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expert predictions under uncertainty:
predicting the outcomes of ecological
research
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INTRODUCTION

Managers and decision-makers often rely on expert knowl-

edge to inform policy and management decisions under

uncertainty (Burgman, 2005; Sutherland, 2006). This may

include facts or evidence recalled by the expert, inferences

made by the expert to new or undocumented situations,

and/or the integration of disparate sources of information to

address new problems (Kaplan, 1992). Experts may assist

decisions by structuring a problem framework, building a

conceptual model or selecting an analytical approach. They

may also provide estimates of variables or event outcomes

and their associated uncertainty. Particularly in cases when

time or resources are limited, experts represent a critical,

Australian Centre of Excellence for Risk

Analysis, School of Botany, University of

Melbourne, Parkville, Vic. 3010, Australia

*Correspondence: Marissa F. McBride, School

of Botany, University of Melbourne, Parkville,

Vic. 3010, Australia.

E-mail: mfc.mcbride@gmail.com

ABSTRACT

Aim Expert knowledge routinely informs ecological research and decision-

making. Its reliability is often questioned, but is rarely subject to empirical testing

and validation. We investigate the ability of experts to make quantitative

predictions of variables for which the answers are known.

Location Global.

Methods Experts in four ecological subfields were asked to make predictions

about the outcomes of scientific studies, in the form of unpublished (in press)

journal articles, based on information in the article introduction and methods

sections. Estimates from students were elicited for one case study for comparison.

For each variable, participants assessed a lower and upper bound, best guess and

level of confidence that the observed value will lie within their ascribed interval.

Responses were assessed for (1) accuracy: the degree to which predictions

corresponded with observed experimental results, (2) informativeness: precision

of the uncertainty bounds, and (3) calibration: degree to which the uncertainty

bounds contained the truth as often as specified.

Results Expert responses were found to be overconfident, specifying 80%

confidence intervals that captured the truth only 49–65% of the time. In

contrast, student 80% intervals captured the truth 76% of the time, displaying

close to perfect calibration. Best estimates from experts were on average more

accurate than those from students. The best students outperformed the worst

experts. No consistent relationships were observed between performance and

years of experience, publication record or self-assessment of expertise.

Main conclusions Experts possess valuable knowledge but may require training

to communicate this knowledge accurately. Expert status is a poor guide to good

performance. In the absence of training and information on past performance,

simple averages of expert responses provide a robust counter to individual

variation in performance.
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alternative source of information for decision-makers (Ku-

hnert et al., 2010).

Quantitative predictions from experts are of particular use

for decision-making (Winkler, 1967). Expert estimates of facts

and future events have been evaluated in many fields, including

weather forecasting (Murphy & Winkler, 1984), accounting

(Ashton, 1974), finance (Önkal et al., 2003), clinical medicine

(Christensen-Szalanski et al., 1982), psychiatry (Oskamp,

1965) and engineering (Jorgensen et al., 2004). Reliable good

judgments have been reported for meteorologists and bridge

players (Murphy & Winkler, 1977; Keren, 1987; Camerer &

Johnson, 1991; Shanteau, 1992; Ericsson & Lehmann, 1996;

Weiss et al., 2006; McKenzie et al., 2008); however, in most

other disciplines, expert judgments are frequently shown to be

inaccurate, biased and overconfident. Typically, metrics of

expertise such as experience and level of training are only

weakly related to performance (e.g. Camerer & Johnson, 1991;

Burgman et al., 2011). In some cases, experts perform the same

as, or worse, than novices (Camerer & Johnson, 1991).

Expert skill is based on domain knowledge and repeated

experience on relevant tasks with high-quality feedback

(Ericsson & Kintsch, 1995; Ericsson, 2004). In domains where

experts receive high levels of immediate, informative feedback,

and there are incentives to improve, they learn to make

accurate quantitative judgments (Hearst, 1988). Where these

conditions are lacking, experts are likely to have difficulty

making judgments (Fischhoff, 1990; Bolger, 1995). For exam-

ple, ineffective environmental practices frequently persist

simply because management agencies cannot be sure whether

their successes or failures are a result of their actions (e.g.

Hilborn & Ludwig, 1993; Sutherland, 2006; Roura-Pascual

et al., 2009).

While expert judgment is frequently used for ecological

decision-making, few studies have directly investigated the

validity of expert knowledge in ecological contexts (Iglesias &

Kothmann, 1998; Johnson & Gillingham, 2004; Burgman et al.,

2005). Some expert judgments have been validated for species

habitat models: in many of these cases, expert knowledge has

improved model accuracy (e.g. Seoane et al., 2005; Doswald

et al., 2007; Irvine et al., 2009; Murray et al., 2009), although

this is not always the case (e.g. McCoy et al., 1999; Pearce

et al., 2001; Lele & Allen, 2006). Bias (e.g. Crome et al., 1996;

Campbell, 2002; McCarthy et al., 2004; Scholes & Biggs, 2006;

Whitfield et al., 2008) and errors (e.g. Stanley & Skagen, 2007;

Kuhnert et al., 2010) in judgments have been apparent in a

number of ecological contexts. Very little work has been

performed in ecology evaluating experts’ assessments of

uncertainty (but see Rothlisberger et al., 2010). Perhaps the

most consistent finding is the large, sometimes non-overlap-

ping variation in estimates between experts (e.g. Morgan et al.,

2001; Yamada et al., 2003; Czembor & Vesk, 2009).

The inconclusiveness and relative scarcity of evaluations of

expert ecological knowledge represent a serious gap in applied

ecology. The findings from other domains indicate that

evaluation is necessary and that there is a role for a rigorous

testing framework for expert knowledge. Furthermore, we

speculate that ecology does not offer the conditions for readily

verifiable, timely, unambiguous feedback (Hilborn & Ludwig,

1993; Carpenter, 2002; Fazey et al., 2005). In such cases, it is

important to find out how experts actually perform, especially

when their judgments are used to inform environmental policy

and management decision-making.

In this study, we investigate the performance of ecological

experts by asking them to make a range of quantitative

predictions about the outcomes of scientific studies, in the

form of unpublished (in press) journal articles. The questions

test the ability of experts to extrapolate their existing knowl-

edge to new settings within their field of expertise. We assess

the degree to which expert predictions match observed

experimental results and their ability to reliably assign

uncertainty bounds to their estimates. We investigate relation-

ships between experience, publication record, peer recognition

and performance. The results provide insight into how

ecological experts may be able to best inform environmental

decisions.

METHODS

Defining ‘good’ judgment

Good quality judgments are those that ‘exhibit a close

correspondence with the observed outcome’ (Murphy, 1993).

When estimates from experts include uncertainty, we are

interested in their:

1. Accuracy: the degree to which an expert’s judgments

correspond to the truth (external validity), and

2. Informativeness: the sharpness or level of precision with

which a forecast predicts the true outcome (narrower confi-

dence intervals indicate more informative responses).

High-quality forecasts will be those that are both accurate

and informative [i.e. close to the truth and with justifiably

confident (narrow) intervals]. Often there will be a trade-off

between the two. For example, experts may specify overly wide

bounds to guarantee including the truth.

Evaluation metrics

We focus on three aspects of response quality that have

received considerable attention in the literature: (1) the

calibration of confidence intervals, (2) interval informative-

ness, and (3) accuracy of point estimates.

Evaluation of interval calibration

In this study, an expert is well calibrated if, over the long run,

for all predictions assigned a given probability the proportion

that are true equals the probability assigned (Lichtenstein &

Fischhoff, 1980). For example, if a well-calibrated expert

provides estimates of lower and upper bounds (intervals) for a

set of 10 quantities and states they are 80% confident that each

interval will contain the true value, we expect the true value to

fall within the bounds in 8 out of 10 cases. We refer to this

M. F. McBride et al.

2 Diversity and Distributions, 1–13, ª 2012 Blackwell Publishing Ltd



observed proportion of intervals that contain the truth as the

‘hit rate’. An interval with an expressed confidence level such as

80% is a subjective confidence interval (Savage, 1954).

However, for brevity, we refer to ‘80% subjective confidence

intervals’ as ‘80% intervals’ and use ‘confidence interval’ to

refer to frequentist confidence intervals.

Evaluation of interval informativeness

The informativeness of a distribution measures how concen-

trated it is. Information must be assessed relative to some

background distribution, usually the uniform or loguniform

distribution. If expert i assesses probability distributions for N

quantities, Cooke’s information score (Cooke, 1991) calculates

the average relative information as

Ii ¼
1

N

XN

n¼1
Iðfi;njgnÞ; ð1Þ

where gn is the background probability density for quantity n

over the total range Rn
t and fi,n is the probability density

function associated with expert i’s response. The quantity

I(f | g) of f with respect to g is also known as the Kullback–

Leibler distance. The total range for each variable is defined as

Rn
t ¼ ½qLn; qUn�; ð2Þ

such that the probability that the true value would fall outside

the range [qLn, qUn] is expected to be zero or very close to zero.

For example, in the cases of proportions, the total range is

naturally defined as [0,1]. Where there is no natural total

range, the range can be defined using the ‘10% overshoot rule’

(Cooke, 1991): 10% less than the minimum 5% quantile

assessed by any expert, and 10% greater than the maximum of

the 95% quantile assessed by any expert.

Evaluation of point estimates

Performance metrics for point estimates focus on assessment

of the difference between the prediction r (the expert’s best

estimate) and observed value x. For prediction rn from expert i

and outcome xn, we define the prediction error for quantity Xn

as

en ¼ xn � rn; n ¼ 1; . . . ;N; ð3Þ

where N is the number of quantities being assessed. For a set of

predictions, performance is then assessed as the average error

across quantities, standardized for differences in question

responses scale. Commonly applied indices of accuracy include

the Mean Absolute Percentage Error (MAPE), Median Abso-

lute Percentage Error (MdAPE) and Root Mean Absolute

Percentage Error (RMAPE) (Hyndman & Koehler, 2006).

However, MAPE, RMAPE and related metrics may be overly

influenced by performance on individual questions. For

instance, if the realized outcome is close to zero, error values

are inflated (Makridakis, 1993; Jose & Winkler, 2008). An

alternative approach is to standardize each response by the

range of responses for that question, known as range-coding.

Expressing each response r0ni from expert i for quantity n in

range-coded form gives

rn
i ¼

r0ni � r0nmin

r0nmax � r0nmin

� �
; ð4Þ

where rn
i is the range-coded response, r0nmax is the maximum of

the all expert responses assessed for quantity n (including the

true value), and r0nmin is the minimum of the all expert responses

assessed for quantity n (including the true value). Range-

coding is used to equalize the weight or contribution of a

variable to the results of an analysis, for example, in character

coding in phylogenetic analysis (e.g. Archie, 1985), and raster

data in GIS (e.g. de Smith, 2009). Using the range-coded

responses, we then calculated performance as the average log-

ratio error (ALRE; Burgman et al., 2011),

ALREi ¼
1

N

XN

n¼1
log10

xn þ 1

rn
i þ 1

� �����
����; ð5Þ

where N is the number of quantities, rn
i is the range-coded

prediction, and xn is the range-coded observed (true) value.

Using the range-coded responses, the ALRE has a maximum

score of log10(2) (0.31) when the true value coincides with the

group minimum and/or maximum for the question, and a best

possible score of zero.

Selection of journal articles

We obtained permission from the editorial board and

publisher to use in press and recently available online articles

from the journal Diversity and Distributions. This is a ‘journal

of conservation biogeography’, publishing papers concerned

with ‘the application of biogeographical principles, theories

and analyses (being those concerned with the distributional

dynamics of taxa and assemblages) to problems concerning the

conservation of biodiversity’ (Richardson & Whittaker, 2010).

It was selected because it addresses a diverse range of ecological

systems and contexts, and one of the authors (MAB) was on

the editorial board. Four research articles were selected from

the journal for use in the study over the course of 2008–2010.

Selected articles presented results that could be used to develop

prediction questions for experts and covered a broad spectrum

of sub-disciplines and study organisms within ecology

(Table 1; studies 1–4, respectively). Permission was obtained

from the authors to make use of their articles in this research.

Studies 1 and 2 made use of in press articles not available

online at the time of the survey. Studies 3 and 4 made use of in

press articles available online during the period experts

completed the questionnaires. Experts were asked to indicate

whether they had previously read a version of the paper. One

expert indicated they were familiar with the study in question

and their responses were not used in the analysis.

Expert questionnaires

Questionnaires were constructed as interactive pdf forms. Each

questionnaire contained a set of demographic and professional

Evaluating expert predictions under uncertainty
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questions of the experts themselves, and a further 8–13

questions addressing the primary outcomes of the study,

hereafter termed the evaluation questions. Each questionnaire

provided an overview of the article aims, a summary of any

relevant definitions and methods, and information explaining

how to use the 4-point estimation method for interval

judgments, based on the work of Speirs-Bridge et al. (2010).

Each questionnaire was designed to be completed within 20 to

30 min (refer to Appendix S1–S4 in Supporting Information

for complete questionnaires).

Demographic questions provided information on experts’

current position and institutional affiliations, qualifications,

gender, years of experience and areas of professional expertise. In

addition, experts were asked ‘If asked, would you have felt

qualified to review this article?’ (Y/N). They indicated their level

of familiarity with the study on a 4-point scale ranging from 1.

not at all familiar (e.g. no prior knowledge) to 4. very familiar

(e.g. reviewer, colleague, collaborator, etc.). An additional

question was included in studies 3 and 4 that asked experts to

rank their expertise for answering the questions on a scale of 1–

10 (with 1 being ‘no knowledge’, and 10 being ‘the person most

qualified to answer this questionnaire, not including the authors

of this study’). This question was designed to assess the ability of

experts to rate their own expertise and to provide a more direct

assessment of expertise than years experience or number of

publications (which relate to seniority).

Evaluation questions

Evaluation questions asked experts to predict several quantities

including averages, percentages, probabilities and proportions.

Experts were directed to give estimates of an observed

experimental result, not any underlying ‘true’ value. Thus,

their responses took into account anticipated errors and biases

in results introduced by the experimental methods. Exactly

which quantities experts were asked to estimate was deter-

mined by the type and number of results in the article. Where

possible, quantities were selected for which the expert would

have relevant direct experience.

Question format followed a 4-point estimation method that

has been shown to reduce overconfidence in expert responses

(Speirs-Bridge et al., 2010). Using this method, experts are

asked to estimate their (1) Lower limit, (2) Upper limit, (3)

Best guess, and (4) Level of confidence that the reported value

of the variable in the given study lies between these limits

(Fig. 1). A background information document containing the

complete introduction and methods sections with the most

relevant information highlighted for each article was provided

to the experts.

Participants

Experts

Keyword searches were conducted on Google Scholar and ISI

Web of Science to identify experts who had published on

topics closely related to each journal article. Additional experts

with relevant experience were identified via referrals from

colleagues. A total of 209 experts were contacted, of which 42

experts returned completed questionnaires, a response rate of

20% (Table 1). An additional 15% of experts responded to the

email invitation declining to participate either because of time

commitments (10%) or because they felt underqualified to

complete the questionnaire (5%). Participants were primarily

affiliated with universities (67%) or government (24%). The

majority (75%) of participants were men. They had a median

of 14 years experience, and with the exception of two

participants reported 5 years or more relevant experience. An

average of 74% of experts who participated felt qualified to

review the article they responded to questions on. The average

self-rating of expertise on a scale of 1–10 was 6 and 5.75 for

studies 3 and 4, respectively.

Students

Responses were solicited for study 3 (‘invasive fish’) from

students in a third-year marine botany course at the University

of Melbourne. A total of 17 students completed questionnaires.

The majority (62.5%) of student participants were women.

Three students were in a Masters program and held Bachelors

degrees, and 14 were final year undergraduates. One student

also worked as a technician, and one student was affiliated with

the private sector and had 4 years experience as a research

consultant.

Procedure

Experts

Invitations were emailed to experts on a rolling basis over

several weeks for each questionnaire. For studies 1 and 2,

additional experts were contacted in a second round of emails

to supplement initial response numbers. In total, groups of up

to 50 experts were contacted for each study to compensate for

low response rates. Selected experts were emailed with

information about the study, an invitation to participate, the

background information and expert questionnaire. Experts

were asked to first review the aims and methods of the study

covered in the background documentation and then to

complete the questionnaire. They were informed that all

responses would remain anonymous. Experts were asked to

i. Realistically, the number of introduced species could be as low as  species

ii. Realistically, the number of introduced species could be as high as  species

iv. For the interval I've created above (from lower to upper), I think the chance that 
the number of introduced species observed will fall in this interval is:

        (type a number between 0 and 100) %

1a.) The number of introduced freshwater fish species in California:

iii. Best guess of the number of introduced species  species

Figure 1 Example question using the 4-point estimation method.

Evaluating expert predictions under uncertainty
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complete responses within a month and were sent a reminder

email 1 week before the specified due date, although some

responses were received much later. For questionnaires com-

pleted once the article was available online, we ensured the

respondents had not seen the final publication before answering.

Students

Students in the marine biology class were given the opportu-

nity to complete the questionnaire voluntarily for the chance of

a book voucher for the best performing responses. They

completed the questionnaire during an initial 20-min class

session. Students were given a brief introductory presentation

describing the aims of the project prior to completing the

questionnaire. They received the same background informa-

tion and completed the same questionnaire as the experts, and

answered a subset of the professional experience questions

presented to experts, including occupation, affiliation, quali-

fications, years experience, gender and areas of professional

experience.

Analysis of responses

A total of 580 response sets were analysed across 31 questions

(Table 1). Expert responses were evaluated against observed

experimental results in the four articles. The results reported in

each article are themselves subject to sampling and measure-

ment error, and so serve only as an approximation of the truth.

Experts were asked to keep this in mind when making their

estimates; though, we recognize how to do this is not

straightforward. Observations of expert discussions of reason-

ing processes at a workshop in which herpetologists answered a

similar set of evaluation questions suggest that experts attempt

to account for the experimental methods in generating their

estimates. However, for the purpose of these analyses, we treat

the data reported as the ‘truth’. For example, when we discuss

intervals as capturing the truth, we mean including the values

reported in the journal article.

Evaluation of interval calibration and informativeness

The 4-point method frequently results in intervals of different

assigned confidence levels. Intervals were standardized to a

common confidence level of 80% to allow for comparison. We

refer to these intervals as derived 80% intervals. Adjustments

were made by fitting a beta-PERT distribution to responses for

each question (lower bound, upper bound, best guess and

confidence level), a specially constrained beta distribution often

used for expert judgments, that is fitted using estimates of

minimum, maximum and most likely values (Vose, 1996).

Parameters were fitted using least squares regression and treating

the best guess as the distribution mode, providing a good

approximation of the expert’s uncertainty in almost all cases.

Interval hit rates are reported using these derived 80% intervals.

To examine differences in calibration at different levels of

confidence, unadjusted responses were grouped according to

assigned interval confidence for the experts in each study (i.e.

0.5, 0.6, 0.7, 0.8, 0.9, 1; rounded to the closest probability

category). These were then used to generate calibration curves

(Lichtenstein & Fischhoff, 1977), plots of expected hit rates

against observed hit rates for each study. Interval informative-

ness was evaluated using Cooke’s relative information score

(equation 1) for each expert. We undertook a meta-analysis to

pool individual study estimates and determine an overall mean

hit rate (Borenstein et al., 2009; Harrison, 2010). We used the

method of Hedges and Vevea (Hedges & Olkin, 1985; Hedges

& Vevea, 1998) and fitted a random-effects model to account

for between-study variance, providing inferences beyond

studies used in the analysis.

Evaluation of point estimates

Average log-ratio error (ALRE) scores were calculated for

each expert’s best estimates. We compared the average expert

performance, the best and worst performing expert, the most

experienced and best ranked expert (according to expert self-

assessment) for each study. We took a linear combination of

the responses from each expert (i.e. the average) for each

question and calculated ALRE scores to assess the benefit of

pooling inputs from multiple experts (e.g. see Clemen &

Winkler, 1999).

Relationships between performance and expert qualifiers

We tested for pairwise correlations between the three perfor-

mance metrics (hit rate, ALRE and informativeness) and years

experience, number of publications, self-assessment of exper-

tise, and reviewer status for experts in each of the four study

expert groups. We applied the meta-analysis approach outlined

above to calculate an overall mean correlation for each pairwise

relationship.

RESULTS

In all four studies, experts exhibited overconfidence at the 80%

level (Table 2). Average hit rates ranged from 49% to 63%, all

well below the desired 80% confidence level. Hit rates varied

substantially between individuals and questions. Of the 42

expert participants, 16 provided responses for which the

Table 2 Average hit rates with 95% confidence intervals for the

expert and student groups.

Experience

level Study

Average hit

rate (%) 95% CI

Experts 1 Clonal plants 49 33–66

2 Wombat fatalities 58 34–82

3 Invasive fish 57 40–74

4 Bird diversity 63 48–79

Pooled 57 51–63

Students 5 Invasive fish –

students

76 63–90

M. F. McBride et al.
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derived 80% intervals were well calibrated (defined here as

80 ± 5%). Six experts had derived 80% intervals that captured

the truth 100% of the time and two experts gave responses for

which the derived intervals had zero hits. The calibration

curves for the pooled, unadjusted responses from each expert

group revealed similarly high levels of overconfidence (Fig. 2).

In each case, probabilities assigned to each probability category

(e.g. 0.5, 0.6, 0.7) corresponded poorly or not at all to the

observed frequencies.

Student performance

The student group had an average hit rate of 76% (95%

CI = 63–90%), exhibiting close to perfect calibration. While

they achieved a higher hit rate than the expert groups, it was

not significantly different from the corresponding expert group

(Table 2). Similar to the expert groups, the inter-student

variation in average hit rate was high. Differences in the spread

of responses for expert and student groups are illustrated in

Fig. 3 for study 3, question 1. In this question, 4 of 9 experts

and 12 of 17 students provided 80% intervals capturing the

truth, group hit rates of 44% and 71%, respectively. Students

achieved higher hit rates by providing much wider intervals.

Similar response patterns were observed in questions 2–13.

Point estimates

Average error levels for each expert varied considerably

between individual questions (Fig. 4; reflected in the wide

error bars). Performance for the most experienced expert was

mixed: they performed worse than average for studies 1, 2

and 3 and corresponded to the best performing expert for

study 4. For studies 3 and 4, where participants supplied self-

assessments of expertise, the highest ranked experts corre-

sponded in both cases to the expert with the worst overall

performance. In all studies, the performance of the responses

constructed using the linear opinion pool (average) of the

expert responses was better than the performance of the

average individual.

Comparison of ALRE scores for expert and student

responses in study 3 suggested experts were slightly more

accurate on average (Table 3). The average student and student

linear opinion pool performed slightly worse than their expert

counterparts. However, differences were small and not signif-

icant at a 95% level. The best performing student performed

better than the average expert, and the worst performing expert

was outperformed by the student average.

Relationships between performance and expert status

Correlations between the three performance metrics and

between years experience, number of publications, and reviewer

status are reported in Table 4. Hit rate was negatively correlated

with informativeness in all four studies (overall mean Pearson’s

�r = )0.55, 95% CI = )0.75 to )0.25) suggesting that experts

achieved higher hit rates by providing wider, less informative

intervals (Fig. 5). Years experience was positively related to

number of publications (Pearson’s �r = )0.37, 95% CI = 0.04–

0.64) and self-assessments were positively related with higher

(worse) ALRE scores (Pearson’s �r = 0.48, 95% CI = 0.02–0.77),
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Figure 2 Comparison of assigned prob-

ability to observed frequency (‘calibration

curves’) for unadjusted judgments pooled

across experts for the (a) clonal plants,

(b) wombat fatalities, (c) invasive fish and

(d) bird diversity studies. Dashed lines

correspond to perfect calibration and solid

lines depict the observed expert frequen-

cies. Points on a calibration curve

falling below the dashed line signal

overconfidence.
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suggesting that individuals with greater self-assessed expertise

may tend to have larger errors.

Experts with lower (better) ALRE scores tended to achieve

higher hit rates (Pearson’s �r = )0.40, 95% CI = )0.65 to 0.06)

and provide more informative intervals (Pearson’s �r = )0.19,

95% CI = )0.50 to 0.16). There was some also evidence that

experts with greater numbers of publications had lower hit

rates (Pearson’s �r = )0.25, 95% CI = )0.55 to 0.10). However,

these relationships are tentative and calculated confidence

intervals for the pooled correlations may be conservative (i.e.

too narrow), as difficulties arise in correctly estimating

between-study variance for small numbers of studies (Hedges

& Vevea, 1998). The contradictory trends observed across

studies for many of the pairings also suggest the presence of

additional sources of variance that are unaccounted for.

Experts who felt qualified to review the journal articles also

had lower hit rates and higher ALRE scores than those who did

not feel qualified in all four cases. However, the small sample

sizes involved precluded any formal testing of this relationship.

DISCUSSION

Experts had consistently high levels of overconfidence in all

four case studies. The derived 80% confidence intervals based

on the experts’ responses captured the truth on average only

49–63% of the time. This is in line with the rates of 30–60%

overconfidence (i.e. hit rates of 30–60% for 90% intervals)

typically reported in the literature (e.g. Önkal et al., 2003; Soll

& Klayman, 2004; Speirs-Bridge et al., 2010). What is striking,

however, is the contrast between expert and student calibra-

tion. While experts were 17–31% overconfident, students’

derived 80% confidence intervals captured the truth on average

76% of the time, meaning they were, on average, almost

perfectly calibrated. Differences in hit rates between experts

and between experts and students could largely be accounted

for by the precision of the intervals they provided (Table 4,

row 2; Figs 3 & 5); few individuals excelled at both. More

knowledgeable individuals frequently achieve similar levels of

calibration to less knowledgeable individuals by providing

better placed, but narrower intervals (e.g. Önkal et al., 2003;

McKenzie et al., 2008). This accuracy-precision trade-off

(Yaniv & Foster, 1995; Yaniv, 1997) has been attributed to

social pressure to provide informative predictions: people

value informative, inaccurate forecasts over accurate but less

informative forecasts (Yates et al., 1996). Students may have

provided appropriately wide intervals because they did not

consider themselves to be expert.

The consistent finding of overconfidence has important

implications for the use of expert estimates of uncertainty. If

responses from this study had been used as priors in a Bayesian

analysis for example, they would have been overly precise and

misleading given the experts’ knowledge. If results from these

studies generalize to other cases, they suggest that bounds

provided in studies such as O’Neill et al. (2008) and Murray

et al. (2009) might be overconfident. As Fig. 5 illustrates, the

trade-off between the interval accuracy and precision is

marked. Results from other fields suggest that training in the

form of practice with adequate feedback may reduce overcon-

fidence (Bolger & Önkal-Atay, 2004). Even two or three

feedback sessions can assist in improving calibration levels for

poorly calibrated experts within their domain (e.g. Lichtenstein

et al., 1982). We speculate that if experts were systematically

exposed to such feedback as part of their formal training,

assessments would be much better calibrated.

Previous studies of expert judgment have consistently found

no relationship between performance and metrics such as years

experience or peer status (e.g. Armstrong, 1980; Camerer &

Johnson, 1991; Shanteau, 1992; Cooke et al., 2008; McKenzie

et al., 2008; Burgman et al., 2011). Our findings support this.

Interestingly, we also found evidence that individuals with

greater self-assessments of expertise had less accurate ALRE

scores. A recent study involving a similar style of expertise self-

assessment noted this same relationship (Önkal et al., 2009).

Several authors have speculated that greater expertise may

reduce performance by leaving individuals more susceptible to

confirmation bias (e.g. Armstrong, 1980; Camerer & Johnson,

1991; Koehler, 1993). They become less likely to seek

counterfactual evidence and thus may be outperformed by

non-experts who use such evidence. Tetlock (2005), for

example, found that style of reasoning rather than level of

0 50 100 150
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Number of species
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Figure 3 Example of the spread of responses for question 1, study

3 for the (a) experts (n = 9), and (b) students (n = 17). Individual

responses are reported along the y-axes. Grey lines depict the 80%

derived intervals for each participant, with black dots marking the

location of the best guess. The grey vertical lines show the true

value. The linear opinion pool estimates constructed from re-

sponses in each group are shown at the bottom in solid black.
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expertise predicted performance in forecasting geo-political

events. The individuals who performed best were those with a

more ‘open’ mindset, willing to contemplate multiple possible

scenarios and hypotheses. The implications for decision-

makers are to avoid the temptation to rely on input from

one or a few specialist experts. In the absence of explicit

information on performance, aggregate measures such as the

linear opinion pool are likely to represent the best course of

action for decision-makers (Clemen & Winkler, 1999; Arm-

strong, 2001). The robust performance of the group opinion

pool observed here is consistent with this recommendation.

Study limitations

Evaluation studies that report poor expert performance are

sometimes criticized because the tasks were too hard or not

appropriate, and/or the experts were not the right experts (e.g.

Dawes et al., 1989; Tetlock, 2005). Ours was an admittedly

artificial context in the sense that the experts do not necessarily

represent the group of experts that would actually have been

convened to answer these questions in a real expert judgment

context. However, the experts had all worked or published

directly on the topic of interest or on a closely related topic.

While the questions may be considered to be ‘hard’ in the sense

that experts were requested to make inferences outside their

direct field of expertise and experience, we would argue that

they are representative of the type and level of difficulty often

required by experts.

Further work remains to see whether and how expert

performance differs across different task environments within

ecology. In our analyses, small sample sizes may have

precluded detection of trends between performance and

experience, publications and self-assessment of expertise.

Table 3 Average log-ratio error (ALRE) scores for study 3

(‘Invasive fish’) for the expert and student groups. Lower ALRE

scores correspond to greater accuracy.

Experts Students

Average performance 0.07 (0.06–0.08) 0.08 (0.07–0.10)

Worst performance 0.10 (0.06–0.13) 0.12 (0.08–0.16)

Best performance 0.05 (0.03–0.07) 0.06 (0.04–0.08)

Most experienced 0.07 (0.05–0.10)

Best ranked 0.10 (0.06–0.13)

Opinion pool 0.04 (0.02–0.06) 0.05 (0.03–0.07)

Values in parentheses show 95% confidence intervals.
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Figure 4 Summary of average log-ratio

error (ALRE) scores for the (a) clonal

plants, (b) wombat fatalities, (c) invasive

fish and (d) bird diversity studies. Lower

ALRE scores correspond to greater accu-

racy. Error bars for average performance

(of group members) represent 95% con-

fidence intervals (CI) across group mem-

bers. Error bars in all other cases represent

95% CIs on ALRE scores across questions.

Dashed lines show performance of the

group linear opinion pool. Note that

ALRE scores are scaled according to the set

of responses for a particular expert group

and are not directly comparable across

studies.
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Additional studies of expert judgment performance would test

our tentative conclusions. More refined, task-specific measures

of expertise than years experience and number of publications

could be tested; however, the literature overwhelmingly does

not support the idea that this will improve our ability to

predict performance.

Future directions

The results of this study suggest that it is important to evaluate

expert opinion in ecology. Evaluation allows us to learn more

about expert knowledge, its limitations and when it can be

applied reliably. Experts possess valuable knowledge, but may

require training to convey this knowledge accurately to decision-

makers. In the absence of training or information about past

performance, use of aggregate responses may represent the most

reliable approach, providing input from multiple experts and

countering individual variation in performance.
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Figure 5 Relationship between hit rate and informativeness for

experts in each study. Least squares regression lines are displayed

for each expert group. The negative slopes illustrate the trade-off

between accuracy (hit rate) and precision (informativeness) for

experts in specifying interval responses. Informativeness scores are

specific to the questions asked and are not directly comparable

across studies.

Table 4 Pearson correlations between performance measures (hit rate, ALRE, informativeness) and expert qualifiers (years experience,

number of publications and self-assessment of expertise) for experts in each study and pooled across studies.

Study Correlation

1 2 3 4

Clonal plants Wombat fatalities Invasive fish Bird diversity Pooled mean* [95% CI]

Hit rate ALRE )0.08 (0.81) )0.63 (0.10) )0.69 (0.04) )0.33 (0.30) )0.40 [)0.65 to 0.06]

Informativeness )0.59 (0.03) )0.11 (0.81) )0.58 (0.10) )0.66 (0.02) )0.55 [)0.75 to )0.25]

Experience )0.20 (0.51) )0.03 (0.95) 0.42 (0.26) 0.18 (0.58) 0.07 [)0.28 to 0.40]

Publications )0.16 (0.59) )0.35 (0.40) )0.38 (0.32) )0.20 (0.54) )0.25 [)0.55 to 0.10]

Self-assessment )0.27 (0.48) )0.07 (0.84) )0.15 [)0.58 to 0.34]

ALRE Informativeness )0.03 (0.93) )0.46 (0.26) 0.05 (0.90) )0.36 (0.26) )0.19 [)0.50 to 0.16]

Experience )0.31 (0.30) 0.35 (0.40) 0.13 (0.73) )0.57 (0.05) )0.19 [)0.55 to 0.23]

Publications )0.47 (0.10) 0.14 (0.75) 0.74 (0.02) )0.15 (0.65) 0.07 [)0.49 to 0.59]

Self-assessment 0.65 (0.06) 0.34 (0.28) 0.48 [0.02 to 0.77]

Informativeness Experience 0.62 (0.03) )0.23 (0.59) )0.25 (0.51) 0.07 (0.82) 0.13 [)0.33 to 0.54]

Publications 0.34 (0.25) 0.23 (0.58) )0.31 (0.41) 0.12 (0.72) 0.13 [)0.23 to 0.45]

Expertise )0.50 (0.17) )0.02 (0.96) )0.23 [)0.63 to 0.27]

Experience Publications 0.44 (0.13) 0.67 (0.07) 0.04 (0.93) 0.30 (0.35) 0.37 [0.04 to 0.64]

Self-assessment 0.04 (0.92) )0.03 (0.92) 0.00 [)0.47 to 0.47]

Self-assessment Publications 0.94 (0.00) )0.30 (0.35) 0.60 [)0.86 to 0.99]

ALRE, average log-ratio error.

Correlations between variables > 0.5 are highlighted in grey.

*Pooled mean estimates for correlations involving self-assessment are calculated on the basis of two studies. Random-effects models perform poorly

for small study numbers and, particularly where between-group heterogeneity is high, these bounds are likely to be overly conservative (i.e. too

narrow).
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