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CONCEPTS  AND QUESTIONS

Conservation decision making: integrating 
the precautionary principle with 
uncertainty
Matthew R Falcy

The precautionary principle suggests that more conservative actions are prudent when levels of uncertainty 
are high. Decision makers often rely on intuition rather than specific methods to implement the 
precautionary principle. I demonstrate how Bayesian data analysis produces uncertainty metrics that can be 
easily blended with a mathematically explicit rendition of the precautionary principle. This results in 
decisions that are transparent, replicable, and exact. Societal values will often determine appropriate levels of 
precaution, so methods that elicit input from public stakeholders are needed.
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The precautionary principle is captured in aphorisms 
such as “better safe than sorry” and “an ounce of 

prevention is worth a pound of cure”. These statements 
seem to convey good advice even though they do not 
have literal meaning. For example, it is obvious that 
safety is better than sorrow; the real issue concerns the 
magnitude of the reward associated with risky behavior. 
Informally, the precautionary principle grapples with 
what seems like a comparison between apples and oranges 
and concludes that this beleaguered endeavor should be 
resolved conservatively. While several definitions have 
been provided, (Johnson 2012), the precautionary princi-
ple is perhaps best known in an environmental setting for 
saddling public policy advocates with the burden of proof 
that their proposal is harmless (UNCED 1992). This 
meaning seems to suffer from the same oversimplification 
as “better safe than sorry” because it does not attempt to 
blend the utility of potential outcomes with an associated 
probability of occurrence.

Here, I broadly define the precautionary principle as 
a  manifestation of risk aversion and loss aversion. Risk 
aversion is a measure of disdain for uncertainty. For 
instance, some people would prefer to receive a guaran-

teed payment of $1000 instead of entering a lottery with 
a 50:50 chance of winning either $2100 or nothing. If the 
choice were repeated in n iterations, choosing the guar-
anteed payout yields $1000n and choosing the lottery 
yields an average of (0.5 × $2100 + 0.5 × $0 =) $1050n. 
Choosing the lottery is therefore rational because it will 
lead to $50n more money, on average, than repeatedly 
choosing the guaranteed payment. A key psychological 
factor is revealed when repeat iterations of the choice are 
not possible. Many people prefer the guaranteed payout 
rather than to face the possibility of getting nothing. If 
the choice is reframed as a guaranteed payment of 
$1,000,000 versus a lottery with a 50:50 chance of win-
ning $2,000,100 or nothing, then the lottery once again 
has a $50n advantage, but more people will now prefer 
the guaranteed payment. People who change their deci-
sion when presented with different payment amounts 
may appear irrational to others because the mathematical 
parameters of the decision do not seem to change. 
However, the benefits that people reap from money have 
diminishing returns with increasing amounts of money, 
and so people may indeed make internally coherent deci-
sions based on subjective values about the usefulness of 
money. This phenomenon was described 278 years ago by 
the 18th-century Swiss mathematician Bernoulli 
(Bernoulli 1954). Sometimes, uncertainty cannot be 
measured or is not known quantitatively. This is some-
times referred to as “ambiguity” (Johnson 2012). While 
this form of uncertainty also contributes to risk aversion 
and the precautionary principle, the approaches described 
below apply to quantified uncertainty about the state of 
nature, as revealed by statistical analysis.

Loss aversion is a measure of people’s preference 
for avoiding loss rather than acquiring benefit (Kahneman 
and Tversky 1984). For example, people may be more 
motivated to prevent the loss of $1000 than to 
acquire  $1000. Furthermore, the magnitude of this 
extra motivation can be influenced by the magnitude of 
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In a nutshell:
•	 Is a population with a small chance of massive decline 

a greater conservation priority than a population with a 
high chance of moderate decline?

•	 Decision making can be fraught with subjectivity and 
cognitive biases

•	 Optimal conservation decisions depend on the level of 
precaution that society supports

•	 Standardized methods will help resource managers com-
municate value-laden concepts to public stakeholders and 
implement complex conservation plans
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the loss/benefit. This concept plays a central role in pros-
pect theory (Kahneman and Tversky 1979), for which 
Kahneman received a Nobel Prize in Economics. Loss 
aversion suggests irrationality because a decision maker’s 
preference can be affected by how the decision is described 
or framed (Kahneman and Tversky 1984). Conservation 
managers face the additional challenge of addressing out-
comes that, unlike loss of money, are not reversible 
(Gollier et  al. 2000). The irreversibility of extinction 
makes it difficult to compare with its complement – persis-
tence. Loss aversion in a conservation context therefore 
includes a judgment about the value of extinction and 
persistence. The social context within which different 
decision makers work may place different costs/rewards for 
presiding over extinction versus persistence, and therefore 

can affect the magnitude of loss aversion experienced by 
decision makers.

Conservation decision making understandably includes 
subjectivity associated with risk aversion and loss aversion. 
It is perhaps more unsettling that the past several decades 
of psychological research on decision making about uncer-
tain outcomes have revealed a number of cognitive biases 
(Tversky and Kahneman 1974; Denes-Raj and Epstein 
1994; Hilbert 2012). For example, pigeons (Columba livia) 
seem to grasp the optimal solution to a classic brain teaser, 
the “Monty Hall problem”, faster than people (https://en.
wikipedia.org/wiki/Monty_Hall_problem; Hebranson and 
Schroeder 2010). Indeed, cognitive biases associated with 
decision making are regularly exploited by astute business-
people, and help explain economic behavior that cannot 

Panel 1. Bayesian uncertainty

The difference between “frequentist” and “Bayesian” paradigms 
of statistical inference has been the subject of a longstanding 
controversy that has been well documented in ecological 
literature (Ellison 2004; Clark 2005; Cressie et al. 2009; Lele and 
Dennis 2009). The frequentists are so named because they define 
probability as the frequency of a given outcome in a large number 
of trials. Frequentists use a probability model for the sampling 
distribution of the data (y) given one or more unknown parameters 
(θ). This model can be written simply as P(y | θ) to denote the 
probability of data given unknown parameters. However, since 
data are known empirically and parameters require inference, the 
roles of data and parameters must be reversed. This results in a 
likelihood (L) of parameters given the data:

Frequentist inference proceeds by finding values for θ 
that maximize the likelihood (ie the probability of the data). 
Uncertainty is characterized with a confidence interval that is 
constructed in a manner that will miss a parameter’s true value 
with a stated frequency (known as the α level) if an infinite 
number of replicate datasets were available. It is a common 
misinterpretation to conclude that a confidence interval 
has a probability (1–α) of containing the parameter. But the 
relationships given above indicate that frequentists cannot 
use probability to describe parameters. Instead, the likelihood 
yields a relative support of different values of parameters, and 
an attempt to convert this to probability by integrating over 
regions of the parameter space yields results that are sensitive 
to how the parameters are defined (ie L is not invariant to 
parameterization; Fisher 1912; Aldrich 1997).

A probabilistic interpretation of parameters is achieved by 
Bayesians, who define probability as a “degree of belief”. Like 
frequentists, Bayesians also use L(θ | y) = P(y | θ), but they blend 
it with a probability distribution representing degrees of belief 
in the parameter prior to inspecting data, P(θ). The blending 
follows from undisputed axioms of probability, but the source 
of this prior information is potentially arbitrary, and so the 
Bayesian paradigm is criticized by frequentists for permitting 
subjectivity. Bayesians contend that arbitrariness can be con-
trolled if the proper prior belief probability distributions are 
supplied (but see Lele and Dennis 2009), or even embrace the 

subjectivity as the mathematically correct synthesis of an ac-
tual prior belief and new data. Because only the Bayesian para-
digm arrives at a probability of the parameter(s) given the data, 
P(θ | y), Bayesians are uniquely able to answer the question, 
“What is the probability that this population has a negative 
trend?” A dedicated frequentist must argue that the question 
is flawed because the population is either declining or not 
declining, and uncertainty in which category the population is 
categorized is predicated on confidence intervals with a rela-
tively difficult interpretation that is not immediately useful to 
a risk-averse conservation manager.

The Bayesian “blending” of prior information with a likeli-
hood follows from Thomas Bayes’ observations about the rela-
tionships between joint, conditional, and marginal probabilities. 
Specifically, the joint probability of two events is the product of 
the conditional probability and the marginal probability:

Solve Equation P1 for P(θ | y):

Since P(θ, y) is not known, substitute Equation P2:

where P(y) is a scaling factor that ensures that P(θ | y) integrates 
to one and thus satisfies a necessary requirement of probability. 
The scaling factor P(y), which is the probability of the data, is 
equal to the likelihood times the prior integrated over all possi-
ble parameter values. The mathematics to obtain P(y) are not 
possible for all but the simplest cases, so the Bayesian method 
languished until computers could be made to numerically sample 
the numerator. These numerical methods, broadly known as 
Markov chain Monte Carlo methods, were invented by the math-
ematical physicists who developed atomic weapons in Los 
Alamos, but their utility was not broadly known to statisticians 
until 1990 (Robert and Casella 2011).

(Eq P1)

(Eq P2)

https://en.wikipedia.org/wiki/Monty_Hall_problem
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be justified by rational choice theory. 
Because bias and irrationality are 
psychophysical realities of decision 
making, it is reasonable to inquire 
how conservation decision makers 
blend uncertainty with the precau-
tionary principle.

JJ Example: population trend

Conservation managers must deter-
mine which populations are most 
in need of protections or other 
remedial actions. Trend in abun-
dance through time is commonly 
used for this purpose (NOAA 1990; 
IUCN 2001). Superficially, assessing 
population trend is straightforward. 
Simply plot multiple observations 
or estimates of population size 
against time, and then look for an 
“up” or “down” pattern. However, 
the scatter in such plots begs an 
unavoidable statistical question: is 
any apparent trend really just an 
artifact of randomness in the data? 
Statisticians and quantitative ecol-
ogists have developed sophisticated 
tools for addressing this question (Dixon and Pechmann 
2005; Humbert et  al. 2009). Yet uncertainty is never 
eliminated by such analyses; at best, it is appropriately 
characterized.

Bayesian data analysis is uniquely able to yield a 
probability-based interpretation of uncertainty in the 
magnitude of trend (Panel  1). Bayesian uncertainty in 
the magnitude of trend is given for two hypothetical pop-
ulations in Figure 1. The area under the curve to the left 
of 0 equals the probability that the population is declin-
ing (Figure 1, top row). The population depicted in blue 
has a lower probability of a negative trend than the popu-
lation shown in red (0.50 < 0.73). But because there is 
more uncertainty in the blue population (the distribution 
is wider), it has a greater probability of a marked decline 
than the red population (Figure  1, bottom row; 0.09 > 
0.03). Which population presents a greater conservation 
concern? More generally, how can potential magnitudes 
of trend and the associated probabilities become inte-
grated into a single metric or decision criterion?

One solution is to simply average over the uncertainty. 
Since trend is defined on a continuous scale, there are an 
infinite number of potential magnitudes for trend. 
Integral calculus is helpful here. We can compute the 
“expectation” of trend by weighting each potential value 
x by the associated probability P(x):

However, this does not incorporate the precautionary 
principle. There is no explicit weighting to capture the 
fact that many people are more concerned with losses 
than they are satisfied by gains. For example, the pre-
cautionary principle implies that the probability that 
trend is –2% per year or worse is not perfectly counter-
balanced by an identical probability that trend is +2% 
per year or better. Equation 1 ignores the precautionary 
principle because it applies weights on trend that 
depend only on the associated probability of occurrence. 
Ignoring the precautionary principle is not inherently 
wrong; it is a judgment. In practice, decision makers 
may adopt some degree of the precautionary principle 
when they face uncertainty. This means that decision 
makers will not average away uncertainty that is sym-
metrically distributed around the point estimate of 
trend.

JJ The precautionary principle in practice

A simple graphical tool for incorporating the pre-
cautionary principle into a trend-based decision begins 
with the identification of two different critical levels 
of trend. For instance, choose levels corresponding 
to any negative trend (trend < 0) and a negative 
trend of 2% per year or worse (trend ≤ –2). Let 
the probabilities associated with these two levels of 
trend form the axes of a bivariate plot (Figure  2). 
Trend categories can be defined by regions within (Eq 1)

E(X)=∫
∞

−∞

x ∗P(x)dx.

Figure 1. Two hypothetical populations (blue and red; columns) have different Bayesian 
posterior probability distributions for trend (x axis is percent annual change). Both are 
normal distributions. The blue population has mean = 0, standard deviation (sd) = 1.5. 
The red population has mean = –0.5, sd = 0.8. The size of the colored area gives the 
probability of decline (top row) or the probability of decline of at least –2% per year 
(bottom row).
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this space, and the position of lines demarcating 
one category from the next explicitly “weight” the 
relative importance of the two critical levels of 
trend.

Another approach to the same problem uses calculus to 
integrate an aversion function with the uncertainty in 
trend. Aversion can be modeled with generic units that 
decay exponentially as trend increases:

where r describes the rate of decline in aversion (A) over 
various values of trend x, and where e is a constant 
(2.718…). It is now possible to compute an aversion-and-
uncertainty-weighted quality score:

For the normal distributions used in Figure 1, Equation 3 
can be written more explicitly:

To specify no aversion, set r = 0 and Equation 2 will 
evaluate to 1 for any value of trend, x. This constant 
then drops out from the integral in Equation 3, making 
it equivalent to Equation 1. Indeed, the integral of 

Equation 3 is simply the mean of the probability distri-
bution for trend when r = 0. However, as r increases, 
there is more aversion to population decline (Figure 3a) 
and area “accumulates” in the negative regions of the 
Quality function (Equation 3, Figure 3b). The integral 
then evaluates to a number less than the mean of the 
probability distribution for trend. Returning to the 
hypothetical populations presented in Figure 1, Equation 
3 indicates that the red population is a greater concern 
(lower Quality) than the blue population when r = 0 
(Equation 3 = –0.5 and 0 for red and blue, respectively). 
Yet once r reaches 0.35, the Quality for the red popula-
tion exceeds that of the blue population (Equation 3 = 
–0.904 and –0.897 for blue and red, respectively), indi-
cating that the blue population is now the greater con-
servation concern.

JJ Managing a natural resource

The precautionary principle, as defined here, represents 
the decision maker’s aversion to uncertainty and the 
associated fear that any decision will be implicated in 
the extinction of the target population. In most man-
agement scenarios, an analyst will present a statistical 
trend assessment with some form of uncertainty to a 
decision maker. The decision maker’s blending of sta-
tistical uncertainty with the precautionary principle is 
a private mental approximation commonly referred to 
as “gut feeling”. Making an explicit (ie mathematical) 
statement about the precautionary principle enhances 
transparency and ensures that difficult probabilistic 
concepts are properly synthesized.

The precautionary principle is often implemented by 
management officials for the sake of expedience, but 
high-stakes decisions should involve public stakeholders 
(Reed 2008). Getting stakeholders to agree on a mathe-
matical formulation of the precautionary principle repre-
sents a key barrier to natural resource decision making. 
Although methods exist for eliciting quantitative infor-
mation from people’s minds (Lele and Allen 2006; 
Aspinall 2010), natural resource stakeholders are not 
necessarily accustomed to representing ideas quantita-
tively, and may provide responses they believe will yield a 
desired outcome. Still, not engaging stakeholders about 
risk/loss aversion may pose an even greater problem to 
resource managers. What is needed, then, are tools, 
examples, and procedures that managers can use with 
their stakeholders to more effectively elicit levels of 
precaution and to communicate the decision-making 
process.

Using Bayesian inference to facilitate environmental 
decision making is not new (Wolfson et  al. 1996; 
Aanesen et al. 2014). Indeed, adaptive resource manage-
ment is often cast in a Bayesian framework because new 
information can be used to “update” beliefs in compet-
ing management alternatives (Conroy and Peterson 
2013). Despite the relatively large literature expounding 

(Eq 2)A= e−rx,

(Eq 3)Quality=∫
∞

−∞

x ∗P(x)∗A(x)dx.

Quality=∫
∞

−∞

x
1

�

√

2�
e

−(x−�)

2�2

2
−rx

dx.

Figure  2. Discretization of posterior probability of trend into 
five risk categories. The five categories are all below the black 
diagonal line. The top of the gray lines occur at (0.2, 0.2), 
(0.4, 0.4), (0.6, 0.6), and (0.8, 0.8), and extend downward 
at a 60° angle with the black diagonal line. Note that if the gray 
lines were perfectly vertical (making a 90° angle with the x axis), 
then risk categories would be independent of the values on the 
y axis. The angle of the gray line is a “weight” for the importance 
of the two trend metrics, and reflects loss aversion.
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its virtues, adaptive resource management is rarely used 
in actual decision making (Westgate et  al. 2013), sug-
gesting that decision makers need more help imple-
menting this approach. Although the prioritization 
problem presented here is not adaptive because it does 
not intend to reduce management uncertainty over 
time, it is nonetheless a real conservation dilemma that 
benefited from the use of Bayesian measures of uncer-
tainty in trend (ODFW 2014). In ODFW (2014), trend 
was assessed for multiple, geographically distributed 
populations. The people living in the different areas 
affected by conservation decisions should be concerned 
about fair and equitable treatment. A mathematically 
structured conservation decision provides the transpar-
ency and exactness needed to resolve the concerns that 
could be amplified in the case of a more whimsical 
decision-making process.

A non-Bayesian treatment of the same issue might 
choose the lower confidence interval of a trend estimate 
as a hedge against uncertainty. This could also be done 
with a Bayesian assessment, but the probabilistic inter-
pretation of parameters offered by Bayes (Panel 1) admits 
a continuous scale of trends useful for integrating 
the  precautionary principle. While it is easier to deal 
with  binary outcomes like “better safe than sorry”, the 

difficult reality that conservation managers face concerns 
a spectrum of costs/benefits associated with uncertain 
outcomes. The methods discussed here are designed to 
address this.

Trend is a conservation metric that can be com-
puted for any species in any ecosystem. This universal-
ity provides an opportunity for more standardized 
methods. Like the geneticists’ “model organism” 
(eg  fruit fly Drosophila melanogaster) that is used to 
understand basic mechanisms with implications for 
other species, the integration of uncertainty in trend 
with the precautionary principle could be viewed as a 
management “test case”. By focusing on how to 
communicate statistical uncertainty in trend and 
blend it with risk aversion and loss aversion, we may 
be able to demonstrate the possibility and usefulness 
of quantification in other areas of natural resource 
decision making.

JJ Acknowledgements

B Danielson and D Jepsen provided helpful pre-
submission courtesy reviews.

JJ References
Aanesen M, Armstrong CW, Bloomfield HJ, and Röckmann C. 

2014. What does stakeholder involvement mean for fisheries 
management? Ecol Soc 19: 35.

Aldrich J. 1997. RA Fisher and the making of maximum likelihood 
1912–1922. Stat Sci 12: 162–76.

Aspinall W. 2010. A route to more tractable expert advice. Nature 
463: 294–95.

Bernoulli D. 1954. Exposition of a new theory on the measurement 
of risk. Econometrica 22: 23–36. (Original work published in 
1738).

Clark JS. 2005. Why environmental scientists are becoming 
Bayesians. Ecol Lett 8: 2–14.

Conroy MJ and Peterson JT. 2013. Decision making in natural 
resource management: a structured, adaptive approach. Oxford, 
UK: Wiley-Blackwell.

Cressie NAC, Calder CA, Clark JS, et al. 2009. Accounting for 
uncertainty in ecological analysis: the strengths and limita-
tions of hierarchical statistical modeling. Ecol Appl 19: 553–
70.

Denes-Raj V and Epstein S. 1994. Conflict between intuitive and 
rational processing: when people behave against their better 
judgment. J Pers Soc Psychol 66: 819–29.

Dixon PM and Pechmann JH. 2005. A statistical test to show neg-
ligible trend. Ecology 86: 1751–56.

Ellison AM. 2004. Bayesian inference in ecology. Ecol Lett 7: 509–
20.

Fisher RA. 1912. On an absolute criterion for fitting frequency 
curves. Messenger of Mathematics 41: 155–60.

Gollier C, Jullien B, and Treich N. 2000. Scientific progress and 
irreversibility: an economic interpretation of the “Precautionary 
Principle”. J Public Econ 75: 229–53.

Hebranson WT and Schroeder J. 2010. Are birds smarter than 
mathematicians? Pigeons (Columba livia) perform optimally on 
a version of the Monty Hall dilemma. J Comp Psychol 124:  
1–13.

Hilbert M. 2012. Toward a synthesis of cognitive biases: how noisy 
information processing can bias human decision making. 
Psychol Bull 138: 211–37.

Figure 3. Aversion for various values of trend can be modeled 
with an exponential function (Equation 2; [a]). When the rate 
of exponential decline is zero (r = 0, cyan), there is no aversion, 
and the quality function given in Equation 3 will have negative 
and positive regions that integrate to the mean of the probability 
distribution for trend (shaded area in [b]). As aversion becomes 
more severe (r = 0.35, magenta), area accumulates in the 
negative region of the quality function ([b], not shaded), and the 
integral becomes more negative, indicating lower quality and 
greater conservation concern.

(a)

(b)



504

www.frontiersinecology.org� © The Ecological Society of America

Managing uncertainty MR Falcy

Humbert J-Y, Mills LS, Horne JS, and Dennis B. 2009. A better 
way to estimate population trends. Oikos 118: 1940–46.

IUCN (International Union for Conservation of Nature). 2001. 
IUCN Red List categories and criteria: version 3.1. Gland, 
Switzerland, and Cambridge, UK: Species Survival 
Commission, IUCN.

Johnson AR. 2012. Avoiding environmental catastrophes: varie-
ties of principled precaution. Ecol Soc 17: 9.

Kahneman D and Tversky A. 1979. Prospect theory: an analysis of 
decision under risk. Econometrica 47: 111–32.

Kahneman D and Tversky A. 1984. Choices, values, and frames. 
Am Psychol 39: 341–50.

Lele SR and Allen KL. 2006. On using expert opinion in 
ecological analyses: a frequentist approach. Environmetrics 17:  
683–704.

Lele SR and Dennis B. 2009. Bayesian methods for hierarchical 
models: are ecologists making a Faustian bargain? Ecol Appl 19: 
581–84.

NOAA (National Oceanic and Atmospheric Administration). 
1990. Endangered and threatened species; listing and recovery 
priority guidelines. Federal Register 55(116): 24296–98.

ODFW (Oregon Department of Fish and Wildlife). 2014. Coastal 
multi-species conservation and management plan. http://bit.
ly/2cilPcD. Viewed 1 Sep 2016.

Reed MS. 2008. Stakeholder participation for environmen-
tal  management: a literature review. Biol Conserv 141: 
2417–31.

Robert C and Casella G. 2011. A short history of the Markov 
chain Monte Carlo: subjective recollections from incomplete 
data. Stat Sci 26: 102–15.

Tversky A and Kahneman D. 1974. Judgment under uncertainty: 
heuristics and biases. Science 185: 1124–31.

UNCED (United Nations Conference on Environment and 
Development). 1992. The Rio Declaration on Environment 
and Development. Principle 15. www.un.org/documents/ga/
conf151/aconf15126-1annex1.htm. Viewed 1 Sep 2016.

Westgate MJ, Likens GE, and Lindenmayer DB. 2013. Adaptive 
management of biological systems: a review. Biol Conserv 158: 
128–39.

Wolfson LJ, Kadane JB, and Small MJ. 1996. Bayesian environ-
mental policy decisions: two case studies. Ecol Appl 6: 1056–
66.

http://bit.ly/2cilPcD
http://bit.ly/2cilPcD
http://www.un.org/documents/ga/conf151/aconf15126-1annex1.htm
http://www.un.org/documents/ga/conf151/aconf15126-1annex1.htm

