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and lack methods and data to comprehensively and 
systematically connect the environment with disease.

... and we’re exposed to many environmental factors...

Complex disease is a function of genes and environment...

dad mom

me
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... and the case is different with genetics (e.g., genomics)!

dad mom

me

over 1,400 
Genome-wide Association Studies 

(GWAS)

NHGRI GWAS Catalog
https://www.genome.gov/
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...but, much disease risk may be due to differences in 
environment1,2,3.

type 2 diabetes

cancer

asthma

preterm birth

heart disease

autism

obesity Alzheimer’s

arthritiskidney disease

5Tuesday, July 15, 14



... but we lack a search engine to discover new exposures in disease.
(see: GWAS!)
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Big Environmental Exposure:
Human Exposome1 Project to “E”WAS?

what to measure? how to measure?

www.sciencemag.org    SCIENCE    VOL 330    22 OCTOBER 2010 461

PERSPECTIVES
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critical entity for disease eti-
ology ( 7). Recent discussion 
has focused on whether and 
how to implement this vision 
( 8). Although fully charac-
terizing human exposomes 
is daunting, strategies can be 
developed for getting “snap-
shots” of critical portions of 
a person’s exposome during 
different stages of life. At 
one extreme is a “bottom-up” 
strategy in which all chemi-
cals in each external source 
of a subject’s exposome are 
measured at each time point. 
Although this approach would 
have the advantage of relat-
ing important exposures to 
the air, water, or diet, it would 
require enormous effort and 
would miss essential compo-
nents of the internal chemi-
cal environment due to such 
factors as gender, obesity, 
infl ammation, and stress. By 
contrast, a “top-down” strat-
egy would measure all chem-
icals (or products of their 
downstream processing or 
effects, so-called read-outs 
or signatures) in a subject’s 
blood. This would require 
only a single blood specimen 
at each time point and would relate directly 
to the person’s internal chemical environ-
ment. Once important exposures have been 
identifi ed in blood samples, additional test-
ing could determine their sources and meth-
ods to reduce them.

To make the top-down approach feasible, 
the exposome would comprise a profi le of the 
most prominent classes of toxicants that are 
known to cause disease, namely, reactive elec-
trophiles, endocrine (hormone) disruptors, 
modulators of immune responses, agents that 
bind to cellular receptors, and metals. Expo-
sures to these agents can be monitored in the 
blood either by direct measurement or by 
looking for their effects on physiological pro-
cesses (such as metabolism). These processes 
generate products that serve as signatures and 
biomarkers in the blood. For example, reac-
tive electrophiles, which constitute the largest 
class of toxic chemicals ( 6), cannot generally 
be measured in the blood. However, metabo-
lites of electrophiles are detectable in serum 
( 9), and products of their reactions with blood 
nucleophiles, like serum albumin, offer possi-
ble signatures ( 10). Estrogenic activity could 
be used to monitor the effect of endocrine dis-

ruptors and can be measured through serum 
biomarkers. Immune modulators trigger the 
production of cytokines and chemokines that 
also can be measured in serum. Chemicals 
that bind to cellular receptors stimulate the 
production of serum biomarkers that can be 
detected with high-throughput screens ( 11). 
Metals are readily measured in blood ( 12), 
as are hormones, antibodies to pathogens, 
and proteins released by cells in response 
to stress. The accumulation of biologically 
important exposures may also be detected as 
changes to lymphocyte gene expression or 
in chemical modifi cations of DNA (such as 
methylation) ( 13).

The environmental equivalent of a GWAS 
is possible when signatures and biomarkers 
of the exposome are characterized in humans 
with known health outcomes. Indeed, a rel-
evant prototype for such a study examined 
associations between type 2 diabetes and 266 
candidate chemicals measured in blood or 
urine ( 14). It determined that exposure to cer-
tain chemicals produced strong associations 
with the risk of type 2 diabetes, with effect 
sizes comparable to the strongest genetic loci 
reported in GWAS. In another study, chromo-

some (telomere) length in 
peripheral blood mono-
nuclear cells responded 
to chronic psychological 
stress, possibly mediated 
by the production of reac-
tive oxygen species ( 15).

Characterizing the 
exposome represents a tech-

nological challenge like that of 
the human genome project, which 
began when DNA sequencing 
was in its infancy ( 16). Analyti-
cal systems are needed to pro-
cess small amounts of blood from 
thousands of subjects. Assays 
should be multiplexed for mea-
suring many chemicals in each 
class of interest. Tandem mass 
spectrometry, gene and protein 
chips, and microfl uidic systems 
offer the means to do this. Plat-
forms for high-throughput assays 
should lead to economies of scale, 
again like those experienced by 
the human genome project. And 
because exposome technologies 
would provide feedback for thera-
peutic interventions and personal-
ized medicine, they should moti-
vate the development of commer-
cial devices for screening impor-
tant environmental exposures in 
blood samples.

With successful characterization of both 
exposomes and genomes, environmental 
and genetic determinants of chronic diseases 
can be united in high-resolution studies that 
examine gene-environment interactions. 
Such a union might even push the nature-ver-
sus-nurture debate toward resolution. 
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Characterizing the exposome. The exposome represents 
the combined exposures from all sources that reach the 
internal chemical environment. Toxicologically important 
classes of exposome chemicals are shown. Signatures and 
biomarkers can detect these agents in blood or serum.
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“A more comprehensive view of 
environmental exposure is 

needed ... to discover major 
causes of diseases...”

how to analyze in relation to health?
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... but there is no “microarray” for environmental exposure...
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In lieu of an exposome chip:
National Health and Nutrition Examination Survey1

since the 1960s: 50 years!
now biannual: 1999 onwards
10,000 participants per survey

Introduction

The National Health and Nutrition Examination 
Survey (NHANES) is a program of studies
designed to assess the health and nutritional 
status of adults and children in the United 
States. The survey is unique in that it com-
bines interviews and physical examinations. 
NHANES is a major program of the National 
Center for Health Statistics (NCHS). NCHS 
is part of the Centers for Disease Control and 
Prevention (CDC) and has the responsibility for 
producing vital and health statistics for 
the Nation.

The NHANES program began in the early 
1960s and has been conducted as a series of sur-
veys focusing on different population groups or 
health topics. In 1999, the survey became a con-
tinuous program that has a changing focus on a 
variety of health and nutrition measurements to 
meet emerging needs. The survey examines a 
nationally representative sample of about 5,000 
persons each year. These persons are located 
in counties across the country, 15 of which are 
visited each year.

The NHANES interview includes demographic, 
socioeconomic, dietary, and health-related 
questions. The examination component consists 
of medical, dental, and physiological measure-
ments, as well as laboratory tests administered 
by highly trained medical personnel.

Findings from this survey will be used to de-
termine the prevalence of major diseases and 
risk factors for diseases. Information will be 
used to assess nutritional status and its associ-
ation with health promotion and disease pre-
��������������
�!��������������������������
for national standards for such measurements 
as height, weight, and blood pressure. Data 
from this survey will be used in epidemiologi-
cal studies and health sciences research, which 
help develop sound public health policy, 

direct and design health programs and 
services, and expand the health knowl-
edge for the Nation.

Survey Content

As in past health examination surveys, data 
will be collected on the prevalence of chron-
ic conditions in the population. Estimates for 
previously undiagnosed conditions, as well 
as those known to and reported by respon-
dents, are produced through the survey. Such 
information is a particular strength of the 
NHANES program.

Risk factors, those aspects of a person’s life-
style, constitution, heredity, or environment 
that may increase the chances of developing 
a certain disease or condition, will be 
examined. Smoking, alcohol consumption, 
����������
��
���������������� ��
���!������
and activity, weight, and dietary intake will 
be studied. Data on certain aspects of 
reproductive health, such as use of oral 
contraceptives and breastfeeding practices, 
will also be collected.

The diseases, medical conditions, and health 
indicators to be studied include:

• Anemia
• Cardiovascular disease
• Diabetes
• Environmental exposures
• Eye diseases
• Hearing loss
• Infectious diseases
• Kidney disease
• Nutrition
• Obesity
• Oral health
• Osteoporosis

The sample for the survey is selected to represent 
the U.S. population of all ages. To produce reli-
able statistics, NHANES over-samples persons 60 
and older, African Americans, and Hispanics. 

Since the United States has experienced dramatic 
growth in the number of older people during this 
century, the aging population has major impli-
cations for health care needs, public policy, and 
research priorities. NCHS is working with public 
health agencies to increase the knowledge of the 
health status of older Americans. NHANES has a 
primary role in this endeavor.

All participants visit the physician. Dietary inter-
views and body measurements are included for 
everyone. All but the very young have a blood 
sample taken and will have a dental screening. 
Depending upon the age of the participant, the 
rest of the examination includes tests and proce-
dures to assess the various aspects of health listed 
above. In general, the older the individual, the 
more extensive the examination.

Survey Operations

Health interviews are conducted in respondents’ 
homes. Health measurements are performed in 
specially-designed and equipped mobile centers, 
which travel to locations throughout the country. 
The study team consists of a physician, medical 
and health technicians, as well as dietary and health 
interviewers. Many of the study staff are 
bilingual (English/Spanish).

An advanced computer system using high-
end servers, desktop PCs, and wide-area 
networking collect and process all of the 
NHANES data, nearly eliminating the need 
for paper forms and manual coding operations. 
This system allows interviewers to use note-
book computers with electronic pens. The staff 
at the mobile center can automatically transmit 
data into data bases through such devices as 
digital scales and stadiometers. Touch-sensi-
tive computer screens let respondents enter 
their own responses to certain sensitive ques-
tions in complete privacy. Survey information 
is available to NCHS staff within 24 hours of 
collection, which enhances the capability of 
collecting quality data and increases the speed 
with which results are released to the public. 

In each location, local health and government 
��!
�������������!������������
����������� ��
Households in the study area receive a letter 
from the NCHS Director to introduce the 
survey. Local media may feature stories about 
the survey.

NHANES is designed to facilitate and en-
courage participation. Transportation is provided 
to and from the mobile center if necessary. 
Participants receive compensation and a report 
�������
���!���������������������
�������
�������
All information collected in the survey is kept 
����
�� �
��!���������	����
 ���������
����� �
public laws.

Uses of the Data

Information from NHANES is made available 
through an extensive series of publications and 
����
��������
�����!
�������
���
�����������������
data users and researchers throughout the world, 
survey data are available on the internet and on 
easy-to-use CD-ROMs.

Research organizations, universities, health 

����������������������
����������!�������
survey information. Primary data users are 
federal agencies that collaborated in the de-
sign and development of the survey. The 
National Institutes of Health, the Food and 
Drug Administration, and CDC are among the 
agencies that rely upon NHANES to provide 
data essential for the implementation and 
evaluation of program activities. The U.S. 
Department of Agriculture and NCHS coop-
erate in planning and reporting dietary and 
nutrition information from the survey. 

NHANES’ partnership with the U.S. Environ-
mental Protection Agency allows continued 
study of the many important environmental 
��"���
����������������� 

•�	� ��
���!������������ ��
������
�������
• Reproductive history and sexual behavior
• Respiratory disease (asthma, chronic bron-  
 chitis, emphysema)
• Sexually transmitted diseases 
• Vision

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

hundreds of exposure measures

many clinical measures & health 
assessments 
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NHANES ascertains >300 exposures in serum and urine!

Nutrients and Vitamins
e.g., vitamin D, carotenes

Pesticides and pollutants
e.g., atrazine; cadmium; hydrocarbons

Infectious Agents
e.g., hepatitis, HIV, Staph. aureus

Plastics and consumables
e.g., phthalates, bisphenol A

Physical Activity
e.g., steps
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Environmental exposures are associated with Type 2 Diabetes?
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Patel CJ, et al. PLoS ONE (2010)

EWAS in Type 2 Diabetes visualized in a Manhattan Plot
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2 significance threshold “validated” factors

Fasting Blood Glucose ≥ 126 mg/dL?
BMI, SES, ethnicity, age, sex

N=500-2000 per cohort

Heptachlor Epoxide 
OR=3.2, 1.8

PCB170
OR=4.5,2.3

γ-tocopherol (vitamin E)
OR=1.8,1.6β-carotene

OR=0.6,0.6
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EWAS has had utility in searching for exposures in disease
Epidemiology and Prevention

A Nutrient-Wide Association Study on Blood Pressure
Ioanna Tzoulaki, PhD;* Chirag J. Patel, PhD;* Tomonori Okamura, MD, PhD; Queenie Chan, PhD;

Ian J. Brown, PhD; Katsuyuki Miura, MD, PhD; Hirotsugu Ueshima, MD, PhD; Liancheng Zhao, MD;
Linda Van Horn, PhD; Martha L. Daviglus, MD, PhD; Jeremiah Stamler, MD;

Atul J. Butte, MD, PhD; John P.A. Ioannidis, MD, DSc; Paul Elliott, MB BS, PhD

Background—A nutrient-wide approach may be useful to comprehensively test and validate associations between nutrients
(derived from foods and supplements) and blood pressure (BP) in an unbiased manner.

Methods and Results—Data from 4680 participants aged 40 to 59 years in the cross-sectional International Study of Macro/
Micronutrients and Blood Pressure (INTERMAP) were stratified randomly into training and testing sets. US National Health and
Nutrition Examination Survey (NHANES) four cross-sectional cohorts (1999–2000, 2001–2002, 2003–2004, 2005–2006) were
used for external validation. We performed multiple linear regression analyses associating each of 82 nutrients and 3 urine
electrolytes with systolic and diastolic BP in the INTERMAP training set. Significant findings were validated in the INTERMAP
testing set and further in the NHANES cohorts (false discovery rate !5% in training, P!0.05 for internal and external validation).
Among the validated nutrients, alcohol and urinary sodium-to-potassium ratio were directly associated with systolic BP, and dietary
phosphorus, magnesium, iron, thiamin, folacin, and riboflavin were inversely associated with systolic BP. In addition, dietary folacin
and riboflavin were inversely associated with diastolic BP. The absolute effect sizes in the validation data (NHANES) ranged from
0.97 mm Hg lower systolic BP (phosphorus) to 0.39 mm Hg lower systolic BP (thiamin) per 1-SD difference in nutrient variable.
Inclusion of nutrient intake from supplements in addition to foods gave similar results for some nutrients, though it attenuated the
associations of folacin, thiamin, and riboflavin intake with BP.

Conclusions—We identified significant inverse associations between B vitamins and BP, relationships hitherto poorly
investigated. Our analyses represent a systematic unbiased approach to the evaluation and validation of nutrient-BP
associations. (Circulation. 2012;126:2456-2464.)

Key Words: blood pressure ! diet ! epidemiology ! nutrition assessment

Dietary habits have long been related to complex diseases,
such as cancer and cardiovascular diseases, but the role of

many nutrients and food groups in disease merits further
investigation despite intensive research efforts.1–3 Epidemiolog-
ical studies often test associations of single nutrients with disease
or examine food patterns (eg, the Mediterranean diet), which are
often difficult to characterize. Recently, a study design analo-
gous to genome-wide association studies (GWAS), the
environment-wide association study, has been proposed to
search for and analytically validate environmental factors asso-
ciated with complex diseases.4,5 Instead of testing 1 only or a

few associations at a time, an environment-wide association
study evaluates multiple environmental factors for association,
with proper adjustment for multiplicity of comparisons. The
emerging significant associations are then validated across dif-
ferent datasets, as is commonly done in GWAS.4,5

Editorial see p 2447
Clinical Perspective on p 2464

Here, we extend the environment-wide association study
approach to evaluate multiple associations between a wide
range of nutrients and blood pressure (BP). We used data

Received April 26, 2012; accepted September 28, 2012.
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Systematic evaluation of environmental and
behavioural factors associated with all-cause
mortality in the United States National Health
and Nutrition Examination Survey
Chirag J Patel,1 David H Rehkopf,2 John T Leppert,3 Walter M Bortz,4 Mark R Cullen,2

Glenn M Chertow4 and John PA Ioannidis1*

1Stanford Prevention Research Center, Stanford University School of Medicine, CA, USA 2Division of General Medical Disciplines,
Stanford University School of Medicine, CA, USA 3Department of Urology, Stanford University School of Medicine, CA, USA and
4Division of Nephrology, Department of Medicine, Stanford University School of Medicine, CA, USA

*Corresponding author. Stanford Prevention Research Center, Stanford University School of Medicine, 1265 Welch Rd, Stanford
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Background Environmental and behavioural factors are thought to contribute to
all-cause mortality. Here, we develop a method to systematically
screen and validate the potential independent contributions to all-
cause mortality of 249 environmental and behavioural factors in the
National Health and Nutrition Examination Survey (NHANES).

Methods We used Cox proportional hazards regression to associate 249 factors
with all-cause mortality while adjusting for sociodemographic factors
on data in the 1999–2000 and 2001–02 surveys (median 5.5 follow-up
years). We controlled for multiple comparisons with the false discov-
ery rate (FDR) and validated significant findings in the 2003–04
survey (median 2.8 follow-up years). We selected 249 factors from
a set of all possible factors based on their presence in both the 1999–
2002 and 2003–04 surveys and linkage with at least 20 deceased
participants. We evaluated the correlation pattern of validated factors
and built a multivariable model to identify their independent contri-
bution to mortality.

Results We identified seven environmental and behavioural factors associated
with all-cause mortality, including serum and urinary cadmium, serum
lycopene levels, smoking (3-level factor) and physical activity. In a
multivariable model, only physical activity, past smoking, smoking in
participant’s home and lycopene were independently associated with
mortality. These three factors explained 2.1% of the variance of all-cause
mortality after adjusting for demographic and socio-economic factors.

Conclusions Our association study suggests that, of the set of 249 factors in NHANES,
physical activity, smoking, serum lycopene and serum/urinary cadmium
are associated with all-cause mortality as identified in previous studies
and after controlling for multiple hypotheses and validation in an inde-
pendent survey. Whereas other NHANES factors may be associated with
mortality, they may require larger cohorts with longer time of follow-up
to detect. It is possible to use a systematic association study to prioritize
risk factors for further investigation.
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Background Both genetic and environmental factors contribute to triglyceride,
low-density lipoprotein-cholesterol (LDL-C), and high-density
lipoprotein-cholesterol (HDL-C) levels. Although genome-wide asso-
ciation studies are currently testing the genetic factors systematically,
testing and reporting one or a few factors at a time can lead to frag-
mented literature for environmental chemical factors. We screened
for correlation between environmental factors and lipid levels, utiliz-
ing four independent surveys with information on 188 environmental
factors from the Centers of Disease Control, National Health and
Nutrition Examination Survey, collected between 1999 and 2006.

Methods We used linear regression to correlate each environmental chemical
factor to triglycerides, LDL-C and HDL-C adjusting for age, age2, sex,
ethnicity, socio-economic status and body mass index. Final estimates
were adjusted for waist circumference, diabetes status, blood pressure
and survey. Multiple comparisons were controlled for by estimating the
false discovery rate and significant findings were tentatively validated
in an independent survey.

Results We identified and validated 29, 9 and 17 environmental factors
correlated with triglycerides, LDL-C and HDL-C levels, respectively.
Findings include hydrocarbons and nicotine associated with lower
HDL-C and vitamin E (g-tocopherol) associated with unfavourable
lipid levels. Higher triglycerides and lower HDL-C were correlated
with higher levels of fat-soluble contaminants (e.g. polychlorinated
biphenyls and dibenzofurans). Nutrients and vitamin markers
(e.g. vitamins B, D and carotenes), were associated with favourable
triglyceride and HDL-C levels.

Conclusions Our systematic association study has enabled us to postulate about
broad environmental correlation to lipid levels. Although subject to
confounding and reverse causality bias, these findings merit
evaluation in additional cohorts.

Keywords Lipids, cholesterol, environment, pollutants, nutrients, GWAS, EWAS

This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/

by-nc/3.0), which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.

Published by Oxford University Press on behalf of the International Epidemiological Association

! The Author 2012; all rights reserved.

International Journal of Epidemiology 2012;1–16

doi:10.1093/ije/dys003

1

 Int. J. Epidemiol. Advance Access published March 15, 2012
 at Stanford U

niversity Libraries on M
arch 24, 2012

http://ije.oxfordjournals.org/
D

ow
nloaded from

 

IJE, 2012

13Tuesday, July 15, 14



EWAS and searching for GxE in disease:

EWAS-identified exposures + GWAS-identified SNPs
= greater risk for disease?
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Screening all possible EWAS-GWAS interactions:
OR for rs13266634 (SLC30A8) stratified by E

+30-40% vs. no E

Adjusted for race, sex, BMI, age

trans-β-carotene (low(-1SD))
trans-β-carotene (mean)
trans-β-carotene (high(+1SD))

γ-tocopherol (low(-1SD))
γ-tocopherol (mean)
γ-tocopherol (high(+1SD))

rs13266634(SLC30A8)

rs13266634(SLC30A8)

0 0.5 1 1.5 2 2.5
Per risk allele OR

OR (95% CI)

1.8 [1.3,2.6]
1.1 [0.79,1.5]
0.65 [0.4,1.1]
p-value:5e-05

N(cases):1702(164)

0.82 [0.52,1.3]
1.1 [0.87,1.5]

1.6 [1.3,2]
p-value:0.0094

N(cases):2925(274)

marginal OR=1.1

trans-β-carotene (low(-1SD))
trans-β-carotene (mean)
trans-β-carotene (high(+1SD))
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γ-tocopherol (high(+1SD))

rs13266634(SLC30A8)

rs13266634(SLC30A8)
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Per risk allele OR

OR (95% CI)

1.8 [1.3,2.6]
1.1 [0.79,1.5]
0.65 [0.4,1.1]
p-value:5e-05

N(cases):1702(164)

0.82 [0.52,1.3]
1.1 [0.87,1.5]

1.6 [1.3,2]
p-value:0.0094

N(cases):2925(274)

FDR=2%

FDR=18%
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Studying the Elusive Environment in Large Scale

It is possible that more than 50% of complex disease risk
is attributed to differences in an individual’s environment.1

Air pollution, smoking, and diet are documented environ-
mental factors affecting health, yet these factors are but
a fraction of the “exposome,” the totality of the exposure
load occurring throughout a person’s lifetime.1 Investigat-
ing one or a handful of exposures at a time has led to a
highly fragmented literature of epidemiologic associa-
tions. Much of that literature is not reproducible, and se-
lective reporting may be a major reason for the lack of re-
producibility. A new model is required to discover
environmental exposures associated with disease while
mitigating possibilities of selective reporting.

To remedy the lack of reproducibility and concerns of
validity, multiple personal exposures can be assessed si-
multaneously in terms of their association with a condi-
tion or disease of interest; the strongest associations can
then be tentatively validated in independent data sets
(eg, as done in references 2 and 3).2,3 The main advan-
tages of this process include the ability to search the list
of exposures and adjust for multiplicity systematically and
report all the probed associations instead of only the most
significant results. The term “environment-wide associa-
tion studies” (EWAS) has been used to describe this ap-
proach (an analogy to genome-wide association stud-
ies). For example, Wang et al4 screened more than 2000
chemicals in serum to discover endogenous exposures as-
sociated with risk for cardiovascular disease.

There are notable hurdles in analyzing “big” environ-
mental data. These same problems affect epidemiology
of 1-risk-factor-at-a-time, but in EWAS their prevalence be-
comes more clearly manifest at large scale. When study-
ing hundreds and thousands of exposures, tens and hun-
dreds of associations often emerge that pass conventional
statistical thresholds. Yet most of these seemingly statis-
ticallyrobustassociationsarecorrelatesonly,notcausalas-
sociations. Reverse causality and confounding may under-
lie most of the observed strong correlations.

Based on the enormous number of potential interre-
lated correlations between multiple environmental expo-
sures (depicted by edges in the Figure), it is uncertain
whether there was ever any reasonable hope for tradi-
tionalepidemiologytouserationalthinking,biologicalplau-
sibility, or some other reasoning to select and document
risk exposures one at a time. For example, smoking (mea-
sured by cotinine levels) is clearly harmful, but it is also cor-
related with dozens of other exposures (Figure, A). Seem-
ingly harmful associations of these exposures with diverse
health outcomes may simply be attributable to their cor-
relation with smoking. Pollutants such as mercury
(Figure, B) or cadmium (Figure, C) may have multiple cor-
relations with diverse seemingly “healthy” nutrients and
other exposures. Moreover, any intervention that tries to
influence one exposure node may inadvertently influ-
ence many others that are correlated. For example, from

the EWAS vantage point, intervening on β-carotene
(Figure, D) seems a futile exercise given its complex rela-
tionship with other nutrients and pollutants.

Giventhiscomplexity,howcanstudiesofenvironmen-
tal risk move forward? First, EWAS analyses should be ap-
plied to multiple data sets, and consistency can be formally
examinedforallassessedcorrelations.Second,thetempo-
ral relationship between exposure and changes in health
parameters may offer helpful hints about which of the sig-
nals are more than simple correlations. Third, standardized
adjustedanalyses, inwhichadjustmentsareperformedsys-
tematically and in the same way across multiple data sets,
may also help. This is in stark contrast with the current
model,wherebymostepidemiologicstudiesusesingledata
setswithoutreplicationaswellasnon–time-dependentas-
sessments, and reported adjustments are markedly differ-
ent across reports and data sets, even those performed by
the same team (different approaches increase validity but
must be reconciled and assimilated).

However, eventually for most environmental cor-
relates, there may be unsurpassable difficulty establish-
ing potential causal inferences based on observational
data alone. Factors that seem protective may some-
times be tested in randomized trials. The complexity of
the multiple correlations also highlights the challenge
that intervening to modify 1 putative risk factor also may
inadvertently affect multiple other correlated factors.
Even when a seemingly simple intervention is tested in
randomized trials (affecting a single risk factor among the
many correlations), the intervention is not really simple.
In essence what is tested are multiple perturbations of
factors correlated with the one targeted for interven-
tion. This means that randomized trials of interven-
tions on putative protective environmental exposures
(eg, diet or lifestyle) should be repeated in diverse popu-
lations for which the interrelated correlations might be
different, before considered widely generalizable.

The EWAS model can be extended and improved.
To capture time dependence, investigations must ac-
commodate measurement of multiple environmental ex-
posures at different times in the lifespan, particularly in
development, and new analytical methods must be able
to capture the complex temporal relationship between
multiple exposures and future disease risk.5 Second, little
is known about how environment interacts with the ge-
nome. The current literature on gene-environment in-
teraction is highly fragmented, nonsystematic, and sub-
ject to selective reporting, suggesting the need for
interdisciplinary gene-environment–wide association
studies.6 In addition, quality of measurements will dic-
tate the breadth of any environmental research effort.
However, quantitative and inexpensive methods to mea-
sure many environmental factors in a high-throughput
manner (unlike genetic chips) are lacking. Mirroring the
evolution of genomic measurements, this may change.
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High-throughput ascertainment of endogenous indicators of en-
vironmental exposure that may reflect the exposome increasingly at-
tract attention, and their performance needs to be carefully evaluated.
These include chemical detection of indicators of exposure through
metabolomics, proteomics, and biosensors.7 Eventually, patterns of
high-throughputbiomarkermeasurementswouldneedtobeconnected
with external sources of exposure, such as behaviors, diet, and the built
environment to translate findings to meaningful correlates and poten-
tially modifiable environmental factors and exposures for individuals.

Much can be done today in lieu of having the perfect compre-
hensive exposome “chip.” First, most observational epidemiologic
studies already measure more than a handful of risk factors. For ex-
ample, consumption of multiple nutrient factors can be deter-
mined from dietary instruments, and multiple serum/urine bio-
marker levels are often ascertained. All such variables can be
associated with phenotypes and traits of interest and reported si-
multaneously using EWAS. Second, epidemiologic investigations, es-
pecially those publicly funded, should be deposited in the public do-
main to encourage both standards development and integrative
studies, like the Databases of Genotypes and Phenotypes. In the ge-
nomics field, funding agencies and scientific journals mandate that

US federally funded gene expression experiment data be depos-
ited in public repositories such as the Gene Expression Omnibus. The
repository has been instrumental in development of technology for
measurement of gene expression, data standardization, and reuse
of data for discovery. Just as with the Gene Expression Omnibus, an
“Exposure Omnibus” will help enable more powerful exposure-
phenotype studies, assimilating data from around the world.

Further, there needs to be a common dictionary for environ-
mental exposure. Such a dictionary would document how differ-
ent exposures can be measured (eg, assay methodology), where they
can be measured (eg, in urine, serum, self-reported), their source
(eg, food, water, air, or consumable/industrial by-product), and
prevalence (eg, who is exposed). A common dictionary would en-
able consistent classification of data and interoperability of differ-
ent cohorts and promote data sharing. Information standards such
as the PhenX toolkit,8 a reference of standard ways to assess a few
common environmental risk factors, are the beginning of such ef-
forts. With an information infrastructure in place and tools such as
EWAS, it is possible to build a search engine for environmental ex-
posures while leveraging existing epidemiologic resources as new
methods for measuring the environment emerge.
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Figure. Correlation Interdependency Globes for 4 Environmental Exposures (Cotinine, Mercury, Cadmium, Trans-β-Carotene) in National Health and
Nutrition Examination Survey (NHANES) Participants, 2003-2004

A Serum cotinine B Serum total mercury C Serum cadmium D Serum trans-β-carotene
37 Total correlations 42 Total correlations 68 Total correlations 68 Total correlations

Negative correlation Positive correlation

Infectious
agents

Pollutants

Nutrients 
and vitamins 

Demographic
attributes

Each correlation interdependency globe includes 317 environmental exposures
represented by the nodes around the periphery of the globe. Pairwise correlations
are depicted by edges (lines) between the node of interest (arrowhead) and other

nodes. Correlations with absolute values exceeding 0.2 are shown (strongest 10%).
The size of each node is proportional to the number of edges for a node, and the
thickness of each edge indicates the magnitude of the correlation.
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Environment-wide association studies (EWAS) provide a way to uncover the environmental mechanisms 
involved in complex traits in a high-throughput manner. Genome-wide association studies have led to the 
discovery of genetic variants associated with many common diseases but do not take into account the 
environmental component of complex phenotypes. This EWAS assesses the comprehensive association 
between environmental variables and the outcome of type 2 diabetes (T2D) in the Marshfield Personalized 
Medicine Research Project Biobank (Marshfield PMRP). We sought replication in two National Health and 
Nutrition Examination Surveys (NHANES). The Marshfield PMRP currently uses four tools for measuring 
environmental exposures and outcome traits: 1) the PhenX Toolkit includes standardized exposure and 

Hall et al, 
Proc Symp Biocomputing (2013)

314 self-report E (PhenX toolkit)
~2000 cases and controls

T2D via eMERGE algorithm

 

 

 
Figure 1. The most significant association results in the Marshfield sample using PhenX Toolkit, DHQ, and 
Measurement of a Person’s Habitual Physical Activity surveys. The PhenX variables are listed along the Y-Axis. 
The first track shows the results of our EWAS, with –log(10) of the p-value plotted from most significant result at 
the top and descending in order. The next track shows the magnitude and direction of the effect. Case/control status 
was coded as 1=Control, 2=Case. 
 
Table 2. EWAS Variable Classes, Specific PhenX Toolkit Questions, and the EWAS Marshfield PMRP 
results  

Class Survey: Variable PhenX Toolkit Question P-
value Beta 

 

PhenX: Alcohol 30Day 
Frequency 

Think specifically about the past 30 days, from [DATEFILL], up to 
and including today. During the past 30 days, on how many days did 
you drink one or more drinks of an alcoholic beverage? 

6E-04 -0.03 

Alcohol 
 

PhenX: Alcohol 
Withdrawal 
Hallucination 

When you stopped, cut down or went without drinking, did you ever 
experience any of the following problems for most of the day for 2 
days or longer? Did you see or hear things that weren't there? (Yes=1, 
No=2) 

0.022 -3.041 

 

PhenX: Lifetime Use In your entire life, have you had at least 1 drink of any kind of alcohol, 
not counting small tastes or sips? (Yes=1, No=2) 0.035 0.4655 

 

PhenX: Alcohol Use 
Liver Disease 

There are several health problems that can result from long stretches of 
drinking. Did drinking ever cause you to have liver disease or yellow 
jaundice? (Yes=1, No=2) 

0.037 -1.894 

 

PhenX: Smoking At 
Home 

Does anyone who lives here smoke cigarettes, cigars, or pipes 
anywhere inside this home? (Yes=1, No=2) 6E-04 -0.889 

 

PhenX: Exposure 
Smoke Childhood  

How many hours were you exposed to smoke from other people's 
cigarettes or tobacco products during childhood per day? 0.003 0.0064 

 

PhenX: Former Smoker 
Quantity 1DayB 

Former smokers who did not ever smoke every day for the at least 6 
months: when you last smoked every day, on average how many 
cigarettes did you smoke each day? 

0.006 0.2683 

 

PhenX: Exposure 
Smoke Work 

Were you exposed to smoke from other people's cigarettes or tobacco 
products during adulthood at work? (Yes=1, No=2) 0.007 -0.375 

https://www.phenxtoolkit.org/
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Screened 253 exposures in >100 mothers (NHANES)

4 C.J. Patel et al. / Reproductive Toxicology 45 (2014) 1–7

Table  2
Bisphenol A under additional adjustment for creatinine. Model 1: adjustments for age, race, education, SES. Creatinine-/BMI-adjusted model: adjustments of model 1 plus
creatinine and BMI  as co-variates.

OR (95% CI) p-Value Geometric mean BPA in cases Geometric mean BPA in controls

Model 1 1.9 [1.4, 2.5] 0.001 4.36 !g/L 2.10 !g/L
Creatinine-/BMI-adjusted 2.7 [1.4, 4.8] 0.01 3.52 ng/g 2.07 ng/g

3.2. Systematic scan of environmental exposures associated with
self-reported preterm birth

We  examined each of the 201 environmental variables
(biomarkers or direct measures of exposure) for association
with self-reported history preterm birth adjusting for age, race-
ethnicity, SES, educational attainment, and survey year. An adjusted
odds ratio (OR) denotes risk for self-reported previous preterm
birth per 1 standard deviation (SD) of change in exposure level.

Fig. 2 shows top five environmental factors ranked by p-value
found in this scan and Table S2 shows results for all 201 variables
as ranked by p-value/FDR. Only two factors achieved a FDR under
50%, bisphenol A and iron. However, the top findings had relatively
large effects with ORs approaching two. The finding with the lowest
p-value/FDR included urinary bisphenol A (adjusted OR per 1 SD of
exposure level: 1.9, 95% CI: [1.4, 2.6], p = 0.002, FDR = 33%). We  esti-
mated the power for this sample size (10 participants with preterm
history and 99 participants without preterm history) and effect size
(OR = 2.0) for two-sided test (p-value ≤ 0.05) to be 79% [18].

Other top findings included urinary markers of hydrocarbon
exposure, such as 1-hydroxypyrene (adjusted OR: 1.8, 95% CI: [1.2,
2.9], p = 0.02) and 3-phenanthrene (adjusted OR: 2.6, 95% CI: [1.2,
5.9], p = 0.03); however the FDR for these findings were greater than
50% (56%).

Surprisingly, higher levels of serum levels of iron and
a carotenoid "-cryptoxanthin were associated with preterm
birth. Serum iron had an adjusted OR of 1.6 (95% CI: [1.2, 2.1],
p = 0.005, FDR = 48%). Similarly, serum "-cryptoxanthin had an
adjusted OR of 1.7 (95% CI: [1.1, 2.5], p = 0.02, FDR = 56%). The
effects for iron were equivalent after adjustment for total iron
intake (derived from a food frequency questionnaire) and total
supplement use (number of supplements per day), having an
adjusted OR of 1.5 (95% CI: [1.1, 2.1], p = 0.01). Adjusting for total
"-cryptoxanthin intake and total supplement use, effects for serum
"-cryptoxanthin were similar to the original estimate (adjusted OR:
1.6, 95% CI: [0.93, 2.70], p = 0.11).

We assessed whether inclusion of 40 lipid-adjusted vari-
ables compared to only using their whole weight counterparts
could influence the results of the scan. While the lipid-adjusted
point effect sizes were different than their whole-weight coun-
terparts (Fig. S1A), they still had high p-values (Fig. S1B). The
p-value range for the whole weight variables was 0.11–0.9 versus
0.05–1 lipid-adjusted variables (Fig. S1B). The FDR for the whole
weight variables ranged from 70 to 100% while the FDR for the
lipid-adjusted variables were 60–100%. Inclusion of lipid-adjusted
variables would not have changed the reported findings.

Fig. 2. Top 5 biomarkers of exposure (p ≤ 0.02) associated with self-reported
preterm birth. OR = odds ratio, CI = confidence interval, SD = standard deviation of
exposure. Box sizes proportional to standard error.

Table 3
Demographic attributes for consenting pregnant women delivering at the Lucile
Packard Children’s Hospital at Stanford.

Preterm (N = 16) No preterm (N = 21)

Mean age in years (SD) 29.5 (6.1) 32.2 (7.1)
Race N (%)

Black 1 (5.6) 0 (0)
Asian 3 (18.8) 4 (19)
Caucasian 2 (12.5) 11 (52.4)
Hispanic 10 (62.5) 6 (28.6)

Mean gestational age at delivery week
(SD)

32.5 (2.9) 39.7 (1.2)

Mean gestational age at collection week
(SD)

30.5 (2.8) 30.3 (4.1)

Mean birthweight, grams (SD) 2065.2 (683.9) 3410.1 (499.6)
Mean body mass index, kg/m2 (SD) 27.0 (6.0) 24.2 (6.5)

We  re-estimated the association between bisphenol A and
preterm birth adjusting for creatinine to account for urine concen-
tration [19] and body mass index (BMI). We  adjusted for BMI  as a
potential confounder given its association with both bisphenol A
[20] and preterm birth [21]. We  observed that the association per-
sisted after creatinine and BMI  adjustment with an OR of 2.6 (95%
CI: [1.4, 4.8], Table 2).

3.3. Examination of bisphenol A in pregnant women delivering at
Lucile Packard Children’s Hospital at Stanford

We  sought to tentatively confirm maternal differences in
bisphenol A in individuals having preterm birth versus not hav-
ing a preterm birth, our top data-derived hypothesis, in samples
obtained from a second independent cohort. We  observed little to
no differences in age (p = 0.5), body mass index (p = 0.2), gestational
age (p = 0.9) at enrollment, or ethnicity (p = 0.5) between cases and
controls (Table 3). The median of bisphenol A concentrations was
0.06 !g/mL (interquartile range of 0.069 !g/mL).

We  observed that bisphenol A concentrations were nomi-
nally higher in individuals that gave preterm birth versus those
that did not; however, we did not have conclusive evidence to
completely validate the correlation in the Stanford-based investi-
gation. The geometric mean of bisphenol A in individuals that gave
preterm birth versus those that did not was 0.07 and 0.03 !g/mL
respectively (Mann–Whitney one-sided p = 0.11). The creatinine-
normalized mean of bisphenol A was  325 !g/g and 257 !g/g in
individuals that gave preterm birth versus those that did not
(Mann–Whitney one-sided p = 0.01). The OR for a 1 SD change in
bisphenol A after adjustment for maternal age, race, creatinine,
and gestational age of sample collection was  3.5 (one-sided 95%
CI: [0.73, 17.00]). However, the one-sided p-value was  0.09.

4. Discussion

Enabled by publicly-available health surveys assaying 201 envi-
ronmental factors in mothers, we identified a few exposures
tentatively associated with self-reported preterm birth. We  have
extended the original scanning methodology [5–7] by testing our
top finding in an external cohort. We emphasize the analyses
presented here are exploratory and correlative as exposures are
ultimately ascertained after pregnancy events; however, it is one
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Searching for maternal exposures associated with preterm birth:
Mothers in NHANES and attending Stanford Clinics

16 moms with preterms
21 moms with normal births

collected urine during gestation

identified via EHR

Patel CJ, et al. Reprod Tox 2013
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Location, location, location:
Exposure assessment via geolocation of patients

(latitude, longitude)

John Brownstein

Income/SES
Air pollution (e.g., PM 2.5)

“Green space”
Climate
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EWAS can enable a comprehensive view of exposures in disease
by studying the environment...

...and feasible to capture this view in the EHR

Understanding the role of the exposome will lead to a more precise 
medicine.

−l
og

10
(p

va
lu

e)

●

●

●●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●
●
●

●
●
●

●

●

●

●

●

●

● ●●

●

●

●

●●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●
●

●●
●

●

●

●
●

●

●

●

●

●

●
●● ●

●●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●
●
●

●

●

●

●

●

●●●
●

●●

●

●●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●●

●●

●

●

●
●

●
● ●

ac
ry

la
m

id
e

al
le

rg
en

 te
st

ba
ct

er
ia

l i
nf

ec
tio

n

co
tin

in
e

di
ak

yl

di
ox

in
s

fu
ra

ns
 d

ib
en

zo
fu

ra
n

he
av

y 
m

et
al

s

hy
dr

oc
ar

bo
ns

la
te

x

nu
tri

en
ts

 c
ar

ot
en

oi
d

nu
tri

en
ts

 m
in

er
al

s
nu

tri
en

ts
 v

ita
m

in
 A

nu
tri

en
ts

 v
ita

m
in

 B
nu

tri
en

ts
 v

ita
m

in
 C

nu
tri

en
ts

 v
ita

m
in

 D
nu

tri
en

ts
 v

ita
m

in
 E

pc
bs

pe
rc

hl
or

at
e

pe
st

ic
id

es
 a

tra
zi

ne
pe

st
ic

id
es

 c
hl

or
op

he
no

l
pe

st
ic

id
es

 o
rg

an
oc

hl
or

in
e

pe
st

ic
id

es
 o

rg
an

op
ho

sp
ha

te
pe

st
ic

id
es

 p
yr

et
hy

ro
id

ph
en

ol
s

ph
th

al
at

es

ph
yt

oe
st

ro
ge

ns

po
ly

br
om

in
at

ed
 e

th
er

s
po

ly
flo

ur
oc

he
m

ic
al

s

vi
ra

l i
nf

ec
tio

n

vo
la

til
e 

co
m

po
un

ds

0
1

2

21Tuesday, July 15, 14



Acknowledgments

Harvard
Isaac Kohane
Nathan Palmer
Sek Won Kong
Siu Shan Wang
Sunny Alvear

CDC/NCHS
Ajay Yesupriya

Imperial (UK)
Ioanna Tzoulaki
Paul Elliott

March of Dimes Prematurity Research Center (Stanford)
PhRMA Foundation Informatics Fellowship

NIH/NIEHS K99/R00 Pathway to Independence Award

Stanford
John Ioannidis
Atul Butte
David Rehkopf
John Leppert
Glenn Chertow
Mark Cullen
Keiichi Kodama
Tim Assimes

chirag@hms.harvard.edu

@chiragjp

Berkeley
Steve Rappaport

Georgia Tech
Greg Gibson

Erik Corona
Adam Brown
Denise McGinnis
Jackson Scholl
Arjun Manrai
Isamar Trancoso

22Tuesday, July 15, 14

mailto:chirag_patel@hms.harvard.edu
mailto:chirag_patel@hms.harvard.edu

