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Twenty years from now you will be more disappointed by the things that you

didn't do than by the ones you did do. So throw o� the bowlines. Sail away

from the safe harbor. Catch the trade winds in your sails. Explore. Dream.

Discover.

Mark Twain
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1 Summary

Genomics is the �eld of modern biology studying the sum of all genes, the genome, of a

given organism or tissue. Genomics includes the analysis of genomic variations in order to

identify genetic susceptibility loci for various human diseases. Besides genomics, there are

related �elds summarized by the term "Omics" such as transcriptomics and proteomics,

studying the sum of all transcripts and proteins at a given condition, respectively.

Genetic variants, namely single nucleotide polymorphisms (SNPs) and copy number

variations (CNVs) are used to identify genomic loci associated with human traits and dis-

eases. Genome-wide association studies (GWASs) have been performed for a wide range

of human traits and diseases based on SNP data. In the population-based Study of Health

in Pomerania (SHIP) and the independent SHIP-TREND study, whole-genome genotyp-

ing data were available for 4081 and 986 individuals, respectively. These data were used

for many SNP-based GWASs. Here, one example is described in more detail in which for

the �rst time whole-body magnetic resonance imaging (MRI) data available for about

1600 individuals of the SHIP (N=797) and SHIP-TREND (N=831) studies were used

in a GWAS meta-analysis to identify genetic loci in�uencing the complex human facial

morphology.

Genome-wide CNV analyses are less common. Therefore, one aim of this work was to

detect CNVs using the whole-genome genotyping data available for 4081 individuals from

SHIP. Another aim was to develop an e�cient work�ow for the analysis of these CNVs. As

most common genetic variants have only relatively small e�ects on phenotypic variability,

large sample sizes are needed to maximize statistical power to detect such e�ects. There-

fore, the integration of data from multiple collaborating studies is indispensable. In this

context, several CNV studies with the SHIP data have been performed and published,

for example on body mass index (BMI) phenotypes and idiopathic generalized epilepsy

where the SHIP cohort was used as a population-based control.

Trait-associated genetic markers identi�ed through GWASs are often intergenic or

synonymous coding, and those loci identi�ed through whole-genome CNV analyses often

contain multiple genes, making it hard to identify the causal variants. In this context,

the functional analysis of identi�ed loci aids in determining the causal variant(s). One

possibility to conduct functional analysis is the expression quantitative trait loci (eQTL)

analysis, de�ned as the association of genome-wide genotyping data with genome-wide

gene expression data based on measured transcriptomes. This allows the identi�cation of

genetic variants in�uencing the expression levels of de�ned genes. A further example is the

transcriptome-wide association analysis (TWAS), de�ned as the association of phenotype

data with whole-genome expression data. Thus, another aim of this work was to establish

an analysis pipeline for exploring such expression data, which were available for about
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1000 individuals from the SHIP-TREND study. Here, array-based gene expression data

were generated using RNA prepared from whole-blood.

Interpretation of TWAS results is often di�cult, because of possible reverse causation

on gene expression data. Furthermore, technical errors of measurement may bias the re-

sults. In a comprehensive work, biological and technical factors in�uencing measured gene

expression data have been identi�ed and were subsequently taken into account to improve

the association analyses. To further elucidate the molecular mechanisms underlying the

relationship of gene expression levels with human traits or diseases, pathway analyses

using the Ingenuity Pathway Analysis (IPA) tool have been performed in connection with

the TWAS.

As for GWASs, the associations identi�ed in TWAS usually exhibit only small e�ect

sizes, highlighting the need for larger studies or meta-analysis to identify all susceptibility

variants. In this context several eQTL and TWAS meta-analyses using the SHIP-TREND

data have been performed, for example on the phenotypes age, sex, BMI, smoking status

and serum lipid traits. The results of these analyses are in preparation for publication and

the most advanced example, the correlation of expression data with BMI, is presented here.

The integration of whole-genome genotyping and expression data provides new func-

tional information of the underlying biological mechanisms of complex human traits and

diseases. Within the frame of this work, this could be demonstrated for susceptibility

to Helicobacter pylori infection. Using the GWAS approach, two genomic loci signi�-

cantly associated with H. pylori seroprevalence were identi�ed, both containing multiple

genes and various SNPs. Within the toll-like receptor (TLR) locus at 4p14 comprising

the genes TLR1, TLR6 and TLR10, 57 SNPs exhibited genome-wide signi�cance. To

prioritize possible causal variants, an eQTL analysis was carried out. The strongest cis-

eQTL associations were detected for TLR1 and TLR10. Additionally, both genes contain

non-synonymous SNPs (nsSNPs) in strong linkage disequilibrium (LD) (r2≥0.6) with the

GWAS's lead SNP rs10004195 in their coding sequences causing amino acid substitutions

in the encoded TLR receptors. Furthermore, exclusively TLR1 turned out to be transcrip-

tionally up-regulated in the presence of H. pylori in a genotype-independent manner, thus

strongly favoring TLR1 among the three TLR receptors encoded at the 4p14 locus as the

one crucially involved in H. pylori recognition.

If not referring to work of collaborators, all statistical analyses and data management

concerning the SHIP and SHIP-TREND genotyping data, in particular the CNV data,

and the SHIP-TREND gene expression data described in this context were performed by

the author of this dissertation.
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1.1 Genome-Wide Association Studies

Genome-wide association studies (GWASs) based on single nucleotide polymorphisms

(SNPs) have been performed to identify genetic loci associated with various human traits

or diseases. As previously shown [1], quality controlled genome-wide genotyping data

were available for 4081 individuals of the Study of Health in Pomerania (SHIP) which

were individually genotyped in 2008 using the A�ymetrix Genome-Wide Human SNP

Array 6.0 [2]. In 2012, about 1000 individuals of a second survey, SHIP-TREND, were

individually genome-wide genotyped using the Illumina HumanOmni2.5 Quad BeadChip

array [3]. These data have already been used in a large number of GWASs performed on a

wide range of phenotypes, for example blood pressure [4], cardiac structure and function

[5], blood pressure and cardiovascular disease risk [6], hematological parameters including

hemoglobin levels, red and white blood cell counts, platelet counts and volume, hemoglobin

concentration and hematocrit [7, 8, 9, 10, 11], uric acid and serum urate concentrations

[12, 13], kidney function and disease [14, 15, 16], thyroid volume and function [1, 17]

anthropometric [18, 19, 20], and metabolic traits [21] or major depressive disorder [22].

In the second follow up of SHIP (SHIP-2), as well as for the participants of the SHIP-

TREND study, whole-body magnetic resonance imaging (MRI) data have been generated

in order to visualize body structures in detail [23, 24]. After image quality control, both

MRI head scans and genome-wide genotype data were available for 797 SHIP-2 and 831

SHIP-TREND participants. Subsequently, these data were used in a cooperation project

comprising more than 5000 individuals from �ve European population-based discovery

cohorts (Rotterdam Study I and II (RS-I, N=2470 and RS-II, N=745, respectively) [25,

26], Queensland Twin Imaging Study (QTIMS, N=545) [27, 28], SHIP (N=797), and

SHIP-TREND (N=831) [2, 3]). The aim of this study was to characterize human facial

morphology based on nine pre-de�ned MRI-derived soft tissue landmarks of the upper

part of the face, including the left and right zygion, left and right eyeball, left and right

alare, left and right nasion, pronasale and subnasale. Therefore, these landmarks were

converted to 48 facial shape features and analyzed within a series of GWASs to identify

genetic loci in�uencing the facial shape in Europeans.

The GWASs uncovered �ve independent loci exhibiting genome-wide signi�cance (as-

sociation p-value< 5x10−8) [29, 30] comprising variants within or near the genes PRDM16,

PAX3, TP63, C5orf50, and COL17A1, most of them including the nasion landmark, in

particular features characterizing nose width and facial width. The �rst three genes out of

the aforementioned have already been described to play an important role in craniofacial

development. Notably, PAX3 has been associated with nasion position in an independent

GWAS [31], whereas the latter two are potential new key players in facial shape formation.

Despite several limitations, like the absence of the lower part of the face in the MRI data

and thus a limited number of analysis-ready landmarks, or the exclusive focus on genetic
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variants with a minor allele frequency (MAF) greater than 3%, this study demonstrated

that a phenotype as complex as human facial morphology can be successfully investigated

using the GWAS approach. For more information see section 2.1.
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1.2 Analysis of Copy Number Variations (CNVs)

Any two randomly chosen individuals di�er in no more than 0.2% of their DNA sequence.

Approximately 0.1% of the sequence divergence is due to SNPs and another 0.1% can be

explained by copy number variations (CNVs) [32, 33]. CNVs, arising due to rearrangements

of the human genome, e.g. deletions or duplications, are de�ned as structural variations

larger than 1000 base pairs (bp) in size. Common CNVs, de�ned as those occurring in

more than 5% of the population, can be tagged well by nearby SNPs. However, CNVs

occurring less frequently cannot be tagged that well. This highlights the need to analyze

these genetic variations, too, to better understand the underlying genetic mechanisms of

human traits and diseases [34].

1.2.1 CNV-Detection using the A�ymetrix SNP Array 6.0

The A�ymetrix Genome-Wide Human SNP Array 6.0 interrogates more than 906,600

polymorphic SNP-speci�c and 946,000 non-polymorphic probes [35]. The latter are special

probes for copy number detection, but both probe types were subsequently used for CNV

calculation. So far, numerous methods for CNV calling exist, but there is no accepted

gold standard [36, 37]. Therefore, CNV calling was performed with help of the Hidden

Markov Models (HMMs) based methods Canary and Birdseye from the Birdsuite open-

source set of tools [38, 39] and with the PennCNV-A�y tool [40]. Both tools showed good

performance in CNV-detection when compared with other algorithms or quantitative PCR

[41, 42]. Within Birdsuite, the Canary module can be used to genotype a pre-de�ned set of

1316 common CNVs, which are sometimes also referred to as copy number polymorphisms

(CNPs). Additionally, the Birdseye module and the PennCNV-A�y tool can be used to

detect known and discover new copy number alterations in genotyped individuals. Based

on di�erent settings optimized for the respective algorithms, the resulting CNVs as well

as the calculated copy number per individual can di�er across methods.

With the help of Birdseye a total of 1,037,201 CNVs were detected for the 4081 geno-

typed SHIP participants. After applying the very stringent Bochukova's �lter (LOD score

> 10, number of probes ≥ 5, size > 1 kilo bases (kb) and size / (number of probes) <

10 kb) [43], altogether 315,201 CNVs remained that were considered to be reliable, cor-

responding to an average of 77.2 CNVs per individual (17.5 (23%) duplications and 59.8

(77%) deletions). Using PennCNV-A�y with the "agre" HMM model �le, 336,623 CNVs

could be detected for a total of 3223 individuals. After �ltering (similar to Bochukova's

�lter: number of probes ≥ 5, size > 1 kb and size / (number of probes) < 10 kb), 255,964

quality controlled CNVs remained, resulting in on average 79.4 CNVs per individual (32.8

(41%) duplications and 46.6 (59%) deletions) , which are similar numbers as compared to

the Birdseye-derived CNVs (Table 1).
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CNV Number of Number of Average Number

Calling CNV Type detected CNVs after of CNVs

Method CNVs Filtering (%) per Sample

Birdseye Deletion 663,542 243,979 (77.4) 59.8

(N=4081) Duplication 373,659 71,222 (22.6) 17.5

Total 1,037,201 315,201 77.2

PennCNV-A�y Deletion 201,765 150,114 (58.6) 46.6

(N=3223) Duplication 134,858 105,850 (41.4) 32.8

Total 336,623 255,964 79.4

Table 1: Number of CNVs detected using the two di�erent CNV calling methods Birdseye and

PennCNV-A�y. Shown are the numbers of detected and �ltered CNVs in total and per type of

CNV (Deletion or Duplication) as well as the average number of CNVs per sample. The Birdseye-

detected CNVs were �ltered according to Bochukova's �lter (LOD score > 10, number of probes

≥ 5, size > 1 kb and size / (number of probes) < 10 kb) [43] and for the PennCNV-A�y-detected

CNVs a comparable �lter was applied (number of probes ≥ 5, size > 1 kb and size / (number of

probes) < 10 kb).

Number of Number of Average CNV Average

CNV common CNVs unique CNV Size [kb] CNV Count

Type > 500 bp (%) regions (mean ± sd) per Sample

> 500 bp (%) (N=3223)

Deletion 71,656 (81.0) 9,819 (57.4) 71.5 ± 134.1 22.2

Duplication 16,760 (19.0) 6,732 (39.4) 189.4 ± 380.8 5.2

Both 553 (3.2) 190.0 ± 210.2

Total 88,416 17,104 121.7 ± 268.7 27.4

Table 2: Overlap of Birdseye and PennCNV-A�y CNV calls: Shown is a summary of the num-

ber of detected CNVs derived by the two methods Birdseye and PennCNV-A�y and with an

overlap of at least 50% and consistent e�ect direction for a total of 3223 SHIP participants. Alto-

gether, 57.4% and 39.4% of the CNV regions encompassed exclusively deletions or duplications,

respectively, whereas both types were found in 3.2% of the CNV regions.

8



Dissertation Claudia Schurmann 1.2 Analysis of Copy Number Variations (CNVs)

Despite the similarities of both algorithms, the resulting CNVs and the calculated copy

numbers are diverging. To overcome the discrepancy between the two sets of calculated

CNVs, merging of the results on the individual-based level was performed. Considering

only those CNVs with at least 50% sequence overlap and consistent e�ect direction, a total

of 88,416 CNVs for 3223 SHIP individuals remained, corresponding to 17,104 unique CNV

regions (Figure 1). This resulted in an average of about 27.4 CNVs per individual, with

5.2 (19%) of these representing duplications and 22.2 (81%) deletions (Figure 2, Table 2).

Referring to the 17,104 unique CNV regions, the majority (97.6%) can be considered

as rare CNVs with a MAF less than 1%. Furthermore, 1.9% are moderate CNVs exhibiting

a MAF between 1% and 5%, and 0.5% represent common CNVs with a MAF greater than

or equal to 5%. As shown in Table 2, the average CNV size amounts to 121.7 kb, whereas

rare CNVs with an average size of 123.5 kb tend to be larger in size as compared to

moderate and common CNVs with an average size of 52 kb and 25 kb, respectively. MAF

distribution and the average sizes of the unique CNV regions is displayed in Figures 3

and 4, respectively.

Overall, the 17,104 CNV regions detected with both methods represent an average of

3.3 Mega bases (Mb) (0.1%) of the entire genome per individual, which is comparable

to reported CNV studies [33]. A chromosome-wide overview of all CNVs for the SHIP

cohort is provided in Figure 5. Finally, the resulting set of detected CNVs could be used

for association analysis with various phenotypes available for the SHIP cohort.
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Figure 1: Number of uniquely detected CNVs. Shown is the num-

ber of uniquely detected CNVs per chromosome for the 3223 SHIP

participants. Bars are colored according to the type of CNV: Rose,

light green and grey shading indicates duplications, deletions, and

both, respectively.

Figure 2: Average number of detected CNVs per sample: Shown is

the average number of CNVs per individual per chromosome. Dupli-

cations and deletions are colored in rose and light green, respectively.
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Figure 3: MAF distribution of the detected unique CNVs: Shown is

the MAF distribution for 17,104 uniquely detected CNVs. Regard-

less of �ltering out very are CNVs (MAF < 0.1%), the minority are

CNVs with a MAF greater than or equal to 5%.

Figure 4: Size distribution of all unique CNVs: Shown is the size

distribution of all 17,104 uniquely detected CNVs. The median and

mean size of the displayed CNVs is 52.7 and 121.7 kb, respectively.
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Figure 5: CNVs over all samples: Shown are all detected CNVs per chromosome (y-

axis) with their respective chromosomal position (y-axis). Duplications and deletions

are colored in rose and light green, respectively.
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1.2.2 Clinical Relevance of CNVs

Referring to the Catalog of Published Genome-Wide Association Studies [44, 45] GWASs

have been performed on more than 800 di�erent human traits or diseases. The most

frequently analyzed phenotypes are complex human diseases as type 2 diabetes (T2D),

schizophrenia, breast cancer, Alzheimer's disease, asthma, prostate cancer, bipolar disor-

der, coronary heart disease, colorectal cancer, and phenotypes like human body height or

body mass index (BMI) with more than 15 published GWASs for each of the listed traits.

Overweight, de�ned by the World Health Organization (WHO) as a BMI of 25 kg/m2 or

higher [46], is one of the major health burdens worldwide with consequences such as car-

diovascular diseases, T2D and reduced life expectancy. According to the WHO de�nition,

15% of adults and 10% of children are overweight or obese [47] with a strong in�uence

of environmental factors but also a clear genetic predisposition, with an estimated heri-

tability of 40-70% [48, 49]. Despite the huge e�orts in unraveling genetic susceptibility

loci for obesity, only 1.45% of the inter-individual variation in BMI could be explained

with the 32 con�rmed obesity variants [49, 50]. Nevertheless, it has been estimated, that

autosomal SNPs and X chromosomal SNPs together (based on 586,898 SNPs genotyped

in 11,586 unrelated individuals) explain approximately 18% of the variance in BMI [51].

Therefore, it is speculated that at least a part of the missing heritability may be found ei-

ther in epigenetic modi�cations like DNA methylation, or in regulation of gene expression

via micro RNAs (miRNAs), or in low-frequent or rare SNPs and CNVs [49].

The majority of the detected common CNVs which can be tagged by nearby SNPs

explains only a limited part of the genetic contribution to complex traits, and their impor-

tance is therefore controversially discussed [52]. Nevertheless, it has been demonstrated

that rare CNVs with large e�ect sizes indeed play a crucial role in some forms of congenital

morbid obesity.

Rare CNVs at chromosome 16p11.2 have been associated with various phenotypes,

among these the prominent example of morbid obesity, where a 600 kb deletion at this

locus encompassing 28 genes was associated with a 43-fold increased risk for morbid obe-

sity [53, 43]. Furthermore, mental retardation and autism were also linked to locus-speci�c

deletions while corresponding duplications were linked to microcephaly and schizophrenia.

Only a few genetic susceptibility factors for underweight have been reported so far. In

the context of the 16p11.2 CNV region, the described phenotypes autism and schizophre-

nia known to represent opposite psychiatric phenotypes are linked to deletions and du-

plications, respectively. Therefore, it was assumed that the same might be true for obe-

sity and underweight, also representing opposite phenotypes. Underweight, the inverse

of morbid obesity, is de�ned as a BMI ≤ 18.5 kg/m2, and was therefore hypothesized

to be linked to the respective duplication of the obesity-speci�c deletion at the 16p11.2

locus. The study encompassed approximately 95,000 individuals; patients referred for in-

13
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tellectual disabilities and developmental delay as well as psychiatric disorders, individuals

from six obesity cohorts, one eating disorder cohort and nine general population-based

cohorts, including 4070 samples from the SHIP study. Overall, 138 duplication- and 171

deletion carriers have been identi�ed with a signi�cant overrepresentation of duplica-

tions in individuals with developmental or intellectual disabilities, psychiatric disorders,

macrocephaly, and lower weight. Each of the observed phenotypes is the contrary of those

reported earlier in deletion carriers. Head circumference and BMI in carriers of both the

duplication and the deletion were positively correlated, indicating that the two traits may

be regulated by common pathways. Furthermore, it could be demonstrated that measured

gene expression levels in sample-speci�c lymphoblastoid cell lines were positively corre-

lated with the corresponding gene dosages of the respective genes within the 600 kb CNV

region at 16p11.2, but not the �anking regions. The reciprocal impact of the 16p11.2

CNVs indicate that severe obesity and being underweight could have mirror underlying

causes, possibly through contrasting e�ects on energy balance. For more information see

section 2.2.

In a follow-up study 18 CNV regions reported to be associated with obesity [43, 54]

were examined. Only one 220 kb CNV region at 16p11.2 which was independent from

the above mentioned 600 kb CNV region at the same locus could be replicated. This 220

kb CNV region included SH2B1, a gene which has already been associated with BMI in

GWASs. In a second attempt where BMI was analyzed as continuous phenotype, nominal

signi�cant associations of a duplication at 17q22 located between KIF2B and TOM1L1

with increasing BMI and a deletion at 7q31.1 including FOXP2 with decreasing BMI

could be detected. Despite the functional plausibility of the latter two loci, they failed to

survive correction for multiple testing. For more details on the study see section 2.3.

1.2.3 CNV-Detection using the Illumina HumanOmni2.5 Quad BeadChip

As already mentioned in section 1.1, about 1000 SHIP-TREND participants were in-

dividually genome-wide genotyped with the Illumina HumanOmni2.5 Quad BeadChip

arrays in 2010, each targeting more than 2.3 million polymorphic SNP-speci�c probes

[55]. Here, the dense marker spacing enables high resolution for CNV studies. As for the

A�ymetrix Genome-Wide Human SNP Array 6.0, no method of choice exists for the Illu-

mina HumanOmni2.5 Quad BeadChip arrays. Subsequently, CNVs calculated using the

cnvPartition CNV analysis tool [56, 57] within Illumina's GenomeStudio data analysis

software [58] and the PennCNV [59] tool are presented.

Using the cnvPartition tool, 31,957 CNVs larger than 1 kb in size were calculated,

resulting in on average 32.4 CNVs per individual (16.4 (50.6%) duplications and 16.0

(49.4%) deletions). In contrast to this, 198,175 CNVs could be detected with help of

PennCNV with at least �ve SNPs per CNV, size > 1 kb and size / (number of probes)

14
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< 10 kb for the genotyped SHIP-TREND participants. Per individual this sums up to on

average 201 CNVs (171.4 (85%) duplications and 29.6 (15%) deletions).

Merging the CNVs derived by both methods with at least 50% sequence overlap and

consistent e�ect direction resulted in 18,691 CNVs, corresponding to 8575 unique CNV

regions, which represents on average 19 CNVs per individual (7 (37%) duplications and

12 (63%) deletions). Out of the 8757 unique CNV regions, 8330 (97.1%) are rare CNVs

with a MAF < 1%. Furthermore, 221 (2.5%) moderate CNV regions with a MAF between

1% and 5% and 34 (0.4%) common CNV regions with a MAF greater than 5% could be

detected. The average CNV size amounts to 62.12 kb, whereas rare CNVs exhibit a larger

mean size as compared to moderate and common CNVs (63.1 kb, 28.5 kb, and 21.44 kb,

respectively). Overall, the 8,575 CNV regions detected with both methods represent an

average of 1.2 Mega bases (Mb) (0.03%) of the entire genome per individual, which is

clearly smaller than the corresponding number for the SHIP cohort.

Contrary to the CNVs detected for the SHIP cohort, the SHIP-TREND CNVs are

much smaller, most probably due to the higher resolution of the Illumina HumanOmni2.5

Quad BeadChip arrays as compared to the A�ymetrix Genome-Wide Human SNP Array

6.0, resulting in more precise identi�cation of the CNV region's breakpoints. Nevertheless,

CNV-detection using genotyping data generated by microarrays is limited to those genetic

markers that are represented on the respective genotyping platform and will therefore not

always detect the true breakpoints [37].

To validate the detected CNVs, additional experiments have to be performed. Besides

�uorescence in situ hybridization (FISH), and quantitative real-time PCR (qPCR) [60, 61],

array comparative genome hybridization (aCGH) [62], and sequencing approaches [63, 64]

are main technologies for accurate and high-resolution genome-wide CNV mapping [65].
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1.3 Transcriptomics

So far, GWASs identi�ed a huge number of genetic loci in�uencing various human traits

and diseases, but the underlying mechanisms still remain largely unclear, emphasizing

the need of additional analyses. Research in the last decade has demonstrated the po-

tential of gene expression pro�ling in elucidating complex human traits, including disease

susceptibility, when expression is measured in tissue related to the trait of interest [66].

Nevertheless, it could be shown that the easily accessible whole-blood cells express a rep-

resentative proportion (> 80%) of the human genome and can therefore be used to detect

biomarkers of human traits and diseases [67].

1.3.1 Gene Expression Analysis

Global gene expression patterns can be modulated by environmental factors and, the other

way around, human traits or diseases can lead to an altered gene expression pro�le, high-

lighting the importance of the functional analysis of di�erentially expressed genes. There-

fore, another aim of this work was to develop a work�ow for transcriptome-based gene

expression analyses (also referred to as transcriptome-wide association analysis, TWAS)

using a sample of the SHIP-TREND study, in which for about 1000 samples whole-blood

transcriptome data were available in addition to the individual genome-wide genotyping

data. Whereas genotyping of these samples was performed with the Illumina Omni2.5-

Quad BeadChip arrays, each interrogating approximately 2.5 million genetic variants,

whole-blood gene expression levels were measured using the Illumina HumanHT-12 v3

BeadChip arrays, each carrying 48,803 di�erent probes. As compared to the quite robust

genomic data, measured gene expression levels are more prone to measurement errors and

very sensitive towards environmental factors. For example, di�erences in the diet of the

analyzed individuals or exercising immediately before blood donation will in�uence the

gene expression pro�le. Hence, gene expression analysis has to be performed with caution,

ensuring to account for di�erences in the analysis setting.

As already mentioned above, whole-blood transcriptome and individual genome-wide

genotyping data were available for about 1000 participants of the SHIP-TREND study.

Selection criteria were the following: (1) for genotyping and gene expression experiments

at least 500 ng of DNA- and RNA-aliquots had to be available, (2) the RNA integrity

number (RIN), which is a measure of RNA quality, had to be greater than or equal to

seven, (3) participants had to fast for at least ten hours prior to blood donation (measured

as time between last meal before blood donation and time of blood donation itself), (4)

participants had to take part in whole-blood screening and oral glucose tolerance test

(OGTT), and (5) the fasting plasma glucose levels before OGTT had to be less than or

equal to 8 mmol/l. To obtain a wide range of phenotypes for this subset of SHIP-TREND,
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only those individuals were selected, which already took part in MRI screening or at least

con�rmed participation.

After measurement of gene expression levels of the SHIP-TREND samples in terms of

mRNA abundances using the Illumina HumanHT-12 v3 BeadChip array at the Helmholtz

Zentrum München, raw gene expression data were imported to the Gene Expression Mod-

ule within Illumina's GenomeStudio software (V 2010.1) for imputation of missing val-

ues and quality control. Here, samples with less than 6000 signi�cantly detected probes

(P<0.01) were excluded (N=10). Subsequently, the probe level data were exported to the

R environment for further processing. Quantile normalization and log2-normalization was

performed in R using the lumi package [68] from the Bioconductor open source software

[69]. With help of a principal component analysis (PCA) based on expression patterns

of probes localized on the X and Y chromosomes, the sex of the samples was calculated.

No samples had to be excluded due to mismatches with the recorded gender (Figure 6).

After these quality control steps, expression data were available for 991 SHIP-TREND

participants.

Figure 6: PCA based on allosomal probes: Shown are the �rst two eigenvectors (PCs)
(PC1 and PC2 on x- and y-axis, respectively) of the PCA based on the normalized in-
tensity values of X- and Y-chromosomal probes (left) and Y-chromosomal probes (right),
adjusted for technical variables. Rose and light green colored dots represent female and
male individuals, respectively. The explained variance of the �rst two PCs is displayed in
brackets on the axis-labels. PC1 perfectly separates male from female samples, whereby
the explained variance of PC1 amounts to 19% when taking all allosomal probes into
account (left) or even 82% when restricting the analysis to probes located on the Y chro-
mosome (right).
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To obtain analysis-ready gene expression data comparable between di�erent cell types,

analysis designs and cohorts, optimized settings were used for quality control, data trans-

formation and normalization. Technical and biological factors in�uencing measured mRNA

levels were identi�ed and taken into account: the sample storage time (time between blood

donation and RNA isolation), the RNA ampli�cation batch and the RNA quality (RIN).

Furthermore, a new annotation �le was assembled for reliable assignment of the probes

present on the HumanHT-12 v3 BeadChip to the human reference genome. In this con-

text, a comprehensive work describing the methodological aspects for analyzing Illumina

gene expression data has been published recently (see section 2.4).

Finally, derived gene expression levels could be used for association analyses with var-

ious available phenotypes as well as with genetic data. Therefore, an automated analysis

pipeline with help of R scripts and Bash shell scripts has been developed, optimized to be

time-e�cient and able to take di�erent pre-settings and adjustment models into account.

The scripts are provided in appendix A.1.

Pathway analyses represent an additional tool to further elucidate the molecular mech-

anisms underlying the relationship of gene expression levels with human traits or diseases.

There are several open-source as well as commercially available pathway analysis and an-

notation tools, for example GO-Elite as component of the GenMAPP tool suite [70],

the PANTHER (Protein Analysis through Evolutionary Relationships) classi�cation sys-

tem [71], DAVID (the Database for Annotation, Visualization and Integrated Discovery)

[72, 73], the GSEA (Gene Set Enrichment Analysis) tool [74, 75] and the Ingenuity Path-

way Analysis (IPA) tool [76]. Within this work, the IPA tool was used for pathway analyses

in connection with the TWAS.

As for GWASs, meta-analyses are required to maximize the statistical power of whole-

genome expression analyses. In this context, several analyses using the SHIP-TREND gene

expression data have been performed on various phenotypes like gender, age, BMI, smok-

ing status and measured serum lipid levels. Particularly with regard to BMI, the TWAS

meta-analysis of about 2000 whole-blood cell samples from SHIP-TREND (N=991) and

the Cooperative Health Research in the Region of Augsburg study (KORA F4, N=988)

[77] allowed the identi�cation of thousands of genes with BMI-associated transcript lev-

els. Functional enrichment for this set of genes was determined using IPA software and

revealed ten ingenuity canonical pathways enriched by genes that were signi�cantly associ-

ated with BMI. Notably, down-regulation of many genes involved in insulin signaling and

in the NRF2-dependent cellular defense against oxidative stress at increased BMI could

be demonstrated. Decreased insulin signaling and increased systemic oxidative stress at

high BMI both represent well-known epidemiological �ndings. However, the observed ex-

tensive dysregulation on the mRNA level has not been described before in this context.

Furthermore, in particular the results concerning insulin signaling were surprising, be-
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cause blood cells do not belong to the classical insulin-sensitive tissues primarily involved

in glucose homoeostasis, namely liver, skeletal muscle, and adipose tissue. Therefore, the

data substantiated the usability of whole blood gene expression pro�les in the analysis of

complex traits and diseases. For an extensive view on this work, see section 2.5.
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1.3.2 Expression quantitative Trait Loci (eQTL) Analysis

Besides the functional analysis of di�erentially expressed genes, other types of analy-

ses are performed to unravel the complex biological mechanisms underlying identi�ed

disease-associated signals. Among these are the identi�cation of genetic variants causing

altered gene expression levels which are named expression quantitative trait loci (eQTL),

in particular candidate gene approaches where known GWAS signals are associated with

gene expression changes in human tissues [78]. Because the disease-causing genetic variant

within an identi�ed locus is frequently unclear, eQTL studies can help prioritizing GWAS

candidate genes in humans, or even help identifying disease-associated SNPs and their

downstream e�ects.

Recently, many eQTL studies have been performed, analyzing cis and trans regula-

tion of gene expression via common genetic variants using single tissues from unrelated

individuals [79, 80]. Genetic variants, SNPs as well as CNVs, that have an impact on gene

expression levels are usually found in the immediate vicinity of the respective genes and

are therefore called cis-variants, e.g. cis-eQTL SNPs or cis-eQTL CNVs. Mostly they

are located within regulatory elements (e.g. promoters, enhancers, 3'- and 5'-untranslated

regions (3'- and 5'UTRs), miRNA- or transcription factor binding sites) of the respec-

tive cis-eQTL gene. Besides nearby cis-variants, other variants not located in the direct

neighborhood of a gene, for example loci on the same chromosome but not in linkage dis-

equilibrium (LD) or loci on di�erent chromosomes, can also in�uence the gene expression

levels of speci�c genes, and are therefore called trans-eQTL variants.

Using whole-blood gene expression data, it could be shown that eQTLs were highly

robust and reproducible (98.6% and 50% of cis- and trans-eQTLs, respectively) across

studies. (For more details see section 2.6.) In the majority of cases, eQTL SNPs that could

be replicated were heavily enriched near gene starts and ends [81], and generally act by a

mechanism involving allele-speci�c expression [82]. Furthermore, it could be shown that

trait-associated SNPs are more likely to be eQTLs than SNPs not associated with human

traits [83] and that a marked proportion of trait-associated SNPs have a stronger e�ect

on the downstream trans-genes than on the associated phenotypes [84].

For some genes, multiple eQTLs have been uncovered, showing a broad diversity in

terms of e�ect size and direction across di�erent tissues. Out of the identi�ed cis-eQTLs,

approximately 30% are shared among tissues, while another 30% act exclusively cell type-

or tissue-speci�c and are more often found at larger distances from genes and with lower

e�ect sizes. Besides the tissue speci�city, also the e�ect sizes of shared eQTLs di�er

signi�cantly across tissues [85, 86]. SNPs located in transcriptional regulatory elements

are enriched for tissue-dependent regulation, including SNPs in 3'- and 5'-UTRs and

synonymous SNPs (nsSNPs) which do not alter the amino acid sequences of the encoded

proteins in protein coding regions, in contrast to non-synonymous SNPs. Trait-associated
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SNPs more often exert a tissue-dependent e�ect on gene expression as compared to SNPs

that are not trait-associated [87].

Furthermore, eQTL-information can help to explain the heritability by identi�able

genetic factors [83]. Twin studies, comparing similarities of monozygotic and dizygotic

twins, demonstrated that at least 40% of the total heritable cis e�ects on expression

cannot be accounted for by common cis variants, but rather by low-frequency and rare

regulatory variants with respect to both transcriptional regulation and complex trait

susceptibility [79]. A substantial proportion of gene expression heritability is trans to

the structural gene and trans variants act predominantly in a tissue-restricted manner,

usually regulating the transcription of many genes [79].

Analyzing eQTL e�ects across di�erent populations, e.g. Asians, Europeans, and

African subpopulations, half of the cis-eQTLs could be replicated in one or more of

the populations with highly conserved e�ect sizes and e�ect directions. eQTLs close to

transcription start sites have stronger e�ects and therefore are more likely to be detected

across a wider panel of populations [80].

Recently, a large eQTL meta-analysis of more than 5000 whole-blood samples from

seven studies (Fehrmann study (N=1469) [84], the Estonian Genome Center of the Uni-

versity of Tartu study (EGCUT, N=981) [88], SHIP-TREND (N=963), Rotterdam Study

(RS-III, N=762) [26], the Invecchiare in Chianti, aging in the Chianti area study (InCHI-

ANTI, N=611) [89], the Dietary, Lifestyle, and Genetic determinants of Obesity and

Metabolic syndrome study (DILGOM, N=509) [90], and the Heart and Vascular Health

Study (HVH, N=106) [91, 92, 93]) has been performed, identifying trans-eQTLs for

233 trait-associated SNPs, or rather 103 independent loci. For numerous trait-associated

SNPs, e�ects on multiple trans- as well as cis-genes could be demonstrated. This indi-

cated that trans-eQTL analyses generate useful data for identifying downstream e�ects

of trait-associated SNPs which may aid in the identi�cation of causal variants. For more

details see section 2.7.
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1.4 Analysis of Helicobacter pylori serologic Status: An Example

for the Integration of Genome-wide Genotyping and Tran-

scription Data

The integration of whole-genome genotyping and expression data provides new insights

into the underlying biological mechanisms of complex human traits and diseases. Recently,

this could be demonstrated on the example of Helicobacter pylori seroprevalence.

H. pylori is a spiral-shaped, Gram-negative, microaerophilic bacterium that inhabits

the human stomach. Infection with H. pylori causes a chronic sub-clinical in�ammation

of the gastric epithelium and may result in gastric ulcer and stomach cancer. Colonized

individuals exhibit speci�c anti-H. pylori immunoglobulin G (IgG). H. pylori prevalence

varies from less than 10% in asymptomatic children in Western countries to approximately

90% in some developing countries [94]. A contribution of genetic factors to H. pylori

susceptibility is supported by di�erences in H. pylori susceptibility comparing various

ethnic groups after adjusting for socioeconomic status, age, and living conditions [95]

with heritability estimates in twins of 57% [96].

To elucidate the genetic basis for H. pylori infection susceptibility a GWAS meta-

analysis comprising 10,938 individuals from the SHIP (N=3830) and RS (RS-I and RS-II,

N=7108) studies with measured anti-H. pylori IgG-titers was carried out, comparing sam-

ples with the highest 25% IgG (cases) vs. the remaining 75% (controls) with adjustment

for sex and age. The GWAS meta-analysis revealed two independent genome-wide signif-

icant loci, the toll-like receptor (TLR) locus at 4p14 comprising the genes TLR1, TLR6

and TLR10 and the FCGR2A locus at 1q23.3 associated with H. pylori seroprevalence.

TLRs represent pattern recognition receptors of the innate immune system involved in

the activation of the inborn as well as the adaptive immune response. They recognize

evolutionary conserved molecules derived from pathogens, so-called pathogen-associated

molecular patterns (PAMPs), like triacetylated H. pylori membrane lipopeptides. Most

TLRs function as homodimers, with the exception of TLR2, which forms heterodimers

with TLR1, TLR6 or TLR10. Nevertheless it is unknown which TLRs recognize H. pylori

in humans.

Within the TLR locus at 4p14, 57 SNPs exhibited genome-wide signi�cance (associa-

tion p-value < 5x10−8), among these intergenic SNPs (including the lead SNP rs10004195,

P=1.4x10−18), synonymous SNPs, and non-synonymous SNPs (nsSNPs), making it dif-

�cult to identify the TLR gene causally underlying the association. Screening the TLR

genes for nsSNPs in linkage disequilibrium (LD) (r2≥0.6) with the lead SNP rs10004195

revealed TLR1 and TLR10 as two candidates, both containing nsSNPs in their coding

sequences causing amino acid substitutions in the encoded TLR receptors. The TLR1

nsSNPs are rs4833095 (r2=1.0) and rs5743618 (r2=0.95). The former is located in an
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exon encoding the receptor's central extracellular domain, close to the ligand binding-

and dimerization site. Hence, the amino acid exchange might in�uence the ligand binding

e�ciency and/or the intra-molecular transduction of the generated signal to the receptor's

cytoplasmic side. The TLR10 nsSNP rs4129009 (r2=0.77) is located close to the 3'-end

of the single protein coding exon of TLR10 encoding the intracellular Toll/interleukin-1

receptor (TIR) homology domain. The amino acid exchange might in�uence the transduc-

tion of the extracellularly received signal. Therefore, both TLR1 and TLR10 represented

possible candidates causatively underlying the association with the phenotype.

To explore allele-speci�c di�erences in the mRNA levels of one or more of the three

TLR encoding genes and to prioritize a candidate gene in such a way, an eQTL analysis was

performed that encompassed all SNPs in the TLR region at 4p14. The strongest cis-eQTL

associations were detected for TLR1 and TLR10, where the major allele of the GWAS lead

SNP was associated with increased TLR1 and TLR10 mRNA levels as compared to the

minor allele. In addition, exclusively TLR1, but neither TLR6 nor TLR10 turned out to

be transcriptionally up-regulated in the presence of H. pylori in a genotype-independent

manner, thus strongly favoring TLR1 among the three TLR receptors encoded at the

4p14 locus as the one crucially involved in H. pylori recognition.

As pointed out in the manuscript (provided in section 2.8), it has previously been sug-

gested that the TLRs 2, 9, and 8 are involved in the recognition of H. pylori by dendritic

cells which traverse epithelial tight junctions in the intestine to sample luminal bacteria.

Among these TLRs, TLR2 represents the only cell surface receptor/ligand system whose

ligation causes a pronounced anti-in�ammatory signature. Since TLR1 is known to repre-

sent one of the co-receptors of TLR2, the underlying pathomechanism can be hypothesized

as follows: Recognition of H. pylori by dendritic cells (DC) induces speci�c cytokine se-

cretion pro�les. The rs4833095 major allele-speci�c pro�le polarizes the balance between

mucosal T helper 1 (Th1) and T helper 17 (Th17) cells on one side and regulatory T

helper (Treg) cells on the other side towards a Treg-biased anti-in�ammatory response.

This mediates suppression of the Th1/Th17-dependent pro-in�ammatory response and

subsequently favours pathogen persistence in the mucosa of the human stomach (Figure

7(a)). The nsSNP rs4833095 in TLR1 causes an amino acid exchange in the receptor's

ligand-binding and dimerization site. Therefore, according to our model, the minor al-

lele of this SNP speci�es an impaired ligand-binding e�ciency, reduced Treg-biased anti-

in�ammatory and, in turn, a stronger Th1/Th17-dependent pro-in�ammatory immune

response, leading to an improved potential to eradicate the pathogen (Figure 7(b)). This

explains the association of the protective minor rs4833095 allele with lower anti-H. pylori

IgG titer levels.

Nevertheless, this putative switch from a Treg-skewed anti-in�ammatory to a pro-

in�ammatory response has to be proven experimentally. Furthermore, the association
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�ndings have to be replicated in comparable European populations as well as validated

in other ethnic groups, e.g. in South American and Asian cohorts where the prevalence of

H. pylori infection is much higher as compared to Western countries [94, 97]. If TLR1 can

be con�rmed as a key H. pylori receptor in humans, one could think of genetic testing

to evaluate H. pylori susceptibility or development of vaccines targeting this receptor

in individuals exhibiting the susceptibility allele of the SNPs. For more information see

section 2.8.
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Figure 7: Model of the TLR1 -genotype-dependent immune response after recognition of the pathogen H. pylori : Recognition via TLR1 in the

presence of the major allele of nsSNP rs4833095 induces a pronounced anti-in�ammatory immune response 7(a), whereas the rs4833095 minor

allele-associated genotype causes a more pronounced Th1/Th17-dependent pro-in�ammatory response 7(b). Therefore, while the major allele

favors persistence of the pathogen, the minor allele favors pathogen eradication.
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Abstract

Inter-individual variation in facial shape is one of the most noticeable phenotypes in humans, and it is clearly under genetic
regulation; however, almost nothing is known about the genetic basis of normal human facial morphology. We therefore
conducted a genome-wide association study for facial shape phenotypes in multiple discovery and replication cohorts,
considering almost ten thousand individuals of European descent from several countries. Phenotyping of facial shape
features was based on landmark data obtained from three-dimensional head magnetic resonance images (MRIs) and two-
dimensional portrait images. We identified five independent genetic loci associated with different facial phenotypes,
suggesting the involvement of five candidate genes—PRDM16, PAX3, TP63, C5orf50, and COL17A1—in the determination of
the human face. Three of them have been implicated previously in vertebrate craniofacial development and disease, and
the remaining two genes potentially represent novel players in the molecular networks governing facial development. Our
finding at PAX3 influencing the position of the nasion replicates a recent GWAS of facial features. In addition to the reported
GWA findings, we established links between common DNA variants previously associated with NSCL/P at 2p21, 8q24, 13q31,
and 17q22 and normal facial-shape variations based on a candidate gene approach. Overall our study implies that DNA
variants in genes essential for craniofacial development contribute with relatively small effect size to the spectrum of normal
variation in human facial morphology. This observation has important consequences for future studies aiming to identify
more genes involved in the human facial morphology, as well as for potential applications of DNA prediction of facial shape
such as in future forensic applications.
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Introduction

The morphogenesis and patterning of the face is one of the most

complex events in mammalian embryogenesis. Signaling cascades

initiated from both facial and neighboring tissues mediate

transcriptional networks that act to direct fundamental cellular

processes such as migration, proliferation, differentiation and

controlled cell death. The complexity of human facial develop-

ment is reflected in the high incidence of congenital craniofacial

anomalies, and almost certainly underlies the vast spectrum of

subtle variation that characterizes facial appearance in the human

population.

Facial appearance has a strong genetic component; monozy-

gotic (MZ) twins look more similar than dizygotic (DZ) twins or

unrelated individuals. The heritability of craniofacial morphology

is as high as 0.8 in twins and families [1,2,3]. Some craniofacial

traits, such as facial height and position of the lower jaw, appear to

be more heritable than others [1,2,3]. The general morphology of

craniofacial bones is largely genetically determined and partly

attributable to environmental factors [4–11]. Although genes have

been mapped for various rare craniofacial syndromes largely

inherited in Mendelian form [12], the genetic basis of normal

variation in human facial shape is still poorly understood. An

appreciation of the genetic basis of facial shape variation has far

reaching implications for understanding the etiology of facial

pathologies, the origin of major sensory organ systems, and even

the evolution of vertebrates [13,14]. In addition, it is feasible to

speculate that once the majority of genetic determinants of facial

morphology are understood, predicting facial appearance from

DNA found at a crime scene will become useful as investigative

tool in forensic case work [15]. Some externally visible human

characteristics, such as eye color [16–18] and hair color [19], can

already be inferred from a DNA sample with practically useful

accuracies.

In a recent candidate gene study carried out in two independent

European population samples, we investigated a potential

association between risk alleles for non-syndromic cleft lip with

or without cleft palate (NSCL/P) and nose width and facial width

in the normal population [20]. Two NSCL/P associated single

nucleotide polymorphisms (SNPs) showed association with differ-

ent facial phenotypes in different populations. However, facial

landmarks derived from 3-Dimensional (3D) magnetic resonance

images (MRI) in one population and 2-Dimensional (2D) portrait

images in the other population were not completely comparable,

posing a challenge for combining phenotype data. In the present

study, we focus on the MRI-based approach for capturing facial

morphology since previous facial imaging studies by some of us

have demonstrated that MRI-derived soft tissue landmarks

represent a reliable data source [21,22].

In geometric morphometrics, there are different ways to deal

with the confounders of position and orientation of the landmark

configurations, such as (1) superimposition [23,24] that places the

landmarks into a consensus reference frame; (2) deformation [25–

27], where shape differences are described in terms of deformation

fields of one object onto another; and (3) linear distances [28,29],

where Euclidean distances between landmarks instead of their

coordinates are measured. Rationality and efficacy of these

approaches have been reviewed and compared elsewhere [30–

32]. We briefly compared these methods in the context of our

genome-wide association study (GWAS) (see Methods section) and

applied them when appropriate.

We extracted facial landmarks from 3D head MRI in 5,388

individuals of European origin from Netherlands, Australia, and

Germany, and used partial Procrustes superimposition (PS)

[24,30,33] to superimpose different sets of facial landmarks onto

a consensus 3D Euclidean space. We derived 48 facial shape

features from the superimposed landmarks and estimated their

heritability in 79 MZ and 90 DZ Australian twin pairs.

Subsequently, we conducted a series of GWAS separately for

these facial shape dimensions, and attempted to replicate the

identified associations in 568 Canadians of European (French)

ancestry with similar 3D head MRI phenotypes and additionally

sought supporting evidence in further 1,530 individuals from the

UK and 2,337 from Australia for whom facial phenotypes were

derived from 2D portrait images.

Results

Characteristics of the study cohorts from The Netherlands

(RS1, RS2), Australia (QTIMS, BLTS), Germany (SHIP, SHIP-

TREND), Canada (SYS) and the United Kingdom (TwinsUK) are

provided in Table 1. All participants included in this study were of

European ancestry. Facial landmarks in the discovery cohorts

RS1, RS2, QTIMS, SHIP, and SHIP-TREND were derived from

directly comparable 3D head MRIs analyzed using the very same

method (Figure 1). Similar 3D MRIs were available in SYS but the

phenotyping method used here was slightly different (see Method).

For the BLTS and TwinsUK cohorts, facial landmarks were

derived from 2D portrait photos. The SYS (mean age 15 years),

QTIMS (mean age 23 years), and BLTS (mean age 23 years)

cohorts were on average much younger than other cohorts

considered (mean age over 50 years, Table 1). The majority of the

TwinsUK cohort was female (95.5%).

GWAS Human Face

PLOS Genetics | www.plosgenetics.org 2 September 2012 | Volume 8 | Issue 9 | e1002932

2.1 A Genome-wide Association Study identifies five
Loci influencing facial Morphology in Europeans Dissertation Claudia Schurmann

40



For 3D MRI based phenotyping, we focused on the nine most

well-defined landmarks from the upper part of the face, including

Zygion Right (ZygR), Zygion Left (ZygL), Eyeball Right (EyeR),

Eyeball Left (EyeL), Alare Right (AlrR), Alare Left (AlrL), Nasion

(Nsn), Pronasale (Prn), and Subnasale (Sbn) (Figure 1). The lower

part of the face i.e., from underneath the nose further down was

not available due to brain-focussed MRI scanning. Raw landmark

coordinates from 5,388 individuals in the five discovery cohorts

(RS1, RS2, QTIMS, SHIP, and SHIP-TREND) showed system-

atic differences in position and orientation (Figure 2A). They were

superimposed onto a consensus 3D Euclidean space based on

partial PS (Figure 2B). A total of 27 principal components (PCs),

and the centroid size parameter, were derived from the

superimposed landmarks. Eleven PCs, each explaining .1%

and all together explaining 96.0% of the total shape variance, were

selected for further genetic association analysis (Table S1).

Furthermore, we derived 36 Euclidean distances between each

pair of landmarks. The partial PS had no effect on inter-landmark

distances i.e., the distances remain the same after the superimpo-

sition. We derived the phenotypic correlations in discovery cohorts

containing only adults or young adults. The SYS cohort was

excluded from this correlation analysis because the changes

through adolescence may confound the effect of age. Centroid

size was highly correlated with the first PC (r = 0.96, Table S1) as

well as with all 36 inter-landmark distances (mean r = 0.76;

minimal r = 0.56 for Prn-Sbn; maximal r = 0.94 for ZygR-AlrL;

Table S2). Inter-landmark distances were also correlated with each

other (mean r = 0.56; minimal r = 0.10 between EyeL-AlrL and

ZygL-EyeL; maximal r = 0.96 between AlrR-Nsn and AlrL-Nsn;

Table S2). The distances between symmetric landmarks all showed

the highest correlations (Table S2), consistent with general

knowledge about facial symmetry. Compared with females, males

on average had greater centroid size (P,1.06102300) and on

average 5 mm larger inter-landmark distances (Table S3). These

values are similar to the sex-specific ranges previously reported

from cranial data [4]. After adjusting for the effect of centroid size,

the most characteristic sex effect was that males on average had

larger noses than females (AlrL-Prn and AlrR-Prn; 4 mm

difference; P,1.06102141; Table S3). This sex difference is also

illustrated using a thin plate splines deformation (Figure S1),

showing a larger nose size in males (Figure S1C). Increased age

was most significantly associated with increased bizygomatic

distance (ZygR-ZygL, P = 1.96102111, Table S3). This is unlikely

to be explained by the amount of subcutaneous fat in elderly

people since the zygion landmarks were placed on the cortex of the

bone. Heritability of 36 inter-landmark distances was estimated in

79 MZ and 90 DZ Australian twins (range 0.46–0.79, mean 0.67;

Table S4). The phenotypic correlations in MZ pairs (r = 0.71) were

on average much higher than those in DZ pairs (r = 0.28; Table

S4). These estimates are consistent with previous facial morphol-

ogy studies [1,2] and suggest reasonably high reliability of the

derived phenotypes.

We conducted a discovery phase GWAS in the combined

sample (N = 5,388) from RS1, RS2, QTIMS, SHIP, and SHIP-

TREND where facial shape phenotypes were all derived from

comparable 3D head MRIs and using the same approach. We

tested 2,558,979 autosomal SNPs for association with 48 facial

phenotypes, including the centroid size, 36 inter-landmark

Euclidean distances, and 11 shape PCs. Q-Q plots (Figure 3)

and genomic inflation factors (l,1.03) did not show any sign of

inflation of the test statistics. Since many phenotypes tested were

highly correlated (Table S1, Table S2), and Bonferroni correction

of 48 traits would obviously be too stringent, we considered the

traditional threshold P,561028 as the significance threshold in

the discovery phase. The GWAS revealed five independent loci at

P,561028 (Table 2). All these signals were observed for inter-

landmark distances and most involved the nasion landmark. No

genome-wide significant associations were found for individual

PCs or for the centroid size. The genome-wide significantly

associated SNPs were located either within (missense or intronic)

or very close to (,10 kb) the following five genes: PRDM16, PAX3,

TP63, C5orf50, and COL17A1. Notably, our finding at PAX3

reflects an independent discovery from a parallel GWAS of facial

features recently reported by Paternoster et al. [34], which

identified an intronic SNP of PAX3, rs7559271, in association with

the nasion position. In our study, three different SNPs,

rs16863422, rs12694574, and rs974448 at PAX3 on chromosome

2q35, in the same linkage-disequilibrium (LD) block containing

rs7559271, were associated with the distance between the eyeballs

and nasion (7.161027,P,1.661028 for EyeR-Nsn and EyeL-

Nsn; Table 2, Figure 4B). The SNP rs7559271 from Paternoster et

al. was nominally significantly associated with EyeR-Nsn

(P = 0.008) and EyeL-Nsn (P = 0.004) in our data. We therefore

independently confirm a role for PAX3 in contributing to facial

shape variation at the genome-wide scale, which provides

confidence in the remainder of our GWAS findings. Multiple

intronic SNPs of PRDM16 on chromosome 1p36.23-p33 were

associated with nose width and nose height (such as rs4648379,

2.561027,P,1.161028 for AlrL-Prn and AlrR-Prn; Table 2,

Figure 4A). An intronic SNP of TP63 on chromosome 3q28,

rs17447439, showed association with the distance between

eyeballs (P = 4.461028 for EyeR-EyeL, Table 2, Figure 4C). A

SNP rs6555969 very close to C5orf50 on chromosome 5q35.1 was

associated with nasion position (5.861027,P,1.261029 for

ZygR-Nsn, ZygL-Nsn, EyeR-Nsn, and EyeL-Nsn; Table 2,

Figure 4D). A missense SNP rs805722 in COL17A1 on chromo-

some 10q24.3 was also associated with the distance between

eyeballs and nasion (6.561027,P,4.061028 for EyeR-Nsn and

EyeL-Nsn; Table 2, Figure 4E).

We attempted to replicate our GWAS findings in the SYS cohort

(N = 568). Unlike the other (adult) cohorts, the SYS cohort is an

adolescent one, with a mean age of 15 and a minimum age of 12

Author Summary

Monozygotic twins look more alike than dizygotic twins or
other siblings, and siblings in turn look more alike than
unrelated individuals, indicating that human facial mor-
phology has a strong genetic component. We quantita-
tively assessed human facial shape phenotypes based on
statistical shape analyses of facial landmarks obtained from
three-dimensional magnetic resonance images of the
head. These phenotypes turned out to be highly promis-
ing for studying the genetic basis of human facial variation
in that they showed high heritability in our twin data. A
subsequent genome-wide association study (GWAS) iden-
tified five candidate genes affecting facial shape in
Europeans: PRDM16, PAX3, TP63, C5orf50, and COL17A1.
In addition, our data suggest that genetic variants
associated with NSCL/P also influence normal facial shape
variation. Overall, this study provides novel and confirma-
tory links between common DNA variants and normal
variation in human facial morphology. Our results also
suggest that the high heritability of facial phenotypes
seems to be explained by a large number of DNA variants
with relatively small individual effect size, a phenomenon
well known for other complex human traits, such as adult
body height.

GWAS Human Face
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years. This may potentially lead to false negative replications since

the face continues to develop and ossify throughout adolescence in a

different manner than in the adult, especially in male adolescents

[22]. On the other hand, the recent identification of PAX3 [34] was

based on an adolescent cohort. Our independent identification of

PAX3 in adults here demonstrates that at least some genetic effects

on facial features that manifest in adolescence remain detectable in

adulthood. The association signal at PAX3, however, did not

replicate in SYS, possibly due to the small sample size available in

this replication cohort. Likewise, the signals at PRDM16 and TP63

were not replicated in SYS. Two other loci, C5orf50 and COL17A1,

were successfully replicated for the same phenotypes

(0.032,P,7.561025 for C5orf50 and 9.761024,P,5.961024

for COL17A1; Table 2). Besides the exact replication, association

signals at C5orf50 and COL17A1 were observed for multiple

phenotypes, i.e. 16.0% and 18.1% of the 1,540 pair-wise distances

between all 56 landmarks available in SYS [22] (Table 2).

In addition to the direct replication of MRI-based phenotypes in

the SYS cohort, we sought further supporting evidence of

association in a combined data set of two additional samples from

the UK (TwinsUK, N = 1,366) and Australia (BLTS, N = 2,137)

where we localized eight facial landmarks on 2D portrait photos

(illustrated in Figure 5A). Raw landmark coordinates showed

significant differences not only in position and orientation but also

in size (Figure 5B); we thus used full PS including rescaling to

remove these differences (Figure 5C). Note that the inter-landmark

distances from 2D photos, with or without rescaling, do not

represent the absolute distance in terms of millimeters, as those

from 3D MRIs do. Furthermore, the fact that 2D data in general

miss a complete dimension may potentially lead to false negative

replications. Note also that the twin correlations for the inter-

landmark distances, estimated based on 2D photos, were in

general much lower than those from 3D MRIs (r = 0.42 in 218 MZ

pairs, r = 0.16 in 533 DZ pairs; TwinsUK and BLTS combined

sample), indicating that these phenotypes were more noisy than

those derived from the 3D images. In spite of these limitations, we

observed nominally significant associations for approximately the

same phenotypes for 2 of the 5 loci identified from our GWAS,

TP63 and C5orf50 (P,0.05; Table 2). The associations at these 2

loci were also observed for multiple phenotypes, i.e. P,0.05 for

17.9–21.4% of all 28 inter-landmark distances (Table 2). Thus,

except for PRDM16 and PAX3, all loci identified with genome-

wide significance in the discovery cohorts were replicated in 3D

MRI (SYS) or 2D photo (TwinsUK, BLTS) analyses. For PAX3

there was a significant association between rs974448 and the

distance between the eyeballs in the 2D data (beta = 0.30,

se = 0.15, P = 0.045, data not shown, note in Table 2 the results

for PAX3 are shown for Eye-Nsn phenotypes). In our discovery

phase GWAS a total of 102 SNPs at 29 distinct loci showed

significant or suggestive evidence of association (P,561027) with

various facial phenotypes (Table S5). We provide raw genotype

and respective phenotype data for all SNPs that revealed genome-

wide significant and suggestive evidence (Table S6) to make our

most important findings publically available to other researchers

who may wish to explore them further.

Finally, we re-investigated the potential association between

SNPs previously involved in NSCL/P and normal facial shape

variation in our discovery cohorts (Table 3). For this purpose, we

tested associations between facial phenotypes and 11 SNPs

ascertained in our previous candidate gene study [20], originally

discovered in previous GWAS on NSCL/P [35,36,37,38]. Five

SNPs at 4 candidate NSCL/P loci were significantly associated

with normal facial phenotypes even after a strict Bonferroni

correction of multiple testing of all 48 correlated phenotypes

(Table 3). These included rs7590268 at 2p21, rs16903544 and

rs987525 at 8q24, rs9574565 at 13q31, and rs227731 at 17q22.

All these SNPs were also associated with over 10% of 48 facial

phenotypes at P,0.05, where rs987525 at 8q24 was associated

with over half of the studied phenotypes (52.08%, Table 3). In

addition, the SNP rs642961 at chromosome 1q32 was associated

with 27.1% of the studied phenotypes at P,0.05, although the

minimal P value was not significant after the over-conservative

Bonferroni correction. The SNP rs1258763 at 15q13 was

nominally significantly associated with nose-width (P = 0.03 for

AlrR-AlrL, Table 3), although not significant after the Bonferroni

correction. These findings strongly suggest that genetic variants

involved in NSCL/P also influence normal facial shape variation.

Discussion

We identified five independent loci at 1p36.23-p33, 2q35, 3q28,

5q35.1, and 10q24.3 consisting of common DNA variants

associated with normal facial shape phenotypes in individuals of

European ancestry. Candidate genes at these loci include PRDM16

(PR domain containing 16), PAX3 (paired box 3), TP63 (tumor

protein p63), C5orf50 (chromosome 5 open reading frame 50), and

COL17A1 (collagen, type XVII, alpha 1). In addition to our GWA

findings, we confirmed links between NSCL/P cleft associated

SNPs at 2p21, 8q24, 13q31, and 17q22 and normal human facial

shape variation based on a candidate gene approach.

From a statistical perspective, the most robust result was the one

at the PAX3 locus. We identified this gene in our discovery GWAS,

a finding independent of, but consistent with, a recent GWAS

[34]. Although the association with the same set of phenotypes

Table 1. Characteristics of the study subjects (N = 9,823).

Cohort Country Individual For Image N Male% Age ± sd

RS1 Netherlands Unrelated discovery 3D head MRI 2,470 46.4 59.7 6 8.0

RS2 Netherlands Unrelated discovery 3D head MRI 745 43.1 59.0 6 7.9

QTIMS Australia Twins discovery 3D head MRI 545 39.6 23.7 6 2.3

SHIP Germany Unrelated discovery 3D head MRI 797 47.3 46.0 6 12.8

SHIP-TREND Germany Unrelated discovery 3D head MRI 831 44.8 50.4 6 13.6

SYS Canada Siblings replication 3D head MRI 568 48.1 15.1 6 1.9

TwinsUK UK Twins replication 2D portrait photo 1,530 9.5 58.4 6 12.9

BLTS Australia Twins replication 2D portrait photo 2,337 47.8 23.6 6 4.6

doi:10.1371/journal.pgen.1002932.t001
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failed replication in our replication cohorts, the identification of

the same locus at the genome-wide significant level from

completely independent GWASs cannot be coincidence. This

provides strong statistical evidence that the PAX3 gene is indeed

involved in facial morphology. The signal observed at C5orf50 at

5q35.1 in association with the nasion position was successfully

replicated in both SYS using 3D MRI derived phenotypes under

similar (buit not identical) methodology as well as in a combined

sample of TwinsUK and BLTS using 2D photograph derived

phenotypes. The association signal observed at COL17A1 was

replicated only in SYS (3D MRI) and that at TP63 was replicated

only in TwinsUK and BLTS (2D photos). The signal observed at

PRDM16 was not replicated in our replication cohorts. The failure

in replication for some of our GWAS findings may be explained by

physical limitations in our replication cohorts as discussed in detail

below.

Three of the five loci identified in this study have previously

been shown to play an essential role in craniofacial development;

in particular, they have been implicated in orofacial clefting

phenotypes in mice or humans. PAX3 encodes a developmentally

important transcription factor expressed in neural crest cells, a

multipotent cell population contributing to most differentiated cell

types in the vertebrate face. In humans, PAX3 is one of six genes

mutated in Waardenburg syndrome, which is characterized by a

range of neural crest related phenotypes including minor facial

dysmorphism manifest as a broad nasal root and an increased

distance between the medial canthi or corners of the eye

(telecanthus) [39]. Studies in mice have demonstrated that failure

to down regulate PAX3 during neural crest differentiation leads to

cleft palate, due to inhibitory effects on osteogenesis [40]. Of

particular relevance to this study, a recent GWAS detected an

association between PAX3 and position of the nasion [34].

PRDM16 was previously identified as a SMAD binding partner;

it is thought to act in downstream mediation of TGFb signaling in

developing orofacial tissues [41]. Consistent with this role,

PRDM16 is expressed in both the primary and secondary palate

and the nasal septum in mouse embryos [41]. Functional studies in

mice confirm a role in craniofacial development, with an N-ethyl-

N-nitrosourea-induced mutation in PRDM16 resulting in cleft

palate and other craniofacial defects including mandibular

hypoplasia [42]. Moreover, variants at the human PRDM16 locus

have been implicated in NSCL/P [42].

TP63 encodes a transcription factor belonging to the p53 family,

and plays important roles in orchestrating developmental signaling

and epithelial morphogenesis. Heterozygous mutations in human

TP63 are associated with a number of allelic syndromes

characterized by orofacial defects, including Ectrodactyly-Ecto-

dermal dysplasia-Cleft lip/palate and Ankyloblepharon-Ectoder-

mal dysplasia-Clefting [43]. Furthermore, TP63 has been impli-

cated in human NSCL/P [44], and null mice recapitulate the

human orofacial clefting phenotypes [45].

The remaining two loci identified in the discovery sample and

replicated in both the SYS and TwinsUK & BLTS samples have

no previously known direct involvement in craniofacial develop-

ment to date. C5orf50 at 5q35.1 is predicted to encode an

uncharacterized transmembrane protein, which lies within a

1.24 Mb duplicated region in a patient with preaxial polydactyly

and holoprosencephaly (HPE), a defect in development of the

forebrain and midface [46]. The most likely candidate in the

duplicated region is FBXW11, a gene with links to sonic hedgehog

signaling, the main pathway affected in HPE [47]. It is therefore

possible that variants at the C5orf50 locus influences craniofacial

patterning through effects on FBXW11 expression, although it is

also feasible that the protein encoded by C5orf50 has a novel, and

Figure 1. Nine facial landmarks extracted via image registra-
tion tools from 3D MRIs. An MRI of one of the authors (MK) is used
for illustration. A, with the landmark for left zygion (ZygL) highlighted,
where a clipping plane was used to uncover the bone; B, with the
landmarks for left (EyeL) and right pupils (EyeR) highlighted, where a
clipping plane was used to uncover the vitreous humor; C, with the four
nasal landmarks highlighted, including the left alare, nasion (Nsn),
pronasale (Prn), and subnasale (Sbn).
doi:10.1371/journal.pgen.1002932.g001
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more direct, effect on the face. Mutations in COL17A1 cause

Junctional epidermolysis bullosa (JEB), a genetic blistering

condition [48], however, there is no evidence to date for a direct

involvement of this gene in craniofacial morphogenesis. Our data

suggest that COL17A1 may play an as yet undefined role in

patterning facial tissues. However, the association signal observed

for COL17A1 at 10q24.3 spans a 300 kb region (105.7 Mb–

106 Mb) and also harbors other genes including SLK, C10orf78

and C10orf79. Thus, we cannot exclude the possibility that these

genes are responsible for the observed association.

Many medical-genetic syndromes show a clear connection

between genetic alteration and typical facial gestalt [49], hence

genes involved in affected individuals may also contribute to

normal variations in facial shape. Our previous study of 11

NSCL/P associated SNPs [20] showed some borderline signifi-

cance for association with nose-width and bizygomatic distance

but inconsistent effect was observed in two populations studied

(Rotterdam and Essen). This discrepancy may be partially

explained by sample size and different sources of facial phenotype,

namely 3D MRI in the Rotterdam Study and 2D portrait photos

in Essen. In the 2D facial pictures in the Essen sample, for

instance, the bizygomatic distance was defined indirectly by

neighboring landmarks of the face [50]. In the current study using

3D MRI data in a larger sample (N = 5,388), multiple SNPs

showed significant association with multiple facial phenotypes,

even after an over-conservative Bonferroni correction. Thus, in

the present study we established clear links between NSCL/P

associated SNPs at 2p21, 8q24, 13q31, and 17q22 and normal

facial shape phenotypes, including nose width and facial width, in

general populations of European descent. This is in line with

previous evidence showing that unaffected relatives of NSCL/P

cleft patients have wider upper faces and noses than unrelated

individuals [51,52]. Together with our GWAS findings at three

loci previously known to play a role in orofacial clefting, our data

strongly suggest that genetic variants associated with NSCL/P also

influence normal facial shape variation.

This study is not without limitations. The limited number of

landmarks used in this study cannot capture the full range of the

complex 3D shape variation in the face. This is partly due to the

physical limitation of our MRI data that miss the lower part of the

face and partly due to other factors such as partial incompatibility

of 3D and 2D image sources for phenotype extraction. Conse-

quently, some of the significant associations based on 3D distances

could not be tested in the 2D photo analysis. For instance, the

zygion landmarks available in 3D MRI could not be successfully

derived in 2D photos. Further, the precision of phenotypes derived

from 2D photos is expected to be lower than that from 3D MRIs.

This is indicated by the lower twin correlations in 2D photos than

in 3D MRI. Phenotypic noise in 2D photos may arise from slight

differences in face orientation, an effect that cannot be removed by

PS without measuring the 3rd coordinate. Furthermore, different

image sizes and pixel resolutions in 2D photos may also influence

the phenotyping results. Thus, we used the 2D photo analysis to

provide supporting information but cannot be considered as an

exact replication. Another concern is that the facial landmarks

from the SYS cohort were derived in a previous study [22] based

on slightly different definitions compared with the ones from the

five discovery cohorts. This may potentially lead to some

heterogeneity in replication results. Furthermore, the SYS cohort

consists of adolescents. Some of us have shown previously that

several facial features continue to change during the male (but not

female) adolescents [23]. This study included only samples of

European ancestry, which reduces the potential risk of false

positive findings due to systematic genetic differences between

different populations. On the other hand, further investigation in

world-wide samples is required to generalize our findings to

populations other than Europeans, and to investigate the genetic

basis of particular facial phenotypes that are absent from

Europeans. In addition, we have only focused on common

variants (MAF.3%); further investigations of less common and/or

quite rare variants as for instance available from next generation

sequencing data may provide a more complete figure on the

genetic basis of facial morphology.

In spite of these limitations we have been able to demonstrate that

a phenotype as complex as human facial morphology can be

successfully investigated via the GWAS approach with a moderately

large sample size. Three of the five loci highlighted here map to

known developmental genes with a previously demonstrated role in

craniofacial patterning, one of which has been unequivocally

associated with nasion position in a recent independent GWAS

[34]. The remaining two loci map to or close to C5orf50 and

COL17A1, neither of which have previously been implicated in

facial development. The associated DNA variants may either affect

neighboring genes, or alternatively identify C5orf50, and COL17A1

as potential new players in the molecular regulation of facial

patterning. Overall, we have uncovered five genetic loci that

contribute to normal differences in facial shape, representing a

significant advance in our knowledge of the genetic determination of

facial morphology. Our findings may serve as a starting point for

Figure 2. Facial landmarks from 3D MRI in all 5,388 individuals
from the discovery cohorts RS1, RS2, QTIMS, SHIP, and SHIP-
TREND. A, all raw landmarks before un-scaled PS; and B, after un-scaled
PS.
doi:10.1371/journal.pgen.1002932.g002
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future studies, which may test for allele specific expression of these

candidate genes and re-sequence their coding regions to identify

possible functional variants. Moreover, our data also highlight that

the high heritability of facial shape phenotypes (as estimated here

and elsewhere), similar to that of adult body height [53], involves

many common DNA variants with relatively small phenotypic

effects. Future GWAS on the facial phenotype should therefore

employ increased sample sizes as this has helped to identify more

genes for many other complex human phenotypes such as height

[53] and various human diseases. Combined with the emerging

advances in 3D imaging techniques, this offers the poteintial to

advance our understanding of the complex molecular interactions

governing both normal and pathological variations in facial shape.

Materials and Methods

Rotterdam Study (RS), The Netherlands
The RS is an ongoing population-based prospective study

including a main cohort RS-I [54] and two extensions RS-II and

RS-III [55,56], including 15,000 participants altogether, of whom

12,000 have GWAS data. Collection and purification of DNA

have been described in detail previously [57]. A subset of

participants were scanned on a 1.5 T General Electric MRI unit

(GE Healthcare, Milwaukee, WI, USA), using an imaging protocol

including a 3D T1-weighted fast RF gradient recalled acquisition

in steady state with an inversion recovery prepulse. The

following parameters were used: 192 slices, a resolution of

0.4960.4960.8 mm3 (up sampled from 0.660.760.8 mm3 using

zero padding in the frequency domain), a repetition time (TR) of

13.8 ms, an echo time (TE) of 2.8 ms, an inversion time (TI) of

400 ms, and a flip angle of 20u. More details on image acquisition

can be found elsewhere [58]. The Medical Ethics Committee of

the Erasmus MC, University Medical Center Rotterdam,

approved the study protocol, and all participants provided written

informed consent. Principal components analysis of SNP micro-

array data was used to identify ancestry outliers. These were

removed before further analyses, and the present sample is of

exclusively northern/western European origin. The current study

included 3,215 RS participants who had both SNP microarray

data and 3D MRI. These participants were considered here as two

cohorts (RS1 N = 2,470 and RS2 N = 745) as they were scanned

and genotyped at different times.

Brisbane Longitudinal Twin Study (BLTS) and Queensland
Twin Imaging Study (QTIMS), Australia

Adolescent twins and their siblings were recruited over a period

of sixteen years into the BLTS at 12, 14 and 16 years, as detailed

elsewhere [59] and as young adults into the QTIMS [60,61]. The

present study includes a sub-sample of 545 young adults (aged 20–

30 years, M = 23.762.3 years; 79 MZ and 90 DZ pairs, 110

unpaired twins, and 97 singletons, from a total of 332 families)

from QTIMS with 3D MRIs, and 2,137 adolescents (aged 10–22

years, M = 15.661.5 years; 311 MZ and 530 DZ pairs, 44

unpaired twins and 411 singletons, from a total of 1,038 families)

from BLTS with 2D portrait photos. 3D T1-weighted MR images

were collected at the Centre for Advanced Imaging, University of

Queensland, using a 4T Bruker Medspec whole body scanner

(Bruker Medical, Ettingen, Germany) [61]. 2D portrait photos

were taken from a distance of 1–2 meters for identification, with

Figure 3. Quantile-Quantile (Q-Q) plots for the GWAS. Quantile-
Quantile plots for the GWAS of (A) AlrL-Prn, (B) EyeL-Nsn, (C) EyeL-EyeR,
and (D) ZygR-Nsn.
doi:10.1371/journal.pgen.1002932.g003
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no specific instruction given to smile. Those who had both 3D

MRI scans and 2D photos were included in discovery GWAS and

excluded from the replication analysis in 2D photos. Over 70%

were digital with the remainder being scanned from high quality

film. The study was approved by the Human Research Ethics

Committee, Queensland Institute of Medical Research. Informed

consent was obtained from all participants (or parent/guardian for

those aged less than 18 years).

Study of Health In Pomerania (SHIP), Germany
The SHIP is a longitudinal population based cohort study

assessing the prevalence and incidence of common, population

relevant diseases and their risk factors with examinations at

baseline (SHIP-0, 1997–2001), 5-year-follow-Up (SHIP-1, 2002–

2006) and an ongoing 10-year-follow-Up (SHIP-2, 2008–2012)

[62,63]. Data collection from the baseline sample included 4,308

subjects. A new cohort targeted 5,000 participants (SHIP-

TREND) has been started parallel to the SHIP-2-Follow-Up. In

addition to the baseline examinations, participants of SHIP-2 and

SHIP-TREND also had a whole-body MRI scan [64]. MRI

examinations were performed on a 1.5T MR imager (Magnetom

Avanto; Siemens Medical Systems, Erlangen, Germany). Head

scans were taken with an axial ultra-fast gradient echo sequence

(T1 MPRage, TE 1900.0, TR 3.4, Flip angle 15u,
1.061.061.0 mm voxel size). The present study includes 797

SHIP as well as 831 SHIP-TREND participants which had both

SNP genotyping data and 3D MRI. The medical ethics committee

of University of Greifswald approved the study protocol, and oral

and written informed consents were obtained from each of the

study participants.

Saguenay Youth Study (SYS), Canada
Adolescent sibpairs (12 to 18 years of age) were recruited from a

French-Canadian population with a known founder effect living in

the Saguenay-Lac-Saint-Jean region of Quebec, Canada in the

context of the ongoing Saguenay Youth Study [65]. Local ethics

committee approved the study; the parents and adolescent

participants gave informed consent and assent, respectively.

MRI was acquired on a Phillips 1.0-T magnet using the following

parameters: 3D radio frequency spoiled gradient-echo scan with

140–160 slices, an isotropic resolution of 1 mm, TR 25 ms, TE

5 ms, and flip angle of 30u. Outlying individuals including those

with putative Indigenous American admixture were excluded

based on genetic outlier analysis [66]. The current study contains

568 adolescents with MRI and SNP data.

St. Thomas’ UK Adult Twin Registry (TwinsUK), United
Kingdom

The TwinsUK cohort is unselected for any disease and is

representative of the general UK population [67]. All were

volunteers, recruited through national media campaigns. Written

informed consent was obtained from every participant. Population

substructure and admixture was excluded using eigenvector

analysis on SNP microarray data. The current study included

1,366 individuals with 2D portrait photos and SNP microarray

data.

Facial landmarks from 3D head MRI
In our discovery cohorts, since the lower part of the face was not

available from the MRIs, we focused on nine landmarks of the

upper face (Figure 1). These included Right (ZygR) and left (ZygL)

zygion: the most lateral point located on the cortex of the

zygomatic arches; right (EyeR) and left (EyeL) eyeball: the middle

point of the eyeball; right (AlrR) and left (AlrL) alare: the most

lateral point on the surface of the ala nasi; nasion (Nsn): the skin

point where the bridge of the nose meets the forehead; pronasale

(Prn): the most anterior tip of the nose; subnasale (Sbn): the point

where the base of the nasal septum meets the philtrum. Although

these landmarks provide only a very sparse representation of the

facial shape, they cover most prominent facial features and are

easy to interpret and compare to other studies [22,34,51].

Table 2. SNPs associated with facial shape features from discovery GWAS and their replications.

Discovery
(N = 5,388) SYS (N = 568)

BLTS+TwinSUK
(N = 3,867)

Gene SNP Chr BP Eff Alt FreqEff Trait* Beta Se P Beta se P % Beta se P %

PRDM16 rs4648379 1p36.23-p33 3251376 T C 0.28 AlrL-Prn 20.26 0.05 1.13E-08 0.02 0.21 0.930 1.1 0.13 0.09 0.152 0.0

AlrR-Prn 20.24 0.05 2.50E-07 20.04 0.22 0.841 0.15 0.09 0.096

PAX3 rs974448 2q35 222713558 G A 0.17 EyeR-Nsn 0.29 0.05 1.56E-08 20.19 0.20 3.6E-01 1.0 0.10 0.13 0.438 3.6

EyeL-Nsn 0.29 0.05 7.06E-08 0.06 0.14 6.6E-01 0.21 0.12 0.076

TP63 rs17447439 3q28 191032117 G A 0.04 EyeR-EyeL -0.91 0.15 4.44E-08 20.42 0.68 5.4E-01 6.4 20.56 0.27 0.043 21.4

C5orf50 rs6555969 5q35.1 171061069 T C 0.33 ZygR-Nsn 0.41 0.07 1.17E-09 0.31 0.14 3.2E-02 16.0 — — — 17.9

ZygL-Nsn 0.35 0.07 5.80E-07 0.39 0.14 5.6E-03 — — —

EyeR-Nsn 0.24 0.04 2.05E-08 0.42 0.12 3.7E-04 0.06 0.10 0.590

EyeL-Nsn 0.26 0.04 2.28E-09 0.47 0.12 7.5E-05 0.21 0.10 0.031

COL17A1 rs805722 10q24.3 105800390 T C 0.19 EyeL-Nsn 0.29 0.05 3.97E-08 0.54 0.16 5.9E-04 18.1 0.08 0.10 0.510 0.0

EyeR-Nsn 0.26 0.05 6.47E-07 0.51 0.15 9.7E-04 20.23 0.13 0.074

SNPs with P,5e-8 in discovery phase are shown, one SNP per loci; symmetric facial features are shown for both when one is involved.
FreqEff, the overall frequency of the effect allele in all cohorts.
Units in the discovery and SYS cohorts are in millimeters.
% in SYS, the percentage of P values,0.05 for testing 1,540 pair-wise distances between 56 landmarks.
% in BLTS+TwinsUK, the percentage of P values,0.05 for testing 28 pair-wise distances between 8 landmarks.
*Zygions could not be reliably derived from BLTS and TwinsUK 2D portrait photos.
doi:10.1371/journal.pgen.1002932.t002
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Furthermore, these landmarks could be measured with higher

accuracy from images than most semilandmarks [22].

The coordinates of these nine landmarks were derived with an

automated technique as described previously [20], which uses

image registration to transfer predefined landmarks from a limited

set of annotated images to an unmarked image. The manual

annotation was based on landmark definitions from the anthro-

pology literature [68], which were adapted for application to T1-

weighted MR images of the head. None of the MRI showed

distortions in a visual inspection. Furthermore, the automatically

localized landmark positions were robust against the number of

samples included. The test-retest correlations based on a subset of

40 subjects from QTIMS who were scanned twice were high

(r.0.99).

In the SYS cohort, in total 56 facial landmarks were available

from a previous quantitative analysis of craniofacial morphology

using 3D MRI [22]. In brief, an average MRI was constructed

using non-rigid image registration. The surface of this average

image represents the mean facial features and was then annotated

with 56 landmarks and semi-landmarks. These landmarks were

then warped using the nonlinear transformation that maps each

subject to the average. This allows for automatic identification of

the different craniofacial landmarks.

Facial landmarks from 2D portrait photos
We defined eight landmarks in 2D portrait photos that

approximately correspond to the respective landmarks ascertained

from our 3D MRIs. These include EyeL, EyeR, Prn, AlrL,

AlrR, Nsn, earlobe left (EarL), and earlobe right (EarR)

(Figure 5A). Note the Sbn, ZygL and ZygR landmarks available

in 3D MRIs could not derived in 2D photos. We developed an

algorithm to locate these landmarks in 2D portrait images and

implemented it in an in-house C++ program. Briefly, the

algorithm first recognizes the face layout within an image by

matching a face template. It then recognizes eyes, nose, and

ears by matching corresponding templates. The template

matching routines were based on external open source

computer vision library, OpenCV 2.3.1 (http://sourceforge.

net/projects/opencvlibrary/). The automatically identified

landmarks were then manually adjusted by 5 research assistants

on a standard computer screen.

Facial shape phenotypes
We used un-scaled PS, or partial PS [24,69], to superimpose the

landmarks from the 3D MRIs in the discovery cohorts onto a

consensus 3D Euclidean space. Unlike full PS, partial PS only re-

positions and re-orientates but does not rescale the landmark

configurations; thus, it has no effect on the Euclidean distances

between landmarks as measured in terms of millimeters from

MRIs. Keeping the absolute inter-landmark distances allows us to

interpret the association results more directly. Furthermore, the

full PS has been criticized for introducing artificial correlations

Figure 4. Five genomic regions harboring SNPs reaching
genome-wide significant associations with facial shape phe-
notypes in a meta-analysis of five GWAS in discovery cohorts.
The association signals (the 2log10 P-values) are plotted against
physical positions of each SNP in a 400 kb region centered by the most
significantly associated SNP (NCBI build 36.3). Known genes in the
region are aligned at the bottom. A. 1p36.23-p33 associated with AlrL-
Prn, candidate gene PRDM16; B. 2q35 associated with EyeR-Nsn,
candidate gene PAX3; C. 3q28 associated with EyeR-EyeL, candidate
gene TP63. D. 5q35.1 associated with EyeL-Nsn, candidate gene C5orf50;
E. 10q24.associated with EyeL-Nsn, candidate gene COL17A1.
doi:10.1371/journal.pgen.1002932.g004
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between landmarks [70]. We considered the centroid size as a

measurement of face size, and it was significantly correlated with

absolute head volume (r = 0.95). We derived 11 principal

components (PCs) from the superimposed landmarks, each

explaining at least 1% of the total phenotypic variance. We also

derived 36 Euclidean distances between all pairs of landmarks.

Thus 48 phenotypes were included in our GWAS, including

centroid size, 11 PCs, and 36 inter-landmark distances. All

phenotypes were approximately normally distributed and outliers

(.3sd) were removed. Deformation approaches including the use

of transformational grids provide an alternate way to study shape

difference. Thin plate splines (TPS) [27] depicts the deformation

geometrically, where the total deformation is decomposed into

several orthogonal components to localize and illustrate the shape

differences. We used TPS to illustrate the facial shape differences

between males and females using the tpsgrid function in R library

shapes.

For 3D MRI data in SYS, we used the 56 landmarks derived in

a previous study and calculated 1,540 Euclidean distances between

all pairs of landmarks. These distances were considered as

phenotypes in our replication analysis of GWAS findings. We

also chose a subset of nine landmarks most closely resembled those

used for the current study for exact replication.

Since the size of the face vary substantially between 2D portrait

images, we used the full PS [24] to also remove the scaling

differences between landmark configurations. Note that the inter-

landmark distances from 2D photos do not represent the absolute

distances in terms of millimeters regardless of whether full or

partial PS was used. After superimposition, we calculated 28

Euclidean distances between all pairs of the 8 landmarks, which

were considered as phenotypes in the replication analysis. The PS

analyses were performed with CRAN package shapes developed

by Ian Dryden [30].

Heritability analysis
By clarifying which facial features are under strong genetic

control, we should be better able to identify specific genes that

influence facial variation. Heritability estimates are also important

indicators of the phenotype quality. Using QTIMS (79 MZ pairs,

90 DZ pairs) heritability analysis was carried out in Mx [71] using

full information maximum likelihood estimation of additive

genetic variance (i.e. heritability), common environmental vari-

ance, and unique environmental variance. Sex and age were

included as covariates. Phenotypic correlations were estimated in

BLTS (311 MZ pairs, 90 DZ pairs) and in TwinsUK (93 MZ pairs,

352 DZ pairs) where the facial shape phenotypes were derived

from 2D photos.

Genotyping, imputation, quality control
Details of SNP microarray genotyping, quality control and

genotype imputation are described in prior GWAS conducted in

RS [16], QTIMS and BLTS [72], SHIP [62], SYS [73], and

TwinsUK [74]. In brief, DNA samples from the RS, BTNS, SYS

and TwinsUK cohorts were genotyped using the Human 500–610

Quad Arrays of Illumina and samples from SHIP were genotyped

using the Genome-Wide Human SNP Array 6.0 of Affymetrix and

HumanOmni2.5 of Illumina, respectively. Genotyping of the

SHIP-TREND probands (n = 986) was performed using the

Illumina HumanOmni2.5-Quad, which has not been reported

previously and described here as follows. DNA from whole blood

was prepared using the Gentra Puregene Blood Kit (Qiagen,

Hilden, Germany) according to the manufacturer’s protocol.

Purity and concentration of DNA was determined using a

NanoDrop ND-1000 UV-Vis Spectrophotometer (Thermo Scien-

tific). The integrity of all DNA preparations was validated by

electrophoresis using 0.8% agarose-1x TBE gels stained with

ethidium bromide. Subsequent sample processing and array

hybridization was performed as described by the manufacturer

(Illumina) at the Helmholtz Zentrum München. Genotypes were

called with the GenCall algorithm of GenomeStudio Genotyping

Module v1.0. Arrays with a call rate below 94%, duplicate samples

as identified by estimated IBD as well as individuals with reported

and genotyped gender mismatch were excluded. The final sample

Figure 5. Facial landmarks from 2D portrait photos. Eight facial
landmarks extracted from a 2D portrait photo of one of the authors
(MK) to illustrate facial shape phenotyping in the 2D portrait photos (A).
Landmark configurations in 2D photos from 3,503 individuals from the
replication cohorts BLTS and TwinsUK before (B), and after (C) full PS.
Note that raw landmarks in B appeared to be upset-down of a face,
which were rotated by 180u in C.
doi:10.1371/journal.pgen.1002932.g005
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call rate was 99.51%. Imputation of genotypes in the SHIP-

TREND cohort was performed with the software IMPUTE

v2.1.2.3 against the HapMap II (CEU v22, Build 36) reference

panel. 667,024 SNPs were excluded before imputation (HWE p-

value#0.0001, call rate #0.95, monomorphic SNPs) and 366

SNPs were removed after imputation due to duplicate RSID but

different positions. The total number of SNPs after imputation and

quality control was 3,437,411. The genetic data analysis workflow

was created using the Software InforSense. Genetic data were

stored using the database Caché (InterSystems). After SNP

imputation to the HapMap Phase II CEU reference panel (Build

36) and quality control, 2,558,979 autosomal SNPs were common

in all discovery cohorts and used for analyses.

GWAS and replication
We conducted discovery phase GWAS in a combined set of all

discovery cohorts (RS1, RS2, QTIM, SHIP, SHIP-Trend) for 48

facial shape phenotypes. Imputed GWAS data in all discovery

cohorts were merged according to the positive strand. We tested

2,558,979 autosomal SNPs with linear regression (adjusted for sex,

age, EIGENSTRAT-derived ancestry informative covariates [75],

plus any additional ancestry informative covariates as appropriate)

in GenABEL [76]. The centroid size was adjusted in the analysis

of inter-landmark distances. SNPs with MAF,3%, overall call

rate ,95%, and HWE P,161023 were not considered for report.

Genomic inflation factors were estimated in range 1.0–1.03 for all

studied phenotypes. The observed P-values were Q-Q plotted

against the expected P-values at 2log10 scale. We considered the

traditional threshold of 561028 as being genome-wide significant

since many phenotypes were highly correlated. All SNPs in this

study were annotated based on NCBI build 36.3.

The linear modeling used here separately analyzes each facial

phenotype. It is also possible to derive a global P-value for testing

the shape difference between different genotype groups using other

approaches, such as the Euclidean Distance Matrix Analysis

(EDMA) [28,29] and the multivariate analysis of variance

(MANOVA) [77]. The EDMA computes a score of the maximal

ratio [28] or difference [29] between the mean shapes estimated in

two groups. Since this score does not follow a known distribution,

the statistical significance is derived by bootstrapping all landmark

configurations. In the context of GWAS, this bootstrap procedure

should be conducted for every SNP, which turned out to be

computationally heavy when we attempted to implement it at the

genome-wide scale. In addition, EDMA is less flexible than linear

modeling when the effects of covariates are to be adjusted and

when more than two genotype groups are to be compared. The

MANOVA is a classic statistical method for analysis of multiple

correlated response variables, which has been shown to be useful

in GWAS [78]. We implemented MANOVA for GWAS in R and

conducted a GWAS for the residuals of the 11 facial shape PCs

after regressing out the effect of sex, age, and population

stratification. However, no significant signal (P,561028) was

observed for SNPs with MAF.3% (results not shown).

All SNPs with P values,561028 in our discovery phase GWAS

were sought for replication in SYS, TwinsUK, and BLTS.

Promising SNPs were tested for association with 1,054 inter-

landmark distances in SYS and 28 inter-landmark distances in a

combined sample of TwinsUK and BLTS assuming additive allelic

effect adjusted for sex and age using MERLIN [79], which also

takes into account family relationships. We report the association

results for the same phenotypes as discovered in GWAS as exact

replication. In addition, for each SNP we report the percentage of

significantly (P,0.05) associated phenotypes, which is expected to

be lower than 5% under the null hypothesis of no association. For

the analysis of 11 NSCL/P associated SNPs in our discovery

cohorts, we additionally Bonferroni corrected the P values for 48

correlated phenotypes since no specific facial phenotypes were

selected for replication.

Supporting Information

Figure S1 Thin plate spline deformation illustrating facial shape

differences in males compared to females in discovery cohorts

(N = 5388). The pixel information obtained from the mean shape

of males was mapped to that of females. The deformed images

illustrate the difference between the mean shpae of males (the

curved plates) compared to that of females (imaginary flat plates).

A. a 3D view of the mean facial shape of all individuals in the

Table 3. NSCL/P cleft-associated SNPs in association with normal facial shape variation (N = 5,388).

SNP Chr Position Eff Alt FreqEff CallRate Sign% Trait Beta Se minP Bonferroni
AlrR-
AlrL

ZygR-
ZygL

rs560426 1p21 94326026 C T 0.47 0.99 0.0 ZygL-EyeL 20.09 0.06 9.88E-02 1.000 0.532 0.869

rs642961 1q32 208055893 A G 0.21 1.00 27.1 EyeR-Prn 20.27 0.09 4.80E-03 0.231 0.121 0.144

rs7590268 2p21 43393629 G T 0.22 0.99 10.4 PC11 20.12 0.03 7.19E-05 0.003 0.734 0.082

rs16903544 8q24 129714416 C T 0.10 0.98 35.4 ZygR-AlrL 0.42 0.12 4.48E-04 0.022 0.193 0.019

rs987525 8q24 130015336 A C 0.23 1.00 52.1 ZygL-EyeR 20.32 0.09 5.89E-04 0.028 0.132 0.003

rs7078160 10q25 118817550 T C 0.16 0.15 – – – – – – – –

rs9574565 13q31 79566875 T C 0.24 0.84 16.7 EyeR-Prn 0.34 0.10 8.74E-04 0.042 0.628 0.823

rs1258763 15q13 30837715 C T 0.32 0.99 2.1 AlrR-AlrL 20.12 0.06 3.27E-02 1.000 0.033 0.849

rs17760296 17q22 51970616 G T 0.16 0.99 4.2 PC4 20.19 0.07 5.70E-03 0.274 0.789 0.032

rs227731 17q22 52128237 G T 0.44 0.98 12.5 PC6 0.15 0.04 7.96E-05 0.004 0.045 0.638

rs13041247 20q12 38702488 C T 0.39 1.00 2.1 AlrR-Sbn 20.08 0.03 1.93E-02 0.929 0.069 0.143

Sign%, the percentage of P values,0.05 in 48 phenotypes.
Trait, the phenotype which showed the minimal P value.
Bonferroni, corrected by 48 multiple testing.
AlrR-AlrL, P value for nose-width.
ZygR-ZygL, P value for bizygomatic distance.
doi:10.1371/journal.pgen.1002932.t003
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discovery cohorts before deformation; B. side projection of the

deformed grid; C. front projection of the deformed grid; D. up-

down projection of the deformed grid.

(TIF)

Table S1 Correlation between PC and Euclidean distances in

discovery cohorts. The color shade is independent between

columns.

(XLSX)

Table S2 Correlation matrix between pair-wise Euclidean

distances and size in discovery cohorts.

(XLSX)

Table S3 Effect of sex and age on facial shape in discovery

cohorts. Distances are presented in millimeters. P values were

adjusted for centroid size.

(XLSX)

Table S4 Heritability of facial shape phenotypes derived from

3D MRI in QTIMS. Twin correlations and proportions of

variance due to additive genetic (A), common environmental (C),

and unique environmental (E) influences, shown with 95%

confidence intervals (age and sex adjusted).

(XLSX)

Table S5 SNPs (n = 102) associated (P,5e-7) with facial shape

phenotypes in discovery phase GWAS. Trait, the phenotype for

which the minimal P value was obtained. MinP, the minimal P

value.

(XLSX)

Table S6 Raw genotype and respective phenotype data for all

SNPs that revealed genome-wide significant and suggestive

evidence.

(XLSX)
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Mirror extreme BMI phenotypes associated with
gene dosage at the chromosome 16p11.2 locus
A list of authors and their affiliations appears at the end of the paper

Both obesity and being underweight have been associated with
increased mortality1,2. Underweight, defined as a body mass index
(BMI) # 18.5 kg per m2 in adults and # 22 standard deviations
from the mean in children, is the main sign of a series of hetero-
geneous clinical conditions including failure to thrive3–5, feeding
and eating disorder and/or anorexia nervosa6,7. In contrast to
obesity, few genetic variants underlying these clinical conditions
have been reported8,9. We previously showed that hemizygosity of a

600-kilobase (kb) region on the short arm of chromosome 16
causes a highly penetrant form of obesity that is often associated
with hyperphagia and intellectual disabilities10. Here we show that
the corresponding reciprocal duplication is associated with being
underweight. We identified 138 duplication carriers (including
132 novel cases and 108 unrelated carriers) from individuals
clinically referred for developmental or intellectual disabilities
(DD/ID) or psychiatric disorders, or recruited from population-
based cohorts. These carriers show significantly reduced postnatal
weight and BMI. Half of the boys younger than five years are
underweight with a probable diagnosis of failure to thrive, whereas
adult duplication carriers have an 8.3-fold increased risk of being
clinically underweight. We observe a trend towards increased
severity in males, as well as a depletion of male carriers among
non-medically ascertained cases. These features are associated with
an unusually high frequency of selective and restrictive eating
behaviours and a significant reduction in head circumference.
Each of the observed phenotypes is the converse of one reported
in carriers of deletions at this locus. The phenotypes correlate with
changes in transcript levels for genes mapping within the duplica-
tion but not in flanking regions. The reciprocal impact of these
16p11.2 copy-number variants indicates that severe obesity and
being underweight could have mirror aetiologies, possibly through
contrasting effects on energy balance.

Copy-number variants (CNVs) at the 16p11.2 locus have been asso-
ciated with cognitive disorders including autism (deletions) and schizo-
phrenia (duplications)11–13, conditions that have been suggested to lie at
opposite ends of a single spectrum of psychiatric phenotypes14. We and
others have reported that a deletion of this region spanning 28 genes
(Supplementary Table 1) increases the risk of morbid obesity 43-fold
(Supplementary Fig. 1)10,15. We hypothesized that the reciprocal
duplication, with its resulting increase in gene dosage, may influence
BMI in a converse manner. The duplication was identified in 73 out of
31,424 patients with DD/ID, a frequency consistent with previous
reports13 (Table 1). Four additional cases were identified among 1,080
patients affected by bipolar disease or schizophrenia. Compared to its
prevalence in seven European population-based genome-wide asso-
ciation study (GWAS) cohorts16–18 (31 out of 58,635 individuals), the
duplication was significantly more frequent in both the DD/ID cohorts
(P 5 4.23 3 10213; odds ratio 5 4.4, 95% confidence interval 5 2.9–
6.9) and the psychiatric cohorts (P 5 3.6 3 1023; odds ratio 5 7.0,
95% confidence interval 5 1.8–19.9) (Table 1), strengthening previous
reports of similar associations12,13. Our data do not support a two-hit
model19 for the effects of 16p11.2 duplications or deletions (Supplemen-
tary Text and Supplementary Table 2).

We compared available data on weight, height and BMI for 106
independent duplication carriers (including published cases) to data
for reference populations matched for gender, age and geographical
location (Table 2, Methods and Supplementary Tables 3 and 4). The
duplication was strongly associated with lower weight (mean Z-score
20.56; P 5 4.4 3 1024) and lower BMI (mean Z-score 20.47;
P 5 2.0 3 1023) (Table 2 and Supplementary Table 5). Birth para-
meters (n 5 48) were normal, indicating a postnatal effect. Adults
carrying the duplication had a relative risk of being clinically under-
weight (BMI ,18.5) of 8.3 (95% confidence interval 5 4.4–15.9,
P 5 1.53 3 10210) (see Methods). Concordantly, none of the 3,544
patients in our obesity cohorts10,15 carried the duplication (Table 1).

To investigate these associations further, we carried out separate
analyses of carrier patients (DD/ID and psychiatric) and non-medically
ascertained carriers (population-based cohorts, plus 11 transmitting
parents and three other affected first-degree relatives for whom data
were available) (Table 2). Each category had significantly lower weight
and BMI, with similar effect sizes. However, the proportion of under-
weight cases (BMI # 22 s.d.) was higher in the first group than in the
second group (17 out of 76 compared to 2 out of 40; P 5 0.017). Note
that the impact of the duplication on underweight status might be
underestimated here owing to prescription of antipsychotic treatments
that are often associated with weight gain20 (Supplementary Table 6).

Having demonstrated an association of the duplication with being
underweight, we investigated the implications of gender for the resulting
phenotypes (Fig. 1, Supplementary Fig. 2 and Supplementary Table 7).
In DD/ID patients, the impact of the duplication on being underweight
is stronger in males; the effect in females is in the same direction, but is
smaller and not statistically significant (Table 2). A similar and signifi-
cant difference (P 5 0.0168) was observed in adult carriers (all groups
combined): the relative risk of being underweight for males is 23.2
(95% confidence interval 5 9.1–59.3, P 5 4.6 3 10211); for females it
is only 4.7 (95% confidence interval 5 1.9–11.8, P 5 9.9 3 1024). A
gender bias was also observed in the ascertainment of DD/ID duplica-
tion carriers, in which we have an excess of males (51 males:33 females,
P 5 0.044). By contrast, carriers from the general population showed a
strong overrepresentation of females (10 males:21 females, P 5 0.035)
(Supplementary Text). A similar bias was observed among transmit-
ting parents (7 males:23 females, P 5 5.53 3 1024). Thus, there is an
overrepresentation of males in the medically ascertained group, and a
depletion in the non-medically ascertained one. We suggest that males
may be more likely than females to present severe phenotypes, and that
this may account for the gender bias because severely affected males
may be less likely to be recruited to adult population cohorts or to be
reproductively successful.

As previously reported21, the duplication was also associated with
reduced head circumference (mean Z-score 20.89; P 5 7.8 3 1026)
(Fig. 1), 26.7% presenting with microcephaly (head circumference #

22 s.d.), whereas carriers of the reciprocal deletion had an increased
head circumference (mean Z-score 10.57; P 5 1.79 3 1025) (Sup-
plementary Fig. 3 and Supplementary Table 8): an additional instance
of a mirror phenotype associated with reciprocal changes in copy
number at this locus. Notably, head circumference Z-scores correlate
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positively with those of BMI in carriers of both the duplication
(rho 5 0.37; P 5 2.65 3 1023) and the deletion (rho 5 0.42;
P 5 1.9 3 1025) (Supplementary Methods). This indicates that head
circumference and BMI may be regulated by a common pathway, or
that a causal relationship exists between these two traits in these
patients. Alternatively, the two phenotypes may arise from distinct
genes and pathways. A full list of malformations and secondary phe-
notypes reported in duplication carriers ascertained for DD/ID is
available in Supplementary Table 9.

In view of the importance of modified eating behaviours in obesity
and being underweight, the clinical reports of duplication carriers were
screened for evidence of such modified behaviours. In 11 out of 77
clinically ascertained cases, clinicians had spontaneously reported
low food intake and selective and restrictive eating behaviour, again
mirroring one of the phenotypes—hyperphagia—seen in deletion
carriers10 (Supplementary Table 6) and indicating that the duplication
may increase the risk of eating disorders. Consequently, we carried out

multiplex ligation-dependent probe amplification (MLPA, Supplemen-
tary Table 10) to screen for 16p11.2 rearrangements in 441 patients
diagnosed with eating disorders, including anorexia nervosa, bulimia and
binge eating disorder (Table 1 and Supplementary Text). No duplications
of the entire region were identified, but one out of 109 anorexia nervosa
patients carried an atypical 136-kb duplication that encompasses the
sialophorin (SPN) and quinolinate phosphoribosyltransferase (QPRT)
genes (Supplementary Fig. 4). This single, smaller duplication does not
allow us to draw any firm conclusions, but together with other atypical
rearrangements, it may, in the future, be essential for establishing the
roles of the 28 genes within the region.

Large genomic structural variants are known to affect the expression
of genes not only within the affected region but also at a distance22–25.
Therefore, it is possible that the phenotypes observed in 16p11.2 dele-
tion and duplication individuals are due to effects on the expression of
genes mapping outside the rearranged interval, rather than to gene
dosage within the 600-kb deletion or duplication. We measured

Table 1 | 16p11.2 rearrangements in cases and controls
Ascertainment Cohorts Duplication Deletion Total

n P{ n P{

Neuro-
developmental
disorders

Unspecified DD/ID* from 28 cytogenetic centres 72 113 30,323
ADHD{, deCODE 0 1 591
Childhood autism{, deCODE 0 2 159
Childhood autism spectrum disorder{, deCODE 1 3 351
TOTAL 73 4.23 3 10213 119 5.43 3 10232 31,424
Rearrangement frequency (95% CI) 0.23% (0.18–0.29) 0.38% (0.31–0.45)

Family history First-degree relatives of probands 30 35 43/62I
Adult psychiatric
symptoms

Schizophrenia, deCODE 0 1 657
Bipolar disease, Rouen 1 0 156
Schizophrenia, schizo-affective, Rouen 3 0 267
TOTAL 4 3.57 3 1023 1 3.78 3 1021 1,080
Rearrangement frequency (95% CI) 0.37% (0.01–0.73) 0.09% (0–0.27)

Underweight Eating disorder, Spain 11 0 441
Obesity Obesity, Spain 0 2 653

Adult obesity, France 0 4 705
Childhood obesity, France & UK 0 7 1,574
Obesity bariatric surgery, France 0 2 141
Obesity discordant siblings, Sweden 0 2 159
Obesity and cognitive delay, France & UK 0 9 312
TOTAL 0 4.21 3 1021 26 2.52 3 10219 3,544
Rearrangement frequency (95% CI) 0 0.73% (0.45–1.01)

Population-based
cohorts

NFBC1966 Finnish 4 3 5,319
CoLaus Swiss 5 0 5,612
EGCUT Estonian 2 1 2,994
deCODE Iceland 17 18 36,601
SHIP Germany 1 2 4,070
KORA F31F4 Germany 2 1 3,458
Paediatric family study 0 0 581
TOTAL 31 25 58,635
Rearrangement frequency (95% CI) 0.05% (0.03–0.07) 0.04% (0.03–0.06)

CI, Confidence interval; ADHD, attention-deficit hyperactivity disorder. *Not a disease-specific cohort. Detailed distribution is provided in the online methods. {Fisher’s exact test, compared to the combined
frequency in general population groups. {There was no overlap between these 3 cohorts. 1Atypical duplication (see Supplementary Fig. 5). I Total number of parental pairs tested for duplication/deletion. 13 out of
43 duplications and 27 out of 62 deletion cases were de novo.

Table 2 | Comparisons of the height, weight and BMI distributions in duplication carriers and controls.
Combined{ DD/ID or psychiatric{ Non-medically ascertained{

Strata Mean Z-score P-value n* Mean Z-score P-value n* Mean Z-score P-value n*

BMI All 20.47 2.0 3 1023 102 20.56 4.1 3 1023 76 20.45 6.0 3 1023 40
Male 20.54 2.1 3 1022 52 20.71 1.3 3 1022 43 20.31 2.0 3 1021 14
Female 20.4 1.8 3 1022 50 20.37 8.3 3 1022 33 20.52 4.2 3 1023 26

Weight All 20.56 4.4 3 1024 104 20.65 1.3 3 1023 78 20.61 3.0 3 1023 40
Male 20.64 5.8 3 1023 53 20.79 4.4 3 1023 44 20.57 8.8 3 1022 14
Female 20.47 1.7 3 1022 51 20.47 6.5 3 1022 34 20.63 8.6 3 1023 26

Height All 20.24 4.8 3 1022 103 20.33 3.6 3 1022 77 20.15 1.8 3 1021 40
Male 20.34 4.5 3 1022 52 20.4 4.6 3 1022 43 20.29 1.2 3 1021 14
Female 20.14 2.6 3 1021 51 20.24 2.1 3 1021 34 20.07 3.7 3 1021 26

The available BMI, weight and height data for duplication carriers were transformed to Z-scores using gender- and age-matched reference populations, and one-tailed t-tests were carried out to determine whether
the mean Z-scores deviated from zero. Significant differences were identified by reference to cutoffs controlling the false discovery rate at 5% (see Methods): BMI, 0.022; weight, 0.032; height, 0.025. Significant
results are indicated in bold. Data were not available for all subjects. *Relatives of probands were excluded as required, to avoid including more than one member of the same family in a single analysis. {Including
24 cases from the literature (Supplementary Table 3). {Population-based cases and first-degree relatives of probands.
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relative transcript levels of 27 genes mapping within or near to the
rearrangement, using lymphoblastoid cell lines (Supplementary
Tables 1 and 11): six from deletion carriers, five from duplication
carriers and ten from gender- and age-matched controls (Supplemen-
tary Table 12). Expression levels correlated positively with gene dosage
for all genes in the CNV region (Fig. 2), consistent with published
partial results from adipose tissue10. Mean relative transcript levels
in deletion and duplication carriers were, respectively, 67% and
214% of the levels measured in controls (Supplementary Table 13).
Although genes proximal (centromeric) to the rearrangement interval

showed no significant variation in relative transcript levels between
patients and controls (Fig. 2), distal (telomeric) genes showed a
marked alteration in relative expression. However, their expression
levels, including that of SH2B1 (for which gene dosage and a nearby
single nucleotide polymorphism (SNP) have been associated with
obesity15,26), were similarly upregulated in cell lines of both deletion
and duplication carriers, showing no apparent correlation between
transcript level and either copy number or phenotype (Fig. 2).
Although lymphoblastoid cells may not recapitulate obesity-relevant
tissues, previous experiments have shown a high degree of correlation
between expression levels in different tissues and cell lines22, indicating
that the same pathways may be similarly disrupted in different cell
lineages. Thus, any involvement of these distal genes in the control of
BMI in these subjects seems unlikely.

Our study demonstrates the power of very large screens (.95,000
samples: to our knowledge the largest of its kind so far) to characterize
the clinical and molecular correlates of a rare functional genomic vari-
ant. We demonstrate unambiguously that carrying the 16p11.2 duplica-
tion confers a high risk of being clinically underweight, and show that
reciprocal changes in gene dosage at this locus result in several mirror
phenotypes. As in the schizophrenia/autism14 and microcephaly/
macrocephaly21 dualisms, abnormal eating behaviours, such as hyper-
phagia and anorexia, could represent opposite pathological manifesta-
tions of a common energy-balance mechanism, although the precise
relationships between these mirror phenotypes remain to be deter-
mined. We speculate that head circumference (which correlates with
brain volume27), and thus neuronal circuitry, may affect cognitive func-
tion and energy balance in patients with 16p11.2 rearrangements
(possibly through eating behaviour). Consistent with this are previous
reports that a subgroup of children with microcephaly show a con-
comitant reduction in weight percentile28. Our findings also support
the observation that severe overweight and underweight phenotypes
correlate with lower cognitive functioning4,29. Thus, abnormal food
intake may be a direct result of particular neurodevelopmental di-
sorders. Although it is possible that the 16p11.2 region encodes distinct
genes specific for each trait, a more parsimonious hypothesis is that
these clinical manifestations of dysfunction of the central nervous sys-
tem are all secondary to the disruption of a single neurodevelopmental
step that is sensitive to gene dosage. Further resolution of this issue may
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Figure 2 | Transcript levels for genes within and near to the 16p11.2
rearrangements. a, Relative expression levels of 27 genes mapping to 16p11.2
in deletion (n 5 6) and duplication (n 5 5) carriers (red and green,
respectively), and in control cell lines (n 5 10, blue). Grey lines denote the
extent of the 16p11.2 CNV (29.5–30.1 megabases (Mb)). Complete lists of
genes mapping within the rearranged interval, and of the quantitative PCR
assays, are in Supplementary Tables 1 and 11, respectively. For the possible
relevance of each of these genes to obesity/leanness and/or developmental
delay/cognitive deficits, see ref. 10. b, Rank comparison (Kruskal–Wallis test)

between the expression of 27 genes mapping to 16p11.2 in deletion and
duplication carriers (red and green, respectively) and in control cell lines (blue).
Genes are labelled as telomeric, centromeric or within the rearranged interval
(CNV). Dots correspond to the mean group rank and bars indicate the
comparison interval. Groups with non-overlapping intervals are significantly
different (P-values were adjusted for multiple testing issues using a Bonferroni
correction, where the number of tests is the number of pairwise comparisons;
the resulting adjusted P-value was less than 0.05).
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Figure 1 | Effect of the chromosome 16p11.2 duplication on BMI and head
circumference. Z-score values of BMI and head circumference in carriers of
the 16p11.2 duplication, stratified by gender and age group. The most severe
effect is observed in children at 0–5 years of age. Boxplots represent the fifth,
twenty-fifth, median, seventy-fifth and ninety-fifth percentile for each age
group. Light grey and dark grey backgrounds represent # 22 and # 23 s.d.,
respectively, corresponding to the WHO definition of moderately and severely
underweight30. BMI is decreased in adolescent and adult females.

LETTER RESEARCH

6 O C T O B E R 2 0 1 1 | V O L 4 7 8 | N A T U R E | 9 9

Macmillan Publishers Limited. All rights reserved©2011

Dissertation Claudia Schurmann

2.2 Mirror extreme BMI Phenotypes associated with
Gene Dosage at the Chromosome 16p11.2 Locus.

55



require the identification of additional patients with rare atypical re-
arrangements in this region.

METHODS SUMMARY
Underweight is defined in adults as BMI # 18.5. In individuals younger than
18 years of age, it is defined as a Z-score # 22.
Statistics. Two-tailed Fisher’s exact test was used to compare frequencies of the
rearrangement in patients and controls. Z-scores were computed for all data using
gender-, age- and geographically-matched reference populations. One-tailed
Student’s t-test was performed to test BMI, height, weight and head circumference
in duplication carriers for Z-scores of less than zero. We used Kruskal–Wallis tests
for differences in gene expression patterns. P-values were adjusted using a
Bonferroni correction, considering the number of pairwise comparisons; the result-
ing adjusted P-value was less than 0.05. The relative risk of being underweight was
calculated as the ratio of the fraction of underweight individuals among duplication
carriers versus our control group.
Discovery of CNVs. Carriers of 16p11.2 duplication and deletion were identified
through various procedures: (1) comparative genomic hybridization with Agilent
44K, 60K, 105K, 180K, 244K arrays; (2) Illumina Human317, Human370,
HumanHap550, Human610 and 1M BeadChips; (3) Affymetrix 6.0, 500K geno-
typing arrays; (4) quantitative multiplex PCR of short fluorescent fragments
(QMPSF); (5) fluorescent in situ hybridization (FISH); (6) MLPA. CNV analyses
of GWAS data were carried out using cnvHap, a moving-window average-intensity
procedure, a Gaussian mixture model, circular binary segmentation, QuantiSNP,
PennCNV, BeadStudio GT module and Birdseed. At least two independent algo-
rithms were used for each cohort.
Expression analyses. Lymphoblastoid cell lines were established from carriers and
controls. SYBR Green quantitative PCR was performed to assess relative expres-
sion of genes.

Full Methods and any associated references are available in the online version of
the paper at www.nature.com/nature.
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Fernández-Real17, Mònica Gratacòs18, Audrey Guilmatre11, Juliane Hoyer19,
Marjo-Riitta Jarvelin20,21,22, R. Frank Kooy23, Ants Kurg13, Cédric Le Caignec24, Katrin
Männik13, Orah S. Platt6, Damien Sanlaville25, Mieke M. Van Haelst3,26, Sergi Villatoro
Gomez18, Faida Walha2, Bai-lin Wu6,27, Yongguo Yu6,28, Azzedine Aboura29,
Marie-Claude Addor1, Yves Alembik30, Stylianos E. Antonarakis31, Benoı̂t Arveiler32,33,
Magalie Barth34, Nathalie Bednarek35, Frédérique Béna31, Sven Bergmann4,5, Mylène
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METHODS
Study cohorts. For the description of these cohorts, refer to Supplementary
Information.
CNV detection. Cases ascertained for intellectual disabilities and developmental
delay were identified through standard medical diagnostic procedures. CNV ana-
lyses of GWAS data were variously carried out using cnvHap31; a moving-window
average-intensity procedure; a Gaussian mixture model (Valsesia et al., submitted);
circular binary segmentation32,33; QuantiSNP34; PennCNV35; BeadStudio GT module
(Illumina Inc.); and Birdseed36 (see below). At least two independent algorithms were
used for each cohort.
Patients referred for intellectual disabilities and developmental delay. All
diagnostic procedures (CGH, quantitative PCR and/or quantitative multiplex
PCR of short fluorescent fragments) were carried out according to the relevant
guidelines of good clinical laboratory practice for the respective countries. All
rearrangements in probands were confirmed by a second independent method
and karyotyping was performed in all cases to exclude a complex rearrangement.
Northern Finland 1966 birth cohort (NFBC). CNV calling has been previously
described10. In brief, data were normalized using Illumina BeadStudio, then GC
effects on ratios were removed by regressing on GC and GC2, and wave effects
were removed by fitting a Loess function37. CNV analysis was done using
cnvHap31. All called 16p11.2 duplications were validated by direct analysis of
log2 ratios. Data for each probe were normalized by first subtracting the median
value across all samples (so that the distribution of ratios for each probe was
centred on zero), and then dividing by the variance across all samples (to correct
for variation in the sensitivity of different probes to copy-number variation). All
CNV calls were confirmed by MLPA.
deCODE genetics. Illumina Human317, Human370, HumanHap550, Human610
and 1M BeadChips were used for CNV analysis. BeadStudio (version 2.0) was used
to call genotypes, normalize the signal intensity data and establish the log R ratio
(LRR) and B allele frequency (BAF) at every SNP according to standard Illumina
protocols. All samples passed a standard SNP-based quality control procedure
with a SNP call rate greater than 0.97. PennCNV35, a free, open-source tool, was
used for detection of CNVs. The input data for PennCNV are LRR, a normalized
measure of the total signal intensity for the two alleles of the SNP, and BAF, a
normalized measure of the allelic intensity ratio of the two alleles. These values are
derived with the help of control genotype clusters (HapMap samples), using the
Illumina BeadStudio software. PennCNV employs a hidden Markov model to
analyse the LRR and BAF values across the genome. CNV calls are made on the
basis of the probability of a given copy state at the current marker, as well as on
the probability of observing a copy-state change from the previous marker to the
current one. PennCNV uses a built-in correction model for GC content38.
Cohorte Lausannoise (CoLaus). Data normalization and CNV calling have been
previously described10. Data normalization included allelic cross-talk calibration39,40,
intensity summarization using robust median average, and correction for any PCR
amplification bias. Wave effects were corrected by fitting a Loess function37. CNV
calling was done using a Gaussian mixture model (Valsesia et al., submitted) that fits
four components (deletion, copy-neutral, one additional copy and two additional
copies) to copy-number ratios. The final copy number at each probe location is
determined as the expected (dosage) copy number. The method has been validated
by comparing test data sets with results from the CNAT41 and CBS32,33 algorithms,
and by replicating a subset of CoLaus subjects on Illumina arrays. Only duplications
found by both Gaussian mixture model and CBS were considered.
Estonian genome center of the University of Tartu (EGCUT). Genotypes were
called by BeadStudio software GT module v3.1 or GenomeStudio GT v1.6
(Illumina Inc.). Values for LRR and BAF produced by BeadStudio were formatted
for further CNV analysis and break-point mapping with Hidden-Markov-Model-
based softwares QuantiSNP (ver.1.1)34 and PennCNV42 or CNVPartition 2.4.4
(Illumina Inc.). All analyses were carried out using the recommended settings,
except changing EMiters to 25 and L to 1,000,000 in QuantiSNP. For PennCNV,
the Estonian-population-specific SNP allele frequency data was used. All detected
duplications were confirmed by quantitative PCR.
Study of health in Pomerania (SHIP). Raw intensities were normalized using
Affymetrix power tools (Affymetrix); CNV analysis was done using Birdseye from
the Birdsuite software package36 and PennCNV35. PennCNV predictions with
confidence scores less than 10 were removed. Birdsuite predictions were filtered
as in ref. 15: CNVs were kept if their linkage disequilibrium (LOD) score was .10,
length .1 kb, number of probes $5 and size per number of probes ,10,000.
Kooperative Gesundheitsforschung in der Region Augsburg (KORA) F3 and
F4. Genotyping for KORA F3 was performed using the Affymetrix 500K array set,
consisting of two chips (StyI and NspI). The KORA F4 samples were genotyped
with the Affymetrix human SNP array 6.0. For both studies, genomic DNA from
blood samples was used for analysis. Hybridization of genomic DNA was done in
accordance with the manufacturer’s standard recommendations. Genotyping was

done in the Genome Analysis Centre of the Helmholtz Centre Munich. Genotypes
were determined using BRLMM clustering algorithm (Affymetrix 500K array set)
and Birdseed2 clustering algorithm (Affymetrix array 6.0). For quality control
purposes, we applied a positive control and a negative control DNA every 48 sam-
ples (KORA F3) or 96 samples (KORA F4). On the chip level, only subjects with
overall genotyping efficiencies of at least 93% were included. In addition, the called
gender had to agree with the gender in the KORA study database. After exclusions,
1,644 individuals remained in KORA F3 and 1,814 in KORA F4 for further
analysis.
MLPA analysis. We used MLPA to determine changes in the copy number of a
region of about 2 Mb on chromosome 16p11.2. Briefly, we designed, using hg18,
nine probes within the targeted region, one control probe outside the rearranged
region and seven control probes targeting unique position in the genome
(Supplementary Table 10). Assays were performed with MRC-Holland reagents
according to the manufacturer’s protocol43. The analysis of the amplification
products was performed by capillary electrophoresis in the DNA Analyser
3730XL and using the GeneMapper software v3.7 (Applied Biosystems). The
calculations were performed independently for each experiment: we first normal-
ized the MLPA data to minimize the amount of experimental variation, summing
all signal values of each control probe for each sample, and then dividing each
signal value of each sample by the sum. The normalized signal values were com-
pared to signal values from all other samples in the same experiment, dividing the
normalized signal values by the average calculated from all the samples in the same
experiment. The product of this calculation is termed dosage quotient (DQ). A DQ
value of less than 0.65 or more than 1.25 was considered as copy-number loss or
gain, respectively, as previously described44–46.
Custom array-CGH for the short arm of chromosome 16. DNA samples were
labelled with Cy3 and cohybridized to custom-made Nimblegen arrays with Cy5-
labelled DNA from the CEPH cell line GM12042. These arrays contained 71,000
probes spread across the short arm of chromosome 16 from 22.0 Mb to 32.7 Mb (at
a median space of 45 bp between 27.5 Mb and 31.0 Mb), and 1,000 control probes
situated in invariable regions of the X chromosome. DNA labelling, hybridization
and washing were performed according to Nimblegen protocols. Scanning was
performed using an Agilent G2565BA microarray scanner. Image processing,
quality control and data extraction were performed using the Nimblescan software
v.2.5.
Defining underweight. Underweight was defined throughout the study as
BMI # 18.5 kg per m2 in adults and # 22 s.d. in children30,47,48.
Weight, height, BMI and head circumference Z-scores as a function of age. For
paediatric cases, weight, height, BMI and head circumference Z-scores were deter-
mined for paediatric cases (0–18 years of age) using clinical growth charts specific
to the country of origin. Children were ascertained from nine different countries. If
charts were only available in percentiles, those measures were transformed into
Z-scores using gender-, age- and geographically-matched reference populations
(see Statistics).

For the USA and Canada, data from the Center for Disease Control and
National Center for Health Statistics (CDC/NCHS) were used to calculate
Z-scores49.

For the French paediatric population, we used French national growth
charts50,51. For the Swiss paediatric population, we used Swiss national growth
charts52. For Dutch participants, Dutch national growth charts were used53. For
Italian, German, Finnish and Austrian cases (n 5 6), height, weight and BMI
Z-scores were estimated using WHO growth charts54.

To check for discrepancies generated by the use of different growth charts,
height, weight and BMI Z-scores were recalculated using WHO growth charts
for all cases under five years of age, regardless of origin (http://www.who.int/
childgrowth/standards/en/54). Z-scores obtained using the WHO data were not
significantly different. These growth standards, developed by the World Health
Organization multicentre growth reference study, describe normal child growth
from birth to 5 years under optimal environmental conditions. These standards
can be applied to all children everywhere, regardless of ethnicity, socioeconomic
status and type of feeding55,56.

If necessary, percentile values were transformed to Z-scores by the inverse-
normal density function. When growth charts were unavailable, we used reported
LMS parameters (median (M), generalized coefficient of variation (S) and skew-
ness (L)) to obtain Z-scores via the formula:

Z-score~
(X=M)L{1

L�S , Lw0

ln (X=M)=S,L~0

(
;

in which X is the observed value.
In adults (.18 years of age), we estimated LMS parameters when these were

unavailable from the available sex-, age- and origin-matched Swiss (CoLaus),
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Estonian or French control populations. For cases identified from population-
based cohorts, Z-scores were directly inferred from the cohort.
Gene expression. We established lymphoblastoid cell lines from deletion and
duplication carriers, as well as from controls (Supplementary Table 12), by trans-
forming peripheral blood mononuclear cells with Epstein–Barr virus. Patients and
controls were enrolled after obtaining appropriate informed consent via the physi-
cians in charge, and approval by the ethics committee of the University of Lausanne.
More control cell lines were obtained from Coriell Institute for Medical Research
(http://www.coriell.org/) (Supplementary Table 12). SYBR Green real-time quant-
itative PCR (RT–PCR) was performed as previously described22,57. Briefly, 1mg of
total RNA from lymphoblastoid cell lines was converted to complementary DNA
using Superscript VILO (Invitrogen) primed with a mixture of oligo(dT) and random
hexamers. Oligos were designed using the PrimerExpress program (Applied
Biosystems) with default parameters (Supplementary Table 11). Non-intron-
spanning assays were tested for genomic contamination in standard 6 reverse
transcriptase reactions. The amplification efficiency of each primer pair was tested
in a cDNA dilution series, as previously described58. A full list of genes mapping in
the rearranged interval, and exclusion criteria, are presented in Supplementary
Table 1. All RT–PCR reactions were performed in a 10-ml final volume and tripli-
cates per sample. The setup in a 384-well plate format was performed using a
Freedom EVO robot (TECAN) and assays were run in an ABI 7900 sequence
detection system (Applied Biosystems) with the following amplification condi-
tions: 50 uC for 2 min, 95 uC for 10 min, and 45 cycles of 95 uC 15 s, then 60 uC for
1 min. A final incubation of 95 uC for 15 s followed by 60 uC for 15 s was carried out
to establish a dissociation curve. Each plate included the appropriate normaliza-
tion genes to control for any variability between plate runs. Raw threshold cycles
(Ct) values were obtained using SDS2.4 (Applied Biosystems). To calculate the
normalized relative expression ratio of individuals carrying the CNV and of
controls, we used Biogazelle qBase Plus software59 including geNorm60. This
program identified appropriate normalization genes (EEF1A1, RPL13, GUSB
and TBP) having a gene-stability measure of M 5 0.25. We note that one gene,
LAT, showed a very high expression profile in one of the duplication samples
(DASYL, Supplementary Table 13), reaching a relative expression value of 27.3
(s.e.m. 5 1.37), compared to an average expression for other duplications of 1.89
(s.e.m. 5 0.51). We cannot exclude that this finding is genuine (and confirmed it in
a second experiment), but it was removed from further analyses as an outlier to give
a more accurate overview of expression profiles for these genes.

In silico analysis was performed to check for brain, and specifically hypothalamus,
expression of genes in the rearranged 16p11.2 interval (Supplementary Table 1). This
was done using Allen Brain Atlas Resources, available from http://www.brain-map.
org.
Cases with major neurological signs. Major neurological signs were defined
by moderate to severe hypotonia, hypertonia, ataxia, spasticity, hypereflexia,
hyporeflexia and/or extra-pyramidal signs, and by the presence of epilepsy.
Statistics. Student’s t-test: one-tailed t-tests were performed to test whether
duplication carriers have Z-score values lower than zero for BMI, height and
weight. We found this analysis more suitable than linear regression analysis,
correcting for confounding factors such as sex and age, because these anthro-
pometric traits have a highly nonlinear dependence on these factors, as can be
observed in control populations.

Kruskal–Wallis test: this was used to test differences in the gene expression
pattern between deletion and duplication carriers and control individuals.
Because expression values are not necessarily normally distributed, this test is more
adequate than a classical one-way analysis of variance. To test pairwise differences,
we computed the difference in mean group rank with its 95% confidence interval
(as provided by the multcompare function in Matlab). Correction for multiple
testing was done using a Bonferroni adjustment.

Multiple testing: we determined false-discovery-rate-based thresholds for asso-
ciation P-values for each phenotype, to correct for multiple testing. For each
phenotype, we replaced the observed Z-scores with numbers randomly drawn
from a standard normal distribution and performed the same t-tests for the same
strata. The procedure was repeated 1,000 times. For various P-value thresholds, we
asked how many tests would be declared significant for the null set on average
(over the 1,000 random draws). The false discovery rate was estimated as the ratio
of this number and the actual number obtained for the observed Z-scores. Thus,
we controlled the dependence between nested tests.

Relative risk: among adults, we defined underweight as a BMI ,18.5 (WHO
criteria). The estimated relative risk is the ratio of the fraction of underweight
individuals among duplication carriers versus our control group. The standard
error of log(relative risk) and its significance were calculated as previously
described61. In our control group (population-based cohorts), the frequency of

being underweight is 1.9% (38 males and 148 females out of 9,470). Owing to the
fact that being underweight decreases with age in the general population, we
resampled our control group to ensure precise age-matching.
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Abstract

The limited ability of common variants to account for the genetic contribution to complex disease has prompted searches for rare
variants of large effect, to partly explain the ‘missing heritability’. Analyses of genome-wide genotyping data have identified
genomic structural variants (GSVs) as a source of such rare causal variants. Recent studies have reported multiple GSV loci
associated with risk of obesity. We attempted to replicate these associations by similar analysis of two familial-obesity case-control
cohorts and a population cohort, and detected GSVs at 11 out of 18 loci, at frequencies similar to those previously reported. Based
on their reported frequencies and effect sizes (OR$25), we had sufficient statistical power to detect the large majority (80%) of
genuine associations at these loci. However, only one obesity association was replicated. Deletion of a 220 kb region on
chromosome 16p11.2 has a carrier population frequency of 261024 (95% confidence interval [9.661025–3.161024]); accounts
overall for 0.5% [0.19%–0.82%] of severe childhood obesity cases (P = 3.8610210; odds ratio = 25.0 [9.9–60.6]); and results in a mean
body mass index (BMI) increase of 5.8 kg.m22 [1.8–10.3] in adults from the general population. We also attempted replication using
BMI as a quantitative trait in our population cohort; associations with BMI at or near nominal significance were detected at two
further loci near KIF2B and within FOXP2, but these did not survive correction for multiple testing. These findings emphasise several
issues of importance when conducting rare GSV association, including the need for careful cohort selection and replication strategy,
accurate GSV identification, and appropriate correction for multiple testing and/or control of false discovery rate. Moreover, they
highlight the potential difficulty in replicating rare CNV associations across different populations. Nevertheless, we show that such
studies are potentially valuable for the identification of variants making an appreciable contribution to complex disease.
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Introduction

Genome-wide association studies (GWAS) of common single

nucleotide polymorphisms (SNPs) have identified loci accounting

for only a modest proportion of the heritability of most complex

diseases. Although some of this ‘missing heritability’ may be

ascribed to a large number of SNPs with weak effect [1,2], it is

becoming increasingly likely that there is a substantial contribution

from rare variants with large effect that are not readily identifiable

by SNP-based methods [3–5]. Thus, resequencing of known risk

loci has been pursued to reveal rare point mutations that may have

an appreciable impact on disease risk or severity[6–8].

We have recently proposed that investigation of genomic

structural variants (GSVs) in patients with ‘‘extreme’’ obese

phenotypes provides an effective route for the identification of

novel obesity-associated loci [9]. Initial reports indicate that

subjects with unexplained extreme obesity phenotypes may have a

higher aggregate frequency of large GSVs (e.g. .0.5 Mb)

compared to the general population [10,11], strongly suggesting

that some of the GSVs carried by these unusual patients are

responsible for a pronounced, readily-identifiable phenotype with

high penetrance. Genes within the regions delineated by such

GSVs may also be of direct relevance to obesity in the general

population.

In a first application of this strategy for the identification of

novel obesity loci, we showed that a 593 kb deletion on

chromosome 16p11.2 (at 29.5–30.1 Mb) directly causes obesity

[12]: this association was demonstrated by comparing two cohorts

with developmental delay (DD), with or without additional

ascertainment for obesity, and was then replicated by retrospective

analysis of case-control and population cohorts. We have also

shown that duplications of the same locus have the opposite effect,

being associated with underweight [13]. Several genes whose

altered dosage might plausibly account for the observed phenotype

lie within the deleted region, and their potential role in obesity can

now be investigated in a hypothesis-driven manner, rather than by

the more statistically-challenging hypothesis-free approach appli-

cable to GWAS. Indeed, there are no GWAS signals overlapping

this locus [14,15], illustrating the potential of strategies based on

identification of rare GSVs for the identification of novel obesity

loci.

A growing number of rare GSVs potentially associated with

obesity are now being reported, mainly on the basis of their

identification by analysis of GWAS SNP genotyping data.

Bochukova, et al. [10] compared a small cohort of ,300 patients

with severe early-onset obesity (half of whom also had develop-

mental delay, DD) with control individuals from the general

population, and identified 11 GSV regions that showed association

with obesity at nominal significance, including the obesity-

associated 593 kb region [12] of chromosome 16p11.2 which is

not further studied here. Glessner, et al. [16] identified 8 additional

GSV loci with nominally significant association with obesity, on

the basis of being present in children with ‘‘common’’ obesity

(individuals with severe obesity were excluded from the study) but

absent from control cohorts of normal weight. The GSVs

identified in these two studies vary widely in size, ranging from

2.8 kb to 1.5 Mb, with no overlap between them. With the

exception of the independently identified 593 kb deletion of

chromosome 16p11.2 [12,13], all remain to be replicated.

We have attempted to replicate these recently-reported GSV

associations with obesity, using algorithmic analysis of genotyping

data from obesity case-control and population cohorts. We

replicate association with obesity of GSVs at a single locus on

chromosome 16p11.2; this locus is distinct from the association on

16p11.2 which we previously reported (using the same cohorts),

being separated from it by .600 kb of intervening sequences; the

2 loci are independently associated with obesity. However, we

were unable to replicate a high proportion of the remaining

regions, and conclude that there is a need for the development and

application of robust statistical methods appropriate for testing for

association of rare variants from amongst a large collection of

GSVs, independent of the platform used for GSV detection. We

also highlight the caution required when attempting to support

putative associations by phenotyping affected subjects: phenotypic

data from a small number of individuals from a highly-selected

cohort may not be reliable as an indication of the impact of the

variant in unselected subjects.

Results

GSV Analysis of Obesity-associated Regions
To investigate the 18 putative associations with obesity reported

for rare GSVs [10,16] (see Table 1), we analysed population and

case-control cohorts in a similar manner to that successfully used

in our replication of the association with obesity of the 16p11.2

593 kb deletion [12]. Using existing genotyping data from cohorts

of severely obese (but with no other reported unrelated health

problem) French children and adults, similar numbers of non-

overweight controls, and a general population cohort from

northern Finland [17,18], each genomic region was analysed for

the presence of GSVs.

Initial identification of GSVs was carried out using our cnvHap

algorithm, which is applicable to data from a wide range of

platforms (including Illumina and Affymetrix genotyping arrays,

CGH arrays and next-generation sequencing), and which has

greatly improved sensitivity and specificity for detection of short

GSVs compared to other commonly-used algorithms [19]. To

ensure that our analysis mirrored the procedures that led to the

original reported associations, we scored only those GSVs that

were of a similar type (deletion/duplication) and that spanned the

entirety of the GSV region. In addition, to ensure that only high-

confidence calls were included, for the shorter candidate regions

(those for which we had probe coverage of 6 or fewer probes – see

Table 1) we required that a GSV call included a minimum of 3

consecutive probes in all cases, irrespective of the size of the region

being analysed.

This procedure was applied to our cohorts for each of the 18

loci under investigation (8 identified in subjects with common

obesity [16], 10 in subjects with extreme obesity [10]). Consistent

with the original reports, short GSV regions often featured

multiple overlapping aberrations with varying lengths and break-

points (see Figure 1); by contrast, aberrations identified for larger

GSV regions were much more consistent in both size and

breakpoint location. The results of the analysis, summarised in

Table 1, revealed somewhat different patterns of occurrence for

the 2 sets of GSVs. For the 8 GSVs originally identified in subjects

with common obesity, the overall frequency of calls at these loci in

our cohorts (63 calls in a total of 7959 subjects) was 25% higher

than that in the original report (42/6634), and GSVs at 6 out of 8

loci were detected at least twice. By contrast, the number of calls

(21 in total) for the 10 extreme obesity GSV loci represented a

30% lower frequency than in the original report (29/7650), and

only 5 out of 10 were detected at all: It was notable that the 5

detected were those originally identified only in subjects either

lacking DD or with only mild DD. The remaining 5 were

originally identified in subjects with pronounced DD [10], raising

the possibility that they were not detected because subjects

carrying them tended not to be recruited to our cohorts.

Rare Variant Associations with Obesity
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We also investigated the occurrence of reciprocal GSVs at each

locus (i.e. duplications instead of deletions and vice versa), applying

the same calling criteria (Table S1). Although the overall

frequency of reciprocal GSVs was slightly lower compared to

those showing reported association with obesity, there was a

difference between the two sets of loci: Common obesity GSVs

were identified approximately twice as frequently as their

reciprocal counterparts, but extreme obesity GSVs were 30% less

frequent than reciprocal aberrations. For three GSV loci in

particular (those on chromosomes 3, 17 and 22), all originally

identified in subjects with DD, there was a clearly higher

frequency of the reciprocal event in population cohorts; this is

again consistent with the GSVs identified only in DD patients

having reduced prevalence in the general population.

Case-control Replication Analysis
Combining subjects from the population cohort who were obese

(BMI $30 kg.m22) or normal weight/underweight (BMI

,25 kg.m22) with the corresponding case-control subjects, and

assuming a GSV has a dominant effect, the combined cohort was

sufficient to give .98% power to detect associations (at P,0.05

for Fisher’s exact test) of GSVs present almost exclusively in obese

subjects (odds ratio, OR = 50) at a frequency in cases of 0.005, or

with power of 94% or 83% for odds ratios of 10 or 5 respectively;

even for a GSV frequency in cases of 0.002, power was 67%

(OR = 50), 53% (OR = 10) or 40% (OR = 5). On the basis of the

observed GSV frequencies and ORs in the original reports,

median power was 79.8% (minimum 53%) for the 11 loci for

which the corresponding GSVs were detected in our cohorts; thus,

we might expect to replicate ,80% of genuine associations.

Although this is likely to be something of an overestimate because

of OR overestimation due to the ‘‘winner’s curse’’ [20], the

minimum OR in the original reports was 25 [10,16]), and even for

much lower effect sizes with OR$5 we would nevertheless expect

to detect 62% of associations (71% of those with OR$10).

Although GSVs at these loci were observed at similar overall

frequencies to those in the original reports, we observed a low rate

of replication for associations with obesity (Table 1). For 10 of the

Figure 1. Procedure for identification of GSVs. Following data export and QC, GSV calling was carried out using the cnvHap algorithm.
Illustrative data for 3 GSV loci (shaded) show all positive GSV calls (black) together with examples of calls not meeting the necessary criteria (grey);
probes at which copy number changes were identified are also indicated (circles).
doi:10.1371/journal.pone.0058048.g001
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11 GSVs detected, the reported obesity association was not

replicated, even at nominal levels of significance. Of particular

note was that each of the 6 GSVs originally identified in subjects

with common obesity was present in at least 1 normal weight or

underweight individual, contrary to the criteria used to identify

these GSVs (i.e. being present exclusively in obese subjects) [16].

Indeed, for the majority of loci the GSV frequency was higher in

normal weight than in obese subjects.

For a single GSV, however, the association with obesity was

strongly replicated. A deletion of 220 kb on chromosome 16p11.2

(at 28.73–28.95 Mb) affecting several genes including SH2B1, was

identified in 6 obese individuals compared to none in normal

weight subjects (P = 5.4861024). This deletion spans a locus

implicated in obesity in SNP-association studies [14]. Of note,

apart from rare instances of more extensive deletions spanning

both regions [10,21], which complicated the previous analysis of

this region (see Text S1), this 220 kb region is completely separate

from the 593 kb locus (also on 16p11.2) whose association with

obesity/underweight has been previously reported by us [12,13];

they are 600 kb apart, there is no discernible linkage disequilib-

rium between SNPs within each region (Figure S1), and copy-

number changes at the 593 kb locus have no consistent effect on

expression of genes at the 220 kb locus [13]. Thus, each locus is

independently associated with obesity.

The Contribution of Chromosome 16p11.2 220 kb
Deletions to Obesity

Consistent with the original report for the SH2B1 locus [10], 5

of the affected subjects were from our cohort of severely obese

children, a significant enrichment compared to our general

population cohort (P = 1.461023). Extending the analysis to

include multiple other population cohorts (Table 2) unambigu-

ously confirmed the association between this deletion and

childhood obesity (P = 8.761027; OR = 38.4, [95% confidence

interval = 10.4–120.6]). This finding was further strengthened

(P = 3.8610210, OR = 25.0 [9.9–60.6]) by inclusion of previously

published data [10,21].

Intriguingly, the association with adult obesity is less clear. We

investigated by MLPA the parents of the 5 severely obese children

carrying the deletion, finding that 4 deletions were inherited (one

arising de novo). However, only two of the four adult carriers were

obese and there was no significant difference in BMI between the

carrier and non-carrier parents (P = 0.15, Student’s t-test).

Furthermore, not only were no deletions identified in a total of

840 subjects from adult severe obesity cohorts (a significant

difference from the overall frequency for child obesity, P = 0.039),

but out of 8 adult carriers from our population cohorts, only 3

were obese. Nevertheless, a further 4 were overweight (BMI

$25 kg.m22) so that, overall, adult carriers had a mean BMI of

30.2 kg.m22 [27.3–33.3], with a mean Z-score (relative to their

respective population distributions) of +1.10 [+0.34–+1.86]

(P = 9.1461024, one-tailed Z-test). The impact of the deletion in

terms of BMI is made clear from comparison of the 4 carriers from

NFBC1966 and the remainder of this cohort (mean BMI

change = +5.8 kg.m22 [+1.5–+10.8]; P = 3.5361023, one-tailed

t-test). Thus, adult carriers of this deletion show an appreciable

increase in BMI, but this is not necessarily sufficient for them to

cross the threshold into clinical obesity.

The original association between this GSV and obesity was

supported by reported disproportionate extreme hyperinsulinae-

mia in carriers of the deletion [10]. We sought to confirm this

finding by investigating fasting insulin and the response to oral

glucose in the subjects from our study. However, we found no

evidence in our cohorts for the reported phenotype. Compared to

the remainder of the cohort from which they were drawn, levels of

fasting insulin in carriers of the deletion were not discernibly

different from those expected for a subject’s BMI, for both

children (Fig. 2a) and adults (Fig. 2b), with no indication of the

reported 3-fold increase; similar conclusions were drawn when the

comparison was limited to individuals of the same gender and age

(Figure S2). Equally, no difference was observed in either fasting

insulin (Fig. 2b) or in the insulin response to oral glucose (Fig. 2c)

between carrier and non-carrier parents of child probands.

Quantitative Trait Replication Analysis
As noted above, a significant association with obesity of

deletions of the SH2B1 locus was identified by quantitative

analysis of BMI in the NFBC1966 population cohort alone, Thus,

the reduced sample size was compensated for by inclusion of

subjects with intermediate phenotypes (i.e. overweight) and the

increase in statistical power that derives from analysis of

quantitative traits compared to case-control approaches to

association testing; indeed, this advantage becomes progressively

more marked at lower allele frequencies for the genetic marker

under test [22]. Therefore, we investigated whether any other

putative GSV-obesity associations were replicated when using this

approach. For each candidate GSV that was identified in at least 3

NFBC1966 subjects – the SH2B1 locus and 5 other loci (Table 1) –

and also the previously-identified 16p11.2 obesity locus, we

Table 2. Replication of obesity association for 220 kb
deletion on chromosome 16p11.2.

Cohort Deletions Total P

Child obesity

Child obesity (France)a 5 645 8.7461027 a

Published data

Severe early-onset obesity (UK) 3 278

GOOS (UK) 2 1,062

CHILD OBESITY TOTALb,c 10 1,985 3.81610210 b

Adult obesity

Adult obesity (France) 0 701

Bariatric weight-loss surgery
(France)

0 139

ADULT OBESITY TOTALc 0 840 0.039 c

General population

NFBC1966 (Finland) 4 5,213

EGCUT (Estonia) 0 2,665

CoLaus (Switzerland) 1 5,612

deCODE (Iceland) 6 36,583

SHIP (Germany) 0 4,068

TOTALa 11 54,141

Published data

WTCCC2/GAIN (UK/US) 2 7,362

ISC/PARC/NINDS/HGDP/CHOP
(Europe/US)

1 7,700

POPULATION TOTALb 14 69,203

Instances of the 220 kb deletion were identified in multiple cohorts by analysis
of SNP genotyping data, with subsequent validation by MLPA or qPCR.
Published data were as according to the respective reports [10,21].
a,b,cDifferences between pairs of combined cohorts, as indicated, were tested
using Fisher’s exact test.
doi:10.1371/journal.pone.0058048.t002
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conducted a 2-way analysis of variance, with gender and GSV

status as explanatory factors and log-transformed BMI as the

response variable. Since several individuals carried more than one

of these GSVs, we also conducted a single, combined, multifac-

torial analysis of these 7 GSVs; this gave very similar results to

those for the separate individual tests. Alternative approaches (e.g.

2-tailed heteroscedastic t-tests using gender-corrected BMI data)

also yielded similar results.

Three loci tested did not give significant association with BMI

although, for two of these, statistical power was limited because

only 3 carriers were identified – this number of carriers permits

only moderate significance (P = 7.45611023) even for the 593 kb

deletions of chromosome 16p11.2 that are known to be strongly

associated with morbid obesity [12,13]. However, in contrast to

the case-control replication analysis, this quantitative approach

provided limited evidence to support involvement in BMI of 2 loci

(in addition to the confirmed association with deletions in the

SH2B1 region), albeit only at or near nominal significance

insufficient to survive correction for multiple-testing. There was

suggestive evidence for association with BMI of duplications near

to the KIF2B gene on chromosome 17q22 (P = 0.103; mean BMI

change = +2.3 kg.m22 [–0.4 – +5.4]); and deletions at a second

locus within the FOXP2 gene on chromosome 7q31.1 were

nominally associated with reduced BMI (P = 0.0476; mean BMI

change = –2.3 kg.m22 [–4.4 – –0.03]). However, this latter effect

was opposite to the increased risk of obesity originally reported

[16].

To investigate these loci in more detail, we assessed the potential

functional impact of the individual GSVs carried by these

individuals. For duplications on chromosome 17q22, all GSVs

identified in our study affected intergenic sequences and covered

the same genomic region as was spanned by the GSVs previously

reported as associated with obesity. However, of the 10 predicted

deletions at the locus on chromosome 7q31.1 that were identified

in our population cohort, 5 extend substantially beyond the GSV

region previously identified as obesity-associated (Figure 3), which

spans 1–3 small exons that (depending on the splice variant)

encode either part of the 59-untranslated region of the FOXP2

mRNA or a small part of the N-terminal of the protein. By

contrast, the larger deletions identified in our analysis are

predicted to include several additional exons and also a possible

binding site (as indicated by ChIP-seq) for transcription factors

including NF-kB, which has been implicated in the regulation of

adipocyte differentiation and proliferation [23]. Thus, these larger

variants may have very different functional effects from the smaller

deletions. Consistent with this, the subjects carrying the 5 largest

putative deletions in this region had significantly reduced BMI

compared to both the population (P = 7.861023, mean BMI

change = –4.2 kg.m22 [–6.8––1.2]) and carriers of the smaller

deletions (P = 0.0177, one-tailed t-test). The smaller variants had

no discernible impact on BMI (P = 0.88).

Discussion

The analysis of rare GSVs for association with complex traits

represents a complementary approach to SNP- or sequence-based

methods for identifying novel loci that can account for the ‘missing

heritability’ of multiple complex traits [3,9]. Even though causal

GSVs themselves may be rare and found only in individuals with

extreme phenotypes, the identification of such GSVs can enable a

more focussed search for rare causal sequence variants. This logic

lay behind the elucidation of the impact on obesity of defects in

SIM1. The original identification of SIM1 as a possible obesity

gene was as a result of its disruption due to a chromosomal

rearrangement (a balanced translocation) in a single individual

with profound obesity [24]; this was followed by the identification,

by exon sequencing, of rare SIM1 variants that co-segregate with

syndromic obesity and of common variants implicated in common

obesity [25,26]. The potential of this approach to reveal additional

novel obesity-associated loci is supported by our analysis, which

provides evidence to support reported GSV associations at 3 loci

[10,16].

Despite being well-powered to confirm the majority of true

associations, and identifying GSVs at similar overall frequencies to

the original reports, only one reported association was confirmed

using a case-control approach. We also conducted tests for

association with BMI as a quantitative trait, for those loci at which

GSVs were identified sufficiently frequently in our population

cohort (for which there was no prior ascertainment on the basis of

obesity). Of 3 GSVs present in .0.1% of subjects, 2 showed

association with changes in BMI at or near nominal significance.

Duplications of a region lying between the KIF2B and TOM1L1

Figure 2. Metabolic phenotype of carriers of a 220 kb deletion at chromosome 16p11.2. (a) Fasting plasma insulin levels relative to BMI,
for 558 normoglycaemic severely obese children from northern France either carrying a deletion (black) or not (grey). (b) Fasting plasma insulin levels
relative to BMI, for 5254 normoglycaemic 31 year-old Finns either carrying a deletion (black circles) or not (grey circles). Also shown are the parents of
obese French child probands who carry a deletion (black triangles) or not (white triangles). (c) Plasma insulin levels in response to a 75 g oral glucose
load in parents of obese child probands. Data shown are mean 6 SEM for carrier parents (n = 3, mean BMI = 28.6 kg.m22, black triangle) and
unaffected parents (n = 4, mean BMI = 27.0 kg.m22, white triangles).
doi:10.1371/journal.pone.0058048.g002
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genes showed marginal association with increased BMI, consistent

with the original report [16]; there is at present no readily

apparent functional basis for this putative association. Intriguingly,

the second nominally-significant association was between deletions

within the FOXP2 gene and decreased BMI, an effect in the

opposite direction to that previously reported for the locus. This

apparent directional inconsistency is likely to be due to the

influence of GSVs that are appreciably larger than those

previously reported, suggesting that the different variants identified

at this locus have widely varying functional effects. A role for

FOXP2 in obesity is supported by the presence within the gene of

independent SNP associations at P,1023 with all of BMI [14],

waist-hip ratio (adjusted for BMI) [15] and insulin resistance [27]

(Figure S3). A plausible basis for association between FOXP2

variants and obesity is through its involvement in neurodevelop-

ment [28], whose importance in feeding behaviour is well-

established [29]; alternatively, an obesity-related phenotype might

be independent of effects on FOXP2, and result instead from

deletion of a putative NF-kB binding site.

Although the 2 associations above provide tentative support for

the original reports that these loci may play a role in obesity, they

are nevertheless insufficient to survive correction for multiple

testing. The only association unambiguously replicated by our

study was that between a 220 kb deletion of chromosome 16p11.2

and obesity. It is interesting to note that this second replicated

locus lies only 600 kb from that previously identified, also on

chromosome 16p11.2, and that both deletions arise de novo with

high frequency, probably reflecting general chromosomal insta-

bility on chromosome 16p due to the presence of multiple

segmental duplications [10,12,21]. The high rate of recurrence of

these deletions likely contributed to their early discovery and

replication using these methods.

We confirm a marked increase in the risk of severe childhood

obesity in carriers of the 220 kb deletion, which accounts for a

total of 0.5% of the combined cases from our study and the

original report. The impact on obesity status in adult carriers

appears less pronounced, but there is nevertheless an appreciable

increase in BMI (corresponding to 15–19 kg in weight for subjects

160–180 cm in height). There are several possible reasons for the

apparent difference between children and adults: it may reflect

population differences (the child carriers of the GSV were from

France and the UK, the adults primarily from Nordic countries); it

may reflect cohort ascertainment, for instance that the child

cohorts did not include overweight or mildly obese subjects – it is

notable, however, that the deletion was not reported at a

comparable frequency in cohorts of children with common obesity

[16]; it may reflect a genuine attenuation of the effect of the

deletion in adults, so that impact of the GSV on obesity becomes

less pronounced with increasing age; or the severe obesity

observed in children may have been triggered by an aspect of

the modern obesogenic environment that was experienced to a

lesser degree by older subjects.

The reported disproportionate hyperinsulinaemia in carriers of

these deletions is reminiscent of the phenotype of SH2B1 knockout

mice [30], which previously led to the suggestion that haploinsuf-

ficiency of SH2B1 is the primary cause of obesity in these

individuals [10]. However, the absence of evidence in our data to

support this phenotype reopens the possibility that haploinsuffi-

ciency of one of the other genes in the region is responsible for the

observed GSV-associated obesity phenotype (although SH2B1

remains a strong candidate). It also highlights the caution required

when interpreting data derived from a heavily-selected cohort –

carriers of a GSV drawn from such a cohort do not necessarily

accurately reflect the phenotypic effect of a GSV in the general

Figure 3. Reduced BMI in carriers of deletions in the FOXP2 region. Deletions within FOXP2 are shown relative to selected tracks from the
UCSC browser (http://genome.ucsc.edu) for the corresponding region of chromosome 7: FOXP2 coding transcripts (UCSC Genes); histone
modifications H3K4Me1, H3K4Me3, H3K27Ac (ENCODE Regulation); and binding by transcription factor NF-kB (ENCODE TFBS). Multiple additional
transcription factors bind at the apparent NF-kB binding site. The minimum extent of each predicted deletion, the probes at which copy number
changes were identified and the BMI for carriers of each deletion are as shown. Grey shading indicates the region previously associated with BMI [16].
doi:10.1371/journal.pone.0058048.g003
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population. We suggest that, if possible, attempts to investigate

additional phenotypes that may be associated with a variant

should not use individuals that have been ascertained on the basis

of the phenotype of interest; instead, they should be drawn from

independent cohorts and selected solely on the basis of being a

carrier of the variant under study.

There are many issues that remain to be addressed when

seeking to identify GSVs that are associated with complex disease,

several of which are highlighted by this study; some of these issues

are also relevant to the analysis of rare variants identified by

sequencing approaches [31,32]. In particular, we make the

following observations and recommendations:

Cohort Selection
Ascertainment according to broad criteria can give only limited

enrichment of rare variants. Conversely, cohorts selected on the

basis of pronounced phenotypes may be difficult to recruit, a

potential problem not only for variant discovery but also for

replication, especially where the discovery cohort includes

individuals not normally recruited to other cohorts (e.g. those

with DD). For instance, we were unable to attempt replication of

GSVs that were originally identified in cases with severe obesity

plus DD since very few of these were detected in our cohorts; some

of these may reflect novel ‘syndromic’ forms of obesity whose

replication will require analysis of additional ‘obesity plus’ cohorts.

We also note that recruitment of cohorts of sufficient size by

including subjects from a range of localities or ethnicities may

introduce complications, since the majority of population groups,

both within Europe and worldwide, have not yet been assessed for

population specific GSVs. This also poses a problem for

replication – the failure to detect some GSVs in our cohorts

may reflect low frequencies in the populations from which they

were drawn. Furthermore, although subjects carrying a highly-

penetrant causative variant might naı̈vely be expected to display

the phenotype regardless of ethnicity, geographical origin or

environmental exposure, we have very little information on the

potential for cohort-specific modifiers that can confound that

expectation, or on differences in the frequencies or characteristics

of rare variants between different populations. As a minimum,

therefore, it is essential to include appropriate geographically-

matched controls (as was the case in the original reports that are

the subject of our replication study).

GSV Detection
In general, large GSVs are more readily detected from

genotyping or CGH array data, but occur infrequently so that

phenotype associations are difficult to demonstrate statistically.

Conversely, accurate calling of smaller GSVs spanning only a few

probes remains problematic, despite ongoing improvements in

methods for GSV detection [19,33,34]. Inaccuracy in GSV calling,

with an appreciable frequency of both false positive and false

negative calls, results in inflated P-values and an increased rate of

false-positive associations (Text S2; Figure S4). This is conceptually

equivalent to other scenarios in which genome-wide inflation occurs

as a result of genotyping inaccuracy [35] – indeed, attempts to apply

algorithmic detection of GSVs to genome-wide genotyping data

yield results with marked inflation [36] (our unpublished observa-

tions) – and we suggest that the appropriate correction is to apply

established methods of genomic control, e.g. scaling of x2 values

according to the genomic inflation parameter l.

Overlapping GSVs and Variable Effects
Although different instances of large GSVs commonly have

approximately the same boundaries [10], with a correspondingly

high probability of having the same or similar phenotypic effects,

smaller GSV regions routinely feature a range of overlapping GSV

calls of different sizes and locations [36,37], thereby presenting a

dilemma – in the absence of strong prior information to enable

modelling of the effects of different GSV variants, how should a

range of variants affecting a single locus be combined when testing

for association with a phenotype of interest? One approach,

analogous to methods such as the ‘cohort allelic sums test’ [38]

developed for analysis of multiple rare sequence variants within a

gene, is to treat a set of overlapping GSVs as functionally identical,

effectively discounting the structural complexity, so that only a

single hypothesis related to a putative functional effect is tested.

Although perhaps appropriate where, for instance, all variants are

predicted to have similar functional consequences due to directly

disrupting or deleting a particular gene or due to affecting an

intergenic region, this approach requires user intervention and is

not universally applicable (e.g. in the context of a genome-wide

analysis). A more general unsupervised approach for analysis of

such complex loci, used in the studies examined here [10,16] and

also in analyses of common GSVs [36,37,39], is to test separately

at multiple probe locations within a region. However, as illustrated

by our analysis of the FOXP2 locus, it cannot be assumed that

overlapping but distinct variants have similar effect sizes or even

directions; furthermore, such ‘point-wise’ analysis entails multiple

statistical tests at each GSV locus, leading to potential inflation in

the reported P-value for the region as a whole. Thus, there is a

need for methods that properly address the structural complexity

frequently observed at GSV loci. One straightforward approach

might be to apply a locus-specific multiple-testing correction,

according to GSV complexity, to reflect the number of indepen-

dent tests made at a locus, in a manner similar to that used to

correct for multiple tests of SNPs in linkage disequilibrium [40].

Alternatively, more sophisticated methods developed for aggre-

gating rare sequence variants in the absence of prior information,

for instance as implemented in the ‘thgenetics’ R package [41],

might be adapted for use with complex GSVs.

Although problematic for the identification of an association, we

nevertheless note that the existence of multiple different GSVs

may be of great utility in dissecting a locus whose association has

been conclusively demonstrated.

Statistical Power and False Discovery
Even after enrichment by selection of an appropriate discovery

cohort, and testing only for rare GSVs with dominant phenotypic

effects, low statistical power remains an important issue, with

increased rates of false negative and false positive associations at a

given significance threshold and inflated estimates of effect size

(‘‘winner’s curse’’) [20,31,32]. As noted above, increasing cohort

size to give improved power and/or reduced type I error rate may

not be readily achievable for highly specific phenotypes. A second

statistical issue, common to all scans for variant associations, is that

each of the many GSVs detected in even a small cohort is the

subject of a separate independent hypothesis, so that substantial

multiple testing correction of the significance threshold or rigorous

control of the false discovery rate (FDR) is required if a large type I

error rate is to be avoided. Even after the use of predefined criteria

to select a subset of GSVs for analysis, the necessary correction

remains substantial: In the previous studies, subjects with common

obesity carried approximately 20 GSV calls per individual (1080

cases, 2500 controls) [16]; more than 300 separate rare GSV loci

were identified in the extreme obesity discovery cohort alone [10];

and both used a point-wise method for assessing association at

complex GSV regions. Although attempts were made to take

account of multiple testing (e.g. exclude GSVs present in the

Rare Variant Associations with Obesity

PLOS ONE | www.plosone.org 8 March 2013 | Volume 8 | Issue 3 | e58048

2.3 Rare genomic structural Variants in complex
Disease: Lessons from the Replication of Associations
with Obesity. Dissertation Claudia Schurmann

68



Database of Genomic Variants, including only rare GSVs,

empirical estimate of FDR), it is unclear to what extent these

methods are effective – methods developed for association analysis

of rare sequence variants are not consistently well-powered even

for large sample sizes [42]. Indeed, inspection of the original

overall P-values for each GSV (Table 1: reproduced from or

calculated according to the original reports; see Text S1) shows

that even a moderate correction to the threshold for significance to

account for these multiple tests would have excluded the majority

of the reported loci. Thus, our observation of an apparent high

rate of false positives is likely to reflect insufficient control of the

FDR.

We suggest that a potentially useful approach is to adopt a two-

stage study design: initial genome-wide analysis of case-control

cohorts for GSV discovery, although likely to be underpowered,

will nevertheless yield a set of candidate GSVs; unselected

population cohorts can then be screened for individuals carrying

these GSVs. The key advantage of this approach is that carriers

identified from population cohorts are not biased (either qualita-

tively or quantitatively) by pre-existing ascertainment criteria, so

that the impact of the GSV on phenotype can be directly analysed

using more powerful quantitative methods.

Our replication of the obesity association of deletions including

SH2B1 and the finding of limited evidence to support 2 further

associations, together with recent successes in other disorders

including attention deficit hyperactivity disorder [43], demonstrate

that analysis of carefully-selected cohorts has the potential to

reveal novel, rare, causal GSVs. However, it is clear that there

remains a need for an accepted foundation on which to base

genome-wide searches for rare variants. In its absence, attempts to

overcome the unavoidable lack of statistical power may lead to the

adoption of methods whose effectiveness is not readily quantifi-

able. Thus, there is a danger that reported associations may

include a large number of false positives. Similar caveats should

perhaps also be attached to the growing number of studies

investigating common GSVs [36,37,39]. Although careful exper-

imental design and the inclusion of additional phenotypic and/or

experimental data can help to limit this problem, our findings

illustrate the urgent need for well-defined, robust statistical

methods that are readily applicable to the search for causal, rare,

genomic structural variants.

Materials and Methods

Cohorts
Initial replication analysis was of cohorts used in our previous

work [12], with ethnic outliers removed as described. Obesity

case-control cohorts from France were as previously published

[17]: Phenotypes and genotyping data (Illumina Human

CNV370-duo arrays) passing quality control were available for

649 obese children with a body mass index (BMI) $97th percentile

corrected for gender and age; 557 non-obese controls (BMI #90th

percentile); 705 obese adults (BMI $40 kg.m22) and 843 non-

obese controls (,25 kg.m22). Data for 141 severely obese French

patients undergoing elective bariatric weight-loss surgery were as

previously described [12]. For The Northern Finland Birth Cohort 1966

(NFBC1966) prospective birth cohort [18], phenotypic data and

genotyping data (Illumina Human CNV370-duo arrays) passing

quality control was available for 5,216 subjects aged 31 years at

the time of phenotyping. For further replication of the 220 kb

deletion on chromosome 16p11.2, genotyping data was available

for other previously-described population cohorts as follows: the

CoLaus prospective population cohort [44] –5,612 white individ-

uals aged 35–75 years randomly selected from the general

population in Lausanne, Switzerland; the EGCUT BioBank [45]

–2,666 individuals randomly selected from the 48,000 Estonian

participants; the deCODE population cohort [46]–36,601 recruited

from the whole of Iceland; the SHIP cross-sectional survey cohort

[47,48] –4,070 German citizens from Western Pomerania. In all

cases, individuals in the above cohorts were excluded from the

analysis if they had previously been shown to carry single-locus

obesity variants (e.g. in MC4R); specifically excluded were those

carrying the obesity-causing deletion of 593 kb on chromosome

16p11.2 (4 child obesity, 4 adult obesity, 2 bariatric patients, 3

NFBC1966, 1 EGCUT, 18 deCODE, 2 SHIP) [12]; no subject

was related to any other subject. All participants or their legal

guardians gave written informed consent, and all local ethics

committees approved the study protocol. EGCUT is conducted

according to Estonian Gene Research Act. For deCODE, all

procedures related to this study have been approved by the Data

Protection Authority and National Bioethics Committee of

Iceland.

GSV Identification
The GSV regions were selected either as stated in the original

report [16] or the region common to all GSVs identified in that

region [10], and were analysed according to the GSV analysis

pipeline illustrated in Figure 1. Intensity data from the French and

NFBC1966 cohorts were exported from Illumina BeadStudio in

the form of logR ratio (LRR) and B Allele Frequency (BAF);

samples with a low SNP call rate (,95%) or a genome-wide LRR

variance .0.3 were excluded. The cnvHap algorithm with default

parameter settings (false discovery rate ,5%) was applied to each

region under investigation plus additional 500 kbp flanking

regions; using these parameters we expect high sensitivity for

GSV detection – even a false discovery rate as low as 1% gives

genome-wide sensitivity of ,40% for GSV detection in an

individual, and .60% for identifying the presence of a GSV in a

cohort [19]. The initial (unsupervised) GSV detection was further

improved by a series of manual procedures applied to each GSV

locus under study: Only GSV calls covering at least 3 consecutive

probes were considered; for short GSV regions spanning 6 or

fewer probes, GSV calls were required to span the entire region;

and SNP cluster plots were manually inspected to confirm both

positive and negative GSV calls and to check for possible

artefactual sources of differential GSV detection between cases

and controls. For longer GSV regions (i.e. spanning $11 probes),

it was also necessary to manage the effects of data noise or of the

presence of a second small GSV in the same location on the

homologous chromosome on GSV calling; a side-effect of the

improved sensitivity of cnvHap is that, particularly for samples

with lower data quality, larger GSVs are sometimes split into

several smaller GSV calls. Thus, a modified procedure was

employed: GSV calls across the entire region were combined, and

individuals with copy number changes (i.e. deletion or duplication,

as appropriate) at over 50% of probes within the region were

provisionally called as carrying a GSV; the presence of a full-

length GSV in these individuals was then confirmed by manual

inspection of the LRR and BAF data. This approach again

minimises the potential for artefactual associations arising from

different GSV call-rates in cases and controls (e.g. due to

differences in DNA quality). Furthermore, for both adult and

child case-control cohorts, any potential bias in GSV detection

favoured an increased call rate in cases (higher mean number of

GSV calls per subject) which would be expected to favour false

positive associations and to mitigate against false negatives. All

chromosomal coordinates are given according to genome build 36

(hg18).
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Screening for the 220 kb deletion on chromosome 16p11.2 in

GWAS data from additional cohorts was variously carried out

using a Gaussian Mixture Model [49]; Circular Binary Segmen-

tation [50,51]; QuantiSNP [52]; PennCNV [53]; BeadStudio GT

module (Illumina Inc); and Birdseed [54]. At least two indepen-

dent methods were used for each cohort. Where DNA was

available, GSV calls at this locus were confirmed and probands’

parents investigated by multiplex ligation-dependent probe am-

plification [55], using the oligonucleotide probe set previously

described [10] (kind gift of I.S. Farooqi).

Fasting Insulin and Oral Glucose Tolerance test
Data for insulin, after fasting and following 75 g oral glucose,

were from previously-reported studies [18,56]. Plasma insulin was

assayed by radioimmunoassay (Pharmacia Diagnostics) in blood

samples drawn either after overnight fasting or at 0, 30, 60, 90,

and 120 min after glucose ingestion.

Statistics
Tests for case-control association and calculation of odds ratios

were carried out using the fisher.test function, tests for differences

in log-transformed BMI used the analysis of variance aov function,

and Z-test for deviation from population mean used the Student’s

t-test t.test function, each as implemented in R [57]. Calculations

of post-hoc achieved power for one-tailed Fisher’s exact test were

carried out using G*Power version 3.1.2 [58].
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20. Zöllner S, Pritchard JK (2007) Overcoming the Winner s Curse: Estimating

Penetrance Parameters from Case-Control Data. American Journal of Human
Genetics 80: 605–615.

21. Bachmann-Gagescu R (2010) Recurrent 200-kb deletions of 16p11.2 that

include the SH2B1 gene are associated with developmental delay and obesity.

Genetics in Medicine 12: 641.

22. Potkin SG, Turner JA, Guffanti G, Lakatos A, Torri F, et al. (2009) Genome-
wide strategies for discovering genetic influences on cognition and cognitive

disorders: Methodological considerations. Cognitive Neuropsychiatry 14: 391–

418.

23. Tang T, Zhang J, Yin J, Staszkiewicz J, Gawronska-Kozak B, et al. (2009)

Uncoupling of inflammation and insulin resistance by NF-kB in transgenic mice

through elevated energy expenditure. Journal of Biological Chemistry.

Rare Variant Associations with Obesity

PLOS ONE | www.plosone.org 10 March 2013 | Volume 8 | Issue 3 | e58048

2.3 Rare genomic structural Variants in complex
Disease: Lessons from the Replication of Associations
with Obesity. Dissertation Claudia Schurmann

70



24. Holder JL, Butte NF, Zinn AR (2000) Profound obesity associated with a

balanced translocation that disrupts the SIM1 gene. Human Molecular Genetics

9: 101–108.

25. Stutzmann F, Ghoussaini M, Couturier C, Vatin V, Corset L, et al. (2009) Loss-

of-function mutations in SIM1 cause a specific form of Prader-Willi-like

syndrome. Diabetologia 52: S104.

26. Traurig M, Mack J, Hanson RL, Ghoussaini M, Meyre D, et al. (2009)

Common Variation in SIM1 Is Reproducibly Associated With BMI in Pi ma

Indians. Diabetes 58: 1682–1689.

27. Dupuis J, Langenberg C, Prokopenko I, Saxena R, Soranzo N, et al. (2010) New

genetic loci implicated in fasting glucose homeostasis and their impact on type 2

diabetes risk. Nat Genet 42: 105–116.

28. Konopka G, Bomar JM, Winden K, Coppola G, Jonsson ZO, et al. (2009)

Human-specific transcriptional regulation of CNS development genes by

FOXP2. Nature 462: 213–217.

29. Walley AJ, Asher JE, Froguel P (2009) The genetic contribution to non-

syndromic human obesity. Nature Rev Genet 10: 431–442.

30. Morris DL, Cho KW, Zhou Y, Rui L (2009) SH2B1 Enhances Insulin

Sensitivity by Both Stimulating the Insulin Receptor and Inhibiting Tyrosine

Dephosphorylation of Insulin Receptor Substrate Proteins. Diabetes 58: 2039–

2047.

31. Bansal V, Libiger O, Torkamani A, Schork NJ (2010) Statistical analysis

strategies for association studies involving rare variants. Nat Rev Genet 11: 773–

785.

32. Asimit J, Zeggini E (2010) Rare Variant Association Analysis Methods for

Complex Traits. Annual Review of Genetics 44: 293–308.

33. Zhang D, Qian Y, Akula N, Alliey-Rodriguez N, Tang J, et al. (2011) Accuracy

of CNV Detection from GWAS Data. PLoS One 6: e14511.

34. Tsuang DW, Millard SP, Ely B, Chi P, Wang K, et al. (2010) The Effect of

Algorithms on Copy Number Variant Detection. PLoS One 5: e14456.

35. Sampson J, Zhao H (2009) Genotyping and inflated type I error rate in genome-

wide association case/control studies. BMC Bioinformatics 10: 68.

36. Jarick I, Vogel CIG, Scherag S, Schäfer H, Hebebrand J, et al. (2010) Novel
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Abstract

Microarray profiling of gene expression is widely applied in molecular biology and functional genomics. Experimental and
technical variations make meta-analysis of different studies challenging. In a total of 3358 samples, all from German
population-based cohorts, we investigated the effect of data preprocessing and the variability due to sample processing in
whole blood cell and blood monocyte gene expression data, measured on the Illumina HumanHT-12 v3 BeadChip
array. Gene expression signal intensities were similar after applying the log2 or the variance-stabilizing transformation. In
all cohorts, the first principal component (PC) explained more than 95% of the total variation. Technical factors substantially
influenced signal intensity values, especially the Illumina chip assignment (33–48% of the variance), the RNA amplification
batch (12–24%), the RNA isolation batch (16%), and the sample storage time, in particular the time between blood donation
and RNA isolation for the whole blood cell samples (2–3%), and the time between RNA isolation and amplification for the
monocyte samples (2%). White blood cell composition parameters were the strongest biological factors influencing the
expression signal intensities in the whole blood cell samples (3%), followed by sex (1–2%) in both sample types. Known
single nucleotide polymorphisms (SNPs) were located in 38% of the analyzed probe sequences and 4% of them included
common SNPs (minor allele frequency .5%). Out of the tested SNPs, 1.4% significantly modified the probe-specific
expression signals (Bonferroni corrected p-value,0.05), but in almost half of these events the signal intensities were even
increased despite the occurrence of the mismatch. Thus, the vast majority of SNPs within probes had no significant effect on
hybridization efficiency. In summary, adjustment for a few selected technical factors greatly improved reliability of gene
expression analyses. Such adjustments are particularly required for meta-analyses.
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Introduction

Global gene expression studies are widely conducted in

molecular biology and functional genomics [1]. They have

successfully provided new insights into the etiology of common

diseases [2]. Especially for cancer, gene expression profiling is

already used in medical applications, such as the identification of

breast cancer disease subgroups using the intrinsic subtype

classifier [3] or the prognosis of breast-cancer survival using

MammaPrint [4,5]. Furthermore, gene expression analysis is

applied in clinical trials to examine drug response [6] (for an

overview, see [7]) and some gene expression profiles have already

been cleared by the US Food and Drug Administration (FDA) as

in vitro diagnostic multiple index assay, now generally termed

companion diagnostic, to be used as predictive biomarkers for

guiding treatment decision [8,9].

Although gene expression studies have been successfully applied

to a wide range of clinical issues, they are often criticized for low

robustness and lack of reproducibility [10,11]. Concerns also

include improper statistical analysis or validation, insufficient

control of false positives, and inadequate reporting of methods [1].

As a consequence, virtually all major journals have adopted

standards for the conduct and reporting of microarray experi-

ments [12].

When multiple independent gene expression studies are avail-

able, their combined analysis or even a meta-analysis can increase

the reliability and generalizability of the results [1]. Another

important advantage of combined analyses or meta-analyses is the

increase in statistical power. Furthermore, the combination of

several studies may help to identify and to better understand

heterogeneity between studies. To this end, meta-analyses have

been performed on studies covering a wide range of diseases,

ranging from various cancers [13,14,15,16] to very rare diseases

including intracranial aneurysms [17] and systemic lupus erythe-

matosus [18]. Recently, several methodological developments have

been made to facilitate meta-analyses of gene expression studies

[19,20] and several web resources are now available [21,22,23,24].

Despite these developments meta-analyses of global gene expression

studies remain challenging. The issues encountered include

problems common to traditional meta-analyses [25], such as

differences in study design, as well as concerns that are specific for

analyzing gene expression data [1,26]. One of the latter aspects is

related to the technology used. Specifically, different types of

microarrays vary fundamentally in important aspects, such as length

of probes, scale of measurements or coefficients of variation [1,26].

As a result, cross-platform comparisons are difficult to perform.

Even if several independent studies use the same microarray

technology, there may be study-specific laboratory effects,

originating from differences in experimental procedures, labora-

tory protocols, sample preparation [1,26], or type of tissue [27]. In

addition, different preprocessing of the data as well as batch

effects, e.g. due to grouped sample processing, may lead to

differences in measured gene expression levels in large sample size

studies.

Recently, we have established the MetaXpress (Meta-Analysis

of Gene Expression) Consortium within the German Center for

Cardiovascular Disease (DZHK) to facilitate the meta-analysis of

gene expression studies. Members of the consortium are three

population-based cohorts, the Study of Health in Pomerania

(SHIP-TREND) [28], the Cooperative Health Research in the

Region of Augsburg (KORA F4) [29], and the Gutenberg Health
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Study (GHS) [30]. In all three studies, gene expression levels in

terms of mRNA abundances were measured using BeadChip

arrays (Illumina, HumanHT-12 v3). The gene expression data

were generated from whole blood cells (SHIP-TREND, n = 991

and KORA F4, n = 993) or from blood monocytes (GHS,

n = 1374).

In the present study, we investigated the influence of data

preprocessing and technical factors related to sample processing

on measured gene expression levels in whole blood cells or blood

monocytes. First, we compared the log2 transformation (L2T) of

intensity values [31] with the recently proposed variance-

stabilizing transformation (VST) [32]. Next, we searched for main

factors correlating with the overall expression levels. Since within

study variation is often corrected for by adjusting for principal

components (PC), we analyzed the correlation between the PCs

and technical as well as biological factors. Our data demonstrate

that the variation of gene expression signal intensities can be

reduced by appropriate technical covariate adjustment. Previously,

doubts have been raised about the suitability of using probes

containing single nucleotide polymorphisms (SNPs) in gene

expression studies [33]. We therefore investigated to what extent

signal intensities were affected by mismatch alleles of SNPs within

probes. Furthermore, we discuss how gene expression levels will be

compared between the different studies in a Supplement (Text S1).

Finally, we provide a probe annotation file based on transcript

mapping.

Results

Study description
In this project, we analyzed gene expression levels in terms of

specific mRNA abundances measured in whole blood cell (SHIP-

TREND and KORA F4) or blood monocyte samples (GHS). The

descriptive statistics of the participants and parameters analyzed in

the study are provided in Table 1 and in Table S1. We

investigated the effects of body mass index (BMI) as an example

phenotype which is known to be strongly associated with gene

expression profiles in whole blood cells [34] and monocytes [30].

Furthermore, we analyzed a pseudo-phenotype generated by

selecting random values from a standard normal distribution. This

so-called random phenotype is free of any correlation with or

confounding effects of technical parameters related to the arrays or

sample phenotypes.

Comparison of log2 and variance-stabilizing
transformation

To assess possible differences between different data prepro-

cessing steps, we compared L2T signal intensity data with those

obtained after VST as implemented in the lumi Bioconductor

package [31]. L2T data were almost equal to the VST data for

signal intensities greater than 29, but recognizably smaller for low

intensity values, which corresponds to results published before

(Figure S1) [32]. Both the absolute effect sizes and standard errors

(SEs) were smaller with VST data than with L2T data for low

signal intensities resulting in similar association p-values across the

Table 1. Cohort characteristics.

Variable (mean/SD) SHIP-TREND KORA F4 GHS

Sample size 991 993 1374

Storage time* [days] 204.06153.8 855.56179.4 314.4691.6

RNA integrity number 8.5660.50 8.6860.61 9.3660.43

Females (%) 555 (56.0) 493 (49.6) 622 (48.4)

Age [years] 50.1613.7 70.465.4 54.7611.0

Body height [cm] 169.869.0 165.368.8 171.069.3

Body weight [kg] 79.0615.1 78.9613.7 79.1615.5

Body mass index [kg/m2] 27.364.6 28.964.5 27.064.6

Hip circumference [cm] 101.369.6 107.869.3 100.569.6

Waist circumference [cm] 88.0612.9 98.6612.1 93.5613.4

Waist-to-hip ratio 0.8760.09 0.9160.08 0.9360.09

White blood cell count [Gpt/l] 5.7261.48 6.0061.80 7.0463.81

Red blood cell count [Tpt/l] 4.6360.39 4.5060.40 4.6960.41

Hematocrit 0.4260.03 0.4160.03 0.4260.03

Hemoglobin [mmol/l] 8.6260.74 8.6960.75 9.1060.74

Platelets [Gpt/l] 225.7650.3 244.7665.1 271.5667.9

Serum C-reactive protein [mg/l] - 3.0566.27 3.7864.92

High density lipoprotein [mmol/l] 1.4860.37 1.4360.36 1.4760.40

Serum triglycerides [mmol/l] 1.4260.85 1.5060.84 1.4660.91

Active smokers [%] 214 (22.0) 66 (6.7) 239 (18.6)

Systolic blood pressure [mmHg] 124.4616.9 128.7620.0 132.2617.8

Diastolic blood pressure [mmHg] 76.669.8 74.0610.1 83.569.68

*Storage time: Time between blood donation and RNA isolation (SHIP-TREND and KORA F4) or time between RNA isolation and RNA amplification (GHS).
A dash indicates that the variable was not available in the cohort.
doi:10.1371/journal.pone.0050938.t001
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whole intensity spectrum for both, the body mass index (BMI) and

the random phenotype (Figure 1, Figure S2).

Main factors influencing overall gene expression data
To unravel components having a large influence on the overall

expression signal intensity values, we conducted a principal

component analysis (PCA). In the data sets from all three studies,

the first PC accounted for approximately 96% and the first 10 PCs

accounted for more than 97% of the total variation. These results

were essentially unaffected by the transformation method and by

the exclusion of low intensity probes that were not significantly

expressed above the background level (according to the Illumina

GenomeStudio software, detection p-value$0.01 in at least 50%

of the samples) (Figure S3). To identify specific parameters

correlating with the measured expression profiles, we used the

PCA-based Eigen-R2 algorithm [35], which estimates the propor-

tion of the expression profiles’ variance explained by predefined

factors. We selected 66 technical and biological factors that were

available in SHIP-TREND (Table S2). Among these factors, the

technical parameters Illumina chip (33.7%), RNA amplification batch

(20.2%), and RNA isolation batch (16.5%) had the strongest effects on

the gene expression profiles, whereas storage time of the samples (time

between blood donation and RNA isolation, 2.9%) and the RNA integrity

number (RIN) (1.4%) had only a minor effect. Biological factors of

notable effect were white blood cell composition parameters of the

whole blood samples, such as percentage of lymphocytes and

neutrophils (2.8% and 2.7%, respectively), followed by sex (0.9%),

serum magnesium concentrations (0.9%), somatometric parame-

ters (,0.8%) including BMI (0.7%), serum triglyceride concen-

trations (0.7%) and age (0.6%). The results were similar across

studies for variables available in multiple data sets (Table 2, Table

S3) with some minor exceptions. Differences between the whole

blood cell and monocytes samples were observed for the effects of

hemoglobin and the percentages of lymphocytes and neutrophils

as well as for other blood cell-related parameters as expected due

to the different blood cell types analyzed. There was a high Eigen-

R2 value for the month of blood donation in SHIP-TREND. This can

be explained by the grouping of blood samples into array

processing batches consecutively by their date of blood collection

in this sample. The month of blood donation was therefore highly

correlated with both the RNA amplification batch and the RNA

isolation batch.

Correlation of available parameters with PCs
In an attempt to identify the technical and biological

underpinnings of the PCs, we correlated the first 50 PCs with 66

selected factors that were available in SHIP-TREND. The

technical parameters that explained most of the variance of the

measured gene expression levels, i.e., the Illumina chip assignment,

the RNA amplification batch, and the RNA isolation batch, were highly

correlated with almost all PCs. The strongest association of these

three parameters with a PC was observed for the second one

(p,10230). Altogether, 26 factors had their lowest association p-

value (Bonferroni corrected p,0.05/66 = 7.661024) with one of

the first five PCs: Sample storage time, RIN, serum concentration of

magnesium, calcium and potassium, parameters related to the type

of blood cell composition, such as white blood cell count (WBC),

and percentage of lymphocytes and neutrophils, anthropometric

parameters such as BMI, waist and hip circumference and body

weight, metabolic parameters such as vitamin B12, triglycerides

and high-density lipoproteins as well as serum concentration of

intracellular enzymes associated with blood group antigens

(alanine aminotransferases, lactate dehydrogenase and lipase) as

well as regulatory factors such as partial thromboplastin time

(Table S2). These factors were tested in KORA F4 and GHS if

available. The technical factors showed similar association patterns

with the PCs except for RIN, which was measured before storage

of the RNA samples in GHS and after the storage of blood

samples and subsequent isolation of RNA in both, SHIP-TREND

and KORA F4 (Figure S4). The patterns of the biological factors

varied between the studies and even more so between samples

obtained from whole blood cells and those obtained from

monocytes.

Variance reduction by covariate adjustment
Adding the first 50 PCs as covariates to the regression models of

the gene expression levels for both the random phenotype and

BMI reduced the unexplained variance by approximately 30%

(Figure 2). The information obtained from PCA-based analyses

was used to increase the statistical power of association analyses by

reducing the residual variance when regressing the probes’

expression values on a phenotype of interest. In detail, we

compared the mean overall unadjusted effects, SEs and association

p-values of the BMI and the random phenotype with the

respective values after adding the technical and biological

parameters or PCs as additional covariates into the linear

regression model. For the random phenotype, the lowest mean

SE was achieved by adding the first 50 PCs as covariates, thereby

reducing the SEs by 21%, 27% and 25% compared with the

unadjusted models in SHIP-TREND, KORA F4 and GHS,

respectively (Table 3). Since some PCs could be correlated with

the phenotype of interest, effect estimates of true associations

might converge to zero using this approach. Therefore, in most

scenarios adjustments for well-defined parameters will be prefer-

able to a PC adjustment. By adjusting for RNA amplification batch,

RIN and the sample storage time (time between blood donation and RNA

isolation in SHIP-TREND and KORA F4 or time between RNA

isolation and amplification in GHS), the SEs in both the BMI and the

random phenotype association analyses were reduced by more

than 8%. Additionally adding sex, age, and parameters related to

white blood cell composition (percentage of lymphocytes, neutro-

phils, monocytes, eosinophils, and basophils) or even adding all

biological parameters with an Eigen-R2 value.0.3% in SHIP-

TREND led only to marginal reductions in mean SEs or even

slightly increased SEs in random phenotype associations (Table 3,

Figure S5). As expected, when adjusting the regression of gene

expression intensities on BMI for correlated parameters, the effect

estimates of most associations were reduced and close to zero, the

SEs changed substantially, and the p-values increased (Figure S5).

An increase in the mean SE was also observed after adjustment for

sex and age in the BMI regression model compared to the

unadjusted model.

Effects of SNPs located within oligonucleotides of the
probes

SNPs localized within mRNA regions complementary to probes

cause base-pairing mismatches, which may result in decreased

hybridization efficiency and reduced probe-specific signal inten-

sities. In order to systematically investigate whether these

mismatches decrease the binding efficiency of a probe, we

analyzed 8898 probes of the HumanHT-12 v3 BeadChip array.

Each probe was selected because it covered exactly one exon and

could be uniquely mapped to a known transcript listed in the

UCSC database [36,37]. Altogether, 3376 (38%) of these

transcripts contained at least one SNP that was included in the

1000 genomes reference panel. When considering the 986

genotyped SHIP-TREND samples, 24% of these regions included

a polymorphic SNP, whereas 7% and 4% of these probes
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contained a SNP with a minor allele frequency (MAF) greater than

0.01 and 0.05, respectively. A subset of 2128 SNPs was used for

regression of the probes’ expression levels on the number of

mismatching alleles per transcript, resulting in 2148 tests due to

overlapping probes.

The number of transcripts associated with decreased expression

signal intensity per mismatch allele of a SNP was significantly

higher than the number of transcripts associated with increased

signal intensity. This result was consistent in unfiltered analyses

and after filtering by nominal or Bonferroni-corrected p-

values,0.05 (one-sided binomial test, p-value,0.001 in all three

analyses). Nevertheless, 45% of all tested SNPs were associated

with increased signal intensity values per mismatch allele (Figure 3).

No significant accumulation of association p-values below 0.05 was

observed for probes spanning three or more (maximum five) SNPs

(x2-test, p-value = 0.73). Furthermore, among 129 SNPs with an

association p-value,0.05 many SNPs had at least one SNP in

linkage disequilibrium (LD) (n = 86 for R2.0.1 and n = 61 for

R2.0.5) located within the 100 kb region upstream the transcrip-

tion start site of the respective gene. After the analyses were

performed conditional on the SNP having the highest R2 with the

probe’s SNP, p-values increased for all but 12 (91%) transcripts.

Finally, out of the 31 statistically significant associations (Bonfer-

roni corrected p-values,2.361025), only 12 remained statistically

significant after conditioning for the SNP in LD. These results

were neither affected by the relative position of the mismatch allele

within the probe sequence nor by a low imputation quality of the

SNPs (Figure S6, Table S4).

Annotation of probes using transcript mapping
Since the probe annotation file (HumanHT-

12_V3_0_R3_11283641_A, provided by Illumina) was outdated,

a new annotation was created based on matching of the probes’

sequences to known transcripts listed in the UCSC database (12/

06/2009) and by alignment on the human DNA sequence (build

HG18 and HG19). The new annotation file for the HumanHT-12

v3 BeadChip array includes 28,961 (59%) probes that perfectly

mapped to known transcripts or annotated RefSeq genes and were

aligned to build HG19 (Table S5). The chromosomal position as

provided in the manufacturer’s annotation file (HumanHT-

12_V3_0_R3_11283641_A) was unambiguously assigned to co-

ordinates of build HG18 and HG19 for 72% and 28% of uniquely

mapped probes, respectively.

Discussion

Our study showed that the reliability of gene expression analyses

is greatly improved by the adjustment for technical factors, which

were in particular the RNA amplification batch, RIN and sample

storage time. Larger intensity values tend to have higher variance

than lower intensity values when repeatedly measured [32]. To be

able to perform a linear regression analysis, it is necessary to

remove this heteroscedasticity. This can be achieved by applying a

logarithm-based transformation on the expression values. A

common transformation method used is the L2T, but recently

the VST was developed to improve the reduction of the

heteroscedasticity, especially in the lower signal intensity range

[32]. As pointed out by Schmid et al. [38], VST was originally

validated on a pre-released version of the HumanRef-8 v1

BeadChip array (Illumina), which differs considerably from the

Illumina HumanHT-12 v3 BeadChip array used in the present

study and in the work by Schmid et al. [38]. Based on the analysis

of HaCaT cell expression values, these authors pointed out that

VST was outperformed by other methods for the Illumina

HumanHT-12 v3 BeadChip array (e.g. L2T) [38]. Although

previously reported differences within the lower expression level

range [32] could be confirmed in our study by analyzing mRNA

signal intensities obtained from human whole blood cells and

Figure 1. Log2 transformation (L2T) versus variance-stabilizing transformation (VST). The panels show the association results for the
random phenotype (A–C) and for body mass index (BMI) (D–F) on each mRNA probe adjusted for sex, age, RNA amplification batch, RNA integrity
number (RIN) and the sample storage time based on L2T expression values (x-axis) and on VST values (y-axis) in the SHIP-TREND cohort. The upper
panels (A, D) show the betas, the middle panels (B, E) show the standard errors (SEs) and the lower panels (C, F) show the negative log10 association
p-values. The corresponding squared Pearson product-moment correlation coefficient between the plotted values is given in the upper right corner
of each plot. Each spot represents a probe and is colored according to its mean L2T expression value from all samples. The color code is given in the
legend located in the lower right corner of each plot. Although betas and SEs differ between both transformations, the association p-values are
highly correlated.
doi:10.1371/journal.pone.0050938.g001

Table 2. Eigen-R2 results for SHIP-TREND, KORA F4 and GHS.

Eigen-R2

Parameter SHIP-TREND KORA F4 GHS

Illumina Chip (12 arrays per chip) 33.75% 48.18% 26.55%

RNA amplification batch (96 well plate) 20.18% 24.30% 12.44%

Storage time* [days] 2.86% 1.60% 1.70%

Month of blood donation 18.72% 3.31% 8.11%

Time of blood donation [h] 0.20% 0.41% 0.61%

RNA integrity number 1.36% 0.77% 0.29%

Sex 0.95% 0.87% 1.51%

Age [years] 0.58% 0.45% 0.30%

Body height [cm] 0.54% 0.48% 0.82%

Body weight [km] 0.59% 0.60% 0.51%

Body mass index [kg/m2] 0.68% 0.54% 0.35%

Hip circumference [cm] 0.60% 0.41% 0.27%

Waist circumference [cm] 0.77% 0.67% 0.52%

Waist to hip ratio 0.65% 0.70% 0.82%

White blood cell count [Gpt/l] 0.89% 0.74% 0.23%

Red blood cell count [Tpt/l] 0.38% 0.35% 0.65%

Hematocrit 0.47% 0.46% 0.83%

Hemoglobin [mmol/l] 0.50% 0.42% 1.03%

Platelets [Gpt/l] 0.32% 0.27% 0.63%

High density lipoprotein [mmol/l] 0.49% 0.48% 0.48%

Serum triglycerides [mmol/l] 0.68% 0.87% 0.23%

Active smokers [%] 0.36% 0.23% 0.26%

Systolic blood pressure [mmHg] 0.41% 0.15% 0.26%

Diastolic blood pressure [mmHg] 0.37% 0.14% 0.19%

Serum C-reactive protein [mg/l] - 0.30% 0.26%

*Storage time: Time between blood donation and RNA isolation (SHIP-TREND and
KORA F4) or time between RNA isolation and RNA amplification (GHS).
The first six lines of the Table represent technical parameters. A dash indicates
that the parameter was not available in the cohort.
doi:10.1371/journal.pone.0050938.t002
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monocytes using the HumanHT-12 v3 BeadChip array, these

differences did not affect the expression association results. Even

though both, the VST and L2T, performed well, no remarkable

advantage of the VST was observed in our study. Therefore, we

decided to perform this and future analyses using the commonly

applied L2T instead of VST gene expression data.

PCA revealed that the first PC explained more than 95% of the

total variation in gene expression levels. The strong impact of the

first PC was consistently found in both cohorts using whole blood

cell samples and in the cohort using monocyte samples (Figure S3).

We expected to observe consistent results in the two cohorts using

whole blood samples because they were obtained from the same

tissue type and were processed according to identical protocols in

the same laboratory. The additional conformity with the results

from the cohort using monocyte samples was surprising, because

monocyte samples were handled differently from whole blood

samples with respect to several important technical aspects

including the time between blood donation and RNA isolation as well as

the time between RNA isolation and RNA amplification (Figure 4). To

take these differences into account, we used different parameters to

define the sample storage time for whole blood cell and monocytes

samples. Of note, after adjusting for the technical parameters RNA

amplification batch, RIN and sample storage time, the additional

adjustment for the first PC lead only to a marginal reduction of the

variability of the association results (Table 3), indicating that much

of the variation in gene expression signals represented by the first

PC may be explained by these three technical factors. Further-

more, the above mentioned technical parameters had the strongest

influence on the overall expression signal intensities besides the

factors Illumina chip, RNA isolation batch and the signal-to-noise ratio.

Almost all samples belonging to the same chip (Illumina chip) or 96

well plate after RNA isolation (RNA isolation batch) were also

processed together on the same 96 well plate after RNA

amplification (RNA amplification batch). Therefore, adding the

parameters Illumina chip or RNA isolation batch to the regression

model did not account for additional variation in this study.

Furthermore, one HumanHT-12 v3 BeadChip includes 12 single

arrays, each targeting one sample, whereas 96 samples can be

processed on one amplification plate. Using the BeadChip

information instead of the assigned plate layout after RNA

amplification for adjustment would add many more factor levels in

the model and might therefore be less powerful. In theory,

adjustment for the signal-to-noise ratio or the number of detected genes

(detection p-value,0.01) could further slightly reduce the SE

(Table 3). On the other hand, adjusting for these two parameters

might falsify the association results for the phenotype of interest

like BMI as being correlated with both, the signal-to-noise ratio and

Figure 2. Unexplained variance after adjustment for principle components (PCs). The panels show the percentage of adjusted
unexplained variance (y-axis) of the regression on the log2 transformed (L2T) gene expression levels and body mass index (BMI) (A) or the random
phenotype (B) over the first 100 PCs (x-axis). With both phenotypes the unexplained variance decreases continuously with the addition of further PCs
to the regression model. Results are given separately for the SHIP-TREND, KORA F4 and GHS cohorts.
doi:10.1371/journal.pone.0050938.g002
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the number of detected genes (Pearson correlation coefficient in SHIP-

TREND: r = 20.14 and r = 20.13, respectively).

Investigating the gene expression levels in 24 whole blood cell

samples hybridized to the Affymetrix GeneChipH U133plus 2.0

Array, Xu et al. [34] found that the top three PCs explained

28.2%, 17.0%, and 10.2% of the total variance, respectively,

which differed strongly from the values obtained from the PCA

performed in our study. To investigate whether these differences

may be related to the much smaller sample size in the study by Xu

et al. [34], we selected a random subset of 24 samples (66% female)

that belonged to two different BeadChips but were processed on

the same 96 well plate for RNA amplification. The PCA results in

this small subsample were similar to those obtained from the full

dataset (Figure S3) with the top three PCs explaining 97.3%,

0.4%, and 0.3% of the total variance, respectively. However,

Eigen-R2 results in the subsample were about an order of

magnitude larger than those in the complete dataset and similar

to those reported by Xu et al. [34]. After adjusting for the effects of

technical factors on the gene expression signal intensities and re-

running the analyses in the full dataset, the first PC, the top 10 PCs

and the top 50 PCs explained 5.9%, 24.8% and 38.5% of the total

variation, respectively. Under these conditions, the Eigen-R2 results

for the biological parameters remained essentially unchanged,

except for serum magnesium concentration (Table S2). These data

suggest that the reported Eigen-R2 results reported by Xu et al. [34]

seemed to be overestimated, probably due to the small sample size.

Overall, our data suggest that the large contribution of the first PC

may be explained by specific technical factors of the Illumina

BeadChip arrays.

Among the biological factors showing the most significant

correlation with one of the first five PCs were serum electrolyte

concentrations including calcium. Electrolytes as constituents of

the internal milieu are involved in several important cellular

process and might therefore exert an influence on gene expression

in general.

Although much of the variation in expression levels was

removed by adjusting for technical parameters (RNA amplification

batch, RIN and the sample storage time), the variation was further

reduced by correcting for the first 50 PCs (Table 3, Figure S5).

This approach was used in recent expression quantitative trait

locus (eQTL) analyses [39,33] and is applicable if the variable of

interest (i.e. the SNP) is uncorrelated with any of the PCs used for

adjustment. The additional reduction of the variance might be

used to successfully reveal additional associations of smaller effect

sizes. On the other hand, some PCs may correlate with the

phenotype of interest, thereby influencing the association results.

In many association settings the PCA approach may therefore not

be suitable.

In the present study no consistent effects of SNPs located within

the sequence of a probe on hybridization efficiency were observed.

Effects that did occur were modest to small and may have been

caused by cis-effects of SNPs in LD with the respective SNPs in the

Table 3. Mean standard errors (SEs) for SHIP-TREND, KORA F4 and GHS after different covariate adjustments for the random
phenotype and body mass index (BMI).

Mean SE

Phenotype additional covariates (besides phenotype) SHIP-TREND KORA F4 GHS

random phenotype none 0.00602560 0.00705074 0.00555893

age, sex 0.00600400 0.00692849 0.00554164

age, sex, technical 0.00549340 0.00640187 0.00528846

technical 0.00551280 0.00641387 0.00530522

technical, PC1 0.00548790 0.00637871 0.00500432

technical, detected genes 0.00544510 0.00627055 -

technical, signal-to-noise ratio 0.00544820 0.00629034 -

50 PCs 0.00474210 0.00512433 0.00419344

age, sex, technical, cell types 0.00542430 - -

technical, non-technical 0.00557310 - -

BMI None 0.00130350 0.00154734 0.00114923

age, sex 0.00135000 0.00154774 0.00117234

age, sex, technical 0.00123420 0.00142589 0.00112182

Technical 0.00119320 0.00142516 0.00109915

technical, PC1 0.00119210 0.00141686 0.00109480

technical, detected genes 0.00118540 0.00140998 -

technical, signal-to-noise ratio 0.00119490 0.00141395 -

50 PCs 0.00125360 0.00126477 0.00105583

age, sex, technical, cell types 0.00123254 - -

technical, non-technical 0.01305295 - -

50 PCs: the first 50 principal components (PCs) of the principle component analysis (PCA) over the gene expression levels; BMI: body mass index in [kg/m2]; cell types:
percentage of lymphocytes, neutrophils, monocytes, eosinophils and basophils; detected genes: number of detected genes (detection p-value,0.01); Mean SE: mean
standard error of phenotypes’ beta from all probes of the corresponding association analysis; non-technical: all non-technical parameters having an Eigen-R2

value.0.3% in SHIP-TREND; PC1: the first PC of the PCA; random phenotype: the random phenotype ,N (0,1); technical: RNA amplification batch, RNA integrity number
(RIN), storage time.
A dash indicates that the parameter was not available in the cohort.
doi:10.1371/journal.pone.0050938.t003

Methodological Aspects of Gene Expression Analysis

PLOS ONE | www.plosone.org 8 December 2012 | Volume 7 | Issue 12 | e50938

2.4 Analyzing Illumina Gene Expression Microarray
Data from different Tissues: Methodological Aspects
of Data Analysis in the MetaXpress Consortium. Dissertation Claudia Schurmann

80



probe. This notion is supported by the results of an eQTL analysis

by conditioning on one SNP in LD located within the upstream

region of the transcription start site for each probe: when this SNP

was included as an additional covariate in the regression model,

the eQTL associations lost significance in most cases. Besides

possible cis-effects, there might be other effects by which SNPs in

strong LD with SNPs within probes can alter transcript signal

intensities without affecting binding efficiency. Thus, expression

levels of gene products may be modulated by polymorphisms in

the 39-untranslated regions (39-UTRs) of the gene which

represents a preferred binding site for regulatory microRNAs

(miRNAs). Polymorphisms interfering with miRNA binding sites

have been proposed to affect miRNA-dependent regulation,

resulting in modification of the stability or/and translation

efficiency of the respective mRNA [40]. Furthermore, it is unlikely

that the association results between mRNA levels and non-genetic

factors will be markedly confounded by SNPs, regardless whether

they are located within probes or not, given the small effect sizes of

SNPs found in population-based genome-wide association studies.

It is thus more likely for SNPs within probes to cause some extra

variability in the expression levels measured by these specific

probes than to lead to false positive associations. Based on our

data, we recommend keeping probes with SNPs in their sequence

for further analyses.

The different chromosomal builds used for probe coordinates as

provided in the Illumina HumanHT-12 v3 annotation file might

affect the definition of cis- or trans-eQTL SNPs and must therefore

be taken into account when analyzing eQTL effects. Our study

shows that the exclusion of probes containing known SNPs would

remove a large proportion of probes but does not markedly

influence the association results.

In summary, we investigated the influence of data preprocessing

and technical effects from sample processing on mRNA signal

intensities. We conclude that the adjustment for technical effects

can substantially improve the association results, but there is no

need to exclude probes containing SNPs. Additionally, we provide

Figure 3. Effects of SNPs within probes on signal intensities. The effects on measured log2 transformed (L2T) gene expression levels per
mismatch allele of SNPs located within probes (y-axis) are plotted against the mean L2T expression level of the samples for each probe (x-axis). Each
spot represents a SNP-probe combination; associations with significant p-values after Bonferroni correction (p,2.361025) are colored in red and p-
values below 0.05 are colored in orange. To increase legibility the y-axis was limited from 23 to 3 excluding 176 non-significant results out of 1237
successful association results (minimum and maximum effect sizes were 2174.1 and 188.7, respectively). Surprisingly, in almost 45% of the
associations a positive effect per mismatch allele on expression signal intensity was observed.
doi:10.1371/journal.pone.0050938.g003
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a probe annotation file based on transcript mapping and HG19

chromosome build coordinates. In the future, the standardized

data preprocessing and analysis platform for measurements of

gene expression levels in blood cells as described in this report will

be used within the DZHK-MetaXpress consortium to further

facilitate meta-analyses of gene expression studies and to explore

the expression profile of blood cells associated with several clinical

parameters.

Materials and Methods

Ethics statement
The study followed the recommendations of the Declaration of

Helsinki. The study protocol of SHIP, KORA and GHS was

approved by the medical ethics committee of the University of

Greifswald, the Bavarian Chamber of Physicians (Bayerische

Landesärztekammer) and the federal data safety commissioners

(Ethik-Kommission der Landesärztekammer Rheinland-Pfalz),

respectively. Written informed consent was obtained from each

of the study participants.

Description of the samples
The Study of Health in Pomerania (SHIP) is a population-based

project in West Pomerania, a region in the northeast of Germany.

For this project, samples from the SHIP-TREND study were used.

Baseline examinations for this study started in 2008. From the total

population of West Pomerania comprising approximately 210,000

inhabitants, a stratified random sample of 8016 adults was drawn.

Stratification variables were age, sex, and city/county of residence.

Stratification variables were age, sex, and city/county of residence.

By the end of 2012, approximately 5000 participants will have

been examined. Study design and sampling methods were

previously described [28].

KORA (Cooperative Heath Research in the Region of

Augsburg) exists since 1996 in the region of Augsburg in the

southwest of Germany, and builds on the MONICA (Monitoring

of trends and determinants in cardiovascular disease) project

initiated in 1984 [29]. KORA is a regional research platform for

population-based surveys and a cohort of more than 18,000

subjects are actively followed up to date. Four cross-sectional

health surveys have been performed in five-year intervals, each

containing independent random samples of residents in the city of

Augsburg and the two adjacent counties in the age-range between

25 to 74 years at baseline examination. Between 2006 and 2008

6640 samples were collected for KORA F4.

The Gutenberg Health Study (GHS) is designed as a

community-based, prospective, observational, single-center cohort

study in the Rhine-Main area of Western Germany [41]. The

sample was drawn randomly from the governmental local registry

offices in the city of Mainz and the district of Mainz-Bingen. The

sample was stratified 1:1 for sex and residence (urban and rural)

and in equal strata for decades of age. Individuals between 35 and

74 years of age were enrolled. Exclusion criteria were insufficient

knowledge of the German language and physical or psychological

inability to participate in the examinations at the study center.

Baseline examination of 15,000 study participants was performed

between 2007 and 2012.

Sample selection and preparation
The present analysis is based on a subset of SHIP-TREND

participants, and a subset of all KORA F4 participants aged 62 to

81 years [42]. For the first 1001 SHIP-TREND probands that

fasted for at least 10 hours prior to blood sampling and had serum

fasting glucose levels #8 mmol/l and 1002 randomly selected

KORA F4 probands, RNA was prepared from whole blood

collected and stored in PAXgene tubes (BD, Heidelberg,

Figure 4. Workflow – from blood sampling to measured mRNA intensities. From left to right: Whole blood was collected and stored in
PAXgene tubes until isolation of RNA from whole blood cells in both SHIP-TREND and KORA F4. In GHS, monocytes were separated from whole blood
and RNA was isolated from monocytes within 24 hours after blood sampling, subsequently storing the isolated RNA until amplification. The sample
storage time refers to the duration the whole blood (SHIP-TREND and KORA F4) or isolated RNA (GHS) was stored before further processing, shown as
mean 6 standard deviation in days. The samples were processed in 96 well plates both after isolation and amplification of the RNA. The
corresponding plate layouts were called RNA isolation batch and RNA amplification batch, respectively. Finally, the RNA was hybridized and the arrays
were scanned, quality controlled and analyzed.
doi:10.1371/journal.pone.0050938.g004
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Germany) using the PAXgene Blood miRNA Kit (Qiagen, Hilden,

Germany). Isolation of RNA was performed using a QIAcube

according to protocols provided by the manufacturer (Qiagen) in

SHIP-TREND and manually in KORA F4. Purity and concen-

tration of RNA were determined using a NanoDrop ND-1000

UV-Vis Spectrophotometer (Thermo Scientific, Hennigsdorf,

Germany). To ensure a consistently high RNA quality, all

preparations were analyzed using a 2100 Bioanalyzer and RNA

6000 Nano Lab Chips (both from Agilent Technologies, Santa

Clara, CA, USA) according to the manufacturer’s instructions.

Samples exhibiting a RIN less than seven were excluded from

further analyses. Altogether 17 RNA samples from KORA F4

with automatically called RIN values less than seven were included

after manual adjustment. Using the Illumina TotalPrep-96 RNA

Amp Kit (Ambion, Darmstadt, Germany), 500 ng of RNA were

reverse transcribed into cRNA and thereby labelled with biotin-

UTP. Hybridization of 3000 ng of labelled cRNA to the Illumina

HumanHT-12 v3 Expression BeadChip arrays was followed by

washing steps as described in the Illumina protocol. After isolation

and quality control processing of all SHIP-TREND and KORA

F4 RNA samples was performed at the Helmholtz Zentrum

München.

In addition, the present analysis includes a sample of 1374 GHS

subjects successively enrolled from April 2007 to April 2008. Blood

sampling was carried out under fasting conditions (overnight fast

of at least eight hours). Total RNA was isolated from monocytes

within 24 h to ensure rapid sample processing. Separation of

monocytes from whole blood and preparation of RNA were

performed as described previously [30]. The integrity of the total

RNA was assessed through analysis on an Agilent Bioanalyzer

2100 (Agilent Technologies, Böblingen, Germany). Samples with a

RIN less than seven were excluded from further analyses. Gene

expression analyses were performed using the Illumina Hu-

manHT-12 v3 BeadChip. RNA samples were processed in 96

well plates. Reverse transcription of 200 ng total RNA and cRNA

synthesis with simultaneous biotin labeling were performed using

the Illumina TotalPrep-96 RNA Amplification Kit (Ambion,

Darmstadt, Germany). Hybridization of 700 ng of each biotiny-

lated cRNA sample with a single array on the BeadChip was

performed at 58uC for 16–18 hours. BeadChips were scanned

using the Illumina Bead Array Reader.

Expression data transformation and quality control
In SHIP-TREND and KORA F4 the GenomeStudio V 2010.1

Gene Expression Module was used to impute missing values and

for quality control. In detail, samples with less than 6000

significantly detected probes (p,0.01) were excluded (SHIP-

TREND: n = 10, KORA F4: n = 4). Subsequently, the probe level

data were exported to the R environment for further processing.

In GHS, the Illumina raw data files were imported directly into R.

Quantile normalization and L2T was performed in R using the

lumi package from the Bioconductor open source software (http://

www.bioconductor.org/). Based on expression patterns of probes

localised on the X and Y chromosome, we discarded samples

which did not match the recorded sex. After quality control,

expression data were available for 991 SHIP-TREND, 993

KORA F4 and 1374 GHS samples.

Principal component analysis
We used a PCA to decompose the variation of the samples’

expression profiles into a set of uncorrelated variables of lower

dimensions called PCs, with the first PC accounting for the largest

part of the total variation of the expression profiles and the

subsequent PCs explain less in decreasing order.

Phenotype definition and covariate adjustment
In total, 66 technical and biological factors were available in

SHIP-TREND and selected for initial analyses (Table S2). Of

these, all parameters explaining more than 0.3% of the variance of

gene expression levels estimated by the Eigen-R2 algorithm were

included in subsequent analyses in all three cohorts, if available.

Additionally, we included the C-reactive protein (CRP), which was

not available in SHIP-TREND, for analyses in KORA F4 and

GHS, because it is known to be associated with the overall gene

expression levels. The descriptive statistics of these variables are

given in Table 1 and Table S1. Regression analyses were

performed using gene expression level as dependent variable and

the phenotype of interest together with covariates as independent

variables in a multiple linear regression model. The mean SEs

presented in the analyses of different covariate adjustments were

calculated from the corresponding association results of all probes.

The analyzed phenotypes were BMI, representing a measure of

clinical relevance that is known to influence the overall gene

expression profile in blood cells [34], and a pseudo-phenotype

artificially generated by selecting random values from a normal

distribution being free of any correlation with or confounding by

other factors. The random phenotype was used for optimizing

variance reduction.

Annotation of probes by transcript mapping
To validate the binding efficiency of the oligonucleotide probes

represented on the Illumina HumanHT-12 v3 BeadChip array,

the transcript sequences derived from the 48,803 probe sequences

provided in the Illumina annotation file (HumanHT-

12_V3_0_R3_11283641_A, version 3.0, 7/1/2010) were mapped

against all available mRNA sequences provided in the UCSC

genome annotation database (version 12/06/2009, Feb. 2009

assembly of the human genome, HG19) using string matching.

Altogether 29,691 probes were successfully mapped to one or

more validated mRNAs, which corresponds to previously reported

results [43,44]. Probes that could neither be mapped to a unique

mRNA nor to a single annotated RefSeq gene using the UCSC

database were flagged accordingly in the annotation file. In total,

28,961 probes (59.3%) were unambiguously associated with a

single mRNA or gene. The annotation file was updated using the

information obtained by this mapping procedure.

Genotype calling, imputation and quality control
Genotyping of the SHIP-TREND probands (n = 986) was

performed using the Illumina HumanOmni2.5-Quad BeadChip

array. DNA from whole blood was prepared using the Gentra

Puregene Blood Kit (Qiagen, Hilden, Germany) according to the

manufacturer’s protocol. Purity and concentration of DNA were

determined using a NanoDrop ND-1000 UV-Vis Spectropho-

tometer (Thermo Scientific). The integrity of all DNA prepara-

tions was validated by electrophoresis using 0.8% agarose-1x TBE

gels stained with ethidium bromide. Subsequent sample processing

and array hybridization were performed as described by the

manufacturer (Illumina) at the Helmholtz Zentrum München.

Genotypes were called within GenomeStudio with the GenCall

algorithm of the Genotyping Module v1.0. Arrays with a call rate

below 94%, duplicate samples as identified by estimated identity

by descent (IBD) analysis as well as individuals with reported vs.

genotyped gender mismatch were excluded. The final sample call

rate was 99.51%. Imputation of autosomal genotypes in the SHIP-

TREND cohort was performed with the software IMPUTE

v2.1.2.3 against the 1000 Genomes Phase I (interim) reference

panel released June 2011 (all ancestries panel, build 37).

Altogether 667,424 SNPs were excluded before imputation
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(monomorphic SNPs, Hardy-Weinberg equilibrium p-val-

ue#0.0001, call rate #0.9, mapping problem from build 36 to

37) and 88 SNPs were removed after imputation due to duplicate

SNP IDs but different positions. The total number of SNPs after

imputation and quality control was 37,434,668. The genetic data

analysis workflow was created using the Software InforSense.

Genetic data were stored using the database Caché (InterSystems,

Cambridge, USA).

SNP-to-transcript matching and association analysis
To assess whether SNPs located within probes could affect the

expression signal per mismatch allele due to reduced hybridization

efficiency, a suitable subset of probes was selected. Of all probes

that could be mapped to a single mRNA transcript as described

before and that spanned only one exon, those with missing

chromosome or position information of the oligonucleotides were

excluded. Probes that mapped to a different chromosome than

reported by the manufacturer were also excluded. Of the resulting

8898 oligonucleotides, 72% were annotated using human genome

build HG18 coordinates and were mapped to HG19 coordinates

using Liftover (http://genome.ucsc.edu/cgi-bin/hgLiftOver). Af-

ter excluding 163 SNPs for which none of the SNP alleles matched

the probe allele at the corresponding position, all 1561 probes

located on the DNA forward strand were used for association

analysis. Altogether, these probes contained 2128 SNPs with are

included in the 1000 genomes reference panel. The analysis of the

effect of SNPs on the respective probe’s expression level was

performed in SHIP-TREND using a linear regression model

adjusted for sex, age and the first 50 PCs using the software R [45].

Supporting Information

Text S1 Statistical approaches for comparing whole
blood cell and monocyte gene expression levels using
aggregated data.

(DOCX)

Figure S1 Log2 transformation (L2T) versus variance-
stabilizing transformation (VST): Comparison of mean
expression values. The mean L2T gene expression values (x-

axis) are plotted against the mean VST expression values (y-axis)

for each probe of the SHIP-TREND (A), the KORA F4 (B) and

the GHS (C) cohort, respectively. The L2T data were highly

correlated with the VST data for probe intensity values greater

than 29. The correlation was recognizably smaller for low probe

intensity values.

(TIF)

Figure S2 Log2 transformation (L2T) versus variance-
stabilizing transformation (VST): Comparison of asso-
ciation results in KORA F4 and GHS. The panels show the

association results of the random phenotype (A–C) and body mass

index (BMI) (D–F) on each gene expression probe adjusted for sex,

age, RNA amplification batch, RNA integrity number (RIN) and the

sample storage time based on the L2T expression values (x-axis) and

the VST expression values (y-axis) in the KORA F4 (I) and the

GHS (II) cohort, respectively. The upper panels (A, D) show the

effect sizes (betas), the middle panels (B, E) show the standard

errors (SEs) and the lower panels (C, F) show the negative log10

association p-values. The corresponding squared Pearson product-

moment correlation coefficient between the plotted values is given

in the upper right corner of each plot. Each spot represents a

probe and is colored according to its mean L2T expression value

from all samples. The color code is given in the legend located in

the lower right corner of each plot. Despite differing betas and SEs

between the two transformation methods, the association p-values

obtained with either method were highly correlated.

(TIF)

Figure S3 Explained Variance of the first 100 principle
components (PCs). (A) The cumulated percent of variance (y-

axis) explained by the first 100 PCs (x-axis) in SHIP-TREND

(blue), KORA F4 (red) and GHS (green) obtained from a principle

component analysis (PCA) over the probes using the L2T (crosses)

and VST (dots) expression values, respectively. (B) The analogous

results of the SHIP-TREND cohort using all probes (black) and

those excluded by not being significantly expressed above the

background level in at least 50% of the samples (grey). Upper left

panel: explained variance using L2T; upper right panel: explained

variance using VST; lower left panel: explained variance using a

subset of 24 samples and L2T expression values; lower right panel:

explained variance after computationally removing the influence

of technical factors using L2T expression values. In all analyses,

except after the adjustment for technical factors, the first PCs

explained a high proportion of the total variance.

(TIF)

Figure S4 Association results of selected factors with
the principal components (PCs). The association results of 26

selected technical and biological factors with each of the first 50

PCs across all three cohorts are shown. Each dot represents an

association result, with dot sizes being inversely correlated with the

corresponding association p-values. Triangles indicate the PC

giving the smallest p-value in each trait and cohort. The PCs are

shown on the x-axis. The y-axis represents the traits and cohorts.

For each trait, the lower line represents SHIP-TREND (blue), the

upper line represents KORA F4 (red) and the middle line

represents GHS (green). Grey dots indicate a missing trait in the

respective cohort. The PCs were obtained from a principle

component analysis (PCA) over the measured gene expression

levels. Black dots represent p-values.0.002 (0.05/26 traits). The

traits on the y-axis represent the alanine aminotransferase

concentrations (ALAT), body mass index (BMI), body weight

(WEIGHT), high density lipoprotein concentrations (HDL), hip

circumference (HIP), Illumina chip (pCHIP), lactate dehydrogenase

concentrations (LDH), month of blood donation (mDON), month of

RNA isolation (mISO), number of detected genes (DetGene), partial

thromboplastin time (PTT), percentage of lymphocytes (Lympho),

percentage of neutrophils (Neutro), RNA amplification batch (pAMP),

RNA integrity number (RIN), RNA isolation batch (96 well plate) (pISO),

serum calcium concentrations (CA), serum lipase concentrations

(LIP), serum magnesium concentration (MG), serum potassium

concentrations (K), serum triglyceride concentrations (TG), signal-

to-noise ratio (StNR), storage time (Time), waist circumference

(WAIST), white blood cell count (WBC), and vitamin B12

concentrations (B12). While association patterns related to

technical factors were similar in all studies (differences in RIN

and mDON were related to specific sample processing), the

association patterns related to biological factors varied consider-

ably between the studies and even more so between whole blood

cells (SHIP-TREND and KORA F4) and monocytes (GHS).

(TIF)

Figure S5 Standard errors and association p-values
using different covariate adjustments. The figure shows a

synopsis of the SEs (lower left of the figure) and the negative log10

p-values of the association results (upper right of the figure) for the

random phenotype (A) and body mass index (BMI) (B) based on

L2T expression levels in SHIP-TREND. The covariates used in

the linear regression models are given in the text panels stretching

from the upper left to the lower right. The adjustments used for
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the x-axis of each scatter plot are specified in the text panel above or

below the plot, respectively; the adjustments used for the y-axis of

each scatter plot are specified on the left or right, respectively. The

spots are colored according to the probes’ mean L2T signal

intensities, with red representing low and green representing high

signal intensities. The principal components (PCs) were obtained

from a principle component analysis (PCA) over the expression

levels. PC1 stands for the first PC explaining most of the variation.

Tech indicates the adjustment for the following technical factors:

RNA amplification batch, RNA integrity number (RIN), and the sample

storage time. Cell represents the white blood cell composition

parameters (percentage of lymphocytes, neutrophils, monocytes,

eosinophils and basophils, respectively). The strongest reduction of

SEs was achieved by adjusting for the first 50 PCs. On the other

hand, adjusting for the first 50 PCs resulted in increased p-values for

the BMI associations. This effect may have been due to correlations

of PCs with BMI. In contrast to its effects on the p-values of the BMI

association, adjusting for the first 50 PCs did not substantially affect

the p-values of the random phenotype association. Adjusting for the

technical factors also substantially decreased the SEs.

(TIF)

Figure S6 Effects of mismatch alleles within probes on
signal intensities. The negative log10 p-values of the association

of a SNP located within a probe’s sequence on the log2

transformed (L2T) gene expression level per mismatch allele are

shown on the y-axis. The x-axis represents the position of the SNP

in base pairs relative to the beginning of the probe’s sequence (A)

and the SNPs imputation quality (B), respectively. Each spot

represents a SNP-probe-association. Spots representing associa-

tions with significant p-values after Bonferroni correction

(p,2.361025) appear above the red horizontal line. SNPs with

a decreasing effect on the gene expression level are colored in

black; SNPs with increasing effect are colored in green. The

imputation quality is 0 for poorly and 1 for optimally imputed

SNPs. Neither the SNP position within the probe nor the

imputation quality significantly affected the association results.

(TIF)

Table S1 Cohort descriptive of additional parameters.

(XLSX)

Table S2 Eigen-R2 results for SHIP-TREND of all 66
parameters.

(XLSX)

Table S3 Eigen-R2 results for SHIP-TREND, KORA F4
and GHS of additional parameters.

(XLSX)

Table S4 Association results of SNPs in probe analysis
with p-value,0.05.

(XLSX)

Table S5 New annotation file for the HumanHT-12 v3
BeadChip array.

(XLSX)
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Whole-Blood Transcriptome Profiling of 
Population-based Cohorts Reveals Major 
Gene Expression Changes Correlated 
With Body Mass Index 
 

Georg Homuth, Karlhans Endlich, Ulrike Mäder, Julia Mayerle, Rainer Rettig, Claudia Schurmann, Uwe 
Völker, Simone Wahl, and Henri Wallaschofski on behalf of the MetaXpress consortium.  
  

 

Summary 

Obesity, defined as a body mass index (BMI) above 30 kg/m2, causes steadily 

increasing usage of health care resources. A high BMI raises the risk for metabolic 

syndrome, type 2 diabetes (T2D), and cardiovascular disease. The mechanisms 

underlying these associations are poorly understood. We correlated the BMI of 1979 

participants of the population-based studies SHIP-TREND and KORA F4 with whole-

blood mRNA levels determined by array-based transcriptional profiling. Three distinct 

mRNA-signatures were associated with increased BMI: Surprisingly for this tissue type, 

the first demonstrated reduced expression of genes critically involved in insulin 

signalling. The second signature indicated down-regulation of genes mediating 

protection against oxidative stress, and the third a ratio shift from mature erythrocytes 

towards reticulocytes. The signatures implicating attenuated insulin signalling and ROS-

defense on the transcript level provide new mechanistic links to the pathogenesis of 

metabolic syndrome and T2D, and may furthermore contribute to the identification of 

therapeutic targets.  
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 2 

Main Text 

The past two decades saw obesity surpass malnutrition and infectious diseases as the 

greatest contributors to morbidity and mortality in developed and developing countries. This 

obesity epidemic is also driving the endemic development of type 2 diabetes (T2D)1,2 in the 

world. The BMI is one of the best established and most commonly used anthropometric 

measures in the context of health risks related to obesity (WHO Expert Committee Report, 

1995) and is correlated with metabolic disorders as well as cardiovascular and all cause 

mortality3,4. Body weight regulation is complex and affected by genetic as well as environmental 

factors5. In general, the heritability of anthropometric measures like BMI in twins is as high as 40 

to 70%6. This prompted intense research for underlying genetic factors to unravel the metabolic 

networks controlling body mass5. Monogenic mutations cause only a minority of obesity cases 

(e.g. within LEP, LEPR, POMC, MC4R, PCSK1, SIM1) whereas in most individuals obesity is 

based on a polygenic predisposition amplified by an obesogenic western lifestyle5. Genome-

wide association studies (GWAS) have linked a large number of genes with adiposity levels and 

obesity susceptibility. However, the small effect size of these common variants provide an 

explanation for only about 1.45% of the inter-individual variation in BMI, with a limited predictive 

value for obesity risk7. 

Gene expression studies have emerged as a promising tool for the analysis of gene 

regulatory networks from individuals and might allow identification of pathways linked to body 

mass regulation10-12. Previous studies on animals and obese subjects revealed that blood cells 

represent a robust model to study maintenance of energy homeostasis and its interaction with 

body weight2,13-15.  

Within the German Centre for Cardiovascular Research (DZHK), whole-blood mRNA 

levels were determined for 1979 participants of the population-based studies SHIP-TREND and 
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KORA F4 by array-based transcriptional profiling and correlated to the phenotype BMI, gaining 

further insights into the regulation of obesity-related metabolic traits20.  

 Meta-analysis of SHIP-TREND and KORA F4 (Table1) whole-blood gene expression 

data resulted in the identification of 3,981 annotated different gene-specific transcripts whose 

abundance was significantly associated with BMI (Benjamini and Hochberg corrected p-value < 

0.01) (supplemental Table1). The correlation between mRNA abundance and BMI was positive 

for 1,461 transcripts (36.7%) and was negative for 2,520 transcripts (63.3%). Using the 

Ingenuity Pathways Analysis (IPA) software, we identified ten canonical pathways exhibiting 

significant association with BMI after Benjamini and Hochberg correction. These pathways 

included EIF2 Signalling, Hypoxia Signalling in the Cardiovascular System, AMPK Signalling, 

NRF2-mediated oxidative Stress Response, mTOR Signalling, Insulin Receptor Signalling, 

Heme Biosynthesis II, Mitochondrial Dysfunction, Antigen Presentation, and PI3K/AKT 

Signalling (Table2). Altogether, these pathways included 267 genes whose transcript 

abundance in whole blood was significantly associated with BMI (supplemental Table2). The 

correlation was positive for 117 transcripts (43.8%) and was negative for 150 transcripts 

(56.2%).  

More than half of the 117 transcripts exhibiting positive correlation specified components 

of the cellular protein synthesis apparatus (ribosomal proteins and translation factors) and 

mitochondrial proteins, in particular of the respiratory chain and the F0/F1 ATP synthase 

complex (Table2: pathways EIF2 Signalling and Mitochondrial Dysfunction). Expression of these 

genes is strongly induced by pro-proliferative signals and mainly driven by the transcription 

factor MYC
21-23, 41-43. BMI-correlated increases in their transcript abundance could result from a 

shift in the ratio between erythrocytes that contain only mRNA remnants34 and reticulocytes with 

substantial mRNA content towards the latter: The number of bone marrow-residing adipocytes 

increases with the BMI. Adipocyte-screted leptin promotes hematopoiesis and 
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lymphopoiesis
28,30-33

, reflected by the positive correlation between red (RBC) and white blood 

cell counts (WBC) and BMI and obesity as well as pre-diabetes/T2D
24-29

. In keeping with these 

findings, we observed significant positive correlation between BMI and serum leptin, fasting 

glucose, and 2h-OGTT glucose in our study (p=4.27x10-245, 1.23x10-27, and 3.25x10-27). On the 

other hand, erythrocyte survival is decreased at increased BMI and blood glucose
35-37

, most 

probably due to pronounced oxidative stress38. Thus, the positive correlation between BMI and 

mRNA abundances of the MYC-regulated genes described above can likely be explained by the 

erythrocyte-reticulocyte ratio shift and might not constitute true positive gene regulation, which 

might also be the case for many other positively correlated transcripts. This interpretation was 

strongly supported by the observation that all seven genes of the pathway Heme Biosynthesis II 

which are known to be highly expressed in reticulocytes also exhibited positively BMI-correlated 

mRNA levels  

 In contrast, the majority of the gene-specific transcripts in the pathways Hypoxia 

Signalling in the Cardiovascular System, AMPK Signalling, mTOR Signalling, Insulin Receptor 

Signalling, and PI3K/AKT Signalling which are strongly redundant regarding their gene/protein 

content were negatively correlated with BMI. Strikingly, five genes (IRS2, PIK3CD, PIK3R4, 

PDPK1, AKT1) encoding key proteins involved in AKT-dependent transduction of the insulin 

signal exhibited decreased mRNA amounts with increasing BMI (see Figure1; for details see 

Supplemental Information). In addition to the AKT-linked signal transduction cascade, the insulin 

signal is also transmitted by the SOS1::GRB2-RAS-RAF-MEK axis. This pathway mediates 

primarily the initiation of mRNA translation as well as transcriptional responses (see Figure1; for 

details see Supplemental Information). Four genes (RAF1, MAP2K1, MAPK3, MAPK1) 

encoding key proteins of this signalling axis showed decreased mRNA amounts with increasing 

BMI. Regulation of the expression of the genes encoding components of these two main insulin 

signaling pathways is particularly important as strong amplification of the primary insulin signal 
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occurs during these initial transmission steps. Furthermore, 26 genes involved in insulin 

signalling downstream of the main two axes exhibited reduced expression at increased BMI 

(Figure1; for details see Supplemental Information). 

For FOXO3 and FOXO4 encoding prominent transcription factors involved in glucose 

homoeostasis, positive correlations of mRNA levels and BMI were observed. As a consequence 

of decreased AKT-dependent phosphorylation, increased amounts of FOXO proteins 

translocate to the nucleus where they drive expression of their encoding genes in a positive 

feedback loop, explaining the observed positive correlation of expression with BMI in this case.  

In summary, this mRNA signature of attenuated insulin signalling suggests that high BMI 

causes lower amounts of key proteins involved in transduction and amplification of the insulin 

signal, pointing to a plausible mechanism contributing to the well-established epidemiological 

finding of an association between obesity and insulin resistance. Of note, in our study, 

significant associations between BMI and fasting glucose (p=1.23x10-27), 2h-OGTT glucose 

(p=3.25x10-27), blood insulin (p=1.11x10-14) as well as HOMA-Index (p=3.95x10-18), were 

detected, confirming the link between increased BMI/obesity and insulin 

resistance/(pre)diabetes. It has to be emphasized that this result was surprising, because blood 

cells do not belong to the classical insulin-sensitive tissues primarily involved in glucose 

homoeostasis, namely liver, skeletal muscle, and adipose tissue. Therefore, the unexpected 

observed distinct signature of reduced insulin signaling associated with increased BMI 

substantiated the usability of whole blood gene expression profiles in the analysis of complex 

traits and diseases. 

The pathomechanisms underlying vascular and non-vascular complications related to 

insulin resistance, metabolic syndrome and T2D are also incompletely understood. Recent 

epidemiological evidence implicates a central role for oxidative stress (e. g.
45-49

). In our analysis, 

multiple prominent target genes of NRF2, the key regulatory transcription factor of the major 

cellular defense system against oxidative stress, were down-regulated at increased BMI 
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(Table2: NRF2-mediated oxidative stress response; see details in Supplemental Information; 

Figure2). Consistently, the mRNA levels of five genes encoding direct NRF2 dimerization 

partners as well as those of CREBBP encoding a nuclear trans-activator of NRF2 were also 

negatively associated with BMI (Figure2). Furthermore, full activation of NRF2 involves insulin 

signalling via AKT- and ERK-mediated phosphorylation cascades predicted to be attenuated 

with increasing BMI. Together these results indicate that the most important cellular defense 

system against oxidative stress becomes progressively impaired with increasing BMI, in 

agreement with the aforementioned epidemiological associations. 

 The mechanisms underlying the extensive BMI-associated down-regulation of several 

key genes involved in insulin signaling and defense against oxidative stress on the mRNA level 

are unclear. However, as several micro-RNAs (miRNAs) have been shown to be differentially 

expressed in the tissues relevant for  insulin signalling and resistance (liver, skeletal muscle, 

adipose tissue, and pancreatic beta cells) under BMI-associated conditions such as obesity, 

hyperglycaemia, and diabetes (for details see supplemental information), BMI-associated down-

regulation might be mediated by specific miRNAs. 

 The most important limitation of our study is the fact that it is exclusively based on gene 

expression profiles obtained from the analysis of whole blood cells. The data indicating 

attenuated insulin signalling and decreased resistance against oxidative stress might not directly 

translate to other tissues that are more relevant for insulin signalling such as liver, skeletal 

muscle and adipose tissue although there are certain animal model results in agreement with 

our results. 

 In summary, using array-based whole-blood transcriptome profiling of two cohorts 

comprising 1979 individuals, we identified three distinct gene expression signatures associated 

with increased BMI. These reflected (1.) a ratio shift between mature erythrocytes and 

reticulocytes towards the latter, (2.) impaired insulin signaling, and (3.) impaired defense against 
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oxidative stress. The latter two signatures are in line with epidemiological findings and might 

open up avenues for the treatment of insulin resistance and diabetes with its complications. 
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Figures 

 

 
 
Schematic representation of the BMI-associated net down-regulation of the two main 

signal transduction axes propagating and amplifying the initial insulin signal. Ligand-

activated insulin receptor mediates activating tyrosine phosphorylation of IRS (insulin 

receptor substrate) proteins. Downstream of IRS, there are two major signal 

transduction branches: The PI(3)K→PDPK1→AKT (right) and the 

SOS1::GRB2→RAS→RAF→MAP2K1 (MEK family)→MAPK3/MAPK1 (ERK family) 

(left) kinase cascades (Cheng et al., 2010). Tyrosine-phosphorylated IRS proteins bind 

PI(3)K as well as the SOS1::GRB2 complex. The activated SOS1::GRB2 complex 
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promotes GDP-GTP exchange on p21ras (RAS), thereby activating the 

RAS→RAF→MAP2K1 (MEK family)→MAPK3/MAPK1 (ERK family) branch. Activation 

of PI(3)K (phosphatidylinositol-4, 5-bisphosphate 3–kinase) by IRS causes the 

production of PI3,4P2 (phosphatidylinositol-3, 4-bisphosphate) and PI3,4,5P3 

(phosphatidylinositol-3, 4, 5-triphosphate) which recruit PDPK1 (3-phosphoinositide 

dependent protein kinase 1) and AKT proteins to the membrane. Subsequently, AKT is 

activated by PDPK1 mediated tyrosine phosphorylation. Finally, AKT as well as the 

ERK family kinases phosphorylate numerous cellular substrate proteins, resulting in 

their activation or inactivation. Green and red coloring indicates signal transduction 

modules with corresponding mRNA levels that are negatively and positively correlated, 

respectively, with BMI in the present study. 
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Schematic representation of the BMI-associated down-regulation of the NRF2 regulon. 

The transcription factor NRF2, after its translocation from the cytoplasm to the nucleus, 

binds to the cis-acting enhancer sequence ARE (Antioxidant Response Element) 

located in promoters upstream of several genes encoding proteins necessary for 

glutathione synthesis and electrophile detoxification (Vomhof-DeKrey et al., 2012). 

Transcriptional activation of ARE-mediated genes requires hetero-dimerization of NRF2 

with other basic leucine zipper proteins (BLZP), namely JUN (c-JUN, JUN-D and JUN-

B) and the small musculoaponeurotic fibrosarcoma (MAF) proteins (MAFG, MAFK and 

MAFF) as well as ATF4. In addition, the CREBBP encoded CBP protein (cAMP-
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response element binding protein (CREB) binding protein), a histone acetyl transferase, 

represents a nuclear co-activator directly trans-activating NRF2. Among the prominent 

ARE-mediated NRF2 targets genes are GSTM2, GSTO2, GSTP1, and MGST2 

encoding the glutathione S-transferases µ2, ω2, π1, and microsomal glutathione S-

transferase 2, respectively, the NQO1 encoded NAD(P)H:quinone acceptor 

oxidoreductase 1, the SOD2 encoded  manganese-containing superoxide dismutase 2 

(MnSOD), and the ABCC1 encoded multidrug resistance–associated protein 1 MRP1. 

In addition, the NRF2 encoding gene NFE2L2 contains two ARE-like sequences in its 

promoter and is therefore auto-regulated by NRF2 in a positive feedback-loop. Green 

coloring indicates that the corresponding mRNA levels are negatively correlated with 

BMI in the present study. Arrows indicate ARE-regulated genes. 

2.5 Whole-Blood Transcriptome Profiling of
Population-based Cohorts reveals Gene Expression
Changes correlated with BMI. Dissertation Claudia Schurmann

100



 15 

Tables 

 
Table1 Cohort description 

 

Variable (mean/SD) 

 

SHIP-TREND 

 

KORA F4 
 

Age [years] 
 

50.09±13.73 
 

70.38±5.37 

Females (%) 555 (56.0) 493 (49.6) 
 

Active smokers [%] 
 

214 (21.97) 
 

66 (6.67) 

Body height [cm] 
 

169.79±8.99 
 

165.34±8.76 

Body weight [kg] 78.97±15.12 78.92±13.68 

Body mass index [kg/m2] 27.34±4.58 28.87±4.53 

Waist circumference [cm] 88.0±12.9 98.6±12.1 

Waist to Height Ratio 0.87±0.09 0.91±0.08 
 

Fasting glucose [mg/dl] 
 

97.9±11.19 
 

104.81±22.83 

2-hour glucose OGTT [mg/dl] 117.3±36.73 128.12±42.33 

Fasting insulin [mU/L] 6.68±8.28 10.40±33.45 

HOMA-IR 1.70±2.15 2.82±8.96 

HbA1c (%) 5.19±0.57 5.77±0.69 

Leptin [ng/ml] 15.59±14.46 22.42±24.27 
 

Red  blood cell count [Tpt/l] 
 

4.63±0.39 
 

4.50±0.40 

Systolic blood pressure+ (SBP) [mmHg] 124.44±16.94 128.69±20.04 

Diastolic blood pressure+ (DBP) [mmHg] 76.60±9.83 73.97±10.08 
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ARTICLE

Impact of common regulatory single-nucleotide
variants on gene expression profiles in whole blood

Divya Mehta1,10,11, Katharina Heim1,11, Christian Herder2, Maren Carstensen2, Gertrud Eckstein1,
Claudia Schurmann3, Georg Homuth3, Matthias Nauck4, Uwe Völker3, Michael Roden2,5, Thomas Illig6,7,
Christian Gieger6, Thomas Meitinger1,8,9 and Holger Prokisch*,1,8

Genome-wide association studies (GWASs) have uncovered susceptibility loci for a large number of complex traits. Functional

interpretation of candidate genes identified by GWAS and confident assignment of the causal variant still remains a major

challenge. Expression quantitative trait (eQTL) mapping has facilitated identification of risk loci for quantitative traits and might

allow prioritization of GWAS candidate genes. One major challenge of eQTL studies is the need for larger sample numbers and

replication. The aim of this study was to evaluate the robustness and reproducibility of whole-blood eQTLs in humans and test

their value in the identification of putative functional variants involved in the etiology of complex traits. In the current study,

we performed comphrehensive eQTL mapping from whole blood. The discovery sample included 322 Caucasians from a general

population sample (KORA F3). We identified 363 cis and 8 trans eQTLs after stringent Bonferroni correction for multiple

testing. Of these, 98.6% and 50% of cis and trans eQTLs, respectively, could be replicated in two independent populations

(KORA F4 (n¼740) and SHIP-TREND (n¼653)). Furthermore, we identified evidence of regulatory variation for SNPs

previously reported to be associated with disease loci (n¼59) or quantitative trait loci (n¼20), indicating a possible functional

mechanism for these eSNPs. Our data demonstrate that eQTLs in whole blood are highly robust and reproducible across studies

and highlight the relevance of whole-blood eQTL mapping in prioritization of GWAS candidate genes in humans.

European Journal of Human Genetics (2013) 21, 48–54; doi:10.1038/ejhg.2012.106; published online 13 June 2012

Keywords: gene expression; eQTL; GWAS; whole blood

INTRODUCTION

Genome-wide association studies (GWASs) have allowed the identi-
fication of susceptibility loci influencing a wide range of complex
diseases, including cardiovascular traits, diabetes and Crohn’s disease,
and quantitative traits such as metabolites and mRNA expression
levels.1 The principal outputs of GWAS are a list of SNPs associated
with the phenotype of interest. Most of the identified SNPs are
intronic and do not alter protein sequence or are located in intergenic
regions with unknown functionality. A major remaining challenge is
the functional interpretation of GWAS results and confident
assignment of the causal variant within the identified LD structure.
Regulatory variation has a key role in determining human phenotypic
variation and is known to influence disease susceptibility. Integration
of functional data such as gene expression profiles with genotypic data
allows prioritization of positional candidate genes, thereby providing a
functional handle for a better understanding of the etiology of
complex traits. Once genetic markers associated with the complex
trait in GWAS are identified, gene expression quantitative trait
(eQTL) mapping can be performed to examine if the same genetic
markers are also associated with quantitative transcriptional levels of

one or several transcripts. Initial eQTL studies in model organisms,
such as yeast and mice, demonstrated the practicability and utility of
eQTL mapping to identify susceptible loci for diseases.2–6 Most
human eQTL studies published so far have analyzed single-cell types,
such as lymphocytes or transformed lymphoblast cell lines (LCLs),
while only rarely whole blood has been probed.7–17 There is currently
a high interest in cataloging eQTL data from a wider variety of tissues
in order to uncover the tissue-specific proportion of eQTLs. This has
fueled a range of eQTL studies in different tissues including brain,
liver and adipose tissue.13,18–22 The eQTL mapping approach
facilitated the identification of several susceptibility loci for quanti-
tative phenotypes, but the extent to which this approach can be used
for mapping of disease loci remains to be explored.

The aims of the current study were threefold – (i) to identify eQTLs
in humans, (ii) to analyze if these eQTLs were robust and
reproducible across different studies and (iii) to elucidate whether
whole-blood eQTLs allow to identify putative functional variants
involved in the etiology of complex traits.

To investigate the genetic basis of natural variation in gene
expression, whole-blood expression levels of 41 409 transcripts
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(Illumina, San Diego, CA, USA; WG-6 v2) were interrogated for their
associations with 335 152 autosomal SNPs (Affymetrix, Santa Clara,
CA, USA; 500K array) in 322 individuals from an explorative sample
within the population-based KORA F3 discovery cohort. Significant
eQTLs identified in the discovery cohort were validated in two
independent replication cohorts (KORA F4 and SHIP-TREND).

MATERIALS AND METHODS

Biological samples

The KORA F3 and F4 data sets. The KORA (Cooperative Health research in

the region Augsburg) project comprises of individuals from the general

population living in the region of Augsburg in South Germany. The KORA

F3 data set comprises of 2974 samples, which were collected between 2003 and

2004. The KORA F4 data set includes 6640 samples, which were collected

between 2006 and 2008. The subset of individuals analyzed from the KORA F3

and KORA F4 in the current study was non-overlapping. All the participants

underwent cross-sectional surveys and regular medical examination by trained

staff. Informed consent was obtained from participants and all studies were

approved by the local ethical committees. Study design and sampling methods

have been previously described.23,24

The SHIP-TREND data set. The study region of the SHIP-TREND data set is

West Pomerania, a region located north-east of Germany. From the total West

Pomerania population comprising 212 157 inhabitants, a two-stage cluster

sample of adults aged 20–79 years was drawn. Baseline examinations for SHIP-

TREND were performed in 2008. Because the Federal State of Mecklenburg/

West Pomerania has recently established a central population registry, we used

this option for SHIP-TREND to draw a stratified random sample of 8016

adults. Stratification variables are age, sex and place of residence. Subjects were

sampled from the regional strata with a probability proportional to size design.

Age/sex strata within counties were of equal size. Study design and sampling

methods have been previously described.25

Gene expression profiling and genotyping
The expression profiling and genotyping workflow for the discovery and

replication cohorts are summarized in Supplementary Figure S1.

KORA F3 discovery cohort. Gene expression profiling was performed using

the Illumina Human-6 v2 Expression BeadChips as described elsewhere.23

Briefly, blood samples were collected under fasting conditions in PAXgene

(PreAnalytiX, Hornbrechtikon, Switzerland) Blood RNA tubes. RNA

extraction was performed using the PAXgene Blood RNA Kit (Qiagen,

Hilden, Germany) and RNA was reverse transcribed and biotin-UTP-labeled

into cRNA using the Illumina TotalPrep RNA Amplification Kit (Ambion,

Austin, TX, USA). The cRNA was quantified using Ribogreen and the

Bioanalyzer (Agilent Technologies, Boeblingen, Germany) before it was

hybridized on the Illumina Human-6 v2 Expression BeadChip.

Genotyping was performed using Affymetrix 500K arrays. Hybridization of

genomic DNA was done in accordance with the standard recommendations

from the manufacturer. Genotypes were determined using BRLMM clustering

algorithm (http://www.affymetrix.com/support/technical/whitepapers/brlmm_

whitepaper.pdf). The genotypes were determined in batches of at least 400

chips. For quality control purposes, a positive and a negative control DNA was

applied for every 48 samples.

KORA F4 replication cohort. Total RNA was extracted from whole blood

under fasting conditions according to the manufacturer’s instructions using

the PAXgene Blood miRNA Kit (Qiagen). Purity and integrity of the RNA was

assessed on the Agilent Bioanalyzer with the 6000 Nano LabChip reagent set

(Agilent Technologies, Germany). Using the Illumina TotalPrep-96 RNA Amp

Kit (Ambion, Darmstadt, Germany), 500 ng of RNA was reverse transcribed

and biotin-UTP-labeled into cRNA. A total of 3000 ng of cRNA was hybridized

to the Illumina Human HT-12 v3 Expression BeadChip, followed by washing

steps as described in the Illumina protocol. The samples were genotyped on the

Affymetrix 6.0 GeneChip array. The genotyping procedures are described

elsewhere.26

SHIP-TREND replication cohort. RNA was prepared from whole blood under

fasting conditions in PAXgene tubes (PreAnalytiX) using the PAXgene Blood

miRNA Kit (Qiagen) on a QIAcube (Qiagen). DNA was isolated using the

Gentra Puregene Blood Kit (Qiagen). Isolation of both RNA and DNA was

performed according to the Qiagen protocols. Purity and concentration of

RNA and DNA preparations were determined using a NanoDrop ND-1000

UV-Vis Spectrophotometer (Thermo Fisher Scientific, Wilmington, NC, USA).

To ensure a constant high quality of the RNA preparations, all the RNA

samples were analyzed using RNA 6000 Nano LabChips (Agilent Technologies,

Germany) on a 2100 Bioanalyzer (Agilent Technologies, Germany) according

to the manufacturer’s instructions. The integrity of all DNA preparations was

validated by electrophoresis using 0.8% agarose-1x TBE gels stained with

ethidium bromide. Processing of the RNA samples using Illumina Human

HT-12 v3 Expression BeadChip arrays, as well as processing of the DNA

samples using Illumina HumanOmni2.5-Quad arrays, was performed at the

Helmholtz Zentrum Munich.

Data analysis

KORA F3 discovery cohort. The raw genotype and expression data were

exported from the Illumina Software Genome Studio to R (http://www.

R-project.org). The 500 568 SNPs from the Affymetrix 500K array were filtered

using a minor allele frequency 40.05, Hardy–Weinberg P-value of o10�6 and

genotyping efficiency of 495%, allowing 335 152 high-quality SNPs for

further analysis. The SNP positions were updated using the hg18.SNP129

database. The average genotyping efficiency across the individuals for 335 152

SNPs was 99.11%.

The expression data was logarithmized and normalized using locally

weighted smoothing algorithm (LOESS27) in R. The 50 bp probe sequences

available from Illumina Human-6 v2 array annotations were mapped against

the human reference sequence hg18, allowing only hits with 448 bp matches

and no gaps. Of the 48 701 Illumina Human-6 v2 array probes, 7292 probes,

which did not uniquely map to the human genome, were excluded from the

analysis. Of the remaining 41 409 probes, 27 623 probes mapped within the

annotated transcripts (25 657 probes within refSeq transcripts and 1966 probes

within UCSC transcripts), whereas 13 786 probes mapped to the intergenic

regions in the human genome. Stringent removal of probes for trans eQTLs

was performed in accordance with cross-hybridization filtering performed

by Fehrmann et al.14

Reproducibility of the microarray expression data was tested using three

pairs of technical replicates and three triplets of biological replicates

(Supplementary Figure S1). Linear regression algorithms implemented in the

statistical analysis packages R and PLINK28 were used to test for associations

between SNPs and gene expression levels. All the regressions were adjusted for

gender and age. To account for multiple testing, the stringent Bonferroni

correction was used. Quality checks for confounding due to population

stratification was performed by calculating the genomic inflation factors for all

transcripts (Supplementary Figure S2).

The power calculations were performed using QUANTO version 1.229 and

assuming an additive genetic effect for continuous traits using the KORA F3

discovery cohort Bonferroni thresholds.

Previously reported SNPs significantly associated with either complex traits

or quantitative traits were interrogated using the publicly available eQTL

browser (http://eqtl.uchicago.edu/cgi-bin/gbrowse/eqtl/) incorporating results

from 13 eQTL studies to date.

KORA F4 and SHIP-TREND replication cohorts. Genotyping was performed

using the Affymetrix 6.0 arrays (KORA F4) and HumanOmni2.5-Quad arrays

(SHIP-TREND). Gene expression profiling was performed on Illumina Human

HT12-v3 arrays for KORA F4 and SHIP-TREND (Supplementary Figure S3).

The raw intensity data generated with the expression arrays were exported

from Illumina software Genome Studio to R and processed (log transforma-

tion and quantile normalization30) using the lumi_1.12.4 package31 from

the Bioconductor open source software (http://www.bioconductor.org/).

The significant SNP–probe combinations identified in the KORA

F3 discovery cohort were tested in the replication cohorts. For the KORA F4

replication cohort, identical SNP–probe combinations were tested for all

Impact of SNPs on gene expression profiles in whole blood
D Mehta et al

49

European Journal of Human Genetics

2.6 Impact of common regulatory Single Nucleotide
Variants on Gene Expression Profiles in Whole-Blood. Dissertation Claudia Schurmann

104



eQTLs. For the SHIP-TREND replication cohort, additional proxy SNPs were

used in cases where the SNPs from the discovery stage analysis were not

present on the genotyping array. Proxy search was carried out using the

SNAP SNP Annotation and Proxy Search tool32 and only proxy SNPs with

R2
Z0.6 were used for testing. Concordance in allele effect directions were

compared while taking into account the strand orientation and allele

frequencies.

RESULTS

KORA F3 discovery cohort
Mapping of whole-blood cis and trans eQTLs in the KORA F3 discovery
cohort. For identification of cis regulation, a cis window of
þ /�500 kb from the transcript coordinates was defined based on
previous reports demonstrating that 490% cis SNPs were situated
within 100 kb of the transcription start site.11,18 A total of 4 802 373
SNP–probe combinations were tested for cis regulation in the KORA
F3 discovery cohort. After Bonferroni correction (threshold¼ 1.03
� 10�8), significant evidence for cis-acting regulatory variation was
identified for 2149 SNP–probe pairs, comprising 363 eQTLs based on
unique number of transcripts (B1% of RefSeq genes, minimal
P-value: 1.98� 10�108)(Figures 1 and 2). For the 363 significant cis
eQTLs, the cis-acting SNPs explained a substantial proportion of the
total variability in gene expression: the mean expression variability
explained by the SNP for each probe was 19% (median variance
explained¼ 15%) (Supplementary Figure S4). In all, 50 out of 363 cis
eQTL probes contain a SNP within the transcript probe used on the
Illumina expression microarray. In the current study, we assessed
possible confounding of cis eQTL results due to SNP-under-probe
effects and identified 10 cis eQTLs (2.8%) where the association could
be caused by the SNP within the probe. For the remaining 40 eQTLs,
the probe–SNPs were not associated with the eQTL SNP and among
these were 20 probe–SNPs pairs representing rare variants with a
minor allele frequency o1%.

To identify variants acting in trans, an exaustive association analysis
of all the SNPs across the 41 409 transcripts outside of the defined
cis window was performed. We attempted to falsify the trans
eQTLs based on recent work by Fehrmann et al,14 indicating that
cross-hybridization results in an inflation of the trans effects. After
exclusion of possible false positives due to cross-hybridization and
retaining only trans eQTLs where the SNP was on a different
chromosome than the trans probe or 44 Mb from the probe, at a

Bonferroni P-value threshold (threshold¼ 3.6� 10�12), 37 significant
SNP–probe pairs corresponding to 8 trans eQTLs were identified.
On average, for the eight significant trans eQTLs, the trans regulation

Figure 1 Manhattan plot of significant cis eQTLs in the KORA F3 discovery cohort. Manhattan plot of �log10 P-value (Y-axis) across the chromosomes

(X-axis). The red line indicates the Bonferroni threshold of significance. The black dots indicate Illumina probes with annotated SNPs within their sequence.

A total of 2149 SNP–probe pairs corresponding to 363 eQTLs were significant after Bonferroni corrections for multiple testing.

Figure 2 Plot of distance of the SNP from the transcriptional start site

(TSS) of the cis transcript in the KORA F3 discovery cohort. Histogram

(10 kb window) and scatter plot of the eQTL distribution in KORA F3
discovery cohor,t depicting the distance of SNP from the TSS of the cis

transcript. The red dots indicate SNPs located within the transcript.
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accounted for 18.8% variance in overall expression (median variance
explained¼ 18.7%). No evidence of master regulators or possible
eQTL hotspots was observed. Several identified trans eQTLs are
amenable. For instance, variants in PDL5, which was found to be
expressed significantly higher in a mouse model of Alzheimer’s
disease,33 were significantly associated with the expression levels of
SLC8A2, which was found to co-localize with amyloid beta in cerebral
cortex of Alzheimer’s patients.34

Adjusting for possible confounders in the KORA F3 discovery cohort.
To adjust for possible confounding effects of different cell counts in
whole blood, the number of white and red blood cells were used
as covariates in the linear regression models for the eQTL analysis.
A total of 2140 cis SNP–probe pairs (352 eQTLs, 97% of all significant
cis eQTLs) and all 65 trans SNP–probe pairs remained significant in
KORA F3 after adjusting for the cell counts (Supplementary Table 1).
Correcting for red and white blood cell counts did allow
the identification of 18 additional eQTLs. In summary, only 3% of
the significant cis eQTLs did not pass the significance threshold after
correcting for the two cell counts, indicating that varying white and red
cell counts exert a minor effect on the expression levels in this study.

Another possible confounder in the eQTL analysis is the presence
of a sequence variation within the transcript probe used on the
Illumina expression microarray. To check if the significant eQTLs in
the discovery sample might be biased due to SNPs within the probes,
the Illumina re-annotation pipeline from Barbosa-Morais et al,35 was
used. Indeed we identified 10 eQTLs with a SNP in the probe, which
is in high LD (R240.7) with the eQTL SNPs. For these eQTLs, the
association could be caused by the SNP within the probe. However,
several studies have previously reported allelic expression for eQTLs
where Illumina probes have known SNPs within their sequence and
demonstrated that SNPs-within-probes effects are not a significant
problem in interpretation of eQTL results.9,18 Although we have not
excluded probes with annotated SNPs within their sequence, we
provide a list of all probes containing annotated SNPs within their
sequence in Supplementary Table 1.

Replication of whole-blood eQTLs in two independent cohorts
One major drawback in eQTL studies performed in humans to date is
the lack of replication of eQTLs across the studies and the difficulty to
compare eQTL results between different studies. To address these
concerns, we tested the robustness of whole-blood eQTLs by
replication in whole-blood data from two independent general
population cohorts of Caucasians (KORA F4: n¼ 740 and SHIP-
TREND: n¼ 653, Figure 3). We chose two different significance
thresholds to identify eQTLs, which could be replicated in the KORA
F4 and SHIP-TREND cohorts. Replication rates of 98.6% for the cis
eQTLs and 40% for the trans eQTLs using P¼ 0.05 and 81.8% for the
cis eQTLs and 20% for the trans eQTLs using the discovery sample
Bonferroni thresholds were observed for the eQTLs, which were tested
in both data sets (Figure 4). The number of samples required to detect
eQTL variance with 50, 80 and 90% power in the current study is
depicted in Supplementary Figure S5. Based on these power calcula-
tions, both KORA F4 and SHIP-TREND have 490% power to detect
the significant cis and trans eQTLs from the discovery cohort.

Comparison of results with published peripheral blood eQTLs
We further compared our eQTL results with a recently published
study, which assessed eQTLs in whole-peripheral blood from 1469
unrelated individuals.14 Fehrmann et al14 used the same array
(Illumina HumanHT-12) but a different genotyping platform
(Illumina HumanHap 300) resulting in an overlap of only about
50 000 shared SNPs between the Fehrmann and the KORA study.
Although only 10% of the SNPs investigated in our study were
available from Fehrmann et al,14 a total of 32% cis eQTLs (117/363
eQTLs) and 14% trans eQTLs (1/7 eQTLs) with identical probe–SNP
combinations could be confirmed in the recently published study
(Supplementary Table 1). The high replication rate provides
additional support for the robustness of eQTLs in whole blood.

eQTL mapping of complex trait-associated variants
We next examined if SNPs reported to be associated with either
complex traits or quantitative traits in GWAS were significantly

Figure 3 Flowchart of the number of KORA F3 discovery cohort eQTLs tested and replicated in KORA F4 (n¼740) and SHIP-TREND (n¼653) replication

cohorts. The left panel indicates replication results of the cis eQTLs, whereas the right panel indicates replication results of the trans eQTLs. Replication

rates are indicated at P¼0.05 and at the discovery sample Bonferroni thresholds for eQTLs, which could be successfully replicated in KORA F4 and

SHIP-TREND replication cohorts.
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associated with whole-blood mRNA levels. In October 2011, 1058
GWAS studies for 566 different traits had been added to the NHGRI
GWAS catalog.36 A total of 7995 unique SNP–probe combinations
(3699 unique SNPs and 2977 unique genes) were systematically tested
using the KORA F3 discovery cohort data. Of those tested, 639 SNPs
(17% of tested SNPs) were nominally associated with expression
levels of the reported transcript (P¼ 0.05) and 79 eSNPs (2% of
tested SNPs) remained significant after Bonferroni correction
(threshold¼ 6.25� 10�6) in the KORA F3 discovery cohort. Of these
79 eSNPs, 59 SNPs were previously reported to be associated with
disease loci, whereas 20 were associated with quantitative trait loci.

The variance in expression explained by the 79 eSNPs ranged
5–52%, with a median variance of 11% (Table 1). For 8 of these 79
eSNPs, no significant eQTLs in any tissue have been published
previously till date, whereas another 43 previosuly reported eSNPs
could be validated in the current data set. The remaining 28 eSNPs
were located within the HLA region. Because the LD within the HLA
region is so extensive, the biological significance of these SNPs
remains elusive. Although blood is not directly linked to some of
these traits, several interesting candidates such as loci involved in
chronic lymphocytic leukemia, beta thalassemia, hematological and
biochemical traits were also present. The eight novel loci included one
disease and one quantitative trait locus for which the eQTL allowed
prioritization of the candidate over other transcripts in the vicinity
(Supplementary Table 2).

DISCUSSION

An ongoing challenge in human genetics research is the detection of
functional non-coding genetic variants. Mapping of regulatory varia-
tion in humans has the potential to facilitate the identification of
susceptibility loci for complex traits. In the current study, we
performed comprehensive eQTL mapping in whole blood from 322
individuals who were representative of a general Caucasian popula-
tion. Given the relatively small size of our discovery sample, we had

limited power to detect low-effect eQTLs. Despite this, even after
stringent corrections for multiple testing, we identified a total of 363
cis and 8 trans eQTLs, numbers comparable to previous eQTL studies
performed in other tissues.

Only few genome-wide replications have been performed.8,11,37

Owing to variant statistical methods and multiple testing
corrections used, accurate comparisons of eQTLs across different
studies are difficult. For instance, for the extensively investigated
LCLs, genome-wide replication rates o40% for cis and 15% for trans
eQTLs in humans have been previously reported.8,11,37 A recent study
comprising of 206 discovery samples and two replication samples
(n¼ 60 and n¼ 266) reported replication rates of 47.6% for cis and
6% for trans eQTLs in liver at Po0.05.13 In the current study, using
322 discovery samples and two independent replication cohorts
(KORA F4 (n¼ 740) and SHIP-TREND (n¼ 653) cohorts), we
demonstrated replication rates of 98.6% for the cis and 50% for the
trans eQTLs at P¼ 0.05 in whole blood.

In the current study, we assessed possible confounding of cis eQTL
results due to the presence of a sequence variation within the
transcript probe used on the Illumina expression microarray and
identified 10 cis eQTLs (2.8%) where the association could be caused
by the SNP within the probe.

One major caveat of eQTL mapping is the cell and tissue specificity
of gene expression patterns. For eQTL mapping, it would be ideal to
study gene expression in the affected tissue. As obtaining disease
tissue samples are not feasible due to practical, ethical, legal and social
issues, whole blood constitutes a surrogate tissue to assay gene
expression. Peripheral blood cells have been reported to share
480% of the transcriptome with nine tissues: brain, colon, heart,
kidney, liver, lung, prostate, spleen and stomach.38 Moreover, whole
blood is an easily accessible resource, where RNA can be prepared at
low cost and with standardized preanalytic protocols. The use of
whole blood in eQTLs has been hindered by the concern of using a
mixed tissue with varying proportions of cell counts. Despite possible

Figure 4 3D Scatter plots of eQTL P-values in the discovery and replication cohorts. 3D scatter plots of P-values of all KORA F3 discovery cohort eQTLs

versus P-values of KORA F4 and SHIP-TREND replication cohorts at the Bonferroni threshold of significance (P¼1.03�10�8 for cis and P¼3.6�10�12

for trans). Red dots indicate eQTLs replicated in both KORA F4 and SHIP-TREND, blue dots indicate QTLS replicated only in SHIP-TREND and green dots

indicate eQTLs replicated only in KORA F4. The pink dots indicate eQTLs that could not be replicated.
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confounding due to white and red cell counts, replication rates of
81.8% for cis and 20% for trans eQTLs in blood, even after stringent
Bonferroni correction for multiple testing, far surpassed those
reported for LCLs, thereby confirming the robustness and
reproducibility of eQTLs in whole blood.

The value of whole-blood eQTLs was further assessed by analyzing
SNPs previously reported to be associated with disease or quantitative
phenotypes. Using the KORA F3 expression profiles, we uncovered 79
eSNPs (24 novel), demonstrating the utility of these eQTLs in
prioritizing possible functional variants identified in GWAS. For
several instances where the identity of the true causal locus from the
GWAS results was not evident, expression levels of only one transcript
were significantly associated with the GWAS SNP, allowing prioritiza-
tion of this transcript over other candidates.

Identification of eSNPs for several non-blood related
phenotypes, such as neurological diseases, provided further
evidence that blood can be used as a proxy for tissue-independent
eQTLs. High replication rates of whole-blood eQTLs override
possible confounding factors that have hindered the use of
whole blood in human eQTL mapping until now. Taken
together, our results demonstrate the feasibility and robustness
of eQTL mapping in whole blood and provide hypotheses
for regulatory involvement of variants associated with complex
traits.
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Table 1 List of eight novel GWAS catalog eSNPs significantly associated with expression levels of the reported transcript in KORA F3

GWAS

locus GWAS trait SNP Gene Probe ID P-value Adjusted R2 Beta

Major

allele First author

1 Beta thalassemia/hemoglobin E disease rs2071348 HBE1 6520176 0.283414 �0.00503376 �0.18484 T Nuinoon M

rs2071348 HBG2 6400079 5.38E-08 0.09514532 0.52015 T

rs2071348 HBG2 6620605 0.030536 0.00723574 �0.01432 T

rs2071348 HBG2 940181 0.365623 �0.00315586 0.006403 T

rs2071348 HBG1 4150187 1.94E-06 0.07676854 0.443254 T

rs2071348 HBD 6250037 0.195357 �0.00360737 �0.11191 T

rs2071348 HBBP1 7100747 0.881443 �0.00768138 �0.00186 T

2 Crohn’s disease rs2058660 IL18RAP 6770424 0.154442 �0.00297075 �0.01054 A Franke A

rs2058660 IL18RAP 5130475 2.68E-15 0.18068679 �0.44984 A

rs2058660 IL12RL2 NA NA NA NA NA

rs2058660 IL18R1 1500328 0.698045 �0.00654905 �0.01298 A

rs2058660 IL1RL1 670411 0.909656 0.00344823 �0.00091 A

rs2058660 IL1RL1 3870753 0.349253 �0.00614557 �0.00746 A

3 Graves’ disease rs9355610 RNASET2 5310131 7.05E-19 0.21555351 0.27063 G Chu X

rs9355610 FGFR1OP 6580446 0.424956 �0.00652282 �0.00825 G

4 Body mass index rs7359397 SH2B1 6620092 0.133159 0.00166276 0.032315 C Speliotes EK

rs7359397 APOB48R 2070044 0.927515 0.0020211 0.002928 C

rs7359397 SULT1A2 1740113 0.095138 0.01485394 �0.01268 C

rs7359397 SULT1A2 1980554 0.316768 �0.00467373 0.010131 C

rs7359397 AC138894.2 NA NA NA NA NA

rs7359397 ATXN2L 990524 0.21315 0.00104259 0.007658 C

rs7359397 ATXN2L 1300541 0.227558 �0.001122 0.007915 C

rs7359397 ATXN2L 5720435 0.668993 �0.00590007 0.005323 C

rs7359397 TUFM 6270735 4.89E-10 0.10666734 0.139009 C

5 Systemic lupus erythematosus rs131654 HIC2 7050673 0.210732 �0.00152262 �0.01773 T Han JW

rs131654 UBE2L3 770523 0.179421 0.00400821 0.011055 T

rs131654 UBE2L3 1050360 1.24E-06 0.06346902 �0.15129 T

6 Asthma rs11078927 GSDMB 6620170 4.02E-18 0.20898095 �0.22407 C Torgerson DG

7 Alzheimer’s disease rs6859 PVRL2 2570544 7.03E-07 0.07723456 �0.18595 G Abraham R

Alzheimer’s disease (late onset) rs6859 TOMM40 3400747 0.462314 0.00170593 0.013467 G Naj AC

rs6859 APOE 4150338 0.686794 �0.00123172 0.002674 G

8 Alcohol dependence rs8062326 SYT17 730725 5.72E-07 0.0710058 0.798277 G Lydall GJ

ITPRIPL2 2710551 0.998 0.003417 0.001 G

Abbreviations: NA, transcript failed alignment to genome hence removed from analysis.
These eight SNPs have not yet been reported to be associated with expression levels of the neigbouring transcripts. For several loci, the GWAS SNP was significantly associated with expression
levels of one transcript (in bold), thereby allowing prioritization of this transcript compared with the other candidates in the vicinity of the SNP.
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Summary 
 

Identifying the downstream effects of disease-associated single nucleotide polymorphisms (SNPs) is 

challenging: the causal gene is often unknown or it is unclear how the SNP affects the causal gene, 

making it difficult to design experiments that reveal functional consequences. To help overcome this 

problem, we performed the largest expression quantitative trait locus (eQTL) meta-analysis so far 

reported in non-transformed peripheral blood samples of 5,311 individuals, with replication in 2,775 

individuals. We identified and replicated trans-eQTLs for 233 SNPs (reflecting 103 independent loci) 

that were previously associated with complex traits at genome-wide significance. Although we did 

not study specific patient cohorts, we identified trait-associated SNPs that affect multiple trans-

genes that are known to be markedly altered in patients: for example, systemic lupus erythematosus 

(SLE) SNP rs49170141 altered C1QB and five type 1 interferon response genes, both hallmarks of 

SLE2-4. Subsequent ChIP-seq data analysis on these trans-genes implicated transcription factor 

IKZF1 as the causal gene at this locus, with DeepSAGE RNA-sequencing revealing that rs4917014 

strongly alters 3'UTR levels of IKZF1. Variants associated with cholesterol metabolism and type 1 

diabetes showed similar phenomena, indicating that large-scale eQTL mapping provides insight into 

the downstream effects of many trait-associated variants. 
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Main text 

Genome-wide association studies (GWAS) have identified thousands of variants that are associated 

with complex traits and diseases. However, because most variants and their proxies are non-coding, 

it is generally difficult to identify the causal genes. Recently, several eQTL-mapping studies5-8 have 

now shown that the majority of disease-predisposing variants actually affect gene expression levels 

of nearby genes (i.e. cis-eQTLs). A few recent studies have also identified trans-eQTLs5,9-13, revealing 

the downstream consequences of some variants. However, the total number of reported trans-

eQTLs is fairly low, mainly due to the severe burden of multiple testing. To improve statistical power, 

we performed an eQTL meta-analysis in 5,311 peripheral blood samples, from seven studies using 

Illumina gene expression arrays (EGCUT14, InCHIANTI15, Rotterdam Study16, Fehrmann5, HVH17-19, 

SHIP-TREND20, and DILGOM21) and replication analysis in another 2,775 samples. We aimed to 

ascertain to what extent SNPs affect genes in cis and trans and whether eQTL mapping in peripheral 

blood could reveal important downstream pathways that may be putative drivers of disease 

processes.  

 

Our genome-wide analysis identified cis-eQTLs for 44% of all tested genes (6,418 genes at probe-

level false discovery rate (FDR) < 0.05 and 4,690 genes with more stringent Bonferroni multiple 

testing correction, Table 1, Supplementary Table 1, Supplementary Figures 1-3). Our trans-eQTL 

analysis focused on 4,542 SNPs that have been implicated in complex disease or traits (derived from 

the “Catalog of Published GWAS”). In the discovery dataset, we detected trans-eQTLs at FDR < 0.05 

for 1,513 significant trans-eQTLs that include 346 unique SNPs (8% of all tested SNPs, Table 1, 

Supplementary Table 2, Supplementary Figure 4 and 5). These SNPs affect the expression of 430 

different genes (a more stringent Bonferroni correction revealed 643 significant trans-eQTLs, 

including 200 unique SNPs and 223 different genes). 
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We used stringent procedures for trans-eQTL detection (Supplementary methods), and various 

benchmarks to ensure reliability: for 26 trans-eQTL genes the eQTL SNP affected multiple probes 

within these genes (Supplementary Table 3), always with consistent allelic directions, suggesting that 

our probe filtering procedure was effective in preventing false-positive trans-eQTLs. We observed 

uniform directionality for 90% of the tested trans-eQTLs across all studies within our discovery 

meta-analysis (Supplementary Figure 5). We did not find evidence that the eQTLs were driven by 

differences in age or blood cell-counts between individuals (Supplementary Results and 

Supplementary Table 4, Supplementary Figure 6). However, we cannot exclude this possibility 

entirely because FACS analyses on individual cell-types had not been conducted. 

 

To ensure reproducibility of the trans-eQTLs of our current meta-analysis, we performed various 

analyses. We replicated previously reported blood trans-eQTLs5 (Supplementary Table 5, 

Supplementary Results and Supplementary Figure 7) and replicated trans-eQTLs from our discovery 

meta-analysis in two independent studies of peripheral blood gene expression (52% in KORA F422, N 

= 740 samples and 79% in BSGS23, N = 862 samples, FDR < 0.05, Supplementary Figure 8). 

Irrespective of significance, 91% and 93% of all 1,513 significant trans-eQTL SNP-probe combinations 

showed consistent allelic direction in these replication cohorts as compared to the discovery 

analysis. A meta-analysis of these two replication studies improved replication rates: 89% of the 

1,513 trans-eQTLs were significantly replicated (FDR < 0.05), 99.7% of which showed a consistent 

allelic direction. Irrespective of significance, 97% of the trans-eQTLs showed a consistent allelic 

direction in this replication meta-analysis (Supplementary Figure 8). We found that some trans-

eQTLs could also be detected in three cell-typespecific datasets (283 monocyte samples9, 282 B-cell 

samples9 and 608 HapMap lymphoblastoid cell-line (LCL) samples24; Supplementary Figures 9 and 

10). Despite the different tissue of these three studies, we were still able to significantly replicate 

7%, 4% and 2% of the trans-eQTLs (FDR < 0.05), respectively. As 95% of the trans-eQTL SNPs 
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explained less than 3% of the total expression variance (Supplementary Figure 11), we lack statistical 

power to replicate most trans-eQTLs in these smaller replication cohorts. 

 

We subsequently confined further analyses to 2,082 different SNPs that have been found associated 

with complex traits at genome-wide significant levels (‘trait-associated SNPs’, reported P < 5 x 10-8, 

out of 4,542 unique SNPs that we tested). These 2,082 SNPs showed a significantly higher number of 

transeQTL effects as compared to the 2,460 tested SNPs with reported disease associations at lower 

significance levels (P = 8 x 10-22, Supplementary methods and results, Supplementary Figure 12): 254 

of these 2,082 SNPs show a trans-eQTL effect in the discovery analysis (reflecting 1,340 SNP-probe 

combinations, of which we significantly replicated 1,201 SNP-probe combinations, reflecting 233 

different SNPs and 103 independent loci in blood). For 671 out of these 1,340 trans-eQTLs (50%) the 

trait-associated SNP was either the strongest trans-eQTL SNP within the locus (or in strong LD with 

the strongest trans-eQTL SNP) or unlinked to the strongest trans-eQTL SNP (Supplementary results 

and Supplementary Table 6). We observed that the 2,082 trait-associated SNPs were six times more 

likely to cause trans-eQTL effects than randomly selected SNPs (matched for distance to gene and 

allele frequency, P = 5.6 x 10-49, Supplementary methods and results, Supplementary Figure 13). 

SNPs, associated with (auto) immune or hematological traits were twice as likely to cause trans-

eQTLs, as compared to other trait-associated SNPs (P = 5 x 10-25, Supplementary methods and 

results). We observed that trait-associated SNPs that also cause trans-eQTLs more often affect the 

expression levels of nearby transcription factors in cis, as compared to trait-associated SNPs that do 

not affect genes in trans (Fisher’s exact P = 0.032; Supplementary results), suggesting that some of 

the trans-eQTLs arise due to altered cis gene expression levels of nearby transcription factors.  

 

We also examined genomic SNP properties of the trans-eQTLs: these SNPs (and their perfect proxies 

based on data from the 1000 Genomes Project25,26) are significantly enriched (Fisher’s exact P < 0.05) 

for mapping within miRNA binding sites (Figure 1A). They map to regions showing strong enrichment 
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(fold-change > 2.5) of histone enhancer signals in K562 (myeloid) and GM12878 (lymphoid) cell-lines 

(Figure 1B), when compared to six non-blood cell-lines. This myeloid and lymphoid enhancer 

enrichment supports the validity of our blood-derived trans-eQTLs. These enrichment results 

suggest tissue specificity, which is supported by our inability to replicate a strong trans-eQTL that 

was previously identified in adipose tissue for SNP rs473170213 that is associated with both type 2 

diabetes and lipid levels. 

 

These trans-eQTLs can provide insight into the pathogenesis of disease. Although RNA microarray 

studies have revealed dysregulated pathways for many complex diseases, it is often unclear what 

comes first: whether the associated SNPs first cause defects in the pathways whose dysregulation 

ultimately leads to disease, or whether the SNPs first cause disease that then perturbs these 

pathways. One example is SLE, an auto-immune disease resulting in inflammation and tissue 

damage. It is known that SLE patients show markedly increased type 1 interferon (IFN-α) levels, 

increased expression of IFN-α response genes4,27,28 and decreased complement C1q expression. We 

observed that four common SLE associated variants do indeed affect IFN-α response genes in cis 

(IRF5, IRF7, TAP2 and PSMB9; Supplementary Table 1). However, as most SLE-associated SNPs 

do not map near complement or IFN-α response genes, we assessed whether these SNPs might 

affect complement or IFN-α response genes in trans. This was the case for rs4917014, for which the 

SLE risk allele (rs4917014*T, showing genome-wide significance in Asian populations and nominal 

significance in European populations1,24) not only increased expression of five different IFN-α 

response genes (HERC5, IFI6, IFIT1, MX1 and TNFRSF21; Figure 2), but also decreased 

expression of three different probes in CLEC10A. In addition, we observed a nominal significant 

association of rs4917014*T with decreased expression of C1QB (P = 5.2 x 10-6, FDR 0.28), a subunit 

of the first component of complement C1q, which has an established protective role in lupus. The 

complete deletion of C1q practically assures the development of SLE29,30. CLEC10A and CLEC4C 

belong to the C-type lectin family, which also includes mannose-binding lectins (MBL). While, to our 
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knowledge, CLEC10A and CLEC4C have not been studied in the context of SLE, the role of MBL is 

similar to C1q and is a risk factor for the development of autoimmunity in both humans and mice3. 

The rs4917014 trans-eQTLs were well replicated in the peripheral blood and monocyte replication 

datasets and reinforce the role of altered IFN-α mediated pathway, C-type lectin and C1q gene 

expression in SLE. In addition, people who do not have SLE, but who carry the rs497014*T risk allele 

already show these pathway alterations, which indicates these affected pathways are not solely a 

consequence of SLE, but could well precede SLE onset. 

 

We next investigated the underlying mechanisms of the effects exerted by rs4917014. IKZF1 is the 

only gene residing within the rs4917014 locus. Being a transcription factor (Ikaros family zinc finger 

1), cis regulatory effects of rs4917014 on IKZF1, that would translate in altered IKZF1 protein 

levels, could provide a working mechanism for the detected trans-eQTLs. However, since our meta-

analysis initially did not show a cis-eQTL on the Illumina probe for IKZF1 that is located near the 5’ 

untranslated region (UTR) of IKZF1, we investigated the 3’-UTR by using DeepSAGE next-generation 

RNA-sequencing data of 94 peripheral blood samples. The variant rs4917014*T strongly increased 

the 3’-UTR expression levels of IKZF1 (Spearman correlation = 0.45, P = 6.29 x 10-6, Zhernakova et 

al, submitted). We then used ChIP-seq data from the ENCODE-project31 and observed significantly 

increased IKZF1 protein binding to the genomic DNA locations where the upregulated trans-eQTL 

genes map (Wilcoxon P-value = 0.046), compared to IKZF1 binding to all other genic DNA. We also 

observed increased IKZF1 binding to the other SLE cis-genes outside of the IKZF1 locus (Wilcoxon 

P-value = 4.3 x 10-4), thereby confirming the importance of IKZF1 in SLE. IKZF1 is important for 

other phenotypes as well: another, unlinked intronic variant within IKZF1, rs12718597, is associated 

with mean corpuscular volume (MCV)32 and affects the 5’ end of IKZF1 in cis. As IKZF1 knock-out 

mice show abnormal erythropoiesis33, this suggests a causal role for IKZF1 in MCV as well. 

However, although rs12718597*A increases expression of 31 trans-genes and decreases expression 

of another 19 trans-genes, none of the SLE trans-genes overlap the MCV trans-genes. The latter are 
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mainly involved in hemoglobin metabolism and do not show an increased IKZF1-binding signal, 

Wilcoxon P = 0.35. In summary, these results indicate that IKZF1 has multiple functions and that 

different SNPs near IKZF1 elicit function-specific effects.  

 

We identified other trans-eQTLs showing similar phenomena: we observed that rs174546 (located in 

the 3’-UTR of FADS1, and associated with metabolic syndrome34, LDL and total cholesterol 

levels35,36) affects C11orf10, FADS1 and FADS2 in cis and LDLR in trans. LDLR encodes the LDL 

receptor and contains common variants that are also associated with lipid levels36 (Figure 3). LDLR 

gene expression levels correlated negatively (P < 3.0 x 10-4) with total, HDL and LDL cholesterol levels 

in the tested cohorts (Rotterdam Study and EGCUT, Supplementary Table 7), indicating that 

peripheral blood is a useful tissue for gaining downstream insight into the effects of lipid SNPs.  

 

For 21 different complex traits, we found that at least two unlinked variants that are associated with 

these diseases, affected exactly the same gene in trans. When taking an equally sized, but permuted 

list of trans-eQTLs we would on average find only one complex trait where two unlinked SNPs 

affected the same gene in trans (Figure 4, Supplementary Table 8, Online methods). Although most 

of these traits are hematological (e.g. mean platelet volume or serum iron levels) we also observed 

this convergence for blood pressure, celiac disease, multiple sclerosis, and type 1 diabetes (T1D). 

rs3184504 (located in an exon of SH2B3) and its near-perfect proxy rs653178 (located in an intronic 

region of ATXN2 on chromosome 12) are associated with several auto-immune diseases including 

T1D37,38, T1D autoantibodies37,38, celiac disease8,39, hyperthyroidism40, vitiligo41, rheumatoid 

arthritis39 and other complex traits such as blood pressure42,43, chronic kidney disease44, and 

eosinophil counts45.  

 

We observed a cis-eQTL on SH2B3 (FDR < 0.05) and fourteen trans-eQTL genes (FDR < 0.05, Figure 

5), all highly expressed in neutrophils. Since these trans-eQTLs could potentially appear due to the 
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known effect of rs3184504 on differences in cell-count proportions45, we correlated trans-gene 

expression levels with cell counts in two cohorts (the Rotterdam Study and EGCUT) but did not 

observe significant correlations (Supplementary Table 6). These fourteen trans-eQTLs describe 

different biological functions: T1D disease risk allele rs3184504*T decreases expression levels of nine 

genes, most of which are involved in toll-like receptor signaling46 (C12orf75, FOS, IDS, IL8, 

LOC338758, NALP12, PPP1R15A, S100A10 and TAGAP) and increases expression of five 

genes involved in interferon- response (GBP2, GBP4, STAT1, UBE2L6 and UPP1). We 

observed that another T1D risk allele, rs4788084*C37,38 on chromosome 16, increases expression of 

GBP4 and STAT1 as well (Figure 5), revealing how different T1D risk alleles converge: they both 

cause an increase of interferon- response gene expression. 

 

In summary, our eQTL meta-analysis revealed and replicated downstream effects for 233 trait-

associated SNPs. We have highlighted only a few here and shown that trans-eQTL mapping in blood 

for lipid and immune-mediated disease variants yields downstream insight which is biologically 

meaningful. Our results on IKZF1 show that the two unlinked SLE and MCV variants near this gene 

give strikingly different yet biologically meaningful trans-regulatory effects. Future, larger-scale 

trans-eQTL analysis in blood will likely uncover many more of these regulatory relationships. 
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Figures 

Figure 1: Trans-eQTL SNPs are enriched for functional elements 

 

We investigated whether the trans-eQTL SNPs are enriched for certain functional elements. We used the 

online tools SNPInfo, SNPNexus, and HaploReg that rely upon data from, amongst others, the ENCODE project. 

(a) We observed that trans-eQTL SNPs are enriched for mapping within miRNA binding sites (b) trans-eQTL 

SNPs show strong enrichment (as annotated using HaploReg) for enhancer regions that are present in K562 

(myeloid) and GM12878 (lymphoid) cell-lines (error bars represent one standard deviation). 
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Figure 2: Independent trans-eQTL effects emanating from the IKZF1 locus 

 

Systemic lupus erythematosus SNP rs4917014 and unlinked mean corpuscular volume SNP rs4917014 both 

affect expression of IKZF1 in cis. rs12718597 affects 50 trans-genes (mostly involved in hemoglobin 

metabolism) while rs4917014 affects eight different genes in trans: the rs4917014*T risk allele increases 

expression of genes involved in type I interferon response. At a somewhat lower significance threshold of FDR 

0.28 rs4917014*T decreases complement C1QB expression. Both processes are hallmark features of SLE. 
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Figure 3: Cholesterol SNP rs174546 affects LDLR in trans 

 

The rs174546*T allele is known to be associated with a decrease in serum LDL cholesterol and triglycerides 

levels. It increases the expression levels of three genes in cis, but also increases gene expression levels of 

LDLR that encodes the LDL receptor. 
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Tables 

Table 1 Results of the cis- and trans-eQTL mapping analyses. 
 

Summary statistics cis-eQTLs trans-eQTLs 

Number of SNPs tested that pass QC 1,962,237 
4,542 (of which 2,082 are associated with complex 

traits at genome-wide significance, P < 5 x 10
-8

) 

Number of probes tested that pass QC 29,891 34,061 

Number of genes tested 14,542 16,332 

Number of probes not mapping to genes 9,260 18,018 

Number of statistical tests performed 11,172,453 153,134,630 

 

 

Significance thresholds 

cis-eQTLs trans-eQTLs 

Meta-analysis z-

score 

Meta-analysis 

p-value 

Meta-analysis 

z-score 

Meta-analysis 

p-value 

FDR < 0.05 significance 3.824 1.31 x 10
-4

 5.022 5.12 x 10
-7

 

Bonferroni significance 5.867 4.5 x 10
-9

 6.287 3.3 x 10
-10

 

 

  

cis-eQTL analysis FDR < 0.05 significance Bonferroni significance 

Number of significant unique SNP-Probe pairs 664,097 395,543 

Number of significant unique eQTL SNPs 397,310 266,036 

Number of significant unique eQTL probes 8,228 5,738 

Number of significant unique eQTL genes 6,418 4,690 

Number of significant unique eQTL probes not mapping to genes 636 326 

 

 

trans-eQTL analysis FDR < 0.05 significance Bonferroni significance 

Number of significant unique SNP-Probe pairs 1,513 643 

Number of significant unique eQTL SNPs 346 200 

Number of significant unique eQTL probes 494 240 

Number of significant unique eQTL genes 430 223 

Number of significant unique eQTL probes not mapping to genes 35 13 
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Online methods 

Study populations 
We performed a whole-genome eQTL meta-analysis of 5,311 samples from peripheral blood, divided over a 

total of nine datasets from seven cohorts, including EGCUT
14

 (N = 891), InCHIANTI
15

 (N = 611), Rotterdam 

Study
16

 (N = 762), Fehrmann
5
 (N = 1,240 on the Illumina HT12v3 platform and N = 229 on the Illumina H8v2 

platform), HVH
17-19

 (N = 43 on the Illumina HT12v3 platform and N = 63 on the Illumina HT12v4 platform) SHIP-

TREND
20

 (N = 963), and DILGOM
21

 (N = 509). Gene expression data for each dataset was obtained using either 

PAXGene (Becton Dickinson) or Tempus tubes (Life Technologies), followed by hybridization to Illumina whole-

genome Expression BeadChips (HT12v3, HT12v4 or H8v2 arrays). The gene expression platforms were 

harmonized by matching probe sequences across the different platforms. Mappings for these sequences were 

obtained by mapping the sequences against the human genome build 36 (Ensembl build 54, Hg18) using BLAT, 

BWA and SOAPv2 sequence alignment programs. Highly stringent alignment criteria were used to ensure that 

probes map unequivocally to one single genomic position. Genotype data was acquired using different 

genotyping platforms, and harmonized by imputation, using the HapMap2
47

 Central European population as a 

reference. Each dataset was individually checked for sample mix-ups using MixupMapper
48

. For a full 

description of the individual datasets, results of the sample mix-up analysis, specifics on the gene expression 

platforms and probe mapping procedure and filtering, see Supplementary methods. 

Gene expression normalization 
Gene expression data was quantile-normalized to the median distribution, and subsequently log2 transformed. 

The probe and sample means were centered to zero. Gene expression data was then corrected for possible 

population structure by removal of four multi-dimensional scaling components using linear regression. We 

reasoned earlier that normalized gene-expression data still contains large amounts of non-genetic variation
5
. 

After population stratification correction, principal component analysis (PCA) was therefore performed on the 

sample correlation matrix. We performed a separate QTL analysis for each principal component (PC), to 

ascertain whether genetic variants could be detected that affect the PC. If we found an effect on the PC, we 

did not correct the expression data for these components, to ensure we would not unintentionally remove 

genetic effects from the expression data. Significance of these associations was established by controlling the 

false discovery rate (FDR), testing each association against a null-distribution created by repeating the analysis 

100 times (permuting the sample labels for each iteration
49

). PCs that did not show significance at the FDR 
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threshold of 0.0 were removed from the gene expression data by linear regression. In all but two very small 

datasets, the first 40 PCs were removed (excluding those components per cohort that showed a QTL effect). 

We observed that the removal of these 40 components revealed the highest number of eQTLs in each dataset. 

Although PC correction may remove some eQTL effects, we observed that the majority (95% when removing 

35 PCs and 90% when removing 40 PCs) of trans-eQTL effects was independent of the number of PCs removed 

(Supplementary Figure 14). 

eQTL mapping 

After normalization of the data, we performed both cis- and trans-eQTL mapping. eQTLs were deemed cis-

eQTLs, when the distance between the SNP chromosomal position and the probe midpoint was less than 250 

kilobases (kb), while eQTLs with a distance greater than five mega bases (Mb) were defined as trans-eQTLs. 

Only SNPs with a minor allele-frequency (MAF) > 0.05 and a Hardy-Weinberg equilibrium pvalue > 0.001 were 

included in the analyses. Since most cohorts had generated the gene expression data using the HT12v3 

platform, we chose to only include probes that were present on this platform. We only tested SNP-probe pairs 

when the SNP passed quality control in at least three cohorts. Furthermore, in order to reduce issues with 

respect to computational time and multiple testing, we confined our trans-eQTL analysis to those SNPs 

present in the “Catalog of Published GWAS” (http://www.genome.gov/gwastudies/, accessed July 16th, 

2011). We reasoned that for genes with strong cis-eQTL effects, the cis-eQTL effect may obscure the 

detectability of trans-eQTL. Therefore, we used linear regression to remove cis-eQTL effects prior to trans-

eQTL mapping and observed a 12% increase in the number of detected trans-eQTLs (Supplementary Figure 

15). For each cohort, eQTLs were mapped using a Spearman’s rank correlation on the imputed genotype 

dosage values. We used a weighted Z-method for subsequent meta-analysis
50

. To get a realistic null-

distribution, we permuted the sample identifiers labels of the expression data and repeated this analysis ten 

times (Supplementary Figure 16). In each permutation the sample labels were permuted. We then corrected 

for multiple testing by controlling the FDR at 0.05, by testing each p-value in the real data against a null-

distribution created from the permuted datasets
49

 (see Supplementary methods). It has been suggested that 

false positive eQTL effects can arise due to polymorphisms in the probe sequences
51,52

. Therefore, we tested 

whether a significant cis-eQTL SNP was in LD (r
2
 > 0.2) with any SNP in the cis-probe sequence, using the 

Western European subpopulations of the 1000 genomes project25 (2011-05-21 release, 286 individuals, 
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excluding Finnish individuals) as a reference. If we observed this to be the case the respective cis-eQTLs were 

removed. Furthermore, for each trans-eQTL we investigated whether portions of the probe sequence could 

map in the vicinity of the trans-eQTL SNP (which in fact would imply a cis-eQTL, rather than a trans-eQTL 

effect). Therefore, we tried to map the trans-eQTL probe sequences, using very permissive settings, within a 5 

Mb window of the trans-eQTL SNP. SNP-probe combinations where the probe mapped with at least 15 bp 

within the 5 Mb window, were deemed false-positive and removed from further analysis. After this filtering we 

recalculated the FDR for both the cis- and trans-eQTL results. 

Trans-eQTL replication 
Replication of the trans-eQTL results was carried out in five independent datasets from four cohorts, including 

data obtained from lymphoblastoid cell lines (HapMap3, N = 604
24

), B-cells and monocytes (Oxford
9
, N = 282 

and N = 283, respectively), and whole peripheral blood (KORA F4
22

, N = 740, and BSGS
23

, N = 862). All the 

cohorts applied the same methodology as used in the discovery phase to normalize the gene expression data, 

check for sample mix-ups and perform trans-eQTL mapping, including 10 permutations in order to establish 

the FDR threshold at 0.05. Finally, we performed a sample-size weighted Z-score meta-analysis on the two 

peripheral blood replication cohorts (KORA and BSGS). Further details on these datasets can be found in the 

Supplementary methods. 

Enhancer enrichment and functional annotation 
To determine whether the significant trans-eQTL SNPs were enriched for functional regions on the genome, 

we annotated the trans-eQTL SNPs using SNPInfo
53

, SNPNexus
54,55

, and HaploReg
56

, which integrate multiple 

data sources (such as ENCODE project data
31

, Ensembl
57

, and several micro-RNA databases). We limited these 

analyses to those trans-eQTL SNPs that were previously shown to be associated with complex traits at 

genome-wide significance levels (‘trait associated SNPs’, reported P < 5 x 10
-8

). These SNPs were subsequently 

pruned (using PLINK’s --clump command, using an r
2
 < 0.2). We used the permuted trans-eQTL data to get 

realistic null-distributions for each of these tools: we selected equally sized sets of unlinked SNPs (r
2
 < 0.2 in 

the Western-European subpopulations of the 1000 genomes project
25

, 2011-05-21 release, 286 individuals, 

excluding Finnish individuals) that showed the highest significance in the permuted data, ensuring that only 

trait-associated SNPs are included in the null-distribution, as it is known that trait-associated SNPs in general 

already have different functional properties than randomly selected SNPs
58

 (e.g. trait-associated SNPs typically 
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map in closer proximity to genes than random SNPs). We also ensured that none of the SNPs in the null-

distribution were affecting genes in trans, or were linked to those SNPs (r
2
 < 0.2 in 1000 genomes). We then 

identified perfect proxies (r
2
 = 1.0 in 1000 genomes). For SNPInfo and SNPNexus, we calculated the enrichment 

for each functional category using a Fisher’s exact test. We determined the enhancer enrichment in nine 

different cell-types using HaploReg, where we averaged the enhancer enrichment over the ten permutations. 

Convergence analysis 
We determined which unlinked trait-associated SNPs show eQTL effects on exactly the same gene: per trait, 

we analyzed the SNPs that are known to be associated with this trait and assessed whether any unlinked SNP 

pair (r
2
 < 0.2, distance between SNPs > 5Mb) showed a cis- and/or trans-eQTL effect on exactly the same 

gene, as previously described
5
. To determine whether the number of traits for which we observed this 

phenomenon was higher than expected by chance, we re-ran this analysis 20 times, each time using a different 

set of permuted trans-eQTLs, equal in size to the non-permuted set of transeQTLs. 

SLE IKZF1 ENCODE ChIP-seq Analysis 
We used IKZF1 ChIP-seq signal data obtained from the ENCODE-project

31
 (IKZF1 ChIP-seq data acquired and 

processed by UCSC, ENCODE March 2012 Freeze). For every human gene we determined the average signal 

(corrected for gene size), corrected for GC-content bias, and performed a Wilcoxon Mann-Whitney test to see 

whether the upregulated genes (MX1, TNFRSF21, IFIT1/LIPA, HERC5, CLEC4C, IFI6) showed a higher 

ChIP-seq signal compared to all other human genes. 

Data availability 
We have made a browser available for all significant trans-eQTL and cis-eQTL at http://www.genenetwork. 

nl/bloodeqtlbrowser. This browser also provides all trans-eQTLs that we detected at a somewhat less 

stringent false discovery rate of 0.5, to enable more in-depth post-hoc analyses. 
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THE GRAM-NEGATIVE PATHOGEN

Helicobacter pylori is specifi-
cally adapted to colonize the
mucus layer covering the gas-

tric mucosa, with little invasion of the
gastric glands.1,2 It is the major cause
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Importance Helicobacter pylori is a major cause of gastritis and gastroduodenal ul-
cer disease and can cause cancer. H pylori prevalence is as high as 90% in some de-
veloping countries but 10% of a given population is never colonized, regardless of
exposure. Genetic factors are hypothesized to confer H pylori susceptibility.

Objective To identify genetic loci associated with H pylori seroprevalence in 2 in-
dependent population-based cohorts and to determine their putative pathophysiologi-
cal role by whole-blood RNA gene expression profiling.

Design, Setting, and Participants Two independent genome-wide association
studies (GWASs) and a subsequent meta-analysis were conducted for anti-H pylori
IgG serology in the Study of Health in Pomerania (SHIP) (recruitment, 1997-2001
[n =3830]) as well as the Rotterdam Study (RS-I) (recruitment, 1990-1993) and RS-II
(recruitment, 2000-2001 [n=7108]) populations. Whole-blood RNA gene expression
profiles were analyzed in RS-III (recruitment, 2006-2008 [n=762]) and SHIP-TREND
(recruitment, 2008-2012 [n=991]), and fecal H pylori antigen in SHIP-TREND (n=961).

Main Outcomes and Measures H pylori seroprevalence.

Results Of 10 938 participants, 6160 (56.3%) were seropositive for H pylori. GWASs
identified the toll-like receptor (TLR) locus (4p14; top-ranked single-nucleotide poly-
morphism (SNP), rs10004195; P=1.4�10�18; odds ratio, 0.70 [95% CI, 0.65 to 0.76])
and the FCGR2A locus (1q23.3; top-ranked SNP, rs368433; P=2.1�10�8; odds
ratio, 0.73 [95% CI, 0.65 to 0.81]) as associated with H pylori seroprevalence. Among
the 3 TLR genes at 4p14, only TLR1 was differentially expressed per copy number
of the minor rs10004195-A allele (�=�0.23 [95% CI, �0.34 to �0.11]; P=2.1�10�4).
Individuals with high fecal H pylori antigen titers (optical density �1) also exhibited
the highest 25% of TLR1 expression levels (P=.01 by �2 test). Furthermore, TLR1 ex-
hibited an Asn248Ser substitution in the extracellular domain strongly linked to the
rs10004195 SNP.

Conclusions and Relevance GWAS meta-analysis identified an association be-
tween TLR1 and H pylori seroprevalence, a finding that requires replication in non-
white populations. If confirmed, genetic variations in TLR1 may help explain some of
the observed variation in individual risk for H pylori infection.
JAMA. 2013;309(18):1912-1920 www.jama.com
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of gastritis (80%) and gastroduodenal
ulcer disease (15%-20%) and the only
bacterial pathogen believed to cause
cancer (IARC Working Group 1994).3,4

Prevalence of infection with H pylori
varies from less than 10% in asymp-
tomatic children in Western countries
to approximately 90% in some devel-
oping countries. Most infections oc-
cur during childhood, whereas the H
pylori status of adults remains stable.5,6

Furthermore, although there are wide
interindividual variations in the level
of gastritis as well as in the inflamma-
tory response to H pylori, the intrain-
dividual gastritis pattern is constant
over time.7

Approximately 5% to 10% of a popu-
lation is never infected with H pylori,
even in the presence of high exposure
rates.8 A contribution of genetic fac-
tors to H pylori susceptibility is sup-
ported by differences in H pylori sus-
ceptibility between African Americans
and US residents of European ances-
try after adjusting for socioeconomic
status, age, and living conditions.9 Sig-
nificantly higher concordance for H py-
lori infection in monozygotic com-
pared with dizygotic twins, or for
household members who are siblings
rather than unrelated persons,10 also ar-
gues for a genetic influence, with a heri-
tability estimate in twins of 57%.10

The key pathophysiological event in
H pylori infection is the initiation of an
inflammatory response. This response
is triggered by bacterial membrane com-
ponents, namely, lipopolysaccharides
and lipid A, as well as cytotoxins and
H pylori urease activity.11 So far, few
candidate gene studies have analyzed
human host genetic factors for suscep-
tibility to H pylori infection and per-
sistence.12-14 Several studies have dem-
onstrated that genetic variations, eg, in
IL1B, modulate the susceptibility for
gastric cancer among H pylori–
infected individuals.15,16

This genome-wide association study
(GWAS) for determinants of H pylori
seroprevalence was conducted in 2 large
population-based cohorts, the Study of
Health in Pomerania (SHIP) and the
Rotterdam Study (RS-I and RS-II). Sub-

sequent whole-blood transcriptome
analyses were conducted in the inde-
pendent SHIP-TREND and RS-III popu-
lations.

METHODS
Study Cohorts

The SHIP study consists of 2 indepen-
dent prospectively collected population-
based cohorts in Northeastern Ger-
many, SHIP and SHIP-TREND. The
study design of SHIP has been previ-
ously described in detail.17 The first pa-
tient for the SHIP study was recruited
in October 1997 and the last in May
2001. SHIP-TREND is an additional in-
dependent cohort from the same re-
gion, with individuals newly recruited
between September 2008 and summer
2012; for details of SHIP-TREND,
see the eAppendix available at http:
//www.jama.com.

The SHIP study has 2 main objec-
tives: to assess prevalence and inci-
dence of common risk factors, subclini-
cal disorders, and clinical diseases; and
to investigate the complex associa-
tions among risk factors, subclinical dis-
orders, and clinical diseases. A particu-
lar characteristic of SHIP is that it does
not specifically address a single se-
lected disease; rather, it attempts to de-
scribe health-related conditions with the
widest focus possible.

The Rotterdam Study is a large,
population-based prospective study of
elderly individuals of European ances-
try consisting of 3 cohorts (RS-I, RS-
II, RS-III) of individuals residing in a
suburb of Rotterdam, the Nether-
lands, and has been described in de-
tail.18-20 The study targets cardiovascu-
lar, endocrine, hepatic, neurologic,
ophthalmic, psychiatric, and respira-
tory diseases. Baseline recruitment and
measurements for the RS-I study were
obtained between 1990 and 1993. A
second cohort, RS-II, was established
in 2000-2001. The third cohort, RS-
III, started in 2006, with recruitment
ending in December 2008.

Data from SHIP, RS-I, and RS-II
were used for the GWAS; data from
SHIP-TREND and RS-III were used for
the transcriptome analysis.

Written informed consent was ob-
tained from all participants, and the
medical ethics committee of the Eras-
mus Medical Center Rotterdam and
University Medicine Greifswald ap-
proved the study.

Phenotype Determination:
Seroprevalence and Bacterial Load

Anti–H pylori serum IgG antibody ti-
ters were measured using commercial
enzyme immunoassays (Pyloriset
EIA-G III ELISA; Orion). Seropreva-
lence, an indicator for current or pre-
vious infection, was defined as an an-
ti–H pylori IgG titer equal to or greater
than 20 U/mL, according to the manu-
facturer’s recommendation.21 In com-
parison with culture or CLO (Campy-
lobacter-like organism) testing (rapid
urease activity testing), using this cut-
off value should detect H pylori infec-
tion with a sensitivity of 97.8%, a speci-
ficity of 58.0%, and an accuracy of
78.7%. The positive predictive value for
the Pyloriset EIA-G III ELISA immu-
noassay is reported as 71.5% and the
negative predictive value as 96.2%.22 In-
dividuals with the lowest 75% of the IgG
titer distribution comprised the con-
trol group. Infection was defined in ac-
cordance with international conven-
tion when H pylori was detected by fecal
H pylori antigen testing.23 A signifi-
cant correlation between titer levels and
actual infection has been reported.22 To
investigate the association of gene ex-
pression levels and the fecal H pylori an-
tigen titer, individuals with high bac-
terial load (based on fecal H pylori
antigen titer, optical density [OD]�1;
see below) were studied to determine
if they also exhibited the highest 25%
of gene expression levels of the respec-
tive 4p14-region genes.

The H pylori antigen ELISA kit (Im-
munodiagnostics) was used to detect
H pylori antigen in stool. One hun-
dred mg of feces was stored at �20�C
before analysis. According to the manu-
facturer’s instructions, all participants
with an OD greater than or equal to
0.025 at 450 nm are positive for H py-
lori infection. Sensitivity for this test is
reported as 97.7% and specificity as
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96.3%. For the quantitative correla-
tion between fecal H pylori antigen and
bacterial load, a Pearson correlation co-
efficient of 0.222 is reported in the lit-
erature.22

Genotyping and Imputation

Genotyping of the SHIP probands
using the Affymetrix SNP 6.0 array
was performed as described previ-
ously.24 Genotyping of the SHIP-
TREND participants was performed
using the Illumina HumanOmni2.5-
Quad array, of RS-I participants using
the Illumina 550K (V.3) single and
duo arrays, and of RS-II participants
using the Illumina 550K (V.3) duo
and Illumina 610K Quad arrays, fol-
lowing manufacturer’s protocols. All
data sets were imputed to the Hap-
Map v22 CEU reference panel (�2.5
million single-nucleotide polymor-
phisms [SNPs]) for the meta-analysis.
The discovery stage of the GWAS was
independently performed in SHIP and
RS-I and RS-II. SHIP and RS-I and
RS-II served as replication cohorts for
each other. For the meta-analysis the
2 data sets were combined. For

details, see Study Population and
Genotyping in the eAppendix.

Whole-Blood Transcriptome
Analysis

For SHIP-TREND and RS-III, whole
blood was collected in PAXgene tubes
(BD). Total RNA in SHIP-TREND was
prepared using a QIA cube device in
combination with the Blood miRNA Kit
(Qiagen), according to manufactur-
er’s protocols. Subsequent RNA sample
processing and hybridization with Il-
lumina HumanHT-12 v3 Expression
BeadChips was performed as de-
scribed by the manufacturer (Illu-
mina) at the Helmholtz Zentrum
München. The SHIP-TREND expres-
sion data set is available at the GEO
(Gene Expression Omnibus) public re-
pository under accession number
GSE36382. For details , see the
eAppendix.

In RS-III, RNA was amplified and la-
beled (Ambion TotalPrep RNA) and hy-
bridized with the Illumina Hu-
manHT-12 v4 Expression BeadChips as
described by the manufacturer’s pro-
tocol. The RS-III expression data set is

available at the GEO public repository
under accession number GSE33828.
For details see the eAppendix.

Statistical Analyses

The case and control groups were de-
fined according to their anti–H pylori
IgG-titer as described above. Detailed
information on the study cohort char-
acteristics are provided in TABLE 1. Ge-
nome-wide association analysis for
SHIP was performed with Quicktest
(http://toby.freeshell.org/software
/quicktest.shtml) using a logistic re-
gression model with adjustment for sex
and age. For RS-I and RS-II, sex- and
age-adjusted GWASs were performed
using MACH2DAT (http://www.sph
.umich.edu/csg/abecasis/MaCH/) imple-
mented in GRIMP.25 Only SNPs with a
minor allele frequency (MAF) greater
than 1% as well as those available in all
3 cohorts were considered for further
analyses.

Meta-analyses were conducted
by an inverse-variance weighted
fixed-effects model using METAL
(www.sph.umich.edu/csg/abecasis
/metal).26 The random-effects model was

Table 1. Characteristics of Study of Health in Pomerania (SHIP) and Rotterdam Study (RS) Population-Based Cohorts

Characteristic

No. (%)

SHIP RS

SHIP SHIP-TREND RS-I RS-II RS-III

Total sample size, No. 3830 1001 4542 2566 762

Age (range), y 50 (20-81) 50 (20-81) 69 (55-99) 65 (55-95) 60 (46-89)

Women 1957 (51.1) 561 (56.0) 2454 (54.0) 1401 (54.6) 410 (53.8)

Total No. of samples with
measured anti–Helicobacter
pylori IgG titer

3830 988 4542 2566 NA

No. of samples with anti–H pylori
IgG titer �20 U/mL

2269 (59.2) 551 (55.8) 2695 (59.3) 1196 (46.6) NA

No. of samples with the highest
25% IgG titer values
(cutoff in U/mL)

958 (124.5) 247 (82.8) 1136 (136.8) 642 (88.9) NA

IgG titer values, mean (SD),
[median], U/mL

Group with the lowest
75% values

32.0 (29.3) [18.1] 19.0 (15.2) [12.4] 32.9 (31.6) [18.0] 20.6 (17.1) [12.9] NA

Group with the highest
25% values

268.6 (120.0) [230.9] 262.2 (140.1) [227.3] 459.7 (589.0) [320.7] 309.5 (255.0) [233.4] NA

Total No. of samples with
measured H pylori antigen

NA 961 NA NA NA

No. of samples with H pylori
antigen OD�0.025

NA 325 (33.8) NA NA NA

No. of samples with H pylori
antigen OD�1

NA 139 (14.5) NA NA NA

Abbreviations: NA, not available; OD, optical density; RS, Rotterdam Study; SHIP, Study of Health in Pomerania.
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calculated in R using the package meta-
for.27 Genomic control was applied to
the individual studies’ GWAS results
(�RS-I=1.008, �RS-II=1.012, �SHIP=1.000).
Because the genomic inflation factor of
the combined meta-analysis was below
1 (�=0.999), no genomic control was ap-
plied for those results.

To assess whether there were mul-
tiple independently associated SNPs
within the loci found in the combined
meta-analysis, a clumping analysis was
performed using PLINK28 (1-megabase
distance, r2�0.01, HapMap R28 CEU
genotype data set), but no additional
hits were found. P=5�10�8 was used
as the threshold for genome-wide sig-
nificance, and 2-sided significance test-
ing was performed.

Expression analyses in SHIP-
TREND were performed using quantile-
normalized and log2-transformed gene
expression data. Expression quantita-
tive trait loci (eQTL) analyses in
SHIP-TREND and RS-III used quantile-
normalized, log2-transformed, probe-
centered, and standardized gene ex-
pression data. To reduce the number of
false-positive and false-negative eQTL
association results, in a first step a prin-
cipal component analysis of the ma-
trix of gene expression data was per-
formed.29 In a second step, the gene
expression profiles of the individuals
were adjusted for the first 50 principal
components,29 which represent the larg-
est factors related to variation of gene
expression levels. For details see eAp-
pendix, eTable 1A and B, and eFigure
1A-F.

RESULTS
Prevalence and Frequency
of H pylori Seroprevalence

Some level of seroprevalence through-
out the study was detected in 6160 of
10 938 participants (56.3%) (SHIP,
RS-I, and RS-II) (Table 1). Based on
the predefined phenotypic seropreva-
lence in the top 25% of the study
population, a total of 2623 cases
(25%) and 7862 controls (75%) were
used for GWAS meta-analysis (SHIP,
RS-I, and RS-II) (Table 1). To increase
specificity and reduce the number of

false-positive H pylori infections in the
case group of the GWAS, the cutoff
was set to the upper 25% of the IgG
titer distribution of the corresponding
cohort (124.5 U/mL for SHIP, 136.8
U/mL for RS-I, and 88.9 U/mL for
RS-II).

GWAS Meta-analysis

Two genome-wide significant loci
were identified (FIGURE 1) by com-
bining the data from RS-I, RS-II, and
SHIP (n=10 485, for which H pylori
serology and genotyping data were
available) using a fixed-effects meta-
analysis model. The TLR locus on
4p14 exhibited the lowest P value
(FIGURE 2A), with rs10004195 as the
lead SNP (odds ratio [OR] for the mi-
nor allele, 0.70 [95% CI, 0.65-0.76];
P=1.42�10�18; MAF=24.7%), closely
followed by rs4833095 (OR for the mi-
nor allele, 0.70 [95% CI, 0.65-0.76];
P = 1 .43 � 10 � 1 8 ; MAF = 24 .9%)
(TABLE 2). The second genome-wide
significant locus was located on chro-

mosome 1q23.3, with P=2.1�10�8 for
the lead SNP, rs368433 (OR for the mi-
nor allele, 0.73 [95% CI, 0.65-0.81];
MAF=16%) (Figure 2B). This SNP is
located in an intron of FCGR2A encod-
ing the Fc	 receptor 2a. The I2 hetero-
geneity measures for the top-ranked
SNPs30 (57.3% for rs10004195; 22.6%
for rs368433) indicated high and low
between-study heterogeneity, respec-
tively. To take into account that the
effect of the SNP might differ between
the studies as implicated by the high
heterogeneity, a random-effects meta-
analysis was applied to the genome-
wide significant findings to ensure that
the combined effect of the SNP was not
the result of a large effect in a single co-
hort. For rs10004195 the association
P value increased to 6.5�10�9 using
this model, and the combined effect es-
timate was nearly the same (OR, 0.69
[95% CI, 0.61-0.79]), indicating that
the observed association was not com-
pletely driven by a single study. For SNP
rs368433, the association P value and

Figure 1. Genome-wide Association Studies Meta-analysis: Statistical Significance of Association
for All Single-Nucleotide Polymorphisms (SNPs) With Minor Allele Frequency Greater Than 1%
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combined effect size were essentially
unchanged compared with the fixed-
effects meta-analysis (OR, 0.73 [95% CI,
0.65-0.82]; P = 9.2 � 10�8), but the

P value no longer met the genome-
wide significance threshold (eTable 2).

In the complete meta-analysis com-
prisingSHIP,RS-I,andRS-II (n=10 938),

the numbers of cases (samples with the
highest 25% IgG titer values) were 985
forSHIP,1136 forRS-I, and642 forRS-II
(n=2763), whereas the numbers of con-

Figure 2. Genome-wide Association Studies Meta-analysis: Loci Associated With Anti–Helicobacter pylori IgG Titers on a Genome-Wide Level
of Significance
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Table 2. Top-Ranked SNPs From the Genome-Wide Association Studies Meta-analysis of the Defined Anti–Helicobacter pylori IgG Titer
Phenotype in RS-I, RS-II, and SHIPa

Chromosome Analysis MAF OR (95% CI) P Value

4p14 (top-ranked SNP: rs10004195)b Meta-analysis 0.25 0.70 (0.65-0.76) 1.4 � 10�18

SHIP 0.22 0.62 (0.54-0.72) 5.0 � 10�11

RS-I and RS-II 0.26 0.74 (0.67-0.81) 7.4 � 10�10

1q23.3 (top-ranked SNP: rs368433)c Meta-analysis 0.16 0.73 (0.65-0.81) 2.1 � 10�8

SHIP 0.15 0.67 (0.55-0.81) 2.4 � 10�5

RS-I and RS-II 0.16 0.76 (0.66-0.87) 1.3 � 10�4

Abbreviations: MAF, minor allele frequency; OR, odds ratio; RS, Rotterdam Study; SHIP, Study of Health in Pomerania; SNP, single-nucleotide polymorphism.
aTop-ranked SNP refers to the locus’ SNP with the smallest P value.
bGenes: TLR10, TLR1, TLR6, FAM114A1. Major/minor allele: A/T.
cGenes: FCGR2A, HSPA6. Major/minor allele: C/T.
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trols (samples with the lowest 75% IgG
titer values) in each population were
2845 for SHIP, 3406 for RS-I, and 1924
for RS-II (n=8175).TheMAFof thepro-
tective TLR locus lead SNP rs10004195
was 0.22 in SHIP, 0.26 in RS-I/II, and
0.25 in the meta-analysis. The MAF of
the protective FCGR2A locus lead SNP
rs368433 was 0.15 in SHIP, 0.16 in RS-I/
II, and 0.16 in the meta-analysis.

From a pathophysiological point of
view, associations of other TLR genes
with H pylori seroprevalence might be
of relevance. Therefore, the meta-
analysis data were used to search for as-
sociated SNPs (genotyped or imputed
in all 3 cohorts, MAF �0.01) within or
in 
100-kilobase windows upstream
and downstream of TLR9, TLR2, or
TLR4. The smallest P value observed
was for TLR2 (rs11736691; OR, 0.79
[95% CI, 0.65-0.96]; P=.02); this did
not meet genome-wide significance. A
complete list of these results is pro-
vided in eTable 3; a list of all genome-
wide significant SNPs is provided in
eTable 4.

Putative Functional Context of the
Genome-wide Significant SNPs

The protein-coding sequences of the
genes closest to the top-ranked SNPs
were analyzed for nonsynonymous
SNPs in linkage disequilibrium with
r2�0.6. Using the 1000 Genomes da-
tabase in the SNAP SNP Proxy search
tool,31 2 nonsynonymous SNPs were
identified in TLR1 and 1 SNP in TLR10
in linkage disequilibrium with the top-
ranked SNP (rs10004195). In TLR1, the
previously mentioned rs4833095
(r2=1.0) and rs5743618 (r2=0.95) are
nonsynonymous SNPs. Whereas
rs4833095 causes the amino acid sub-
stitution Asn248Ser, rs5743618 re-
sults in the Ser602Ile substitution. In
TLR10, rs4129009 (r2= 0.77) is lo-
cated close to the 3' end of the single
protein–coding exon of the gene and
corresponds to the Ile775Val substitu-
tion. This TLR10 amino acid position
is localized within the intracellular TIR
(toll/interleukin-1 receptor) domain
that participates in the transduction of
extracellular signaling.32 For the top-

ranked SNP at the 1q23.3 locus
(rs368433; Figure 2B), no nonsynony-
mous SNPs in linkage disequilibrium
were found.

Association of Anti–H pylori IgG
Titers and H pylori Stool Antigen
in SHIP-TREND

To explore the relationship between the
TLR locus and H pylori infection in
more detail, additional analyses in
SHIP-TREND were carried out. H py-
lori stool antigen levels and measured
anti–H pylori IgG titers were found to
have a significant positive correlation
(Spearman �=0.59, P=2�10�90).

Cis-eQTL Analysis of the
Significant GWAS Hits
in Whole Blood

Integrative analysis of blood expres-
sion profiles with genome-wide SNP
data in 1763 participants from SHIP-
TREND and RS-III were used to inves-
tigate the potential causal relationship
between gene(s) located at the loci
shown to be associated with H pylori

susceptibility. Variation at rs10004195,
the top-ranked SNP at the TLR locus
(4p14), was significantly correlated with
the mRNA levels of TLR1 (ID:
6520451; P = 2.1 � 10�4 for SHIP-
TREND and P=3.2�10�17 for RS-III)
(FIGURE 3A, eTable 5, eFigure 2). Varia-
tion at the linked nonsynonymous SNP
rs4833095 was also significantly asso-
ciated with TLR1 (ID:6520451) mRNA
expression levels. Among the three TLR
genes only TLR1 was differentially ex-
pressed. TLR1 was differentially ex-
pressed per copy number of the minor
rs10004195-A allele (�=�0.23 [95%
CI, �0.34 to �0.11]; P=2.1�10�4).
The eQTL-results for rs10004195 and
all available TLR probes are shown in
eTable 6.

Variation at rs368433, the top-
ranked SNP of the second genome-
wide significant locus (1q23.3), was sig-
nificantly associated with expression
levels of FCGR2A, FCGR2B, and HSPA6
represented by 7 probes (Figure 3B,
eTable 6, eFigure 3A and B). Signifi-
cant associations were found for

Figure 3. Cis-eQTL Analysis of the Significant Genome-wide Association Study Top-Ranked
SNPs in Whole Blood
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A, Residual (ie, after adjustment for technical effects and potential confounders; overall mean centered) mean
log2-transformed gene expression levels corresponding to gene-specific mRNA levels in whole blood and 95%
CIs (error bars) per genotype group of TLR1 (ID:6520451), adjusted for the first 50 eigenvectors with respect
to rs10004195 for Study of Health in Pomerania–TREND (SHIP-TREND) (genotype distribution: TT=614, TA=315,
AA=47) and Rotterdam Study III (RS-III) (genotype distribution: TT=439, TA=269, AA=54). B, Residual (ie,
after adjustment for technical effects and potential confounders, and overall mean-centered) mean log2-
transformed gene expression levels corresponding to gene-specific mRNA levels in whole blood and 95% CIs
(error bars) per genotype group of FCGR2B (ID:6650341), adjusted for the first 50 eigenvectors with respect
to rs368433 for both SHIP-TREND (genotype distribution: TT=765, TC=191, CC=20) and RS-III (genotype
distribution: TT=551, TC=198, CC=13). For cis-eQTL (expression quantitative trait loci) analysis, all genes in
a 
250-kilobase region of the 2 top-ranked single-nucleotide polymorphisms (SNPs) from the genome-wide
association study were chosen.
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FCGR2B (ID:6650341; P=9.5�10�19

for SHIP-TREND and P=2.5�10�20 for
RS-III). FCGR2B expression levels in-
creased in participants carrying 1 or
more minor alleles in both popula-
tions, whereas expression levels of
HSPA6 and FCGR2A decreased with
each minor allele.

Relationship Between Bacterial
Load, TLR Gene Expression,
and Genotype

TLR6, TLR1, or TLR10 mRNA amounts
were analyzed to determine if expres-
sion levels increased in parallel with
bacterial load as determined by H py-
lori stool antigen testing. To minimize
false-positive results, only samples with
an OD greater than 1 (high bacterial
load as defined in previously pub-
lished studies22) were used to study cor-
relations between H pylori fecal load and
gene expression levels. Individuals with
high fecal H pylori antigen titers
(OD�1) also exhibited the highest 25%
of TLR1 expression levels (P=.01 by �2

test; TLR1 gene probe ID: 6520451).
This result was independent of
the rs10004195 SNP genotype. This
significantly increased expression
implied a specific and genotype-
independent transcriptional up-
regulation of TLR1, but not of TLR6 or
TLR10, in the presence of H pylori
(TLR6: P=.26 [TLR6 gene probe ID:
5340427] and P=.80 [TLR6 gene probe
ID:2600735]; TLR10: P=.05 [TLR10
gene probe ID:4480543], P=.72 [TLR10
gene probe ID:620441], and P= .95
[TLR10 gene probe ID:380639] [all re-
sults by �2 test]). For TLR6 and TLR10,
more than 1 gene-specific probe was
present on the HumanHT-12 Expres-
sion BeadChips. These findings iden-
tify TLR1 to be the receptor most likely
involved in recognition of H pylori.

No significant association between fe-
cal H pylori antigen and the expres-
sion of FCGR2A and 2B was detected
in whole blood.

DISCUSSION
This GWAS on H pylori seropreva-
lence, conducted in 2 population-
based cohorts including a total of 10 938

participants, identified 2 genome-
wide significant loci located at 4p14 and
1q23.3 associated with H pylori sero-
prevalence. These findings were fur-
ther explored in 1763 additional study
participants in whom gene expression
levels were studied in whole blood and
961 participants in whom bacterial load
was measured in stool samples.

The 4p14 region encodes the TLR1,
TLR6, and TLR10 genes; TLR1 was
identified as the receptor most likely
causatively associated with H pylori se-
roprevalence. This conclusion is bio-
logically plausible because TLRs are
known to be essential for protective im-
munity against infection. Murine mod-
els have previously suggested that the
TLRs 2, 9, and 8 could be involved in
the recognition of H pylori by den-
dritic cells, which traverse epithelial
tight junctions in the intestine to sample
luminal bacteria.33,34 Among these,
TLR2 represents the only cell surface
receptor/ligand system that can cause
a pronounced anti-inflammatory sig-
nature.33

TLR1, on the other hand, is known
to represent one of the coreceptors of
TLR2. Both proteins can form a het-
erodimer that recognizes triacylated li-
popeptides from the cell envelope of
gram-negative bacteria.35,36 The fine
structure of H pylori lipid A can con-
sist of triacylated lipopeptides, which
would make it an ideal ligand for TLR2-
TLR1 binding.37 However, this conclu-
sion remains speculative, because in-
formation was not available regarding
the identities of the different H pylori
strains in the study cohorts. Recent
studies showed the association of
rs5743618, a nonsynonymous SNP in
linkage with rs10004195 identified in
this study, with Chlamydia trachoma-
tis infection38 and leprosy,39 indicat-
ing the involvement of TLR1 in bacte-
rial infection.

Additional studies have shown that
the specific H pylori–induced den-
dritic cell cytokine profile polarizes the
balance between mucosal T helper 1
(TH1) and T helper 17 (TH17) cells on
one side and regulatory T helper (Treg)
cells on the other side, toward a Treg-

biased response. This would cause sup-
pression of the H pylori–specific TH1/
TH17–dependent responses and
correlated with a higher degree of H py-
lori infection.40,41 These results dem-
onstrated that H pylori, by inducing a
Treg-skewed response via active tolero-
genic programming of dendritic cells,
limits the host’s ability to eradicate the
pathogen and can result in persistence
of H pylori infection.41

In light of animal data33,34 and new
data generated by this study, one
hypothesis is that the protective
minor allele–associated haplotype
might confer less effective anti-
inflammatory TLR1-TLR2 signaling.
The single nonsynonymous SNP
rs4833095 in TLR1 identified as asso-
ciated with H pylori seroprevalence
represents a putative candidate for
such a predicted modification of
TLR1-TLR2 function, because the
position of the Asn248Ser amino acid
substitution is located within the
immediate vicinity of the TLR1 ligand
binding and dimerization site.32 This
hypothesis could be tested in a
recently generated knockout animal.42

In the present study, the allele associ-
ated with higher anti–H pylori IgG
titers was also associated with higher
TLR1 expression. Whether the non-
synonymous SNP rs4833095 is associ-
ated with H pylori treatment failure or
recurrence requires further investiga-
tion, because the cross-sectional
design of this population-based study
does not allow an evaluation of these
parameters.

In the GWAS meta-analysis, the
1q23.3 region was also significantly as-
sociated with the H pylori phenotype.
The minor allele of the top-ranked SNP,
rs368433, was associated with low an-
ti–H pylori IgG titers, decreased blood
levels of HSPA6 and FCGR2A, and in-
creased expression levels of FCGR2B.
The FCGR2B-encoded Fcy receptor IIB
also seems plausibly related to sero-
prevalence, because genetic variations
affecting the receptor’s affinity for IgG
subclass 2 (IgG2) have been re-
ported.43 Furthermore, it has been ob-
served that neutrophils from individu-
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als who are homozygous for one of
these SNPs can phagocytose IgG2-
opsonized bacteria more effectively.44

On the other hand, the increased ex-
pression of FCGR2B on the surface of
immune cells might simply result in
more pronounced cellular titration of
IgGs and, consequently, decreased ti-
ters of soluble IgG. Additional studies
are required to validate the associa-
tion and, if validated, to explore the un-
derlying biological mechanisms re-
lated to the observed effects.

At this time, the clinical implica-
tions of the current findings are un-
known. Based on these data, genetic
testing to evaluate H pylori susceptibil-
ity outside of research projects would
be premature. This study has several
limitations. First, the study was con-
ducted among participants pheno-
typed only for seroprevalence and not
symptomatic H pylori infection. In
agreement with previous studies, this
study shows a quantitative correlation
for H pylori serology and H pylori fecal
antigen; however, the correlation is
weak (Spearman �=0.59). Therefore,
additional studies are needed to deter-
mine if the observed associations are
present in populations phenotyped for
clinically significant infection. Sec-
ond, the validity of the current results
are restricted to individuals of Euro-
pean ancestry. Additional GWASs of co-
horts with non-European ancestry will
be required to determine the extent to
which the results can be generalized to
other ethnic groups.

Third, it is also not clear if the re-
sults would be reproducible in a co-
hort exposed to a significantly higher
pathogen pressure. A significant pro-
portion of the study population had no
definitive serological evidence of H py-
lori exposure, nor were study popula-
tion–specific data available for H py-
lori exposure rates. It is technically
possible that the observed associa-
tions are related to effective exposure
to H pylori, rather than serologic con-
version. Fourth, the FCGR2A/B locus
showed genome-wide significant asso-
ciation in the meta-analysis under a
fixed-effects model only and requires

replication in independent, ethnically
diverse, cohorts.

GWAS meta-analysis identified an as-
sociation between TLR1 and H pylori se-
roprevalence, a finding that requires
replication in other independent popu-
lations. If confirmed, genetic varia-
tions in TLR1 may help explain some
of the observed variation in individual
risk for H pylori infection.
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A Appendix

A.1 Scripts

All scripts have been written in R (http://www.r-project.org/), a free software en-
vironment for statistical computing and graphics, and can be executed via Bash shell
scripts.

A.1.1 Normalization and Transformation of Gene Expression Data

GX-prepare-data.R

This R script reads the raw gene expression data as exported from Illumina's Genome-
Studio software as �nal report and can be used for normalization and transformation of
the Illumina gene expression data as well as for quality control. In detail, modules of
the lumi library tool set can be used for merging of di�erent gene expression data sets,
normalization (e.g. quantile, and loess normalization), and variance stabilization (e.g.
log2-transformation). Furthermore, principal component analysis (PCA) based on (1) all
transcripts, and (2) allosomal transcripts can be performed for quality control of the data.

1 ### Preparat ion o f Gene Express ion Data
2 ### ( c ) Claudia Schurmann 2012 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 ### Content :
6 # 1. Read raw gene exp r e s s i on va lue s (GenomeStudio Fina l Report )
7 # 2. Combine d i f f e r e n t gene exp r e s s i on data se t s , where app l i c ab l e
8 # 3. Perform quan t i l e norma l i za t i on
9 # 4. Perform log2 t rans fo rmat ion
10 # 5. Save normal ized and transformed gene exp r e s s i on data as ∗ . RData
11 # 6. Perform PCA
12 # 7. Save PCA r e s u l t s as ∗ . RData
13 # 8. Perform qua l i t y c on t r o l ( gender check )
14
15 source ( "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/

f un c t i on s_GX−ana l y s i s .R" )
16 l ibrary ( lumi )
17
18 ### Spec i f y ba s i c s e t t i n g s
19 inpath <− "/home/schurmann/daten/SHIP−Trend/GX/daten/ lumi_input/"
20 outpath <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/"
21 dataDir <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/"
22 outname <− "SHIP−TREND_GX_Quanti leNormal ized . log2Transformed"
23
24 covarFileName <− paste ( dataDir , "SHIP−TREND_COVARS.RData" , sep="" )
25 annotFileName <− paste ( dataDir , "Annotation_HumanHT−12_v3 . RData" , sep="" )
26
27 load ( covarFileName )
28 load ( annotFileName )
29
30 detect ionTh <− 0 .05 # de f au l t detect ionTh = 0.01
31 convert <− FALSE
32 methodT <− " log2 " # data t rans fo rmat ion : method = c (" vst " ," log2 " ," cubicRoot ")
33 methodN <− " quan t i l e " # data norma l i za t i on : method = c (" quan t i l e " ," rsn " ," ssn " ," l o e s s " ,"

vsn ")
34
35 setwd ( inpath )
36
37 # Read raw gene exp r e s s i on va lue s (GenomeStudio FinalReport )
38 p l a t e s <− dir ( ) ; p l a t e s
39
40 for ( i in 1 : length ( p l a t e s ) ) {

I
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41 tmp <− lumiR ( p l a t e s [ i ] , convertNuID = convert , l i b . mapping = "lumiHumanIDMapping" ,
detect ionTh = detectionTh , na .rm = TRUE, checkDupId = TRUE, QC = FALSE, verbose =
TRUE)

42 a s s i gn (paste ( "x . lumi_" , i , sep="" ) ,tmp) ; rm( "tmp" )
43 } ;rm( " i " )
44
45 # Combine d i f f e r e n t gene exp r e s s i on data se t s , when app l i c ab l e
46 l i s t <− l s ( ) ; l i s t <− l i s t [ grep ( "x . lumi" , l i s t ) ] ; l i s t
47
48 x . lumi <− get ( l i s t [ 1 ] )
49 i f ( length ( l i s t )>1) {
50 for ( i in 2 : length ( l i s t ) ) {
51 x . lumi <− combine (x . lumi , get ( l i s t [ i ] ) )
52 }
53 }
54 numSamples <− ncol ( x . lumi ) ; numSamples
55
56 # Between chip norma l i za t i on o f LumiBatch ob j e c t
57 x .N <− lumiN (x . lumi , method = methodN , verbose = TRUE)
58
59 # # Transform the I l lumina data to s t a b i l i z e the var iance
60 x .NT <− lumiT (x .N, method = methodT , i f P l o t=TRUE, simpleOutput = TRUE, verbose = TRUE)
61
62 # qua l i t y c on t r o l o f LumiBatch ob j e c t
63 x .NTQ <− lumiQ (x .NT, logMode = TRUE, detect ionTh = detectionTh , verbose = TRUE)
64
65 # Save normal ized and transformed gene exp r e s s i on data as ∗ . RData
66 gx <− exprs ( x .NTQ)
67 gx <− funChangeColIDs ( gx )
68 gx <− gx [ order (rownames( gx ) ) ,order (colnames ( gx ) ) ]
69 sampleIDs <− colnames ( gx )
70
71 save ( gx , f i l e = paste ( outpath , outname , " . RData" , sep="" ) )
72
73 # Perform PCA
74 pr <− prcomp (gx , r e tx=TRUE, cente r=TRUE, scale .=TRUE)
75 ew <− pr$sdev^2
76 ew . i n f o <− cbind (ew , ew/sum(ew) ,cumsum(ew)/sum(ew) )
77 pc <− as . data . frame ( pr$ r o t a t i on )
78
79 # Save PCA r e s u l t s as ∗ . RData
80 save ( pr , f i l e = paste ( outpath , outname , "_PCA.RData" , sep="" ) )
81 save ( pc , f i l e = paste ( outpath , outname , "_PCs . RData" , sep="" ) )
82 save (ew . in fo , f i l e = paste ( outpath , outname , "_EW.RData" , sep="" ) )
83
84 #####################################################################################
85 ### Perform qua l i t y c on t r o l ( gender check )
86
87 # F i l t e r f o r x− and y−chromosomal probes with good annotat ion
88 annotXY <− annot [which( annot$Matched_CHR %in% c ( "X" , "Y" , "XY" ) & annot$QC.COMMENT. 1 2 . 0 8 . 2 3

== "good" ) , ]
89 annotY <− annot [which( annot$Matched_CHR %in% c ( "Y" ) & annot$QC.COMMENT. 1 2 . 0 8 . 2 3 == "good"

) , ]
90 gx .xy <− gx [rownames( gx ) %in% annotXY$Array_Address_Id , ]
91 gx . y <− gx [rownames( gx ) %in% annotY$Array_Address_Id , ]
92
93 # Perform PCA
94 pr .xy <− prcomp ( gx .xy , r e tx=TRUE, cente r=TRUE, scale .=TRUE) # PCA on f i l t e r e d probes
95 ew .xy <− pr .xy$sdev^2
96 ew .xy . i n f o <− cbind (ew .xy , ew .xy/sum(ew .xy) ,cumsum(ew .xy)/sum(ew .xy) )
97 pc .xy <− as . data . frame ( pr .xy$ r o t a t i on )
98
99 pr . y <− prcomp ( gx . y , r e tx=TRUE, cente r=TRUE, scale .=TRUE) # PCA on f i l t e r e d probes
100 ew . y <− pr . y$sdev^2
101 ew . y . i n f o <− cbind (ew . y , ew . y/sum(ew . y ) ,cumsum(ew . y )/sum(ew . y ) )
102 pc . y <− as . data . frame ( pr . y$ r o t a t i on )
103
104 # Save PCA r e s u l t s as ∗ . RData
105 save ( pr .xy , f i l e = paste ( outpath , outname , "_XY_PCA.RData" , sep="" ) ) # save r e s u l t s
106 save ( pc .xy , f i l e = paste ( outpath , outname , "_XY_PCs . RData" , sep="" ) )
107 save (ew .xy . i n fo , f i l e = paste ( outpath , outname , "_XY_EW.RData" , sep="" ) )
108
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109 save ( pr . y , f i l e = paste ( outpath , outname , "_Y_PCA.RData" , sep="" ) ) # save r e s u l t s
110 save ( pc . y , f i l e = paste ( outpath , outname , "_Y_PCs . RData" , sep="" ) )
111 save (ew . y . in fo , f i l e = paste ( outpath , outname , "_Y_EW.RData" , sep="" ) )
112
113 # Plot
114 col <− c (rgb (55 , 126 , 184 , max = 255) ,rgb (228 , 26 , 28 , max = 255) )
115
116 rownames( covars ) <− covars$prob_id ; covars <− covars [ sampleIDs , ]
117
118 o u t f i l e <− paste ( outpath , outname , "_XY_PC1−PC2 . png" , sep="" )
119 png ( o u t f i l e , width=34, he ight=17, un i t s="cm" , r e s =600 , p o i n t s i z e = 12)
120 op <− par (mfrow=c ( 1 , 2 ) )
121 plot ( pc .xy$PC1, pc .xy$PC2, col=col [ covars$ sex ] , pch=20, xlab=paste ( "PC1 ( " ,round(ew .xy .

i n f o [ 1 , 2 ] , 4 ) ∗100 , "%)" , sep="" ) , ylab=paste ( "PC2 ( " ,round(ew .xy . i n f o [ 2 , 2 ] , 4 ) ∗100 , "%)" ,
sep="" ) , yl im=c (min( pc .xy$PC2) , (max( pc .xy$PC2) + abs (max( pc .xy$PC2)−min( pc .xy$PC2) )∗
0 .2 ) ) )

122 legend ( " top" , legend=c ( "male" , " female " ) , col=col , pch=20, ho r i z=TRUE, box . col="white " ,
border="white " )

123 box ( )
124 plot ( pc . y$PC1, pc . y$PC2, col=col [ covars$ sex ] , pch=20, xlab=paste ( "PC1 ( " ,round(ew . y . i n f o

[ 1 , 2 ] , 4 ) ∗100 , "%)" , sep="" ) , ylab=paste ( "PC2 ( " ,round(ew . y . i n f o [ 2 , 2 ] , 4 ) ∗100 , "%)" , sep=""
) , yl im=c (min( pc . y$PC2) , (max( pc . y$PC2) + abs (max( pc . y$PC2)−min( pc . y$PC2) )∗0 .2 ) ) )

125 legend ( " top" , legend=c ( "male" , " female " ) , col=col , pch=20, ho r i z=TRUE, box . col="white " ,
border="white " )

126 box ( )
127 dev . of f ( )
128
129 # DONE
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A.1.2 Functions and Scripts for Gene Expression Analysis

functions_GX-analysis.R

This R script provides functions that can be used to specify di�erent settings and options
for the gene expression analysis and functions for correlation and association analysis.

1 ### Functions f o r GX−Analys i s P ip e l i n e Vers ion 5 .0
2 ### ( c ) Claudia Schurmann 2013 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 funGetGXfi le <− function ( gxF i l e ) {
6 i f ( gxF i l e == 1) {
7 gxFileName <− "SHIP−TREND_GX_Quanti leNormal ized . log2Transformed . ProbesCentered .

SamplesZTransformed . RData"
8 } else i f ( gxF i l e == 2) {
9 gxFileName <− "SHIP−TREND_GX_Quanti leNormal ized . log2Transformed . RData"
10 } else i f ( gxF i l e == 3) {
11 gxFileName <− "SHIP−TREND_GX_VST. Quanti leNormal ized . RData"
12 } else i f ( gxF i l e == 4) {
13 gxFileName <− "SHIP−TREND_GX_log2Tansformed . LoessNormalized . RData"
14 } else i f ( gxF i l e == 5) {
15 gxFileName <− "SHIP−TREND_GX_Quanti leNormal ized . log2Transformed .withKORA.RData"
16 } else i f ( gxF i l e == 6) {
17 gxFileName <− "SHIP−TREND_GX_Quanti leNormal ized . log2Transformed_

AdjustedForTechnicalCovars . RData"
18 } else {
19 stop ( "Def ine GX f i l e (1−6)" )
20 }
21 return ( gxFileName )
22 }
23
24 funAdjust <− function ( adjustCov , adjustTech , adjustKl in , adjustPC ) {
25
26 adjustPC <− as . character ( adjustPC )
27 adjustPCtype <− unlist ( s trsp l i t ( adjustPC , "_" ) ) [ 1 ]
28 adjustPCnum <− unlist ( s trsp l i t ( adjustPC , "_" ) ) [ 2 ]
29
30 i f ( adjustPCtype == 2 & ! i s .na( adjustPCnum) ) {
31 pcCorrect <− TRUE
32 } else {
33 pcCorrect <− FALSE
34 }
35
36 cov <− funAdjustCov ( adjustCov )
37 tech <− funAdjustTech ( adjustTech )
38 k l i n <− funAdjustKl in ( ad jus tKl in )
39 aPC <− funAdjustPC ( adjustPCtype , adjustPCnum)
40
41 ad jus t <− unique (c (cov , tech , k l in , aPC) )
42 ad jus t <− ad jus t [ ! i s .na( ad jus t ) ]
43
44 i f ( length ( ad jus t ) == 0) {
45 doAdjust <− FALSE
46 } else {
47 doAdjust <− TRUE
48 }
49
50 return ( l i s t ( doAdjust , adjust , pcCorrect ) )
51 }
52
53 funAdjustCov <− function ( adjustCov ) {
54 i f ( adjustCov == 0) { # No adjustment f o r covars .
55 cov <− NA
56 } else i f ( adjustCov == "1a" ) { # Adjustment f o r sex , age .
57 cov <− c ( " sex " , "age" )
58 } else i f ( adjustCov == "1b" ) { # Adjustment f o r sex , age , age ^2.
59 cov <− c ( " sex " , "age" , " age2" )
60 } else i f ( adjustCov == "2a" ) { # Adjustment f o r sex , age , bmi .
61 cov <− c ( " sex " , "age" , "BMI" )
62 } else i f ( adjustCov == "2b" ) { # Adjustment f o r sex , age , age ^2 , bmi .
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63 cov <− c ( " sex " , "age" , " age2" , "BMI" )
64 } else i f ( adjustCov == 3) { # Adjustment f o r covars as de f ined in pheno f i l e .
65 i f (ncol ( pheno ) > 2) {
66 cov <− colnames ( pheno ) [ 3 : ncol ( pheno ) ]
67 } else {
68 stop ( "No covars s p e c i f i e d in pheno f i l e . " )
69 }
70 } else {
71 stop ( "Def ine Covar Adjustment . " )
72 }
73 return (cov )
74 }
75
76 funAdjustTech <− function ( adjustTech ) {
77 i f ( adjustTech == 0) { # No adjustment f o r covars .
78 tech <− NA
79 } else i f ( adjustTech == "1a" ) { # Adjustment f o r RIN , p_amp l i f i c a t i on , Dt .
80 tech <− c ( "RIN" , "p_amp l i f i c a t i o n " , "Dt" )
81 } else i f ( adjustTech == "1b" ) { # Adjustment f o r RIN , p_amp l i f i c a t i on , Dt , Detected .

Genes0 . 0 1 .
82 tech <− c ( "RIN" , "p_amp l i f i c a t i o n " , "Dt" , "Detected . Genes . . 0 . 0 1 . " )
83 } else i f ( adjustTech == "1c" ) { # Adjustment f o r RIN , p_amp l i f i c a t i on , Dt ,

S ignalToNoiseRat io .
84 tech <− c ( "RIN" , "p_amp l i f i c a t i o n " , "Dt" , " SignalToNoiseRat io " )
85 } else i f ( adjustTech == "2a" ) { # Adjustment f o r RIN , p_chip , Dt .
86 tech <− c ( "RIN" , "p_chip " , "Dt" )
87 } else i f ( adjustTech == "2b" ) { # Adjustment f o r RIN , p_chip , Dt , Detected . Genes0 . 0 1 .
88 tech <− c ( "RIN" , "p_chip " , "Dt" , "Detected . Genes . . 0 . 0 1 . " )
89 } else i f ( adjustTech == "2c" ) { # Adjustment f o r RIN , p_chip , Dt , S ignalToNoiseRat io .
90 tech <− c ( "RIN" , "p_chip " , "Dt" , " SignalToNoiseRat io " )
91 } else i f ( adjustTech == "3a" ) { # Adjustment f o r Detected . Genes0 . 0 1 .
92 tech <− c ( "Detected . Genes . . 0 . 0 1 . " )
93 } else i f ( adjustTech == "3b" ) { # Adjustment f o r SignalToNoiseRat io .
94 tech <− c ( " SignalToNoiseRat io " )
95 } else {
96 stop ( "Def ine Technica l Adjustment . " )
97 }
98 return ( tech )
99 }
100
101 funAdjustKl in <− function ( ad jus tKl in ) {
102 i f ( ad jus tKl in == 0) { # No adjustment f o r covars .
103 k l i n <− NA
104 } else i f ( ad jus tKl in == "1a" ) { # Adjustment f o r NE/LY, MO, EO, BA [% ] .
105 k l i n <− c ( "NE_PCT" , "MO_PCT" , "EO_PCT" , "BA_PCT" )
106 } else i f ( ad jus tKl in == "1b" ) { # Adjustment f o r NE/LY, MO, EO, BA.
107 k l i n <− c ( "NE_E" , "MO_E" , "EO_E" , "BA_E" )
108 } else i f ( ad jus tKl in == "1c" ) { # Adjustment f o r NE, LY, MO, EO, BA [% ] .
109 k l i n <− c ( "LY_PCT" , "NE_PCT" , "MO_PCT" , "EO_PCT" , "BA_PCT" )
110 } else i f ( ad jus tKl in == "1d" ) { # Adjustment f o r NE, LY, MO, EO, BA.
111 k l i n <− c ( "LY_E" , "NE_E" , "MO_E" , "EO_E" , "BA_E" )
112 } else i f ( ad jus tKl in == "2a" ) { # Adjustment f o r NE/LY, MO, EO, BA, HCT, PLT [% ] .
113 k l i n <− c ( "NE_PCT" , "MO_PCT" , "EO_PCT" , "BA_E" , "HCT" , "PLT" )
114 } else i f ( ad jus tKl in == "2b" ) { # Adjustment f o r NE/LY, MO, EO, BA, HCT, PLT.
115 k l i n <− c ( "NE_E" , "MO_E" , "EO_E" , "BA_E" , "HCT" , "PLT" )
116 } else i f ( ad jus tKl in == "3a" ) { # Adjustment f o r WBC, RBC, NE, LY, MO, EO, BA [% ] .
117 k l i n <− c ( "WBC" , "RBC" , "LY_PCT" , "NE_PCT" , "MO_PCT" , "EO_PCT" , "BA_PCT" )
118 } else i f ( ad jus tKl in == "3b" ) { # Adjustment f o r WBC, RBC, NE, LY, MO, EO, BA.
119 k l i n <− c ( "WBC" , "RBC" , "LY_E" , "NE_E" , "MO_E" , "EO_E" , "BA_E" )
120 } else i f ( ad jus tKl in == "4a" ) { # Adjustment f o r WBC, RBC, NE, LY, MO, EO, BA, HCT,

PLT [% ] .
121 k l i n <− c ( "WBC" , "RBC" , "LY_PCT" , "NE_PCT" , "MO_PCT" , "EO_PCT" , "BA_PCT" , "HCT" , "PLT

" )
122 } else i f ( ad jus tKl in == "4b" ) { # Adjustment f o r WBC, RBC, NE, LY, MO, EO, BA, HCT,

PLT.
123 k l i n <− c ( "WBC_E" , "RBC_E" , "LY_E" , "NE_E" , "MO_E" , "EO_E" , "BA_E" , "HCT" , "PLT" )
124 } else i f ( ad jus tKl in == 5) { # Adjustment f o r WBC, RBC, HCT, PLT.
125 k l i n <− c ( "WBC" , "RBC" , "HCT" , "PLT" )
126 } else i f ( ad jus tKl in == 6) { # Adjustment f o r WBC, RBC, PLT.
127 k l i n <− c ( "WBC" , "RBC" , "PLT" )
128 } else i f ( ad jus tKl in == "7a" ) { # Adjustment f o r WBC, RBC, PLT, LY, MO, EO, BA [% ] .
129 k l i n <− c ( "WBC" , "RBC" , "PLT" , "LY_PCT" , "MO_PCT" , "EO_PCT" , "BA_PCT" )
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130 } else i f ( ad jus tKl in == "7b" ) { # Adjustment f o r WBC, RBC, PLT, LY, MO, EO, BA.
131 k l i n <− c ( "WBC" , "RBC" , "PLT" , "LY_E" , "MO_E" , "EO_E" , "BA_E" )
132 } else i f ( ad jus tKl in == 8) { # Adjustment f o r WBC, RBC, PLT, HGB, MCV, MPV.
133 k l i n <− c ( "WBC" , "RBC" , "PLT" , "HGB" , "MCV" , "MPV" )
134 } else i f ( ad jus tKl in == 9) { # Adjustment f o r WBC, RBC, PLT, HGB, MCV, MPV, HCT, MCH,

MCHC.
135 k l i n <− c ( "WBC" , "RBC" , "PLT" , "HGB" , "MCV" , "MPV" , "HCT" , "MCH" , "MCHC" )
136 } else {
137 stop ( "Def ine K l i n i c a l Adjustment . " )
138 }
139 return ( k l i n )
140 }
141
142 funAdjustPC <− function ( adjustPCtype , adjustPCnum) {
143 i f ( adjustPCtype == 0) { # No adjustment f o r covars .
144 aPC <− NA
145 # Adjustment f o r the de f ined

number o f PCs
146 } else i f ( adjustPCtype == 1 | adjustPCtype == 2 ) { # (Type=1)
147 aPC <− paste ( "PC" , 1 : adjustPCnum , sep="" ) # Adjustment f o r the de f ined

Number o f PCs
148 # that do not c o r r e l a t e with the

phenotype
149 # (Type=2) .
150
151 } else i f ( adjustPCtype == 3) { # Adjustment f o r the 4 GT PCs : GT.PC1, GT.PC2, GT.PC3,

GT.PC4
152 aPC <− c ( "GT.PC1" , "GT.PC2" , "GT.PC3" , "GT.PC4" )
153 } else {
154 stop ( "Def ine PCA Adjustment" )
155 }
156 return (aPC)
157 }
158
159 funCorre l <− function (x ,names) {
160
161 i f ( length ( which(colnames ( xDat )==x) ) > 0 ) { # x i s the phenotype
162 testPheno <− xDat [ ,which(colnames ( xDat )==x) ]
163 } else {
164 stop ( "Pheno not found in xDat . . . " )
165 }
166
167 lapply (names , function ( y ) {
168 testCovar <− xDat [ ,which(colnames ( xDat )==y) ] # y i s the covar to be t e s t ed
169
170 i f ( i s .numeric ( testCovar ) ) { # l i n e a r r e g r e s s i o n f o r numeric phenotype ( s )
171 options (warn=−1)
172 tryCatch ({
173 erg <− summary(lm( testPheno ~ testCovar ) )
174 c <− coef ( erg ) [ 2 , c ( 1 , 2 , 4 ) ]
175 r <− erg$r . squared
176 r e s <− c (c , r )
177 } , e r r o r = function ( e ) { r e s <− rep (NA, 4 ) })
178
179 } else i f ( i s . factor ( testCovar ) ) { # anova f o r grouped phenotype ( s )
180 options (warn=−1)
181 tryCatch ({
182 p <− (anova(lm( testPheno ~ testCovar ) ) ) [ 1 , "Pr(>F) " ]
183 c <− c (NA,NA, p)
184 r <− NA
185 r e s <− c (c , r )
186 } , e r r o r = function ( e ) { r e s <− rep (NA, 4 ) })
187
188 } else { r e s <− rep (NA, 4 ) }
189
190 return (c (x , y , r e s ) )
191 })
192 }
193
194 getDetPval In fo<− function (p , d , th ) {
195 a l lData <− as . data . frame (cbind (p , d) )
196 a l lData <− na . omit ( a l lData )
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197 n <− dim( a l lData ) [ 1 ]
198 ns i g <− length (which( a l lData$p < th ) )
199 return (c ( ns ig , n s i g/n) )
200 }
201
202 calculateLM <− function (p , d , fmla ) {
203 a l lData <− as . data . frame (cbind (p , d) )
204 a l lData <− na . omit ( a l lData )
205 options (warn=−1)
206 tryCatch ({
207 erg <− summary(lm(as . formula ( fmla ) , data=al lData ) )
208 r e s <− c ( coef ( erg ) [ 2 , ] , e rg$ r . squared , erg$adj . r . squared , dim( a l lData ) [ 1 ] ,mean(

a l lData$p) , sd ( a l lData$p) , min( a l lData$p) , max( a l lData$p) )
209 } , e r r o r=function ( e ) { # Return miss ing va lue s i f model cannot be f i t
210 r e s <− rep (NA, 11 )
211 })
212 return ( r e s )
213 }
214
215 # othe r s
216
217 funRemoveX <− function ( temp) { # remove "X" in c o l . names and row . names
218 h <− colnames ( temp)
219 hx <− gsub ( "^X" , "" , h , i gno r e . case = FALSE)#, extended = TRUE, p e r l = FALSE, f i x ed =

FALSE, useBytes = FALSE)
220 colnames ( temp) <− hx
221 h <− rownames( temp)
222 hx <− gsub ( "^X" , "" , h , i gno r e . case = FALSE)#, extended = TRUE, p e r l = FALSE, f i x ed =

FALSE, useBytes = FALSE)
223 rownames( temp) <− hx
224 return ( temp)
225 }
226
227 funChangeColIDs <− function ( temp) {
228 i d s <− read . table ( "/home/schurmann/daten/SHIP−Trend/GX/daten/ExpressionData/_

f o rAna l y s i s/OVERVIEW_GT−GX−IDs . txt " , header=TRUE, sep="\ t " , as . i s=TRUE, na . s t r i n g=
NA)

229 head <− colnames ( temp)
230 headNeu <− rep (NA, length ( head ) )
231 for ( i in 1 : length ( headNeu ) ) {
232 replace <− i d s [which( i d s$rna_best_array_id == head [ i ] ) , ] $prob_id
233 i f ( length ( replace )>0) {
234 headNeu [ i ] <− replace
235 } else {
236 print ( stop ( "Column Names CAN NOT BE CHANGED" ) )
237 }
238 }
239 colnames ( temp) <− headNeu
240 return ( temp)
241 }
242
243 funChangeRowIDs <− function ( temp) {
244 i d s <− read . table ( "/home/schurmann/daten/SHIP−Trend/GX/daten/ExpressionData/_

f o rAna l y s i s/OVERVIEW_GT−GX−IDs . txt " , header=TRUE, sep="\ t " , as . i s=TRUE, na . s t r i n g=
NA)

245 head <− rownames( temp)
246 headNeu <− rep (NA, length ( head ) )
247 for ( i in 1 : length ( headNeu ) ) {
248 replace <− i d s [which( i d s$rna_best_array_id == head [ i ] ) , ] $prob_id
249 i f ( length ( replace )>0) {
250 headNeu [ i ] <− replace
251 } else {
252 print ( stop ( "Column Names CAN NOT BE CHANGED" ) )
253 }
254 }
255 rownames( temp) <− headNeu
256 return ( temp)
257 }
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START_GX-analysis.sh

This Bash shell script loads the gene expression analysis R script GX-analysis.R

1 #! /bin/sh
2 # Args : workDir phenoFi le phenotype adjustCov adjustTech ad jus tKl in adjustPC gxDataType
3
4 # base d i r e c t o r y o f r−s h e l l s c r i p t s ( with t r a i l i n g s l a s h )
5 rb inbase="/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/"
6
7 R −−s l a v e $1 $2 $3 $4 $5 $6 $7 $8 $9 <${ rb inbase }GX−ana l y s i s .R
8
9 echo "FINISHED . "

GX-analysis.R

This R script reads the speci�ed and required input �les for gene expression analysis, per-
forms quality control and the gene expression association analysis for the SHIP-TREND
data set. Output are two tab-delimited �les: (1) a �le containing the correlation results
of the de�ned phenotype with BMI as well as whole-blood cell parameters, for example
white and red blood cell count and white blood cell types, and (2) a �le containing the
results of the gene expression analysis.

1 ### GX−Analys i s P ip e l i n e Vers ion 5 .0
2 ### ( c ) Claudia Schurmann 2013 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 source ( "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/

f un c t i on s_GX−ana l y s i s .R" )
6 source ( " http : //bioconductor . org/b i o cL i t e .R" )
7 l ibrary ( " qvalue " )
8
9 options ( s t r i ng sAsFac to r s = FALSE, d i g i t s =5)
10
11 #####################################################################################
12 workDir = commandArgs( ) [ 3 ] ; # 1 s t argument a f t e r −−no−save or −−s l a v e
13 phenoFi le = commandArgs( ) [ 4 ] ; # 2nd argument a f t e r −−no−save or −−s l a v e
14 phenotype = commandArgs( ) [ 5 ] ; # . . .
15 adjustCov = commandArgs( ) [ 6 ] ;
16 adjustTech = commandArgs( ) [ 7 ] ;
17 ad jus tKl in = commandArgs( ) [ 8 ] ;
18 adjustPC = commandArgs( ) [ 9 ] ;
19 gxDataType = commandArgs( ) [ 1 0 ] ;
20
21 #####################################################################################
22 ### debug
23 #workDir <− "/home/schurmann/GX−p r o j e c t s/_t e s t/"
24 #phenoFi le <− "pheno/BMI"
25 #phenotype <− "BMI"
26 #adjustCov <− "2a"
27 #adjustTech <− "1a"
28 #adjus tKl in <− "0"
29 #adjustPC <− "2_50"
30 #gxDataType <− "2"
31
32 #####################################################################################
33 cat ( "\n∗∗∗ Reading Data F i l e s . . . " , "\n" )
34 begTime1 <− Sys . time ( )
35 setwd ( workDir )
36 dataDir <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_

f o rAna l y s i s/"
37 covarFileName <− paste ( dataDir , "SHIP−TREND_COVARS.RData" , sep="" )
38 gxFileName <− paste ( dataDir , funGetGXfi le ( gxDataType ) , sep="" )
39 detPvalFileName <− paste ( dataDir , "SHIP−TREND_GX_Detect ionPvalue . RData" , sep="" )
40
41 load ( covarFileName )
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42 load ( gxFileName )
43 load ( detPvalFileName )
44
45 sampleIDs <− colnames ( gx )
46 pheno <− read . table (paste ( workDir , phenoFile , sep="" ) , header=TRUE, sep="\ t " , as . i s=

TRUE, na . s t r i n g="−9" ) ; colnames ( pheno ) [ 1 ] <− "prob_id "
47 ad jus t <− funAdjust ( adjustCov , adjustTech , adjustKl in , adjustPC )
48 thPC <− 0 .05/100
49 thDetPval <− 0 .05
50 c o r r e l L i s t <− c ( "BMI" , "RBC" , "HGB" , "HCT" , "MCV" , "MCH" , "MCHC" , "PLT" , "MPV" , "WBC" , "

BA_E_s e l f " , "BA_PCT_E" , "EO_E_s e l f " , "EO_PCT_E" , "LY_E_s e l f " , "LY_PCT_E" , "MO_E_s e l f "
, "MO_PCT_E" , "NE_E_s e l f " , "NE_PCT_E" , "GRA" )

51
52 runTime1 <− Sys . time ( )−begTime1
53 cat ( "Reading Data F i l e took" , runTime1 , attr ( runTime1 , " un i t s " ) , " . . . \n" , sep=" " )
54
55 #####################################################################################
56 cat ( "\n∗∗∗ Prepar ing F i l e s f o r Ana lys i s . . . " , "\n" )
57 begTime2 <− Sys . time ( )
58 i f ( ad jus t [ [ 1 ] ] ) {
59 cova r sL i s t <− unlist ( ad jus t [ [ 2 ] ] )
60 i f ( adjustCov == 3 ) {
61 covars InPhenoFi le <− colnames ( pheno ) [ 2 : ncol ( pheno ) ]
62 } else {
63 covars InPhenoFi le <− colnames ( pheno ) [ 2 ]
64 }
65 over lap <− intersect ( covar sL i s t , covars InPhenoFi le )
66 i f ( length ( over lap ) > 0) {
67 cat ( " ! The f o l l ow i ng covars w i l l not be taken in to account f o r adjustment : " , paste (

over lap , c o l l a p s e=" , " ) , "\n" )
68 cova r sL i s t <− cova r sL i s t [−which( c ova r sL i s t %in% over lap ) ]
69 }
70 tmp <− covars [ , c ( "prob_id " , c ova r sL i s t ) ]
71 for ( i in 2 : ncol (tmp) ) { i f ( ! i s .numeric (tmp [ , i ] ) ) { cat (paste (colnames (tmp) [ i ] , "

converted to f a c t o r " ) , "\n" ) ; tmp [ , i ] <− as . factor (tmp [ , i ] ) }}
72 dat <− as . data . frame (merge( pheno , tmp ,by . x="prob_id " , by . y="prob_id " , a l l . y=TRUE) )
73
74 tmp <− grep ( "^PC" , c ova r sL i s t )
75 i f ( length (tmp) > 0) {
76 t t <− as .numeric (gsub ( "PC" , "" , c ova r sL i s t [ tmp ] ) )
77 cova r sL i s tSho r t <− c ( c ova r sL i s t [−tmp ] , paste ( "PC" ,min( t t ) , "−" , "PC" ,max( t t ) , sep="" ) )
78 } else {
79 cova r sL i s tSho r t <− cova r sL i s t
80 }
81 } else {
82 dat <− pheno [ , 1 : 2 ]
83 cova r sL i s t <− "none"
84 cova r sL i s tSho r t <− cova r sL i s t
85 }
86 rownames( dat ) <− dat$prob_id
87 dat <− dat [ order (rownames( dat ) ) , ] ### 1 s t c o l = ID , 2nd co l = pheno , 3 rd c o l e t c =

covars
88 cat ( a l l (rownames( dat )==sampleIDs ) , "\n" )
89 runTime2 <− Sys . time ( )−begTime2
90 cat ( "Prepar ing f i l e s f o r Ana lys i s took" , runTime2 , attr ( runTime2 , " un i t s " ) , " . . . \n" , sep="

" )
91
92 #####################################################################################
93 cat ( "\n∗∗∗ Active S e t t i n g s . . . " , "\n" )
94 cat (paste ( "∗ 1 Covar F i l e = " , covarFileName , sep="" ) , "\n" )
95 cat (paste ( "∗ 2 GX F i l e = " , gxFileName , sep="" ) , "\n" )
96 cat (paste ( "∗ 3 DetPval F i l e = " , detPvalFileName , sep="" ) , "\n" )
97 cat (paste ( "∗ 4 WorkDir = " , workDir , sep="" ) , "\n" )
98 cat (paste ( "∗ 5 Phenotype = " , colnames ( dat ) [ 2 ] , sep="" ) , "\n" )
99 cat (paste ( "∗ 6 Covars = " , paste ( covar sL i s t , c o l l a p s e=" , " ) , sep="" ) , "\n" )
100 cat (paste ( "∗ 7 Number o f Samples = " , length (which( ! i s .na( pheno [ , 2 ] ) ) ) , sep="" ) , "\n" )
101 cat (paste ( "∗ 8 Threshold f o r Cor r e l a t i on with PCs = " ,thPC , sep="" ) , "\n" )
102 cat (paste ( "∗ 9 Threshold f o r Number o f S i g n i f i c a n t Expressed Probes = " , thDetPval , sep=""

) , "\n" )
103
104 #####################################################################################
105 cat ( "\n∗∗∗ Check c o r r e l a t i o n o f phenotype with BMI and blood c e l l parameter . . . " , "\n" )
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106 begTime3 <− Sys . time ( )
107 c o r r e l L i s t <− setd i f f ( c o r r e l L i s t , colnames ( dat ) [ 2 : ncol ( dat ) ] )
108 xDat <− as . data . frame (merge( dat , covars [ , c ( "prob_id " , c o r r e l L i s t ) ] , by . x="prob_id " , by . y=

"prob_id " , a l l . x=TRUE) )
109 corRes <− funCorre l ( phenotype , colnames ( xDat [ 3 : ncol ( xDat ) ] ) )
110 corRes <− (do . ca l l ( rbind . data . frame , corRes ) )
111 colnames ( corRes ) <− c ( "phenotype" , " covar " , " beta " , " se " , "p . va lue " , "R. Squared" )
112 #outName <− paste ("SHIP−TREND_" , phenotype , "_CorRes_" , paste ( covar sL i s tShor t , sep="",

c o l l a p s e =".") , " . txt " , sep="")
113 outName <− paste ( "SHIP−TREND_" , phenotype , "_CorRes_" , paste ( adjustCov , adjustTech ,

adjustKl in , adjustPC , gxDataType , sep="−" ) , " . txt " , sep="" )
114 cat (paste ( "Writing Cor r e l t a t i on−Resu l t s to f i l e " , outName , sep="" ) , "\n" )
115 write . table ( corRes , f i l e=outName , col .names=TRUE, row .names=FALSE, quote=FALSE, sep="\ t " ,

na="NA" )
116 #fo r ( i in 1 : nrow ( corRes ) ) { cat ( cat ( u n l i s t ( corRes [ i , ] ) , sep="\t ") , sep="\t ") ; cat ("\n") }
117 runTime3 <− Sys . time ( )−begTime3
118 cat ( " Cor r e l a t i on Check took" , runTime3 , attr ( runTime3 , " un i t s " ) , " . . . \n" , sep=" " )
119
120 #####################################################################################
121 i f ( ad jus t [ [ 3 ] ] ) {
122 cat ( "\n∗∗∗ Remove PCs that c o r r e l a t e with the phenotype . . . " , "\n" )
123 begTime4 <− Sys . time ( )
124 pcPos <− grep ( "^PC" , corRes [ , 2 ] )
125 minPos <− which(as .numeric ( corRes$p . va lue ) < thPC )
126 removePCpos <− intersect ( pcPos , minPos )
127 removePC <− corRes [ removePCpos , ] $covar
128 i f ( length ( removePC > 0) ) {
129 cat ( "The f o l l ow i ng PCs c o r r e l a t e with the phenotype (p<" ,thPC , " ) and w i l l not be used

f o r adjustment : " ,paste ( removePC , c o l l a p s e=" , " ) , sep="" ) ; cat ( "\ t " )
130 dat <− dat [ ,−which(colnames ( dat ) %in% removePC) ]
131 cova r sL i s t <− cova r sL i s t [−(which(colnames ( dat ) %in% removePC) )−2]
132 } else {
133 cat ( "No PCs c o r r e l a t e with the phenotype . \ n" )
134 }
135 runTime4 <− Sys . time ( )−begTime4
136 cat ( " Cor r e l a t i on Check PCs took" , runTime4 , attr ( runTime4 , " un i t s " ) , " . . . \n" , sep=" " )
137 }
138
139 #####################################################################################
140 cat ( "\n∗∗∗ Performing l i n e a r r e g r e s s i o n ( i n t e n s i t y ~ pheno + covar ( s ) ) . . . " , "\n" )
141 begTime5 <− Sys . time ( )
142 xnam <− colnames ( dat ) [ 2 : ncol ( dat ) ]
143 fmla <− (paste ( "p ~ " , paste (xnam , c o l l a p s e= "+" ) ) )
144 cat ( "Formula : " , fmla , "\n" )
145
146 out <− t (apply ( gx , 1 , calculateLM , dat , fmla ) )
147 out <− as . data . frame (cbind (rownames( gx ) , out ) )
148 colnames ( out ) <− c ( " array_address_id " , " beta " , "SE" , " t " , " pval " , "R2" , "adjR2" , "N" , "

meanInt" , " sdInt " , "minInt" , "maxInt" )
149 runTime5 <− Sys . time ( )−begTime5
150 cat ( " Linear Regres s ion took " , runTime5 , attr ( runTime5 , " un i t s " ) , " . . . \n" , sep=" " )
151
152 #####################################################################################
153 cat ( "\n∗∗∗ Add Number o f S i g n i f i c a n t detec ted Samples per Probe . . . \n" )
154 begTime6 <− Sys . time ( )
155 outDet <− t (apply ( detPval , 1 , getDetPvalInfo , dat , thDetPval ) )
156 outDet <− as . data . frame (cbind (rownames( detPval ) , outDet ) )
157 colnames ( outDet ) <− c ( " array_address_id " , "NumSig" , "PctSig " )
158 runTime6 <− Sys . time ( )−begTime6
159 out <− as . data . frame (merge( out , outDet ,by . x=" array_address_id " , by . y=" array_address_id " ,

a l l=TRUE) )
160 rownames( out ) <− out$array_address_id
161 cat ( "Get Detect ion Pvalue took " , runTime6 , attr ( runTime6 , " un i t s " ) , " . . . \n" , sep=" " )
162
163 #####################################################################################
164 cat ( "\n∗∗∗ Calcu la te Adjusted p−Values . . . \n" )
165 out$pval <− as .numeric ( out$pval )
166 out$p_BH <− p . ad jus t ( out$pval , method="BH" )
167 q <− qvalue ( out$pval ) ; out$qval <− as .numeric (q$qva lues )
168
169 #####################################################################################
170 cat ( "\n∗∗∗ Some Summary S t a t i s t i c s . . . " , "\n" )
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171 cat ( "Min p−value : " ,min( out$pval ) , " Probe : " ,rownames( out ) [which( out$pval==min( out$pval ) )
] , "\n" )

172 cat ( "Min q−value : " ,min( out$qval ) , "\n" )
173 cat ( "MeanSE : " ,mean(as .numeric ( out$SE) , na .rm=TRUE ) , "\n" )
174 cat ( "Number Of S i g n i f i c a n t Hits ( pValue < 1.67E−6) : " , length (which( out$pval < 1 .67E−6) )

, "\n" )
175 cat ( "Number Of S i g n i f i c a n t Hits (pBH < 0 .05 ) : " , length (which( out$p_BH < 0 .05 ) ) , "\n" )
176 cat ( "Number Of S i g n i f i c a n t Hits ( qValue < 0 . 05 ) : " , length (which( out$qval < 0 . 05 ) ) , "\n

" )
177
178 #####################################################################################
179 cat ( "\n∗∗∗ Save Resu l t s . . . " , "\n" )
180 #outName <− paste ( workDir , "SHIP−TREND_" , phenotype , "_" , paste ( covar sL i s tShor t , sep="",

c o l l a p s e =".") , " . txt " , sep="")
181 outName <− paste ( "SHIP−TREND_" , phenotype , "_" , paste ( adjustCov , adjustTech , adjustKl in ,

adjustPC , gxDataType , sep="−" ) , " . txt " , sep="" )
182 cat (paste ( "Writing Resu l t s to f i l e " , outName , sep="" ) , "\n" )
183 write . table ( out , outName , col .names=TRUE, row .names=FALSE, quote=FALSE, sep="\ t " )
184 runTime7 <− Sys . time ( )−begTime1
185 cat ( "The whole Ana lys i s took " , runTime7 , attr ( runTime7 , " un i t s " ) , " . . . \n" , sep=" " )
186
187 # DONE

START_GX-�lter.sh

This Bash shell script loads the R script (GX-filter.R) that can be used for �ltering
of the probes based on a pre-de�ned p-value threshold and for annotation of the probes
based on an in house annotation �le.

1 #! /bin/sh
2 # Args : workDir r e s u l t F i l e pval th
3
4 # base d i r e c t o r y o f r−s h e l l s c r i p t s ( with t r a i l i n g s l a s h )
5 rb inbase="/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/"
6
7 i f [ "$1" = "" ] ;
8 then
9 echo "Path f o r input f i l e r equ i r ed (Working Dir ) ! "
10 exit 0
11 f i
12
13 i f [ "$2" = "" ] ;
14 then
15 echo " R e s u l t f i l e r equ i r ed ! "
16 exit 0
17 f i
18
19 i f [ "$3" = "" ] ;
20 then
21 echo "Name o f Pval column requ i r ed ! "
22 exit 0
23 f i
24
25 i f [ "$4" = "" ] ;
26 then
27 echo "Threshold r equ i r ed ! "
28 exit 0
29 f i
30
31 R −−s l a v e $1 $2 $3 $4 <${ rb inbase }GX− f i l t e r .R
32
33 echo "FINISHED . "

XI



A.1 Scripts Dissertation Claudia Schurmann

GX-�lter.R

This R script can be used to �lter gene expression analysis result �les as created with
GX-analysis.R with respect to their p-value. The output is a �ltered (if speci�ed) and
with gene names annotated result �le.

1 ### F i l t e r i n g o f GX Result f i l e s .
2 ### ( c ) Claudia Schurmann 2013 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 options ( s t r i ng sAsFac to r s = FALSE, d i g i t s =5)
6
7 #####################################################################################
8 workDir = commandArgs( ) [ 3 ] ; # f i r s t argument a f t e r −−no−save or −−s l a v e
9 r e s u l t F i l e = commandArgs( ) [ 4 ] ; # 2nd argument a f t e r −−no−save or −−s l a v e
10 pval = commandArgs( ) [ 5 ] ;
11 th = commandArgs( ) [ 6 ] ;
12
13 #####################################################################################
14 ### debug
15 #workDir <− "/home/schurmann/GX−p r o j e c t s/_t e s t/"
16 #r e s u l t F i l e <− "SHIP−TREND_BMI_none . txt "
17 #pval <− "pval "
18 #th <− 1E−3
19
20 dataDir <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_

f o rAna l y s i s/"
21 annotFileName <− paste ( dataDir , "Annotation_HumanHT−12_v3 . RData" )
22 load ( annotFileName )
23
24 setwd ( workDir )
25
26 dat <− read . table ( r e s u l t F i l e , header=TRUE, as . i s=TRUE, sep="\ t " )
27
28 #####################################################################################
29 # prepare data
30
31 pval <− to lower ( pval )
32 th <− as .numeric ( th )
33
34 colnames ( dat ) <− to lower (colnames ( dat ) ) ; colnames ( annot ) <− to lower (colnames ( annot ) )
35
36 i f ( " array_address_id " %in% colnames ( dat ) ) {
37 type <− " array_address_id "
38 } else i f ( "probe_id " %in% colnames ( dat ) ) {
39 type <− "probe_id "
40 } else {
41 stop ( "Can ' t merge data . P l e se check Probe IDs . " )
42 }
43
44 i f ( ! ( pval %in% colnames ( dat ) ) ) {
45 stop ( "Pval column not found . " )
46 }
47
48 i f ( th > 1 | th <= 0) {
49 stop ( "Pval th r e sho ld must be in ] 0 , 1 ] . " )
50 }
51
52 rownames( dat ) <− dat [ , type ] ; i d s <− rownames( dat )
53 rownames( annot ) <− annot [ , type ] ; annot <− annot [ ids , ]
54
55 #####################################################################################
56 # f i l t e r f o r probes with pval < th
57
58 i f ( th == 1) {
59 cat ( "\n∗∗∗ Annotating r e s u l t s f i l e without f i l t e r i n g . . . \n" )
60 out <− dat
61 } else {
62 cat ( "\n∗∗∗ F i l t e r i n g r e s u l t s f i l e f o r probes with " , pval , "<" , th , " . . . " , "\n" )
63 out <− dat [which( dat [ , pval ] < th ) , ]
64 }
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65
66 out <− merge( out , annot [ , c (1 , 2 , 19 , 20 , 28 , 29 ) ] , by . x=type , by . y=type , a l l . x=TRUE)
67 out <− out [ order ( out [ , pval ] ) , ]
68
69 #####################################################################################
70 cat ( "\n∗∗∗ Save Resu l t s . . . " , "\n" )
71 outName <− paste ( workDir , r e s u l t F i l e , " . TOPlist_" , th , " . txt " , sep="" )
72 cat (paste ( "Writing Resu l t s to f i l e " , outName , sep="" ) , "\n" )
73 write . table ( out , outName , col .names=TRUE, row .names=FALSE, na="" , sep="\ t " , quote=TRUE)
74
75 # DONE

START_GX-Work�ow.sh

This Bash shell script loads the gene expression analysis pipeline (GX-analysis.sh) and
the �ltering script (GX-filter.sh).

1 #! /bin/sh
2 # Args : workDir phenoFi le phenotype adjustCov adjustTech ad jus tKl in adjustPC gxDataType

pval th
3
4 # base d i r e c t o r y o f r−s h e l l s c r i p t s ( with t r a i l i n g s l a s h )
5 rb inbase="/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/"
6
7 i f [ "$1" = "" ] ;
8 then
9 echo "Path f o r input f i l e r equ i r ed (Working Dir ) ! "
10 exit 0
11 f i
12
13 i f [ "$2" = "" ] ;
14 then
15 echo " Pheno f i l e r equ i r ed ! "
16 exit 0
17 f i
18
19 i f [ "$3" = "" ] ;
20 then
21 echo "Phenotype r equ i r ed ! "
22 exit 0
23 f i
24
25 i f [ "$4" = "" ] ;
26 then
27 echo "Determine whether you want to ad jus t f o r Covars :
28 0 => none
29 1a => sex + age
30 1b => sex + age + age^2
31 2a => sex + age + bmi
32 2b => sex + age + age^2 + bmi
33 3 => adjus t f o r covars as de f ined in pheno f i l e "
34 exit 0
35 f i
36
37 i f [ "$5" = "" ] ;
38 then
39 echo "Determine whether you want to ad jus t f o r TechCovars :
40 0 => none
41 1a => RIN + p_amp l i f i c a t i o n + Dt
42 1b => RIN + p_amp l i f i c a t i o n + Dt + Detected . Genes0 . 0 1 .
43 1c => RIN + p_amp l i f i c a t i o n + Dt + SignalToNoiseRat io .
44 2a => RIN + p_chip + Dt
45 2b => RIN + p_chip + Dt + Detected . Genes0 . 0 1 .
46 2c => RIN + p_chip + Dt + SignalToNoiseRat io .
47 3a => Detected . Genes0 .01
48 3b => SignalToNoiseRat io "
49 exit 0
50 f i
51
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52 i f [ "$6" = "" ] ;
53 then
54 echo "Determine whether you want to ad jus t f o r KlinCovars :
55 0 => none
56 1a => NE/LY, MO, EO, BA [%]
57 1b => NE/LY, MO, EO, BA
58 1c => NE, LY, MO, EO, BA [%]
59 1d => NE, LY, MO, EO, BA
60 2a => NE/LY, MO, EO, BA, HCT, PLT [%]
61 2b => NE/LY, MO, EO, BA, HCT, PLT
62 3a => WBC, RBC, NE, LY, MO, EO, BA [%]
63 3b => WBC, RBC, NE, LY, MO, EO, BA
64 4a => WBC, RBC, NE, LY, MO, EO, BA, HCT, PLT [%]
65 4b => WBC, RBC, NE, LY, MO, EO, BA, HCT, PLT
66 5 => WBC, RBC, HCT, PLT
67 6 => WBC, RBC, PLT
68 7a => WBC, RBC, PLT, LY, MO, EO, BA [%]
69 7b => WBC, RBC, PLT, LY, MO, EO, BA
70 8 => WBC, RBC, PLT, HGB, MCV, MPV
71 9 => WBC, RBC, PLT, HGB, MCV, MPV, HCT, MCH, MCHC"
72 exit 0
73 f i
74
75 i f [ "$7" = "" ] ;
76 then
77 echo "Determine whether you want to ad jus t f o r PCs :
78 0 => none
79 1_x => Adjustment f o r the de f ined number o f PCs (x )
80 2_x => Adjustment f o r the de f ined number o f PCs (x ) that do not c o r r e l a t e with

the phenotype
81 3 => 4 GWAS PCs : GT.PC1, GT.PC2, GT.PC3, GT.PC4"
82 exit 0
83 f i
84
85 i f [ "$8" = "" ] ;
86 then
87 echo "GX data format r equ i r ed :
88 1 => Quanti leNormal ized . log2Transformed . ProbesCentered . SamplesZTransformed
89 2 => Quanti leNormal ized . log2Transformed
90 3 => VST. Quanti leNormal ized
91 4 => log2Tansformed . LoessNormalized
92 5 => Quanti leNormal ized . log2Transformed .withKORA
93 6 => Quanti leNormal ized . log2Transformed_AdjustedForTechnicalCovars "
94 exit 0
95 f i
96
97 i f [ "$9" = "" ] ;
98 then
99 echo "Name o f pval colum f o r f i l t e r i n g r equ i r ed ! ( e . g . pval , pBH, . . . ) "
100 exit 0
101 f i
102
103 i f [ "$10" = "" ] ;
104 then
105 echo "Pval t h r e sho l f o r f i l t e r i n g r equ i r ed ! (0 < th <=1)"
106 exit 0
107 f i
108
109 ${ rb inbase }START_GX−ana l y s i s . sh ${1} ${2} ${3} ${4} ${5} ${6} ${7} ${8}
110
111 g x r e s f i l e="SHIP−TREND_${3}_${4}−${5}−${6}−${7}−${8} . txt "
112
113 echo "TopList "
114 ${ rb inbase }START_GX− f i l t e r . sh ${1} ${ g x r e s f i l e } ${9} ${10}
115
116 echo "FINISHED . "
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START_create-START_GX-Work�ow.sh

This Bash shell script loads the create-START_GX-Workflow.R script.

1 #! /bin/sh
2 # Args : workDir ph eno f i l e pheno
3
4 # base d i r e c t o r y o f r−s h e l l s c r i p t s ( with t r a i l i n g s l a s h )
5 rb inbase="/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/"
6
7 i f [ "$1" = "" ] ;
8 then
9 echo "Path f o r input f i l e r equ i r ed (Working Dir ) ! "
10 exit 0
11 f i
12
13 i f [ "$2" = "" ] ;
14 then
15 echo " Pheno f i l e r equ i r ed ! "
16 exit 0
17 f i
18
19 i f [ "$3" = "" ] ;
20 then
21 echo "Phenotype r equ i r ed ! "
22 exit 0
23 f i
24
25 R −−s l a v e $1 $2 $3 <${ rb inbase }create−START_GX−Workflow .R
26
27 echo "FINISHED . "

create-START_GX-Work�ow.R

This R script creates a Bash shell script for a "standard" gene expression analysis, in
other words, a Bash shell script starting the gene expression analysis work�ow with the
following settings: (1) gxDataType = 2 (quantile-normalized and log2-transformed gene
expression data), (2) adjustCov = 1a (adjustment for sex and age), (3) adjustTech = 1a
(adjustment for the technical covariables RIN, ampli�cation batch, and sample storage
time) (4) adjustKlin = 0 (no adjustment for whole-blood cell parameters), and (5) ad-
justPC = 0 (no adjustment for principal components). The �ltered result �le will contain
all probes with an association p-value < 1x10−3.

1 ### Create ' bas ic ' s t a r t s c r i p t f o r GX−Analys i s P ip e l i n e Vers ion 5 .0
2 ### ( c ) Claudia Schurmann 2013 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 workDir = commandArgs( ) [ 3 ] ; # f i r s t argument a f t e r −−no−save or −−s l a v e
6 phenoFi le = commandArgs( ) [ 4 ] ; # 2nd argument a f t e r −−no−save or −−s l a v e
7 pheno = commandArgs( ) [ 5 ] ;
8
9 #####################################################################################
10 ### debug
11 #workDir <− "/home/schurmann/GX−p r o j e c t s/_t e s t/"
12 #phenoFi le <− "pheno/BMI"
13 #pheno <− "BMI"
14
15 #####################################################################################
16 ### bas i c s e t t i n g s
17 adjustCov <− "1a"
18 adjustTech <− "1a"
19 ad jus tKl in <− "0"
20 adjustPC <− "0"
21 gxDataType <− "2"
22 pval <− "pval "
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23 th <− "1E−3"
24
25 gxP ipe l i ne <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/

R/START_GX−Workflow . sh"
26
27 setwd ( workDir )
28
29 sink (paste ( "START_GX−Analys i s_" , pheno , "_ba s i c . sh" , sep="" ) )
30 cat ( "bash" , gxPipe l ine , workDir , phenoFile , pheno , adjustCov , adjustTech , adjustKl in ,

adjustPC , gxDataType , pval , th , "2>&1 | t e e " , paste ( "START_GX−Analys i s_" , pheno , "_
bas i c . l og " , sep="" ) , sep=" " ) ; cat ( "\n" )

31 sink ( )
32
33 # DONE
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A.1.3 Functions and Scripts for eQTL Analysis

functions_eQTL-analysis.R

This R script provides functions that are required for the eQTL-analysis.R pipeline.

1 ### Functions f o r eQTL−Analys i s
2 ### ( c ) Claudia Schurmann 2013 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 calculateLM <− function ( pair , numPCs , rmPCs=NULL, dat ) {
6 pa i r [ 1 ] <− gsub ( " " , "" , pa i r [ 1 ] , f i x e d=TRUE)
7 p <− pa i r [ 1 ]
8 SNP <− pa i r [ 2 ]
9 numPCs <− as .numeric (numPCs)
10 i f ( ! i s .numeric (numPCs) ) {
11 stop ( "The de f i n e number o f PCs to ad jus t f o r i s not numeric or miss ing ! " )
12 }
13
14 i f (numPCs < 0 | numPCs > 991) {
15 stop ( "Def ine the number o f PCs to ad jus t f o r ! (0−991)" )
16 }
17
18 i f (numPCs > 0) {
19 i f ( i s . null (rmPCs) ) {
20 xnam <− paste ( "PC" , 1 :numPCs , sep="" )
21 rmPCs <− "none"
22 } else {
23 rmPCs <− rmPCs [which(rmPCs$SNP==SNP) , ]$PC
24 xnam <− paste ( "PC" , c ( 1 : numPCs) [−rmPCs ] , sep="" )
25 rmPCs <− paste (rmPCs , c o l l a p s e=" , " )
26 }
27 fmla <− (paste ( "dat [ , as . cha rac t e r ( " ,p , " ) ]~" ,SNP, "+" ,paste (xnam , c o l l a p s e= "+" ) , sep="" )

)
28 } else i f (numPCs == 0) {
29 fmla <− (paste ( "dat [ , as . cha rac t e r ( " ,p , " ) ]~" ,SNP, sep="" ) )
30 rmPCs <− "none"
31 }
32
33 erg <− lm(as . formula ( fmla ) , data=dat )
34 o <− c (p ,SNP, coef (summary( erg ) ) [SNP, 1 : 2 ] ,summary( erg )$adj . r . squared , coef (summary( erg ) ) [

SNP, 4 ] , rmPCs)
35 names( o ) <− c ( "Probe" , "SNP" , "beta " , "SE" , "adjR2" , "p" , "removedPCs" )
36 return ( o )
37 }

START_eQTL-analysis.sh

This Bash shell script loads the eQTL analysis pipeline eQTL-analysis.sh.

1 #! /bin/sh
2 # Args : workDir snp . probe . t ab l e gtData gxData gxData . pca gxIdType numPCs cor re la tePCs

outname
3
4 # base d i r e c t o r y o f r−s h e l l s c r i p t s ( with t r a i l i n g s l a s h )
5 rb inbase="/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/"
6
7 i f [ "$1" = "" ] ;
8 then
9 echo "Path f o r input f i l e ( s ) r equ i r ed (Working Dir ) ! "
10 exit 0
11 f i
12
13 i f [ "$2" = "" ] ;
14 then
15 echo "snp . probe . t ab l e r equ i r ed ! ( I f not in working d i r s p e c i f y abso lu t Path ) "
16 exit 0
17 f i
18
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19 i f [ "$3" = "" ] ;
20 then
21 echo "Genotype data r equ i r ed ! ( I f not in working d i r s p e c i f y abso lu t Path ) "
22 exit 0
23 f i
24
25 i f [ "$4" = "" ] ;
26 then
27 echo "Gene expr e s s i on data r equ i r ed ! ( I f not in working d i r s p e c i f y abso lu t Path ) "
28 exit 0
29 f i
30
31 i f [ "$5" = "" ] ;
32 then
33 echo "Gene expr e s s i on data (PCs) r equ i r ed ! ( I f not in working d i r s p e c i f y abso lu t Path ) "
34 exit 0
35 f i
36
37 i f [ "$6" = "" ] ;
38 then
39 echo "Gene expr e s s i on ID type r equ i r ed ! ( in gxData f i l e AND snp . probe . t ab l e ) "
40 exit 0
41 f i
42
43 i f [ "$7" = "" ] ;
44 then
45 echo "Number o f PCs r equ i r ed ! "
46 exit 0
47 f i
48
49 i f [ "$8" = "" ] ;
50 then
51 echo "Do you want to check f o r SNPs c o r r e l a t i n g with PCs and remove those f o r eQTL

ana l y s i s ? ( yes/no ) "
52 exit 0
53 f i
54
55 i f [ "$9" = "" ] ;
56 then
57 echo "Output name requ i r ed ! ( I f not in working d i r s p e c i f y abso lu t Path ) "
58 exit 0
59 f i
60
61 R −−s l a v e $1 $2 $3 $4 $5 $6 $7 $8 $9 <${ rb inbase }eQTL−ana l y s i s .R

eQTL-analysis.R

This R script can be used to perform eQTL analyses. For this purpose, the following
information have to be provided: (1) name of the working directory, (2) a table specifying
the SNP-probe combinations needed to be tested, (3) the genotype data �le, (4) the gene
expression data �le, (5) the �le containing the PCs from the PCA based on the respective
gene expression data set, (6) the names of the identi�er of the gene expression data set,
(7) the number of PCs that should be taken into account for adjustment, (8) specify if
you want to check for correlation of the PCs with the SNPs to subsequently remove those
PCs from the adjustment model, and (9) the name of the result �le.

1 ### eQTL−Analys i s P ip e l i n e Vers ion 2 .0
2 ### ( c ) Claudia Schurmann 2013 c l aud i a . schurmann@uni−g r e i f swa l d . de
3 #####################################################################################
4
5 source ( "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/R/

f un c t i on s_eQTL−ana l y s i s .R" )
6
7 workDir = commandArgs( ) [ 3 ] ; # f i r s t argument a f t e r −−no−save or −−s l a v e
8 snp . probe . table = commandArgs( ) [ 4 ] ; # 2nd argument a f t e r −−no−save or −−s l a v e
9 gtData = commandArgs( ) [ 5 ] ; # . . .

XVIII



Dissertation Claudia Schurmann A.1 Scripts

10 gxData = commandArgs( ) [ 6 ] ;
11 gxData . pca = commandArgs( ) [ 7 ] ;
12 gxIdType = commandArgs( ) [ 8 ] ;
13 numPCs = commandArgs( ) [ 9 ] ;
14 cor re la tePCs = commandArgs( ) [ 1 0 ] ;
15 outname = commandArgs( ) [ 1 1 ] ;
16
17 ###### debug
18 #rm( l i s t=l s ( ) )
19
20 ###### Working Di rec to ry
21
22 #workDir <− "/home/schurmann/daten/SHIP−Trend/eQTL−ana l y s i s/Test/"
23
24 ###### SNP−Probe Table :
25 ### +++ −> one comparison per column
26 ### +++ −> tab−separated
27 ### +++ −> header must in c lude "SNP" f o r the SNP column and the probe ID used ,
28
29 #snp . probe . t ab l e <− " rs10028213−NR3C2−Table . txt "
30
31 ###### genotype data :
32 ### +++ −> 1 s t column with sample ID ,
33 ### +++ −> 2nd , 3 rd e tc with SNPs
34 ### +++ −> One sample per row , one SNP per column
35 ### +++ −> SNPs in Dosage Format
36 ### +++ −> comma−separated
37
38 #gtData <− "SHIP−T_rs10028213 . txt . out_Geno . csv "
39
40 ###### gene exp r e s s i on data
41 ### +++ −> load data as RData f i l e ,
42 ### +++ −> R ob j e c t i s c a l l e d "gx"
43 ### +++ −> colnames are sample names
44 ### +++ −> rownames are probe IDs
45
46 #gxData <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s/

SHIP−TREND_GX_Quanti leNormal ized . log2Transformed . RData"
47
48 ###### Eigenvector s o f PCA
49 ### +++ −> load data as RData f i l e ,
50 ### +++ −> R ob j e c t i s c a l l e d "pc"
51 ### +++ −> colnames are PCs ( c a l l e s PC1, PC2, . . . )
52 ### +++ −> rownames are sample names
53
54 #gxData . pca <− "/daten/gt/use r s/schurmann/SHIP−Trend/GX/daten/ExpressionData/_f o rAna l y s i s

/SHIP−TREND_GX_Quanti leNormal ized . log2Transformed_PCs . RData"
55
56 ###### Name o f gene exp r e s s i on data i d e n t i f i e r
57 ### +++ −> e . g . Array Address ID , ILMN probe ID , . . .
58 ### +++ −> Must be used in SNP−Probe−Table and Gene expr e s s i on data tab l e
59
60 #gxIdType <− "Array_Address_Id "
61
62 ###### Number o f PCs to ad jus t f o r
63
64 #numPCs <− 50
65
66 ###### opt i ona l : Check Cor r e l a t i on o f PCs with SNPs
67 ### +++ −> number o f PCs ∗ number o f SNPs = Number o f comparisons
68 ### +++ −> . . . can l a s t some time
69
70 #corre la tePCs <− " yes "
71
72 ###### Outname
73
74 #outname <− "myOutname"
75
76 #####################################################################################
77 cat ( "\n∗∗∗ Reading Data F i l e s . . . " , "\n" )
78 setwd ( workDir )
79 begTime <− Sys . time ( ) ; overal lBegTime <− begTime
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80 snp . probe . table <− read . table ( snp . probe . table , sep="\ t " , header=TRUE, as . i s=TRUE)
81 gt <− read . table ( gtData , header=TRUE, sep=" , " , as . i s=TRUE)
82 load ( gxData )
83 load ( gxData . pca )
84 runTime <− Sys . time ( )−begTime
85 cat ( "∗∗∗ Reading Data F i l e took" , runTime , attr ( runTime , " un i t s " ) , " . . . \n" , sep=" " )
86
87 #####################################################################################
88 cat ( "\n∗∗∗ Checking Data F i l e s . . . " , "\n" )
89
90 i f (dim( snp . probe . table ) [2 ] >1) {
91 cat ( "∗∗∗ Trying to t e s t " ,dim( snp . probe . table ) [ 1 ] , " SNP−Probe−Pai r s . . . \n" )
92 } else { # dauert v i e l zu lange −> bes s e r "GX−ana l y s i s .R" s c r i p t nutzen
93 cat ( "∗∗∗ SNP−probe tab l e conta ined only one column . . . Assuming SNPs . . . running

a s s i c i a t i o n f o r a l l Probes ! \n" )
94 tmp <− as . data . frame (cbind ( rep (rownames( gx ) ,dim( snp . probe . table ) [ 1 ] ) , rep ( unique ( snp .

probe . table [ , 1 ] ) , each=dim( gx ) [ 1 ] ) ) )
95 colnames (tmp) <− c ( gxIdType , "SNP" )
96 snp . probe . table <− tmp ; rm( "tmp" )
97 cat ( " ! ! ! NOW Trying to t e s t " ,dim( snp . probe . table ) [ 1 ] , " SNP−Probe−Pai r s . . . \n" )
98 }
99
100 #####################################################################################
101 s n p l i s t <− unique ( snp . probe . table [ , "SNP" ] ) ; numSNPs <− length ( s n p l i s t )
102 p r o b e l i s t <− unique ( snp . probe . table [ , gxIdType ] ) ; numProbes <− length ( p r o b e l i s t )
103 cat ( "\ t " , numSNPs , " unique SNPs and " , numProbes , " unique probes . . . \n\n" )
104
105 #####################################################################################
106 cat ( "∗∗∗ GT data : Assuming that sample IDs are in 1 s t column . . . \n" )
107 colnamesGT <− colnames ( gt ) [ 2 : ncol ( gt ) ] ; rownamesGT <− gt [ , 1 ] ; gt <− as . data . frame ( gt

[ , −1 ] ) ; colnames ( gt ) <− colnamesGT ; rownames( gt ) <− rownamesGT ; gtSampleIDs <−
rownames( gt )

108 cat ( "\ t Found GT data f o r " ,dim( gt ) [ 1 ] , " samples and " ,dim( gt ) [ 2 ] , "SNPs \n" )
109
110 checkMAF <− unlist (apply ( gt , 2 , function ( x ) { min <− min(x , na .rm=TRUE) ; max <− max(x , na .

rm=TRUE) ; vg l <− min==max; return ( vg l ) }) )
111 checkMAFrmPos <− NULL
112 for ( i in 1 : length (checkMAF) ) {
113 i f (checkMAF [ i ] ) {
114 cat ( " ! ! ! WARNING: SNP " , colnames ( gt ) [ i ] , " w i l l be excluded from fu r t h e r an a l y s i s (

MAF = 0) " , sep="" ) ; cat ( "\n" )
115 checkMAFrmPos <− c (checkMAFrmPos , i )
116 }
117 }
118 i f ( length ( checkMAFrmPos) > 0 ) { gt <− gt [ ,−checkMAFrmPos ] }
119
120 wSNPs <− sort ( intersect ( s np l i s t , colnames ( gt ) ) )
121 numSNPs <− length (wSNPs)
122 cat ( "\ t " , numSNPs , " SNPs can be analyzed . . . \n\n" )
123
124 #####################################################################################
125 cat ( "∗∗∗ GX data : Assuming that sample IDs are colnames and probe IDs are rownames . . . \

n" )
126 gx <− t ( gx ) ; gxSampleIDs <− rownames( gx )
127 cat ( "\ t Found GX data f o r " ,dim( gx ) [ 1 ] , " samples and " ,dim( gx ) [ 2 ] , "Probes \n" )
128 wProbes <− sort ( intersect ( p r ob e l i s t , colnames ( gx ) ) )
129 numProbes <− length ( wProbes )
130 cat ( "\ t " , numProbes , " Probes can be analyzed . . . \n\n" )
131
132 #####################################################################################
133 cat ( "∗∗∗ PC data : Assuming that sample IDs are rownames and PCs are colnames . . . \n" )
134 pcSampleIDs <− rownames( gx )
135 cat ( "\ t Found PC data f o r " ,dim( pc ) [ 1 ] , " samples and " ,dim( pc ) [ 2 ] , "PCs \n\n" )
136
137 wSampleIds <− sort ( intersect ( gtSampleIDs , c ( gxSampleIDs , pcSampleIDs ) ) )
138 cat ( "∗∗∗ Found GT, GX and PC data f o r a t o t a l o f " , length ( wSampleIds ) , " samples \n" )
139
140 #####################################################################################
141 gx <− gx [ wSampleIds , wProbes ]
142 gt <− gt [ wSampleIds , wSNPs ] # problem , wenn nur e in SNP! ! !
143 pc <− pc [ wSampleIds , 1 :numPCs ]
144
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145 snp . probe . table <− snp . probe . table [which( snp . probe . table$SNP %in% wSNPs) , ]
146 snp . probe . table <− snp . probe . table [which( snp . probe . table [ , gxIdType ] %in% wProbes ) , ]
147
148 # check
149 a l l (rownames( gx )==rownames( gt ) )
150 a l l (rownames( gx )==rownames( pc ) )
151 data <− cbind ( gx , gt , pc )
152
153 #####################################################################################
154 numComparison<−dim( snp . probe . table ) [ 1 ]
155
156 cat ( "\n∗∗∗ Running Assoc i a t i on ana l y s i s with Adjustemnt f o r " ,numPCs , " PCs f o r " ,

numComparison , " SNP−Probe−Pai r s . . . " , "\n" )
157 cat ( "∗∗∗ Estimated Runtime = " , round ( ( ( 4 . 0 0E−06∗numComparison ) +0.0139)∗numComparison/60 ,

4) , " [ min ] ( based on adjustment f o r 50PCs) \n\n" )
158 cat ( "∗∗∗ Star t to ana lyse Data . . . " , "\n" )
159 begTime <− Sys . time ( )
160 r e s u l t s <− t (apply ( snp . probe . table [ , c ( gxIdType , "SNP" ) ] , 1 , calculateLM , numPCs=numPCs , dat

=data ) )
161 outName <− paste ( outname , "_" ,numPCs , "PCs" , "_noPCsRemoved . txt " , sep="" )
162 cat ( "∗∗∗ Writing Resu l t s to f i l e " , outName , "\n" )
163 write . table ( r e s u l t s , outName , col .names=TRUE, row .names=FALSE, quote=FALSE, sep="\ t " )
164 runTime <− Sys . time ( )−begTime
165 cat ( "∗∗∗ Analys i s took " , runTime , attr ( runTime , " un i t s " ) , " . . . \n" , sep=" " )
166
167 i f ( cor re la tePCs == "yes " ) {
168 cat ( "∗∗∗ Spearman Cor r e l a t i on o f SNPs and PCs . . . " , "\n" )
169 cat ( "∗∗∗ Cor r e l a t i ng " , numSNPs , "SNPs with " , numPCs , "PCs\n" )
170 th <− 1E−12
171 cat ( "∗∗∗ Thresold s e t to " , th , " \n" )
172 begTime <− Sys . time ( )
173 corOutName <− paste ( outname , "_" ,numPCs , "PCs" , "_CorrelationOfSNPsWithPCs . txt " , sep="" )
174 sink ( corOutName )
175 pmin <− 1
176 cat ( "SNP\tPC\ t r_spearman\tp_spearman\ t r_pearson \n" )
177 for ( i in 1 :numSNPs) {
178 for ( j in 1 :numPCs) {
179 p <− cor . t e s t ( gt [ , i ] , pc [ , j ] ) $p . va lue
180 pmin <− min(pmin , p )
181 cat (colnames ( gt ) [ i ] , "\ t " , j , "\ t " , cor ( gt [ , i ] , pc [ , j ] , use = " pa i rw i s e . complete . obs" ,

method="spearman" ) , "\ t " ,p , "\ t " , cor ( gt [ , i ] , pc [ , j ] , use = " pa i rw i s e . complete . obs"
, method="pearson " ) , "\n" )

182 }
183 }
184 sink ( )
185
186 ### check
187 tmp <− read . table ( corOutName , header=T, sep="\ t " , as . i s=TRUE)
188 tmp$SNP <− gsub ( " " , "" , tmp$SNP)
189 corPlotName <− paste ( outname , "_" ,numPCs , "PCs" , "_CorrelationOfSNPsWithPCs . png" , sep="" )
190 png ( corPlotName , width = 480 , he ight = 480 , un i t s = "px" , p o i n t s i z e = 12)
191 plot(−log10 (tmp$p_spearman ) )
192 dev . of f ( )
193 tmp <− tmp [which(tmp$p_spearman < th ) , ]
194
195 corOutNameSigSNPs <− paste ( outname , "_" ,numPCs , "PCs" , "_CorrelationOfSNPsWithPCs−SigSNPs .

txt " , sep="" )
196 write . table (tmp , corOutNameSigSNPs , col .names=T, row .names=F, sep="\ t " , quote=FALSE)
197
198 cat ( "∗∗∗ Found " , length (unique (tmp$SNP) ) , " SNPs c o r r e l a t i n g with at l e a s t one PC (P <

1E−12) . . . \n" )
199 runTime <− Sys . time ( )−begTime
200 cat ( "∗∗∗ Cor r e l a t i on Ana lys i s took " , runTime , attr ( runTime , " un i t s " ) , " . . . \n" , sep=" " )
201
202 corSNPs <− unique (tmp$SNP)
203 i f ( length ( corSNPs )>0) {
204 new . snp . probe . table <− snp . probe . table [which( snp . probe . table$SNP %in% corSNPs ) , ]
205 numComparison<−dim(new . snp . probe . table ) [ 1 ]
206
207 cat ( "\n∗∗∗ Rerunning Assoc i a t i on ana l y s i s f o r " , length (unique (tmp$SNP) ) , " SNPs ,

because they c o r r e l a t e with PCs . . . \n" )
208 cat ( "∗∗∗ Analysing " , numComparison , " SNP−Probe−Pai r s . . . \n" )
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209 cat ( "∗∗∗ Star t to ana lyse Data . . . " , "\n" )
210
211 begTime <− Sys . time ( )
212 re su l t sV2 <− t (apply (new . snp . probe . table [ , c ( gxIdType , "SNP" ) ] , 1 , calculateLM , numPCs=

numPCs , dat=data , rmPCs=tmp) )
213 outNameV2 <− paste ( outname , "_" ,numPCs , "PCs" , "_corPCsRemoved . txt " , sep="" )
214 cat ( "∗∗∗ Writing r e s u l t s to f i l e " ,outNameV2 , "\n" )
215 write . table ( resu l t sV2 , outNameV2 , col .names=TRUE, row .names=FALSE, quote=FALSE, sep="

\ t " )
216 runTime <− Sys . time ( )−begTime
217 cat ( "∗∗∗ Analys i s took " , runTime , attr ( runTime , " un i t s " ) , " . . . \n" , sep=" " )
218 } else {
219 cat ( "∗∗∗ Not rerunning Assoc i a t i on ana ly s i s , because the SNPs are not c o r r e l a t e d with

PCs . . . " , "\n" )
220 }
221
222 }
223
224 runTime <− Sys . time ( )−overal lBegTime
225 cat ( "∗∗∗ The o v e r a l l Ana lys i s took " , runTime , attr ( runTime , " un i t s " ) , " . . . \n" , sep=" " )
226
227 # DONE
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