
Genome-wide association (GWA) studies 
have both the advantage and disadvantage 
that they are agnostic to the mechanism 
by which genetic variation influences the 
phenotype being tested. The disadvantage is 
particularly acute for complex phenotypes 
that are associated with multiple variants 
of small to intermediate effect sizes, which 
only explain a modest proportion of the 
phenotype’s measured heritability1. In these 
cases there are two key challenges: first, to 
establish which gene functions are affected 
by the associated variants or markers and, 
second, to identify the causal variant, a task 
that is complicated by the linkage disequilib-
rium (LD) structure of the human genome. 
To address these challenges, it is necessary 
to obtain additional functional information 
that might explain the effect of an indi-
vidual variant on specific gene(s). One way 
to enrich for variants that are likely to have 
causal effects is to account for the genetic 
influence of the variant on gene expression. 
Such effects are increasingly recognized as 
being of fundamental importance, as it has 
become apparent that in most GWA studies, 
common variants are found in non-coding 
regions2. Furthermore, recent studies have 
shown that the currently known GWA study 
signals are enriched for expression quantita-
tive trait loci (eQTLs) in lymphoblastoid 
cell lines3,4, and this pattern is likely to be 
repeated as we interrogate more tissues and 
cell types.

In this article, we explore how evolving  
designs of eQTL studies, facilitated by 
advances in genotyping and gene-expression- 
based technologies, are increasingly able 
to investigate the role of regulatory vari-
ation in different biological contexts. We 
highlight how such advances are further 
extending our understanding of the regula-
tory landscape by uncovering the degree to 
which cell-type and temporal specificity are 
represented in gene-regulatory architecture. 

Furthermore, we demonstrate how this 
information is being used to uncover  
the molecular basis of complex traits at  
different layers of complexity (from indi-
vidual transcripts to regulatory networks). 
Last, we propose how further integrated 
and large-scale measurements of cellular 
phenotypes, such as gene expression, will 
help to identify predictive biomarkers 
of disease.

eQTL studies: design and interpretation
The design and interpretation of eQTL 
studies is not straightforward. We describe 
four important parameters that are being 
incorporated into recent studies: increased 
sequence resolution of the genome and tran-
scriptome, cellular history and state, popula-
tion structure, and specific endophenotypes.

Increasing resolution through sequencing. 
Genome-wide mRNA sequencing (RNA-
seq) is providing an enhanced framework 
for translating regulatory variants as studies  
can now obtain better resolution of the 
transcriptome when seeking eQTLs. In a 
recent example, RNA-seq was used to assess 
genetic-based differences in gene expres-
sion in a cohort of 60 Europeans and 69 
Africans5,6. The technique provided a much 
improved ability to identify genes whose 
expression contains a genetic component as 
well as variants associated with differential 
abundance of alternatively spliced  
transcripts. Furthermore, it allowed 
genotypic association to be integrated with 
allelic association because, for each individ-
ual, we obtain both the overall abundance of 
the transcript and the relative abundance  
of the transcripts from the two alleles. 
Using RNA-seq reads that map to hetero-
zygote positions in multiple individuals, 
rarer genetic effects were also observed. 
In many of these cases, these effects were 
due not only to the difference in overall 
expression but also to allele-specific differ-
ences in transcript termination and isoform 
expression. The increasing availability of 
population-scale sequencing will require 
new statistical methodologies to evaluate 
rare genetic variants and to pinpoint causal 
regulatory variants.

Accounting for cellular history and state. 
Many regulatory elements are tissue specific7,8  
and therefore sequence variants with func-
tional consequences are expected, to some 
degree, to manifest their effects in a tissue-
specific way. As such, complications in the 
design and interpretation of eQTL studies 
are largely due to the complexity of gene 
regulation, both spatially (cell-type  
and tissue specificity) and temporally 
(different developmental stages). Several 
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eQTL studies have illuminated 
the location and impact of 
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trans-acting variation to the 
expression of any given gene.
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Figure 1 | Gene regulatory architecture through expression quantitative trait locus studies. 
Tissue-specific effects are typically weaker and are found more distal to the transcription start site 
(TSS). Shared effects are stronger and located closer to the TSS. Discrete effects are represented 
by discrete colours and shared effects are blended. Trans-effects, although regarded as weaker 
than cis-effects with respect to any particular locus, offer the potential to go beyond the dissection 
of local regulatory architecture to provide insight into gene-regulatory networks.

studies have performed eQTL analysis 
in different tissues9–11, and a number of 
them have compared eQTL between tissue 
types12–16. These studies have suggested that 
eQTL analyses should aim to interrogate 
multiple well-defined cell types, especially 
those relevant to specific disease pheno-
types. In order to sample the full range 
of biological effects of such regulatory 
variants, projects such as the Genotype-
Tissue Expression (GTEx) project have 
embarked on the ambitious goal of inter-
rogating many diverse tissues, with the aim 
of recording and comparing tissue-specific 
eQTLs to an unprecedented scale of  
tissue- and cell-type resolution.

Accounting for population structure. The 
resolution of any genetic study depends on 
the structure of genomic variation, which 
varies substantially between populations17,18. 
Studies of the genetics of gene expression 
have been very informative regarding the 
distribution and properties of functional 
variants when these are compared  
between populations19–21. In particular, if 
multiple population samples are studied,  
the differential pattern of LD among popula-
tions allows for the finer mapping of shared 
variants22, in much the same way as does 
assessing clone overlaps in conventional 
physical mapping studies. Such studies 
will inform greatly the conclusions we can 
draw from the sharing of functional effects 
between different populations and about 
how transferrable are common variants for 
predicting disease risk21. However, as most  
of the eQTL studies have been largely 
restricted to reference samples (for example, 
the International HapMap Project),  
methodologies that integrate data across 
populations are becoming necessary21.

Accounting for specific endophenotypes. 
If we are strictly interested in the genetic 
signal, without accounting for any lifestyle 
or environmental variants, we could argue 
that it is best to study eQTLs in reference 
samples and not in the sample of interest. 
Using the reference sample allows us to 
distinguish the causal effects leading to the 
phenotype from the reactive effects that 
emerged to the individuals after developing 
the phenotype23: most of the common dis-
ease variants simply confer risk but, at the 
cellular level, they may have the same effect 
in cases and controls. Therefore, a common 
eQTL variant is expected to have the same 
cellular effect in diseased and healthy tissue. 
This point was elegantly demonstrated by 
Moffat et al., who showed that although a 
GWA study signal for asthma mapped to 
an eQTL for the gene ORMDL3, the mean 
expression of ORMDL3 did not differ sig-
nificantly between cases and controls24. 
However, as our understanding of complex 
disease improves, we would also like to 
account for environmental and epigenetic 
effects and, in this respect, eQTL studies 
directly performed on the subjects of the 
complex trait study may be informative. In 
addition, the ability to cluster the genetic 
effects in pathways (by identifying their 
molecular phenotypic attributes) may reveal 
a level of complexity in the manifestation of 
causality that was previously unknown. An 
increasing number of studies are interrogat-
ing gene expression in well-phenotyped 
samples, so this type of information should 
be available soon.

Architecture of gene regulation
eQTL studies provide an indirect interroga-
tion of the functional landscape of gene reg-
ulation, providing insight into the location 

and modes of effect of functional sequences 
that influence gene expression. Specifically, 
eQTL studies have illuminated the location 
and impact of regulatory variants, the tissue 
specificity of regulatory elements and the 
contribution of cis- versus trans-acting  
variation to the expression of any given gene.

Location and effect sizes of eQTLs. Many 
eQTL studies have reported that the strong-
est eQTLs are most frequently located 
proximal (within 100 kb) to the transcrip-
tion start site (TSS) of their respective 
genes10,11,21,25. Such observations imply that 
proximal transcription-factor binding sites 
involved in RNA polymerase II recruitment 
and subsequent transcription are key com-
ponents of the regulatory architecture and 
suggest that distal-acting elements exert a 
weaker influence. However, the weak effects 
of distal elements are difficult to confirm, 
as most eQTL variants identified to date are 
presumed not to be the causal variant but to 
be in LD with the causal variant(s). Because 
of this, the underlying causal variants could 
be more or less distal and might target  
multiple tissue- or condition-dependent 
regulatory elements or the exon structure  
of the transcript.

The effect sizes and distribution of eQTLs 
operating through regulatory elements other 
than the basal promoter are beginning to be 
investigated by study designs that interrogate 
condition-specific eQTL discovery in the 
same population sample. An investigation 
of tissue-specificity of eQTLs in T cells, lym-
phoblastoid cell lines (LCLs) and fibroblasts 
demonstrated that eQTLs that were shared 
across tissues were more restricted to the 
TSS and had larger effect sizes13. By contrast, 
tissue-specific eQTLs were broadly distrib-
uted and had weaker effect sizes13 (FIG. 1). 
This evidence suggests that even when prox-
imal to the TSS, individual genetic effects on 
condition-specific regulatory sequences are 
less influential than those operating either 
on the basal promoter or on exons that are 
shared across isoforms.

Tissue specificity. Condition-specific differ-
ences in eQTL discovery are also providing 
insight into the degree of specificity that is 
required for transcription in different biologi-
cal contexts. Canonical models of condition-
specific gene regulation propose that there 
are discrete regulatory elements that modify 
basal transcription26. However, the degree of 
sharing of eQTLs across conditions allows us 
to estimate shared regulatory elements and 
networks among tissues. As many enhancers  
have been observed to be tissue-specific 
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in the ENCyclopedia Of DNA Elements 
(ENCODE) project7, it seems likely that 
cells with similar differentiation lineages 
will have increased eQTL sharing relative to 
developmentally distant tissues. However, 
in the aforementioned study of T cells, LCLs 
and fibroblasts — in which it was reported 
that 69–80% of cis-eQTLs are cell-type spe-
cific — it was found that even closely-related 
cell types (LCLs and T cells) only shared a 
minority of cis-eQTLs13. This suggests that 
high-frequency functional variation may 
be primarily present for late developmental 
processes. Unfortunately, it is difficult to 
directly test this hypothesis by comparing 
the complete regulatory element distribution 
to the elements for which eQTLs have been 
found, as our knowledge of developmental 
regulatory elements is incomplete.

Other studies have demonstrated that 
any estimate of sharing is likely to be highly 
context- and methodology-dependent. 
For example, a comparison of two dis-
tinct tissues — blood and adipose tissue 
— reported >50% sharing of cis-eQTLs11. 
Similarly, a study using linkage from mouse 
crosses found that >50% of the cis-eQTLs 
were shared across adipose, brain, liver and 
muscle tissues27. However, a separate study 
that investigated four differentiation states 
in haematopoiesis found only 365 shared 
eQTLs and 1,283 eQTLs that showed cell-
type dependence14. Finally, a recent study 
looked beyond simple sharing of eQTLs to 
the level of expression fold change effect 
across tissues. This showed that even when 
an eQTL is shared at a statistically signifi-
cant level, the fold difference in expression 

between tissues could be quite variable, 
representing another important level of  
tissue specificity28.

All of the above methods have different 
study designs, power and analysis param-
eters, but the overall conclusion is that there 
is substantial tissue specificity of regulatory 
effects and the variants that influence  
these effects. By using patterns of eQTL 
sharing and specificity from studies such as 
these, we are increasingly able to understand 
gene regulatory pathways and locate  
context-specific regulatory sequences.

Trans versus cis effects. Understanding  
cis-regulatory architecture is complemented 
by eQTL studies designed to detect trans-
regulatory effects. (In this Progress article, 
we adopt the distance-based convention 

Table 1 | Examples of disease risk loci correlated with eQTL genes

Disease/trait study Implicated eQTL genes Expression source Refs

Asthma ORMDL3 EBV-transformed LCLs 24

Blood lipid levels SORT1, PPP1R3B, TTC39B Liver 53,54

Body mass index NEGR1, ZC3H4, TMEM160, MTCH2, NDUFS3, GTF3A, ADCY3, 
APOB48R, SH2B1, TUFM, GPRC5B, IQCK, SLC39A8, SULT1A1, SULT1A2

Blood, brain, liver, lymphocytes, 
subcutaneous and visceral adipose tissue

48

Breast cancer RRP1B PyMT-induced primary tumours 55

Coeliac disease MMEL1, NSF, PARK7, PLEK, TAGAP, RRP1, UBE2L3, ZMIZ1 Blood 47

Crohn’s disease PTGER4, CARD9, ERAP2, TNFSF11 EBV-transformed LCLs 56

Fat distribution GRB14, TBX15, PIGC, ZNRF3, STAB1, AA553656 Blood, lymphocytes, omental fat, 
subcutaneous adipose tissue

57

Height Multiple genes implicated EBV-transformed LCLs, lymphocytes 58,59

Kidney-ageing MMP20 Kidney 60

Migraine MTDH EBV-transformed LCLs 49

Multiple diseases CDKN2A , CDKN2B, CDKN2B-AS1 Blood 61

Osteoporosis-related WLS, MEF2C, FOXC2, IBSP, TBC1D8, OSBPL1A, RAP1A, TNFRSF11B Liver, lymphocytes, primary osteoblasts 62,63

Parkinson’s disease MAPT, LRRC37A, HLA-DRA, HLA-DQA2, HLA-DRB5 EBV-transformed LCLs, frontal cortex 64,65

Psoriasis SDC4, SYS1, DBNDD2, PIGT, RPS26* Lesional psoriatic skin 66

QRS duration and cardiac 
ventricular conduction

TKT, CDKN1A, C6orf204 Blood 67

Type 2 diabetes FADS1, FADS2, KLF14, CCNE2, IRS1, JAZF1, CAMK1D Blood, EBV-transformed LCLs, liver, 
subcutaneous adipose tissue

68,69

ADCY3, adenylate cyclase 3; APOB48R, apolipoprotein B48 receptor; CAMK1D, calcium/calmodulin-dependent protein kinase 1D; CARD9, caspase recruitment 
domain family, member 9; CCNE2, cyclin E2; CDKN1A, cyclin-dependent kinase inhibitor 1A; CDKN2, cyclin-dependent kinase inhibitor 2; CDKN2B-AS1, CDKN2B 
antisense RNA 1; DBNDD2, dysbindin (dystrobrevin binding protein 1) domain containing 2; EBV, Epstein–Barr virus; eQTL, expression quantitative trait locus; ERAP2, 
endoplasmic reticulum aminopeptidase 2; FADS, fatty acid desaturase; FOXC2, forkhead box C2; GPRC5B, G protein-coupled receptor, family C, group 5, member B; 
GRB14, growth factor receptor-bound protein 14; GTF3A, general transcription factor IIIA; HLA, human leukocyte antigen (major histocompatibility complex);  
IBSP, integrin-binding sialoprotein; IQCK, IQ motif containing K; IRS1, insulin receptor substrate 1; JAZF1, JAZF zinc finger 1; KLF14, Krüppel-like factor 14;  
LCLs, lymphoblastoid cell lines; LRRC37A, leucine rich repeat containing 37A; MAPT, microtubule-associated protein-t; MEF2C, myocyte enhancer factor 2C;  
MMEL1, membrane metallo-endopeptidase-like 1; MMP20, matrix metallopeptidase 20; MTCH2, mitochondrial carrier homologue 2; MTDH, metadherin; NDUFS3, 
NADH dehydrogenase (ubiquinone) Fe-S protein 3, 30kDa (NADH-coenzyme Q reductase); NEGR1, neuronal growth regulator 1; NSF, N-ethylmaleimide-sensitive 
factor; ORMDL3, ORM1-like 3; OSBPL1A, oxysterol binding protein-like 1A; PARK7, Parkinson’s disease (autosomal recessive, early onset) 7; PIG, phosphatidylinositol 
glycan anchor biosynthesis; PLEK, pleckstrin; PPP1R3B, protein phosphatase 1, regulatory (inhibitor) subunit 3B; PTGER4, prostaglandin E receptor 4 (subtype EP4); 
PyMT, Polyoma virus middle T antigen; QRS, electrocardiogram waveforms; RAP1A, RAP1A, member of RAS oncogene family; RPS26, ribosomal protein S26; RRP1, 
ribosomal RNA processing 1 homologue; SDC4, syndecan 4; SH2B1, SH2B adaptor protein 1; SLC39A8, solute carrier family 39 (zinc transporter), member 8; SORT1, 
sortilin 1; STAB1, stabilin 1; SULT1A, sulphotransferase family, cytosolic, 1A, phenol-preferring; TAGAP, T-cell activation RhoGTPase activating protein; TBC1D8, TBC1 
domain family, member 8 (with GRAM domain); TBX15, T-box 15; TKT, transketolase; TMEM160, transmembrane protein 160; TNFRSF11B, tumour necrosis factor 
receptor superfamily, member 11b; TNFSF11, tumour necrosis factor (ligand) superfamily, member 11; TTC39B, tetratricopeptide repeat domain 39B; TUFM, Tu 
translation elongation factor, mitochondrial; UBE2L3, ubiquitin-conjugating enzyme E2L 3; WLS, wntless homologue; ZC3H4, zinc finger CCCH-type containing 4; 
ZMIZ1, zinc finger, MIZ-type containing 1; ZNRF3, zinc and ring finger 3. *eQTL genes for SNPs that did not achieve genome-wide significance but were of interest.
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of cis versus trans29.) An advantage of this 
approach is that by understanding how 
genetic differences that affect the expression 
and structure of distal genes influence the 
expression of a target gene, one can assign 
the importance of a particular protein 
product for that target gene’s expression. 
Several studies have attempted to estimate 
the importance of these types of effects 
by estimating the proportion of a gene’s 
expression that is influenced by trans-effects 
versus cis-effects9–11,25,30–33. A consistent 
result from most studies is that trans-eQTLs 
have weaker effects than cis-eQTLs. This 
view is contested by more recent studies 
that suggest that, despite lower effect-sizes, 
trans-eQTLs cumulatively explain more of 
the heritability of expression30,31. Despite 
doubts about the influence of trans-eQTLs, 
causal relationships underlying trans-
eQTLs are being actively explored. Perhaps 
the most palatable hypothesis is that 
trans-eQTLs should be enriched outside 
transcription factor genes. However, such 
relationships have not been definitively 
observed34,35. There is growing evidence 
that this is because these trans-eQTL genes 
can mediate the effects of a transcription 
factor instead of directly encoding a  
transcription factor31,36.

Given the complexity of potential trans-
eQTLs, can regulatory pathways be reliably 
assembled from eQTL data? It appears so. 
One study identified and validated a new 
relationship between cyclin H (CCNH) and 
oxidative phosphorylation derived from 
eQTL data37. Another study identified a core 
regulatory network in human and mouse 
adipose tissue that was relevant to obesity-
related traits11. A complementary study used 
gene co-expression to derive networks and 
observed enrichment for ‘module-QTLs’ 
with mouse weight38. On top of these studies, 
many systems-biology-based techniques 
have become available to categorize regula-
tory pathways from eQTL data37,39–44. Such 
techniques will increasingly illuminate  
the transcription factor complexes and 
pathways necessary for gene regulation.

Insights through sequencing. RNA-seq has 
provided further insight into the landscape 
of gene regulation and has highlighted pat-
terns of transcription complexity that oper-
ate in cis and in trans. Such resolution allows 
the dissection of the specific functional com-
ponents and genetic variants that influence 
gene expression. Two studies have reported 
that many eQTLs are driven by splicing vari-
ants and genetic differences in transcription 
termination5,45. We have used allele-specific 

Box 1 | Interpreting overlap between GWA and eQTL studies

Methodologies that assess the degree of overlap of genome-wide association (GWA) studies  
with expression quantitative trait locus (eQTL) studies are important, but it is also crucial to 
understand the meaning of such overlap. There are three levels of caution one needs to consider.

First, the mere coincidence of an eQTL with a GWA study signal in the same genomic region 
does not necessarily suggest that they tag the same functional variant, even if they are not 
separated by a recombination hot spot and are historically correlated (see part a of the figure). 
The extent of correlation in the genome is tens to hundreds of kilobases, and it is very likely that 
multiple functional variants are found in each region of that size.

Second, even if GWA study and eQTL signal peak at the same marker, it does not mean that 
they tag the same functional variant, as the marker density may be variable and may not provide 
the resolution to disentangle nearby historically correlated functional variants (see part b of the 
figure). The above caveats could be addressed with the increasing availability of population-scale 
resequencing data and the increasing density of variants.

Third, the most challenging scenario is when the same functional variant is identified as causal 
for both the GWA study and the eQTL, but has been tested in one or a limited number of tissues 
(part c of the figure). Regulatory elements are known to be pleiotropic, so the same regulatory 
region may be regulating gene A in tissue 1 and gene B in tissue 2. If the GWA study signal is 
mediated by the effect of the functional variant in gene A in tissue 1 but we only have data for 
tissue 2, we will be misled into believing that gene B is relevant for the complex trait and we 
would incorrectly link gene B and its associated pathway to the phenotype. Connecting a causal 
variant to expression of a gene in the appropriate tissue is complicated further by the fact that it 
is often difficult to identify the ‘relevant tissue’ for a given phenotype. The tissue that is affected 
by a disease is not necessarily the tissue in which the causal genetic effect is manifested; for 
example, variants acting on the hypothalamus increase the risk for obesity even though adipose 
tissue is the affected tissue52. This last caveat strongly argues for extensive eQTL studies of 
multiple tissues in humans in order to dissect the circularity of cause and effect in genetic signals.
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expression information derived from 
RNA-seq to identify patterns suggestive 
of haplotype-specific isoform expression. 
This work supports a previous observation, 
performed using gene expression microar-
rays, that the number of eQTLs for a gene is 
correlated with the number of known tran-
script isoforms13. Additionally, by integrating 
allele-specific expression from RNA-seq and 
linkage analysis, it has been shown that only 
20% of trans-regulators have allelic imbal-
ance, showing that trans-eQTLs can affect a 
target gene in various ways31.

Other sequencing-based tools are  
contributing to our understanding of gene 
regulation through genetics. A family-based 
study of transcription factor binding using 
chromatin immunoprecipitation followed 
by DNA sequencing (ChIP–seq) is prob-
ably ushering in a new eQTL design that 
integrates not only expression-level differ-
ences but also the inheritance of different 
transcription factors and epigenetic marks46. 
With increasing resolution of gene regula-
tion and subsequent expression, the func-
tional role we can assign to genetic variants 
and their effect on physiological traits (par-
ticularly disease) will become more refined.

Integrating eQTLs with GWA studies
Ultimately, we would like to use eQTL data 
to interpret GWA study signals and elucidate 
the specific biological effects underlying 
them. This approach has been validated by 
several studies. For example, Dubois et al.47 
found that 20 of the 38 loci that had associ-
ated risk variants for coeliac disease are also 
correlated with variation in the expression 
of a nearby gene. In an analysis of body 
mass index in a quarter of a million people, 
multiple tissue eQTL analyses allowed 14 
of 32 loci to be linked with specific gene 
candidates48. Finally, in an analysis of the 
genetics of migraine, genotypic correlation 
to expression of a candidate gene suggests a 
regulatory basis for this trait49. Increasingly, 
these types of meaningful links between 
disease-associated variants and eQTLs are 
providing the basis for selecting candidate 
genes and exploring the mechanisms under-
lying different diseases (TABLE 1). However, 
specific caveats in interpreting correlations 
between GWA and eQTL signals must be 
heeded (BOX 1).

Future directions
eQTL studies are increasingly informing 
the architecture of gene regulation and 
allowing us to connect genetic variation  
to important physiological traits. Many  
studies have already begun to link cellular 

traits (predominantly expression) to  
disease traits. There are certain challenges 
ahead, however.

From cellular to disease traits. First, given 
that measures of eQTL sharing vary across 
cell types and biological traits, context- 
specific discovery might affect our ability  
to relate genetic effects at the cellular  
level to disease-related traits. Future studies 
will need to be conducted in relevant tissues  
that underlie the aetiology of the trait of 
interest. This will require us to leverage 
advances in technologies such as induced 
pluripotent stem cells (iPSCs) to derive 
harder-to-acquire cell types50. An alternative 
solution could be to engineer cellular states 
that have components of the model system 
of interest in model organisms or through 
chemical-genetics-based approaches. These 
approaches might allow us to study networks 
in inaccessible cell types by activating  
relevant pathways in external environments 
or by using exogenous agents.

Personalized transcriptomics. A second  
major challenge is to elucidate the causal 
variants. Population-scale genome 
sequencing is providing the potential to 
achieve this with unprecedented resolu-
tion of the genetic variation that influ-
ences expression traits51. The diversity of 
functional-genomics-sequencing-based 
tools such as RNA-seq and ChIP–seq, in 
combination with full-genome sequencing, 
will allow the discovery both of specific 
causal variants and any associated func-
tional information. This will allow the 
impact of novel variants to be inferred. 
The combination of this information will 
probably be more useful for determining 
disease risk and developing treatments 
than any one method alone: the expression 
data integrates the impact of multiple vari-
ants and the environment, and the genome 
data integrates the genetic data while 
being agnostic to cellular condition. Such 
information would, for instance, illuminate 
epistatic interactions between regulatory 
variants and protein-coding variants and 
inform about whether disease-predisposing 
variant effects are modulated, thus  
illuminating modes of differential penetrance.

eQTL studies are showing that future 
visits to the clinic will not be solely based 
on personalized genomics (that is, genome 
sequencing) but instead on personalized 
‘omics’, which will combine in-depth  
analysis of DNA and functional genomics  
to tell us more about the medical condition 
of an individual.
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