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What is genomic data? 

Genomics is a recent term that describes the study of all of a 
person's genes (the genome), including interactions of those 

genes with each other and with the person's environment.  

- From www.genome.gov 



The increase in genomic data is driven by affordable 
DNA sequencing 



Sub-classes of genomic data 

• Comparative genomics 

Lindblad-Toh et. al., 2011 



Sub-classes of genomic data 

• Functional genomics 

Vidal et. al., 2011 



Sub-classes of genomic data 

• Epigenomics 

Epigenomics Roadmap Consortium, 2015 



Sub-classes of genomic data 

• Metagenomics 

Qin et. al., 2012 



What is genomic data in medical research? 

Genomics is a recent term that describes the study of all of a 
person's genes (the genome), including interactions of those 

genes with each other and with the person's environment. 

Genomics offers new possibilities for therapies and treatments 
for some diseases, as well as new diagnostic methods.  

- From www.genome.gov 



Early promises of the human genome project 

Collins, 1999 



What is genomic data? 

Genomics is a recent term that describes the study of all of a 
person's genes (the genome), including interactions of those 

genes with each other and with the person's environment. 

Genomics offers new possibilities for therapies and treatments 
for some diseases, as well as new diagnostic methods. 

Genomics includes the scientific study of complex diseases 
such as heart disease, asthma, diabetes, and cancer because these 
diseases are typically caused more by a combination of genetic and 

environmental factors than by individual genes.  

- From www.genome.gov 



Complex diseases 

• Exhibit familial aggregation but not a clear inheritance 
pattern 

 

• Due to combination of many genes and environmental 
factors 

 

• Type 2 diabetes as a representative example 

– 30-70% heritability, sibling relative risk of ~2 

– ~100 loci associated with T2D thus far, likely >3000 

 



Study of complex disease requires sequencing of 
many individuals 



With DNA sequence data and bioinformatic methods 
available today, how do we use and interpret these to 
advance patient care? 
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develop 
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Use these to advance 
therapies and treatments 



Beyond diagnostics: personal genomics 

 

 

 

 

 

 

• Sequencing the genomes 
of “healthy” individuals 
from the general 
population to target 
preventive care 



GWAS: many 
common variants 
associated with 
T2D 



Common variants have insufficient power for 
genetic risk prediction 

Jostins et. al., 2011 



Rare variants for mendelian diseases have greater 
predictive power 

https://atgu.mgh.harvard.edu/xbrowse 



MODY is a monogenic form of diabetes 

• Autosomal dominant, early onset 

 

• Heterogeneous group of disorders, 
13 genes identified 

 

• Diagnosis of MODY  
can impact treatment and prognosis 

– e.g. HNF1A and sulfonylureas 

 

• MODY shares clinical features with T2D 

 

 

 

Johansson et al, 2012 



Can we predict risk of diabetes through  
sequencing of MODY genes? 

Brunham & Hayden, 2012 



Four classes of variants 
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Group Description 

Nonsynonymous <1% All variants 

HGMD Reported to cause MODY 

Possibly pathogenic Conserved, rare (MAF <.1%),  
and predicted damaging 

Putative pathogenic Possibly pathogenic and 
reported to cause MODY 



MODY patients are highly enriched for variants in 
each class 

Group Description Cases 

Nonsynonymous <1% All variants 48% 

HGMD Reported to cause MODY 28% 

Possibly pathogenic Conserved, rare (MAF <.1%),  
and predicted damaging 

23% 

Putative pathogenic Possibly pathogenic and 
reported to cause MODY 

19% 

250 MODY patients, 9 MODY genes 

Flannick et. al., 2013 



What about the general population? 

• Ascertain from the population 

 

 

• Sequence nine genes for MODY  

 

 

 

• Assess frequency of variant carriers 
and relative risk of developing diabetes 

 

 

 

FHS (1,464)      JHS (1,640) 

GCK, HNF1A, HNF1B, 
HNF4A, INS, 

NEUROD1, PDX1 
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Flannick et. al., 2013 



A smaller, but still substantial, fraction of individuals 
carry nonsynonymous variants in these genes 

Group Description Variants % who carry 

Nonsynonymous 
<1% 

All variants 108 4.4-5.7% 

HGMD Reported to cause MODY 25 1.5-1.8% 

Possibly 
pathogenic 

Conserved, rare (MAF <.1%),  
and predicted damaging 

21 0.47-0.52% 

Putative 
pathogenic 

Possibly pathogenic and 
reported to cause MODY 

6 0.15%-0.18% 
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Flannick et. al., 2013 



What fraction of variant carriers develop diabetes or 
impaired fasting glucose? 

The majority of variant carriers  
remain euglycemic through middle age 

Flannick et. al., 2013 



Lessons for interpreting genomic data for 
diagnostics and risk prediction  



Ascertainment bias is a double edge sword 

• BRCA1/2 penetrance  
estimates have fallen  
from ≈90% to <40% 

 

• 80% of individuals with 
haemochoromatosis  
have variants in HFE; 
<1% of carriers have 
disease 

Pr(D|variant) ≠ P(variant|D) 



Large-scale population sequencing will be needed 

• The belief in deterministic rare “mendelian” variants is 
in part due to historical ascertainment bias of small 
numbers of affected individuals 

http://exac.broadinstitute.org 



Mendelian genes likely harbor an allelic series 

Group Description Cases Controls OR 

Nonsynonymous <1% All variants 4.7% 1.5% 3.62 

HGMD Reported to cause MODY 4 1 4.7 

Possibly pathogenic Conserved, rare (MAF <.1%),  
and predicted damaging 

4 0 - 

Putative pathogenic Possibly pathogenic and 
reported to cause MODY 

2 0 - 

362 extreme T2D cases, 409 extreme controls 

• Diagnostics and risk prediction will likely need to 
consider a range of phenotypes for variants in the same 
gene 

Flannick et. al., 2013 



Experimental validation may be needed 

Majithia et. al., 2014 
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Use these to advance 
therapies and treatments 



Current T2D therapies fail to arrest disease progression 

10-Year follow-up of diabetes incidence and weight loss  
in the Diabetes Prevention Program Outcomes Study 

 



Pharmaceutical productivity has declined 

Nature Reviews | Drug Discovery

b  Rate of decline over 10-year periods
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spending 5 years previously

Drugs per billion US$
R&D spending 

FDA tightens
regulation
post-thalidomide

First wave of
biotechnology-
derived therapies

FDA clears backlog
following PDUFA
regulations plus small
bolus of HIV drugs 

The magnitude and duration of Eroom’s 

Law also suggests that a lot of the things that 

have been proposed to address the R&D pro-

ductivity problem are likely, at best, to have a 

weak effect. Suppose that we found that it cost 

80 times more in real terms to extract a tonne 

of coal from the ground today than it did 

60 years ago, despite improvements in mining  

machinery and in the ability of geologists 

to find coal deposits. We might expect coal 

industry experts and executives to provide 

explanations along the following lines: “The 

opencast deposits have been exhausted and 

the industry is left with thin seams that are 

a long way below the ground in areas that 

are prone to flooding and collapse.” Given 

this analysis, people could probably agree 

that continued investment would be justified 

by the realistic prospect of either massive 

improvements in mining technology or large 

rises in fuel prices. If neither was likely, it 

would make financial sense to do less digging.

However, readers of much of what has 

been written about R&D productivity in 

the drug industry might be left with the 

impression that Eroom’s Law can simply be 

reversed by strategies such as greater man-

agement attention to factors such as project 

costs and speed of implementation26, by 

reorganizing R&D structures into smaller 

focused units in some cases27 or larger units 

with superior economies of scale in others28, 

by outsourcing to lower-cost countries26,  

by adjusting management metrics and 

introducing R&D ‘performance score-

cards’29, or by somehow making scientists 

more ‘entrepreneurial’30,31. In our view, these 

changes might help at the margins but it 

feels as though most are not addressing  

the core of the productivity problem.

There have been serious attempts to 

describe the countervailing forces or to 

understand which improvements have been 

real and which have been illusory. However, 

such publications have been relatively 

rare. They include: the FDA’s ‘Critical Path 

Initiative’23; a series of prescient papers by 

Horrobin32–34, arguing that bottom-up  

science has been a disappointing distraction;  

an article by Ruffolo35 focused mainly on 

regulatory and organizational barriers;  

a history of the rise and fall of medical inno-

vation in the twentieth century by Le Fanu36; 

an analysis of the organizational challenges 

in biotechnology innovation by Pisano37; 

critiques by Young38 and by Hopkins et al.39, 

of the view that high-affinity binding of a 

single target by a lead compound is the best 

place from which to start the R&D process; 

an analysis by Pammolli et al.19, looking at 

changes in the mix of projects in ‘easy’ versus 

‘difficult’ therapeutic areas; some broad-

ranging work by Munos24; as well as a  

handful of other publications.

There is also a problem of scope. If we 

compare the analyses from the FDA23, 

Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 

Pisano37, Young38 and Pammolli et al.19, there 

is limited overlap. In many cases, the differ-

ent sources blame none of the same counter-

vailing forces. This suggests that a more 

integrated explanation is required.

Seeking such an explanation is important 

because Eroom’s Law — if it holds — has 

very unpleasant consequences. Indeed, 

financial markets already appear to believe 

in Eroom’s Law, or something similar to it, 

and the impact is being seen in cost-cutting 

measures implemented by major drug com-

panies. Drug stock prices indicate that inves-

tors expect the financial returns on current 

and future R&D investments to be below 

the cost of capital at an industry level40, and 

Figure 1 | Eroom’s Law in pharmaceutical R&D. a | The number of new drugs approved by the US 

Food and Drug Administration (FDA) per billion US dollars (inflation‑adjusted) spent on research 

and development (R&D) has halved roughly every 9 years. b | The rate of decline in the approval of 

new drugs per billion US dollars spent is fairly similar over different 10‑year periods. c | The pattern 

is robust to different assumptions about average delay between R&D spending and drug approval. 

For details of the data and the main assumptions, see Supplementary information S1 (table) and 

REFS 24,86,87 . Note that R&D costs are based on the Pharmaceutical Research and Manufacturers 

of America (PhRMA) Annual Survey 2011 (REF. 86) and REF. 87 . PhRMA is a trade association that 

does not include all drug and biotechnology companies, so the PhRMA figure understates R&D 

spending at an industry level. The total industry expenditure since 2004 has been 30–40% higher 

than the PhRMA members’ total expenditure, which formed the basis of this figure. The new drug 

count, however, is the total number of new molecular entities and new biologics (applying the same 

definition as Munos24) approved by the US FDA from all sources, not just PhRMA members. We have 

estimated real‑term R&D cost inflation figures from REFS 24,87. The overall picture seems to be fairly 

robust to the precise details of cost and inflation calculations. Panel a is based on a figure that origi‑
nally appeared in a Bernstein Research report (The Long View — R&D productivity; 30 Sep 2010). 

*Adjusted for inflation. PDUFA, Prescription Drug User Fee Act. 

PERSPECTIVES

192 | M ARCH 2012 | VOLUM E 11  www.nature.com/reviews/drugdisc

© 2012 Macmillan Publishers Limited. All rights reserved



Why? 

• Most (>95%) drug candidates fail in clinical trials, usually 
because they do not have the desired effect in humans 

Projects terminated phases 1-3 

Toxicity 

Efficacy 

1999-2002 

Schuster et al., Curr Pharm Des. 

2005;11(27):3545-59; 

Efficacy 

Toxicity 

“Strategic” 

Arrowsmith. Nature Rev Drug Discov (2011) 
Scannell et al. Nature Rev Drug Discov (2012) 

2008-2010 

Projects terminated phase 2 



Human genetics: a promising way to identify targets 

• Naturally occurring variation in human populations can 
suggest and help validate therapeutic hypotheses 

e.g. PCKS9 and cholesterol  



• Which can lead to  
new treatments 

Human genetics: a promising way to identify targets 



Exome sequencing can provide hypotheses 
SLC30A8: 12 mutations in 149,134 individuals 

T2D odds ratio: 0.34          p=1.7 x 10-6 

 

Flannick et. al., 2014 



But even with SLC30A8… 

• Huge sample sizes needed 

 

• Mechanism of protection unknown, at odds with 
previous hypotheses 

 

• Even if mechanism is known, SLC30A8 may not be an 
attractive drug target 

– E.g. prevention vs. treatment 

 

• How many other genes like SLC30A8 are there? 



Can we use genomic data at scale to identify or 
validate therapeutic hypotheses? 



A need for large-scale sharing of genomic data 



A need for a coordinated effort 



A knowledgebase for type 2 diabetes genetics 

www.type2diabetesgenetics.org 



~13K exomes, ~80K exome chip, ~100K GWAS 



Lessons for using genomic data to inform potential 
therapies 

• Huge datasets will be needed to resolve association 
signals to genes or variants 



A simple data or result handoff is not enough 

Disease associated genes 

Forward genetics 

Reverse genetics 

• Many genes to investigate 

• Many others “hiding” in the data 

• Many flowers to bloom 

 



How do we translate between biological/medical 
queries and genomic/clinical data? 

What is the aggregate 

effect of LoF variants in 

my gene on T2D risk? 

Genomic and 
clinical data 



Simple reverse genetic lookups are supported 



Simple reverse genetic lookups are supported 



Simple reverse genetic lookups are supported 



As well as forward genetic lookups 



Lessons for using genomic data to inform potential 
therapies 

• Huge datasets will be needed to resolve association 
signals to genes or variants 

 

• Translating association signals into therapeutic 
hypotheses will require many different approaches and 
efforts 



More complex queries require sophisticated 
bioinformatics 

Genomic and 
clinical data 

What is the aggregate 

effect of functional 

variants in my pathway  

on T2D risk in 

young, lean individuals? 



Best-practice methods must be defined by experts 

Sample 

QC 
Variant QC 

Population 

structure 

Annotation 

Confounders 

Single variant 
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Result 

integration 

Result 

presentation 

Phenotype 

QC 



And implemented automatically to enable anyone to 
access and use them 

Storage Methods 

Sample 

QC 

Variant 

QC 
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What is the aggregate 

effect of functional 

variants in my pathway  

on T2D risk in 

young, lean individuals? 



Lessons for using genomic data to inform potential 
therapies 

• Translating association signals into therapeutic 
hypotheses will require many different approaches and 
efforts 

 

• Huge datasets will be needed to resolve association 
signals to genes or variants 

 

• Substantial software and bioinformatics will be 
necessary to translate between analyses of these data 
and biological or medical queries 



In summary 



How do we use genomic data today to advance 
these goals? 

Collins, 1999 



Genetic mapping has seen much success 

Collins, 1999 

~100 GWAS signals identified for T2D 
 

>80 genes known to contribute to 
monogenic forms of diabetes 



Interpreting variants from personal genome 
sequencing is challenging 

Collins, 1999 

Even reported Mendelian disease variants 
or bioinformatically damaging variants in 
reported Mendelian disease genes can 
have negligible effect on disease risk 



Interpreting variants from personal genome 
sequencing is challenging 

Collins, 1999 

Using genomic data to inform therapies 
will require huge datasets, many research 
efforts, and a centralized knowledgebase 

to catalyze these activities 



Thank you for listening 
 

Questions? 


