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Abstract
Research consortia play a key role in our understanding of how
environmental exposures influence health and wellbeing,
especially in the case of catastrophic events such as the
Deepwater Horizon oil spill. A common challenge that prevents
the optimal use of these data is the difficulty of harmonizing
data regarding the environmental exposures and health effects
across the studies within and among consortia. A review of the
measures used by members of the Deepwater Horizon
Research Consortia highlights the challenges associated with
balancing timely implementation of a study to support disaster
relief with optimizing the long-term value of the data. The in-
clusion of common, standard measures at the study design
phase and a priori discussions regarding harmonization of
study-specific measures among consortia members are key to
overcoming this challenge. As more resources become avail-
able to support the use of standard measures, researchers
now have the tools needed to rapidly coordinate their studies
without compromising research focus or timely completion of
the original study goals.
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Introduction
Systems toxicology requires a comprehensive under-

standing of the myriad factors that collectively affect
www.sciencedirect.com
human health and the environment. There has been an
increase in research consortia in which investigators
coordinate study design to explore different facets of a
common concept, scenario, or potential chemical expo-

sure, such as the Deepwater Horizon (DWH) oil spill.
The National Institute of Environmental Health Sci-
ences (NIEHS) announced investments in environ-
mental epidemiology cohort studies in the early stages
after the disaster as a unifying exposure event. This
enabled downstream meta-analysis to uncover new risk
loci, potential causative genes [1e9], biologic subtypes
[10], and etiopathogenesis [11,12]. Meta-analysis,
although powerful, results in some loss of information
in order to combine data that were collected using
different methodologies. If investigators use the same

measurement protocols to collect data, then data can be
compared directly and cross-study analysis is simplified.
Study-specific measures are needed to address specific
research questions; common measures are needed to
facilitate cross-study analysis that will increase the
effect of individual studies [13,14].

After the 2010 DWH oil spill, NIEHS launched the Gulf
Long-term Follow-up Study (GuLF STUDY). Partici-
pants were adult workers who were engaged in oil spill
response and cleanup work [15]. In addition, NIEHS
funded four research consortia, the Deepwater Horizon

Research Consortia, as academic-community partner-
ships to ‘identify potential health effects from the DWH
oil spill, examine factors that contribute to individual
and community resilience/vulnerability, develop evi-
dence promoting the health and wellbeing among Gulf
coast residents, and develop capacity for improved
preparedness and response activities’ [16].

Measuring the effect of environmental exposures pre-
sents a unique set of challenges. There are many types
of environmental exposures to consider, such as drinking

water, air pollution, and exposure to various heavy
metals, and the time frame for the exposure (short term,
long term) is also critical. Some measurements may be
direct indicators, such as scoring the severity of a
chemical burn; others may be indirect indicators, such as
a biomarker that is indicative of an exposure, or a
microbiome profile. In addition, measurement
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capabilities and methodologies continue to evolve, most
notably sensors for environmental monitoring and sen-
sors worn by individuals [17,18]. In this review, we
present an analysis of environmental health measures
among the Deepwater Horizon Research Consortia and
commentary on the value of study-specific measures and
shared, collaborative measures in coordinated environ-
mental health studies.
Assessment of study-specific and common
measures used in the NIEHS Deepwater
Horizon Research Consortia
The Deepwater Horizon Research Consortia consisted

of four studies investigating the long-term effect from
the oil spill on the health of Gulf residents [16]. The
Consortia include cohorts from a total of 4514 subjects
from multiple sites in the affected areas:

� The Transdisciplinary Research Consortia for Gulf
Resilience on Women’s Health (GROWH)

� The Women and [Their] Children’s Gulf Health
Consortia (WaTCH)

� The Gulf Coast Health Alliance: Health Risks related
to the Macondo Spill (GC-HARMS)

� The Health Impact of Deepwater Horizon Spill in
Eastern Gulf Coast Communities (adults in Florida
and Alabama counties) (GC-FA)
Table 1 Mental health measures collected are diverse among the
DWH oil spill studies.

Measure GROWH WaTCH GC-HARMS GC-FA

Depression + + + +
Posttraumatic stress disorder + + +
Anxiety + + +
Resiliency/coping + +
General distress +
Domestic conflict + +
Mood states +

DWH, Deepwater Horizon; GROWH, Gulf Resilience on Women’s Health;
WaTCH, Women and [Their] Children’s Gulf Health Consortia; GC-
HARMS, Gulf Coast Health Alliance: Health Risks related to the Macondo
Spill.
Assessment methods
In this study, we analyzed publications from the Deep-

water Horizon Research Consortia to assess the simi-
larities and differences of the measures used among the
studies. For this review article, measure is a concept or
construct, and measurement protocol is the precise
methodology used to collect the data. The concept is
that data collected by different studies, using the same
measurement protocol, will be directly comparable.

The process of assessment involved the following pro-
cedures: (1) identify the primary publications for each of
the four consortia studies; (2) extract the primary

outcome and exposure measurements from the
‘Methods’ and ‘Results’ sections of the reviewed pub-
lications; (3) organize measurement protocols (e.g.,
Edinburgh Postnatal Depression Scale [EPDS]) into
conceptual groups (e.g., depression); and (4) for
different measurement protocols, compare the individ-
ual questions and the overall findings for a common
concept. For example, we compared individual ques-
tions ‘I felt depressed’ to ‘Feeling down, depressed, or
hopeless’ and ‘Unhappy’ and identified them as iden-
tical or comparable concepts [19].

Assessment results
The Deepwater Horizon Research Consortia studied
multiple outcomes including depression, mental
distress, domestic conflict, behavioral health, and
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pregnancy complications to look for possible associations
with environmental exposures caused by the oil spills
[20e25]. They also considered disease risks from
chemicals due to seafood consumption in oil spille
affected areas [26e29] as well as community vulnera-
bility and resilience [16,30,31]. The Gulf Coast Health
Alliance was formed to study the health risks from the
oil spill with multidisciplinary, multi-institutional aca-

demic partners and representatives of three commu-
nities [23,26]. We reviewed measures used to assess
health outcomes, chemical stressors and nonchemical
(psychosocial) stressors, and community resilience.

Health outcomes
The Deepwater Horizon Research Consortia studied
psychological responses and mental health, miscarriage,
and infertility. Mental health was assessed with

different measures in the four studies, as listed in
Table 1.

Of the diverse mental health outcomes measured by the
four studies, ‘depression’ is the only one measured in all
four studies. After reviewing the measurement protocols
used for ‘depression,’ we found that each study used a
different measurement protocol. The measurement
protocols for ‘depression’ assessment were the following:

� EPDS [32,33], 10 questions

� Center for Epidemiologic Studies Depression Scale
[34,35], 20 questions

� Patient Health Questionnaire [36], 8 questions
� Profile of Mood States [37,38], 40 questions
Each protocol had unique questions that were needed
for a specific population or application (e.g., EPDS for
pregnant and postpartum women). These protocols
address similar concepts and correlate well with each
other at the protocol level, although the individual
questions are different. At the individual question level,
the four protocols have a total of 78 questions. Analysis
www.sciencedirect.com
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Table 2 Measures of nonchemical stressors: physical and eco-
nomic exposure to the DWH oil spill — common and study-specific
questions.

GROWH [20] (Table 2)

Worked on cleanup
*Used area along the coast
Property lost/damaged
Oil spill directly affected hunting, fishing, gathering
*Someone close to you injured or killed
Direct contact with oil
Financial effect

WaTCH [40] (Table 2)

*Oil spill caused damage to areas fished commercially
*Could smell oil
Came into physical contact with oil in other ways (e.g., during home,

recreation, hunting, fishing, or other activities)
Oil spill directly affected recreational hunting/fishing/other activities of

household
Worked on any oil spill cleanup activities
Any property lost or damaged because of oil spill or cleanup
*Oil spill had somewhat or very negative influence on household

financial situation
Lost household income as a result of employment disruption/closing of

business due to oil spill
*Hit harder by oil spill than others in community

GC-HARMS [23] (Table 1)

Unemployed
Lost income
*Changed living situation
Directly exposed to spill

GC-FA [24] (Table 1, ‘Methods’)

*Working in the fishing/seafood and tourism/service industries
Have you lost any income since the oil spill?
*What has been the biggest effect of the oil spill?
Spill cleanup participant

*study-specific questions
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of these 78 questions across the four studies finds that
0 questions are common for all 4 studies, 7 (12.3%) for 3
studies, 7 (12.3%) for 2 studies, and 43 (75.4%) are
unique to their own protocol. Although the assessment
of ‘depression’ may correlate well among the protocols,
the specific questions asked were quite different.

Environmental exposures
Environmental exposures can be characterized into
chemical stressors and nonchemical (psychosocial)
stressors. A massive oil spill can result in human expo-
sure via contact with skin, inhalation, or ingestion of
contaminated water or seafood. Examples of chemical
stressors are polycyclic aromatic hydrocarbons (PAHs)
[27,29], cadmium [39], and mercury [28]. Examples of
nonchemical stressors are physical and economic con-
ditions [20,23,24,40]. In the case of the DWH oil spill,

the consortia measured both types of stressors.

The consortia collected seafood and analyzed them for
the presence of oil compounds. Wickliffe et al [29]
evaluated the potential for exposure to PAHs via con-
sumption of contaminated finfish and shellfish; Stuchal
et al [27] performed a similar study using fish, shrimp,
blue crab, and oyster. Zilversmit et al [28] analyzed
other chemicals, mercury, and n-3 polyunsaturated fatty
acids from human blood; a slightly different approach
than was used in the two studies that studied PAHs

from seafood. The consortium chemical work group
coordinated and used the same assay methodologies for
this key step in the exposure assessment.

The consortia assessed the measures of physical and
economic exposures resulting from the oil spill slightly
differently. Table 2 lists the common and study-specific
questions. Of 24 total questions, 15 are shared and 9 are
unique (denoted by *). These studies coordinated their
efforts through a work group and promoted a better
understanding of the long-term and cumulative health

effects from environmental exposures from oil spills
with this mixture of common and study-specific ques-
tions [20,22e24].

Community resilience
‘Community resilience’ became part of the lexicon of
disaster management after Hurricane Katrina (2005)
caused the affected area severe damage from a combi-
nation of community stressors, aging infrastructure, and

an extremely hazardous event [41]. The 2010 DWH oil
spill hit the same area, and the Deepwater Horizon
Research Consortia had a component dedicated to
community resilience. The community resilience
working group developed a cross-consortia resource
which included 68 measures or constructs for assessing
community resilience. As a result, the consortia have
developed the Resilience Activation Framework to pro-
mote adaptation and rapid recovery in postdisaster set-
tings [36]. This framework articulated the resilience
www.sciencedirect.com
attributes organized in four types of ‘capital’ d human,
economic, social, and political d at community and
individual levels. In addition, the WaTCH study
developed a structural equation model to assess the
contributions of structural social capital, cognitive social

capital, social support, and physical and economic ex-
posures on depression [38]. A recent report analyzed
community resilience measurement efforts and identi-
fied gaps and challenges associated with them. The
scientific community agreed on the key components
that needed to be measured to effectively measure
resilience [41].

Study-specific measures
The consortia studies used a mixture of study-specific
and common measures, although most were study spe-

cific. In the health outcome research, four different
protocols (EPDS, Center for Epidemiologic Studies
Depression Scale (CES-D), Personal Health Question-
naire Depression Scale (PHQ-8), The Profile of Mood
Current Opinion in Toxicology 2019, 16:75–82
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States (POMS)) were used to measure ‘depression’. We
also found many study-specific measures in Prestige and
Hebei Spirit oil spill studies, as summarized in a review
article by Laffon et al [42]. Investigators justify the use
of study-specific measures for a variety of reasons
including (1) study-specific measurement protocols may
be needed to address specific populations and/or areas;
(2) questions from common measures that are irrelevant

cause participant burden with a longer interview; (3) for
community-based participatory research, local knowl-
edge, rather than standard measures, may be more
valuable; (4) extra time to identify and become famil-
iarized with standard measurement protocols beyond
the ones investigators have always used leads to an
extended timeline that poses budget and timeline
pressure for time-sensitive studies needing to get to the
field as quickly as possible; and (5) investigators gain
scientific incentives when they move their own work
forward with publication.

There are some additional reasons why it is difficult to
define commonmeasures for exposure studies. First,many
exposures are estimated from location and activity infor-
mation, which rely on participants’ recall rather than direct
measurement. This increases the likelihood that metrics
developed in different laboratories or research groups will
vary more widely than for protocols where a direct mea-
surement ismade. Second, the strongneed for longitudinal
data covering decades means that investigators may be
hesitant to change metrics for existing cohorts to accom-

modate the shared research questions among the studies
within consortia. Consortia have typically compensated for
the lack of common measures by assembling aggregate
models consisting of the related measures collected across
consortium members [13,43,44].

Naturally, a study would use legacy measures for con-
sistency, either measures used in a cohort previously or
measures used in previous events. In the present case
study, measures for oil spills were adopted from previous
oil spill studies, such as the Gulf Workers’ Study and
studies of the Exxon Valdez oil spill [45]. Measures for

natural disaster experience were adopted from studies
for Hurricane Andrew and Hurricane Katrina but
addressed Hurricane Rita, Hurricane Ike, and Hurricane
Gustav; Mississippi flooding; and Hurricane Isaac
[20,46]. The four studies in the Deepwater Horizon
Research Consortia used legacy measures for their own
cohorts to address cohort-specific exposures and issues,
and many of the measures are study-specific.

The Deepwater Horizon Research Consortia required a
community resilience component of academic-

community partnerships for community-based partici-
patory research, which often necessitates addressing
local community concerns to maximize the effect on
these communities affected by the disaster. Using the
diverse study-specific measures collected from the four
Current Opinion in Toxicology 2019, 16:75–82
studies, the community resilience working group
developed the Resilience Activation Framework by
organizing dozens of measures at the community and
individual levels into a conceptual model. These mea-
sures contribute to four domains: human capital, eco-
nomic capital, social capital, and political capital. The
dozens of data elements for each domain are different at
the community and individual levels. For instance, the

community level of ‘economic capital’ contains ‘median
household income,’ ‘tax revenues,’ ‘employment,’ and
‘occupational diversity,’ and the individual level contains
‘household income,’ ‘savings,’ and ‘access to credit or
loans.’ Most of these data elements were measures by
protocols specific to each study [30].

Common standardized measures
While taking advantage of study-specific measures
collected by each study, the consortia also carried out
the effort of ‘standardization’ by putting in place disci-

pline-/domain-specific working groups. The community
resilience working group developed a list of psychosocial
measures shared by the studies, and the exposure
working group developed standardized analytical
chemical methods for PAH sampling in seafood.
Including some common key environmental exposure
measures for consistent data across studies can increase
the scientific impact of individual studies and is often
not obvious and neglected during study design. The
National Institutes of Health (NIH) Common Data
Elements (CDE) Repository (https://cde.nlm.nih.gov/

home) provides several NIH common measures and
CDE resources focusing on a variety of disease topic
areas. DeBord et al [47] described the concept of the
exposome with three domains of the exposome (inter-
nal, specific external, and general external) summarizing
the various sources of exposures and their possible cor-
relation, as well as the challenges in measuring the
exposome because of the diversity and variability over
time. Patel et al [17] presented opportunities and
challenges for environmental exposure assessment in
population-based studies, with an analysis of traditional

and emerging environmental and behavioral measure-
ment modalities to capture indicators of exposure.

A recent report published on building and measuring
community resilience [41] analyzed resilience mea-
surement efforts and identified gaps and challenges
associated with them. One of the findings in this report
stated that the data among the community organizations
are not compatible, making it difficult to integrate
measurement activities across sectors. Thus, one of the
eight recommendations stated “Communities should

ensure that the data collected, integrated, or synthe-
sized for community resilience are relatable and usable
for decision making.” The report recognized a need for
community-specific and common standard measures to
effectively evaluate community resilience. A‘core’ set of
general community resilience measures that are
www.sciencedirect.com
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complemented by community-specific measures can fill
the gap of data compatibility and help with data
collection, integration, and synthesis to support decision
making.
Opportunities for collaborative
environmental studies
Studies need to include study-specific measures to
address specific research questions and to accommodate
specific populations. However, it is becoming clear that
the inclusion of (common) measures that facilitate
cross-study analysis can increase the effect of individual
studies [13,14]. For this reason, several large collabora-
tive research initiatives are expecting use of common
(standard) measures. Programs, resources, and initia-
tives that are promoting the use of common environ-

mental exposure measures include the following:

� NIH Disaster Research Response Program was
created to create new tools, protocols, networks of
researchers, training exercises, and outreach involving
diverse groups of stakeholders. The goals are to help
overcome the challenges of disaster research, improve
the ability to collect vital information, reduce adverse
health impacts and improve future preparedness
(https://dr2.nlm.nih.gov/) [48].

� PhenX (consensus measures for Phenotypes and
eXposures) is a community-driven effort that iden-

tifies and recommends measures for use in genomic,
clinical, and epidemiological research. The PhenX
Toolkit is a web-based catalog that presents these
recommended measurement protocols and provides
tools to help investigators incorporate these protocols
into their studies (https://www.phenxtoolkit.org/)
[49].

� Environmental influences on Child Health Out-
comes (ECHO) supports multiple, synergistic longi-
tudinal studies using existing study populations to
investigate environmental exposures d including

physical, chemical, biological, social, behavioral, nat-
ural, and built environments d on child health and
development. The measurement protocols from
existing studies and the ECHO-wide cohort data
collection protocol include many assessments of
environmental exposures (https://www.nih.gov/
research-training/environmental-influences-child-
health-outcomes-echo-program) [13,44].

� Children’s Health Exposure Analysis Resource
(CHEAR) and Human Health Exposure Analysis
Resource (HHEAR) are centralized networks of

exposure analysis tools, services, and expertise to
support NIH-funded researchers studying
human health (https://www.niehs.nih.gov/research/
supported/exposure/chear/index.cfm). The CHEAR
Ontology summarizes a broad range of environmental
exposures measures (https://bioportal.bioontology.
org/ontologies/CHEAR) [50,51].
www.sciencedirect.com
These examples indicate that funding organizations
recognize the importanceof standard (common)measures
to increase the impact of individual studies and to increase
the overall impact of large interdisciplinary consortia and
initiatives. By investing in these types of programs, re-
sources, and initiatives, NIH is developing a framework
that will encourage investigators to incorporate common
measures, alongside their critically important study-

specific measures, especially at the study design phase.
Inclusion of common (standard) measures in addition to
conceptually related legacy measures provides a ‘data
bridge’ to quantitatively combine or effectively compare
data collected using the different methodologies.

Human health and wellbeing are determined by myriad
lifestyle choices and environmental exposures in the
context of people’s genetic predispositions from birth.
Advances in our understanding of these individual fac-
tors, coupled with increased computational capacity,

enable integrative models that account for the many
possible causes of disease rather than studying subsets in
isolation. The data requirements for this approach are too
great for any individual study, however, making it critical
to maximize our ability to integrate data across studies.
Conclusions
Analysis of environmental exposure and outcome mea-
sures among the Deepwater Horizon Research Consor-
tia studies suggested that study-specific measures are
necessary and valuable to address local community
concern, and common measures facilitate the ability to
combine data from conceptually related studies. Meta-
analysis depends on the ability to combine information
gleaned from data that is not directly comparable, via a
data harmonization process. Data harmonization is
known to be a laborious task [52]; collection of data that

are directly comparable avoids the need for data
harmonization. Studies focused on a natural disaster
such as the DWH oil spill represent a unique challenge
given the short timelines and the need to address
questions that directly affect the disaster response. This
makes efforts such as the NIH Disaster Research
Response Program, which can prepare standard mea-
sures and data harmonization workflows for study-
specific measures in advance, a critical resource
moving forward. With a concerted effort among funding
agencies, study investigators, and resources such as

PhenX and the NIH Disaster Research Response Pro-
gram, data generated from large research consortia can
provide a better fundamental understanding of biolog-
ical systems and their interactions with the physical
environment while still answering the key questions
that motivated the individual studies.
Funding
This work was supported by NIEHS grant
1R24ES028479-01.
Current Opinion in Toxicology 2019, 16:75–82

https://dr2.nlm.nih.gov/
https://www.phenxtoolkit.org/
https://www.nih.gov/research-training/environmental-influences-child-health-outcomes-echo-program
https://www.nih.gov/research-training/environmental-influences-child-health-outcomes-echo-program
https://www.nih.gov/research-training/environmental-influences-child-health-outcomes-echo-program
https://www.niehs.nih.gov/research/supported/exposure/chear/index.cfm
https://www.niehs.nih.gov/research/supported/exposure/chear/index.cfm
https://bioportal.bioontology.org/ontologies/CHEAR
https://bioportal.bioontology.org/ontologies/CHEAR
www.sciencedirect.com/science/journal/24682020


80 Systems Toxicology
Conflict of interest statement
Nothing declared.

References
Papers of particular interest, published within the period of review,
have been highlighted as:

* * of outstanding interest

1. Kunkle BW, Grenier-Boley B, Sims R, Bis JC, Damotte V, Naj AC,
Boland A, Vronskaya M, van der Lee SJ, Amlie-Wolf A,
Bellenguez C, et al.: Genetic meta-analysis of diagnosed
Alzheimer’s disease identifies new risk loci and implicates
Ab, tau, immunity and lipid processing. Nat Genet 2019, 51:
414–430. https://doi.org/10.1038/s41588-019-0358-2.

2. Styrkarsdottir U, Lund SH, Thorleifsson G, Zink F, Stefansson OA,
Sigurdsson JK, Juliusson K, Bjarnadottir K, Sigurbjornsdottir S,
Jonsson S, Norland K, et al.: Meta-analysis of Icelandic and UK
data sets identifies missense variants in SMO, IL11, COL11A1
and 13 more new loci associated with osteoarthritis. Nat
Genet 2018, 50:1681–1687. https://doi.org/10.1038/s41588-018-
0247-0.

3. Fadista J, Skotte L, Geller F, Bybjerg-Grauholm J, Gørtz S,
Romitti PA, Caggana M, Kay DM, Matsson H, Boyd HA,
Hougaard DM, et al.: Genome-wide meta-analysis identifies
BARX1 and EML4-MTA3 as new loci associated with infantile
hypertrophic pyloric stenosis. Hum Mol Genet 2019, 28:
332–340. https://doi.org/10.1093/hmg/ddy347.

4. Savage JE, Jansen PR, Stringer S, Watanabe K, Bryois J, de
Leeuw CA, Nagel M, Awasthi S, Barr PB, Coleman JRI,
Grasby KL, et al.: Genome-wide association meta-analysis in
269,867 individuals identifies new genetic and functional
links to intelligence. Nat Genet 2018, 50:912–919. https://doi.
org/10.1038/s41588-018-0152-6.

5. Julià A, López-Longo FJ, Pérez Venegas JJ, Bonàs-Guarch S,
Olivé À, Andreu JL, Aguirre-Zamorano MÀ, Vela P, Nolla JM, de
la Fuente JLM, Zea A, et al.: Genome-wide association study
meta-analysis identifies five new loci for systemic lupus er-
ythematosus. Arthritis Res Ther 2018, 20:100. https://doi.org/10.
1186/s13075-018-1604-1.

6. Hysi PG, Valdes AM, Liu F, Furlotte NA, Evans DM, Bataille V,
Visconti A, Hemani G, McMahon G, Ring SM, Smith GD, et al.:
International Visible Trait Genetics Consortia, Genome-wide
association meta-analysis of individuals of European
ancestry identifies new loci explaining a substantial fraction
of hair color variation and heritability. Nat Genet 2018, 50:
652–656. https://doi.org/10.1038/s41588-018-0100-5.

7. Klein AP, Wolpin BM, Risch HA, Stolzenberg-Solomon RZ,
Mocci E, Zhang M, Canzian F, Childs EJ, Hoskins JW,
Jermusyk A, Zhong J, et al.: Genome-wide meta-analysis
identifies five new susceptibility loci for pancreatic cancer.
Nat Commun 2018, 9:556. https://doi.org/10.1038/s41467-018-
02942-5.

8. Asai Y, Eslami A, van Ginkel CD, Akhabir L, Wan M, Ellis G, Ben-
Shoshan M, Martino D, Ferreira MA, Allen K, Mazer B, et al.:
Genome-wide association study and meta-analysis in multi-
ple populations identifies new loci for peanut allergy and
establishes C11orf30/EMSY as a genetic risk factor for food
allergy. J Allergy Clin Immunol 2018, 141:991–1001. https://doi.
org/10.1016/j.jaci.2017.09.015.

9. Chang D, Nalls MA, Hallgrímsdóttir IB, Hunkapiller J, van der
Brug M, Cai F, , International Parkinson’s Disease Genomics
Consortia, 23andMe Research Team, Kerchner GA, Ayalon G,
Bingol B, et al.: A meta-analysis of genome-wide associa-
tion studies identifies 17 new Parkinson’s disease risk
loci. Nat Genet 2017, 49:1511–1516. https://doi.org/10.1038/
ng.3955.

10. Albers AE, Qian X, Kaufmann AM, Coordes A: Meta analysis:
HPV and p16 pattern determines survival in patients with
HNSCC and identifies potential new biologic subtype. Sci Rep
2017, 7:16715. https://doi.org/10.1038/s41598-017-16918-w.

11. Grayston R, Czanner G, Elhadd K, Goebel A, Frank B, Üçeyler N,
Malik RA, Alam U: A systematic review and meta-analysis of
Current Opinion in Toxicology 2019, 16:75–82
the prevalence of small fiber pathology in fibromyalgia: im-
plications for a new paradigm in fibromyalgia etiopatho-
genesis. Semin Arthritis Rheum 2018, 48:933–940. https://doi.
org/10.1016/j.semarthrit.2018.08.003.

12. Gaastra B, Glazier J, Bulters D, Galea I: Haptoglobin genotype
and outcome after subarachnoid haemorrhage: new insights
from a meta-analysis. Oxid Med Cell Longev 2017:6747940.
Erratum in: Oxid. Med. Cell. Longev. (2018) 9105120, https://doi.
org/10.1155/2017/6747940.

13. Lesko CR, Jacobson JP, Althoff KN, Abraham AG, Gange SJ,
Moore RD, Modur S, Lau B: Collaborative, pooled and
harmonized study designs for epidemiologic research: chal-
lenges and opportunities. Int J Epidemiol 2018, 47:654–668.
https://doi.org/10.1093/ije/dyx283.

14. Ndosi M, Alcacer-Pitarch B, Allanore Y, Del Galdo F, Frerix M,
García-Díaz S, Hesselstrand R, Kendall C, Matucci-Cerinic M,
Mueller-Ladner U, Sandqvist G, et al.: Common measure of
quality of life for people with systemic sclerosis across seven
European countries: a cross-sectional study. Ann Rheum Dis
2018, 77:1032–1038. https://doi.org/10.1136/annrheumdis-2017-
212412.

15. Kwok RK, Engel LS, Miller AK, Blair A, Curry MD, Jackson WB,
Stewart PA, Stenzel MR, Birnbaum LS, Sandler DP, GuLF
STUDY Research Team: The GuLF STUDY: a prospective
study of persons involved in the Deepwater Horizon oil spill
response and clean-up. Environ Health Perspect 2017, 125:
570–578. https://doi.org/10.1289/EHP715.

16. Lichtveld M, Sherchan S, Gam KB, Kwok RK, Mundorf C,
Shankar A, Soares L: The Deepwater Horizon oil spill through
the lens of human health and the ecosystem. Curr Environ
Health Rep 2016, 3:370–378. https://doi.org/10.1007/s40572-
016-0119-7.

17. Patel CJ, Kerr J, Thomas DC, Mukherjee B, Ritz B, Chatterjee N,
Jankowska M, Madan J, Karagas MR, McAllister KA,
Mechanic LE, et al.: Opportunities and challenges for envi-
ronmental exposure assessment in population-based
studies. Cancer Epidemiol Biomark Prev 2017, 26:1370–1380.
https://doi.org/10.1158/1055-9965.EPI-17-0459.

18. McAllister K, Mechanic LE, Amos C, Aschard H, Blair IA,
Chatterjee N, Conti D, Gauderman WJ, Hsu L, Hutter CM,
Jankowska MM, et al.: Current challenges and new opportu-
nities for gene-environment interaction studies of complex
diseases. Am J Epidemiol 2017, 186:753–761. https://doi.org/10.
1093/aje/kwx227.

19. Pan H, Tryka KA, Vreeman DJ, Huggins W, Phillips MJ,
Mehta JP, Phillips JH, McDonald CJ, Junkins HA, Ramos EM,
Hamilton CM: Using PhenX measures to identify opportunities
for cross-study analysis. Hum Mutat 2012, 33:849–857. https://
doi.org/10.1002/humu.22074.

20
* *
. Harville EW, Shankar A, Dunkel Schetter C, Lichtveld M: Cu-

mulative effects of the Gulf oil spill and other disasters on
mental health among reproductive-aged women: the Gulf
Resilience on Women’s Health study. Psychol Trauma 2018,
10:533–541. https://doi.org/10.1037/tra0000345.

The results of this study point mainly to a cumulative risk for the mental
health effects of multiple disasters, although some indication of
sensitization occurred among those with particularly severe experi-
ences. There was no evidence for habituation.

21. Gaston SA, Volaufova J, Peters ES, Ferguson TF, Robinson WT,
Nugent N, Trapido EJ, Rung AL: Individual-level exposure to
disaster, neighborhood environmental characteristics, and
their independent and combined associations with depres-
sive symptoms in women. Soc Psychiatry Psychiatr Epidemiol
2017, 52:1183–1194. https://doi.org/10.1007/s00127-017-1412-
y.

22. Rung AL, Oral E, Fontham E, Harrington DJ, Trapido EJ,
Peters ES: The long-term effects of the Deepwater Horizon oil
spill on women’s depression and mental distress. Disaster
Med Public Health Prep 2018, 15:1–8. https://doi.org/10.1017/
dmp.2018.14.

23. Croisant SA, Lin YL, Shearer JJ, Prochaska J, Phillips-Savoy A,
Gee J, Jackson D, Panettieri RA, Howarth M, Sullivan J, Black BJ,
et al.: The Gulf coast health alliance: health risks related to
the Macondo spill (GC-HARMS) study: self-reported health
www.sciencedirect.com

https://doi.org/10.1038/s41588-019-0358-2
https://doi.org/10.1038/s41588-018-0247-0
https://doi.org/10.1038/s41588-018-0247-0
https://doi.org/10.1093/hmg/ddy347
https://doi.org/10.1038/s41588-018-0152-6
https://doi.org/10.1038/s41588-018-0152-6
https://doi.org/10.1186/s13075-018-1604-1
https://doi.org/10.1186/s13075-018-1604-1
https://doi.org/10.1038/s41588-018-0100-5
https://doi.org/10.1038/s41467-018-02942-5
https://doi.org/10.1038/s41467-018-02942-5
https://doi.org/10.1016/j.jaci.2017.09.015
https://doi.org/10.1016/j.jaci.2017.09.015
https://doi.org/10.1038/ng.3955
https://doi.org/10.1038/ng.3955
https://doi.org/10.1038/s41598-017-16918-w
https://doi.org/10.1016/j.semarthrit.2018.08.003
https://doi.org/10.1016/j.semarthrit.2018.08.003
https://doi.org/10.1155/2017/6747940
https://doi.org/10.1155/2017/6747940
https://doi.org/10.1093/ije/dyx283
https://doi.org/10.1136/annrheumdis-2017-212412
https://doi.org/10.1136/annrheumdis-2017-212412
https://doi.org/10.1289/EHP715
https://doi.org/10.1007/s40572-016-0119-7
https://doi.org/10.1007/s40572-016-0119-7
https://doi.org/10.1158/1055-9965.EPI-17-0459
https://doi.org/10.1093/aje/kwx227
https://doi.org/10.1093/aje/kwx227
https://doi.org/10.1002/humu.22074
https://doi.org/10.1002/humu.22074
https://doi.org/10.1037/tra0000345
https://doi.org/10.1007/s00127-017-1412-y
https://doi.org/10.1007/s00127-017-1412-y
https://doi.org/10.1017/dmp.2018.14
https://doi.org/10.1017/dmp.2018.14
www.sciencedirect.com/science/journal/24682020


Assessment of environmental health measures Pan et al. 81
effects. Int J Environ Res Public Health 2017, 14. https://doi.org/
10.3390/ijerph14111328.

24. Grattan LM, Roberts S, Mahan Jr WT, McLaughlin PK, Otwell WS,
Morris Jr JG: The early psychological impacts of the Deep-
water Horizon oil spill on Florida and Alabama communities.
Environ Health Perspect 2011, 119:838–843. https://doi.org/10.
1289/ehp.1002915.

25. Morris Jr JG, Grattan LM, Mayer BM, Blackburn JK: Psycho-
logical responses and resilience of people and communities
impacted by the Deepwater Horizon oil spill. Trans Am Clin
Climatol Assoc 2013, 124:191–201.

26. Wilson MJ, Frickel S, Nguyen D, Bui T, Echsner S, Simon BR,
Howard JL, Miller K, Wickliffe JK: A targeted health risk
assessment following the Deepwater Horizon oil spill: poly-
cyclic aromatic hydrocarbon exposure in Vietnamese-
American shrimp consumers. Environ Health Perspect 2015,
123:152–159. https://doi.org/10.1289/ehp.1408684.

27
* *
. Stuchal LD, Charles-Ayinde MKS, Kane AS, Kozuch M,

Roberts SM: Probabilistic risk assessment for high-end con-
sumers of seafood on the northeastern Gulf coast. J Expo Sci
Environ Epidemiol 2019. https://doi.org/10.1038/s41370-019-
0119-4.

This study collected seafood from oil spill–affected communities and
analyzed their tissues for PAHs. A probabilistic risk assessment of
PAHs from total seafood consumption data in oiled areas versus non-
oiled areas, finds that the 95th percentile hazard indices ranged from
3.45E-03 to 8.41E-03, two to three orders of magnitude below the
regulatory limit of 1 for PAHs.

28. Zilversmit L, Wickliffe J, Shankar A, Taylor RJ, Harville EW:
Correlations of biomarkers and self-reported seafood con-
sumption among pregnant and non-pregnant women in
southeastern Louisiana after the Gulf oil spill: the GROWH
Study. Int J Environ Res Public Health 2017, 14. https://doi.org/
10.3390/ijerph14070784.

29
* *
. Wickliffe JK, Simon-Friedt B, Howard JL, Frahm E, Meyer B,

Wilson MJ, Pangeni D, Overton EB: Consumption of fish and
shrimp from southeast Louisiana poses no unacceptable
lifetime cancer risks attributable to high-priority polycyclic
aromatic hydrocarbons. Risk Anal 2018, 38:1944–1961. https://
doi.org/10.1111/risa.12985.

This paper assessed lifetime cancer risks using conservative as-
sumptions and models in a probabilistic framework for the seven
carcinogenic PAHs. The results found that consumption of finfish and
shrimp harvested from southeast Louisiana after the DWH oil spill does
not pose unacceptable lifetime cancer risks from the seven carcino-
genic PAHs

30
* *
. Abramson DM, Grattan LM, Mayer B, Colten CE, Arosemena FA,

Bedimo-Rung A, Lichtveld M: The resilience activation frame-
work: a conceptual model of how access to social resources
promotes adaptation and rapid recovery in post-disaster
settings. J Behav Health Serv Res 2015, 42:42–57. https://doi.
org/10.1007/s11414-014-9410-2.

The consortia developed the Resilience Activation Framework from a
diverse compilation of measures at the community and individual
levels. This framework can be used as a conceptual model of how
access to social resources promotes adaptation or reduced psycho-
pathology among the individuals and communities affected by di-
sasters. The model provides information and guidelines for the
development of effective preventive and early intervention programs for
rapid recovery in post-disaster settings.

31. Mundorf CA, Lichtveld MY: Using community-based, ethno-
graphic methods to examine risk perceptions and actions of
low-income, first-time mothers in a post-spill environment.
J Risk Res 2018, 21:308–322. https://doi.org/10.1080/13669877.
2016.1200656.

32. Cox JL, Holden JM, Sagovsky R: Detection of postnatal
depression: development of the 10-item Edinburgh postnatal
depression scale. Br J Psychiatry 1987, 150:782–786.

33. Wisner KL, Parry BL, Piontek CM: Clinical practice. Postpartum
depression. N Engl J Med 2002, 347:194–199. https://doi.org/10.
1056/NEJMcp011542.

34. Radloff LS: The CES-D scale: a self-report depression scale
for research in the general population. Appl Psychol Meas
1977, 1:385–401. https://doi.org/10.1177/014662167700100306.
www.sciencedirect.com
35. Eaton WW, Muntaner C, Smith C, Tien A, Ybarra M: Center for
epidemiologic studies depression scale: review and revision
(CESD and CESD-R). In The use of psychological testing for
treatment planning and outcomes assessment. Edited by
Maruish ME. 3rd ed., Mahwah, New Jersey: Lawrence Erlbaum;
2004:363–377.

36. Kroenke K, Strine TW, Spitzer RL, Williams JBW, Berry JT,
Mokdad AH: The PHQ-8 as a measure of current depression in
the general population. J Affect Disord 2009, 114:163–173.
https://doi.org/10.1016/j.jad.2008.06.026.

37. McNair D, Lorr M, Doppleman L: Manual for the profile of Mood
States. San Diego: Educational and Industrial Testing Service;
1971.

38. Grove JR, Prapavessis H: Preliminary evidence for the reli-
ability and validity of an abbreviated Profile of Mood States.
Int J Sport Psychol 1992, 23:93–109.

39. Simon BR, Wilson MJ, Blake DA, Yu H, Wickliffe JK: Cadmium
alters the formation of benzo[a]pyrene DNA adducts in the
RPTEC/TERT1 human renal proximal tubule epithelial cell
line. Toxicol Rep 2014, 1:391–400. https://doi.org/10.1016/j.
toxrep.2014.07.003.

40
* *
. Rung AL, Gaston S, Robinson WT, Trapido EJ, Peters ES:

Untangling the disaster-depression knot: the role of social
ties after Deepwater Horizon. Soc Sci Med 2017, 177:19–26.
https://doi.org/10.1016/j.socscimed.2017.01.041.

This study developed a structural equation model indicating the as-
sociation of structural social capital, cognitive social capital, social
support, and physical and economic exposure on depression. It found
that when all variables were considered, economic exposure was no
longer associated with depression, and social support and cognitive
social capital mediated the effect of economic exposure on depression,
explaining 67% of the effect.

41. National Academies of Sciences, Engineering, and Medicine;
Policy and Global Affairs; Office of Special Projects; Committee on
Measuring Community Resilience: Building and measuring com-
munity resilience: actions for communities and the Gulf research
program. Washington, DC: National Academies Press; 2019.

42. Laffon B, Pásaro E, Valdiglesias V: Effects of exposure to oil
spills on human health: updated review. J Toxicol Environ
Health B Crit Rev 2016, 19:105–128. https://doi.org/10.1080/
10937404.2016.1168730.

43. Haneuse S, Bartell S: Designs for the combination of group-
and individual-level data. Epidemiology 2011, 22:382–389.
https://doi.org/10.1097/EDE.0b013e3182125cff.

44. Jacobson JP, Lau B, Catellier D, Parker CB: Environmental in-
fluences on Child Health Outcomes viewpoint of data anal-
ysis centers for collaborative study designs. Curr Opin Pediatr
2018, 30:269–275. https://doi.org/10.1097/MOP.
0000000000000602.

45. Palinkas LA, Downs MA, Petterson JS, Russell J: Social, cul-
tural, and psychological impacts of the Exxon Valdez oil spill.
Hum Organ 1993, 52:1–13.

46. Norris FH, Perilla JL, Riad JK, Kaniasty K, Lavizzo EA: Stability
and change in stress, resources, and psychological
morbidity: who suffers and who recovers: findings from
Hurricane Andrew. Anxiety Stress Coping 1999, 12:363–396.
https://doi.org/10.1080/10615809908249317.

47. DeBord DG, Carreón T, Lentz TJ, Middendorf PJ, Hoover MD,
Schulte PA: Use of the “exposome” in the practice of epide-
miology: a primer on -omic technologies. Am J Epidemiol
2016, 184:302–314. https://doi.org/10.1093/aje/kwv325.

48. Miller A, Yeskey K, Garantziotis S, Arnesen S, Bennett A,
O’Fallon L, Thompson C, Reinlib L, Masten S, Remington J,
Love C, et al.: Integrating health research into disaster
response: the new NIH disaster research response program.
Int J Environ Res Public Health 2016, 13:E676. https://doi.org/10.
3390/ijerph13070676.

49. Hamilton CM, Strader LC, Pratt JG, Maiese D, Hendershot T,
Kwok RK, Hammond JA, Huggins W, Jackman D, Pan H,
Nettles DS, et al.: The PhenX Toolkit: get the most from your
measures. Am J Epidemiol 2011, 174:253–260. https://doi.org/
10.1093/aje/kwr193.
Current Opinion in Toxicology 2019, 16:75–82

https://doi.org/10.3390/ijerph14111328
https://doi.org/10.3390/ijerph14111328
https://doi.org/10.1289/ehp.1002915
https://doi.org/10.1289/ehp.1002915
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref25
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref25
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref25
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref25
https://doi.org/10.1289/ehp.1408684
https://doi.org/10.1038/s41370-019-0119-4
https://doi.org/10.1038/s41370-019-0119-4
https://doi.org/10.3390/ijerph14070784
https://doi.org/10.3390/ijerph14070784
https://doi.org/10.1111/risa.12985
https://doi.org/10.1111/risa.12985
https://doi.org/10.1007/s11414-014-9410-2
https://doi.org/10.1007/s11414-014-9410-2
https://doi.org/10.1080/13669877.2016.1200656
https://doi.org/10.1080/13669877.2016.1200656
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref32
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref32
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref32
https://doi.org/10.1056/NEJMcp011542
https://doi.org/10.1056/NEJMcp011542
https://doi.org/10.1177/014662167700100306
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref35
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref35
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref35
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref35
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref35
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref35
https://doi.org/10.1016/j.jad.2008.06.026
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref37
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref37
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref37
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref38
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref38
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref38
https://doi.org/10.1016/j.toxrep.2014.07.003
https://doi.org/10.1016/j.toxrep.2014.07.003
https://doi.org/10.1016/j.socscimed.2017.01.041
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref41
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref41
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref41
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref41
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref41
https://doi.org/10.1080/10937404.2016.1168730
https://doi.org/10.1080/10937404.2016.1168730
https://doi.org/10.1097/EDE.0b013e3182125cff
https://doi.org/10.1097/MOP.0000000000000602
https://doi.org/10.1097/MOP.0000000000000602
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref45
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref45
http://refhub.elsevier.com/S2468-2020(18)30093-7/sref45
https://doi.org/10.1080/10615809908249317
https://doi.org/10.1093/aje/kwv325
https://doi.org/10.3390/ijerph13070676
https://doi.org/10.3390/ijerph13070676
https://doi.org/10.1093/aje/kwr193
https://doi.org/10.1093/aje/kwr193
www.sciencedirect.com/science/journal/24682020


82 Systems Toxicology
50. Wright RO, Teitelbaum S, Thompson C, Balshaw D, CHEAR
Network: The child health exposure analysis resource as a
vehicle to measure environment in the environmental in-
fluences on child health outcomes program. Curr Opin Pediatr
2018, 30:285–291. https://doi.org/10.1097/MOP.
0000000000000601.

51. Balshaw DM, Collman GW, Gray KA, Thompson CL: The Chil-
dren’s Health Exposure Analysis Resource: enabling
research into the environmental influences on children’s
Current Opinion in Toxicology 2019, 16:75–82
health outcomes. Curr Opin Pediatr 2017, 29:385–389. https://
doi.org/10.1097/MOP.0000000000000491.

52. Bennett SN, Caporaso N, Fitzpatrick AL, Agrawal A, Barnes K,
Boyd HA, Cornelis MC, Hansel NN, Heiss G, Heit JA, Kang JH,
Kittner SJ, et al.: GENEVA Consortium, Phenotype harmoni-
zation and cross-study collaboration in GWAS consortia: the
GENEVA experience. Genet Epidemiol 2011, 35:159–173.
https://doi.org/10.1002/gepi.20564.
www.sciencedirect.com

https://doi.org/10.1097/MOP.0000000000000601
https://doi.org/10.1097/MOP.0000000000000601
https://doi.org/10.1097/MOP.0000000000000491
https://doi.org/10.1097/MOP.0000000000000491
https://doi.org/10.1002/gepi.20564
www.sciencedirect.com/science/journal/24682020

	An assessment of environmental health measures in the Deepwater Horizon Research Consortia
	Introduction
	Assessment of study-specific and common measures used in the NIEHS Deepwater Horizon Research Consortia
	Assessment methods
	Assessment results
	Health outcomes
	Environmental exposures
	Community resilience

	Study-specific measures
	Common standardized measures

	Opportunities for collaborative environmental studies
	Conclusions
	Funding
	Conflict of interest statement
	References


