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Abstract

Here we diwr vexing problems in risk-based decision-making that John Evans has addressed
over the IaD:O years and has perennially challenged the two of us and others to think about.

We tackle decision making of potential thresholds in dose-response functions, how the

lack of hea nce values for many chemicals may distort risk management, the challenge of
model unc i or risk characterization, and the yet-untapped potential for value-of-information
analysis to public health decision making. Our theme is that work remains to be done on
each of thesg, at some of that work would merely involve listening to ideas that John has
already

KEY W i anagement, uncertainty analysis, decision making, value-of-information

1. Ihli: RODUCTION
The title of this essay refers to the mostly-forgettable 1970s TV series “Kung Fu,” where the

student wa @ bwed to leave the monastery until he could snatch a pebble from the master’s

hand—as soon as he did, he had to pack up and move on. The two of us left the “monastery”

anyway, sds pebble, but are still learning from John Evans.

article as doi: 10.1111/risa.13649.
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John started many of us on a lifetime of learning about risk assessment and management. In an

increasingly irrational world, his mantra was always “analysis is useful” (along with “mice are more

like ratsw are... in most cases”).

O

Butpip hmeh@ssalyvays stood for, and advanced, a brand of analysis that is not merely useful
because pWrs say it is, or because it has more (deserved) appeal than “qualitative risk
assessmentPCodMR008) or the kind of analysis needed in support of “precaution” (Wiener 2001;
Montague uel 2007). When all one needs to implement a policy is “noun plus adjective,” as
in “[name mal here] BAD” or “These Expenditures BAD,” the only “analysis” that is necessary
is to claim efposures to the substance, or the analogous “exposures” to the costs of control,

could be non-zero?der some scenario and hence cannot be tolerated. John’s career has stood for

the premis ese four more thoughtful (less reflexive) attributes of analysis, among others, are

what makina!ysw useful (Evans, 1986):

but combining them when enlightening (in particular, the extent to which any

ow what risk she faces is limited both by the uncertainty in anyone’s risk and by
r complete inability of analysis to tell her where she falls on the distribution of

interindividual risk; Finkel 2008);

. Fuhation of exposures, risks, valued benefits, and control costs. We can’t pin any of

Mprecisely, but that’s no excuse for reducing quantitative information to yes/no

ents, or to “green/yellow/red” bins (Cox 2008)—instead, we should quantify the

Mwhenever we quantify the quantities (but see Section 2.3 below for a few

T

! John Evans and F.) “naturally” assumed in our 1987 paper on the value of information (Finkel and Evans
1997) thatai s uncertain but that cost wasn’t. This was naive of us, and I’ve written several papers since
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e “Analysis is useful” because it exists in service of better decisions. Analysis that exists
merely to extrude more and more information-in-a-vacuum, divorced from any consideration

anormation can/should affect action, is vain, in both senses of that word.

o J ous all think hard about the virtues of design/specification rules versus

numerieals@rgets (Wagner 1999). We think he agrees with us that while we can certainly

th
ba@this alone doesn’t get us anywhere unless we understand how “the dial actually
t

.” The technologies are lumpy/discrete, and so what we really should be doing is

ﬂeﬂmve the dial” on exposure until the marginal benefit of further reductions equals

1 cost of more controls (that is, a performance standard dictated by cost-benefit

ge
usimd economic information to compare real choices that are available to us. But
Joht S

A\Epechnology (BAT)” or “As Low as Reasonably Achievable (ALARA)”—if we
ha

weﬂnink hard before insisting that society does so.

2. FOUR&- PROBLEMS IN RISK-BASED DECISION-MAKING

i iscusses four vexing problems in risk-based decision-making that John has shed
massive light r the last nearly 40 years, and has perennially challenged the two of us and
others t. Our theme is that work remains to be done on each of these, but that some

of that work would merely involve listening to ideas that John has already offered.

so helped us remember that it’s often too facile merely to advocate for “Best

ability to reduce risks far below de minimus levels, but at ever-increasing costs, ,

then arguin
2014a).

uncertainty is often larger, but far more well-hidden, than risk uncertainty (e.g., Finkel

U
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2.1 Thresholds are Irrelevant (or Worse) to Decision-Making, Unless they Occur at Relevant

Exposures.

problergs withethegtraditional assumption that non-carcinogens must always have thresholds (e.g.,

Tennekes &6“ dozens of papers annually are making claims about thresholds for carcinogens.

Some of th afitigles (e.g., Slikker et al. 2004; Calabrese 2004; Clewell, Thompson, and Clewell

2019; Bog ake generic claims about the ubiquity of thresholds for many carcinogens, or
about leve which exposures to carcinogens are salutary (via hormesis) rather than benign or
harmful. cles (e.g., Pecquet et al. 2018; Stelljes, Young, and Weinberg 2019) claim that one

particularmn has, or “must have” a threshold. This controversy is quite fundamental: if a

dose-resp ionship has a threshold, then it may be irrelevant that effects are seen at “high”
doses, and e any positive epidemiology or toxicology study should be discounted, ignored,
or deemed ing” but not an indication of human risk. If adopted as science-policy, this
stance coumrse, completely upend much of the practical utility of the fields of toxicology and

epidemiolo y relate to chemical, radiological, and perhaps biological exposures.

Thzhe threshold has considerable merit, both for very low exposures to carcinogens

(e.g., if faithful DNA repair exceeds the rate of new DNA lesions) or non-carcinogens (if, for example,

mucociliarhe can completely remove infrequent trespass by fine particles). But from the
under-appr, ut absolutely fundamental point of view of decision theory and risk

managem xistence of a “threshold somewhere” is completely unimportant to any decision
that effect ns in exposure from one point that is clearly above the threshold to one “above
but less =said threshold. Put another way, we assert that anyone interested in decisions

should b“sed with a claim of threshold behavior unless it could possibly affect the
magnitudem specific “low” doses to which we might wish to regulate. Decision-makers and

the public nderstand that the health benefits of modest exposure reductions being

proposedc{l be the same whether or not the dose-response has a “threshold somewhere.”
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Figures 1 and 2 offer two different mental pictures of the relationship between the typical
configuration of the observed toxicologic or epidemiologic data and possible thresholds below the
observewre 1 (reprinted from Belzer 2012, with permission of the author) is very typical of
diagrams t how various dose-response models can each provide reasonable fits to the
observed f&ts the data as spanning much of the horizontal distance between the highest
administeredmd@sesand the origin (zero dose), offering a compelling mental picture. More

importantl 1 implies that in the typical case, the threshold falls “just below” the observed

]

range, and e leads the viewer to conclude that for many, perhaps nearly all of the situations

G

where extr ion is necessary, linear extrapolation will grossly overestimate true risk because the

exposure o in fact confers zero (sub-threshold) risk.

---INSERT FIGURE 1 ABOUT HERE---

us

In contifiast, Figure 2 (developed de novo for this paper) depicts what may be a more accurate

£

visual repr n: the test data are in fact clustered very near each other when the horizontal

scale is exp@n units of molecules/person/lifetime (see Footnote 4 below). More importantly,

d

Figure 2 shoWs in many cases, regulatory agencies seek to reduce exposures from somewhere

atorn ow end of the range of the observed data to a new level that may only be a factor of
5, or 10, or w that level—and these modest risk management reductions will only implicate

a thres

M

appen to fall within a rather narrow portion of the complete dose-response

relationship for the substance.

[

---INSERT FIGURE 2 ABOUT HERE---

We e hat there logically are two situations in which a threshold would not be crossed:

no

the on here (where pre-decision and post-decision exposures are both above the

L

thresho obverse case, in which pre-decision exposures are already below the threshold.

This latter d occur where the exposures seen in bioassays are never experienced by

U

A
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humans, or where the exposures seen in epidemiologic studies are no longer encountered

anywhere.’

H
We lea m John Evans early on that what matters most in “real life” are the consequences
of error—o&hoice that is inferior to another available option, especially if this squandering
of benefiit fellewmssitom misunderstanding the science or economics (decision theorists call this
“regret”; B So the continuing debate about the presence or absence of thresholds for

carcinogengfmustdegin by acknowledging the two basic ways in which misunderstanding can lead to

GE

regret: (1) correctly overestimate the benefit (risk reduction) of any decision, by analyzing a

change in that crosses a threshold as if the dose-response was in fact linear (or nonlinear

S

but non-th ol@; or (2) we can incorrectly underestimate the benefit if we analyze the change in

exposure as if a shold is crossed when in fact it is not.

U

A propgr analysis of decision regret requires consideration of the probability of, and

£

consequen ing from, errors of either type. But it is impossible to even realize that these

errors existitin he concept of the threshold is grounded in an understanding, however imperfect

d

or fragmentaty, here on the exposure-response continuum the threshold falls and where on that
continu pending decision seeks to influence exposure. To foreshadow the conclusion of this
discussion, suggest that grounding the debate in this way will lead to erasing the false

black/

W

ion between “no-threshold versus threshold responses.” Instead, we urge

analysts and decision-makers to consider that insisting that there cannot be a threshold for a

r

particular onse may be unrealistic and unnecessary—infinitesimal amounts of a substance

may well b ss, but reductions to these levels almost certainly cannot be attained by

0

regulation Y On the other hand, insisting that there is a relevant threshold is, and should be,

N

2 Of courge, @ thresh@ld is decision-relevant no matter how low it is, when that decision might involve a
complete balf on a substance such that post-regulatory exposures to it would also be zero. But these

|

intervention hingly rare; EPA has only explicitly banned a handful of substances in its 49 years of
existence, and OSH A¥never has done so.

U

A
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a difficult and evidence-based task. We could help reconcile these positions by appreciating that if
one must consider the entire dose-response range from absolute zero to the LDsy and above, the

most gve that function is arguably “continuous with threshold” —a relationship
between e and risk that changes from threshold to non-threshold when viewed as having
two region@th (and across which) exposure reductions have two very different
implica tio nsm——

So as Imther agencies continue to receive more and more pressure to “admit that there

are thresh

poor decisiMesult from analyzing specific exposure reductions using the wrong model (either
a

too precau

arcinogens,” the question we have is how likely it is, and how likely it will be, that

r too naive). We present here some brief observations about theory, practice,

and policies that of concern, because they suggest a small but growing tendency to let vague

claims of “ ds somewhere” affect how we perceive and regulate exposures that may not
implicate tSesEoZEs atall.

2.1.1. Thedly F ‘% ding Thresholds.

Ma cles that claim threshold behavior is the general case for carcinogens as well as non-
carcinogens nd often end) by asserting that when the exposure is sufficiently low, it is
impossi to manifest. Some authors merely claim that if the carcinogenic stimulus does

not involve genotoxicity, “an ineffective threshold dose can be assumed” (Schrenk 2018; p. 509).

Others try h\ this “assumption” a bit more, by using the “proof by contradiction” logic (also

known pej as reductio ad absurdum). See, for example, this representative quote from
Schnell 201

e
e

-
<C
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“[t]he existence of thresholds for carcinogens becomes inescapable when one simply converts
the dose to number of molecules and plots it on a logarithmic scale, beginning with one
molecule.”?

Even ifsound, it is in practice irrelevant: when regulators seek to reduce lifetime

exposure t e from (say) 10% molecules to 10*, the behavior of the dose-response
functiofa , 10, Of ten quintillion molecules is not worth a moment’s thought (or a decade’s delay

in taking a e advocates investigate this behavior).”

Other pa ocus on the extreme upper end of the exposure-response function, and assert

from theony ogbbsérvation that as exposures are lowered, a threshold can or “must” be crossed.

S

The two most common theoretical arguments of this type hold that: (1) there must be a

discontinuity in exposure-response at a point where the incremental effects (e.g., numbers of

o

mutations) are no longer as large as the spontaneous or “background” rate of these effects (Clewell,

Thompsonfand Clewell 2019); and (2) there must be a dose-dependent qualitative change in the

A

mechanism of toxicity as dose increases, and only when the limiting mechanism is overwhelmed

with incred8in sure is a threshold crossed (Slikker et al. 2004). The most common

&

observational arguments for “thresholds somewhere” are either that observed data “upstream”

from who ial bioassay results (e.g., mutation rates) can be better fit to a threshold function

than to unction (Clewell, Thompson, and Clewell 2019), or, more sweepingly, that because

* This claimgn its obverse formulation, is also frequently made as a straw-man complaint against the linearity
assumption; SEc, ample, Moghissi, Love, and Straja (2012), who write that “the LNT [linear, no-threshold]
hypothesis is based on the single event process implying that either one photon or one molecule is needed to
produce the effect.”

¢ Althou@ magnitude of this large exponent does not change the argument much, consider actual
occupationanposu!s to a common substance like benzene, when expressed on a molecules-per-lifetime scale.

The OS le Exposure Limit for benzene is 1 ppm, or 3.2 mg/m’ in air. In a working lifetime of
13,500 wor orker would inhale about 135,000 m® of air (at the standard 10 m*/workday), or about 432
g of benzene at 1 pps (and we note that the average benzene concentration of about 10,000 personal samples
OSHA has t .S. workplaces over the past 30 years is about 2 ppm). Since a mole of benzene weighs 78

grams, t% about 5.5 moles of benzene, or about 3.3x10** molecules.
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human cancer rates have not decreased despite significant decreases in exposures over the past
several decades, the assumption of linear dose-response must be faulty (see, e.g., Golden, Bus, and
CalabreW: “despite commitment of enormous societal resources to comply with LNT-
based risk nts, LNT-based cancer regulatory practices have failed to fulfill the promise of
making memerences in overall cancer incidence and mortality.”)

H I

In addi e precariousness of these general claims (“must” there be a threshold? “must”

3

this state t héllgl true for all subpopulations?), few of these studies attempt to ground their

G

claimsin te urrent exposures or pending policy decisions, and thus do not acknowledge that

the only pafity ns on the table may in fact seek to reduce “high” doses of a substance to

S

“slightly lesS¥¥ghi®ones (or “low” ones to “slightly lower”). The adjectives “high” and “low” are

subjective, and wRat we need is a reliable means to infer specific “lower” responses from “higher”

U

ones, not tatements that the two domains are unrelated or unrelatable.

Taken , these two general lines of argument for thresholds may add up to less than the

sum of theilf p First, the logic asserts that vanishingly small exposures “must” be innocuous

all

III

(almost a trtffs cept that “vanishingly small” is often not defined or given context). Next,
damag exposures somewhat below frank effect levels are hard to “prove” (also a truism, but

much more ent about our power to observe what may be there than a statement about

M

what is he union of these two statements in no way demonstrates that a threshold

exists in a policy-relevant window of exposure, only that one may exist somewhere between zero

[

exposure a level we might seek that might be below a level capable of causing harm. So to

the extent a claim of a policy-relevant threshold for a specific substance (see below)

O

merely res reaching a lack of power to detect adversity in the underlying toxicology or

epidemiolqfy, ink it will be important to estimate the lower statistical bound on where the

t

substa old” may fall. This calculation could be based on the power of the data to rule

outalin inear dose-response, so we could evaluate whether this more precautionary

[

“threshold till remains relevant for any completed or pending decision about the substance.

U

Clearly, as other arenas, using the appropriate lower (or upper) bound on an uncertain

quantity pr seful incentives for some interested parties to conduct more research, increase

A
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sample size, etc., in order to narrow the range of uncertainty and thereby change the estimator in

one direction or the other.

And jus -principles sorts of arguments can and should be mustered to support the
existence , other such arguments can cast some general doubt on how policy-relevant
true thneshelesmmight be. In order for thresholds to commonly exist just at or near the exposure

levels whemidemiologic or toxicologic studies begin to lack power to discern statistically
significant m would have to be the case that these thresholds just so happen to fall where our

studies (wi rbitrarily-defined sample sizes based in large part on financial constraints) would
have reve clearly, had the studies been much more powerful. That strikes some as more a
coincidenc n#@ finding. Similarly, it would have to be the case that humans have generally

evolved to Ee at s;-vificant risk of cancer from levels of contaminants that are readily produced by
common i processes when unregulated, and yet have evolved to be completely able to
ward off afly risk when those levels are reduced by (say) an order of magnitude or two. This is not

far-fetched; haps suggests that similar logical arguments that “all we need” are small

reductions(to w from risky to completely innocuous should be examined more carefully than

they are at pfe

2.1.2. PErding Thresholds.

Many of the studies that assert a threshold for a particular substance (as opposed to the generic
investigatih&) conclude simply that “practical thresholds of exposure must exist below which
there is no@ancer” (Slikker et al., p. 267), and do not purport to pin down its location. Others

(see, e.g., s he 13 case studies in Slikker et al.) provide a location for the threshold, but do so

via argum re not necessarily coherent. For example, their study of vinyl acetate concludes
that ex is substance that yield concentrations of the metabolite (acetaldehyde) that are
equal tloan endogenous levels are “below biological thresholds,” a conclusion that

ignores th ty that small percentages of the human population may in fact develop cancer

due toend exposures (and that presumes this mode of action is known and unique). Still

other in{ offer more thoughtful and persuasive evidence for the location of a specific
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threshold, but rarely to our knowledge do any of these articles ground the discussion of the
threshold by comparing it either to prevailing exposure levels or (more importantly) to the health

benefitsweof associated with any pending attempts to reduce exposures by a given

amount thdtion.

Wemrcmmeimaimal| suggesting that investigations into thresholds must explore regulatory policy
within theimtion, only that they should acknowledge somewhere that the threshold they
identify (a inG)they quantify at all) may not be relevant to any conceivable decision. This task is
trivial andmly necessary in extreme cases. We note that in at least one case with
contempor; y implications, advocates have invoked the threshold concept even when
assessing t eefits of the applicable risk reduction only requires interpolation within known frank-
effect levels. In 5, for example, a consulting firm (Gradient Corp. 2015) commented to EPA that a
threshold r the dose-response of n-propyl bromide (nPB, also known as 1-bromopropane)
was more @te than a monotonic function (linear or non-linear). The comments stated

further tha “the exposure concentrations used by NTP (62.5-500 ppm) are several orders of

magnitudefgre W han those modeled for ambient air for the general population ... [the NTP results

may not be]¥ell@Ble for quantitative extrapolation from animals to humans.” But one of us had

pointe revious comments to EPA that the current exposures of U.S. workers to nPB
averaged 6 pPand that more than one-third of all the samples OSHA has taken in U.S.
workpl d 62.5 ppm, the exposure at which rodents showed an 800 percent increase in

tumor incidence over controls. So, even if a threshold may exist outside of the range of observable

data, it cer

levels! O
In fﬂwe hope to carefully evaluate all the peer-reviewed articles claiming that a

particul as a threshold, by partitioning the set of articles into those which do—and those

which dant to quantify where the threshold occurs, and then subdivide the first set

further intnhich do or do not make any reference to prevailing exposure levels and to levels

| not be relevant in a situation where prevailing exposures exceed frank effect

contempla

<
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For those cases where analysts present a claim that a relevant threshold exists and a pending
decision hinges on recognizing that fact, another question then arises: how should risk managers

adjudic oversy and decide whether to regulate differently because one or more of the

possible opti y involve “going too far” and seeking meaningless and expensive exposure
reductions is is just another situation where an existing evidence-based “default”

assumpiionufseesSection 2.3 below) could reasonably be supplanted by an evidence-based

{

alternative r no judgment vis-here a-vis how receptive we think regulatory agencies should

1

be to claimgféf a ision-relevant threshold; we simply observe that the errors of assuming a

G

threshold re isn’t one, versus assuming there isn’t one where there is, are different in kind.

Therefore, cuss below, we urge agencies to consider the regrets of being too willing to

S

accept spe claims about relevant thresholds, versus the regrets of being too unwilling to do

so. We also suppdit, when reasonable, the addition of notations or other caveats in the EPA

ul

Integrated rmation System (IRIS) and other compendia of risk values, to signal to users that

a given riskiWalue might yield a substantial overestimate at some exposure levels because of the

n

possibility ant threshold.

d

2.1.3. PolicyRe ing Thresholds.

Mistaki eshold somewhere” for “a threshold that matters” would be a conceptual

M

proble , ision-makers did not act on this distinction in questionable ways. We are

concerned that the very notion of a “threshold carcinogen” is enticing decision-makers to assess

I

some carci isks in a very different way without considering whether prevailing exposure

levels and/| d post-regulatory levels are in fact above the threshold. Papers such as that by

0

Bevan and (2017) encourage regulatory agencies to treat the No Observed Adverse Effect

Level (NO ‘perfect threshold” whenever they decide that the dominant mode of action is a

N

non-ge Indeed, EPA has already embraced this risk assessment policy change, although

L

it has h rtunities to date to implement it (in part because of doubts about how

compellin ence for non-genotoxicity has been in many cases, but in larger part because the

U

Agency ha lated many carcinogens in the past 15 years). In its 2005 Guidelines for

Carcinogen sessment, EPA (p. 3-23) established a policy that “in cases with sufficient data to

A
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ascertain the mode of action and conclude that it is not linear at low doses... an oral reference dose
or an inhalation reference concentration, or both, should be developed.” To date, we believe EPA
has onlw approach for a carcinogen in its 2001 appraisal of chloroform. However,
stakeholde inue to proffer RfDs and RfCs to EPA for presumed “threshold carcinogens” in
accord wit&ce. For example, Pecquet et al. (2018) recently developed an ingestion level
of 0.26 -gﬂor tetrabromobisphenol A, which they state is a “no-significant-risk level,” by
estlmatlng r bound of exposure causing a 10 percent tumor increase (from the animal

tumor dataUMing by a factor of 100 to adjust for inter- and intra-species sensitivity

differences

The prmm this general approach, of course, is that it urges no concern about exposures

below them C, which in turn requires that the point of departure (NOAEL) truly is a threshold
s,

for the tes and hence that POD/100 truly is a threshold for humans with above-average
sensitivity. {If instead, all the mode of action analysis is truly telling us is that there is a “threshold

somewhere,; e mistakenly assume the threshold occurs just where our assays or studies

lose suffici er, then the RfD/RfC will not be a safe exposure, or even a “no-significant-risk”

exposure. s “threshold carcinogen” via the RfD/RfC approach, in an exposure region

above t reshold, is a potentially serious error of under-protection.

agnitude of this error is easy to estimate in the general case. The BMD,,, by

definition, ses a risk to test animals of 10™'; the NOAEL is well-known to pose a risk of

appromma 2 (Leisenring and Ryan, 1992), because of the limited power of chronic bioassays
to detect ri er than this. Therefore, even if humans are no more sensitive than the test
species on (with doses converted across species by a power of body weight or via a
pharmﬂ)del), and if no human is more sensitive than the average human, the risk to
human EL/100 will be approximately 5x10™ if the true exposure-response relationship is
linear inH(the true threshold exists, but is not coincident with the NOAEL). And if the
adJustme re doing their assigned job, (that is, for substances where humans are 10x more
sensitive t st species and where some humans are 10x more sensitive than the average
human), th the NOAEL/100 could be as high as 5%, the NOAEL risk “adjusted” properly.
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Needless to say, both 5% and 5x10™ are risk levels (far) higher than Congress has instructed EPA to

strive for in regulation of carcinogens.

H
In sum e very concept of “the threshold carcinogen” encourages abandoning the
exposure—rmept that is absolutely fundamental to our field. “Monotonic plus threshold,”
with thesloeatiemsef the inflection point estimated scientifically rather than by decree, and with
uncertaintmme slope (in the monotonic region) and the location of the threshold

appropriated¥ q ified, is in our view the way that the traditional “linear all the way” function

should be i upon. Only then can we thoughtfully undertake the central task of human

health riskmnt—estimating the life-prolonging benefits of specified exposure reductions.

2.2. There ;eat a Focus on Human Health Reference Values from “Authoritative Bodies”

that Work Cly and Sometimes work on the Wrong Things.

Chemicadgi anagement requires information to guide many decisions, including chemical
substitutio tive measures, or remediation efforts. For many chemicals, no authoritative
body (e e International Programme on Chemical Safety) has yet developed health

reference va inform these decisions. For example, EPA has no health reference value for
telluriu it is on the 4™ Contaminant Candidate List (CCL) (USEPA, 2016), required by the
Safe Drinking Water Act, because of potential exposure in public water systems. In many other
cases, everShough a regulatory body ultimately produced a reference value, it was only after
inordinate de during which such a value did not exist and the substance was therefore treated as
if its risk wor example, at this writing EPA is finalizing a risk assessment for 1-

bromopropa will eventually set cancer and non-cancer reference values (US EPA 2020). But

guantitativ@ toxicologic information sufficient to estimate this solvent’s adverse reproductive risk

was availalle in 20@3; human studies showing a LOAEL for neurological damage were available in

2004; and ional Toxicology Program reported the final results of a strongly positive cancer

bioassay in 2009.

<
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When potency (and hence risk, and hence risk-based control) values will be assumed to be non-
existent (zero) until sufficient evidence accrues for an authoritative body to carry out an assessment,
the inceMl those advocating in favor of these substances’ use flow in the direction of
making it h d harder to agree on those values. This complicates many decisions — especially
those that&xical substitutions and the like, and simply sets up a risk treadmill as we move
from one pueliemmto the next. This yields a system wherein chemicals are “innocent until proven
guilty” —so that EPA’s IRIS and the other “potency exercises” switch gears from the “gold or
nothing” s ardjto a “provisional first; gold second” process in which the “10- year risk
assessmenm

having anymotency estimate. Under the status quo, important risks may be missed while the

1

one to improve provisional potency values, rather than being a precondition for

very slow g fficial assessment grind, and risk-increasing substitutions become a plausible
outcome. en manufacturers wanted to remove bisphenol A (a chemical with authoritative values
and hence otlight) from their products they turned to unassessed chemicals with similar

propertiesgn EPA evaluation demonstrated that for use in thermal printing paper the substitutions

may have i , rather than decreased, risk, based on assessing the risk of the substitutes using

data curremm (US EPA, 2014).

Ou nt process for developing official human health reference values (HHRVs), such as

those from take years or even decades to complete, and potentially endanger public health

in the - The slow pace of review leaves many potentially dangerous chemicals without risk

values needed for good public health decisions. Even when they are published, they are invariably

chalIengedhholders, NAS committees, and many others. We need something John Evans has

advocated@ies, namely, faster ways to use existing information to generate risk values, even
i

for chemic ttle chronic toxicologic data. And when this is done, we need to reflect the

uncertaEvalues to help with decisions and guide future research (Gray and Cohen, 2012).
As John say, uncertainty does not mean ignorance, and we can use the information
availabIHid the “missing risk” problem of unassessed compounds and provide better

informatiognical management decisions.

<
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Approaches to developing provisional HHRVs based on in vitro tests, structure-activity modeling
and empirical relationships exist now. Many of these have been around for a long time and are
designeride numbers useful for regulatory decisions (e.g., Layton et al., 1987). Other
approache use short-term data to predict points of departure for chronic risk assessment
(e.g., Penna 2002; Kratchman et al., 2017). These are usually independent of the specific
toxic effectymmhiehmwe know does not predict well across species anyway (Wang and Gray, 2015).

Therefore, proaches are subject to many of the same quantitative concerns that plague

1

other risk a ent values. Especially of concern here is the claim that there may be a

G

tautologica iohship between risk values in different species due to constraints of experimental

design (Benfst al, 1985; Freedman et al., 1993; Krewski et al., 1993; Brand et al., 2001). On the

o

other hand, w the status quo approach is maximally arbitrary, in that it guarantees false-

negative conclusioms by treating absence of (strong) evidence as evidence of absence. Provisional

U

HHRVs ma ce some false positives and errors of overestimation of risk, but at least these

errors wo e overt and not hidden by the “missing risk” convention. It is very true that these

n

estimates certain, and a real challenge is developing methods to characterize that

uncertaint

d

Per e greatest challenge is getting people comfortable with using these provisional
HHRVs. De akers will have to contend with uncertainty in an explicit way (Finkel and Gray,

2018).

M

olders will likely object too. For many, a lack of authoritative risk values is a

feature, not a “bug,” and the current slow and contentious approach avoids public and consumer

I

scrutiny of piiei ducts. Using alternative methods to develop HHRVs means the default position

will be tha icals for which some acute or chronic toxicity tests have been conducted pose

&

some risk y need to be managed—even those we can only apply read-across (Kovarich et

al., 2019) ative structure-activity (Wignall et al., 2018) models to analyze. Toxicologists will

n

tend to i at decisions are being made without full testing of chemicals, while public-health

L

advocat on possible but untested sensitive populations or specific endpoints that might

be of concerm.

U

A
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Despite these concerns, implicit treatment of no authoritative HHRV as meaning zero risk makes
for bad decision analysis. We urge the development, perhaps by the current authoritative bodies
but perW groups, of provisional potency values, with their attendant uncertainty, to
ensure tha ealth decisions are well informed. These need to be evidence-based and
theoretical@ues with utility for risk management decisions despite their provisional status
(and need beseleanly 1abeled as such). In many cases, choices will be simple, with the provisional
value somwarly indicating a significant risk that is easily addressed, and at other times

indicating mn with no need for further action. In a decision context with greater stakes, tools

like VOI an low) can then be used to characterize whether, and which, new data might need

to be gathmvise a provisional HHRV.

2.3 Two FunEamStal Desiderata in Risk Analysis and Management May be Incompatible: The
Desireto F acterize Uncertainty, Versus the Desire to Apply Reasonable “Default”

AssumptioC\odels to Avoid Paralysis.

Sources of uncertainty and variability abound in the quest to characterize, and explore the

Gray, 2018). Most of these advances have emphasized the relatively uncontroversial treatment of

parameterncertainty; for example, using first principles, simulation, or other methods to account
for uncerta e slope of the exposure-response function, the conversion of exposures from

rodents to

@ Watanabe et al. 1992), the concentration of the contaminant at any location-

time coordinate;’and so on.

But s of equivalent or larger extent involve model uncertainty: for example, what
about the stibstantial additional uncertainty contributed by the possibility that the proposed
exposure reductiof crosses a biological threshold? What about the possibility that effects seen (or
not seen) i njmals are wholly irrelevant to humans, or that elevated incidence rates in human

studies unded and not caused by the exposure? What about the possibility that the health
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effects associated with exposure are treatable and therefore not grave? Model uncertainty is far

from straightforward to quantify, and more significantly, there isn’t a firm consensus that it should

be quanMw and if it should affect decision-making.

But ca ?) one be “in favor of uncertainty analysis” and yet be willing to put any

p

significamt umeentainty to the side? So we pose this fraught question: does it violate a basic principle
of uncertai

causality, en€®, and relevance, or must we acknowledge (all) possible alternative assumptions
n

sment to analyze risk and uncertainty conditional on a set of assumptions about

1

and wide rtainty bounds because we can’t be sure our assumptions are correct? We have

learned ho k about this conundrum (though not how to resolve it!) from John Evans.

There are twoyguite reasonable ways to confront a situation where the uncertainty contributed

us

by not kno ich of two or more theories is correct about a risk dominates the uncertainty that

would rem@fn if we knew the correct theory. One way, which could be summarized as “full weight

£

of evidenc ,” requires us to articulate and array all of the plausible models and derive risk

estimates (Wit r parameter uncertainty and variability) for each. The other way, which happens

d

for whatevefre (s) to have arisen earlier in the history of risk analysis (IRLG, 1979), involves
making ment about which one model or theory will predominate, deliberately relegating other

possible the “footnotes” in decision-making.

\V

This “determine the appropriate model” approach resembles how juries work in the court

1

system: th ighievidence, but not with a goal of reaching a verdict about “how guilty” or “how
culpable” nt is, but whether s/he is simply “guilty” (more specifically, “guilty with enough
confidencﬂated as such”). So this approach by definition requires consensus on two
matters: ( sumption(s) will be used “by default,” in the absence of sufficient information to

N

the con ) how much contrary information will be enough to discard the default

|

assump stitute a different theory or model. Continuing the analogy to our jury system,

we have lo ecome used to innocence (in criminal cases) or a verdict for the defendant (in

civil cases) e default, with the burden on the state or on the plaintiff to overturn the

U

presumptio ocence. The two legal realms differ, though, in how much of a hurdle the

A
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burdened party faces: in criminal matters, our system generally requires “proof beyond a reasonable

doubt,” whereas in civil cases the plaintiff prevails if she demonstrates her case via a

”prepoWhe evidence.”

To ove@r system for human health risk assessment contains many inference

assumpitio nssimmwiich a more precautionary stance prevails by default (e.g., that adverse responses
in test aniMelevant to humans absent specific reason to doubt this general presumption),
but also sopfeé sighiificant assumptions that amount instead to a “presumption of innocence” (e.g.,
that huma e the same “typical” extent of susceptibility to carcinogenesis (Finkel 2014b), or

that elevatme risks in exposed subjects in toxicologic or epidemiologic studies are not
es

considered hey meet a strict statistical test of significance such as p<0.05). As for the “how

much contrary |n§mation?” standard, EPA and the other agencies have steadfastly refused to
articulate pite repeated insistence by NAS/NRC committees that they do so—see NRC 1994
and NRC Zﬂthink it’s fair to summarize that for most of the period 1980-2010, EPA and the

other agen looking for “compelling evidence” to overturn a default, whereas more recently

they have ¢ zed a more permissive approach, wherein the assumption chosen is the one that

has “the ma gence” behind it, without regard to whether it would have been considered a
precau efault in times past (although there have not yet been many opportunities to

implement ant approach).

Each of the two very different ways to handle model uncertainty has distinct advantages. The

muItipIe-mhroach is far more faithful to the honest appraisal of uncertainty and the

avoidance nfidence; the defaults/departures approach is generally far more efficient in
avoiding st elay (by using default assumptions in the absence of contrary information, there
is no need anyone there?” ready to proffer some alternative assumption(s) and wait for
someorﬂ). A system based on defaults is also arguably (NAS 1994; Appendix N-2) more

practicalHenerally somewhat precautionary risk assessment will emerge unless an
interested mh the resources to conduct research that might lead to a lower risk estimate has

the financi r incentives to do so. Where alternatives are either far-fetched or not worth the

<
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trouble because “conservative” decisions are both obvious and acceptable to the regulated, defaults

bring the finish line much closer to the present moment.

Both a s, of course, also pose difficulties. In order for the “let all models bloom”
approach t from a system built on defaults and reasoned departures therefrom, it must
providemw cightsafsubjective estimates of the degree-of-belief to be assigned to each model).

Without w
either comU into a single uncertain estimate (you need weights for that) or no way to assess
q

uences of acting as if the wrong model was correct (you need weights for that

e would be left with multiple and incompatible risk estimates with no way to

[

the expect

too). OthefWis®; all one can say is “we might be very wrong, with unknown likelihood”. So without

S

subjective h8] the first approach becomes the second approach—acting as if one single model is
correct, without afyestimate of how likely that model error is. Of course, the approach of assigning

default ass

U

s, and of only switching from reliance on a default to reliance on a specific

alternativ the face of persuasive evidence for it, can also be characterized as relying on subjective

£

weights— e the weight given to the preferred assumption is always 1.0.

d

And the'gs ent of weights to more than one model at one time, though it has been
accom and refined over many iterations (Evans et al. 1994, Oppenheimer et al. 2016), is

controversi equently criticized for being arbitrary and easily-manipulable (NRC 2007). In the

M

limiting ; one assumption predicts substantial risk and an alternative predicts zero risk,

the composite uncertainty distribution is completely determined by the values given to p and (1-p),

[

the weight d to each of the two incompatible states of nature—which means that the views

of one exp ve more influence on a downstream risk management decision than a dataset

0

oratestre t have. And there is no way to avoid subjectivity in the assignment of model

weights: st m the premise that assumptions that are controversial should be given equal

n

weight an justify more precise parsing is itself a very value-laden and restrictive form of

1

weighti 18, p. $23).

U

The tw o not necessarily fully agree about which of the two ways is better, but we agree

that while ncertainty is of great importance, it is possible to pay too much attention to it (or

A
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the wrong kind of attention) as well as too little>. We also fully agree that if multiple models are to
be combined for a given step in the risk assessment equation, there is a right way and a wrong way
to do soMplain our views in this regard by considering a special case of model uncertainty;
namely, onggi ich there are only two possible (and incompatible models), one of which would
predict a si&k (of magnitude X) and the other of which would predict de minimis risk. To
declarehaélemisk is either of size X with probability p or very small (let’s call that risk zero) with
probabilityMecause one of two incompatible theories is right and the other is wrong, is a
reasonablegflac start. One thing the quoted utterance does not mean is that “the risk is p times
X.” The av ue of the uncertain risk may be pX (in the same sense that “the average human

has approMne ovary”), but we believe decision-makers and affected persons need to
tiw's

understan uch cases, the risk is actually either zero or X, and never pX.

It's nol;raging per se is wrong-headed at all—it can be worse not to average—but that
analysts, dSlSlon—makers, and consumers of risk information need to think carefully about what to

average an hen interindividual variability is the reason that a distribution exists rather than

a single numg people understand that averaging the data makes a profound statement: to

say that the“b stimate” of the height of an adult human is 5 feet 4 inches should obviously not

govern codes setting doorframe sizes. When parameter uncertainty creates the
distribution, si e average imposes a very specific value judgment upon the resulting action:
that w rs of over-estimation as precisely of equal consequence as errors of

underestimation of equivalent size. Choosing a point estimate corresponding to any percentile of

such a disthas opposed to the mean) merely imposes a different value judgment: perhaps we
should be ﬂ acerned about needless expenditures than about needless (monetized) “lives
lost,” in wh we should tend to use a lower-bound estimate of the uncertainty distribution for

=

> It is also p@&sible tdllset up a system wherein analysts construct both a risk estimate contingent on a single

inference opfion (either a robust default or a compelling alternative), and an estimate that eschews this choice

but instead m‘ll plausible models. Decision-makers could then consider the “truncated” approach to
rtainty a

model unce gside a baroque approach to it.

<
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risk. And when the distribution is really a bi- or multi-modal distribution composed of two or more
mutually exclusive assumptions, acting as if the risk is a weighted combination of the possibilities

says thaMifferent between erring by incorrectly giving credence to one assumption or the

Insteadmmessmggest that the right way to handle a situation wherein “the risk is either huge or

tiny, depetho use that information to compare the performance of two or more decision

options, nmage away the uncertainty in the risk. In these situations of fundamental

uncertaint d to contrast two eventualities, and consider what we might gain or lose if: (1)
the risk is we make the decision that makes sense for a tiny risk; versus (2) the risk is tiny
but we act now it is huge (Brand and Finkel 2019). This advice amounts to considering both

competing moEeSo as to minimize the regret of choosing the wrong control strategy. We can, of
e

course, als r the performance of a third decision—acting as if the risk is in fact pX and we

control thilsE as such—but whenever the harms (economic and/or physical) are non-linear as the

risk increa available solutions are not continuous, but “lumpy,” the optimal act for a risk
known to ize may be (very) different from the optimal choice in the real situation where

the average¥a X never manifests.

It may, e, be difficult to predict how any given control option will perform a priori: both
its effic st will likely be to some extent a gamble. But we face this problem whenever
we seek to choose the option with the greatest net benefit, so the problem is not with the

uncertainthh how we (mis)handle it. To the extent that any kind of averaging (computing

the expect omething) is helpful, we stress the gaping contrast between “decision averaging”
and “risk a .” See NRC 1994, p. 173, where the NRC Committee provides an example showing
the differe een estimating the average net benefit of each of two sensible actions to

evacua re a hurricane might or might not be headed, versus estimating the “weighted

averageHetween the two cities and evacuating the unpopulated area at that coordinate.
John taugh that expected utility and “the utility of the expectation” are different, back in

the days w ould have had to fill a stadium full of mainframe computers to match the

process%f a modern iPhone, and yet it is still not followed today as the truism it is.
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It may also be somewhat facile for us to posit that competing models should be judged based on
their effects on the relative performance of decision options, given that traditionally, risk assessment
precedWement and the options are often not arrayed until later (for an exhortation that
we reverse ering, and array the possible control options before we begin to estimate the risk
under any &Finkel 2011). One intermediate strategy that does not require explicit control
optionsmb uimbhatsim proves upon one-size-fits-all risk averaging, was described in detail in a doctoral

dissertatio ans supervised (Brand 1999), in which the author advocates for the combining of

[

disparate elS¥ia an explicit and generally unequal weighting of the decision regret associated

G

with incorr osing one model over another.

S

And we'effe®@he other cautionary note about “a full treatment of model uncertainty.” The

main attraction ofincorporating model uncertainty rather than relying on defaults is that the former

u

approach decision-makers and the affected publics to “see the full light of uncertainty.”

But if incorfgorating model uncertainty carries the baggage of subjective weighting, delay, and

n

possible “ uaranteed to be wrong,” and doesn’t even fully depict uncertainty, then it may

be a margi vement with substantial downsides. We suggest here that there is much more

dl

to model unéer y than simply supplementing, overturning, or “watering down” precautionary
and rea e defaults with other reasonable interpretations of mode of action, interspecies

scaling, and

)

What would an exhaustive treatment of model uncertainty in risk, benefit, and cost look like,

[

one that c e criticized for leaving anything out? It would include various model

uncertainti w if any risk and cost-benefit analyses ever consider. Certainly there are

O

alternative e and fate-and-transport models that are rarely considered alongside the

traditional “Ditto with the way we currently erase most of the uncertainty in the “value of a

§

statisticaimli he central tendency of many stated-preference experiments or revealed-

|

prefere ¥ but rarely incorporating the interindividual variability in each subject’s responses

or the mo ainty that makes it difficult to choose one type of study over the other (Finkel

U

and Johns ? We believe that the economic cost aspects of cost-benefit analysis are also

especially ped by the tacit and pervasive use of unacknowledged default assumptions

A
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without appreciation of model uncertainty. For example, regulatory economics routinely assumes,
without explicit mention, that partial-equilibrium cost estimates are good surrogates for over

generalw ones, that technological learning and/or economies of scale are unimportant,

that price rj ibl reduce demand rather than spur demand for substitute goods, etc. (Hazilla and
Kopp, 199 14).

And e ithin the realm of dose-response modeling, there are ways in which we censor

1

important erf@inties. For example, suppose that an epidemiology study shows a RR with

G

confidence ing from [0.8 — 4.0]. That is a classic “negative” result because the lower

confidenc elow 1, and so we would never give any weight to the alternative possibility that

S

the exposu od®cause disease, because we can’t rule out with 95% or more confidence that the

exposure is inconsSgquential. Why, however, shouldn’t we include the (let’s say) 80% chance that the

U

RRis>1,i /uncertainty estimation? The reason invariably given is that when the p value is

larger thanf0.05, we can’t rule out the null hypothesis with “anything approaching certainty.”

N

Indeed, re mmendations have been offered (see, e.g., Benjamin et al. 2018) to make the

dividing lin tistical significance” even more stringent, to p<0.005. We are not advocating for

dl

either the 0785 s quo or for a stricter (or less strict) criterion. We merely point out that either
0.05 or amounts to an “anti-conservative default assumption”; the risk analysis system

chooses to guard against false positives at this important step in the evaluation of

M

epidem icologic data. In at least one important court case (Flue-Cured Tobacco, 1998),

an EPA risk assessment for second-hand smoke inhalation was invalidated in large part because the

]

agency rel riterion to (in effect) p=0.1 without adequately explaining this departure from

conventio ncerns expressed above about including “fringe” assumptions and giving them

&

expert-deri ht is really no different from the perennial objections to relaxing the p-value

threshold more of the entire confidence interval on “negative” bioassay and epidemiology

n

results. ifference, actually, is that substantial momentum is behind the view that

L

“minori of causation or mode of action must be given some weight in analyses and

decisions, e are unaware of any serious effort to suggest that a hazard we can be “only”

U

90 percent jgént is associated with adverse effects might be deemed worthy of attention.

A
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2.4 Decisioh- s Who Refuse to Require Value-of-Information Calculations to Guide the Choice

{

between A d Analysis (and to Guide the Contours of any Further Analysis) Ought to Admit

They are nd with Sunglasses on When the Skies are Dark.

o

[l

John E been a strong advocate of the use of Value of Information (VOI) analysis for

many years@#So imes he has urged its use in its formal sense, as the expected gain that would

G

come from iz the uncertainty in estimates of the consequences of alternative choices in a

decision. ugh, John would advocate merely stopping to think more qualitatively about

S

how valuabl&@fe®information would really be in making choices. He would encourage the

enormously useftfithought-question “how much would the information have to change my risk

Ul

estimates i o make me change my mind?” Often, it is difficult to imagine any experiment or

survey or pling effort that would make a big enough difference to change a choice — it isn’t that

£

the inform no value, but that it can’t be used in a valuable way. This conclusion could result

from a situ@ti ere the uncertainties in exposure or risk are sufficiently small that further

cl

reductions tle decisional value, or where they are sufficiently large that valuable uncertainty
reducti ard to imagine occurring given constraints on expense, difficulties in measurement,

etc. But, w to add, information can also be of little value to refining choices when it is the

\

choices that are deficient. The tendency of some regulatory analysts to present to their

managers a carefully-orchestrated set of decision options with one “winner” (sometimes referred to

I

as “Stupid i , Stupid Option C, and Brilliant Option B”) yields a situation where further

informatio e no decisional value, but this indicts the choices, not the uselessness of actual

O

knowledge

n

Joh nly one who has encouraged the use of VOI information in environmental,

L

health a cisions. For example, Committees of the National Research Council of the

National A of Science have urged EPA (National Research Council, 2009) and FDA (National

L

Research iifhnstitute of Medicine, 2011) to expand the use of VOI in making research and

informatio Ing investments. There are a wide range of technical papers and reports that

A
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identify ways in which VOI could be applied by agencies (Laxminarayan and Macauley 2012; Dakins,
1999; Yokota et al., 2004; Mitchel et al., 2013; Keisler et al., 2014; Bates et al., 2015).

Howev in any formal sense, has not caught on at all in the regulatory world (Gray 2019).
There are entation issues and technical challenges that seem to have stymied its use.
Perhapsthesbiggest implementation issue is that in order for VOI to be applied, risk estimates need

guantitati tes of their attendant uncertainty, something regulatory agencies have very

]

rarely dev edfWespecially on the “cost side” (Finkel 2014a). In addition, any formal decision

G

analytic to to specify a priori the options being considered. It is clear that many in decision-

making poditto uncomfortable stating the options under consideration in advance. There also

S

seemstob ef€ral belief that uncertainty analysis and VOI are too difficult for decision makers to

understand an appropriately — a view we believe reflects badly on the decision makers, not on

U

the analys and Gray, 2018)!

1

There echnical challenges to using VOI in EHS risk decisions. One of the greatest is

actually kn@wi w much information a given data collection event will deliver and by how much

cl

it will reducéfu ainty. Uncertainty analysis will always be subject to “unknown unknowns” and
truncat ossible models, which means that information might reduce uncertainty more than

predicted. rly VOI focuses on the expected value of perfect information, but we know that

M

an ani experiment, exposure assessment, or cost of implementation survey will
provide only partial information for an analysis. Estimating how much uncertainty will be reduced

with differ

[

es of information is a continuing challenge. Dealing with model uncertainty

provides a allenge, since data to effectively rule out, or even greatly change the probability

0

of alternati be difficult to acquire. It may also be difficult to know how much it will cost to

deliveras ce of information. Some information may be generalizable across decisions and

N

would t even more valuable than assumed for a single choice. These and other technical

1

issues, eed to be considered, are not obstacles to the use of VOI today.

U

Perha we can start is with John’s question of bounding the magnitude of uncertainty

reduction y to change a decision. For example, imagine an abandoned hazardous waste site

A
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with chemicals identified as carcinogens in the soil but no contamination of groundwater. There are
three decision options: Do nothing, put a cap of clean soil above the contaminated dirt, or dig up and
removeWinated soil. A risk assessment, using default procedures such as a linear dose-
response r ip between exposure and cancer risk and standard dust exposure assumptions,
finds the Iimr risk to be 1x1073. At this risk level, the relatively best remediation choice is
to remawe tinemseitm If the risk were 1 x 10~ the choice would be capping, and if under 1 x 10° the
choice WOM nothing. Because the remediation options are “lumpy,” John’s question would
have us askgPan@®ow new information could even move us from one option to another. In this
case, if the ion of linear dose-response is a major source of uncertainty, we would have to
think that do an experiment that would leave no more than a 1% chance that the true
dose-respoR8eisWnear, in order to change our choice from soil removal to capping. It is highly
unlikely thzatamormation gathering would yield this level of precision, so this form of VOI
thinking h solidify a decision. In other cases, it may be that readily-obtainable information,
on cost of @lternatives or exposure profiles, could indeed matter and more formal analysis would be

called for.
Those whio e research and data gathering decisions, intended to help guide and improve

decisio on’t use VOI approaches, are likely to squander resources and miss opportunities to

shape bette s.

3. CONCLUSIONS

These es may seem disparate, but they are inter-related, and all hearken back to the

answer John'pfeVided in the Air Pollution Control Association volume in 1986: “analysis IS useful.”
Earlier we @mphasized that analysis is more useful, perhaps only is useful, when it is done

quantit . careful attention to uncertainty and variability, and in ways that allow feasible

|

choices to Be compared along multiple dimensions. But more importantly, we suggest that his 1986

I”

title was pointing the field towards a probing examination of what “useful” means. Of course, good

t

analysis ha and utility—but we don’t merely want the analysis because it is a tool; we (should)

|II

want th of our actions to be “usefu

A
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So perhaps the real question behind the 1986 question was and is “are unanalyzed actions
useful?”—and John and we his students would say “no.” For an easy target, consider the first 24
IauncheWe Shuttle between 1981 and 1986. Arguably, NASA risk managers did not heed
the results isk assessments done there, and while the launch decisions made before the
Chal/enger&e useful, they were not optimal (Dalal, Fowlkes, and Hoadley, 1989; NRC
1988). @n ehesether hand, John set both of us on careers that included substantial time in regulatory

agencies, M can look back on decisions we made affirmatively but also on equally weighty
decisions \mby failing to decide, by waiting to express our views until after we could no

longer infl icy, or by changing the subject in order to “make” a decision about some other
problem (t aking a decision about the problem we were shunting or punting). So we have
learned, fro ing with John and from life after we “left without the pebble,” that whether one

sees oneseEnalyst or a decision-maker (a somewhat arbitrary and unfortunate bifurcation),
one needs entless in asking as often as possible “what did | decide today?” If the answer is
“] decided m't ready to decide,” John’s work challenges us to then ask, with great humility
but also wi rgency, “what are we waiting for, and why?”

So all fme topics we discussed here tell the same story, with variations. Analyzing dose-

respon oxicologic, epidemiologic, or both) to categorize a stressor as “threshold or not” can
be valuable y if knowing which is which is expected to improve an outcome. Using

provisi an seem deflating, but only if refining them is expected to improve an outcome.
“Reducing reliance on defaults” can increase real or perceived sophistication, but only if doing so is
expected tLe an outcome. And if any of these refinements matter, which they certainly
often will, g “ of VOI analysis is waiting in the wings to provide the answers to questions like

these thre
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