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It is possible to identify new and established exposures 
associated with health in big biobanked data!

(1) Discover & replicate new 
exposures and genes; 


(2) Interrogate new biological 
pathways;


(3) “Triangulate” possible 
causal relationships;


(4) Perform meta-analysis and 
synthesis

… what about to study early development and children?



Genomics and the genome-wide association study: an 
example of robust big data observational studies?!

3,567 publications (as of 9/18/18) 
71,673 G-P associations

https://www.ebi.ac.uk/gwas/

3,955 publications (as of 4/21/19)

136,287 G-P associations

4,493 publications (as of 3/10/20)

179,364 G-P associations

• Scaled for discovery

• Replicated associations

• Meta-analysis across cohorts

• New biological pathways 

• Negligible confounding

5,690 publications (as of 5/11/22)

372,752 G-P associations
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The exposome is shared and non-shared!

Small particles in air pollution 
Extreme weather (heat and cold) 

In-utero exposure

Nutrients from dietary choice

👪 👪

shared non-shared



Biobanking and capture of exposure at different times during 
development: when (and at what frequency) do we measure? 

Athersuch Bioanalysis 2012

Cumulative (cadmium, PCB)

Constant, but  excreted (phenols)

Intervention (drugs)

Seasonal (allergen)

In-utero

Not shown: Diurnal



Requirements for biobanked study of children to 
identify exposures associated with health and disease
• Consent (Kilma et al, Genetics in Medicine 2014)


• Measurement of development-relevant phenotypes 


• Frequent measure through in-utero and developmental 
time


• Biosamples to assay the exposome


• Linkages to health information of mom & dad


• Associations with future health outcomes (adolescence, 
adulthood) 

• Geospatial exposome biomarkers: climate and air 
pollution 


• Data approaches to harmonize across cohorts for meta-
analyses and systematic reviews

👪 👪



https://abcdstudy.org



Family history (parents), genetic risk:

What triggers the onset?


https://teddy.epi.usf.edu/TEDDY/

https://teddy.epi.usf.edu/TEDDY/index.htm




Risk score prediction of type 1 diabetes across age: do 
exposures interact through development for children at risk?

Nature Medicine 2020

2 years of age 4 years of age



Health insurance claims data to 

partition the genome and exposome of phenotypes


(<25 years of age)

+ Disease (ICD9/ICD10),

 procedures, drugs, labs


N ~ 45M

Chirag Lakhani Braden Tierney

Jian Yang 
Peter M Visscher Arjun Manrai

insurance claims

Weather

Air Pollution

Census SES



Amassing (the largest) twin and sibling cohort 
in the US to estimate G and E in ~500 P

• Assume familial relationships in subscriber 
groups


• Subscriber group less than 15 members 

• Both members are child of primary 
subscriber (e.g., employed individual)


• Same date of birth 

• Year of birth occurs on or after 1985


• Member enrollment greater than 36 
months

Same Sex - 
Female 17,919

Same Sex - 
Male 17,835

Opposite 
Sex 20,642

total 56,396

Largest collection of twins in US (next largest has ~28k pairs)Largest collection of twins in US (next largest has ~28k pairs)

724K siblings!

Lakhani et al., Nature Genetics 2019



Where do we get E indicators?

Exposome Data Warehouse (~1TB) 

Geographical information system-enabled 
 database to map individuals to E

Sociodeprivation Index

Seasonality and Temperature

Air Quality and Pollution



Decomposing G (h2), shared E (c2) and factors of shared E 

(SES, air quality, and temperature)


 in 2 candidate phenotypes:

Lyme and Obesity

Lakhani et al., Nature Genetics 2019

temperature/seasonality = 5% of shared environment

SES explains 10% of shared E

significant total genetics

significant total shared E

zero genetics

significant shared environment



Lakhani et al., Nature Genetics 2019
http://apps.chiragjpgroup.org/catch/

Patient cohorts in the “real-world” : 
overall heritability (0.32) and shared environment (0.09): 

modest (but reproducible) contributions of G and E�

CaTCH: Claims analysis of Twin Correlation and Heritability
US-based, ages < 25

st
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Phenotype category

Overall (0.32) Endocrine (0.4) Metabolic (0.4) 



Dissecting the role of air pollution, climate, 
and geocoded SES total shared environment 

r=0.817

Lakhani et al., Nature Genetics 2019



56K twins and 700K siblings in a massive health insurance cohort 
point to complex and elusive variation in 560 phenotypes

56
0 

ph
en

ot
yp

es

http://apps.chiragjpgroup.org/catch/

h2=0.3 (🧬)

c2=0.1 (🏠)

?

https://rdcu.be/boZeV



N=111 
Accommodations


Air pollution

Alcohol


Diet

Early life factors


Education

Employment


Income

Lifestyle/Exercise


Sociodemographics

Sleep


Smoking

Sound pollution


 

Yixuan He

Diabetes Care 2021

Building a Poly-eXposure Risk Score (PXS):

UK Biobank, 111 modifiable/non-modifable exposures



Filter & Select 
XWAS

Lasso


P value thresholds

N=111 
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Diabetes Care 2021

Building a Poly-eXposure Risk Score (PXS):

UK Biobank, 111 modifiable/non-modifable exposures



N=12 
Alcohol intake


Comparative body size at age 10

Major dietary changes in past five years


Household income

Insomnia

Snoring


Milk type used (skim, whole, etc.)

Dietary restriction  (eggs, diary, wheat, etc)


Spread type used (butter, etc)

Tea intake per day


Own or rent accommodations

Past tobacco usage


 

Filter & Select 
XWAS

Lasso


P value thresholds

N=111 
Accommodations


Air pollution

Alcohol


Diet

Early life factors


Education

Employment


Income

Lifestyle/Exercise


Sociodemographics

Sleep


Smoking

Sound pollution


 

Building a Poly-eXposure Risk Score (PXS):

UK Biobank, 111 modifiable/non-modifable exposures



PRS and PXS (Poly eXposure Score):  
C-index increases that may be complementary 

(but both much less than simple demographics and clinical factors)

PRS: Khera et al, Nature Genetics 2018

PXS: 12 non-genetic factors (selected by XWAS plus LASSO)


CRS: FamHx, BP, BMI, glucose, HDL, triglycerides

Noble et al.: AUC 0.6-0.9 (BMJ, 2011)

Meigs et al.: C-index 0.9 (NEJM, 2008)

Diabetes Care 202121



A PXS may have utility those at highest aggregate 
risk or for reclassification of the CRS

Undiagnosed Diabetes  
(A1C > 6.5%) 

PRS: 0.696 (0.688, 0.705)

PXS: 0.756 (0.748, 0.764)

(see also Elliott et al, JAMA 2020)

Diabetes Care 202122



Moving beyond glucose and BMI to dissect the 
multidimensionality of DM risk phenotypes:


Is it possible to predict pancreas and liver age?

Alan Le Goallec Le Goallec et al, Nature Communications 2022



We predicted abdominal, pancreatic, and liver 
age with R2 > 70% (MAE of 3.5 years) using 
convolutional neural networks (xfer learning)

Le Goallec et al, Nature Communications 2022



Attention maps highlighted the liver, pancreas 
(but also the stomach, and surrounding 

adipose tissue)
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Genetic correlation 
between pancreas and 

liver: 0.86 

Different GWAS hits for 
liver and pancreas 

dimensions suggest 
different aging processes


EFEMP1 (liver) is 
implicated in age-related 

macular degeneration


PLEKHA1 (pancreas) 
shared in type 2 diabetes, 

obesity 


Ensemble (AbdAge)

Liver Age

Pancreas Age

Le Goallec et al, Nature Communications 2022 https://t2d.hugeamp.org/downloads.html

Abdominal, Pancreatic, Liver Age is heritable 
(h2 of 22-26%), with GWAS signals implicated 

in metabolic disease
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EWAS of Non-genetic/exposome factors 
(m=266) in abdominal aging: smoking, diet, 

physical activity, and alcohol 
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Chung et al., Environmental Health Perspectives 2021

Biobanked samples to perform “functional” EWAS 
for discovery of biologically relevant exposures

Jake Chung



Science 2015
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Confounding

Reverse causation

Missing information


Sensitivity Analyses? 
Triangulation?


Meta-analyses?



Quantvoe: scaling up sensitivity analyses to test robustness 
of modeling scenarios (is it enough to adjust for a priori 

variables?)

https://github.com/chiragjp/quantvoe
Tierney et al, PLOS Biology 2021

See also: Tierney et al, PLOS Biology 2022

Tierney et al., Nature Communications 2021
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