress (Park et al. 2007). Thus NFKB1 is a strong candidate marker for
further investigation and validation in EH association studies.
The association of GLI2 and NFKB1 markers in this study therefore presents two biologically interesting
and plausible candidate genes for further investigation with EH. The detected association remains to be
replicated in an independent population, which is needed to strengthen support for these genes’
involvement in EH susceptibility, and functional studies or animal studies investigating the possible
biochemical mechanism by which GLI2 and NFKB1 may modulate blood pressure are also warranted.
However, pooled DNA GWAS has proven to be a highly cost-effective method to successfully identify
EH-associated candidate genes to prioritise in follow-up studies, particularly when strictly defined EH
phenotypes are utilised with closely matched controls. Furthermore, the combination of this data with
other EH cohorts—such as the Wellcome Trust Case Control Consortium and the International
Consortium for BP-Genome-Wide Association Study (ICBP-GWAS)—may improve power to detect
hypertension susceptibility genes in future studies.
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Supplementary Material:
Supplementary Material S1: Contains a table summarizing the top 5 markers with p ≤ 1 x 10-8 for
published GWAS with systolic blood pressure (SBP) as phenotype.

Supplementary Material S2: Contains a table summarizing the top 5 markers with p ≤ 1 x 10-8 for
published GWAS with diastolic blood pressure (DBP) as phenotype.
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Supplementary Material S3: Contains a table summarizing the top 5 markers with p ≤ 1 x 10-8 for
published GWAS with other BP traits as phenotype (i.e. pulse pressure).
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Supplementary Material S4: Contains detailed methods of obtaining raw data files for pooled allele
analysis by altering BeadArray default settings in the Illumina BeadStation program folder.
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Supplementary Material S5: Contains detailed methods of pooled allele association analysis by
estimation of the difference in proportion of A alleles between case and control pools.
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Supplementary Material S6: Contains detailed methods of TaqMan® genotyping assays for GWAS
validation, including marker information and genotyping protocols.
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Supplementary Materials S7: Contains initial study power estimation using the CaTS GWAS power
calculator and recalculation of study power with effective samples sizes for pooling-based GWAS.

Supplementary Material S8: Contains list of GWAS raw data quality control filters applied, as well as
a summary Quality Control Processing Flow-Chart.
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Supplementary Results S9: Contains scatterplot of EH case versus EH control pool allele frequencies..
Supplementary Results S10: Contains GWAS results for top SNPs with p-values lower than 1 x 10-4.
Supplementary Results S11: Contains LocusZoom plots for the GAB2, GLI2 and LOC100420968 loci.
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