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The evaluation and management of public health risks relies largely on a risk assessment 
process defined by the regulatory context in which these risks are being assessed to answer a 
specific question. Although the science and practice of human health and ecological risk 
assessment has changed dramatically over the last 30 years and continues to evolve, the 
regulatory frameworks guiding the conduct of these assessments have not kept pace with such 
advances.  For example, early applications of risk assessment were used to assess exposures 
and risks to specific chemicals at contaminated sites, leading regulatory agencies to back-
calculate target remedial goals and clean-up levels on  a chemical-by-chemical basis to answer 
the question “how clean is clean?” EPA’s Superfund program and development of water quality 
criteria reflect this regulatory scope.  However, advances in science in technology have led to 
the development of new methods and tools that are capable of answering far more complex 
questions about the risks posed by chemicals and other stressors to human and ecological 
health.  For example, toxicity assessments have transitioned from multi-year in vivo studies in 
rodents to high throughput in vitro bioassays in human cell cultures.  But, little guidance is 
available on which analytical methods can be used to integrate concentration-response 
functions based on these data with exposure estimates to quantify health risks in ways useful to 
inform regulatory decision-making.  Risk analysts now have the tools to combine aggregate 
exposure pathways with adverse outcome pathways to better integrate multiple chemical and 
non-chemical stressors to evaluate cumulative health risks, but how does that process inform 
site cleanup or remediation decisions? Scientific advances across the spectrum of risk-related 
disciplines (e.g., engineering, exposure science, toxicology, ecology) therefore provide better 
information to support risk-based decision-making, but at the same time, it is increasingly 
difficult to derive defensible health benchmarks or clean-up goals based on this new 
information.  In this paper, we highlight several novel risk assessment approaches that have 
gained increasing momentum in the field of risk analysis and discuss scientific versus regulatory 
tensions in the application of these approaches for risk assessments of the future. 
 
1.0 The Traditional Risk Assessment Context 
 
The earliest applications of risk assessment emerged from the discovery that exposure to 
environmental contaminants was likely associated with an increased probability of adverse 
health outcomes, and it wasn’t technically possible to entirely remove those exposures and 
resulting risks.  Recognizing there would always be some level of residual risk led to the 
question: what is the appropriate concentration in particular environmental media that would 
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ensure a de minimis probability of adverse health outcomes associated with low-level, long-
term exposure to specific contaminants?  
 
The first seminal publication that 
defined the field, the “Red Book” (NRC 
1983), outlined a process (Figure 1) for 
risk assessment including hazard 
identification, dose-response 
assessment, exposure assessment, and 
risk characterization. This set of 
discrete steps was further codified in 
1986 through the Superfund Public 
Health Evaluation Manual (EPA, 1986), 
a manual for the retrospective 
assessment of hazardous wa ste sites 
to inform remediation decisions. This 
“bottom-up” approach relied, and continues to rely, on a definition of exposure to 
environmental contaminants in terms of legal boundaries, e.g., property boundaries, and the 
potential for migration beyond the fenceline and subsequent exposures in local communities. 
Of course, environmental contaminants are not actually constrained by  property boundaries, 
and this artificial designation has been a significant contributor  to the current situation in 
applied risk assessment. 
 
One of the earliest risk assessment applications was at the Love Canal site, which became a 
high-profile poster child for environmental contamination. Although community groups were 
active in calling for response actions, the analytical process itself focused on hypothetical 
individual exposures rather than actual population exposures, which would involve 
epidemiologic studies that generally would be unlikely to have the power to detect measurable 
impacts. Consequently, the tension between predictive modeling starting with environmental 
releases and subsequent exposures and observational studies of exposed communities was 
established, leading to a clear delineation between these disciplines. Yet, it is important to 
recognize that a key aspect of the risk assessment process is to provide a quantitative linkage 
between measured (or modeled) contaminant concentrations and potential health outcomes.  

Figure 1: The Risk Assessment Process from the "Red Book" (NRC 1983) 
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The risk assessment process was also 
quickly adopted to provide 
prospective analyses regarding 
proposed industrial facilities to 
evaluate the potential health impacts 
of expected emissions. Starting with 
stack tests, these analyses relied on a 
set of models to predict atmospheric 
transport, wet and dry deposition, 
uptake into plants, plant consumption 
by livestock, deposition onto water 
and uptake into aquatic food webs, 
and subsequent human exposure 

across environmental media as shown in Figure 2. 
 
In both the retrospective (“how clean is clean”) and prospective (“how much is too much”) 
cases, risk assessment follows a chemical-by-chemical approach that was readily incorporated 
into regulatory decision-making with a variety 
of guidance documents at both the federal and 
state levels. A key assumption of regulatory 
applications is the idea of health conservatism, 
that is, analyses should incorporate a series of 
upper-bound assumptions across the suite of 
models used to predict potential outcomes in 
order to protect the most susceptible 
hypothetical individual (e.g., reasonable 
maximum exposure). In this chemical-by-
chemical approach for a hypothetical 
individual, the underlying algebra to 
characterize risks is very simple as shown in Figure 3. 
 

The ADD (average daily dose or exposed dose) 
is calculated using a variety of exposure 
models and generally takes the form shown in 
Figure 4. Measured data, exposure models, or 
a combination are used to predict the 
expected concentration in the environmental 
media and then combined with a series of 
exposure factors (i.e., intake rate, exposure 
duration, averaging time, body weight) to 
estimate the potential dose. Supporting 

models for estimating environmental concentrations typically include fate and transport (e.g., 
movement of contaminants in ground water or air; contaminant uptake into fish tissue, etc.) 

Figure 2: Example of a Conceptual Model of Exposure to Environmental 
Contaminants 

Figure 3: Equations for Calculating the Incremental Lifetime 
Cancer Risk and Hazard Quotient 

Figure 4: Equations for Estimating Exposure Doses 
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together with site-specific data to estimate environmental concentrations used as the starting 
point for calculating potential dose. 
 
In this simplified, individual chemical approach, it is straight-forward to rearrange the equations 
to solve for a target cancer risk or hazard quotient and obtain the associated concentration in 
the environmental media (e.g., “Concentration” in Figure 4) interpreted as a “safe level” either 
prospectively or retrospectively. From a regulatory perspective, this is an easily understandable 
calculation resulting in an environmental concentration deemed “acceptable” with respect to 
human health effects. 
 
Over time, our understanding of how 
individuals are exposed to 
contaminants, as well as the kinds of 
data available with which to evaluate 
how contaminants exert their effects 
has grown exponentially, and the 
emergence of “-omics” technologies 
across the spectrum (Figure 5) of 
exposure to dose-response has led to 
unprecedented increases in data and 
associated bioinformatics methods with 
which to support a true understanding 
of potential risks. Indeed, the US EPA in 2014 stated that “such large-scale knowledge creation 
was unimaginable 15 years ago” (US EPA 2014). This proliferation of data and methods has led 
to a disconnect with respect  to the original mandate of risk assessment to provide a framework 
for establishing “safe” levels of environmental contaminants both prospectively and 
retrospectively and how these data can best support that goal.  In the following sections, we 
explore the questions risk assessment was designed to answer from 1983 to the present day 
and how the evolution of the risk assessment process relates to regulatory mandates that 
appear insufficient for addressing future challenges. 
 
2.0 Hazard Identification / Dose Response Assessment 
 
The dose-response assessment is a key part of the risk assessment process that up until 
recently relied on standardized multiyear in vivo studies, typically in rodents, to develop toxicity 
reference values (referred to as health reference values in NAS 2017) to quantify the 
relationship between exposures and effects. These studies generate toxicity reference values 
for non-cancer (e.g., Reference Dose for ingestion or RfD and Reference Concentration for 
inhalation or RfC) and carcinogenic (Cancer Slope Factor or CSF) outcomes that are then 
published in the US EPA’s Integrated Risk Information System (IRIS; www.epa.gov/iris) and used 
as regulatory thresholds for comparisons to predicted exposure doses (Figure 3). IRIS defines 
these reference values as estimates of exposures for a given duration to the human population 
(including susceptible subgroups) that are likely to be without an appreciable risk of adverse 
health effects over a lifetime. 

Figure 5: Glossary of -Omics (Liu et al. 2019) 
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Traditional toxicity testing relies on exposing laboratory animals to a range of doses of a single 
environmental contaminant, and have historically not provided much information on mode-of-
action or informed an understanding of the mechanisms by which contaminants exert their 
adverse effects. Consequently, extrapolation of toxicity values for use in human health risk 
assessment has traditionally incorporated the application of a series of uncertainty factors to 
account for this lack of knowledge. The primary sources of uncertainty include species-to-
species extrapolation and differences in sensitivity to response with the goal of protecting 
potentially susceptible or highly sensitive individuals. 
 
As shown in Figures 3 and 4, toxicity or health reference values derived in this way are easily 
incorporated into rearranged risk equations to solve for environmental concentrations with a 
clear regulatory interpretation. However, traditional in vivo toxicity testing is time-consuming, 
resource-intensive, doesn’t typically provide insight into mechanisms or mode-of-action, and 
cannot possibly address the tens of thousands of chemicals in active commerce. In the context 
of a population of hypothetical individuals, environmental exposures become increasingly 
complicated to model given the range of co-exposures, co-morbidities, and potential 
susceptibilities that exist across the population. In the additive model, exposures to individual 
chemicals are assumed as independent, with neither synergistic (e.g., greater than additive) or 
antagonistic (e.g., ameliorating effects) interactions. Evidence has emerged that under certain 
exposures this is a false assumption, with ramifications particularly in the case of synergistic 
outcomes (von Stackelberg et al. 2015). Gene-environment interactions also impact the 
probability of an effect occurring.  
 
2.1 Systems Toxicology 
 

Systems toxicology focuses on 
understanding biological pathways by 
which a series of biological events lead to 
one or more adverse outcomes in an 
organism (Aguayo-Orozco et al. 2019). 
The adverse outcome pathway (AOP) is a 
conceptual framework for this process as 
shown in Figure 6, starting with a 
molecular initiating event (MIE) followed 
by a series of key events (KEs) ultimately 
leading to one or more outcomes of 
regulatory interest. Contaminant 
exposures can engage at any point in this 
process; that is, there can be any number 

of macromolecular biological interactions including transcript alterations, gene and protein 
expression, metabolic pathways, and epigenetics. Organism responses can also range from 
resilience and adaptation to an adverse state. While AOPs are typically described as linear, in 
fact exposure to multiple contaminants can lead to perturbations across multiple pathways and 

Figure 6: Example of an Adverse Outcome Pathway 
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biological mediators, effectively a network of pathways interacting in different ways with 
different activation thresholds across the human population. Through an international effort 
led by the Organisation for Economic Co-operation and Development (OECD), an AOP wiki 
(www.aopwiki.org) has been established for the vetting and dissemination of AOPs, and which 
aims to develop guidance detailing internationally accepted approaches for describing and 
documenting AOPs for potential regulatory applications. As stated by OECD, AOPs are intended 
“to outline and capture existing knowledge concerning the biologically plausible and empirically 
supported foundations for predicting apical toxicity from mechanistic data” (OECD 2016). 
However, in general, as shown in Figure 6 for acetylcholinesterase inhibition, AOPs tend to be 
linear and provide qualitative descriptions of MIEs and KEs rather than quantitative 
relationships.  
 
A key advance in the risk assessment process is the transition from in vivo toxicity tests to a 
host of in vitro and in silico assays, including high throughput screening (HTS) and a variety of “-
omics” (Figure 5) to characterize the relationship between concentration or dose and effect. 
The ToxCast program developed by the US EPA (https://www.epa.gov/chemical-
research/toxcast-data-generation-toxcast-assays) uses automated chemical screening 
technologies, called high-throughput screening assays, to expose living cells or biological 
macromolecules such as proteins to contaminants. The cells or isolated proteins are then 
screened for changes in biological activity that may indicate potential health hazards in living 
systems. ToxCast provides contaminant-specific data based on over 700 high-throughput assays 
that cover a range of high-level cell responses and approximately 300 signaling pathways. Cell-
based in vitro assays use intact cells to measure cellular changes in response to exposure with 
the test substances, while biochemical in vitro assays measure the activity of a biological 
macromolecule, either a purified protein or a nucleic acid.  
 
These data can be used to backcalculate in 
vivo concentrations associated with in vitro 
bioassay results (Sipes et al. 2017) as shown 
in Figure 7. These approaches utilize 
pharmacokinetic equations to estimate 
chemical steady-state concentrations (Css) in 
plasma and to dosimetrically adjust in vitro 
HTS potencies to estimate external dose 
equivalents (intake rates). An open-source R 
package, High-Throughput Toxicokinetic 
(HTTK), calculates equivalent external doses 
from HTS data using multiple IVIVE models 
and, conversely, calculates plasma 
concentrations given particular dosing 
scenarios.  
 
With the advent of bioinformatics and machine learning, these kinds of data allow for rapid 
screening of large numbers of contaminants (Shin et al. 2015; Rotroff et al. 2010). In principle, 

Figure 7: Schematic for the HTTK R-Package (Sipes et al. 2017) 
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individual bioassay results could be mapped to MIEs and KEs across different AOPs (Wittwehr et 
al. 2017), but this is challenging in practice since these individual results cannot capture the 
complexity of living systems in terms of feedback loops, physiological responses, and 
interactions. In one of the first examples of a quantitative AOP, Zgheib et al. (2019) developed a 
Bayesian Network model to quantify a simplified oxidative stress induced chronic kidney 
disease AOP based on in vitro data obtained by exposing hepatic cells to potassium bromate.  
 
Transcriptomic and toxicogenomic data, such as differential gene expression profiling, pathway 
analysis, genome sequence analysis, proteomics, metabolomics, and related approaches enable 
the characerization of transcriptomic signatures for specific types of chemical-induced toxicities 
(Vinken et al. 2019; Liu et al. 2019). Similarly, the goal is to map these signatures to KEs and 
MIEs in AOPs. There are now numerous public databases about chemicals, genes, proteins, 
biological networks, phenotypes, diseases, and exposure science that can be integrated 
to construct pathways for systems toxicology applications and many of these are described in 
Davis et al. (2019). 
 
Further efforts are required to account for variables in test systems that can influence observed 
associations between molecular perturbations and disease outcomes (e.g., experimental 
design, metabolism, genomic variants, target cell type(s), cell and tissue interactions, species, 
and lifestage). Ongoing studies seek to cross-validate in vitro test results (Martin et al. 2011), 
but one cross-validation study indicated that the current ToxCast phase I assays and chemicals 
have limited applicability for predicting in vivo chemical hazards using standard statistical 
classification methods (Thomas et al. 2012). Although these methods offer the promise of a 
better mechanistic understanding of contaminant toxicity, the question is, how will these 
approaches be incorporated into and inform regulatory decision-making ? 
 
3.0 Exposure Assessment 
 
A critical step in this process is evaluating potential exposures based on a conceptual model 
such as the one shown in Figure 2. In a focused decision-making context, for example, impacts 
associated with power plants, or, even more focused, mercury concentrations associated with 
electricity generation, very specific and reductionist conceptual models of exposure support a 
series of quantitative models to predict the ADD for a hypothetical individual. This hypothetical 
individual context allows for an abstraction of exposure such that it is unclear how model 
results relate to true exposures in the population. As our understanding of exposure continues 
to grow, a number of new concepts, methods, and tools have emerged to better capture and 
reflect this increased knowledge. 
 
3.1 Biomonitoring 
 
Biomonitoring provides a direct measure of total exposure from all sources and exposure 
routes and pathways at a given time period.  Biomonitoring data generally represent the 
concentration of a chemical or its metabolite as measured in biological matrices such as blood, 
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urine, hair, nails, fat, bone, expired air, or breast milk and provide a biologic indicator (or 
marker) of exposure – i.e., the underlying concept is that chemicals that have entered the 
human body leave “markers” reflecting this exposure (Sexton et al. 2004; NRC 2006; US EPA 
2012).  These markers of exposure generally represent absorbed or internal doses, but may also 
represent biologically effective doses or early biological effects (Sexton et al. 2004; NRC 2006; 
US EPA 2012). 
 
Although many resources and guidelines are available for the proper collection of biological 
samples (Cornelis 1995; 1996), fewer guides are available on when to collect and how to 
interpret biomonitoring data for use in exposure and risk assessments.  Over the last 20 years, 
the Centers for Disease Control and Prevention (CDC) has published the results of ongoing 
surveys that characterize the distribution of exposures by age and sex groupings for different 
chemicals in biological matrices as part of the National Report on Human Exposures to 
Environmental Chemicals, but with little accompanying interpretation 
(www.cdc.gov/biomonitoring).  Many publications have also reported on biomonitoring data 
collected as part of specific research studies designed to assess public exposures (Aylward 
2018).  NRC (2006) has recommended that a more coordinated public health-based strategy for 
biomarker development is needed and that exposure, epidemiology, and toxicology studies 
should be enhanced with biomonitoring wherever possible to in order to better interpret the 
risks posed by low-level exposures to environmental chemicals.  In response to these 
recommendations, US EPA (2012) has outlined its research strategies for improving the use and 
interpretation of biomonitoring and biomarker data in human exposure and risk assessments as 
shown in Figure 8, which includes five research tiers depending on the research objectives and 
available data and models.  Some attempt has also been made to develop “common criteria” to 
inform the use and evaluation of biomonitoring data used in exposure and human health risk 
assessments (Albertini et al. 2006; Arnold et al. 2013).  Other research has focused on deriving 
biological exposure indices (BEIs) or biomonitoring equivalents (BEs) that can serve as relevant 
health benchmarks for interpreting biomonitoring data (ACGIH 2012; Hays et al. 2007; Hays and 
Aylward 2009).   
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Biomonitoring has many useful purposes and 
can serve as a powerful tool for assessing 
aggregate exposures and risks, particularly 
for some common chemicals.  Biomonitoring 
data can be used to establish baseline 
exposure levels in a population, assess 
trends in exposure over time, validate 
environmental and exposure models, and 
evaluate the effectiveness of risk 
management programs.  Two well-known 
examples are the use of biomonitoring data 
to (a) illustrate how blood lead levels 
declined as gasoline lead levels decreased 
over time, and (b) demonstrate reductions in 
serum cotinine levels among non-smokers 
due to smoking cessation efforts (Sexton et 
al. 2004).  However, collecting biological 
samples and determining which biomarkers 

to analyze for can be a challenging and labor- and resource-intensive process.  Biomonitoring 
data also only provide a measure of exposure, without any indication of whether such 
exposures pose a public health risk.  Additionally, because biomonitoring data represent a 
measure of internal body burden, the original sources or routes and pathways of exposure and 
exposure conditions (e.g., concentration, frequency and duration) may be variable or unknown, 
rendering it difficult to design effective exposure reduction or mitigation policies.  Linkages 
between biomarkers of exposure and downstream health effects are also lacking.  Given these 
and other constraints, biomonitoring data have thus far had limited use in regulatory risk 
assessments.  In particular, EPA generally only uses biomonitoring data in chemical risk 
assessments when there is sufficient research showing the health implications of these data.  
For example, when evaluating the public health risks from methylmercury, US EPA (2001) relied 
on certain biomonitoring data (i.e., mercury in maternal hair collected at delivery and mercury 
in umbilical cord blood) because existing studies had already drawn a link between the level of 
this toxin in human blood and adverse neurological effects in children.  Going forward, how can 
this type of information be better utilized by the US EPA or other public health and regulatory 
agencies to assess and manage public exposures and risks?  
 
3.2 Exposome 
 
The exposome is a measure of the totality of exposure (both internal and external) over a 
lifetime, with an emphasis on understanding how such exposures ultimately impact public 
health.  The concept of the exposome originally stemmed from the desire to provide more 
complete exposure assessments in epidemiology studies and to achieve a comprehensive 
description of lifelong exposure history as a complement to the genome (Wild 2005, 2011).  The 
underlying premise of the exposome is that an individual’s exposure begins before birth and 
includes insults from environmental and occupational sources, with possible gene-environment 

Figure 8: The Source-to-Outcome Continuum to Support 
Human Health Research (US EPA 2012) 
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interactions occurring throughout one’s lifetime (Wild 2005; Rappaport and Smith 2010; Buck 
Louis and Sundaram 2012).  Although initial discussions about the exposome primarily targeted 
the field of exposure science and focused on human health impacts, definitions and intended 
uses of the exposome have varied and evolved over time.  NRC (2012) proposed to expand this 
concept to the “eco-exposome,” which entails the “extension of exposure science from the 
point of contact between stressor and receptor inward into the organism and outward to the 
general environment, including the ecosphere” (p. 32).  Miller and Jones (2013) proposed the 
following broader definition that implicitly considers both exposures and biological responses: 
“a cumulative measure of environmental influences and associated biological responses 
throughout the lifespan, including exposures from the environment, diet, behavior, and 
endogenous processes” (p. 2).  Current and ongoing studies and research initiatives related to 
the exposome have included a strong clinical component, including the collection of omics data, 
to better assess potential linkages between the exposome and adverse health outcomes 
(Vrijheid et al. 2014; Maitre et al. 2018).  
 

Resources and guidance 
documents pertaining to the 
exposome and how to 
measure it are somewhat 
sparse, although a variety of 
studies and research 
initiatives are underway in the 
United States and Europe.  
From an exposure standpoint, 
proposed strategies for 
characterizing an individual’s 
exposome generally include a 
“top down” versus “bottom 
up” approach – the former 
consists of first collecting 
biomonitoring data and then 
identifying all important 

exposures, whereas the latter consists of first assessing chemical concentrations in the 
environment (e.g., air, water, food) and then identifying important exogenous exposures 
(Rappaport 2011).  A variety of measurement tools are currently being investigated, developed, 
or refined to quantify the exposome as shown in Figure 9, including conventional survey 
instruments, personal sensors, geographic information systems, biomarker measurements, and  
-omic technologies (Figure 5) (Nieuwenhuijsen et al. 2014; DeBord et al. 2016).  Since 2013, the 
National Institute of Environmental Health Sciences (NIEHS) has also funded an exposome 
research center at Emory University called HERCULES, which has already published research 
findings on a range of topics including exposure assessment, systems biology, epigenetics, and 
computational systems analysis (https://tools.niehs.nih.gov/portfolio/index.cfm/portfolio/ 
grantDetail/ grant_number/P30ES019776).  Additionally, a collaborative research project in 
Europe called HELIX involves six longitudinal birth cohort studies, and preliminary baseline data 

Figure 9: Conceptual Framework of Selected Scientific and Technological 
Advances as Described in NRC 2012 
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have been obtained in an attempt to characterize early-life exposure to multiple environmental 
factors and associate these with omics biomarkers and child health outcomes (Vrijheid et al. 
2014). 
 
The exposome holds much promise for eventually being able to characterize complex mixtures 
of exposure over time, particularly during vulnerable life-stages, and establishing linkages 
between exposures and health outcomes.  This approach may also spur new technical and 
scientific developments and yield a better understanding of important gene-environment 
interactions.  However, mapping an entire exposome is challenging and will require substantial 
data collection efforts and sophisticated data analyses over a longer time horizon.  Appropriate 
measurement techniques will also need to be vetted and validated.  Of even greater 
importance, it may not be possible to actually regulate or manage identified exposures or gene-
environment interactions on a population level, due to the inherent variability among 
individuals’ exposomes, genetics, and other personal risk factors.  Assuming individual 
exposomes can be accurately measured and linked to individual health outcomes, how will this 
information be used by public health or regulatory agencies to reduce or manage public 
exposures and risks, or alternatively, will this information only be useful for personalized 
medicine?  For example, consider the following scenario: it is determined that individual #1 is 
exposed to chemical A in air, which in combination with that individual’s genetic makeup and 
other personal risk factors, leads to disease X, whereas individual #2 is exposed to chemical B in 
drinking water, which in combination with that individual’s genetic makeup and other personal 
risk factors, leads to disease Y.  Considering an entire population with varying individual 
exposure profiles, diverse genetics and other personal risk factors, and different disease 
patterns, what can or should public health and regulatory agencies do to manage 
environmental contaminants?   
 
3.3 Aggregate Exposure Pathway 
 
The concept of the aggregate exposure pathway (AEP) is similar to the Exposome and has been 
proposed as a framework for organizing and integrating diverse exposure information that 
exists across numerous repositories and among multiple scientific fields (Tan et al. 2018a; 
2018b; Esche et al. 2017). Teeguarden et al. (2016) proposed the concept of the AEP as the 
natural and complementary companion in the exposure sciences to the AOP concept in the 
toxicological sciences. An AEP is the assemblage of existing knowledge concerning biologically, 
chemically and physically plausible, empirically supported links between environmental 
concentrations of contaminants and concentrations at a site of action, i.e. target site exposure, 
which could include protein, cell, organelle, tissue, or organ. Similar to AOPs, the concept of the 
AEP proposes a linear pathway from source (e.g., industrial release, waste water, etc.) to 
exposure medium, to external followed by internal exposure, and finally target site exposure. 
The target site exposure then links directly to a MIE or KE in an AOP. The emerging discipline of 
computational exposure science identifies new data sources and the application of innovative 
modeling techniques for understanding and quantifying human exposures to chemicals (Egeghy 
et al. 2016; Cohen Hubal et al. 2010). 
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4.0 Risk Characterization 
 

Risk characterization is the process of combining an exposure estimate with a dose-response 
function to calculate the probability of a carcinogenic outcome, or exceedance of a health-
based threshold (hazard quotient) as shown in Figure 4. Probabilistic methods can be used to 
predict distributions of exposure estimates, but use of probabilistic approaches is discouraged 
for toxicity assessments. The hazard quotient (e.g., comparison of a predicted exposure dose or 
air concentration to a RfD or RfC, respectively) is not a particularly informative metric as an 
exceedance (e.g., hazard quotient greater than one) offers no probabilistic interpretation. 
 
4.1  Cumulative Risk Assessment  
 
Cumulative risk assessment (CRA) involves evaluating the combined risk from co-exposure to 
multiple chemical and non-chemical stressors that have the same health effect.  A primary 
impetus for this approach was the recognition the vulnerable groups, such as infants and 
children, may be co-exposed (via various sources and exposure pathways) to multiple stressors 
that share a common toxic effect (NRC 1993).  Possible initiating factors for conducting a CRA in 
any population as shown in Figure 10 include (a) the identification of multiple sources or 
exposures or (b) an observed increase in symptoms or illnesses.  CRAs represent a shift from 
traditional chemical-based assessments, which typically start with the source or release of a 
chemical and evaluate how the chemical moves through the environment and contacts target 
receptors or populations, to a more population-based assessment, whereby the receptors or 
populations of interest are the starting point and a determination is made about which 
chemicals, non-chemical stressors, or other risk factors affect these groups (EPA 2003, 2007).  
 
 A number of resources and guidance 
documents are available that describe 
the CRA framework and steps for 
analysis.  For example, the EPA has 
authored several publications related to 
assessing aggregate and cumulative 
risks, particularly for pesticides (EPA 
2001b, 2002, 2003, 2007).  The EPA has 
relied on this guidance to conduct 
quantitative CRAs for the following five 
different classes of pesticides: 
organophosphates, carbamates, 
triazines, chloroacetanilides, and 
pyrethrins/pyrethroids 
(https://www.epa.gov/pesticide-science-
and-assessing-pesticide-
risks/cumulative-assessment-risk-
pesticides).  Additionally, many professionals and practitioners have published overviews of the 
CRA approach and existing tools, with an emphasis on how this methodology is advantageous 

Figure 10: Example Initiating Factors and Data Elements for 
Cumulative Risk Analyses (US EPA 2007) 
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for assessing health risks in environmental, community, or occupational contexts (Callahan and 
Sexton 2007; Menzie et al. 2007; Barzyk et al. 2010; Sexton and Linden 2011; Williams et al. 
2012; Macdonell et al. 2013; Gallagher et al. 2015; Lenz et al. 2015; Fox et al. 2017; Moretto et 
al. 2017).  Some research has also focused on specific scientific and technical issues associated 
with conducting CRAs, such as integrating chemical and non-chemical stressors and accounting 
for toxicological interactions among stressors (Lewis et al. 2011; Sexton et al. 2012; Rider et al. 
2014).  NRC (2009) has recommended the continued development of CRA methods and tools 
that can be used to support health risk assessments in the future (NRC 2009).   
 
The CRA framework provides a useful approach for more holistically evaluating combined 
exposures and risks, which may result in an additive or greater-than-additive (e.g., synergistic) 
effect.  Personal risk factors that can modify the risk, such age, sex, behavioral/lifestyle patterns 
or activities, or comorbidities, can also be assessed under this approach (Schulte et al. 2012).  
However, despite CRA’s potential promise for answering more complex questions about 
combined risks, there are many data gaps and methodological challenges that remain.  For 
example, there is currently no consensus and limited practical guidance on how to how to 
identify, group, and quantify co-exposures to different stressors across different domains; how 
to combine different types of stressor exposures using the same currency or unit of 
measurement; how to characterize or account for possible toxicological interactions; or how to 
derive dose-response or toxicity criteria values for different co-exposure combinations (Maier 
et al. 2017).  The lack of health benchmarks and constrained regulatory purview also limit the 
ability to consider and implement effective risk management options.  That is, even if one could 
accurately identify and quantify relevant combined risk scenarios, how will this information be 
used by EPA or other public health and regulatory agencies to reduce or manage public 
exposures and risks?  For example, consider the following scenario: it is determined that a 
population is simultaneously exposed to chemical A in air, chemical B in drinking water, non-
chemical stressor C, and personal risk factor D, and all of these exposures contribute to the 
same health effect.  What can or should public health and regulatory agencies do in this 
situation?    
 
5.0 Ecological Risk and Ecosystem Services 
 
It was not until the early 1990’s (US EPA, 1994) that the concept of ecological risk assessment 
(ERA) emerged as a way to evaluate potential outcomes in wildlife associated with exposure to 
environmental contaminants. Early ERAs mirrored the methodology followed by under non-
cancer human health risk assessment, namely comparing predicted exposure doses in mg 
contaminant per kg of body weight per day to threshold values derived from either field or 
laboratory studies. Exposure data compiled in the Wildlife Exposure Factors Handbook (US EPA, 
1993) followed the same approach as the human health-based Exposure Factors Handbook (US 
EPA, ). However, unlike for human health for which contaminant-specific toxicity reference 
values are vetted through IRIS, there is significant leeway in determining the most appropriate 
threshold value for comparison to predicted doses. Also unlike human health risk assessment, 
there is no regulatory barrier to using probabilistic approaches for both exposure and dose-
response, yet in practice, true probabilistic assessments are few and far between. 
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A key difference between human health and ecological risk assessment is the distinction 
between measurement endpoints and assessment endpoints since in ecological risk 
assessment, the focus is not on hypothetical individuals but rather populations of animals. 
Assessment endpoints are defined as the ecological endpoints of regulatory interest, for 
example, sustainability of wildlife populations such as mink or deer. Since it is difficult to 
observe impacts at a population level, particularly in the prospective risk assessment context, 
measurement endpoints tend to focus on individuals. 
 
An important aspect of ERA, though, is that it provides a fundamental framework for evaluating 
the impact of stressors, including contaminants, on the natural environment. In the original 
formulation of ERA, animal populations are considered as analogues to the hypothetical 
individual human that is the focus of conventional HHRA. Rather than focus on particular 
animal populations in a reductionist way, the concept of ecosystem services has emerged as a 
way to frame the benefits of the natural environment on human well-being in an effort to 
justify management activities that shape decisions on land use, resource extraction, 
manufacturing, and trade so that the widespread declines in the ecosystem-rooted 
life-support systems can be arrested or reversed. (NRC 2012b; Munns et al. 2016a). 
“Sustainability” has become a central force and focus in decision-making, even as 
environmental degradation as a consequence of human activities continues at unprecedented 
rates worldwide. Ecosystem services provide the framework and language for documenting the 
direct and indirect links between human well-being and the many benefits provided by 
the natural systems humans occupy (NRC 2012b), and represent a logical bridge in coupled 
human-natural systems thinking and analyses.  
 
ERA is a logical framework for incorporating the concept of ecosystem services as an explicit 
measure of ecosystem health, and more recently, this concept has gained traction with the US 
EPA publication of generic ecological assessment endpoints framed in terms of ecosystem 
services (US EPA 2016; Munns et al. 2016a; 2016b). Under this approach, specific ecological 
receptors are less important than the overall ecosystem goals, with an explicit recognition of 
the importance of the natural environment to human well-being. Ecosystem services provide a 
direct linkage between HHRA and ERA, particularly through the use of decision analytic 
approaches (von Stackelberg 2013). Despite numerous international efforts to quantify and 
incorporate ecosystem services into decision making, little has changed. Human health is 
inextricably linked to ecosystem health, but how will regulatory programs effectively use 
systems thinking to support decision making? 
 
6.0 The Path Forward  
  
Figure 11 is taken from US EPA’s proposed Next Generation Risk Assessment (2014) and 
describes a much more nuanced, decision-focused approach for conducting risk assessments 
based on an integration of newer data and methods. The original process shown in Figure 1 
now begins with a much more detailed consideration of objectives under problem formulation 
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and scoping that takes into consideration the risk 
context, decision-making options, and potential for 
value of information. This initial phase is followed 
by the actual risk assessment using a population 
health approach to identify multiple health 
determinants and how they interact with the risk 
factor(s) of interest. Under this model, hazard 
identification, dose–response assessment, and 
exposure assessment (and risk characterization?) 
rely on emerging scientific tools and technologies, 
including high throughput screening assays and 
computational methods for systems toxicology.  As 
discussed previously, dose- or concentration-
response assessment relies on in vitro to in vivo 
extrapolation methods for calibration of in vitro and 
human dosimetry and a host of molecular and 
genetic epidemiologic approaches to identify 
toxicity pathway perturbations in population-based 
studies to develop formal AOPs. In terms of 
exposure assessment, AEPs combined with 
biomonitoring data are used to characterize human 
exposure at the population level. Finally, the risk 

management phase integrates these results into a risk-based decision-making approach that 
incorporates economic analyses, sociopolitical considerations and community risk perception.  
 
This is not a framework that easily lends itself to answering simple questions on an individual 
chemical basis, such as “how clean is clean” or “how much is too much.” The regulatory need 
for threshold values for individual contaminants protective of public health is easily met using 
risk assessment methods based on simple algebraic functions. However, the true level of 
protection is unknown given the complexity of combined exposures, susceptibilities, and 
genetic composition. Bioinformatics and systems toxicology provide ever more information and 
data with which to develop dose-response or concentration-response functions for 
macromolecular interactions and cellular to organ to whole body events along AOPs. 
Epidemiologic methods to explore relationships between exposure metrics and biomarkers of 
effect also provide perspective on the potential for adverse effects, but these data are typically 
not used in regulatory risk assessments as currently practiced. Similarly, on the exposure side, 
biomonitoring data provide evidence of combined exposures from all sources and absorbed 
concentrations of contaminants. Combining those approaches and underlying analyses as 
shown in Figure 11 answers a different set of questions, but ones likely more relevant to 
societal well-being. 
 
With the number of contaminants in the tens of thousands (for example, there are over 4,500 
known per- and polyfluorinated compounds alone, and biomonitoring data show that virtually 
every human and animal have measurable amounts of these contaminants), it is unlikely the 

Figure 11: Next Generation Risk Assessment Framework 
(US EPA 2014) 
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single chemical individual threshold model will be protective, and clearly it will be impossible to 
derive toxicity reference values for every contaminant. Even if such levels could be derived, the 
combined exposure across so many contaminants in the context of other stressors (e.g., 
socioeconomics, exposure to the natural environment, climate change, etc.) leads to a “death 
by a thousand cuts” situation. The original regulatory mandates, “how clean is clean” and “how 
much is too much” seem far less relevant and poorly supported by the kind of information 
currently being generated.  
 
The original simplified 
(largely deterministic) 
risk assessment process 
is fundamentally a 
reductionist approach 
that quantifies chemical-
by-chemical exposures 
for a hypothetical 
individual. The evolution 
of risk assessment to 
better understand how 
the complexity of 
external exposures to 
not just contaminants but other stressors, internal genomic makeup, and disease etiology 
combine to influence well-being at the population level rather than the hypothetical individual 
level provides a much more comprehensive framework for evaluating contaminant exposures. 
For example, Hines et al. (2017) present an example case study combining an AEP network 
(e.g., combined exposures) with an AOP network (e.g., mechanistic dose-response assessment) 
to demonstrate an 
integrated HHRA/ERA to 
predict cumulative risks across the population (Figure 12). Looking at Figure 12, it is difficult to 
relate the outcomes of this process in the context of remediation decisions or permitting 
requirements. However, it is likely a useful framework for identifying – out of tens of thousands 
of contaminants – a structured and data-informed prioritization of which contaminants to focus 
on from a regulatory perspective. 
 
The emphasis now is on developing reliable molecular indicators or biomarkers of exposure and 
effects across a wide variety of contaminants to better leverage the biomonitoring and clinical 
data generated at the population level, and combining those data with the bioinformatics and -
omics data from in vitro and in silico bioassays. These large datasets are being used to construct 
and understand key pathways in the network of interactions among genes, cells, 
macromolecular tissues, and organs to move from chemical-by-chemical dose response 
functions to true predictive toxicology.  Another component to this well-being perspective is 
characterizing population variability and how genetic composition, preexisting backgrounds of 
disease and exposure, including epigenetics, and adaptive or compensatory processes combine 
to influence population risks.  

Figure 12: Integrated AEP-AOP Network (Hines et al. 2017) 
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But there is potentially a bigger 
challenge. A 2012 report from the NRC 
(NRC 2012c) presents a holistic and 
inclusive framework for enhanced 
science for environmental protection at 
a very fundamental level. As shown in 
Figure 13, the panel proposed an 
iterative process that begins with 
comprehensive problem formulation, 
similar to Figure 12, to identify solution-
focused policy and decision goals. Data 
and knowledge are then acquired and 
synthesized to generate insight around 
key outcomes using an array of systems 
tools and synthesis approaches with the 
goal of developing policies and decisions 

that best improve public health and the environment. In this holistic view, risk assessment 
becomes one of the tools in a set of fit-for-purpose approaches to inform decision-making from 
a systems perspective (NRC 2009).  
 
It seems clear that risk assessment as a process and framework is moving away from “safe 
levels” and toward a better understanding of how aggregated and lifetime environmental 
exposures impact humans in the context of genetic predisposition and makeup. Contaminants 
in the environment are fundamentally an environmental problem and represent but one of the 
many human-induced factors contributing to widespread environmental degradation, which in 
turn influences human well-being. The recognition that humans operate within the biosphere 
and are an inextricable component of a coupled human-natural system sets up a broader 
decision context. Regulatory questions focused on individual contaminant concentrations fail to 
capture this larger perspective, and fail to take advantage of our improved understanding of 
the relationship between the environment writ large and human well-being. To enable efficient 
and cost-effective public policy in the future, we will need to reconcile the tensions between 
increasing scientific knowledge and regulatory actions. Can improvement to the risk assessment 
process be the answer?  
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