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Expanding the Scope of Environmental Risk Assessment to
Better Include Differential Vulnerability and Susceptibility
The central paradigm of
the Environmental Protection Agency is risk assessment. We examined how
differential responses across
population groups could
be better integrated into
the environmental risk assessment process, providing tools to achieve greater
equity in health status in
addition to risk reduction.
Such integration was difficult with paradigms like reference dose and was easier
with consideration of dose–
response curves, which incorporated nontrivial effects
observed at low doses for
common exposures.
We identified 6 assumptions implicit in standard
chemical risk assessments
that should changed: (1) risk
independence, (2) risk averaging, (3) risk nontransferability, (4) risk synchrony, (5)
risk accumulation and chaining, and (6) quantification of
numbers of persons above
certain thresholds or limit
values sufficient to characterize risk. (Am J Public Health.
2011;101:S88–S93. doi:10.
2105/AJPH.2011.300268)
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THE CENTRAL PARADIGM FOR
the US Environmental Protection
Agency (EPA) standard setting is
risk assessment. Based on scientific data, the EPA prepares quantitative estimates of changes in
health status that will result in
different potential levels of a standard, and uses that quantification
as input into decision-making for
situations in which risk management depends on other data as
well. Specific regulatory actions
are targeted to particular environmental agents, whose marginal
impacts, sources, and control
strategies often differ. A cruder
approach is often taken. An acceptable dose of a chemical is
defined (e.g., reference dose
[RfD]), and risk assessment merely
quantifies the number of people
above versus below this dose or
number for different regulatory
choices. Implicit in the latter approach is that this quantity is
meaningful and that risk is zero
below the RfD and the same
above the RfD, irrespective of the
extent to which actual exposure
exceeds the RfD. These simplifying
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assumptions can lead to both inaccuracy in risk estimation and inattention to distributional aspects.
A recent US National Academy of
Sciences report declared that ‘‘..risk
assessment is at a crossroads.’’1(p.ix)
Its key recommendation was to
abandon the RfD approach
whenever possible and move to
a quantitative estimate of changes
in health. We support the National
Academy of Science’s conclusions,
arguing that only with actual quantification of risk can differential
patterns of susceptibility be examined, and point out that this
makes understanding the shape
of the dose---response relation
central to risk assessment. In this
article, the conceptual issues are
addressed, and in 2 related articles,2,3 examples are provided of
where these concepts are important. Methodology is also discussed.

SUSCEPTIBILITY AND
VULNERABILITY IN THE
CONTEXT OF HEALTH
The standard definition of
a person who is susceptible is one

who is more responsive to exposure. Recently, the word vulnerability was used either to describe
situations where the susceptibility
arises from psychosocial, cultural,
or economic differences, or as
encompassing these plus biological vulnerability, but with the understanding that these components of overall vulnerability were
different.4 This distinction is not
a good one, because recent research into how socioeconomic
factors and stress exert influence
on health identified clear biological pathways. Stress is associated
with differential baseline levels
and the differential response of the
hypothalamic---pituitary---adrenal
system. That is, these social factors
describe people with different biological states. They are merely
the ‘‘causes of the causes.’’5(p1153)
Further, there are complex feedback loops between outside conditions and biological stress that
make separating these phenomena
even more difficult. A more useful
distinction is one versus many. Just
as in physics, collections of particles are capable of behavior quite
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different than what one would
expect when examining them singly or via simple 2 way interaction.
Humans’ health and response to
external stimuli depends in part on
the fact that humans live in groups.
Hence, differences between people in which groups they live in
will influence their responses to
stressors. To assess this, scientific
studies need to include group level
effects, and risk assessments need
to incorporate those results.

ASSUMPTIONS
UNDERLYING RISK
ASSESSMENT
Typical risk assessments for
chemical contaminants often make
implicit assumptions that simplify
the risk assessment, but these
sometimes fail. Six of the more
common assumptions that sometimes fail are discussed.

Risk Independence
Risk assessment traditionally
assumes that exposures and their
health impacts are independent of
one other and, therefore, can be
evaluated singly. Evaluating different agents separately inherently
presumes that the impacts are independent and additive at the
exposure ranges of interest.
Hence, one can compute the incremental effect of substance A
and make decisions on that basis,
independent of exposure to substance B. When there are interactions between A and B, this approach can produce spurious results.
For example, risk assessments of
National Ambient Air Quality
Standards have always treated
other pollutants as independent.

Risk Averaging
The standard risk assessment
paradigm reduces the multidimensional aspects of risk (the
risk of each individual in the

population, given their particular
attributes) to a single estimate: the
overall risk in the population (the
mean risk). Much work in risk
assessment recently focused on
understanding the uncertainty in
this scalar estimate.6,7 However,
recent work in epidemiology,
toxicology, and exposure science
suggested that a more multidimensional approach is also
needed. Two main problems arise
from this. First, if risks are substantially elevated primarily in
a subpopulation that is small,
overall risk estimates may be low,
masking the substantial burden of
risk to the subpopulation. This is
not an issue of inaccuracy in the
estimate of the overall burden,
but rather failure to provide the
risk manager with an estimate of
the distribution of the burden.
Second, exposure with opposite
effects in different subpopulations
may appear to have no effect. Both
issues point to the potential importance of the distribution of risk.
The mean or population attributable risk is a good single metric
when the typical risk of exposure
to individuals is low, reducing
concerns about the details of the
distribution. This situation does
not imply a trivial public health
impact, because for environmental
agents, the population exposed is
often large, resulting in an important population attributable risk.
As an analogy, the relative risk of
mortality associated with a 7 millimeters of mercury change in
blood pressure (typical of the reduction produced by antihypertensive drugs) is modest, but the
population impact of a 7 millimeters of mercury shift in the distribution of the population is huge.
As an environmental example,
EPA’s risk assessment for controlling off-road diesel engine emissions estimated it would save more
than 12 000 lives per year by

Supplement 1, 2011, Vol 101, No. S1 | American Journal of Public Health

2030, although individual risk
reduction was estimated to be
small.8 Implicit in this focus on
attributable risk was that although
individual risks might vary from
the mean, the risks in a definable
subpopulation were assumed not
to reach a level of concern (defined by decision makers such as
the EPA Administrator) that
would require additional efforts.
The focus of this article identified situations when, despite low
population average risks, there
was insufficient attention to 2 important factors that are the subject
of much of this and the other 2
articles on vulnerability and susceptibility in this issue4,5: (1) the
distribution of risks was not random or uniform, and (2) the vulnerability of individuals and populations might vary as a function of
factors related to persons or places.

Risk Nontransferability
Another common assumption
in risk assessment is that the risks
apply to each person exposed
without reference to the exposure
status of others. Secondhand tobacco smoke is an example of the
failure of this assumption, and new
studies of environmental exposures suggested that some risk
might be transgenerational and
even hereditable. Epigenetics is
the science of changes to the
chromosome that do not involve
changes in the nucleotides, but do
affect transcription. The new field
of environmental epigenomics
has begun to show, for the first
time. that heritable environmentally
induced epigenetic modifications
underlie reversible transgenerational alterations in phenotype.9,10
Some of these changes can occur
in children whose mothers are
exposed during pregnancy, and
although these changes might be
nongenetic, some may be hereditary. For example, exposure of

rats to endocrine disrupting
compounds during pregnancy
resulted in reduced spermatogenesis in their male offspring, a pattern that was transmitted for at
least 3 subsequent generations of
unexposed animals.11 This was the
result of hereditable changes in
DNA methylation patterns in the
offspring. Further research indicated the same exposure produced
transgenerational changes in gene
expression in the hippocampal
area in the brain, as well as transgenerational changes in anxiety
behavior.12 There is growing evidence that exposure to other environmental agents, such as
bisphenol A,13 lead,14 traffic pollution,15 and metal-rich particles,16
results in epigenetic changes in
humans.
Psychosocial factors may also
mediate transgenerational effects.
Yehuda and Bierer17 recently
showed that offspring of parents
exposed to holocaust trauma had
altered neuroendocrine responses
suggestive of epigenetic programming across generations. Collins
et al.18 showed that parents exposed to poverty appeared to
transmit increased risk to their
offspring through low birth weight
and other deleterious effects. This
research showed the myriad ways
in which social environment altered fetal programming across
generations, suggesting that the
exposed person might not be the
only person experiencing the
consequence of the exposure and
that individuals might start life
with varying degrees of vulnerability to subsequent environmental risk factors.
Obviously, where such evidence is lacking, current approaches are sufficient. However,
the EPA needs to develop protocols to guide risk assessment in
growing situations where such
evidence does exist.
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Risk Synchrony
Risk assessment sometimes relies on snapshots of exposure
based on one point in time or
lifetime exposure, without sufficient attention to the issues of
critical windows, dose rate, or the
ways in which underlying vulnerability changes as risk accumulates across the entire life
course. When available, methods
for looking at critical windows
and dose rates are considered in
risk assessment, but less attention
has been paid to the timing of
vulnerability. Several models
have been proposed to move
from a synchronous (or snapshot)
view of risk to a diachronic (or
movie) approach. These include
the study of allostatic load,19---21
the weathering hypothesis,22---24
as well as life course epidemiology.25,26 Obviously, the information necessary for such approaches
may not be available, but attention to the issue is necessary.
Cumulative exposure to individual
environmental agents, or to all
environmental agents acting
along similar pathways may, in
some cases, represent a better
metric for risk assessment. For
example, tibia lead levels are a
cumulative index of exposure to
lead, and show stronger associations with some health outcomes.14,27---29 Also finding the best
indicator for environmental exposures’ cumulative impact on health
is acquiring greater importance.
There are some candidate markers
that should be considered in risk
assessments.

Risk Accumulation
Lastly, a single scalar estimate
of risk will also fail to capture
important aspects of the public
health problem, even in the absence of differences in susceptibility and exposure to a particular

environmental agent. If there are
skewed distributions of other underlying risk factors, these result in
substantially different cumulative
burdens in one subpopulation
than in another. That is, one input
into policymaking may be how
a given option changes the distribution of cumulative risk because
of all the risk factors in the population, and not merely how it
changes the distribution of risk
because of the targeted exposure.
Again, because the distributions of
multiple sources of risk are not
independent, this can produce
cascading inequities even in the
absence of interactions.

MOVING TOWARD
DIFFERENTIAL
VULNERABILITY
What if this set of assumptions
is not met? What if the distribution
of risk in the population is skewed
or markedly higher in one group
and lower in another? What if risk
factors accumulate in synergistic
ways to create population groups
that are differentially susceptible?
This can happen in several ways.
The first brings us back to interactions. Differential responses can
result from differences in genetic
susceptibility or because of exacerbations or ameliorations of the
effect of exposure by underlying
disease status, psychosocial factors
(e.g., stress), or sociomaterial factors
(e.g., poverty). Differential response can also flow from more
complex social or physical factors
or more than one interaction.
Several examples include persons
with diabetes who have twice the
risk of cardiovascular mortality
after exposure to particulate air
pollution compared with persons
without the disease,30 stress
modifying the effects of lead on
blood pressure and cognition,31
race and educational level
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strongly modifying mortality risk
on very hot days,32 and genes
related to oxidative stress defenses
modifying the risk of air pollution.33---35
These risk modifiers are rarely
independently distributed, nor do
they occur randomly throughout
the population. Assuming independence often produces underestimates. For instance, risk assessments underestimated the risk
of the Chernobyl disaster because
the assessments assumed independent distributions of individual
actions, rather than the systemic
behaviors that actually occurred.36 In the case of environmental exposures, many modifiers
are not independently distributed.
Both diabetes and stress are more
prevalent among Black Americans. For some pollutants, exposure is greater among this group as
well. A risk assessment that seeks
to capture the distributional aspects of risk should include the
covariance of the risk modifiers,
which could greatly increase the
actual skewness of risk in the
population.

DOSE–RESPONSE
CONSIDERATIONS
Dose---response can be an important part of the improvement
of risk assessment. For some
substances, such as lead or air
pollution, the EPA used quantitative risk assessment based on
epidemiological dose---response or
exposure---response curves. In
other cases, they computed RfDs
or some similar estimate of a dose
that conveyed ‘‘de minimus’’ risk.
The National Research Council
recently recommended that the
EPA take an integrated approach,
including moving to more quantitative risk assessment in lieu
of RfD. This fits well with the
emphasis on cumulative risk,

distribution of risk, and the interactions discussed in this article,
because it is difficult to incorporate these factors into ‘‘magic
numbers’’ such as RfDs. It is important to consider that de minimus exposure to large populations
may not have de minimus aggregate risks. For example, most of
the lung cancer cases attributable
to radon exposure occurred in
homes below the EPA guideline
because there were so many of
them. Similarly one must consider
the possibility that some populations may be substantially more
affected and that multiple exposures that accumulate may yield
risks that are no longer de minimus.
One special topic discusses the
shape of the exposure---response
or dose---response relationship.
Many studies failed to consider
adequately whether there was
a threshold in the association between exposure and response.
Thresholds had traditionally been
assumed in toxicology for most
outcomes, except for cancer.
However, as epidemiology studies
considered more exposure---response relations in relevant exposure ranges, a striking finding was
the lack of evidence for departure
from linearity in many associations for noncarcinogens, down to
the lowest observable exposures
in the general population. For example, the concentration---response
between fine particulate matter
(£ 2.5 lm and mortality is linear,
and the dose---response between
blood lead levels and IQ is supralinear; that is, the slope is substantially higher at lower doses.
In an article in 2000 reporting
on a method (meta-smoothing) for
combining data across studies to
examine the shape of the exposure---response, Schwartz and
Zanobetti37 developed a theoretical basis for such findings.
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Suppose each individual has
a threshold for a serious health
response (e.g., mortality). These
thresholds differ across individuals based on differences in existence and intensities of current
illnesses, differences in intensities
of chronic illnesses, and in general,
differences in all the genetic, social, and psychosocial modifiers
discussed in the section, Moving
Toward Differential Vulnerability:
Interactions and Beyond. At any
given exposure in a population,
the number of individuals having
the event will be the sum of all
individuals whose threshold is at
or below the given exposure. That
is, the exposure---response curve in
the population will be the cumulative distribution curve of individual thresholds. Because the
distribution of thresholds in the
general population is the sum
of the distribution because of
multiple acute illnesses, multiple
chronic conditions, multiple social
factors, multiple stressors, multiple
genetic factors, etc., that distribution will tend, by the central
limit theorem, to approach the
normal distribution. Therefore,
the cumulative distribution of the
thresholds (which is the exposure--response curve in the total population) will tend to approach the
logit or probit curve. Because we
generally deal with exposures at
levels where the probability of
an event in any individual is small,
we are at the low dose end of
those exposure---response curves.
The low dose ends of the logistic
and probit curves are linear.
Hence, as a population exposure--response to an exposure with
multiple sources of susceptibility,
a linear association is not unexpected, even in the presence of
individual thresholds. Another
implication is that when populations exposed to higher doses
are examined, the expectation is

to be on a different part of the
curve, with different slopes, including the part of the logistic
curve where slopes are declining.
This is important both for extrapolating high-dose epidemiologic results for risk assessment
at lower doses and for doing
the risk assessment on populations with a wide distribution of
exposure.
Because of that article,37 many
additional studies reported nothreshold relationships among
ambient levels of daily particles
and daily deaths,38---40 daily nitrous oxide and daily deaths,41
long-term exposure to particulate
air pollution and survival,42 the
effect of lead on IQ,43 and the
effect of arsenic on cancer risk.44
The implications of significant
public health risks at low exposure concentrations are large, as
recent EPA regulatory impact assessments demonstrated. Hence,
identifying whether the association is linear, or what shape it has,
has become a central issue, and is
critical in assessing the relative
effects in different populations.
Among the other techniques introduced to determine the shape of
the exposure---response are regression splines,45 penalized splines,46
and Bayesian model averaging.47
The existence of these no-threshold, and often linear, associations
is now widely accepted.
For example, the National
Research Council, in 2002 stated
For pollutants such as PM10 and
PM2.5, there is no evidence for
any departure of linearity in the
observed range of exposure,
nor any indication of a threshold.48(p109)

DIFFERENTIAL RISK:
EXPOSURE
A single scalar estimate of risk
may also fail to fully characterize
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the public health problem of substantial differences in the distribution of exposure, again resulting in
a skewed distribution of risk. For
example, the distribution of lead
exposure is highly skewed, with
greater exposure among minorities
and persons in poverty.49---51 Over
the last 30 years, multiple national
surveys documented increasing
skewness of blood lead distribution, as general sources of lead
exposure (e.g., gasoline lead) have
been reduced, although less universal sources of exposure have
decreased more slowly. That is,
the decrease in exposure in all
parts of the population has not
been proportional. Hence, inequity in the distribution of risk has
increased.
The main point is that much of
the risk assessment literature ignores such distributional issues.
The landscape of exposure to
chemicals reflects inequities in the
distribution of resources more
generally and should not be
treated as exogenous. Although
the impact of particular exposures
on overall population risk is well
known, far less is known about the
socioenvironmental processes that
deliver those risks differently to
different groups. As Link and
Phelan52 argued, there is an obligation to consider as fundamental
causes of disease those factors
that place individuals at risk for
risk. However, epidemiologic and
toxocologic studies struggle to
classify and incorporate ‘‘upstream’’
factors that account for differential distribution of risks. Such
factors as racial discrimination,
social disintegration and marginalization, and social inequality are
hard to incorporate into a causal
modeling framework. It is often
difficult to envision meaningful
counterfactuals or to conduct experiments in which one factor
(such as discrimination) is altered,

and all other factors remain the
same. Glass and McAtee53 suggested the concept of a risk regulator, which features the built and
social environments that impact
the distribution of risks across
places or populations. Increasingly, systems analysis is also being used to generate new models
and approaches for understanding the social patterning of
risk.54---56

CONCLUSIONS
These arguments about distributional aspects of risk were derived ultimately from a moral
judgment. Suppose an emission
source increases the risk of dying
by 1 in 100 000 in a large community around the source, resulting in an expectation of 1 additional death per year. Contrast this
with an alternative: it increases the
risk of dying by 1 in 10 in a small
neighborhood around the plant,
resulting in the same number of
excess deaths per year. The attributable risk (i.e., the total number of cases attributable to the
exposure) is the same, but many
people would be less comfortable
with the second scenario, because
all the risk is concentrated in
a small group, and because the
level of the focused risk seems
unconscionably high. That is, equity matters. How to deal with
equity in public policy decisions is
a societal judgment. However, unless risk assessors provide the
relevant information, those judgments will be made in ignorance.
This example is for clarity; it is not
suggested that the EPA does not
take into account differential exposure in their risk assessments
(e.g., air toxics). However, they
rarely take into account different
slopes, which can matter just
as much for equity. Failure to
identify subgroups based on
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differential vulnerability can lead
to masking of pockets of inequity.
The call to pay greater attention
to the clustering of risk and differential vulnerability is more than
a concern about technical or
methodological issues. In part, the
emphasis of individual-level biological and genetic factors arises
from the fact that these are the sort
of data that are easier to collect
and for which there are more
mature tools of investigation. We
cannot, however, escape that fact
that the clustering of high and low
risk regimes in particular environments also represents social, political, and economic processes at
work.57 Although less familiar and
harder to study, these ‘‘upstream’’
factors are important drivers of
disparities in health outcomes.58
Disparities in health arise from
inequities in the distributions of
resources and risks. Those inequities are sensitive to policies that
are often not considered part of
the health policy domain, but
which can be powerful levers of
intervention. The example of the
ozone hole and the banning of
chlorofluorocarbons is an important historical example. However,
beyond the caliber of the science,
there is a moral imperative to
augment risk assessment approaches in the pursuit of greater
social justice.59,60 In part, this involves the need to link, to a greater
extent, exposure and health data to
social and demographic data using
geographic information systems.61
However, it also means treating
inequities in the delivery of environmental risk as a fundamental
problem that requires explanation
and action. j
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