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a b s t r a c t

Environmental managers often do not have sufficient empirical data to inform decisions, and instead
must rely on expert predictions. However, the informal methods often used to gather expert opinions are
prone to cognitive and motivational biases. We developed a structured elicitation protocol, where
opinions are directly incorporated into Bayesian Network (BBN) models. The 4-stage protocol includes
approaches to minimise biases during pre-elicitation, workshop facilitation and output analysis; and
results in a fully functional BBN model. We illustrate our protocol using examples from environmental
flow management in Australia, presenting models of vegetation responses to changes in riverine flow
regimes. The reliance on expert opinion and the contested nature of many environmental management
decisions mean that our structured elicitation protocol is potentially of great value for developing robust
environmental recommendations. This method also lends itself to effective adaptive management,
because the expert-populated ecological response models can be readily updated with field data.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Decision making informed by expert opinion is common in
environmental management and can form a basis for urgent
management and policy decisions when stakes are too high to
postpone such choices (Krueger et al., 2012; Martin et al., 2012). In
complex systems, when formal theories and/or measured data may
be scarce, expert opinion can help to assess whether information is
consistent and where evidence may be lacking (Martin et al., 2012).
Informal techniques that are implicit, unstructured and undocu-
menteddsuch as ‘roundtable discussions’dare commonly used for
extracting expert knowledge (Fidler et al., 2012; McBride and
Burgman, 2012). Whilst discussion itself is not necessarily prob-
lematic, the knowledge provided by such unstructured group
expert opinion is usually based on subjective judgements prone to
cognitive and motivational biases (Fidler et al., 2012; Garthwaite
et al., 2005; O'Hagan et al., 2006; O'Hagan and Oakley, 2004;

Speirs-Bridge et al., 2010; Tversky and Kahneman, 1975). Cogni-
tive biases occur as a result of a failure to adequately process,
aggregate or integrate relevant information due to limitations on
human processing ability (McBride and Burgman, 2012; Wilson,
1994). Overconfidence biases, for example, undermine expert
judgments by underestimating uncertainty (Soll and Klayman,
2004). Other examples of cognitive biases include the availability
bias, where familiarity with one particular driving factor may lead
an expert to believe it to be more important than it actually is
(Kynn, 2008); and anchoring biases, where an initial value is used
to calculate another value by adjusting it up or down (Jacowitz and
Kahneman,1995; Speirs-Bridge et al., 2010). Motivational biases are
conscious or subconscious adjustments in an expert's responses
that depend on their particular context, personal beliefs and ex-
periences, and from what the expert stands to gain or lose
personally form a decision (Garthwaite et al., 2005).

Biases are inherent in heuristic processing. The utility of expert
knowledge is therefore dependent on the rigour with which it is
elicited (Martin et al., 2012). The choice of an expert elicitation
method needs to account for, and minimise the risk of, bias
affecting expert judgements and resulting elicited data (Speirs-
Bridge et al., 2010). Formal procedures to elicit expert knowledge
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have been designed to account for such biases in order to increase
credibility, repeatability and transparency (Hanea et al., 2017;
McBride and Burgman, 2012). Structured elicitation often em-
ploys a framework combining foundational elements of decision
theory and mathematics with procedures for minimising biases
(Keeney and von Winterfeldt, 1991; O'Hagan et al., 2006). Recently,
the IDEA (Investigate Discuss Estimate Aggregate) structured pro-
tocol by Hanea et al. (2017) has combined different elements from
established approaches to optimise expert knowledge elicitation.
The success of expert elicitation depends on facilitation and the
way expert judgements are collected and compiled. Therefore, only
well managed, systematic elicitation protocols can return high-
quality, transparent and repeatable predictions from experts
(Cook et al., 2012; Hanea et al., 2017; Knol et al., 2010; Martin et al.,
2012; Runge et al., 2011).

One area of environmental management where expert opinion
is widely used, is the provision of environmental flows (water
released from storage solely to benefit the environment; Horne
et al., 2017b) to restore regulated river systems (Stewardson and
Webb, 2010). Restoring more natural flow regimes is a key issue
around the world (Poff et al., 1997), with substantial investments
from governments in an attempt tomanage degraded river systems
(Acreman and Ferguson, 2010; Skinner and Langford, 2013). Effec-
tive restoration and management of these systems rely on an un-
derstanding of the relationships between the stressors (changes in
flow regimes) and ecological responses (Poff and Zimmerman,
2010; Webb et al., 2013). However, while general principles of the
ecological effects of changes in flow regime are well accepted (Poff
and Zimmerman, 2010), there are few quantitative predictions
about how different components of degraded ecosystems will
respond to flow restoration (Arthington and Pusey, 2003; Souchon
et al., 2008).

Despite this paucity of quantified relationships, flow manage-
ment decisions must be made. Therefore, of the many environ-
mental flow assessment techniques that have been developed
(Tharme, 2003), those that make direct predictions of ecological
effects have relied to a great degree on expert opinion (Stewardson
and Webb, 2010). In Australia, expert opinion is a major determi-
nant of how the approximately $15 billion investment in environ-
mental water under the Basin Plan and other initiatives will be used
(Commonwealth of Australia, 2014). It is therefore surprising that
systematic approaches to elicit expert knowledge are less common
than informal methods (McBride and Burgman, 2012). The reliance
on expert opinion and the contested nature of environmental flows
means that structured elicitation should be of great potential value
for developing environmental flow recommendations (Webb et al.,
2015).

Bayesian Belief Networks (BBNs; Pearl, 2000) is a modelling
technique that is commonly used in natural resource management
applications (McCann et al., 2006), and has also been used in
environmental flows applications (Chan et al., 2012; Horne et al.,
2017c; Shenton et al., 2011; Shenton et al., 2014). One of the
often-cited advantages of BBNs is that they can incorporate mul-
tiple data types, including expert knowledge (Horne et al., 2017a).
However, this advantage also leaves them open to being populated
by poorly elicited expert opinion, affected by bias and over-
confidence. The quantitative outputs from these models may give a
false sense of security in the results if they are based on poor-
quality expert-derived data.

This paper presents a 4-stage formal expert elicitation protocol,
where opinions are directly incorporated into BBN models,
providing improved rigour in the relationships and subsequent
predictions. The 4 stages include pre-elicitation, workshop facili-
tation, output analysis and BBN model building. The first 3 stages
are based on the IDEA framework by Hanea et al. (2017), combining

different established approaches to minimise biases of elicited
opinions. The final stage consists of discretising the elicited prob-
ability distributions in order to populate the conditional probability
tables in a BBNmodel. This model becomes an ideal vehicle for later
updating with empirical data.

We first present the general principles underpinning the pro-
tocol, providing a justification of the approaches used at each stage
(section 2). We then illustrate application of the protocol using two
case studies that elicited quantitative predictions of ecological re-
sponses to changes in riverine flow regimes and other environ-
mental factors under environmental flow recommendations
(section 3). The two case studies elicited expert predictions of ex-
pected changes in (i) terrestrial vegetation encroachment into river
channels, or undesirable vegetation cover (hereafter “Encroach-
ment”) and (ii) abundance of native riparian species on river banks,
or desirable vegetation cover (hereafter “Native banks”). The paper
closes by assessing strengths and weaknesses of the protocol,
especially as experienced through the case studies.

2. Expert elicitation protocol: general principles

Our approach to minimising cognitive and motivational biases
include (i) using a question protocol to reduce overconfidence and
availability biases during pre-elicitation; (ii) requiring experts to
answer questions independently and in isolation to minimise
motivational biases, but also allowing multiple rounds of judge-
ment to ensure transparency and expert comprehension during
workshop facilitation; (iii) using mathematical accumulation of
opinion and interpolation as analysis tools to avoid expert fatigue in
earlier stages; and (iv) incorporation of opinion into Bayesian Belief
Networks models to allow direct predictions under different sce-
narios with current and updated data. Further details on all the
approaches used are provided below for each of the 4 stages and
illustrated in Fig. 1.

2.1. Stage 1: pre-elicitation

2.1.1. Conceptual model building
Expert elicitation should be based on conceptual models for

which both the extent of key scientific knowledge and gaps are
identified via literature reviews (McBride et al., 2012). In our pro-
tocol, a conceptual model consists of a set of state variables, with
arrows linking those variables illustrating the hypothesized causal
relationships among them (e.g. Fig. 2a). These relationships form
the basis of the elicitation questions. Such models can be complex
and may need to be simplified to intuitively structure a problem
into a set of variables for which knowledge can be elicited (Keeney
and von Winterfeldt, 1991; McBride and Burgman, 2012). A
simplified conceptual model provides the structure of a Bayesian
Belief Network (BBN) model developed at stage 4 in this protocol.

2.1.2. Variables, their states and scenarios definition
To quantify the linkages among variables with a relatively small

number of questions, our protocol employs discretization of
continuous variables. For example, a discharge volume in a river
might be discretised to High (>10,000 ML/d), Medium
(2000e10,000), or Low (<2000). Any number of states can be
chosen to characterize a variable, but using fewer states is recom-
mended to prevent complexities in judging the results (Mittal and
Kassim, 2007). Each combination of discretised states for a causal
relationship defines a scenario for the elicitation. Discretization
simplifies the types of questions that need to be asked and also
translates well into Conditional Probability Tables (CPTs). CPTs
provide a useful structure to define the effects of different variables
on a particular response variable under different scenarios. They
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