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Research

Genetic control of gene expression in whole blood
and lymphoblastoid cell lines is largely independent
Joseph E. Powell,1,4 Anjali K. Henders,1 Allan F. McRae,1 Margaret J. Wright,1

Nicholas G. Martin,1 Emmanouil T. Dermitzakis,2 Grant W. Montgomery,1,3

and Peter M. Visscher1,3

1Queensland Institute of Medical Research, Herston, Brisbane QLD 4006, Australia; 2Department of Genetic Medicine

and Development, University of Geneva Medical School, Geneva 1211, Switzerland

The degree to which the level of genetic variation for gene expression is shared across multiple tissues has important
implications for research investigating the role of expression on the etiology of complex human traits and diseases. In the
last few years, several studies have been published reporting the extent of overlap in expression quantitative trait loci
(eQTL) identified in multiple tissues or cell types. Although these studies provide important information on the regu-
latory control of genes across tissues, their limited power means that they can typically only explain a small proportion of
genetic variation for gene expression. Here, using expression data from monozygotic twins (MZ), we investigate the
genetic control of gene expression in lymphoblastoid cell lines (LCL) and whole blood (WB). We estimate the genetic
correlation that represents the combined effects of all causal loci across the whole genome and is a measure of the level of
common genetic control of gene expression between the two RNA sources. Our results show that, when averaged across
the genome, mean levels of genetic correlation for gene expression in LCL and WB samples are close to zero. We support
our results with evidence from gene expression in an independent sample of LCL, T-cells, and fibroblasts. In addition, we
provide evidence that housekeeping genes, which maintain basic cellular functions, are more likely to have high genetic
correlations between the RNA sources than non-housekeeping genes, implying a relationship between the transcript
function and the degree to which a gene has tissue-specific genetic regulatory control.

[Supplemental material is available for this article.]

Analyzing transcript abundance as a quantitative trait is a powerful

tool used in understanding the contribution of gene expression to

the etiology of many diseases (Chen et al. 2008; Emilsson et al.

2008; Cookson et al. 2009). Transcript expression levels act as an

intermediate phenotype between DNA sequence variation and

complex, observable phenotypes and are known to be attributable

to both genetic andnon-genetic factors (Monks et al. 2004;Williams

et al. 2007; Cheung and Spielman 2009; Idaghdour et al. 2010).

Variation influencing gene expression can manifest itself as gene

expression differences between populations (Spielman et al. 2007;

Storey et al. 2007; Idaghdour et al. 2010), between individuals in

a population (Cheung et al. 2005; Storey et al. 2007), and in response

to environmental factors, such as drug exposure (Choy et al. 2008).

The genetic basis of individual and population gene expression

variationhas traditionally been investigated bymeasuring transcript

abundance in a single tissue (or cell type) and the identification of

quantitative trait loci correlated with gene expression variation in

a single or multiple populations (Hubner et al. 2005; Dixon et al.

2007; Goring et al. 2007; Spielman et al. 2007; Stranger et al. 2007;

Dimas et al. 2009; Idaghdour et al. 2010; Zeller et al. 2010).

The complexity in higher eukaryotes results in a vast range of

highly specialized cell types and tissues. From a series of studies, we

are beginning to understand that although some genes exhibit

ubiquitous patterns of expression, others act in a highly tissue- or

cell type–specificmanner (Saito-Hisaminato et al. 2002; Yanai et al.

2005; Heinzen et al. 2008; Kwan et al. 2009; Jacox et al. 2010).Most

attempts to use data from multiple tissues have first mapped ex-

pression QTL (eQTL) from individual tissues and then compared

results among them (Petretto et al. 2006; Emilsson et al. 2008;

Bullaughey et al. 2009; Dimas et al. 2009; Ding et al. 2010; Nica

et al. 2011). For example, tissue specificity of eQTLs in T-cells,

LCLs, and fibroblasts was determined by first mapping for eQTL

against expression levels from each tissue independently, and,

secondly, calculating the proportion of eQTL there were either

unique to a tissue or observed in multiple tissues (Dimas et al.

2009). Dimas et al. (2009) reported that ;70%–80% of the iden-

tified regulatory variants operate in a cell type–specific manner;

however, such studies suffer in their ability to detect only eQTL

with effects above a certain size as a consequence of sample size,

meaning that the true degree of common regulatory variation

between tissues is unknown.

Among recent work on regulatory control is interest in the

location of eQTLwith respect to the position of the transcript, with

cis and trans used to describe near- and distant-acting regulatory

variation, respectively. The exact definition of cis- and trans-acting

varies considerably between studies, and so, for the sake of brevity,

here we use the definition of cis-acting as ‘‘on the same chromo-

some’’ and trans-acting as ‘‘a different chromosome to the transcript

location,’’ unless specified otherwise. It is currently unclear to what

extent eQTL common between cell types and tissues operate in

cis- compared with trans-, as low power to detect trans-eQTLmakes

comparisons difficult (Gilad et al. 2008; Ding et al. 2010). Recently,

several studies mapping cis and trans eQTL have suggested that

considerable proportions of regulatory variation act in trans (Price
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et al. 2008, 2011; Cheung et al. 2010; Montgomery et al. 2010;

Pickrell et al. 2010). This should lead us to reexamine the in-

ferences drawn from comparing cis-eQTL overlap in multiple tis-

sues. Using an identity-by-descent (IBD) method to partition reg-

ulatory variation acting on either cis- or trans-chromosomes

showed that on average only 37% of causal loci affecting regu-

latory variation for expression in blood and 24% in adipose tissue

occurred on the cis-chromosome (Price et al. 2011). Furthermore,

an estimate of common genetic control of gene expression be-

tween these two tissues revealed an average of 0.03 6 0.006 for

the 18,735 transcripts investigated, which, when partitioned into

cis- and trans-chromosomes, corresponded to 0.031 6 0.001 and

�0.001 6 0.006, respectively. Although this suggests that com-

mon genetic control acts predominantly on cis-chromosomes,

mean estimates are very close to zero, implying that, on average,

genes share little common regulatory variation between blood

and adipose tissues.

A broader and unbiased quantification of the genetic control

of expression variability between different tissues and cell types

would be helpful for several reasons. First, for the majority of

transcripts, a comparison of eQTL can only provide limited infor-

mation on the relationship of genetic control between tissues and

cell types. eQTL studies, limited by power and multiple testing

corrections, do not detect variants that explain a small proportion

of phenotypic variation, and the eQTL that are detected cumu-

latively explain typically a relatively small proportion of the

heritability in gene expression (Cheung and Spielman 2009).

Second, although the role of gene expression in diseases is not fully

understood, the etiology of almost all complex diseases is likely to

involve multiple cell types and tissues. Therefore, studying expres-

sion variability might shed light on the complexity of expression

and gene pathways involved in mediating disease susceptibility.

Considering that studies investigating gene expression patterns on

disease profiles are often hindered by the limited availability of the

relevant human tissues, instead relying on inferences drawn from

analysis of available tissues or cell types, understanding the genetic

control of gene expression across tissues and cell types is of upmost

importance.

In a genetically informative design, narrow or broad sense

heritability for gene expression can be estimated using the concept

of IBD (Visscher et al. 2008). These estimates of heritability refer to

the combined effects of all causal variants that segregate in the

population. Similarly, the genetic correlation between gene ex-

pression levels in different tissues can be estimated. These esti-

mates quantify the combined effects of all causal variants on the

genetic covariance and are a direct measure of a genotype by tissue

interaction. A large and positive genetic correlation implies that

genetic variants that affect expression in one tissue also tend to

affect gene expression in another tissue, in the same direction. A

negative genetic correlation implies that, on average, the same

variants affect both tissues but in opposite directions. A genetic

correlation close to zero implies that the genetic control of gene

expression in one tissue is independent of that in another tissue,

when averaged over the genome. None of these cases (positive,

negative, zero correlation) preclude the existence of eQTLs com-

mon to multiple tissues, because the correlations summarize the

effects of causal loci across the entire genome. For example, a gene

can have a genetic correlation of zero across tissues but still have

one or more eQTL common to two tissues because the correlation

represents the averaged effects of all causal loci, regardless of their

ability to be detected by a genome scan. However, knowledge of

genetic correlations is useful because it predicts the likelihood

of detecting variant-expression associations across tissues and,

by implication, the success of experimental designs that aim to

detect eQTLs in one tissue (say, blood) to draw inference about

disease association with another tissue (e.g., brain). This provides

an alternative view to that offered by comparison of eQTL re-

sults, which normally represent small proportions of genetic var-

iance and are limited by statistical power.

In this study, the global genetic control of expression levels

for 9555 genes was examined from two samples of RNA sources,

collected on pairs of monozygotic (MZ) twins. From each indi-

vidual, gene expression profiles were generated from whole blood

(WB), collected using the PAXgene tube system, and lymphobla-

stoid cell lines (LCL). Using expression data collected from MZ

twins is a powerfulmeans of estimating the genetic contribution of

expression variation. In particular, the observed phenotypic co-

variance in gene expression in LCLs andWBs betweenMZ twins can

be partitioned into variation due to within-person environmental

effects and between-person genetic effects.

Results

Data pre-processing and normalization

The entire experimental design is summarized in Figure 1. Gene

expression levels were generated for LCL and WB samples from

each of 50 and 47 MZ twin pairs, respectively, measured using the

IlluminaHumanHT-12 v3.0whole genome chip. Therewere a total

of 47 pairs of twins for which gene expression was profiled from

each of the two RNA sources. Of the 37,857 genes whose expres-

sion levels were measured on the chip, only genes significantly

expressed in at least 50% of samples were carried forward, leaving

a total of 9555 genes for analysis of the genetic control of ex-

pression. Analyzing the number of genes significantly expressed

in each sample showed that no single sample or group of samples

caused a marked decrease in the number of genes significantly

expressed across all samples (Supplemental Fig. 1). Normalization

of data across chips and genes demonstrated that the vast majority

(98%) of the variance in the transformed expression levels was due

to differences in average expression levels across genes. As

expected, the across-chip expression variancewas negligible due to

scaling performed during the data pre-processing stages (see

Methods).

Expression variability across tissues

As a first step, we examined whether the 9555 genes had similar

levels of within-sample variability. For each gene, we quantified the

within-sample expression variability by calculating its coefficient of

variation cv, which is the ratio of the standard deviation of sample

expression level to the mean value (Kaern et al. 2005; Raser and

O’Shea 2005). The standard deviation and mean expression levels

were calculated from the mean of the normalized expression values

of MZ twin pairs. Although other metrics are available to quantify

expression variability, cv is known to be one of the most robust and

unbiased measures (Kaern et al. 2005). Between LCL and WB sam-

ples, many genes exhibit divergent within-sample variability,

with the LCL cv correlated with that in WB (r 2 = 0.64) (Fig. 2).

Although subject to sampling noise, this modest correlation of

within-sample expression variability suggests that either different

levels of constraint affect expression variability in both samples for

most genes, or the cis- or trans-regulatory mechanisms of these

genes are different.
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Effect of sex

The sex ofMZ pairs was included as a covariate in themixedmodel

estimating the effect of genotype on expression levels (Eq. 2), al-

though we first conducted analyses to test the significance of the

effect of sex on gene expression levels from LCL and WB samples.

Distributions of test statistics for difference in mean expression

levels between male and female MZ twin pairs are given in Sup-

plemental Figure 2. These are calculated such that a positive test

statistic represents an increased level of expression in females

compared with males. Comparison of test statistics for differential

expression between sexes obtained from LCL and WB samples is

shown in Figure 3. The low correlation between test statistics for

the effect of sex in LCL andWB samples suggests that either the

majority of genes have little common effect of sex between LCL

and PCBM samples or the effect of sex has a different direction of

effect between samples.

Correlations between MZ twins within and across RNA sources

The series of normalization steps made expression phenotypes

comparable across individuals and across transcripts, resulting in

normally distributed expression phenotypes. Between-pair phe-

notypic correlations (rLCL and rWB) of transcript abundance in LCL

and WB samples were calculated for each of the 9555 genes. His-

tograms of the phenotypic correlation coefficients are shown in

Figure 4, A and B. Mean correlation coefficients for transcript

abundance between MZ pairs are 0.44 and 0.34 for LCL and WB

samples, respectively. Lower mean correlation coefficients of WB

over LCL samples may, in part, be due to WB containing a variety

of cell types, including lymphocytes, monocytes, and macro-

phages, compared with the single cell type of LCL. The exact effect

of the cellular heterogeneity of WB on expression variability is not

fully understood because each of the contributing cell types will

express a unique gene expression signature relating to its function

and possibly be influenced by the relative proportions of cell types

(Whitney et al. 2003; Min et al. 2010). Given differences in the

cellular heterogeneity between WB and LCL, we tested the effects

of blood components and cell type counts on expression vari-

ability and show that all covariates tested had negligible effects on

phenotypic correlations and estimates of heritability in both LCL

and WB samples (Supplemental Fig. 3). A total of 14 blood bio-

chemical traits and cell counts (listed in Supplemental Fig. 3) were

investigated for their effect on expression levels. Although all of

these had an insignificant effect on expression, we cannot rule out

the possibility that an unknown covariate has an effect on gene

expression in either one or both samples. The distribution of cor-

relation coefficients of gene expression levels from LCL samples in

oneMZ twin andWB samples in the co-twin (rbetween) has amean of

0 and a standard deviation of 0.15 (Fig. 4C). In the absence of

environmental factors that are shared between twins, these pheno-

typic correlations between LCL andWBsamples, calculatedbetween

MZ pairs, reflect genetic covariance. Correlation coefficients calcu-

lated between expression levels of LCL and WB samples from the

same individuals (rwithin), which reflect both a within-person genetic

andenvironmental covariance, are close to those calculatedbetween

MZ pairs (rbetween) (Supplemental Fig. 4), consistent with the absence

Figure 1. Diagramof study design. Gene expression levels were collected
from two RNA sources, LCL and WB, from both twins within an MZ pair.
From this study design, we can calculate the following correlations: rLCL and
rWB (dotted arrows) are the phenotypic correlations between MZ twins
within RNA sources; rbetween (dashed arrows) is the phenotypic correlation
between transcript abundance in LCL from a sample of one of an MZ twin
pair and the transcript abundance in WB from the sample of the co-twin.
Under the assumption that there are no shared environmental effects be-
tween twins, this correlation is a function of genetic effects only: rbetween =
rGHWBHLCL , rwithin (solid arrows) is the phenotypic correlation of a RNA
source within a sample. As the covariance of WB and LCL transcript
abundance in a sample can be due to shared genetic and/or shared envi-

ronmental effects, rwithin = rGHWBHLCL + rE

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�H2

WB

� �
1�H2

LCL

� �q
, where rE

is the within sample correlation of environmental effects calculated

as rE = rwithin�rbetweenð Þ
. ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1�H2
WB

� �
1�H2

LCL

� �q
. These correlations are

shown in Figure 4A–C and supportingmaterial, respectively. This genetically
informative studydesignprovides a framework for estimatinggene expression

heritabilityðbH2Þ (dotted arrows) for each tissue, as well as genetic correlation
r̂Gð Þ (dashed arrows) of a gene’s expression between the two RNA sources,
by partitioning variance into within and between MZ components.

Figure 2. Correlation of expression variability for 9555 genes between
the LCL and WB samples. The coefficient of variation (cv) was calculated
from the mean normalized gene expression values of MZ pairs. Each data
point represents one gene. Regression coefficient = 0.96 with SE = 0.005
and correlation coefficient = 0.64.
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of shared environmental factors. For details of the definitions of the

correlations, see Figure 1.

Estimates of heritability

Figure 4, A and B, showed a strong phenotypic correlation in gene

expression between members of an MZ pair, implying underlying

genetic factors. The variance in transcript abundance levels for each

of the 9555 genes in both LCL and WB samples was partitioned

using a linear mixed model and a least-squares analysis. Out of the

9555 genes analyzed, 377 (3.9%) and 401 (4.2%) provided a nega-

tive estimate for the genetic variance in transcript abundance inLCL

and WB samples, respectively (Fig. 5). The observed distributions

show considerably lower proportions of negative estimates than the

50% expected under the null hypothesis of no effect of genetic

factors for all transcripts. The distribution of bH2 above zero is close

to a symmetrical decay around the mode of the distribution. MeanbH2 is 0.38 for LCL and 0.32 forWB samples. The variance of gene bH2

is 0.043 for LCL and 0.034 for WB samples, both considerably

greater than the expected sampling variance of 0.007 (predicted at

H2 = 0.39 for all genes) and 0.009 (predicted at H2 = 0.32 for all

genes) for LCL and WB, respectively (Eq. 4). The greater observed

variance implies that there are real differences in heritability of gene

expression across these genes.

The heritability estimates calculated here are from the co-

variance between monozygotic twins and may include both ad-

ditive and non-additive genetic components, as well as shared

environmental effects. Thus, they represent broad estimates and

will be biased upward compared with narrow-sense heritability,

which is attributable to variation in additive genetic factors (Visscher

et al. 2008). However, similarities between heritabilities estimated

using MZ correlations and those estimated using pedigree data

(McRae et al. 2007), and clear evidence for additive genetic variation

from eQTL studies (Monks et al. 2004; Goring et al. 2007; Zeller et al.

2010), lead us to make the assumption that our estimates of bH2

reflect mostly genetic variation. In addition, theory and data on

complex traits are consistent with most genetic variation being

additive (Hill et al. 2008), so MZ correlations may be a reasonable

estimate of narrow sense heritability.

Power to detect low heritability means that many genes will

not have estimates of bH2 that are significant. Indeed, when a false

discovery rate of 0.05 was used, 6184 genes inWB and 7039 in LCL

were detected as heritable (Supplemental Fig. 5). Of the significantly

heritable genes, the mean bH2 is 0.48 for LCL and 0.43 for WB

samples. A total of 4721 genes are significantly heritable in both

WB and LCL samples.

Estimates of genetic correlations

For the 4721 genes with estimates of significant bH2 in both LCL

and WB samples, we computed estimates of the genetic correla-

tions (r̂G) by dividing the estimates of genetic covariance by the

product of the square root of the genetic standard deviations (Eq.

3). A histogram of r̂G is given in Figure 6. The distribution has

a mean r̂G of �0.031 and a variance of 0.1 and shows a normal

decline around the mean. The expected sampling variance of r̂G,

calculated assuming H2=bH2 for both traits, is 0.039, noticeably

smaller than the observed empirical variance. The empirical dis-

tribution of r̂G shows that there is considerable real variation in the

genetic correlation of expression levels across genes, over and

above sampling variation. As the average correlation is close to

zero, the extent of common genetic control is observed in both

positive and negative directions. Overall, the results show that a

small number of genes have either highly positive or negative

levels of common genetic control for gene expression levels be-

tween WB and LCL. For these genes, the high genetic correlations

imply that the same causal variants affect expression in both tis-

sues, although when the correlation is negative, the direction of

the affect is reversed between tissues. Our results also show that for

the majority of genes, the genetic correlation is close to zero; al-

though this does not exclude common eQTL, it suggests that across

the genome, on average, the effects of genetic variants on gene ex-

pression in the two tissues are uncorrelated.

The r̂G distribution shown in Figure 6 is restricted to those

genes that have significant heritability estimates in both WB and

LCL samples. Despite results showing a mean r̂G close to zero, a

large number of genes have strong positive and negative estimates

of genetic correlation. In Supplemental Table 1, we provide a list of

the genes in the top +r̂Gð Þ and bottom �r̂Gð Þ two percentile of the

r̂G distribution (Fig. 6). High heritabilities of these genes are con-

sistent with those reported in LCLs by Dixon et al. (2007), indi-

cating that the genetic control is not specific to our sample pop-

ulation. To investigate if the +r̂G and �r̂G genes shared common

biological functions (e.g., metabolic pathways or similar Gene

Ontology functional annotation), the genes in the +r̂G and �r̂G
groups were separately subjected to GO enrichment analysis

using GOEAST (Zheng and Wang 2008). The +r̂G group is

overrepresented by genes that are involved in GO terms relating

to the MHC complex, whereas the �r̂G group is overrepresented

by genes with GO classifications relating to intercellular compo-

nents andmembrane binding. A full description of the analysis and

a list of the top 10 pathways listed for the +r̂G and �r̂G groups are

given in Supplemental Table 2.

Housekeeping genes

The biological functionality of the regulatory control of a gene’s

expression in different tissues is typically unknown formost genes.

Figure 3. Test statistics for the effect of sex on expression levels for
9555 genes in the WB and LCL samples. Each point represents a single
gene. Regression coefficient = 0.13 with SE = 0.012 and correlation co-
efficient = 0.012.

Independent genetic control of gene expression
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Nevertheless, when a gene is expressed in multiple tissues,

regulatory control may be common across the tissues. To in-

vestigate this, we looked at the bH2 and r̂G for genes described as

housekeeping genes from a comprehensive analysis of publicly

available expression profiles in 18 human tissues (Zhu et al.

2008b). In both LCL and WB samples, mean heritability of

housekeeping genes is significantly ( p < 1.4 3 10�73 and p < 7.8 3

10�86, respectively) greater than the mean for all genes (Fig.

5A,B). Although high heritabilities for housekeeping genes are

perhaps not surprising (Butte et al. 2001; Alba and Castresana

2005), they may be due to low levels of environmental variance,

rather than increases in genetic variance, relative to non-

housekeeping genes. To test for this, we looked at estimates of

the environmental variance for housekeeping and non-house-

keeping genes and found no significant differences in the

means, indicating that the higher heritabilities of housekeeping

genes are due to increases in genetic variance. Compared with the

r̂G for all genes (Fig. 6A), housekeeping genes are overrepresented

in the tails of the distribution (Fig. 6B). A Kolmogorov-Smirnov test

for difference in the distributions of r̂G from housekeeping and

non-housekeeping genes is very highly significant ( p < 2.1 3

10�16).

Figure 4. Distributions between MZ twin phenotypic correlation coefficients of transcript abundance from 9555 genes significantly expressed in all
samples. (A,B) Distributions of the correlation coefficients for rLCL and rWB samples, respectively. (C ) Twomeasures of rbetweenwere calculated: one between
the expression value for LCL inMZ_1 andWB inMZ_2 and a second between the expression value for WB inMZ_1 and LCL inMZ_2. The figure shows the
distribution of mean of the two rbetween correlations. (D) The distribution of rE. The mean and variances of the distributions are given in each part.

Powell et al.
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Correlations between multiple tissues
in an independent sample

Publicly available expression data on three cell types—LCL, T-cells,

and fibroblasts—in 85 unrelated individuals were downloaded from

NCBI’s Gene Expression Omnibus database (http://www.ncbi.nlm.

nih.gov/geo/) (Dimas et al. 2009). These expression data were col-

lected as part of the GenCord project and are described in detail in

Dimas et al. (2009). We calculated phenotypic correlations be-

tween normalized expression levels for each of the three pairwise

combinations of cell types (Supplemental Fig. 6). The phenotypic

correlation between expression in one cell type and another cell

type is a combination of the genetic and environmental correla-

tions. Thus, a distribution of the phenotypic correlation coeffi-

cients provides information on the likely distribution of the genetic

correlations (Cheverud 1988). For each pairwise combination of cell

types, we observe distributions with a symmetrical decay around

mean values close to zero (Supplemental Fig. 6). It seems improbable

that the distributions of genetic and environmental correlations are

strongly skewed in opposite directions, and therefore the observed

phenotypic correlation distributions imply that the genetic corre-

lations are also likely to show a symmetrical decay around a mean

close to zero.

The three pairwise combinations of phenotypic correlations

for the genes listed in the +r̂G and �r̂G groups are given in Sup-

plemental Table 1. These genes are characterized by high levels of

shared heritable variation and high heritabilities in both LCL and

WB samples. Thus, for genes that show similar r̂G and phenotypic

correlations (either positive or negative), we could infer that shared

heritable expression control is consistent between the tissues in

this study and Dimas et al. (2009). However, overall, there is little

agreement between the phenotypic correlations from the study of

Dimas et al. (2009) and our estimates of r̂G, which is likely to be due

to two main factors: (1) Environmental effects, and therefore cor-

relations, are different between the tissues and study populations.

(2) Genetic correlations for transcript abundance across a pair of

tissues are tissue-specific. Indeed, the correlation coefficients of the

pairwise phenotypic correlations from Dimas et al. (2009) are very

low (0.04–0.07), implying that even within a single study, envi-

ronmental and genetic correlations are tissue-specific.

Discussion
In this study, the genetic (co)variation affecting gene expression in

LCL and WB RNA sources was examined. Transcriptional regula-

tory networks are expected to dictate tissue specificity of regulatory

effects (Ravasi et al. 2010), although the extent of this has been

debated. Here, we present estimates of r̂G (Fig. 6A) from 4721 genes,

which show a symmetrical decay around a mean of �0.03 and an

empirical variance approximately three times greater thanwould be

expected by chance given this sample size. Our results show that,

when averaged across the genome,mean levels of regulatory control

for gene expression in LCL and WB samples due to genetic factors

are close to zero. These results are supported by phenotypic corre-

lations betweengene expression inLCL, T-cells, and fibroblasts from

an independent sample (Dimas et al. 2009) and are consistent with

estimates of cross-tissue heritability reported by Price et al. (2011).

Our results showing that, on average, the genetic correlation

of regulatory variation for gene expression in LCL and WB is close

to zerodoesnot contradict published reports presenting comparisons

of eQTL in multiple tissues. Estimates of r̂G represent the combined

effects of all causal loci; thus, even estimates of zero do not preclude

the existence of common eQTL. Rather, the genetic covariance

(CovG) is the sum of covariance for each causal loci (CovG), such that:

CovG =+n
i=1Covg1 +Covg2 . . . +Covgn;

where n is total the number of causal loci. Knowledge of the genetic

correlation for regulatory variation across tissues is important,

particularly when trying to understand the role of gene expression

in the etiology of complex diseases that affect multiple tissues and

how transcriptional regulatory pathways work on a multicellular

system level.

Figure 5. Distributions of intraclass correlations bH2
� �

of the 9555 genes significantly expressed in all samples (both LCL andWB). (A,B) Distributions of the
correlation coefficients for theWB and LCL samples, respectively. (Light gray) Housekeeping genes (Zhu et al. 2008b) (see Results). Mean estimates of bH2 for
all (All) and housekeeping (HK) genes are shown. Distributions of genes with significant heritabilities (FDR = 0.05) are given in Supplemental Figure 5.
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With a strong current interest in

multitissue genetic control of expression

(Montgomery and Dermitzakis 2011),

one question is, How do our results in-

tegrate with other published studies in

this field? With the exception of the

genes with highly negative or positive r̂G
estimates, it is possible that the majority

of genetic control for expression is likely

to be controlled by different variants in

the two samples with these tissue-specific

loci more likely to occur in trans-regions

(Dimas et al. 2009; Montgomery et al.

2010; Pickrell et al. 2010). Indeed, Price

et al. (2011) recently showed that, on

average, the amount of shared heritable

variation for gene expression in blood

and adipose tissues was lower on trans-

compared with cis-chromosomes, sug-

gesting that the fraction of common

eQTL shared between tissues is inflated

upward because trans associations are not

tested for due to the limitations of power

(Ding et al. 2010). Furthermore, the ac-

tual proportion of genes for which

common cis-eQTL have been identified is

very small. For example, of the genes

tested in multiple tissues in recent stud-

ies, only 0.4%–0.5% of genes have sig-

nificant cis-eQTL in two or more tissues

(Dimas et al. 2009; Ding et al. 2010; Nica

et al. 2011). A study with one of the

largest sample sizes to date found that the

median percentage of expression vari-

ability explained by the best eQTL SNP

was 7.7% (Zeller et al. 2010). Therefore,

the empirical evidence presented in these

studies is that only a small proportion of

genes have shared eQTL and that the

proportion of phenotypic variation (and

likely the proportion of heritability) ex-

plained by individual eQTL is relatively

small. Here, our genetically informative

design has allowed us to gain a whole

genome estimate of the level of shared

regulatory elements in LCL and WB RNA

sources, providing an important comple-

ment to eQTL studies.

In this study, we observe a small

fraction of genes with r̂G »� 1, which im-

plies that the same causal variants affect

expression in LCL and WB, but in oppo-

site directions. Studies comparing cis-eQTL

in multiple tissues observe the same di-

rection of allelic effect for common eQTL

(Bullaughey et al. 2009; Ding et al. 2010;

Nica et al. 2011). This discrepancy may

arise if eQTL with opposing allelic effects

in different tissues have either small ef-

fect sizes or occur outside of the defined

cis-regions used in these studies. Un-

fortunately, these scenarios are currently

Figure 6. r̂G of the 4721 genes with significant bH2 in both LCL andWB samples. (A) (Solid line)6 one
standard deviation from the mean r̂G; (dashed line) 6 one standard deviation calculated from the
expected sample variance given H2

LCL = 0:38 and H2
WB = 0:32: (B) The distribution of r̂G shown in A with

the number of housekeeping genes (Zhu et al. 2008b) (see Results) within each r̂G bin shown in dark
gray. The black line shows the percentage of genes within each r̂G bin that are housekeeping genes.
We performed a Kolmogorov-Smirnov test for differences in the distributions of r̂G for housekeeping
genes (dark gray) and non-housekeeping genes (light gray); the P-value is given in the figure.
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difficult to evaluate due to low power to detect eQTL with small

effect or in trans-regions.

Although there is still some debate about the exact definition

and characteristics of housekeeping genes (Zhu et al. 2008a), it is

widely accepted that they are expressed in all tissues and are re-

quired tomaintain basic cellular function (Butte et al. 2001). Given

this, our results showing high heritabilities and a significant

overrepresentation of strong positive and negative r̂G9s in house-

keeping genes (Zhu et al. 2008b) support an important role in

basal biological function. Compared with non-housekeeping

genes, housekeeping genes are known to evolve more slowly

(Zhang and Li 2004), and although coding sequences are more

conserved, show less conservation in promoter, particularly dis-

tal, regions (Farre et al. 2007). As sequence conservation is likely

due to increased functional constraints (Alba and Castresana 2005),

the difference in selection economy in transcription and trans-

lation regions implies that although the function of housekeeping

genes is under strong stabilizing selection, their regulatory control

is not. Furthermore, functional similarities for genes in the +r̂G and

in the �r̂G groups, as represented by the enrichment of GO terms,

suggest that patterns of regulatory control between the tissues are

influenced by the biological roles of cells (Altschuler and Wu

2010).

The MZ twin design is a powerful tool for estimating herita-

bility and genetic correlations by partitioning variance into within-

and between-MZ effects (Visscher 2004; Visscher et al. 2006; McRae

et al. 2007). A limitation of this design is an inability to partition the

observed covariance of the twins into components due to genetic

factors and common environmental factors, leading to a possible

upward bias of heritability, although this might bemitigated by the

use of LCLs, which are maintained in a homogeneous environment

(Cheung et al. 2003; Cheung and Spielman 2009) (see Methods).

Although to date many studies have investigated the role of regu-

latory variation in gene expression using LCLs (Monks et al. 2004;

Duan et al. 2008; Dimas et al. 2009), the application of immortali-

zation and virus transformation steps has led to some criticism of

their use, particularly in relation to understanding the role of ex-

pression in the etiology of disease (Carter et al. 2002; Cxalısxkan et al.

2011). Nevertheless, LCLs have been used in many studies in-

vestigating regulatory control and have shown high levels of repli-

cation across populations and samples (Li et al. 2008; Ding et al.

2010).

In summary, we have presented results on the whole genome

genetic control of gene expression in two RNA sources, LCLs and

WB, from a genetically informative MZ twin design. Our estima-

tion of genetic correlations of regulatory variation for 9555 genes

provides strong evidence that the average level of common genetic

control in LCL and WB samples is very small. Certain genes, par-

ticularly housekeeping genes, have high negative or positive ge-

netic correlations, pertaining to a relationship between transcript

function and tissue-specific genetic control. An important impli-

cation of our results is the need to consider the degree of common

genetic control between tissues, particularly when investigating

the role of gene expression on the etiology of complex diseases

acting in multiple cell and tissue systems. We caution against the

use of gene expression measured in one tissue (e.g., blood) to draw

inferences about disease associationwith another tissue (e.g., brain),

unless knowledge of the level of common genetic control is avail-

able. Further work is clearly required to provide a deeper under-

standing of how causal variants that affect common and tissue-

specific gene regulation function in transcription pathways across a

broad range of tissues.

Methods

Monozygous twin sample
The sample consisted of 50 pairs of MZ twins, 27 female and 23
male pairs, recruited as part of a study that focuses on genetic as-
pects of melanocytic naevi in Australian adolescents of European
descent (McGregor et al. 1999), with all study participants pro-
vided informed consent. Zygosity was tested using an AmpFLSTR
Profiler Plus PCR Amplification Kit (Applied Biosystems) and
Genescan v3.7.1 software (Applied Biosystems) to confirm MZ
status. Total study design consisted of 100 individuals (50 MZ
pairs), and expression data from LCL and WB samples for each
individual (summarized in Fig. 1).

RNA preparation

Whole blood samples were collected from MZ twin pairs and
processed within 24 h of collection. Whole blood was collected
directly into PAXgene tubes (QIAGEN), and a second sample was
collected in an ACD (acid citrate dextrose) vacuum tube. Mono-
nucleated cells were isolated using a Ficoll gradient and LCL es-
tablished by Epstein-Barr virus transformation of lymphocytes
(Neitzel 1986) and stored in liquid nitrogen. For RNA isolation,
established cell lineswere regrownunder tightly controlled growth
conditions in the same batch of RPMI 1640 media with 10% FCS
and antibiotics, to limit the cell culture effects on RNApreparation.
Total RNA was extracted from samples using QIAGEN RNeasy
Midi-Kits (QIAGEN), when cells were in log-phase growth. Total
RNA was extracted from PAXgene tubes using the WB gene RNA
purification kit (QIAGEN). RNA from all samples was run on an
Agilent Bioanalyzer to assess quality, and to estimate RNA con-
centrations, RNA was converted to cDNA, amplified, and purified
using the Ambion Illumina TotalPrep RNA Amplification Kit
(Ambion).

Gene expression quantification

Expression profiles were generated by hybridizing 750 ng of cRNA
to Illumina HumanHT-12 v3.0 BeadChips according to Illumina
whole-genome gene expression direct hybridization assay guide
(Illumina Inc.). Briefly, 500 ng of total RNA was used to generate
biotinylated cRNA, which was fragmented and hybridized to an
Illumina whole genome expression chip, HumanHT-12 v3.0, for
18 h at 58°C. BeadChips were then washed and stained and sub-
sequently scanned to obtain fluorescence intensities. More than
half (54%) of the samples were scanned using an Illumina Bead
Array Reader (BAR), and the remaining (46%) of samples were
scanned using an Illumina iScan when the BAR was unavailable. A
Latin square design was used to randomize the samples on the
chips and chip positions.

Data processing and normalization

Relative expression values were generated for each transcript using
Illumina Genome Studio software (Illumina Inc.). Tominimize the
influence of overall signal levels, which may reflect RNA quantity
and quality rather than a true biological difference between indi-
viduals, the following standardization procedures were used. Back-
ground noise detected from negative control beads was subtracted
from raw expression values for each transcript. Data were then fil-
tered for gene transcripts that were present in at least 50% of sam-
ples at p < 0.05 according to the global-error threshold calculated by
Genome Studio’s cross-gene error model. Using a 50% threshold is
a compromise between removing genes with low proportions of
sample expression and maintaining a large number of genes ana-
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lyzed. Filtering based on this criterion removes genes that are either
not expressed or only expressed in a low number of samples. Esti-
mates of heritability and genetic correlation for genes not expressed
are essentially meaningless because variance of measured fluores-
cence intensitieswill be due entirely to experimental variance rather
than containing a genetic component. An important consequence
of only including genes detected as expressed in this proportion of
samples is the removal of all Y-chromosome transcripts.

To prevent the introduction of bias between the LCL and
WB samples, the raw microarray data from both tissue samples
were quantile normalized together. Adjusted expression levels for
each transcript were transformed using a quantile transformation
(Bolstad et al. 2003; Smyth and Speed 2003) to achieve a stabilized
variance distribution across average expression levels. Further
normalization was performed to allow expression levels to be
compared across chips and genes. This was achieved fitting a
linear mixed model:

yijklm =m+Cj +Dk +Pl +Rm + eijklm; ð1Þ
where yijklm is the log-transformed expression level for individual i
on chip j. The variable m represents the mean expression level
across all individuals, and Cj, Dk, Pl, and Rm are random effects
removing variation in the data due to chip j, date of scanning k,
chip position l, and scanner m, respectively. eijklm is the residual.
The between-chip variance is expected to be small due to the
scaling that was performed during the pre-processing of the data.
The residuals from this model were used in all further analyses.

Estimating heritability and genetic correlations

Linear mixed models were used to assess the effect of sex and ge-
notype on the normalized gene expression levels using the fol-
lowing model:

y adjijk =m+Gj + Sk + eijk; ð2Þ
where y_adjijk is the normalized transcript values for individual i in
MZpair j,m represents themeannormalized transcript levels across
all individuals, Gj is the random effect of MZ pair j, Sk is the fixed
effect of sex, and eijk is the residual. For each of the 9555 genes,
Equation 2 was applied to the normalized transcript values from
LCL and WB samples separately. Variance components were esti-
mated using least squares. The intraclass correlation for each gene
was calculated as: bH2 =s2

G

�
s2
G +s2

e

� �
;

where subscripts follow those used in Equation 2. This is simply
the proportion of the variance in the data explained by theMZpair
and in the absence of common environmental effects is a measure
of the broad sense heritability of a gene’s expression level. Using
least squares to estimate the variance components can lead to somebH2 with values below zero. In a linear model framework, where
errors are uncorrelated and have equal variances, least-squares
analysis provides the best unbiased estimator. For balanced data,
results from least squares and restrictedmaximumlikelihood (REML)
are identical, unless least-squares estimates are negative, because
REML estimates of variance components are usually constrained to
be non-negative. The performance of the least-squares estimator was
evaluated by comparison with bH2 estimates, calculated from Equa-
tion 2 solved using REML (Gilmour et al. 1995, 2007). For least-
squares bH2 values above zero, REML values are very similar (Sup-
plemental Fig. 7), as expected.

By treating transcript abundance, measured in LCL and WB
samples as separate phenotypic traits,we are able to calculate genetic
correlation coefficient (rG) for expression in each gene, which pro-
vides information on the extent of genetic influence on expression
levels common to both RNA sources. Given our assumptions, the

population genetic correlation coefficient can be expressed as a
function of the population phenotypic correlations between MZ
pairs:

rG =
rbetweenffiffiffiffiffiffiffiffiffiffiffi

rLCL
p � rWB

; ð3Þ

where rbetween is the phenotypic correlation between transcript
abundance in one RNA source from a sample of one of an MZ pair
and the transcript abundance in the other RNA source from the
sample of the co-twin, and rLCL and rWB are the phenotypic cor-
relations between MZ twins for LCL and WB, respectively (for de-
tails, see Fig. 1). For estimation of the genetic correlation r̂Gð Þ, we
use the between- and within-MZ mean squares and mean cross-
products, as detailed in Visscher (2004).

Sampling variances for bH 2 and r̂G

Estimates of sampling variance, or expected empirical variance
across transcripts, of bH2 and r̂G are used to quantify the empirical
variance of estimates that we would expect to see given the sample
size and true population values of bH2 and r̂G. Expected sampling
variance for bH2 is calculated as:

E var bH2
� �h i

=
1�H2
� �2

N
; ð4Þ

where N is the sample size and H2 is the true population mean
heritability. Within the classic MZ and dizygotic (DZ) twin model
framework, Visscher (2004) derived a formula for estimating the
sampling variance of r̂G estimated using least-squares methods.
Here we adapt this formula to calculate the sampling variance of r̂G
estimates fromanMZmodel. The expected sampling variance of r̂G
is, approximately:

E var r̂GjrG =0ð Þ½ �= 1

2N
1+

1
1
2 H2

LCL +H
2
WB

� � !
; ð5Þ

where H2
LCL and H2

WB are heritabilities for LCL and WB, re-
spectively. To check the validity of Equations 4 and 5, results were
comparedwith simulations.Mean square andmean cross products
were sampled from aWishart distribution under anMZ twinmodel,
and bH2 and r̂G were estimatedusing least squares.Whenoneor both
of the bH2 were zero or negative, their values were used to calculate
the empiricalmean and SE of the estimates but did not contribute to
an empirical estimate of r̂G. The performance of Equations 4 and 5
was evaluated for a range of N, bH2, and r̂G values. One hundred
thousand replicates were run for all combinations of parameters
that were considered, and the empirical variance was compared
with the expected sampling variance. Prediction of the sampling
variance of the estimates bH2 and r̂G was very close to the observed
empirical variance across replicates (Supplemental Tables 3, 4), with
asymptotically the same values at larger sample sizes.

Data access
Gene expression data been submitted to the NCBI Gene Expres-
sion Omnibus (GEO) (http://www.ncbi.nlm.nih.gov/geo/) under
accession number GSE33321.
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