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Type 2 diabetes mellitus has been at the forefront of human diseases and phenotypes studied by new genetic analyses.
Thanks to genome-wide association studies, we have made substantial progress in elucidating the genetic basis of
type 2 diabetes. This review summarizes the concept, history, and recent discoveries produced by genome-wide
association studies for type 2 diabetes and glycemic traits, with a focus on the key notions we have gleaned from these
efforts. Genome-wide association findings have illustrated novel pathways, pointed toward fundamental biology,
confirmed prior epidemiological observations, drawn attention to the role of β-cell dysfunction in type 2 diabetes,
explained ∼10% of disease heritability, tempered our expectations with regard to their use in clinical prediction, and
provided possible targets for pharmacotherapy and pharmacogenetic clinical trials. We can apply these lessons to
future investigation so as to improve our understanding of the genetic basis of type 2 diabetes.
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Introduction

During the last decade there has been an outpour-
ing of studies providing clues into the genetic ar-
chitecture underlying complex diseases. Type 2 di-
abetes mellitus (T2D) has been at the forefront of
human diseases and traits studied by new genetic
analyses. Prior to genome-wide association studies
(GWAS), the primary methods used to establish a
link between genotype and phenotype were linkage
analysis and candidate gene approaches. Linkage
analysis relies on shared DNA segments inherited
from common ancestors coupled with phenotypic
information. This method was useful in identifying
familial genetic variants with large effects, such as
those giving rise to maturity-onset diabetes of the
young (MODY).1 When applied to common T2D,
Reynisdottir et al. identified segments in chromo-
somes 5 and 10 with suggestive linkage to T2D.2

The chromosome 10 region harbored TCF7L2, one
of the T2D-associated genes with strongest effects,

although not sufficiently high to explain the original
linkage signal.3

Linkage analysis can detect rare genetic loci that
strongly influence a disease, but proved limited in
unveiling common genetic variants with a more
modest impact on complex diseases (Fig. 1). Associ-
ation methods could detect genetic variants causing
smaller effects. Unlike linkage analysis, in their ear-
lier form, association methods could only be applied
to candidate genes; they were therefore biased in as-
suming that a specific locus caused disease based on
biological plausibility, and limited in that they de-
pended on prior knowledge with a consequent disre-
gard for intergenic regions. From this work, PPARG
and KCNJ11 emerged as two candidate genes, both
of which encode targets for anti-diabetes medica-
tions and harbor missense variants associated with
T2D.4–6

Thanks to the completion of the Human
Genome and International HapMap Projects (see
below), the novel approach of searching for genetic
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Figure 1. Frequency of genetic variation and disease susceptibility. A portion of “missing heritability” may be explained by low-
frequency variants with intermediate penetrance. The low-risk–allele frequencies make the variants undetectable by current GWAS
arrays. Resequencing technology and new-generation arrays may help identify these low-frequency variants; larger sample sizes
may be needed to detect significant signals. The effort can be further strengthened by applying prior biological and epidemiological
data to select associations. Figure adapted from Refs. 113 and 114.

associations in a “genome-wide” fashion came to
fruition (Fig. 2). Thus, scientists embarked in
GWAS, which allowed them to discover multiple
gene variants with individually small effects. Once
a specific polymorphism is associated with a dis-
ease, it is usually annotated by naming the gene
in closest proximity to it. However, this does not
necessarily mean that the variant in question is
the molecular defect responsible for the pheno-
type, nor does it implicate the nearest gene; it sim-
ply flags a genomic region that harbors the causal
variant, which may itself be acting at a certain dis-
tance, for instance, by modulating expression of
a far-away gene. Therefore, while association sig-
nals are often identified by gene names, only in a
few cases has a causal relationship been demon-
strated, typically via fine-mapping and functional
approaches.

Substantial progress in our knowledge of the ge-
netic basis of T2D has been elucidated by T2D
GWAS, but there remains a large portion of un-
explained genetic heritability. This review summa-
rizes the concept, history, and recent discoveries
produced by GWAS for T2D and glycemic traits.
It will emphasize what we have learned from the ex-
plosion of data in the last 10 years, and how we
can apply our knowledge to future investigation
to gain further understanding of the genetic basis
of T2D.

Launching GWAS

The ability to interrogate the entire genome was
made possible by two key advances: the Human
Genome Project, with a draft sequence in 2001
and near-complete sequence in 2003, and the In-
ternational HapMap project, with its first phase
completed in 2005, and now currently in its third
phase.7–10 Progress in high-throughput and afford-
able genotyping technology; analytical tools to assist
in the data mining, cleaning, and interpretation of
large databases; and the assembly of international
collaborations combining well-phenotyped cohorts
made using these advances possible.

Following the completion of the Human Genome
Project, a search for genetic variation that might ex-
plain phenotypic diversity and an individual’s risk of
disease ensued. Assaying single nucleotide polymor-
phisms (SNPs) became a mainstream way to study
the association of genetic variation and disease. A
SNP is a single nucleotide DNA sequence variant
in the genome that differs between members of the
same species or a pair of chromosomes in an individ-
ual. SNPs occur on average every 300 base pairs, have
a low rate of recurrent mutation, and are most often
binary in nature. Several million SNPs were discov-
ered and deposited in public databases.11 Initially,
the HapMap genotyped 3.9 million SNPs in 270
DNA samples among four different ethnic groups
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Figure 2. Schematic of a typical GWAS design. The general design of GWAS starts with a stage 1 (discovery) cohort. The top
SNPs are promoted to the stage 2 (replication) cohort based on (1) a significance threshold that is usually dictated by pragmatic
considerations, (2) whether there is prior knowledge of association between the disease the variant, and (3) whether an association
is biologically plausible. The successfully replicated SNPs are meta-analyzed in the combined stage 1 and stage 2 cohorts. The SNPs
that reach levels of genome-wide significance (P = 5 × 10−8) are explored further using the functional analysis techniques listed.

and defined the underlying patterns of the inheri-
tance of genetic variation. The inheritance pattern
is quantified by linkage disequilibrium (LD), which
represents the likelihood that alleles of nearby SNPs
will stay together and preserve their linear arrange-
ment on a haplotype during meiosis. This likelihood
is dependent on recombination rates, with recombi-
nation events more likely to separate alleles that lie
further apart. In this manner, two SNPs in strong LD
will be inherited together more frequently than two
SNPs in weak LD. By knowing this correlation struc-
ture, investigators and chip manufacturers only have
to query a smaller subset of SNPs, or “tag” SNPs, to
design genotyping arrays and conduct association
analyses that essentially capture the majority of re-
maining common genomic variation. Genetic vari-
ants that are not directly genotyped can then be
imputed from the genotyped “tag” SNPs subset. Im-
putation presumes the allele of a SNP at a different
location inferred by its degree of LD with an allele
at a directly genotyped variant.12

Initial GWAS for T2D

GWAS have led to the discovery of 38 SNPs associ-
ated with T2D, in addition to nearly two dozen SNPs
associated with glycemic traits (Table 1). Notably,

although these SNPs have been associated with the
trait of interest beyond reasonable statistical doubt,
save a few exceptions, they have not yet led to the
identification of the specific causal variant(s).

The first GWAS for T2D was conducted in a
French discovery cohort composed of 661 cases of
T2D (body mass index [BMI] < 30 kg/m2, first-
degree family history of T2D) and 614 nondiabetic
controls were genotyped on two genotyping plat-
forms. In total, 392,935 SNPs culled from two dif-
ferent genotyping platforms were analyzed for asso-
ciation with T2D. Although two associations were
not reproducible in follow-up studies (LOC387761,
EXT2), this study identified novel and reproducible
association signals at SLC30A8 and HHEX and val-
idated the well known association at TCF7L2.13 In-
vestigators from the Icelandic company deCODE
and their collaborators confirmed the association
of loci SLC30A8 and HHEX with T2D and iden-
tified an additional signal in CDKAL1.14 On the
same day, three collaborating groups, the Well-
come Trust Case Control Consortium (WTCCC),
the Finland-United States Investigation of NIDDM
Genetics (FUSION) group, and the Diabetes Genet-
ics Initiative (DGI), published their findings repli-
cating SLC30A8 and HHEX , and independently

Ann. N.Y. Acad. Sci. 1212 (2010) 59–77 c© 2010 New York Academy of Sciences. 61



Genetics of type 2 diabetes Billings & Florez

Table 1. Genetic variants associated with T2D or glycemic traits at genome-wide levels of statistical significance

Locus Marker Chr

Type of

mutation

Allele

(Effect/

Other)

Effect allele

frequency

(HapMap-

CEU) Trait

Effect: OR/Beta (95%

CI/SE)

2000

PPARG rs18012824 3 Missense:

Pro12Ala

C/ G 0.92 T2D 1.14 (1.08–1.20)15–17

2003

KCNJ11/ ABCC8 rs5219/

rs757110a,5

11 Missense:

Glu23Lys/

Ala1369Ser

T/ C

G/ T

0.50

0.40

T2D 1.15 (1.09–1.21)17

2006

TCF7L2 rs7903146b,3,35 10 Intronic T/ C 0.25 T2D

FG

1.37 (1.28–1.47)18

0.023 (0.004)

rs12243326b,36 Intronic C/ T 0.21 2-hr G 0.07 (0.01)

2007

IGF2BP2 rs440296015–17 3 Intronic T/ G 0.29 T2D 1.17 (1.10–1.25)18

CDKAL1 rs775484015–17 6 Intronic C/ G 0.31 T2D 1.12 (1.08–1.16)

SLC30A8 rs1326663413,35 8 Missense:

Arg325Trp

C/ T 0.75 T2D

FG

1.12 (1.07–1.16)65

0.027 (0.004)

CDKN2A/ B rs1081166115–17 9 125 kb upstream T/ C 0.79 T2D 1.20 (1.14–1.25)

HHEX rs111187513 10 7.7 kb

downstream

C/ T 0.56 T2D 1.13 (1.08–1.17)17

FTO rs805013615,16 16 Intronic A/ C 0.45 T2D 1.15 (1.09–1.22)18

HNF1B rs757210110,111 17 Intronic A/ G 0.43 T2D 1.12 (1.07–1.18)65

2008

NOTCH2 rs1092393118 1 Intronic T/ G 0.11 T2D 1.13 (1.08–1.17)

THADA rs757859718 2 Missense:

Thr1187Ala

T/ C 0.92 T2D 1.15 (1.10–1.20)

ADAMSTS9 rs460710318 3 38 kb upstream C/ T 0.81 T2D 1.09 (1.06–1.12)

JAZF1 rs86474518 7 Intronic T/ C 0.52 T2D 1.10 (1.07–1.13)

CDC123/

CAMK1D

rs1277979018 10 Intergenic region G/ A 0.23 T2D 1.11 (1.07–1.14)

KCNQ1 rs2237892c,24 11 Intronic C/ T 0.61d T2D 1.4 (1.34–1.47)

rs231362c,65 Intronic G/ A 0.52 T2D 1.08 (1.06–1.10)

TSPAN8/ LGR5 rs796158118 12 Intronic C/ T 0.23 T2D 1.09 (1.06–1.12)

2009

IRS1 rs294364127 2 502 kb upstream C/ T 0.61 T2D 1.19 (1.13–1.25)

2010

DUSP9 rs594532665 X 8 kb upstream G/ A 0.12 T2D 1.27 (1.18–1.37)

PROX1 rs34087435 1 2 kb upstream C/ T 0.50 FG

T2D

0.013 (0.003)

1.07 (1.05–1.09)

BCL11A rs24302165 2 99 kb

downstream

A/ G 0.46 T2D 1.08 (1.06–1.10)

G6PC2 rs56088735 2 Intronic C/ T 0.70 FG

HOMA-B

HbA1C

0.075 (0.004)

−0.042 (0.004)

0.032 (0.004)

GCKR rs1260326e,17 2 Missense:

Leu446Pro

T/ C 0.40 2-hr G 0.10 (0.01)

rs780094e,35 Intronic C/ T 0.62 FG

FI

HOMA-IR

T2D

0.029 (0.003)

0.032 (0.004)

0.035 (0.004)

1.06 (1.04–1.08)

ADCY5 rs2877716f,36,81 3 Intronic C/ T 0.77 2-hr G 0.07 (0.01)

rs11708067f,35 Intronic A/ G 0.78 FG

HOMA-B

T2D

0.027 (0.003)

−0.023 (0.004)

1.12 (1.09–1.15)

Continued
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Table 1. Continued

Locus Marker Chr

Type of

mutation

Allele

(Effect/

Other)

Effect allele

frequency

(HapMap-

CEU) Trait

Effect: OR/Beta (95%

CI/SE)

SLC2A2 rs1192009035 3 Intronic T/ A 0.85 FG 0.02 (0.004)

WFS1 rs180121465 4 Intron–exon

junction

G/ A 0.27 T2D 1.13 (1.07–1.18)

ZBED3 rs445705365 5 41 kb upstream G/ A 0.26 T2D 1.08 (1.06–1.11)

DGKB/

TMEM195

rs219134935 7 Intergenic region T/ G 0.47 FG

T2D

0.03 (0.003)

1.06 (1.04–1.08)

GCK rs460751735 7 36 kb upstream A/ G 0.20 FG

HbA1C

T2D

0.062 (0.004)

0.041 (0.005)

1.07 (1.05–1.10)

KLF14 rs97228365 7 47 kb upstream G/ A 0.55 T2D 1.07 (1.05–1.10)

TP53INP1 rs89685465 8 Intronic T/ C 0.48 T2D 1.06 (1.04–1.09)

GLIS3 rs703420035 9 Intronic A/ C 0.53 FG

HOMA-B

0.018 (0.003)

−0.020 (0.004)

TLE4g rs1329213665 9 234 kb upstream C/ T 0.93 T2D 1.11 (1.07–1.15)

ADRA2A rs1088512235 10 210 kb

downstream

G/ T 0.90 FG 0.022 (0.004)

CENTD2 rs155222465 11 5′ UTR A/ C 0.88 T2D 1.14 (1.11–1.17)

CRY2 rs1160592435 11 Intronic A/ C 0.54 FG 0.015 (0.003)

FADS1 rs17455035 11 Intronic T/ C 0.63 FG

HOMA-B

0.017 (0.003)

−0.020 (0.003)

MADD rs794458435 11 Intronic A/ T 0.69 FG 0.021 (0.003)

MTNR1B rs1083096335 11 Intronic G/ C 0.30 FG

HOMA-B

HbA1C

T2D

0.067 (0.003)

−0.034 (0.004)

0.024 (0.004)

1.09 (1.06–1.12)

HMGA2 rs153134365 12 43 kb upstream C/ G 0.10 T2D 1.10 (1.07–1.14)

HNF1A rs795719765 12 20 kb

downstream

T/ A 0.85 T2D 1.07 (1.05–1.10)

IGF1 rs3576735 12 1.2 kb upstream G/ A 0.90 FI

HOMA-IR

0.01 (0.006)

0.013 (0.006)

C2CD4B rs1107165735 15 21 kb

downstream

A/ G 0.59 FG 0.008 (0.003)

PRC1 rs804268065 15 Intronic A/ C 0.22 T2D 1.07 (1.05–1.09)

VPS13C rs1727130536 15 Intronic G/ A 0.42 2-hr G 0.07 (0.01)

ZFAND6 rs1163439765 15 1.5 kb

downstream

G/ A 0.56 T2D 1.06 (1.04–1.08)

GIPR rs1042392836 19 Intronic A/ T 0.18 2-hr G 0.11 (0.01)

Loci are arranged by year of genome-wide significance (GWS). The SNP citations reference the publications where
the SNP initially associated with the trait. FG, fasting glucose (mmol/ L); FI, fasting insulin (pmol/ L); 2-hr G, 2-hour
glucose (FG adjusted, mmol/L); HbA1C, Hemoglobin A1C (%). Effect estimates are adapted from the references for
each SNP unless otherwise noted.
aThese two missense SNPs are in strong LD in two adjacent genes. Their protein products form the two components of
the hetero-octameric beta-cell KATP channel. Recent functional analysis suggests that the missense mutation at ABCC8
is likely the causal variant for gliclazide response.
bThese SNPs are in strong LD in Europeans (r2 = 0.79).
cThese SNPs are in low LD in Europeans (r2 = 0.01) and likely represent independent association signals.
dAllele frequency from HapMap-JPT.
eThese SNPs are in strong LD in Europeans (r2 = 0.93) but not in Africans (r2 = 0.43).
f These SNPs are in strong LD in Europeans (r2 = 0.82).
gFormerly annotated as CHCHD9.
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discovering novel associations at CDKAL1,
IGF2BP2, and CDKN2A/B.15–17

More power to detect low-effect size
common variants with increasing sample
size

WTCCC, FUSION, and DGI ultimately combined
their data to form the Diabetes Genetics Replication
and Metaanalysis (DIAGRAM) consortium, which
led to a substantial increase in sample size and, thus,
power to detect common genetic variants with low
effect size.18 Table 1 summarizes the findings of each
of these cohorts and consortia.

Most T2D genetics cohorts have now coalesced
to form DIAGRAM+, which achieved an effective
sample size of over 22,000 subjects of European
origin. In a recent report, 2,426,886 imputed and
genotyped autosomal SNPs, with additional inter-
rogation of the X-chromosome, were examined for
association with T2D as a categorical phenotype.
Fourteen signals, also shown in Table 1, reached
genome-wide significance (P < 5× 10−8) in asso-
ciation with T2D (this threshold is determined by
correction for the estimated 106 independent tests
that capture common genomic variation in non-
African populations19).

In addition to nine novel loci, this most recent
meta-analysis allowed for the confirmation of other
loci previously associated with T2D among smaller
cohorts including IRS1, MTNR1B, and KCNQ1.20–25

In independent work, IRS1 (encoding the insulin
receptor substrate-1) had been associated with
T2D, development of hyperglycemia, insulin resis-
tance by homeostasis model assessment (HOMA-
IR26), fasting glucose, and fasting insulin.27 Sev-
eral GWAS for fasting glucose as a quantitative
trait, described in more detail below, had already
identified MTNR1B as a locus influencing fasting
hyperglycemia, making it a candidate locus for as-
sociation with T2D.21–23 A third SNP, rs231362, is
located in an intron of KCNQ1 in chromosome 11,
which overlaps the KCNQ1OT1 transcript, thought
to influence expression of CDKN1C, which regu-
lates �-cell development;28 an independent signal in
KCNQ1 had been associated with T2D in Japanese,
Korean, Chinese, and European populations.24,25

Two additional loci were near genes that had been
linked with T2D in previous studies, but not at
genome-wide significance: HNF1A harbors rare
mutations that account for MODY, and BCL11A had

shown suggestive association not reaching genome-
wide significance in the first DIAGRAM discovery
meta-analysis.18

GWAS for continuous glycemic traits

Initial GWAS interrogated the genetic determi-
nants of T2D as a dichotomous phenotype (dis-
ease vs. no disease), rather than examining contin-
uous glycemic traits. Prior to the development of
GWAS, Weedon et al. had examined GCK , a gene
in which rare mutations cause a defect in the rate-
limiting enzyme that drives glucose metabolism in
the � cell, resulting in MODY2. Using the candidate
gene approach, they demonstrated that two com-
mon variants, rs1799884 and rs3757840, are associ-
ated with fasting glucose surpassing or approaching
genome-wide significance (1 × 10−9 and 8 × 10−7,
respectively).29

The association of GCK with fasting glucose and
the success of categorically driven GWAS primed the
field to examine the genetic factors that contribute
to the inter-individual variation in glycemic mea-
sures in normoglycemic subjects. Using a genome-
wide approach, G6PC2 and MTNR1B were associ-
ated with fasting glucose. It is postulated that G6PC2
modulates the glycolytic pathway and insulin se-
cretion by dephosphorylating glucose-6-phosphate
generated by the �-cell glucose sensor, glucoki-
nase. In a French cohort, carriers of the A allele
for rs560887 in the third intron of G6PC2 had de-
creased fasting plasma glucose and lower risk of
developing mild hyperglycemia in nine-year follow-
up.30 Shortly following the publication of these find-
ings, a study of nondiabetic individuals from Fin-
land and Sardinia reported an association between
SNP rs563694 and fasting glucose concentrations.
SNP rs563694 is in high LD (r2 = 0.729) with and
only 11 kb away from the SNP discovered in the
French cohort, rs560887.31

In early 2009, three groups concurrently de-
scribed the influence of MTNR1B on quantita-
tive glycemic traits and further characterized the
functional significance of one of these variants,
rs10830963.21–23 MTNR1B encodes the melatonin
receptor MT2, whose endogenous ligand melatonin
is a neurohormone that mediates circadian rhyth-
micity and appears to influence insulin secretion
and glucose levels.32–34 The largest of the three
studies was conducted by the Meta-Analysis of
Glucose and Insulin-related traits Consortium
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(MAGIC). MAGIC represents an international col-
laborative effort to combine data from multiple
GWAS to identify additional loci that affect glycemic
and metabolic traits. This initial study focused on
the top association signals from four individual con-
sortia meta-analyses, with each of these consortia
providing mutual replication of the top SNPs. This
meta-analysis of 10 cohorts, composed of 40,735 in-
dividuals, described the association of rs10830963 at
MTNR1B with fasting glucose (P = 3.2 × 10−50) and
T2D (P = 3.3 × 10−7) and confirmed the previously
known associations of GCK and G6PC2 with fasting
glucose.21,29–31 In an independent French cohort, a
second variant near MTNR1B (rs1387153) was asso-
ciated with T2D, fasting glucose, �-cell function by
homeostasis model assessment (HOMA-B26), and
glycated hemoglobin (HbA1C).22 Lyssenko et al. fur-
ther characterized the physiological ramifications
of carrying the risk allele in rs10830963. Carriers
of the G allele showed decreased insulin secretion,
increasing fasting glucose levels and a higher risk
of developing T2D in an average 23.5 year follow-
up period, as well as a higher proinsulin-to-insulin
ratio.23

In follow-up to these initial investigations,
a large-scale meta-analysis of all genome-wide
data for continuous fasting and 2-h postglu-
cose load traits in nondiabetic participants was
performed.35,36 Twenty-one GWAS of European
descent including 46,186 participants analyzed for
∼2.5 million genotyped or imputed SNPs coalesced
around MAGIC in order to examine fasting glucose,
fasting insulin, and fasting indices of �-cell function
and insulin resistance (HOMA-B and HOMA-IR
respectively).35 Lead SNPs were replicated among
76,558 additional individuals from 34 additional
cohorts (7 of which had undergone GWAS geno-
typing and contributed in silico replication). The
joint analysis for fasting glucose uncovered nine
new loci including SNPs in or near ADCY5, MADD,
CRY2, ADRA2A, FADS1, PROX1, SLC2A2, GLIS3,
and C2CD4B and one SNP upstream from IGF1 in
association with fasting insulin and HOMA-IR. The
meta-analysis also confirmed prior associations
for glycemic traits with SNPs in or near DGKB-
TMEM195, GCKR, G6PC2, MTNR1B, and GCK .
The 14 fasting glucose-associated loci explained
a substantial proportion (10%) of the inherited
variation in fasting glucose in the Framingham
cohort. In addition, an aggregate genotype score,

constructed by summing the risk variants, showed a
difference in fasting glucose of about 7.2 mg/dL be-
tween groups with the highest and lowest scores.35

Contrary to straightforward expectations, only five
of the novel fasting glucose-associated SNPs were
associated with T2D, which underscores that the
mechanism by which glucose is raised, rather than
elevated glucose alone, may have contributed to the
progression to T2D. The three loci with the largest
effect sizes on fasting glucose, GCPC2, MTNR1B,
and GCK, were found to have a significant asso-
ciation with HbA1C at genome-wide significance
thresholds;37 interestingly, G6PC2 does not increase
risk of T2D. In terms of insulin resistance mea-
sures, IGF1 (rs35767) and GCKR (rs780094) were
significantly associated with HOMA-IR and fasting
insulin.35

In order to examine glucose and insulin levels 2 h
after an oral glucose tolerance test (OGTT), nine
GWAS (n = 15,234) were compiled with replication
in 17 studies (n = 30,620).36 This study found an
association of SNP rs10423928 in GIPR (encoding
the gastric inhibitory peptide receptor) with glucose
levels 2 h after an oral glucose challenge.36 Gastric
inhibitory peptide is an incretin hormone released
from the intestine in response to oral glucose, and
it stimulates insulin secretion by the pancreatic �
cell.38 GIP response is decreased in T2D.39 In further
analyses supporting the known role of this pathway
in glucose regulation, this intronic SNP was associ-
ated with a decreased early-phase insulin secretion,
decreased insulin response, and lower insulin lev-
els 2 h after an oral, but not intravenous glucose
load.

Genetic variants and physiological
parameters

Assessing more detailed physiological parameters
influenced by newly discovered genetic variants
lends credibility to the original associations, besides
offering a better characterization of the mechanism
by which these variants might modulate glucose
and insulin levels and cause T2D. Consequently,
the MAGIC investigators systematically examined
the influence of the genetic variants newly asso-
ciated with fasting glucose, fasting insulin, and/or
2-h glucose with measures that define insulin pro-
cessing, insulin secretion, and insulin sensitivity.40

With these measures, loci were categorized into five
groups based on their hypothesized mechanism of
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action: (1) abnormal insulin processing, (2) higher
proinsulin and lower insulin secretion, (3) abnor-
malities in early insulin secretion, (4) reduced in-
sulin sensitivity, and (5) no obvious effect on in-
sulin processing, secretion, or sensitivity. MADD
(encoding a death domain-containing adaptor pro-
tein that propagates apoptotic signals) was strongly
associated with proinsulin levels, but not other pa-
rameters. This indicates that the locus is impli-
cated in isolated insulin processing only. TCF7L2,
SLC30A8, GIPR, and C2CD4B were associated with
higher proinsulin and lower insulin secretion. The
findings for TCF7L2 and SLC30A8 confirmed pre-
vious results, which appear biologically plausible
given the proposed function of these genes. For in-
stance, genetic variants in TCF7L2 are thought to
adversely affect �-cell responsiveness to incretins
and insulin granule exocytosis, which would impair
insulin processing and decrease insulin secretion.
In turn, variants at MTNR1B, FADS1, DGKB, and
GCK were only associated with a lower insulino-
genic index (which measures the initial phase of
glucose-stimulated insulin release, by dividing the
change in insulin over the first 30 min of an OGTT
by the change in glucose over the same time frame),
suggesting that variants in or near these genes im-
pair early insulin secretion. For instance, FADS1 en-
codes a key enzyme in metabolism of unsaturated
fatty acids, and insulin secretion differs in response
to meals with varying fatty acid composition.41 The
lower insulinogenic index caused by genetic varia-
tion in FADS1 indicates that variants in this gene
may alter an individual’s �-cell response to meals
composed of certain fatty acid content. SNPs at
GCKR and IGF1 were found to influence insulin
sensitivity by multiple methods whose calculation
includes measurements beyond fasting glucose and
insulin. A functional variant at GCKR (encoding the
glucokinase regulatory protein) may act by inhibit-
ing glucokinase in the liver, leading to increased hep-
atic glucose production.42 Glucose lowering by IGF1
occurs by the binding of insulin receptors, stimula-
tion of glucose transport into fat and muscle, and
thus, lowering glucose and suppression of insulin.43

Unlike GCKR, the influence of the index SNP near
IGF1 on glucose homeostasis is not yet understood.
This study confirmed that these variants influence
insulin resistance measures that go beyond the fast-
ing state, possibly implicating extra-hepatic tissues
in the process.

What have we learned from GWAS?

In a short span of five years, GWAS investigating
the links between genetics and complex traits have
transformed our knowledge. As we strive to deci-
pher how to navigate these new roads, it may be
instructive to look back at what we have learned to
know how to journey forward.

Box 1. What have we learned
from GWAS?

• They illustrate novel pathways.
• The association of a missense mutation

rs13266634 in SLC30A8 (encoding Zn2+

Transporter, ZnT-8) with type 2 diabetes has
highlighted the importance of Zn2+ trans-
port in the � cell, the variant’s influence
on insulin packaging and secretion, and
this pathway’s potential relevance as a drug
target.

• New findings point to fundamental biology.
• The intronic SNP rs7903146 in TCF7L2 is lo-

cated in an open chromatin site in � cells; its
risk T alllele is correlated with an increased
transcription in human islets and with
increased expression in cellular luciferase
assays.

• Genetic discoveries support prior epidemio-
logical observations.

• The T allele of rs17550 in FADS1 is associated
with higher fasting glucose, lower HOMA-
B, increased LDL and HDL cholesterol, and
decreased triglycerides.

• Variants in HNF1A are associated with type 2
diabetes, C-reactive protein, coronary artery
disease, and LDL cholesterol levels.

• MTNR1B and CRY2 link T2D and circadian
rhythms in support of animal and human
studies.

• ADCY5 variants increase fasting and 2-h
glucose, as well as risk of type 2 diabetes;
they are also associated with lower birth
weight.

• Most loci point to the � cell.
• The majority of loci associated with type 2

diabetes point to primary defects in the �
cell.

• However, IRS1 (encoding insulin receptor
substrate-1) has been associated with T2D.
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• Both IGF1 and GCKR have been associated
with measures of insulin resistance (HOMA-
IR and fasting insulin) at genome-wide levels
of significance.

• Increasing sample size and modifying study
design have helped discover variants associ-
ated with insulin resistance.

• So far, genetic variants only explain 10% of
T2D heritability.

• GWAS have been limited to common vari-
ants and primarily populations of European
descent.

• In order to find the “missing heritabil-
ity,” investigators are pursuing fine-mapping
around the associated regions, leverag-
ing the 1,000 Genomes project, applying
next-generation sequencing, analyzing the
Metabochip, using improved informatics for
gene × gene and gene × environment inter-
actions, expanding to nonwhite populations,
and incorporating prior biological knowl-
edge to interpret significance of variants.

• Common genetic variants are not yet useful
in clinical prediction.

• Although variants may be limited in their
ability to predict type 2 diabetes, genetic
information may sway a person to change
lifestyle behavior that may reduce their risk
of developing the disease.

• Genetic prediction may be more useful in
younger age groups, before clinical risk fac-
tors develop.

• They provide an opportunity for therapeu-
tic intervention and pharmacogenetic clini-
cal trials.

• Pharmacogenetic studies in polygenic di-
abetes have studied primarily PPARG,
KCNJ11, and TCF7L2.

• Two correlated variants at KCNJ11 and
ABCC8 are associated with sulfonylurea fail-
ure and decreased mean fasting glucose on
sulfonylurea therapy.

• Carriers of risk variants at TCF7L2 are more
likely to fail sulfonulyurea therapy than met-
formin and more likely to be on insulin ther-
apy rather than diet alone.

They illustrate novel pathways
GWAS have implicated novel pathways in the de-
velopment of diabetes in humans. One of the earli-

est and most illustrative examples was the discovery
that the variant rs13266634, which encodes a R→W
change at position 325 in the �-cell zinc transporter
ZnT-8 (encoded by SLC30A8), was strongly asso-
ciated with T2D (OR 1.26 for the major C allele,
P = 5.0 × 10−7) in the first published GWAS for
T2D.13 This association was confirmed by the UK
WTCCC (P = 10−3),15 FUSION (P = 10−5),16 and
DGI (P = 5.3 × 10−8).17

SLC30A8 is expressed almost exclusively in pan-
creatic islets with low levels in the cortex and thy-
roid.44 Its protein product, ZnT-8, is a zinc trans-
porter localized in secretion vesicle membranes that
transports zinc from the cytoplasm into insulin se-
cretory vesicles.45 Insulin is stored as a hexamer
bound to two zinc ions, and ZnT-8 provides zinc
to allow for insulin storage and secretion.46 ZnT-8
thus appears to be a critical component of the fi-
nal biosynthetic pathway of insulin production and
secretion. Interestingly, overexpression of SLC30A8
in insulinoma cells increases glucose-stimulated in-
sulin secretion.47 Other in vitro studies demonstrate
that inflammatory cytokines noted to be elevated
in T2D downregulate ZnT-8 in � cells and alter
�-cell function.20,48 The development of a Slc30a8
null mouse shortly after the GWAS publications fur-
ther defined how these genetic variants may affect
glycemic parameters in vivo, although with vary-
ing results depending on the mouse model.49,50 In
the mouse models, the size and number of islets
as well as insulin sensitivity were comparable be-
tween knock-out (KO) mice and wild-type litter-
mates, though the latter showed decreased islet zinc
staining. Some of the KO models demonstrated
impaired glucose tolerance and fasting glucose de-
pending on age and gender, and one of the mouse
models also showed decreased plasma insulin
and decreased glucose-stimulated insulin secre-
tion. Thus, though the role of this gene in insulin
packaging and storage was known from prior work,
GWAS and the experiments spawned by them re-
vealed that coding variation in SLC30A8 may in-
crease the risk of developing T2D by causing an
insulin secretory defect.

New findings point to fundamental biology
While one can easily hypothesize about the bio-
logical consequences of missense SNPs, a potential
molecular mechanism is not readily apparent for
most other associated SNPs, which lie in intronic or

Ann. N.Y. Acad. Sci. 1212 (2010) 59–77 c© 2010 New York Academy of Sciences. 67



Genetics of type 2 diabetes Billings & Florez

intergenic DNA segments. Therefore, GWAS have
reinforced the fundamental quest to characterize the
biological relevance of non-coding genomic regions.

One pertinent example concerns the intronic
SNP in the gene TCF7L2, rs7903146. This SNP
has the strongest effect size on T2D demon-
strated for a common variant thus far (∼1.40
per copy of the risk allele).51,52 Using a new
method called FAIRE-seq (formaldehyde-assisted
isolation of regulatory elements coupled with high-
throughput sequencing), Gaulton et al. identified
open chromatin sites in human pancreatic islets.53

Open chromatin sites are evolutionarily conserved
and can be used to tag regions that are bound
by regulatory factors.54 Of 350 SNPs in strong
LD with variants associated with T2D or fasting
glycemia, 38 SNPs from ten loci (TCF7L2, CDKAL1,
CDKN2A/CKDN2B, IGF2BP2, CDC123/CAMK1D,
THADA, FTO, SLC30A8, HNF1B, and G6PC2)
were associated with an open chromatin region in
islets. Upon further examination of TCF7L2, SNP
rs7903146 was localized to an islet-selective open
chromatin site; more importantly, the high-risk T
allele is associated with a “more open” chromatin
state in human islets and greater enhancer activity, as
revealed by allele-specific luciferase reporter assays
in two �-cell lines.53 Given that the T allele asso-
ciates with an increased risk of T2D, the more open
chromatin state may imply increased transcription
of TCF7L2, and thus confirms prior observations
that the T allele is correlated with a fivefold in-
crease in TCF7L2 transcripts in human islets from
donors with diabetes when compared to controls.55

By pairing fundamental biology, such as open chro-
matin regions indicative of regulatory binding sites,
with current genetic association datasets, this study
demonstrated a mechanism by which an intronic
polymorphism may contribute to the development
of a human disease.

Genetic discoveries support prior
epidemiological observations
The GWAS method has not only led us to discover
new or confirm known biology, but also under-
scored prior epidemiological observations by pro-
viding potential genetic links between lipid dys-
regulation and glycemia (FADS1, GCKR, HNF1A),
circadian rhythmicity and metabolic derangements
(MTNR1B, CRY2), and low birth weight with sub-
sequent T2D risk (ADCY5). A potential connection

between genetic determinants of T2D that simulta-
neously lower cancer risk (HNF1B, JAZF1) is dis-
cussed at length elsewhere.56

Fatty acid desaturases (FADS) convert polyun-
saturated fatty acids into cell signaling metabolites
that in turn can affect circulating lipid levels.57 Dif-
ferent GWAS have associated FADS1 with fasting
glucose and HOMA-B (rs174550, P = 2 × 10−15,
and 5 × 10−13, respectively), HDL cholesterol and
triglyceride levels (rs174547, P = 2 × 10−12, and
2 × 10−14, respectively), and LDL cholesterol levels
(rs174546, P = 1 × 10−7).35,57,58 All of these SNPs
are in complete LD (r2 = 1) and therefore serve
as perfect proxies for each other. In a large meta-
analysis of glycemic traits, the T allele at rs174550
was associated with higher fasting glucose, lower
HOMA-B, increased HDL and LDL cholesterol, and
decreased triglyceride levels.35 Classically, T2D and
impaired fasting glucose have been clustered with
dyslipidemia in the metabolic syndrome; the discov-
ery of a genetic variant that is associated with both
measures provides support for this clinical correla-
tion. More recently, FADS1 was found to be associ-
ated with a statin-induced response in triglyceride
and HDL cholesterol levels (P = 2.6 × 10−6 and
6.8 × 10−6, respectively).59 Given that unsaturated
fatty acids influence insulin secretion, this genetic
variant can tightly link hyperglycemia and dyslipi-
demia.41 Although the same SNP appears to influ-
ence various metabolic parameters, each of these
measures could actually be influenced by differ-
ent SNPs in high LD with the index SNP; eluci-
dation of molecular mechanism requires functional
experiments.

HNF1A (encoding hepatocyte nuclear factor-
1�) illustrates a locus that contributes to the
inheritance of both a rare Mendelian disorder
and common polygenic disease, while also having
pleiotropic effects. Classically, MODY3 is caused by
a mutation in the HNF1A gene, which impairs the
dimerization of this transcription factor and thus
promotes metabolic dysregulation resulting in dia-
betes mellitus.60 Like FADS1, SNPs in the HNF1A
region have been associated with multiple related
traits including T2D (P = 2 × 10−8), C-reactive
protein (P = 2 × 10−8 to 1 × 10−30), coronary
artery disease (P = 5 × 10−7), and LDL choles-
terol (P = 2 × 10−8).57,61–65 In terms of lipid
metabolism and inflammation, HNF1A regulates
numerous genes involving lipoprotein metabolism
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and inflammatory markers in the liver.66 These ge-
netic variants create another molecular link between
related metabolic derangements.

MTNR1B is an equally compelling story that
helps provide a genetic link between circadian
rhythmicity and glucose metabolism. As discussed
above, MTNR1B variants have been associated with
glycemic quantitative traits including T2D, fasting
glucose, HOMA-B, and HbA1C.21–23 A second cir-
cadian gene, CRY2, has also been implicated in
regulating fasting glucose in nondiabetic individ-
uals.35 Epidemiological and physiological studies
in humans, as well as experimental work in ani-
mals, have established a clear relationship between
alterations of the circadian system and metabolic
derangements. Homozygous mutant Clock mice,
which are deficient in a key circadian rhythm
transcription factor, were noted to have a varia-
tion in nighttime activity, in addition to metabolic
disturbances including hyperphagia, obesity, hy-
perlipidemia, hepatic steatosis, hyperglycemia, and
hypoinsulinemia.67 Furthermore, wild-type islets
appear to possess a self-sustained oscillation of a
circadian gene (Per2) and circadian transcription
factors (CLOCK and BMAL1) that are not seen
in the islets of Clock null mice. In vivo studies in
Clock mutant mice and in vitro studies in islets
from whole-body Clock and Bmal1 mutant mice,
as well as islets from pancreas-specific Bmal1 mu-
tant mice, demonstrated impairment in insulin se-
cretion.68 In order to explain the higher glucose in-
tolerance noted in the morning versus night, Boden
et al. studied normal human volunteers undergo-
ing a hyperglycemic clamp titrated to various levels
of glucose control for 24 h. By measuring insulin
secretion, the investigators demonstrated that, par-
ticularly at higher glucose levels, insulin is secreted
in a circadian rhythm.32 In addition, people with
T2D demonstrate a decreased diurnal serum mela-
tonin level.34 The link between genetic variants in
MTNR1B and CRY2 with T2D and glycemic mea-
sures lends further credence to the relationships ob-
served in these animal and human studies.

Finally, genetic variants in ADCY5 (encoding
adenylate cyclase type 5) have been robustly associ-
ated with fasting glucose, 2-h glucose post-OGTT,
and T2D.35,36 In recent work confirmed by an inde-
pendent group, the same locus has been associated
with low birth weight.69,70 This finding provides an-
other molecular connection between the observed

predictive power of reduced size at birth with regard
to future metabolic derangements, including risk of
T2D.71

Most loci point to the β-cell
It is now clear that the risk of developing T2D is a
combination of genetic risk for �-cell dysfunction
superimposed on genetic and environmental fac-
tors (e.g. obesity, Western diet, sedentary lifestyle)
that promote insulin resistance. Recent genetic dis-
coveries have identified numerous variants that
appear to influence insulin secretion rather than
insulin resistance. For example, risk variants of CD-
KAL1 were associated with insulin secretion defects
and impaired insulin response to both oral and IV
glucose tolerance tests (IVGTT).14,72,73 Variants in
SLC30A8 were associated with insulin secretion de-
fects following OGTT.14,74 HHEX variants linked
with impaired �-cell function in response to OGTT
and hyperinsulinemic-euglycemic clamp.72,74,75 Fi-
nally, CDKN2A/B variants have been associated with
impaired glucose-induced insulin release in healthy
subjects.75 Of the ten novel variants discovered in
association with fasting glycemic traits in a large
meta-analysis, nine were associated with fasting
glucose/HOMA-B and only one was associated with
fasting insulin/HOMA-IR, both measures of insulin
resistance.35

There are several potential reasons for the dearth
of common genetic variants related to insulin resis-
tance found by the GWAS approach. These include
study design, different heritability estimates for each
of the traits, and the allelic frequency spectrum of
these variants. One of the five initial high-density
GWAS selected diabetic cases with BMI < 30 kg/
m2, thus excluding obese individuals,13 while
another matched cases and controls for BMI.17

These deliberate study designs were chosen to max-
imize the likelihood of detecting variants that in-
crease T2D risk directly, rather than through the
mediation of adiposity. Because loci that achieve
genome-wide significance result from the meta-
analyses of various scans, some loci that truly cause
T2D via insulin resistance may show a trend toward
association that fails to reach a threshold that marks
them for follow-up. In this way, the studies may not
identify loci associated with insulin resistance re-
lated to adiposity, but rather, detect loci related only
to �-cell function. This issue has become less of a
concern as more recent meta-analyses incorporate
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Figure 3. Quantile–quantile plots for HOMA-B and HOMA-IR in a large meta-analysis. The quantile–quantile (QQ) plot illustrates
the observed P values in the distribution versus those that were expected under the null hypothesis of no association. The null
distribution is depicted by the red diagonal line. The entire distribution of P values is in black, the exclusion of the ten newly
discovered loci (DGKB-TMEM195, ADCY5, MADD, ADRA2A, FADS1, CRY2, SLC2A2, GLIS3, PROX1, and C2CD4B) in green, and
the exclusion of the four genome-wide significant fasting glucose-associated loci reported previously (GCK, GCKR, G6PC2, and
MTNR1B) in blue. The HOMA-B P values have a larger deviation from expected compared to HOMA-IR, and, therefore, genetic
associations with HOMA-B are more likely to be detected than with HOMA-IR. Figure adapted from Ref. 35.

larger numbers of discovery cohorts that are not
ascertained by BMI.

Investigators may bypass this limitation by per-
forming GWAS for insulin resistance as a quantita-
tive trait, rather than basing the discovery of insulin
resistance genes in scans for T2D as a categorical
trait. One measure that is readily available in large
population cohorts is HOMA-IR. However, a meta-
analysis of GWAS cohorts in which this phenotype
was available identified many more loci influencing
�-cell function than those regulating HOMA-IR,
suggesting that other reasons exist for this observed
discrepancy.

The degree to which each of the two traits is
heritable may also contribute to the difficulties in
identifying insulin resistance genes. The insulino-
genic index is, on average, 10% more heritable than
HOMA-IR.76 While HOMA-IR still displays sub-
stantial heritability (0.44 among the Framingham
Offspring population77), there may be better in-
sulin resistant phenotypes to examine in order to
identify genetic associations. For example, in the
Insulin Resistance and Atherosclerosis Study Fam-
ily Study, the insulin sensitivity index (determined
from IVGTT) was twice as heritable as HOMA-IR.78

This suggests that the insulin sensitivity index may
be a more robust trait to examine when assessing the
genetic contribution of insulin resistance; this must
be balanced with the difficulty in performing the
necessary physiology experiments in a sufficiently
high number of individuals.

The distribution of P values in the similarly pow-
ered GWAS for HOMA-B and HOMA-IR (both de-
rived from fasting glucose and insulin) suggests a
different genetic architecture for the two traits.35 In
those meta-analyses, there were many more P val-
ues that deviated from the null expectation at the
top of the HOMA-B distribution than there were
for HOMA-IR (Fig. 3). For instance, insulin resis-
tance variants may be fewer in number, rarer in
frequency, or have a lower effect size. In addition,
there may be a stronger impact of environmental
interactions (e.g. diet, physical activity) with the ge-
netic background. Exploring the lower range of the
allele frequency spectrum (which requires denser
genotyping arrays), integrating environmental fac-
tors in the analyses, and increasing the sample size
could potentially improve the power to detect ge-
netic variants related to insulin resistance.

Nevertheless, several convincing associations
with surrogate measures of insulin resistance
(HOMA-IR and fasting insulin) have been
identified, in part due to larger sample sizes and
a novel study design. IRS1 is a highly attractive can-
didate gene for the development of insulin resis-
tance. Rung et al. demonstrated that SNP rs2943641,
502 kb upstream of IRS1, is associated with T2D,
fasting insulin, and HOMA-IR. In further functional
analyses, the risk allele was associated with reduced
levels of IRS1 protein expression and decreased
downstream effects noted by phosphatidylinositol-
3-OH kinase (PI(3)K) activity (which is activated by
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IRS1 binding to IGF-1 receptors) in human skele-
tal muscle biopsies. Such functional experiments
were critical in establishing that this variant, lo-
cated at a non-trivial distance from IRS1, likely acts
through IRS1 itself. These findings confirm what
is already known biologically about the action of
IRS1 in mice. Null Irs1 mice lack PI(3)K activity and
demonstrate impaired glucose tolerance and insulin
resistance.79

The most recent meta-analysis for fasting
glycemic traits uncovered the variant rs35767 1.2 kb
upstream of IGF1 as associated with fasting insulin
and HOMA-IR.35 IGF1 is another excellent biolog-
ical candidate for insulin resistance: it encodes the
insulin-like growth factor-1, which has been shown
to bind insulin receptors and enhance glucose trans-
port in adipose and muscle tissue, while inhibit-
ing hepatic glucose production. Both a null IGF1
mouse and a human with IGF1 gene deletion have
resulted in insulin resistance that improves with
IGF1 therapy.43 Therefore, it seems intuitive that ge-
netic variation in IGF1 may perturb the expression
or function of IGF1, and thereby increase insulin
resistance.

In the same large meta-analysis, GCKR was asso-
ciated with insulin resistance at genome-wide sig-
nificance levels. Originally, the T allele of rs780094,
an intronic SNP in the GCKR gene, was found
to be associated with higher triglyceride levels
(P = 3.7 × 10−8), and carriers of the T allele
were noted to have a trend toward lower glucose,
decreased insulin resistance (HOMA-IR), and de-
creased T2D risk.15 Two follow-up studies con-
firmed these results.80,81 The directions of these
trends (higher triglyceride levels but lower fasting
glucose and lower insulin resistance) may be coun-
terintuitive with what we have seen in human epi-
demiologic studies. This may be explained by the
inherent biological mechanism of GCKR, where the
functional variant may downregulate gluconeogen-
esis, increase VLDL-triglyceride synthesis, and also
upregulate glucose use.42,81

It is clear that as far as the genetic architec-
ture of insulin resistance, we have only visualized
the tip of the iceberg. A potentially large propor-
tion of the genetic foundation of T2D remains hid-
den owing to our difficulties in discovering insulin
resistance-related genes. With well-powered sam-
ples, more refined phenotyping, assessment of gene-
environment interactions, a wider range of BMI,

and novel study designs, this genetic information
may soon rise to the surface.

Genetic variants identified only explain ∼10%
of T2D heritability
T2D GWAS have been successful in identifying spe-
cific loci that contribute to the causation of the
complex disease, but only roughly 10% of the heri-
tability can be accounted for by these variants, sug-
gesting that much remains to be discovered. In the
search for the “missing heritability,” firstly the ac-
curacy of original heritability estimates needs to
be considered. The familial component caused by
a shared early uterine and postnatal environment
and latent epigenetic changes (inherited changes
in gene expression that are not caused by genetic
sequence) may produce a contribution to heri-
tability that is not removed sufficiently by these
estimates.82 In addition, GWAS use commer-
cially available genotyping platforms whose early-
generation arrays fail to adequately capture nearly
20% of common SNPs, structural variants (such as
copy number variants), and variants unique to non-
European populations.83 Improving upon these
limitations of first-generation genotyping platforms
will undoubtedly uncover other loci contributing to
the disease. In addition, since a common SNP rep-
resents a large segment of genetic material, closer
scrutiny of these areas by fine mapping for rare
variants is required to find the potential “causal”
gene that could have a larger effect than that con-
ferred by the index variant. Through purifying nat-
ural selection, high-penetrance deleterious variants
should be selectively removed from the population,
so we would not expect to find common variants
contributing large effect sizes to common disease,
but may find large effect sizes in less common vari-
ants. Whole-genome sequencing with less costly
high-thoughput methods have been developed to
discover rarer variants in the human genome. The
1,000 Genomes Project (www.1000genomes.org) is
an international initiative designed to catalog all
variants with minor allele frequencies greater than
1% of at least 1,000 genomes, thus pushing the enve-
lope of captured shared variation. Initial pilot anal-
yses have successfully identified more than 9 million
new polymorphisms, many insertions/deletions,
and some large structural variants.84

The Metabochip is another effort to develop a sin-
gle custom-made chip encompassing 200,000 SNPs
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culled from deeper layers of the P-value distribu-
tion in GWAS for cardiovascular disease, obesity,
T2D, and related traits. As the Metabochip is de-
ployed across thousands of patients, new and rare
variants whose P values are near-the-top but be-
low threshold will be examined in association with
these phenotypes. Researchers are also incorporat-
ing novel bioinformatics to examine nonadditive
gene × gene interactions (commonly referred as
epistasis). For example, two variants may individu-
ally affect genetic risk of T2D only mildly, but to-
gether they could increase the risk significantly. In
addition, examining gene × environment interac-
tions might lead to insights into biological path-
ways and guide researchers to novel genes that act
synergistically with environmental factors, such as
physical activity or dietary composition.85 If suc-
cessful, this strategy may explain why some genetic
associations do not replicate across all populations,
hinting to different environmental exposures. Fi-
nally, incorporating the prior probabilities afforded
by the mechanistic knowledge garnered through
functional experiments in cellular or animal mod-
els, investigators may rescue variants that did not
make the list of associated loci on purely statistical
grounds.

Common genetic variants are not yet useful
for clinical prediction
In practical terms, genetic information has been ex-
pected to enable clinicians to predict an individual’s
risk of developing disease. However, thus far the
clinical usefulness of genetic information has been
limited. Meigs et al. examined 18 loci associated
with T2D in the Framingham Offspring Study in a
genotype score in association with T2D incidence,
and generated C statistics to determine the individ-
ual’s future risk of diabetes.86 While the genotype
score predicted diabetes better than gender alone,
when adjusted for other easily obtainable clinical
parameters (age, sex, family history, BMI, fasting
glucose level, systolic blood pressure, HDL choles-
terol, and triglyceride levels), predictive power did
not improve significantly. A similar study in a larger
Swedish cohort examined 16 SNPs associated with
T2D and generated largely comparable results.87

In subset analyses, both studies highlighted that
younger patients may benefit more from genetic
testing before they manifest clinical characteristics
of the disease. An updated age-stratified analysis re-

examined the genotype score including 40 SNPs as-
sociated with T2D in Framingham. The researchers
noted that the new genotype score improved the
ability to predict the onset of T2D in participants
younger than 50 years. Diabetes risk prediction us-
ing the genetic variants still needs to be confirmed
by other studies, but appears potentially promis-
ing in a younger population when medical and
lifestyle intervention may be the most feasible and
beneficial.88

An alternative clinical use of genetic information
is determining whether genetic information may af-
fect a person’s behavior and thus modify the risk
of developing diabetes. The Chinese Da Qing Di-
abetes Prevention Study, the Finnish Diabetes Pre-
vention Study, the U.S. Diabetes Prevention Pro-
gram (DPP), and the Indian Diabetes Prevention
Program showed that behavioral modification can
reduce one’s risk of progressing to diabetes.89–92 For
instance, the DPP demonstrated that lifestyle mod-
ification led to a 58% reduced incidence of the de-
velopment of diabetes compared to placebo.92 In
further genetic investigation in the DPP, lifestyle
modification attenuated the risk of diabetes con-
ferred by the risk variant at TCF7L2: while the
placebo participants who carried the homozy-
gous risk genotype at rs7903146 (TT) had 80%
higher risk of diabetes development, those ran-
domized to the lifestyle intervention group had
no increased risk despite carrying the risk geno-
type, indicating that lifestyle intervention may
trump the genetic risk conferred by this vari-
ant.93 This argues that if genetic information could
motivate a high-risk individual to change his/her
behavior, it may help prevent the eventual on-
set of disease. However, whether reassuring ge-
netic information may be counterproductive in
de-motivating those at lower genetic risk from en-
gaging in healthy behaviors should be empirically
tested.

The concept of disease-risk information chang-
ing one’s behavior was examined among 150 non-
diabetic primary care patients.94 Those with an ac-
curate perception of their higher risk of diabetes
(as documented by the Framingham Heart Study
diabetes risk score) did not intend to modify their
lifestyle any more than patients with low perceived
risk. Whether genetic information (rather than per-
ceived or measured risk factors) will have greater
influence is being tested. Grant et al. examined
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how genetic information might influence an in-
dividual’s motivation for lifestyle change.95 After
questioning patients regarding how they would re-
spond to information containing their genetic risk
of T2D development, 71% of those surveyed in-
dicated that such testing would motivate them to
adopt lifestyle change. On the contrary, only 1.3%
of the patients reported they would be less moti-
vated by genetic information indicating they were
at low risk. Therefore, despite the limited ability of
genetic testing to predict T2D when adjusted for
common risk factors, genetic information may be
more powerful in persuading a patient to change
his or her behavior. Further studies, including more
surveyed individuals and prospective studies, are
need to determine if the person’s behavior would in
fact change.

Genetic findings provide an opportunity for
therapeutic intervention and pharmacogenetic
clinical trials
The underlying biological mechanisms that GWAS
have unveiled could be targets for new pharma-
cotherapy. For example, prior biological knowl-
edge regarding SLC30A8 and new genetic evidence
have drawn our attention to a possible therapeu-
tic target. A pharmacological agent that enhances
the function of this transporter could hypotheti-
cally increase insulin secretion and improve �-cell
function. Given the novelty of the GWAS findings,
there has yet to be a therapeutic that has specifi-
cally evolved from these discoveries, but it seems
that there is a wide breadth of possibilities on the
horizon.

Studies to examine the pharmacogenetics of
T2D have been encouraged by findings of variable
pharmacotherapy response among individuals with
monogenic forms of diabetes. One of the most im-
pressive stories lies in the discovery of activating mu-
tations in KCNJ11 (encoding the Kir6.2 subunit of
the ATP-sensitive potassium channel), which causes
the channels to remain open in the presence of glu-
cose, thereby reducing insulin secretion and giving
rise to permanent neonatal diabetes (PNDM).96 In-
fants carrying these mutations present with marked
hyperglycemia or diabetic ketoacidosis at less than
six months of age. Three individuals harboring mu-
tations in KCNJ11 were successfully transitioned
from insulin to a sulfonylurea with an improve-
ment in glycemic control compared to insulin ther-

apy.97 These findings were later confirmed by larger
study populations of patients with PNDM.96,98 Sim-
ilarly, the enhanced efficacy of sulfonylureas in pa-
tients with MODY3 was described with a fivefold
greater response to sulfonylurea versus metformin
therapy.99

Preliminary pharmacogenetic studies in poly-
genic diabetes have been initiated. These studies
have primarily involved studying PPARG, KCNJ11,
and TCF7L2, whose variants have been associated
with T2D at genome-wide levels of signficance (as
previously mentioned, the first two encode known
targets of antidiabetic medications).

Given its therapeutic relavance in PNDM and
MODY3, the influence of KCNJ11 variants has been
examined in response to sulfonylurea treatment in
T2D. Sesti et al. conducted a prospective trial of
524 European T2D patients who were treated with a
progressive antidiabetic medication regimen, which
escalated with each medication failure. They started
with glibenclamide, followed by metformin and
then insulin. Carriers of the T2D risk K allele had
a relative risk of 1.45 compared to E23E homozy-
gotes for sulfonylurea failure.100 Feng et al. found
an association of rs757110 (a SNP in the adjacent
gene ABCC8, which encodes the sulfonylurea recep-
tor SUR1) with response to sulfonurea treatment in
Chinese patients with T2D, measured by a decrease
in mean fasting glucose.101 The missense mutation
at rs757110, S1369A, is in high LD (r2 = 0.87) with
the E23K polymorphism, such that they are statis-
tically indistinguishable. In contrast to Sesti et al.,
in the Chinese study, carriers of the risk genotype
showed greater responsiveness to gliclazide, which is
consistent with the PNDM findings; whether such
responsiveness also heralds a greater risk of long-
term sulfonylurea failure must be tested in longer
pharmacogenetic trials.

PPARG is an attractive genetic target because it
is the known drug target of thiazolidinediones such
as troglitazone, rosiglitazone, and pioglitazone.102

Initial studies reporting that genotype at the in-
dex variant in PPARG (rs1801282, P12A) or at
other nearby variants predict a better response to
troglitazone therapy103,104 have not been substanti-
ated.105–107

Finally, TCF7L2 has also been under investigation
with regards to response to antidiabetes medica-
tion, despite its mechanism not being as well under-
stood as that of KCNJ11/ABCC8 or PPARG. The risk
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variant in this gene confers a defect in insulin secre-
tion and possibly affects GLP-1 metabolism.108 The
Go-DARTS study group has examined the variation
in medication response based on TCF7L2 genotype
in two settings. First, they noticed an overrepresen-
tation of the T risk allele in people with T2D treated
with insulin versus diet therapy alone. In a second
study, they demonstrated carriers of the risk TCF7L2
variants were more likely to fail sulfonylurea therapy
than metformin.109,110

Which road do we take from here?

GWAS have led the way toward an exciting journey
into understanding the genetic architecture of T2D
and related traits. Critical building blocks have been
established. With the development of HapMap and
1,000 Genomes, we have the ability to use impu-
tation to combine different genotyping platforms
and continue international collaborations involv-
ing multiple cohorts. Advancing technology has en-
abled large-scale genotyping with high quality data.
Innovative statistical analyses, often publically avail-
able, have allowed the field to analyze this growing
wealth of data. Strategies to identify causal vari-
ants include deploying next-generation sequencing
techniques, examining the less common allelic spec-
trum, exploiting genetic pleiotropy, fine-mapping
loci with biological relevance, and applying biologi-
cal insight to the discovered associations. Ultimately,
investigators strive to translate this genetic knowl-
edge to the clinician’s bedside. Perhaps most impor-
tantly, the collaborative spirit that has permeated the
field may be the most significant achievement cat-
alyzing our enhanced understanding of the genetics
underlying this complex disease.

Box 2. Which road do we take
from here?

• Using next-generation sequencing techniques
to discover less common and rare variation.

• Fine-mapping and applying biological insight
to the discovered associations to determine
the causal variant.

• Exploiting genetic pleiotropy to understand
how these genetic variants link common dis-
eases.

• Continuing to develop informatics methods
that examine epistasis and gene × environ-
ment interaction.

• Examining populations of non-European de-
scent.

• Translating genetic knowledge to the clini-
cian’s bedside with targeted treatment algo-
rithms and risk assessment tools that may in-
fluence patient’s behavior based on risk.

• Leveraging the welcome collaborative spirit
that has permeated the field to catalyze large
international studies to enhance our under-
standing of the genetics of T2D.
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