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Summary

1. Applied ecologists often face uncertainty that hinders effective decision-making.

2. Common traps that may catch the unwary are: ignoring uncertainty, acknowledging 

uncertainty but ploughing on, focussing on trivial uncertainties, believing your models, 

and unclear objectives.

3. We integrate research insights and examples from a wide range of applied ecological 

fields to illustrate advances that are generally underused, but could facilitate ecologists’ 

ability to plan and execute research to support management.

4. Recommended approaches to avoid uncertainty traps are: embracing models, using 

decision theory, using models more effectively, thinking experimentally, and being 

realistic about uncertainty.

5. Synthesis and applications. Applied ecologists can become more effective at informing 

management by using approaches that explicitly take account of uncertainty.
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Introduction

Environmental managers are constantly required to make difficult decisions in the face of 

uncertainty, learning from experience and thereby reducing the unknowns in the system. A 

key role of applied ecologists is to conduct structured, hypothesis-driven research to reduce 

uncertainty more efficiently and comprehensively than can be achieved through such 

contingent learning. A number of typologies of uncertainty in social-ecological systems have 

been published (e.g. Regan et al. 2002). We here focus on process uncertainty (the inherent 

*Corresponding author contact information: Professor E.J. Milner-Gulland, Department of Zoology, University of Oxford. OX1 3PS, 
UK. Telephone: 01865 271260. 

Authors’ contributions
EJMG and KS conceived and wrote the paper together.

Data accessibility
Data have not been archived because this article does not contain data.

HHS Public Access
Author manuscript
J Appl Ecol. Author manuscript; available in PMC 2017 December 08.

Published in final edited form as:
J Appl Ecol. 2017 December ; 54(6): 2063–2068. doi:10.1111/1365-2664.12887.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



variation in natural and human systems), observation uncertainty (introduced when 

attempting to measure quantities; all social-ecological systems are only partially 

observable), model, or structural, uncertainty (involving limitations in our representation of 

the real world in conceptual or computer models, due to a lack of understanding of the 

system), and linguistic uncertainty (involving lack of clarity or agreement in the 

conceptualisation and expression of uncertainty).

Given the pervasiveness of uncertainty and the need to make decisions regardless, it can be 

useful to conceptualise these different sources of uncertainty in terms of whether they are 

controllable and important (Table 1). “Important” uncertainty has a significant and 

qualitative effect on management outcomes, and “controllable” uncertainty can be 

minimised or managed. It is all too easy to focus applied ecological research on uncertainties 

that are tractable to study, but unimportant or uncontrollable, limiting the relevance of 

science to management.

When faced with uncertainty, applied ecologists may fall into some common traps. These 

limit our ability not just to appreciate the degree and nature of the uncertainty, but to plan 

research to support management. There has been considerable thought about how to avoid 

these traps in a range of applied ecological research fields (harvesting, conservation, pest 

and disease management). However, the subsequent advances are underappreciated and 

underused outside their specific areas. We outline these traps, with examples, and suggest 

solutions, before highlighting some overarching principles to help applied ecologists deal 

more effectively with uncertainty.

Dealing with uncertainty: Common traps and how to avoid them

Putting things in the “Too difficult” box: Ignoring the uncertainty

It is easy to ignore uncertainty. For example, saiga antelopes suffered a precipitous 

population decline from the late 1990s. Following conservation action, reported numbers in 

one population increased rapidly and consistently. However, these population estimates were 

based on simple extrapolations of numbers seen in aerial surveys, ignoring biases and 

uncertainties caused by changes in density and group size; once these uncertainties were 

properly accounted for, it was impossible to distinguish a significant population trend 

(McConville et al. 2008).

Ignoring uncertainty: solutions—Power analysis is routinely used to ensure that the 

expected level of uncertainty is not so high as to render analysis uninformative. Power 

analysis could be much more widely used in applied ecology, to inform research 

prioritisation and management action in advance. Field et al. (2004) show that monitoring 

koalas to reduce uncertainty about trends before investing in conservation action is 

unjustified. In this case, the species is so valuable that the cost of a type 2 error (thinking 

that there is no population decline when there actually is) far outweighs the cost of a type 1 

error (thinking that there is a population decline, therefore acting, when there is not). The 

analysis suggests that the correct action is to ignore uncertainty and act anyway; the crucial 

point is that this result came from a cost-benefit analysis rather than from simply ignoring 

the issue.
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Hoping it doesn’t matter: Acknowledging uncertainty, but ploughing on

Some uncertainty is evident, but is nevertheless ignored in the hope that it may not be 

important. Many long-term counts of wildlife populations only include the most observable 

demographic class. For example, estimates of grey seal numbers in UK waters are based on 

counts of pups on the shore, because other population stages are usually at sea. The 

uncertainties inherent in this approach were acknowledged, but felt to be unimportant and 

prohibitively expensive to control while the grey seal population was increasing 

exponentially. However, increases in pup numbers slowed and became more regionally 

heterogeneous (SCOS 2007). Different, plausible, assumptions about density dependence led 

to estimates of population size which varied by 2–3x (Lonergan et al. 2011). Simply 

continuing with the long-term programme of monitoring this species, without investing in 

obtaining independent information concerning whether the observed changes in pup counts 

are due to changes in fecundity or mortality, would lead to increasingly unhelpful scientific 

policy advice.

Ploughing on: solutions—It is possible to set up management specifically to support 

learning about a system. In some fields of applied ecology (such as pest management and 

wildlife harvesting) experimental research can be carried out in advance of broad policy 

implementation. Even if prior experimentation is not possible, it is still possible to integrate 

research and management via adaptive management (AM) approaches which specifically 

include a plan for learning (Walters 1986; Shea et al 2002). This allows management actions 

to be updated based on information gained during management. However, AM is still 

underused (Keith et al. 2011), and uncertainties still tend to be swept under the carpet, rather 

than confronted.

Partly, whether AM is worthwhile depends upon the characteristics of the uncertainty 

limiting managers’ ability to make decisions. Managing to learn is less productive if the 

uncertainty is irreducible (e.g. environmental variation), the system generates very slow 

feedback, or decisions are one-off, in which case some of the wide array of approaches in 

the decision-theoretic literature may help (e.g. risk analysis or decision trees; Cohrssen & 

Covello 1999, Rokach & Maimon 2015).

If managers are effectively playing a “one shot” game, in which prior experimentation and 

real-time learning are not possible, for ethical or practical reasons, setting up a “virtual 

experiment” within a modelling environment is a powerful approach. Fisheries scientists 

have developed Management Strategy Evaluation (MSE) as a tool for exploring uncertainties 

a priori, and as a component of AM in the longer term (Butterworth & Punt 1999). MSE is a 

framework linking an “operating model”, describing the researchers’ best understanding of 

system dynamics, with an “observation model” that mimics the observation process to 

produce an estimate of population parameters with associated uncertainty, an “assessment 

model” that simulates how managers use the information they collect to produce rules, and 

an “implementation model” that describes the process by which these rules are translated 

into management actions. This approach has great potential for broader application to 

conservation and resource management (Bunnefeld et al. 2011).
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Fiddling while Rome burns: Focussing on trivial uncertainties

When an obvious problem arises in a social-ecological system, there is a strong urge to “do 

something” without necessarily evaluating the action’s likely efficacy. For example, many 

marine turtles are endangered; a relatively easy management action is to protect eggs in the 

nest. However, sensitivity analyses of the life stages in which changes would most affect 

population growth indicate that focusing on this part of the life cycle has very little effect for 

loggerhead sea turtles (Crouse et al. 1987). Instead, improvements in the survival rates of 

older juveniles and sub-adults are most likely to increase population growth rates; these 

insights resulted in fishery bycatch policy changes that are credited with saving loggerhead 

turtles from extinction (Crowder et al. 1995).

Conversely, decision-makers may delay action until further information on uncertainties is 

available from researchers. For example, monitoring programmes may take the place of 

action to conserve endangered species (Lindenmayer et al., 2013) or action may be 

postponed beyond the point at which meaningful intervention is possible.

Addressing trivial uncertainties: solutions—Model-based experimentation 

(sensitivity analyses, structured decision-making, MSE, scenario modelling) is a powerful 

way to explore which uncertainties are likely to be trivial or uncontrollable and which are 

crucial to address, before interventions are put in place. Value of Information (VoI) analyses 

may be used in advance to predict the usefulness of actions to implement a decision, thereby 

focussing research effort. VoI is widely used in medical research to quantify the likelihood 

of a change in a decision and the marginal payoff from that change, given the additional 

information that a piece of research could provide (Yokota & Thompson 2004). It has been 

used sporadically in the wildlife management literature (e.g. Williams 2001), and more 

recently in disease management (Shea et al. 2014) but is a powerful tool that deserves far 

wider acknowledgement (Canessa et al. 2015).

Runge et al. (2011) explored VoI for a range of uncertainties besetting managers of 

whooping cranes in North America. The species suffered from extremely poor reproduction, 

but there was considerable disagreement about its potential cause, and hence the appropriate 

mitigation actions. Expert elicitation was used to define multiple different hypotheses, and 

partial VoI analyses were conducted to address which uncertainties most hampered decision-

making. The process gave initial management recommendations, helped to prioritize 

research, and ultimately motivated an adaptive management plan for this endangered bird.

Hubris: Believing your models or rules of thumb are telling you the truth

Solutions that appear “optimal” within our frame of thinking may not actually be optimal for 

the reasons we imagine. For example, deer managers in Scotland had a rule of thumb of 

culling 14% of the hinds on their land, which appeared to work relatively well in terms of 

keeping numbers at an appropriate density. However, observation errors in counting deer led 

to underestimation of population size. If managers had actually culled at this rate, deer 

density would have declined substantially (Milner-Gulland et al. 2004).
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It is vital not to succumb to the temptation of believing model answers and forgetting about 

the “unknown unknowns”, irrespective of how sophisticated the model which is used to 

carry out a priori experiments may be, and however extensive the model testing. For 

example, Milner-Gulland et al. (2001) carried out extensive model-based testing of strategies 

for harvesting saiga antelopes under a range of model structures, and suggested that a robust 

harvest strategy would be relatively strongly male-biased. Two years later, males had been so 

heavily selectively hunted that the few remaining animals couldn’t mate with all the females 

and a collapse in fecundity occurred, an eventuality not conceived of in even the most 

extreme of the model tests (Milner-Gulland et al. 2003).

Believing your own assumptions: solutions—Models are only an expression of a 

researcher’s assumptions and can never replace field-based observation and experimentation. 

Instead, a synergistic approach is required, in which models are confronted with data, to test 

and refine hypotheses in an iterative process (Hilborn & Mangel 1997). Scenario analysis is 

a good way to structure thinking about the future in a way that encourages the contemplation 

of uncertainties and their potential implications. This has been widely used in climate 

science, but is uncommon in applied ecology; one example is Davies et al.’s (2015) analysis 

of likely futures for the Indian Ocean tuna fishery.

Managing with unattainable, unclear or no objectives: Sidestepping assessment of the 
impact of uncertainties

Being completely clear about objectives is fundamentally important, yet is often overlooked. 

Caughley & Sinclair (1994) give the example of the New Zealand government’s rationale for 

their red deer hunting quota. Since 1920, the stated objective of hunting varied, but was 

never clearly spelt out. Thus, neither the reasoning behind the assignment of quotas, nor the 

effectiveness of the management measure, could be evaluated. The benefit of research to 

reduce uncertainties (e.g. on the role of hunting in reducing population growth rates in the 

context of environmental variation or habitat trends), was therefore hard to assess. Similar 

issues were found with the objectives of harvest management for North American waterfowl 

(Williams 2012).

The Convention on Biological Diversity includes commitments to reduce the global loss of 

biodiversity and has agreed indicators for evaluating progress towards this target. However, 

the indicators suffer from substantial biases and uncertainties, while the target of “to achieve 

by 2010 a significant reduction of the current rate of biodiversity loss” was almost certainly 

unachievable when set in 2002, and “significant” was undefined (Butchart et al 2016). The 

extent to which different forms of uncertainty impede the ability of policy makers to report 

meaningful progress against such targets using relevant indicators can be quantified, but 

little work of this type has yet been done (Nicholson et al. 2012).

Sidestepping uncertainty: solutions—The field of robust decision-making explores 

how to make decisions that are good enough, given uncertainty, rather than finding optimal 

solutions that may be less robust to change or error. A range of approaches to setting 

objectives that are robust to uncertainty is available, including satisficing (Schwartz et al. 

2011), bet hedging (Boyce et al. 2002), rules of thumb (Leung et al. 2005) and info-gap 
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theory for extreme uncertainty (e.g. Regan et al. 2005). All these approaches can be set 

within a decision-theoretic framework (Shea et al 1998). Explicitly acknowledging the 

potential for linguistic uncertainty in objective-setting, so as to expose and resolve it, is also 

an important step (Shea et al. 2010; Probert et al. 2016).

The way forward for tackling uncertainty in applied ecology

Embrace modelling

The power of models as tools for decision-making remains underappreciated (Addison et al. 

2013). Typical views include that models can’t be trusted because they are bound to 

misrepresent reality, that the issues of concern are so specific that they need to be tackled 

case-by-case rather than through general frameworks, or that modelling is too difficult or 

technical. Seeking out collaborators with modelling expertise is useful, but even the simplest 

conceptual models, which may be no more than a flow chart, can be incredibly useful to 

enhance managers’ understanding of the ramifications of uncertainty. Participatory 

modelling, in which interest groups are brought together to develop a model of the system, 

first conceptually and then as a computer model, is becoming more accessible due to 

advances in computer software and visualisation. This process allows groups whose interests 

may not coincide to reach a common understanding of the underlying processes, 

uncertainties and assumptions, enabling them to set objectives and explore management 

options together (e.g. Redpath et al. 2004).

Embed modelling in a decision-making framework

There are numerous approaches to help the applied ecologist to make useful decisions, some 

which help to address multiple traps (e.g. VoI). Many of these, such as AM and MSE, fall 

within the general purview of structured decision-making (SDM; Williams et al. 2002). 

These approaches have been adopted piecemeal into different fields of applied ecology, at 

different times, thereby leading to a lack of appreciation of the rich literature which exists on 

decision theory. In part these different approaches arise from different traditions with 

different preoccupations (e.g. MSE arose via fisheries science, AM via wildlife and natural 

resource management). All involve stating the objective, identifying possible management 

actions and constructing alternative models to explicitly acknowledge key uncertainties.

Use models more effectively

Models are particularly valuable in enabling researchers to explore the implications of a 

range of uncertainties and assumptions. Simple simulation-based model exploration is an 

underused tool for exploring the potential range of outcomes that different assumptions 

produce. At a minimum, models can be used to encapsulate what is, and is not, known about 

a system, as a useful first step in addressing uncertainty. They enable learning through 

experimentation that would be challenging or impossible in the field (“virtual ecologist” 

models; Zurell et al. 2010), the testing of experimental methods or hypotheses, and 

exploration of the ramifications of novel situations (e.g. climate change). They can also be 

used to examine the effectiveness of proxies and indicators for biodiversity change 

(Nicholson et al. 2012).
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Having an experimental frame of mind

Having an experimental frame of mind is vital when managing systems under uncertainty. 

There is a continuum from experimentation within a virtual world, prior to implementation 

(e.g. MSE; Butterworth & Punt 1999), through experimentation in the laboratory but 

external to the model (e.g. competing saiga management; Milner-Gulland et al. 2001), to 

experimentation in the field that informs model development (e.g. active AM; Walters 1986). 

Different systems need different levels of model-based learning prior to field 

experimentation or implementation. In some instances (e.g. pest management), field-based 

experimentation and testing at a reasonable spatio-temporal scale is possible, and modelling 

is a less critical component of the toolkit. However, even here modelling will become 

increasingly important as local climates change and the status quo no longer applies (e.g. 

Teller et al. 2016). In many other cases (e.g. fisheries, conservation), not getting 

management right first time may have serious implications for human wellbeing or species 

survival; in this case experimentation in a model system prior to management intervention is 

vital. In all cases, models and real-world evidence need to inform each other, allowing better 

integration of research and management.

Being realistic about uncertainty

Even with the most effective approaches to minimising and managing for uncertainty, there 

will be an irreducible element. It is important to realise that even the best approach to 

managing for uncertainty may not succeed; this means that a focus on robustness rather than 

optimality may be appropriate. This can help avoid decision paralysis, where decisions are 

needlessly postponed while research is conducted. This realism does not necessarily require 

the use of sophisticated models. For example, linguistic uncertainty can be addressed by 

stakeholders spending time ensuring that they mean the same thing (for example the phrase 

“pest control” means different things to different people; from outright eradication to 

maintaining densities below an economic damage threshold), and that they set clear and 

agreed objectives. Nonetheless, major benefits could be realised by prioritising capacity-

building that enables resource managers to take advantage of the types of quantitative tools 

and approaches outlined here.

It is increasingly being realised that all resource management problems have a range of 

stakeholders, and only through the acknowledgement and inclusion of trade-offs between 

competing objectives can management have the hope of sustainability (Redpath et al. 2013). 

Uncertainty is not, however, always included in these calls for inclusivity; it is important for 

all parties to realise that uncertainties need to be understood and addressed. Otherwise hard-

won compromises and trade-offs can be derailed as the unexpected happens.

We have illustrated our points using examples from a wide range of applied ecological 

disciplines; from epidemiology, pest management, fisheries and conservation (Table 2). 

Although we have not carried out a systematic review, our experience is that the tools and 

approaches we highlight here are not being applied as widely or as frequently as they could 

be. One of the impediments to improving the treatment of uncertainty in applied ecology is 

the continued failure to break down disciplinary barriers. This journal is one of the few that 

explicitly covers the whole range of applied management problems, and thus can act as a 
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forum for cross-fertilisation of ideas. We need to bring the study of the causes, implications 

and control of uncertainty into the mainstream of the discipline, and ensure that methods 

such as those discussed here are more broadly applied. This will reduce the power of 

“uncertainty traps” to catch the unwary.
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Table 1

The dimensions of uncertainty relevant to resource managers, with examples in each cell.

Sources of uncertainty
Controllable?

Yes No

Important?
Yes Resource users’ compliance with rules Environmental change at ecologically relevant scales

No Survival of juvenile stages in long-lived species Autocorrelation in daily movement patterns
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Table 2

Uncertainty traps, and methods for addressing them.

Uncertainty trap Description Example Useful Methods

Ignoring uncertainty: put it 
in the too difficult box

Treating systems as deterministic 
when uncertainty actually 
compromises management

Saiga population estimates without 
confidence intervals have no power to 
detect change

Power analysis
Value of Information (VoI) 
analysis

Acknowledging 
uncertainty: plough on

Recognising there is uncertainty 
but assuming/hoping that it 
doesn’t make a qualitative 
difference to management

Monitoring an uninformative life stage 
for seals because too expensive to do 
otherwise

Manage for learning (Adaptive 
Management)
Virtual experiments (e.g. 
Management Strategy 
Evaluation, MSE)

Focussing on trivial 
uncertainties: Fiddle while 
Rome burns

Addressing uncertainties, but not 
the ones that make the most 
difference to management 
outcomes

Nest protection and head-starting 
turtles when the major issue for 
population viability is adult survival at 
sea

Model-based experimentation 
to highlight key uncertainties 
(VoI, MSE)

Believing models or rules 
of thumb: hubris

Management accounts for the 
uncertainties highlighted in 
models, e.g. through rules of 
thumb, but without challenging 
them

Red deer rule of thumb works because 
it cancels out two uncertainties; model-
based experimentation for saiga 
management fails to account for 
reproductive collapse

Cycling between field-based 
experimentation and 
modelling.
Scenario analysis to broaden 
horizons.

Sidestepping uncertainty: 
unclear objectives

If objectives are unclear, then 
assessing performance against 
them is difficult, so when 
uncertainties cause management 
inefficiency, they are missed

Invasive species management through 
culling in New Zealand without 
defined goals, international 
sustainability goals not SMART

Decision analysis, explicit 
consideration of trade-offs, 
rules of thumb, satisficing, 
stakeholder engagement
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