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In 2015…



Type 2 Diabetes
26K exomes

80K exome chips
150K GWAS







SFI1

MC4R

PAM

SLC30A8

IGFBPL1

ING3

FABP6

GPR6CA

NCOA6

ST3GAL5

SPTLC1



Why were these data not useful?

And what can we do about it?



Back in
2008…



Genetic associations

Genome Research Limited

Disease Associated Region



• Unbiased interrogation of all common variants in the genome
– Responsible for ~90% of variants in any one individual
– Analyze all variants by only genotyping <500k

GWAS



Manolio et al, Nature 2009





Are rare variants responsible
for a significant fraction of

disease heritability?

Could rare “high impact” variants 
suggest biological or clinical 

insights?



Type 2 diabetes is the most common metabolic disease

• Affects ≈415m people (10% 
of population) with prevalence increasing

• T2D is characterized by high blood 
glucose due to insulin resistance and 
insulin deficiency

• Leading cause of cardiovascular 
disease, kidney failure, blindness,
and premature death 



Example: SLC30A8

Study Alteration Protein 
 activity

Zinc co
ntent

Insulin 
 secretio
n

Glucos
e  levels

Chimienti 2006 Overexpression in vitro
Sladek 2007
Dupuis 2010
Nicolson 2009

p.R325W

Pound 2009 Global mouse deletion

Lemaire 2009 Global mouse deletion

Nicolson 2009 Global mouse deletion

Wijesekara 2010 Beta-cell mouse 
deletion

Pound 2012 Global mouse deletion

* Glucose intolerant after high fat feeding
**   Dependent on age, sex, and diet
*** Normal fasting glucose but glucose 
intolerant

Note: Table is a crude simplification

**

***

*

**

• Encodes zinc transporter
(ZnT8) expressed in 
pancreatic islets

– Zinc enables proper 
processing, storage, 
and secretion of insulin

• GWAS association with 
unclear direction of effect

Zn2+

Zn2+

How would we target it?



Identified from targeted sequencing

Flannick et al. Nature Genetics, 2014

12 loss-of-function SLC30A8 mutations in 149,134 individuals



Rare variants in complex disease: gene-level associations
• Reflect aggregate effects of all variants in a gene

Cirulli et al, Nature Communications, 2020



An early success from targeted sequencing

Flannick et al. Nature Genetics, 2014

12 loss-of-function SLC30A8 mutations in 149,134 individuals
Aggregate odds ratio: 0.34 p=1.7 x 10-6



A more complete look

13,000
samples from 

diverse ancestries

2,700
samples of 

European ancestry

82,000 samples

Exome sequencing Whole genome 
sequencing

44,000 samples

Coding variation Noncoding 
variation Follow-up

Exome array 
genotyping

WGS imputation

Fuchsberger, Flannick, Teslovich, Mahajan, Gaulton, Agarwala et al, 
Nature 2016

Main finding:
a polygenic, common variant model for T2D





Since
then…

Flannick and Florez, Nature Reviews Genetics, 2016





Civelek and Lusis, 2014

Problem: what are the genes?

• Usually only one 
(or a few) variants 
are causal 



Data type 1: GWAS (common variants, high 
power, unclear gene)



Meanwhile, rare variants…

• When significant: direct links from disease to genes
• When variants inactivate protein: directional link with disease risk



More recent (45,000 sample) exome sequencing
• Three exome-wide significant gene-level associations

Flannick et al, Nature 2019



More recent (45,000 sample) exome sequencing

Flannick et al, Nature 2019
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• Enrichment of associations across diabetes-relevant genes



Even though the strongest rare 
variants (even in aggregate) 
contribute less to T2D than do the 
strongest common variants…



Flannick, Curr Diab Rep 2019

…rare variant signals are likely widespread in disease genes and pathways



Further support for this model



Beyond type 2 diabetes

• Study design:
– Exome sequencing of 85,474 non-diabetic individuals
• UKBB exomes (n=40,151; 100% European)
• AMP-T2D exomes (n=45,323; 15.8% African American; 25.6% East 

Asian; 18.7% European; 18.0% Hispanic; and 22.2% South Asian)
– 24 quantitative traits
– Single variant analysis (mostly for common variants)
– Gene-level analysis (for rare variants)

Dornbos et al, Nature Genetics 2022



Dornbos et al, Nature Genetics 2022



HbA1C is commonly used in T2D diagnosis

Dornbos et al, Nature Genetics 2022



Dornbos et al, Nature Genetics 2022



Common variants and HbA1C

Wheeler et al. Nature Genetics, 2017

~150,000 
individuals

60 common 
variant 
associations

G6PD variant
11% of 
African-
Americans

0.81% 
reduction in 
HbA1c



Common variants and HbA1c

Wheeler et al. Nature Genetics, 2017

• Associations can be grouped into two classes
Associated 
with red blood 
cell traits

Associated 
with other 
glycemic traits



Different biological effects
• Glycemic associations, but not erythrocytic associations, predict 

future development of T2D
– ~2% of African-Americans could be misclassified due to G6PD variant

Wheeler et al. Nature Genetics, 2017



Dornbos et al, Nature Genetics 2022



HbA1C 6.4%

Evaluate via independent diagnosis

Carries variants 
with HbA1C effect -0.2%

How do these variants affect HbA1c diagnosis?



How do these variants affect HbA1c diagnosis?

Dornbos et al, Nature Genetics 2022



Expanding the model
• Significant associations in many sets of genes with known function 

on erythrocytic lifespan in mice

Dornbos et al, Nature Genetics 2022



Evidence for associations across many genes
• Compared to rare variants in genes involved in glycemia in mice, rare 

variants in erythrocytic genes are more likely to decrease HbA1c

Dornbos et al, Nature Genetics 2022



Putting this together in a polygenic score

Dornbos et al, Nature Genetics 2022

Filtering to true associations

Filtering to erythrocytic variants

Estimate variant effect size



Final model: 21,293 variants

**Diamonds scaled to number of reclassified individuals in the test sample

Dornbos et al, Nature Genetics 2022



Model is highly polygenic

Dornbos et al, Nature Genetics 2022





Flannick, Curr Diab Rep 2019



Data type 1: GWAS (common variants, high power, 
unclear gene)

Data type 2: Exomes (rare variants, low power, clear 
gene)



Signals across many genes

Why were these not useful?



SFI1

MC4R

PAM

SLC30A8

IGFBPL1

ING3

FABP6

GPR6CA

NCOA6

ST3GAL5

SPTLC1

?



SFI1

MC4R

PAM

SLC30A8

IGFBPL1

ING3

FABP6

GPR6CA

NCOA6

ST3GAL5

SPTLC1

No known mechanism

Already a target

Not interested in pancreas

Not interested in pancreas

No known mechanism

No known mechanism

Undesirable expression pattern

Not interested in islets

Undesirable expression pattern

Not interested in pathway

Not interested in pathway



Forward vs. reverse genetics

Disease associated genes

Reverse genetics

Associated locus

Forward genetics



Genetics



Our organizing question
What does human genetic data tell us about a gene?

Genetics

^explicitly or implicitly



Do people use human genetics in this way?
• Reviewed Nature/Science/Cell 

papers from last 3 years
• Catalogued every paper that 

reported a diabetes/glucose/insulin 
gene

• Examined how many referenced 
human genetic support

• Result: 4 out of 35 articles 
referenced human genetics

Dornbos et al, Cell Metabolism 2022



Gap 1: human genetic data is not accessible
• The T2D Knowledge portal allows users to interrogate a gene across hundreds of traits 

through a simple web interface
hugeamp.org

Costanzo et al, Accepted in principle at Cell Metabolism





Processing pipeline

Costanzo et al, Accepted in principle at Cell Metabolism



Example: combining multiple associations for a variant?

N=10,000

p=1.7e-10

N=30,000

p=2.4e-2

N=50,000

p=0.27

N=100,00
0

p=6.4e-4

rs1234567
T2D



Example: combining multiple associations for a variant?

1. Minimum p-value

N=10,000

p=1.7e-10

N=30,000

p=2.4e-2

N=50,000

p=0.27

N=100,00
0

p=6.4e-4

N=10,000

p=1.7e-10

rs1234567
T2D



Example: combining multiple associations for a variant?

1. Minimum p-value
2. Largest dataset

N=10,000

p=1.7e-10

N=30,000

p=2.4e-2

N=50,000

p=0.27

N=100,00
0

p=6.4e-4

N=10,000

p=1.7e-10

rs1234567
T2D



Example: combining multiple associations for a variant?

1. Minimum p-value
2. Largest dataset
3. Meta-analysis

N=10,000

p=1.7e-10

N=30,000

p=2.4e-2

N=50,000

p=0.27

N=100,00
0

p=6.4e-4

N=190,00
0

p=6.1e-7

rs1234567
T2D



Example: combining multiple associations for a variant?

1. Minimum p-value
2. Largest dataset
3. Meta analysis

4. Bottom-line

N=10,000

p=1.7e-10

N=30,000

p=2.4e-2

N=50,000

p=0.27

N=100,00
0

p=6.4e-4

N=190,00
0

p=6.1e-7

rs1234567
T2D



Bottom-line method is more accurate

Method Replicated Total Rate
Bottom-line 1628 2001 81.4%
Largest 1561 2200 71.0%
Min-P 1681 2579 65.2%
Naïve 1903 3058 62.2%

*In this case: Largest means “largest after 
validation dataset is removed”

Bottom-line_replication_rate



Associations in the T2DKP
T2D, Fasting glucose, Fasting insulin, HbA1C



Associations in the T2DKP

Costanzo et al, Accepted in principle at Cell Metabolism

T2D, Fasting glucose, Fasting insulin, HbA1C



Access mechanisms

Costanzo et al, Accepted in principle at Cell Metabolism









Gene GWAS Exome

SIN3A Minimum p=9.2e-16 p=0.59

FOXO1 Minimum p=1.91e-5 p=0.036

?
Gap 2: Interpreting genetic associations



Converting frequency differences to probabilities
Example: election forecasting



Applied to genetics
Use observed association strength to update prior belief in a gene 

Formally:
𝑃(𝐻!|𝐷)
𝑃(𝐻"|𝐷)

=
𝑃(𝐷|𝐻!)
𝑃(𝐷|𝐻")

×
𝑃(𝐻!)
𝑃(𝐻")

Bayes Factor (BF)



An important detail
What is the prior?

• Conservative: 1 / 20,000 (“we know there must be at least one”)

• Unprincipled: Investigator defined (“how much would you wager”)

• Measured: 5% (“1,000 T2D genes seems more reasonable than 100 or 10,000”)



Updating the prior

• Nearby a GWAS association, we know:
• Genes with causal coding variants are almost certainly causal
• Genes nearest to the signal are causal genes ~70% of the time
• Genes with a coding GWAS association are causal ~50% of the 

time
• At least one gene in a GWAS region is the causal gene
• Given an observed rare variant association



Simple rules for combining these data

Dornbos et al, Cell Metabolism 2022



A peek at a more comprehensive model

Gen
e

SNP
1

SNP
2

SNP
N…

Proximity to the gene
SNP-to-gene linkages
SNP annotations
Known heritability

Anno
t1

Annot
m

…Anno
t2

Expression pattern
Mouse phenotypes
Literature terms





Genetics









• The Association to Function portal combines all of these portals in one location
a2fkp.org



Problem:

What is the trait?



Type 2 diabetes…



…is not really a single disease





Example case

• “…diagnosed with diabetes at age 18…”
• “…highest HbA1C 8.7%…”
• “…history of ADHD, depression, tinnitus, and hyperlipidemia…”
• “…father diagnosed with diabetes at age 33 when not overweight; 

two grandparents and an uncle diagnosed with diabetes later in life 
while overweight…”



Sifting through genes and “post-hoc storytelling”



What about big data from common traits?

UK Biobank



Intuitively, T2D genes are logical candidates

Flannick et al, 2016



Model: mutations in a pathway cause similar phenotypes

Rare disease Rare diseaseRare disease

Related complex disease



Supported anecdotally

Flannick et al, 2016



Supported anecdotally

Udler et al, 2018

• Patterns of trait associations for T2D GWAS SNPs



The extent to which we can “transfer” associations 
across similar diseases depends on the extent to 
which phenotypic similarity predicts genetic similarity 

And the extent to which rare and common diseases lie on 
a “phenotypic continuum”



The ProDiGY study of T2D in youth
• Incidence of ~3,700 cases/year and increasing, particularly ages 10-19
– 15% of new diabetes cases in whites, 46-86% in minorities

T1D

T2D



• SEARCH for Diabetes in Youth
– Longitudinal follow up to assess natural 

history and complication risk factors
– Active registry of youth diagnosed with 

diabetes at age < 20
• TODAY

– Clinical trial of ages 10-17 to compare 
treatment efficacy of Metformin vs 
Metformin+Lifestyle Intervention vs 
Metformin+Rosiglitazone

– BMI above 85th percentile
• Both studies are multi-ethnic

Samples

Total Male Female

N 3,650 1,294 (35.4%) 2,356 (64.6%)

Current Age 15.2±3.0 15.1±3.1 15.4±2.8

Age at Onset 13.6±2.3 13.3±2.3 14.1±2.2

Ancestry Samples

African-American 1,491 (40.8%)

East-Asian 62 (1.7%)

European 757 (20.7%)

Hispanic 1,306 (35.9%)

NA 34 (0.9%)

Total 3,650



Analysis design

• Whole exome sequencing of 3,650 
youth-onset T2D cases

• Match to controls from AMP-T2D 
exomes 

– Total analysis of 3,005 cases and 9,777 
controls 

• Single variant analysis (mostly for 
common variants)

• Gene-level analysis (for rare variants)



Statistics are well-calibrated

Single variant results Gene-level results



Four exome-wide significant associations



Three exome-wide significant gene-level associations

• Additionally: 2.1% of cases carry a monogenic diabetes causing variant



Substantial enrichment in diabetes-relevant gene sets

• Gene sets defined by 
HPO terms

Three categories



Enrichments are due to many genes
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Tiers of candidate genes

• Tier 1: Exome-wide significant genes (MC4R, HNF1A, ATXN2L)

• Tier 2: among top 50 and causal for monogenic diabetes or T2D 
(GCK, SLC30A8, ABCC8, PAM)

• Tier 3: among the top 50 and in an enriched HPO gene set (RFX6, 
GHRL, HESX1, SIX3)

• Tier 4: p<0.05 and in a diabetes-relevant gene set (38 additional 
genes)



(relative to adult-onset T2D cases)

Both common and rare variants are enriched in ProDiGY



Both common and rare variants explain more heritability
(relative to adult-onset T2D cases)

Tier 1 Tier 2 Tier 3 Tier 4



Both common and rare variants explain more heritability
(relative to adult-onset T2D cases)

Tier 1 Tier 2 Tier 3 Tier 4



As a population, youth-onset T2D cases are 
enriched for all types of genetic risk factors

2.1% carry monogenic variants (MODY cases)
5.0-fold more rare variants than adult-onset cases
3.4-fold more common variants than adult-onset cases

skew towards common variants in absolute terms
skew towards rare variants relative to adult-onset T2D



What about individually?



Cases due to MODY mutations are phenotypically different



Start with cases “explained” by rare or common variants



• But, a substantial amount of heterogeneity across cases

No clear dividing line between cases due to rare vs. common variants



Cases due to rare vs. common variants are phenotypically different



Summary: bridging the gap between monogenic and polygenic diabetes

Monogenic DM LipodystrophyNeonatal DM

Youth-onset T2D

Adult-onset T2D



But…



Civelek and Lusis, 2014

Versus…



A future vision

Udler et al, 2018







We are always seeking collaborators 
and motivated new members!

Contact flannick@broadinstitute.org or 
http://flannicklab.org

mailto:flannick@broadinstitute.org

