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THE CHALLENGE: HETEROGENEITY OF DIABETES

Diabetes is a heterogenous disease. Its very definition, anchored by thresholds for
hyperglycemia, rests on the final common event on which disparate pathological
processes converge. Although the traditional classification into type 1 and type 2
diabetes has proven useful in differentiating distinct pathophysiological mecha-
nisms with clear therapeutic implications, it remains insufficient in explaining the
wide variety of clinical manifestations of this disease. For example, we see lean
members of specific ethnic groups with antibody-negative, nonketotic diabetes; we
treat patients with childhood-onset, antibody-positive diabetes who become insulin
resistant as they age; we do not fully understandwhy some patients progress rapidly
to microvascular and/or macrovascular complications or require aggressive escala-
tion of therapy; and we cannot predict the rate of b-cell failure, the degree of
weight loss required to normalize glycemia, or the type of medication best suited
for a given patient. Attempts at capturing greater granularity have resulted in the
creation of new entities, such as latent autoimmune diabetes in the adult to describe
autoimmune diabetes with onset after age 30 (1), and ketosis-prone diabetes to
describe antibody-negative diabetes with a ketotic onset but only transient insulin
requirements (2,3); however, absent a full understanding of the mechanism and its
implications, these subtypes emerge mired in controversy or fail to penetrate clinical
care (4,5).
Evidently, despite extensive epidemiological and physiological characterization, we

have fallen short in cataloging risk factors, identifying triggering events, elucidating
pathophysiological pathways, outlining prognostic course, selecting effective thera-
pies, and predicting complications. Specific patients continue to represent diagnostic
challenges, andour approach to therapy continues tobebasedonpopulationaverages.
Recent thoughtful attempts at tailoring type 2 diabetes therapy to individual patients
have focused on personal, social, and economic considerations rather than on a lucid
molecular understanding of the underlying disease process (6).

THE OPPORTUNITY: RECENT TECHNICAL AND ANALYTICAL ADVANCES

We are entering a new era in which technological developments coupled with
expanded computational power and increased statistical sophistication have
enabled the global query of discrete biological axes. Manufacturing advances
introduced arrays that could measure mRNA transcript levels or DNA single nucleo-
tide variants comprehensively in a single experiment. A deeper knowledge of the
patterns of human genetics variation has allowed for the explosion of genome-wide
association studies. Remarkable efficiency gains in high-throughput next-generation
sequencing have seeded whole-exome and whole-genome sequencing studies
as well as ancillary explorations of the transcriptome (RNA-seq), transcription fac-
tor binding sites (ChIP-seq), open chromatin (ATAC-seq), the epigenome, or the
microbiome. Mass spectroscopy can be applied to the study of small metabolites or
proteins in organic fluids, including posttranslational modifications. In this manner,
multiple dimensions of the molecular architecture of biological systems can be in-
terrogated with respect to native and perturbed metabolic states (7).
This technological progress has been accompaniedby concomitant enhancements in

bioinformatic and analytical tools, often shared publicly in the precompetitive space.
Health care systems have digitalized clinical information and increasingly made the
electronic medical record available for clinical investigation (8). Large private and even
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national biobanks have been created to
streamline this research function, and
both funding bodies and scientific jour-
nals have required data sharing in central
repositories as a condition for research
support or publication.
We therefore live in the midst of a

revolution of big data across all domains
of the human experience, ranging from
molecular to societal dimensions. We
practice medicine and conduct research
within an unprecedented whirlwind of
data, spanning from populations to the
individual. Soon, it will be possible to
capture the metabolic state of a single
patient at the molecular and cellular
level with great precision through multi-
ple time points in his or her development
(9). Nonetheless, whether this emerging
trove of information will deepen our un-
derstanding of health and disease and
lead to improved outcomes in public
health remains to be seen. An outstand-
ing but crucial challenge to the field is the
ability to integrate these disparate data
sources in a manner that informs a holis-
tic view of an organism such that synergy
begets understanding.

GENOMICS IN DIABETES: EARLY
SUCCESSES AND TEMPERED
EXPECTATIONS

So where are we today on the genera-
tion and interpretation of big data with
respect to diabetes? Are we producing
the body of knowledge that can be ap-
plied to the individual patient in an ef-
fort to enhance precision in diagnostics
and therapeutics?
Of all the potential data axes, geno-

mics has seen the fastest progress to
date, in part because of the exquisite
precision now achieved in genetic mea-
surements, the spectacular expansion in
our ability to capture genetic data in
high-throughput environments, the sta-
bility of genetic biomarkers through the
lifetime of an individual, and the unidi-
rectional vector from genetic exposure
to phenotype. That is, the geneticmethod
of inquiry is unique in ensuring that the
exposure of interest (genotype) precedes
phenotype and is not in turn affected by
the disease process or its treatment. In
addition, given that big data explorations
involve thousands of variables and allow
for a deluge of statistical tests, investiga-
tors have to be mindful of the statistical
penalties incurred by multiple hypothesis
testing and the peremptory need for

replication: At present and for various
reasons, reproducibility is more tracta-
ble for genetic associations than for
other data types.

While oncology pioneered the intro-
duction of personalized molecular diag-
nosis and tailored treatment based
on genetics, diabetes care has witnessed
tremendous progress as well. Meta-
analyses of genome-wide association
studies and ongoing comprehensive se-
quencing experiments have yielded a
plethora of genetic associations from
an agnostic vantage point, which can
open unsuspected windows into the
pathophysiology of type 1 (10) and
type 2 (11,12) diabetes. Whereas these
genomic explorations have explained
only a small fraction of the genetic con-
tribution to the phenotype, in conjunc-
tion with physiological measures, they
can be used to improve our nosology of
the disease, and we can begin to char-
acterize the clusters that may define
specific subtypes (13).

In one illustration of this approach,
investigators have begun to use genetic
information to define a subtype of type
2diabetes that resembles lipodystrophy, a
clinical syndrome of insulin resistance
caused by ectopic fat accumulation. A
genetic risk score of all insulin resistance–
associated variants was refined through
a phenotypic clustering approach and
yielded a subset of variants that were
highly associated with higher triglycer-
ides, lower HDL cholesterol, and greater
hepatic steatosis, despite reduced adi-
posity; more significantly, the leaner indi-
viduals who carried a heavier genetic
burden were more likely to develop
type 2 diabetes or coronary artery dis-
ease (14). Thus, genetic knowledge can
help define physiological subgroups of
patients commonly classified under the
broad umbrella of type 2 diabetes and
select them for targeted preventive or
therapeutic interventions.

On the other hand, except for HLA
haplotypes in type 1 diabetes, the mod-
est genetic effects observed thus far
limit their widespread use as predictive
tools. Clinical risk factors that are easily
measured in the clinic, such as fasting
glucose or BMI, contain the bulk of the
predictive information for type 2 diabe-
tes outcomes, especially when they be-
gin to deviate from the metabolically
normal state. In this context, the con-
junction of genetic and metabolic

biomarkers adds only marginal predic-
tive information in the short to medium
term (15). Such predictors might be
more useful in younger individuals who
have not yet manifested metabolic de-
terioration (16).

One potentially useful application of
these genetic predictors involves the
combination of allele effects at multiple
loci through genetic risk scores and their
deployment in specific clinical scenarios
where traditional phenotypic defini-
tions do not fit a precise diagnosis. Be-
causeHLAhaplotypes are highly predictive
of type 1 diabetes, a genetic risk score for
type1diabetes can help in thediagnosis of
autoimmune diabetes in an obese young
adult or exclude type 1 diabetes in a lean
young adult who may have monogenic
diabetes instead (17). Because the preva-
lence of type 2 diabetes is much higher
than that of type 1 diabetes, tests for
type 2 diabetes may achieve higher
predictive value at lower sensitivities
or specificities.

Although the use of genetic or other
molecular biomarkers for disease pre-
diction may be applicable to only a nar-
row niche, it might still be used for
stratification of the population into sub-
groups who might benefit more from
specific public health interventions, par-
ticularly where resources are limited. In
this sense, genetic risk scores can pre-
dict which groups are at higher risk for
type 2 diabetes; more significantly, in-
tensive lifestyle modification is highly
effective regardless of genetic burden,
suggesting that preventive interven-
tions might be deployed preferentially
to people who harbor the highest risk,
all other risk factors being equal (18,19).

The modest genetic effects observed
for disease outcomes might be partially
attributed to selection pressure by
which deleterious variants with strong
effects might not have been tolerated
to rise to high frequencies through hu-
man evolution. These pressures might
be less evident for pharmacological ef-
fects because the overwhelming major-
ity of drugs have been introduced into
human populations very recently. Thus,
it might be possible to observe variants
with stronger effects on pharmacologi-
cal response. This is indeed the case
for rare forms of diabetes, where the na-
ture of the genetic defect is known and it
can be overcome with targeted drugs.
Thus, patients with type 3 maturity-onset
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diabetes of the young aremore sensitive
to sulfonylureas than to metformin
(20), and sulfonylureas are the drug of
choice for neonatal diabetes due to mu-
tations in the ABCC8 or KCNJ11 genes
that encode the subunits of the sulfo-
nylurea receptor and its associated potas-
sium channel (21,22). In type 2 diabetes, it
would be particularly useful to identify
nonresponders to metformin a priori
because a sizable number of patients do
not achieve adequate glycemic control
withmetformin despite its universal adop-
tion as a first-line agent in the treatment
of type 2 diabetes (23). Genome-wide ap-
proaches combined with the electronic
medical record have been launched (24),
and preliminary reports of metformin
ineffectiveness in preventing diabetes
for certain variant carriers await confir-
mation (25).

INTEGRATION WITH OTHER DATA
SOURCES

The use of big data to subphenotype
diabetes is not confined tomolecular bio-
markers, however. Vast information cap-
tured in the electronicmedical record can
be used as well. A dedicated multidisci-
plinary team of bioinformaticians and

clinicians, working in a setting that en-
ables this type of research, can leverage
the mass of data points accrued in the
course of patient care to begin to illu-
minate pathophysiology. This has been
recently attempted at Mount Sinai Hos-
pital in New York, where 11,210 pa-
tients with type 2 diabetes were
studied for similarities through a topo-
logical approach that created data-
driven patient-patient networks. Three
separate clusters were identified with
specific characteristics and outcomes;
genetic polymorphisms associated
with each cluster also demonstrated as-
sociations with the corresponding dis-
ease entities at the gene level (26).
Although this represents a significant
first step, three key questions emerge:
1) Where and how can these analyses
be replicated, since the ability to
refute a hypothesis is a crucial tenet
of the scientific method; 2) Can the in-
formation gained be interpreted for
physiological insight; and 3) How do
these results support clinical decision
making?

Indeed, one of the hardest challenges
concerns the integration of disparate
sources of information in a way that is

reproducible, interpretable, and ac-
tionable (Table 1). One example of such
an effort related to diabetes has been
recently published (27). By using a
machine-learning algorithm, investiga-
tors in Israel created an algorithm that
incorporates data ondietary habits, blood
parameters, physical activity, anthropo-
morphics, and gut microbiota to predict
postprandial glycemic responses. Pre-
dictions were validated in an indepen-
dent cohort, and application of these
results to a new prospective clinical trial
achieved improved glycemic outcomes.
As results of this type accumulate, being
able to devise simple and scalable clini-
cal tools should allow for further testing
and refinement, as well as lead to their
wider penetration into patient care.

ACTION POINTS FOR THE FUTURE

In the end, a number of elements must
coalesce for big data to deliver on preci-
sion medicine. First, appropriate data
sources must be available at scale,
whether it be from research cohorts,
health care systems, or dedicated bio-
banks. Second, the method of data collec-
tion must be robust, with technologies
that extract viable measurements with

Table 1—Challenges and progress in the implementation of precision medicine in diabetes

Challenge Progress

The information captured on a given biological axis in an
individual is often incomplete.

Comprehensive omics methods have been developed to query each biological axis
in a global manner.

The information captured on a given biological axis in an
individual is often static.

Longitudinal cohorts are being assembled where data exist along multiple time
points (e.g., electronic medical records, biobanks).

The information captured on a given biological axis in an
individual is often imprecise.

Technical accuracy and analytical quality control are improving the precision of
biological measurements.

The enormous quantity of information available lends
itself to data dredging and spurious findings.

Investigators, journals, and funding bodies are embracing the application of
rigorous statistical standards to account for multiple hypothesis testing.

Effect sizes are too modest to be detected. Sample sizes continue to increase through cross-institutional and international
collaborations, as well as through the data sharing required by journals and
funders.

The multiple dimensions of biological data typically
reside in silos.

Methods and techniques for data integration acrossmultiple dimensions are being
designed, developed, and tested.

Tissues of relevance to diabetes are difficult to access. Tissue banks, discarded clinical samples, dedicated cohort collections, commercial
cell repositories, and newly developed inducible pluripotent stem cells are being
harnessed to establish appropriate data sets.

Results from big data are seldom reproducible. Investigators are beginning to share protocols, whereas top-tier journals require
data sharing and higher burdens of proof.

Results from big data are seldom interpretable. Physician-scientists, physiologists, and basic biologists are being drawn to
collaborate on, and even generate, pertinent data sets.

Results from big data are seldom clinically useful. Clinicians who are conversant in these methods are beginning to derive actionable
physiological insight.

To leverage big data in precision medicine requires a
multidisciplinary approach.

Most successful teams now involve bioinformaticians, computer scientists,
statisticians, biologists, laboratory experts, physiologists, and clinicians.

The workforce is unprepared to assimilate, let alone act
upon, big data.

Training venues, educational material, and discussion forums are beginning to
proliferate as public interest mounts.
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sufficient precision and accuracy at high
throughput. Third, a multidisciplinary
team with complementary expertise in
bioinformatics, statistics, software engi-
neering, quality control, biological sample
processing, and clinical medicine must be
engaged in a collaborative framework,
preferably across jurisdictional and institu-
tional boundaries. Fourth, expert panels
that collect and assimilate the information
generated by these efforts must be able
to distill it into actionable interventions
for patient care. Finally, a body of educa-
tors must be convened to train both their
peers and the next generation of health
care practitioners to disseminate and im-
plement these interventions, which can
then be iteratively evaluated for public
health impact.
Such a vision is being realized in multi-

ple settings, with varying degrees of
completeness and penetration. In type 2
diabetes genomics, the initial steps in
constructing such an edifice have been
taken by the AcceleratingMedicines Part-
nership, which is designing and building
the Type 2 Diabetes Knowledge Portal
(www.type2diabetesgenetics.org) with
support from the National Institutes of
Health, philanthropy, and the pharma-
ceutical industry. The diabetes field is
ripe, and the unmet clinical need is clear.
The critical question is whether we, as a
community of investigators and practi-
tioners who care deeply for our patients,
are ready to meet the challenge.
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