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Abstract
Variation in non-coding DNA, encompassing gene regulatory regions such as enhancers and promoters, contributes to risk for
complex disorders, including type 2 diabetes. While genome-wide association studies have successfully identified hundreds of
type 2 diabetes loci throughout the genome, the vast majority of these reside in non-coding DNA, which complicates the process
of determining their functional significance and level of priority for further study. Here we review the methods used to exper-
imentally annotate these non-coding variants, to nominate causal variants and to link them to diabetes pathophysiology. In recent
years, chromatin profiling, massively parallel sequencing, high-throughput reporter assays and CRISPR gene editing technolo-
gies have rapidly become indispensable tools. Rather than treating individual variants in isolation, we discuss the importance of
accounting for context, both genetic (such as flanking DNA sequence) and environmental (such as cellular state or environmental
exposure). Incorporating these features shows promise in terms of revealing biologically convergent molecular signatures across
distant and seemingly unrelated loci. Studying regulatory elements in the proper context will be crucial for interpreting the
functional significance of disease-associated variants and applying the resulting knowledge to improve patient care.
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Abbreviations
ATAC-seq Assay for transposase-accessible

chromatin sequencing
ChIP-seq Chromatin immunoprecipitation sequencing
dCas9 Dead CRISPR-associated protein 9
DHS DNase I hypersensitive site

eQTL Expression quantitative trait loci
GATA1 GATA-binding factor 1
GFP Green fluorescent protein
GWAS Genome-wide association studies
LPS Lipopolysaccharides
MPRA Massively parallel reporter assay
RFX Regulatory factor X
SE Stretch enhancer
sgRNA Single guide RNA
SNP Single-nucleotide polymorphism
STARR-seq Self-transcribing active regulatory

region sequencing

Introduction

Type 2 diabetes is a growing public health concern worldwide,
as the number of people who suffer from the disease is expected
to rise from 425 million in 2017 to 629 million by 2045 [1].
Two of the hallmarks of type 2 diabetes are the development of
insulin resistance in peripheral tissues (liver, skeletal muscle
and adipose) and dysfunction of insulin-secreting beta cells in
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the pancreatic islets [2]. While environmental factors such as
diet and exercise level contribute to type 2 diabetes, genetic
predisposition also plays a key role. Genome-wide association
studies (GWAS) have identified more than 200 loci associated
with type 2 diabetes and related metabolic traits [3] (Fig. 1a).
These genetic findings have already identified targets for
known drugs such as thiazolidinediones [6], which serves as a
positive control for the approach. At most such genomic loci,
however, the variant with the strongest statistical association
with type 2 diabetes (‘lead single-nucleotide polymorphism’
[SNP]) is found outside of protein-coding regions, suggesting
a primary role for non-coding cis-regulatory elements in genetic
risk for type 2 diabetes. Such variants may confer risk by alter-
ing transcription factor binding sites that propagate signals from
upstream transcription factors to influence downstream target
gene expression. It is challenging to determine the functional
effects of non-coding variants for several reasons. First, lead
SNPs are not necessarily the causal variants, which could

instead be among the many other variants in strong linkage
equilibrium (LD) (Fig. 1b). Second, even after mapping a caus-
al regulatory variant, it is often difficult to identify its down-
stream target gene(s), which may be distant. For example, an
obesity-associated variant located within the first intron of the
FTO gene affects expression of the genes IRX3 and IRX5, lo-
cated over a megabase away from the variant, without affecting
the expression of the closest FTO gene [7, 8]. To bridge the
disconnect between genetic factors and disease processes, there
is a critical need to experimentally and bioinformatically anno-
tate non-coding variants to better understand the biological
mechanisms that contribute to genetic predisposition to type 2
diabetes. A refined view of the genetics of type 2 diabetes may
allow for personalised risk scores [9] and stratification of pa-
tients by different underlying pathophysiology [10].

Here, we review genome-wide approaches to map regulato-
ry elements, highlighting studies that have successfully applied
these approaches to add gene regulatory context to type 2

Fig. 1 Functional mapping of
diabetes-associated variants using
tissue-specific regulatory maps.
GWAS have identified loci
associated with risk for type 2
diabetes, with strength of
association (-log10 p value)
shown throughout the genome in
a Manhattan plot (a, data from [4,
5]). Each genome-wide
significant region (above the
horizontal red line) can then be
explored using a locus-zoom plot
(b), which shows one of the type
2 diabetes-associated loci
(overlapping the gene WFS1) as
an example [5]. In the locus zoom
plot, each dot represents a variant
associated with type 2 diabetes,
and its colour represents the level
of linkage disequilibrium (LD),
with the lead variant (reference
variant [Ref Var]) highlighted in
purple. Most SNPs occur in non-
coding regions, where chromatin
state analyses (c) help identify
locations of tissue-specific
regulatory regions. While some
enhancer regions may be shared
across tissues, there are others that
are unique. This figure is
available as part of a
downloadable slideset
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diabetes GWAS variants. We discuss how integrating these
maps may identify convergent mechanisms across distant loci,
and shared biology underpinning type 2 diabetes pathogenesis.
Finally, we propose future studies that could provide additional
mechanistic information.

Tissue-specific maps of chromatin state
identify relevant regulatory regions

In eukaryotes, DNA is wrapped around histone proteins to form
nucleosomes; strings of nucleosomes then form a higher-order
structure called chromatin in the cell nucleus. Beyond structural
roles in packagingDNA, histones contribute to establishing and
maintaining cell-type-specific gene expression programs by
signalling through post-translational modifications and by reg-
ulating the accessibility of DNA to transcription factors.

Histone modifications Protruding ends of histone proteins can
be post-translationally modified with various covalent marks
(e.g. methylation, acetylation). Genome-wide maps for vari-
ous histone marks have been generated for human cell lines
and primary tissues using chromatin immunoprecipitation and
sequencing (ChIP-seq) [11, 12], revealing that histones in dif-
ferent regions of the genome are decorated with distinct
marks, reflecting the regulatory activity of those regions
[13]. For example, transcription start sites are marked by tri-
methylation of histone H3 lysine 4 (H3K4me3), while en-
hancers are marked by both mono-methylation of H3K4
(H3K4me1) and acetylation of H3K27 (H3K27ac).
Chromatin segmentation analyses integrate combinations of
histone marks to annotate the genome into discrete ‘states’,
each of which can be given labels that describe the underlying
regulatory activity such as promoters and enhancers [14] (Fig.
1c). Parker, Stitzel and colleagues constructed chromatin state
maps for pancreatic islets, and identified islet-specific stretch
enhancers (SEs), which are long (≥3 kb) segments of the ge-
nome that are continuously decorated with enhancer-
associated histone marks. SEs were found near to critical pan-
creatic islet genes (e.g. INS1), and were enriched for GWAS
variants associated with type 2 diabetes and related traits [15].
Similar observations have been made for disease-relevant cell
types in other disease models [16–18]. These studies collec-
tively represent the first level of functional convergence in
which disease-relevant variants across the genome are
enriched in a set of large enhancers active in specific tissues.
However, while chromatin state analysis is useful for
narrowing down the regions of interest to a small subset of
regulatory regions, the resolution of analysis is approximately
200 bp (a consequence of the fact that each nucleosome con-
tains about 147 bp of DNA wrapped around the histones),
which is still too coarse to pinpoint the underlying sequence
motif(s) that could be mediating a genetic regulatory effect.

Accessible/open chromatin regions Transcription factor bind-
ing can create focal changes to chromatin architecture such
that nucleosomes are displaced and the surrounding DNA
becomes more physically accessible (‘open’). Information
about chromatin accessibility can then be used to infer binding
of individual transcription factors by looking for small regions
that are protected (‘footprints’) relative to the more accessible
flanking regions. Some of the first genome-wide maps of open
chromatin regions in human pancreatic islets used
formaldehyde-assisted isolation of regulatory elements
(FAIRE-seq) [19] or DNase I digestion coupled to DNA se-
quencing (DNase-seq) [20]. By comparing these data to maps
from other cell types, these studies identified islet-specific
open chromatin regions that coincided with evolutionarily
conserved binding sites for key islet transcription factors near
to genes of critical importance in pancreatic islets (e.g. PDX1
and NKX6-1). Subsequently, Pasquali and colleagues identi-
fied a subclass of open chromatin regions (which they referred
to as C3 regions) enriched for enhancer-associated histone
marks, bound by multiple key islet transcription factors, and
in long-range physical interactions with nearby islet-specific
gene promoters [21]. In recent years, a new open chromatin
profiling method, the assay for transposase-accessible chro-
matin sequencing (ATAC-seq) [22], has enabled more routine
analysis of scarce samples, such as human pancreatic islets,

Fig. 2 Pinpointing individual cis-regulatory elements within broader reg-
ulatory regions. (a) Open chromatin regions can be identified by DNase-
seq or ATAC-seq. Motif analysis within open chromatin regions may
identify bound cognate transcription factors. Here we have shown how
searching a transcription factor binding site motif database for the motifs
identified in the open chromatin region can nominate a motif associated
with a specific transcription factor. (b) Expression quantitative loci
(eQTL) analyses, which use statistical associations between genetic var-
iation and gene expression at a population level, can identify variants that
influence expression of downstream target genes, for example, by acti-
vating or disrupting transcription factor binding sites. In this example, the
blue ‘C’ allele disrupts the red motif and is associated with decreased
expression of the hypothetical target ‘gene X’. This figure is available
as part of a downloadable slideset
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because of its lower minimum sample size (Fig. 2a). Recent
islet ATAC-seq analyses identified significant enrichment for
type 2 diabetes GWASSNPswithin the footprints of transcrip-
tion factors belonging to the regulatory factor X (RFX) family
[23]. Interestingly, for all nine SNPs found across five inde-
pendent loci, the risk alleles disrupted highly preferred bases
within the RFX motifs, suggesting a model in which cumula-
tive disruption of RFX binding sites leads to increased risk of
type 2 diabetes. Notably, mutations in the DNA-binding do-
main of RFX6 result in Mitchell–Riley syndrome, an autoso-
mal recessive neonatal form of diabetes [24].

Compared with analysis of histone marks, open chromatin
analyses (especially ATAC-seq) have a higher resolution, per-
mitting the identification of specific transcription factor motifs
that may be systematically altered by risk alleles. These find-
ings represent a higher-resolution form of convergence: not
only are islet enhancers enriched for overlap with type 2 dia-
betes GWAS variants, but the specific RFX motifs within
these larger islet enhancers are systematically disrupted by
risk alleles. The next step towards identifying the putative
target gene of the regulatory motif can be accomplished with
expression quantitative trait loci (eQTL) studies, which look at
population-level statistical associations between gene expres-
sion and genetic variation to assign SNPs to target genes (Fig.
2b). Several such studies have been conducted across diverse
and diabetes-relevant human tissues, such as adipose tissue,
islets, liver and skeletal muscle [23, 25–28], and larger emerg-
ing studies promise to be a valuable sources of eQTLs.
Additional layers of regulatory annotation could reveal addi-
tional signatures of convergence.

Activity-based functional genomics
to nominate causal variants

While mapping histone marks and open chromatin regions can
identify candidate regulatory regions, complementary ap-
proaches are needed to functionally validate the effect of individ-
ual genetic variants on enhancer activity. One such method is to
narrow down putative causal variants to a subset through statis-
tical genetic fine-mapping (reviewed in [29]). However, even
with large cohorts and diverse ancestries, there frequently remain
a number of plausible candidate regulatory variants. Because
statistical genetic fine-mapping techniques and functional geno-
mics may yield discordant results, it is important to compare the
subsets of variants that emerge from these approaches.

Massively parallel reporter assay Reporter assays provide a
complementary set of methods to test the regulatory activity of
enhancers and promoters by cloning them into an episomal
(extra-chromosomal) plasmid containing a reporter gene (e.g.
green fluorescent protein [GFP], luciferase) [30]. Prior studies
have successfully applied these assays to identify type 2 diabetes

risk variants that alter enhancer activity (for specific loci, see ref.
[31]). However, these approaches conventionally require one-
by-one testing of each enhancer fragment and/or allele, making
them too low-throughput to accommodate the rapidly growing
number of loci associated with type 2 diabetes [3]. Massively
parallel reporter assays (MPRAs) have recently emerged as a
powerful tool to study the activity of tens of thousands of cloned
DNA fragments (for a review see [32]), which allow researchers
to construct, transfect and test the activity of many putative
enhancers all in a single, pooled experimental format (Fig. 3a,
b). Here we highlight some of the studies that have successfully
used MPRAs to identify regulatory variants. However, since
none of the MPRA studies conducted to date have focused on
type 2 diabetes, we will discuss studies in other disease models
to illustrate the utility of these methods.

One such study sought to functionally validate variants as-
sociated with erythrocyte traits. They tested a library of 75
GWAS lead SNPs and 2,681 others in high linkage disequilib-
rium (r2 ≥ 0.8) [34]. Sequences with significant activity in their
MPRA were more likely to originate from highly accessible
regions of chromatin termed DNase I hypersensitive sites
(DHSs) in erythroid cell types in vivo, andwere alsomore likely
to overlap with the binding sites for a critical erythroid transcrip-
tion factor GATA-binding factor 1 (GATA1) and its cofactor T
cell acute lymphocytic leukaemia 1 (TAL1), as compared with
sequences that did not exhibit activity in their reporter assay.
There were 32 variants with a concordant effect on regulatory
activity and chromatin accessibility, i.e. alleles that were more
active inMPRA exhibited higher chromatin accessibility at their
native loci. In another recent study, anMPRA library was tested
in two different human immortalised cell lines (HepG2 and
K562), identifying motifs and variants predictive of cell-type-
specific activity [35]. Thus, reporter assays at least partially
reflect the native transcriptional regulatory environment, and
employing these assays in distinct cell types provides cellular
and developmental contexts needed to understand the biological
effects of genetic variants in different tissues and organs.

Self-transcribing active regulatory region sequencing
(STARR-seq) is another promising MPRA approach [36], in
which cloned candidate DNA fragments stimulate their own
transcription, and the resulting enhancer activities are mea-
sured by RNA sequencing (RNA-seq). One recent application
of STARR-seq examined putative enhancers overlapping
GWAS loci associated with cancer risk [37], and observed that
~18% of fragments tested had activity above background.
Active fragments were enriched for those bearing active his-
tone marks at their endogenous loci, which suggests that the
regulatory signatures needed to establish these chromatin
states in vivo is at least partially encoded on these fragments,
and may be disrupted by variants within them.

There are several limitations associated with current
MPRA approaches. First, fragments may have different activ-
ities on episomal plasmids as compared with their endogenous
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loci, where they are packaged into chromatin and flanked by
native sequence. Second, the activity of some of the enhancers
may require the presence of multiple transcription factor bind-
ing motifs (reviewed in [38]), such that MPRAs may fail to
detect activity for individual fragments in isolation. Third,
some reporter plasmids use synthetic, heterologous elements
such as a minimal promoter to test enhancer fragments. Prior
studies have suggested there may be a requirement for pro-
moters and enhancers to be of compatible ‘types’ [39, 40];
therefore, if candidate enhancers are incompatible with the
type of promoters used in the MPRA, this may lead to false-
negative or false-positive results. Finally, MPRAs are only
intended to test whether individual cis-regulatory elements
(or allelic variants) are sufficient to activate gene expression;
a key complementary question, which we discuss next, is
whether individual sites are necessary for enhancer activity.

In situmutagenesis of regulatory elements using CRISPR/Cas9
Genome and epigenome engineering methods provide power-
ful new tools for studying gene dysregulation in type 2 diabe-
tes. Gene or regulatory element knockout cells or animals can
now be routinely derived using CRISPR/Cas9-directed

mutagenesis (Fig. 3c). In addition, modulation of target gene
expression has been demonstrated by fusing catalytically dead
CRISPR-associated protein 9 (dCas9) protein to various tran-
scriptional effectors (reviewed in [41]). These tools allow re-
searchers to test enhancer function in the native chromosomal
context (i.e. in situ) to circumvent some of the limitations
associated with MPRAs, and to create animal or cell line
models for selected alleles.

Pooled in situ approaches combine Cas9 nuclease with li-
braries of single guide RNAs (sgRNAs) that densely tile a target
locus to map functional regulatory elements that are required
for target gene expression. One of the first uses of this approach
targeted DHSs surrounding the BCL11A gene, and discovered
several critical regions that, upon deletion, resulted in reduced
expression of the BCL11A gene and a concomitant increase in
expression of fetal haemoglobin (which is normally repressed
by BCL11A). Within these critical regions, the authors also
identified a binding site for the key erythroid transcription factor
GATA1 [42]. In this example, maps of erythroid-specific chro-
matin accessibility narrowed the region of interest of potentially
important sites, but a systematic knockout screen was needed to
define the regulatory grammar.

Fig. 3 Functionally dissecting
cis-regulatory elements. (a) Tiling
MPRAs may identify sequence
fragments that can act as
promoters or enhancers, either
basally (grey) or after an
environmental exposure (orange).
(b) Allele-specific MPRA is used
to systematically analyse the
impact of nucleotide substitutions
on the regulatory activity of
selected elements. Analysis of the
MPRA data with quantitative
allele-specific analysis of reads
(QuASAR) can help take into
account base-calling errors and
over dispersion [33]. One of the
limitations of MPRA is that the
elements may show different
activities in DNA fragments in
isolation compared with their
endogenous loci, and (c) CRISPR
mutagenesis can be used to test
the necessity of regulatory
elements in the native chromatin
context. This figure is available as
part of a downloadable slideset
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Small indels (insertion or deletion of bases) induced by
non-homologous end-joining may not be sufficient to disrupt
enhancer function; therefore, more recent approaches use
pairs of sgRNAs in each cell to delete larger DNA fragments
[43, 44]. An alternative strategy to investigate the impact of
regulatory variants using in situ mutagenesis involves the in-
troduction of precise single-nucleotide mutations at the target
locus, which can be achieved by providing an exogenous
DNA template with desired mutations for homology-
directed repair.

Current pooled in situ mutagenesis approaches require a
functional phenotype that can be perturbed and selected for.
One such example is the expression level of an endogenous
gene (e.g. fetal haemoglobin in ref. [42]), or a tagged gene
product (e.g. GFP). However, it is difficult to apply these
schemes to broad collections of enhancers, since the vast ma-
jority of their target genes are not known, or even if they were,
would require laborious construction of many bespoke report-
er cell lines. A recently developed approach, MOsaic Single-
cell Analysis by Indexed CRISPR Sequencing (MOSAIC-
seq) provides a promising general alternative for in situ en-
hancer mutagenesis, which combines the targeting of a dCas9-
Krüppel associated box (KRAB) transcriptional repressor to
candidate regulatory loci (i.e. CRISPR interference, or
CRISPRi), with a read-out provided by single-cell RNA se-
quencing (scRNA-seq) to measure the resulting change in
gene expression [45]. Besides conducting a proof-of-
principle experiment by targeting the β-globin locus in
K562 cells, the authors demonstrated its utility by targeting
constituent enhancers within 15 different super-enhancers to
dissect the relative contribution of each constituent on target
gene expression. Establishing appropriate cellular models and
read-outs remains a challenge for applying these techniques to
type 2 diabetes, but, nevertheless, they hold promise for finely
mapping the individual cis-regulatory sites and establishing
their grammar.

Beyond the CRISPRmodification and expression profiling
experiments described above, proximity in the 3D chromatin
environment of the nucleus provides another signal to pair cis-
regulatory SNPs with their target genes. One such example in
islets is a C3 region and ISL gene promoter [21]. A potential
gold-standard for linking a candidate cis-regulatory SNP to its
target gene would be the observation of consistent results
across these approaches, from statistical association to exper-
imental profiling and perturbation.

Cis-regulatory elements operate
in a context-specific manner

Factors that modulate the nuclear trans environment (e.g. tran-
scription factor abundance and localisation) greatly influence
how cells execute cis-regulatory programs. Such factors could

be intrinsic properties of different cell types established during
development, or could be modulated by extrinsic stimuli, such
as stress or hormone signalling. However, most functional
genomic maps and reporter screens carried out to date have
been obtained under steady-state (or basal) conditions.
Therefore, integrating these maps and screens with develop-
mental or treatment-induced dynamics represents an impor-
tant direction for future studies. Here we present examples
that illustrate how studying the impact of genetic variants
under the proper context may be crucial for revealing func-
tional convergence of disease-associated variants (Fig. 3a).

Environmental perturbation may be required to reveal the
activity of some regulatory elements. For example, one study
described ‘latent enhancers’ in mouse bone marrow-derived
macrophages, which under basal conditions do not exhibit ei-
ther histone marks typically associated with enhancer or chro-
matin accessibility but rapidly acquire these marks in response
to an inflammatory agent (lipopolysaccharides [LPS)]) or in-
flammatory cytokines such as IL-4 and IFNγ [46]. Similar
observations were reported in human primary monocytes upon
stimulation, and genetic associations were uncovered, with
gene expression which varied when different immune stimuli
were applied, such that both treatment and genotype interacted
to affect gene expression [47]. In a particularly striking exam-
ple, at one SNP associated with HIP1 expression, the direction
of association reversed under treatment, with the selected allele
negatively correlated with HIP1 expression in unstimulated
cells but positively correlated after stimulation with LPS.
Another example from the same study highlighted how dynam-
ic gene expression kinetics required selecting the proper exper-
imental time points: when cells were stimulated with LPS for
2 h, SNP rs2275888was only associated with expression of one
gene; however, the same SNP became associated with expres-
sion of five others after 24 h of stimulation.

Genome-wide regulatory maps made under different treat-
ments illustrate the widespread impact of environmental ex-
posures on gene regulation. For example, analyses in the
mouse liver showed that 24 h of fasting induced changes in
chromatin accessibility and H3K27ac signals around thou-
sands of DHSs located nearby fasting-induced genes.
Combining RNA-seq and ChIP-seq analyses for key tran-
scription factors whose motifs were enriched within fasting-
induced DHSs, the authors identified the glucocorticoid recep-
tor as a critical factor that makes fasting-induced enhancers
accessible so that other factors such as cAMP responsive ele-
ment binding protein 1 (CREB1) can bind and activate gluco-
neogenesis programs in the liver [48].

While the above studies clearly highlight the importance of
studying gene regulation under diverse environmental condi-
tions, the application of this emerging concept is still limited in
the diabetes genomics literature; a few recent examples are
described here. To identify glucose-responsive regulatory ele-
ments in pancreatic islet beta cells, the INS-1E rat pancreatic
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islet beta cell line was treated with glucose for 2 and 12 h and
genome-wide changes in occupancy of MED1 protein (a sub-
unit of the mediator complex that is involved in long-range
interaction between enhancers and promoters), DHS and en-
hancer RNA transcription were measured [49]. Clustering
analysis based on temporal dynamics identified six different
patterns, which correlated with temporal dynamics of nearby
glucose-responsive genes in their RNA-seq data. Motif enrich-
ment analyses within these glucose-responsive regulatory ele-
ments identified the motif for carbohydrate response element
binding protein (ChREBP), a transcription factor that was pre-
viously implicated in glucose-induced gene regulation in pan-
creatic islet beta cells. Two recent studies focused on a type 2
diabetes variant (rs508419) that overlaps with a skeletal
muscle-specific promoter region at the ANK1 locus [28, 50].
Human skeletal muscle eQTL data indicate that risk allele dos-
ages result in higher ANK1 expression [28]. Testing of the SNP
region by luciferase reporter assays in the C2C12 mouse skel-
etal muscle myoblast cell line showed that the risk allele ex-
hibited higher promoter activity than the non-risk counterpart
[50]. Interestingly, however, the researchers were able to detect
impairment only when they treated cells with insulin; under
basal conditions, increased ANK1 protein did not affect glu-
cose uptake. Of note, prior islet eQTL studies showed that the
risk allele of the same variant (rs508419) is associated with
reduced expression of the transcription factor NKX6-3 [23,
25]), representing a tissue-dependent effect of regulatory vari-
ants, and potentially more complicated genetic architecture at
this locus that is yet to be revealed. These examples highlight
the importance and the challenges of modelling environmental
stimuli in functional genomic studies of diabetes.

Conclusions

GWAS continue to identify genomic loci contributing to type 2
diabetes risk; however, interpretation of these signals remains
challenging because most GWAS variants occur outside
protein-coding genes. In recent years, massively parallel se-
quencing, high-throughput reporter assays and CRISPR gene
editing technologies have quickly become indispensable tools
for researchers to further understand the molecular basis of com-
plex human diseases such as type 2 diabetes. In this review, we
have considered how these approaches may be employed to
further resolve GWAS-detected loci to identify individual vari-
ants and their functional effects. While the data generated so far
have provided deeper insight into the gene regulation of type 2
diabetes risk variants, our understanding of the tissue specificity
of these variants, and their interplay with environmental stimuli
remains limited. Since enhancers integrate and transduce envi-
ronmental signals to execute gene expression programs, studying
the impact of genetic variants under diverse conditions will be
crucial for furthering our understanding of disease-associated

variants. Moving forward, we believe that generating functional
annotations in different environmental contexts and genetic per-
turbations will help partition swathes of GWAS signals into co-
herent, tissue-specific subsets to shed light on underlying patho-
physiologies. In summary, by employing the approaches
discussed, additional convergent functional contexts are likely
to emerge, and this information would enable higher-resolution
patient stratification and determination of individualised risk.
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