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Key data applications for precision medicine research:
(1) How much variation attributable to E in disease?

(2) What factors of the exposome are associated with disease?
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? Larger the proportion (slice of pie):

More efficient discovery?

Exposure-wide association studies (ExWAS):
What factors are associated?

How do the exposures “add” up in aggregate?
Multiple factors of small effects?
Few factors with large effects?



Genomic and exposomic research are 
enhanced through large-scale cohort data, 

such as both GWAS and ExWAS!
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Genomics and the genome-wide association 
study: an example of scalable, reproducible 
identification of genetic variation in disease

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
• Robust associations
• Negligible confounding
• Zero reverse causality
• Little prediction capability

5,690 publications (as of 5/11/22)
372,752 G-P associations

6,422 publications (as of 7/5/23)
529,713 G-P associations Abdellaoui et al, AJHG 2023

G



Possible to achieve translatable evidence with 
biobank scale data?



Proc R Soc Med 1965

“Bradford Hill” has been our “model” for 
assessment of single exposures in disease!

1.) Strength of association (high risk) 
High odds ratio, risk ratios, variance explained…

2.) Consistency of association 
Replicated in multiple cohorts and across groups

3.) Specificity of association 
One exposure ~ one phenotype

4.)Temporality  
Exposure comes before phenotype

5.) Biological gradient 
Higher the exposure, the higher the risk 6.) Biological plausibility 

Does the mechanism have some prior? 

7.) Coherence 
Can the association be reproduced experimentally



The exposome: systematic exposures across domains & 
modalities

Vermeulen R, Science 2020
Wild, Int J Epi 2012

Manrai et al., ARPH 2017
Patel and Ioannidis JAMA 2014

Ioannidis et al. STM 2009

E



Modalities of the exposome in the biobank 
records era are complex, time-dependent, 

and diverse in data type

Modality
Targeted mass spec
Geospatial markers
Self-report questionnaire
Untargeted mass spec
Sensor-based behaviors

Type
Tabular; spectra
Area-level; 2D spectra
Tabular; hierarchical
Tabular; spectra
Tabular; spectra

Examples
Lead; Cadmium; PFAS
Zipcode-level PM 2.5
Nutritional recall
Mass-charge ratio
Accelerometers

Patel et al, CEBP 2017
Manrai et al, ARPH 2017

Vermeulen et al, Science 2020



And the exposome is shared and non-shared!

Small particles in air pollution Behavior-related exposures

🧑🧑🧒🧒👪

shared non-shared



σ2P = σ2G + σ2E
… 



σ2G
σ2P

H2 =

Heritability (H2) is the range of phenotypic 
variability attributed to genetic variability in a 

population (“genomic architecture”)

Indicator of the proportion of phenotypic 
differences attributed to G.



🏠

σ2shared
σ2P

C2 =

Shared E (C2) is the range of phenotypic variability 
attributed to shared household or geography 

(but not genetics)



σ2E ?
Combination of shared and non-shared exposome

σ2E = σ2shared + σ2non-shared (+ random chance)

What is the “total” aggregate exposome, or the
exposome “architecture” of phenotypes?

Lakhani et al., Nature Genetics 2019
See also: Rzhetsky et al Nature Comm 2019

Wang et al Nature Genetics 2017
Polubriaginof et al, Cell 2018



Creating cohorts with both G & E
Health insurance claims data to 

document the role of genome and exposome of patient phenotypes

+ Disease (ICD9/ICD10),
procedures, drugs, labs

N ~ 45M

Health claims 
information

Weather

Air Pollution

Census SES

Lakhani et al., Nature Genetics 2019



Family relationships: a prerequisite  to 
measure aggregate G and E in 501 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



We mapped 13360 ICD9 billing codes to 1809
PheWAS (P) codes (in addition to 95 Mendelian 

disorders)

Denny, Bastarache, et al. 2013
Rzhetsky, White et al. 2013

CARDIOVASCULAR
hypertension (401)
cardiac dysrhythmias (427)

DIGESTIVE
irritable bowel syndrome (564.1) 

ENDOCRINE
type 2 diabetes (250.1)
type 1 diabetes (250.2)

(and 11 more phenotype groups)



h2 = 2(rmz - rdz)
c2 = 2rdz - rmz

We can estimate the proportion of 
fraternal and identical twins using opposite

sex twin prevalence

Tetrachoric correlation to estimate rmz & rdz

h2 : narrow-sense heritability
c2 : shared environment

rmz: correlation of phenotype between identical twins
rdz: correlation of phenotype between fraternal twins



… but we do not know the zygosity status of 
claimants…

But we do know:

Opposite sex twins: all fraternal
Same Sex twins 👯 : mixture of identical and fraternal



We can estimate the proportion of fraternal and 
identical twins using opposite sex twin prevalence

Weinberg, 1902
Benyamin, et al, 2005, 2006

P(mz) ~ 1 - 2(NOS / Nall) = 0.26

p(ss) = Nss / Nall = 0.63

p = P(mz|ss) = P(mz) / P(ss)  = 0.41

h2 = 2/p (rss - ros)
c2 = (ros(p+1) - rss) / p



Decoupling G from E in 560 P by integrating measured 
shared exposome (zipcode) and genome (twins)

Sociodeprivation Index

Median Monthly Temperature

Median Monthly Air Quality

Lakhani et al., Nature Genetics 2019



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
at

is
tic

Phenotype category

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



h2 and c2 estimates for 560 phenotypes versus statistical significance :
326/560 traits (>50%) have a heritable and 180/560 (32%) had a shared 

environment component!

r=0.817

Lakhani et al., Nature Genetics 2019



… air pollution, climate, and geocoded SES play a role in total 
shared environment, but cannot explain all of the variation!

r=0.817

Lakhani et al., Nature Genetics 2019



56K twins and 700K siblings in a massive health insurance cohort 
point to complex exposomic architecture in P

56
0 

ph
en

ot
yp

es

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

Genetics:
h2=30% (🧬)

Shared Exposome
c2=10% (🏠)

?

https://rdcu.be/boZeV

Massive associations to be discovered via ExWAS!

Lakhani et al., Nature Genetics 2019

Non-Shared Exposome:
>10-50%?



Explaining the the missing 50-60% variation:
We are close to bringing ExWASs to practice, 

but some challenges!

Wild, 2005, 2012
Ioannidis , 2009

Rappaport and Smith, 2010, 2011
Buck-Louis and Sundaram 2012

Miller and Jones, 2014
Patel CJ and Ioannidis JPAI, 2014ab

Ioannidis, 2016
Manrai, 2017

•What is the exposome: measurement technology and 
categories/domains of exposure 
•Confounding & causality: what factors to adjust for?
•Stability of exposures and longitudinal time to outcomes
•How large is the exposome: consideration of multiplicity 
(false discoveries)



Examples of exposome-driven discovery machinery, 
or “exposome-wide association studies”



Gold standard for breadth of human exposure information:
National Health and Nutrition Examination Survey1

since the 1960s
now biannual: 1999 onwards
10,000 participants per survey

1 http://www.cdc.gov/nchs/nhanes.htm

>250 exposures (serum + urine)
GWAS chip

>85 quantitative clinical traits 
(e.g., serum glucose, lipids, body 
mass index)

Death index linkage (cause of 
death)

http://www.cdc.gov/nchs/nhanes.htm


Gold standard for breadth of exposure & behavior data:
National Health and Nutrition Examination Survey

Nutrients and Vitamins
vitamin D, carotenes

Infectious Agents
hepatitis, HIV, Staph. aureus

Plastics and consumables
phthalates, bisphenol A

Physical Activity
e.g., stepsPesticides and pollutants

atrazine; cadmium; hydrocarbons

Drugs
statins; aspirin



Going “exposome-wide” in Type 2 Diabetes:
Serum nutrients and persistent chemicals associated with 

FBG > 125 mg/dL

Heptachlor Epoxide 
OR=3.2, 1.8PCB170

OR=4.5,2.3
γ-tocopherol (vitamin E)

OR=1.8,1.6β-carotene
OR=0.6,0.6

FDR<10%

PLOS ONE 2010
ORs: 1 SD change in E

N=100-3000 per survey (4 surveys)



EWAS in triglycerides identifies 22 E associations (11%);
however, fewer E (4%) in LDL-C

22 factors organochlorine pesticides
polychlorinated biphenyls

carotenoids
vitamin E
vitamin A

8 factors
carotenoids

vitamin E
vitamin A

Int J Epidem 2012.  

1-15 mg/dL
R2 ~ 15, 2% 



Broad spectrum of serum nutrients, persistent pollutants, 
and behavior (cotinine) associated with HDL-C 

(17 out of 188 [9%])

FDR < 5%

carotenes 

cotinine 

heavy metals

organochlorine pesticides

Int J Epidem. 2012  

hydrocarbons

log10(HDL-C)
adjusted for BMI, SES, ethnicity, age, age2, sex

N=1000-3000

E
Vitamins

DCBA

minerals 

1-5 mg/dL
R2 ~ 15% 



ExWAS identifies factors associated with all-cause mortality:
HR vs. -log10(pvalue) of 253 associations

age (10 years)

income (quintile 2)

income (quintile 1)male

black income (quintile 3)

any one smoke in home?

Multivariate cox (age, sex, income, education, race/ethnicity, occupation [in red])

serum and urine cadmium
[1 SD]

past smoker?
current smoker?serum lycopene

[1SD]

physical activity
[low, moderate, high activity]* 

*derived from METs per activity and categorized by Health.gov guidelines

R2 ~ 14%
(2%)



Researching the exposome: where has exposome-
wide taken us in 12-15 years?



Circulation 2012
Betas: 0.9-1.3 per 1 SD
R2 (SBP): <1%

Nature Communications 2020
HRs: 0.9-1.3 per 1 SD

IJE 2012
R2 (triglycerides): 10%
R2 (LDL): 2%
R2 (HDL): 15%

IJE 2017
R2: 1%

IJE 2013
HRs: 0.7-2.8 (per 1SD)

Nagelkerke R2: 2%

Env Int 2018 

Diverse association sizes/variance for ~300 E factors illuminates 
the broad implications for risk and biology

82 E

249 E

374 E 

461 E and P

188 E

128 E



Correlation structure between E factors:
Correlation “globes” for 4 factors is dense but modest in overall 

association (average correlation of 0.3)

JAMA 2014

Pac Symp Biocomput. 2015
JECH. 2015



In massive non-genetic data: 
The potential for confounding can be immense!

PE1 ?
E2

E3, E4, …,Em 



Science 2015



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



What evidence is needed to translate 
genomics and exposomics to the bedside?



The polygenic risk score (PRS), or genome wide 
predictive score (GPS) has emerged as a way 

measure cumulative genetic “burden”

• Are GWAS variants clinically relevant?

• Any one variant may not be (odds ratios are small)

• In contrast, polygenic risk scores:

• Summarize additive genetic risk for disease in a time-
invariant way

• Are the sum of the association sizes (e.g., the odds ratios) for 
each variant for an individual

Khera et al. Nature Genetics 2018



Risk stratification of coronary artery disease according to the GPS

Odds of CAD > 5 fold in top 0.5% of population 
Khera et al. Nature Genetics 2018



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-modifiable exposures

Diabetes Care 2022
Personalized Environment and 

Genes (PEGS) cohort

Diabetes Care 2021
UK Biobank



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

Diabetes Care 2021

Building a Poly-eXposure Risk Score (PXS):
UK Biobank, 111 modifiable/non-modifiable 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-modifiable 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 2021



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

Diabetes Care 2021



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 2021



PXStools: interrogating multiple disease outcomes 
demonstrates heterogeneity of predictions in UK Biobank

Int J Epidemiology 2023https://github.com/yixuanh/PXStools

ExWAS
PXS via LASSO
Group LASSO

HR:
Top 10% vs. 90%

https://github.com/yixuanh/PXStools


Building a socioeconomic and exposomic risk score 
for screening for COPD while considering smokers

Nature Communications (In Press)

Yixuan He
Michael Cho
Ed Silverman
Alicia Martin



Building a socioeconomic and exposomic risk score 
for screening for COPD for smokers and non-smokers

Nature Communications (In Press)



SERS provides 
improved prediction for 

smokers;
Comparable to genetics 

of lung function

Nature Communications (In Press)



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

convolutional neural networks (transfer learning)

Le Goallec et al, Nature Communications 2022



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

adipose tissue)

Le Goallec et al, Nature Communications 2022



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 

Genetic association 
distinct from T2D

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

62



ExWAS (m=266) in abdominal aging: smoking, 
diet, physical activity, and alcohol (R2 of ~2%)

https://www.multidimensionality-of-aging.net/xwas
Decelerated agingAccelerated aging

The lifestyle exposome 
intersects pancreas/abdominal 

aging and diabetes:
What comes first - are they 

independent?

Pack years of smoking

sleep

Accelerometer-based PA

Never smoking

IGF-1 (Insulin-like growth factor 1)

Frequency of strenuous exercise

alcohol



Key data applications for exposomic research:
(1) How much variation attributable to E in disease?

(2) What factors of the exposome are associated with disease?

1

2 ?

G

Share
d ENon-

Share
d E

GxE
? Larger the proportion (slice of pie):

More efficient discovery?

Exposure-wide association studies (ExWAS):
What factors are associated?

How do the exposures “add” up in aggregate?
Multiple factors of small effects?
Few factors with large effects?



Key applications of exposomic research: 
toward ExWAS and high-throughput 

epidemiology in biobanks
•Shared exposome explains 10% of total phenotype 
variation, and area-level socioeconomics explains 
1%; where is the rest of the variation in most traits?

•New approaches to actualize the exposome to 
dissect social determinants from genetics and 
environment

•Big big data = big bias in non-genetic research, 
including identifying confounders to elucidate 
causality

•New ‘omics and imaging tools to examine the 
multidimensionality of disease, such as aging
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