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Debiasing training reduces
confirmation bias in national risk
analysts

Bas Heerma van Voss('*, Haewon Yoon®?, Irene Scopelliti®?, Rowena Zweet®*,
Ira Helsloot®?® & Carey K. Morewedge®®

State risk forecasts are crucial for allocating resources to address international and domestic threats
such as war, pandemics, and climate change. These risk forecasts largely rely on human judgment,
which is often susceptible to cognitive biases. We conducted an experiment involving the majority of
national risk analysts in a European country and a matched sample of masters students to compare
their susceptibility to confirmation bias and bias blind spot in judgments related and unrelated to
national risk. Additionally, we evaluated the effectiveness of a one-shot debiasing training intervention
across both samples. We find that analysts exhibit less confirmation bias than students within and
outside risk-related judgments. Crucially, a one-shot debiasing training session reduced confirmation
bias in both analyst and student groups. These findings suggest that cost-effective debiasing
interventions can improve expert judgment in national risk forecasting and provide evidence that
experience and expertise reduce cognitive bias more broadly than previously recognized.

Assessments of the risk of a pandemic, war, flood, or nuclear accident guide policy in domains central to
the safety and security of nations. Distortions of such risk assessments critically affect national risk analysis.
State risk forecasting relies on expert judgment by national risk analysts'. Unfortunately, even experts exhibit
systematic errors when predicting and forecasting future events®. A variety of biases and heuristics influence
the complex task of making policy relevant estimates of future risks, including confirmation bias, availability
bias, and bias blind spot>*. The impact and direction of some cognitive biases on risk forecasts is predictable.
Availability bias, for example, can lead analysts to overweigh the risk of disasters that are easily remembered.
Other biases distort judgments in less predictable directions. Confirmation bias, which leads people to search for,
interpret, and overweigh information that confirms their prior hypothesis, could lead analysts to underestimate
or overestimate a risk, depending on their priors. Because the direction and level of bias is often unknown,
forecasts cannot be corrected ex-post. Therefore, the influence and reduction of cognitive bias on assessments of
national risk analysts are matters of great policy relevance.

Cognitive biases affect the judgments of experts and novices in personal life and in professional domains
such as business and finance, medicine and pharmacology, law and forensic sciences, and even philosophy>~!!.
However, the extent to which experts differ from novices in their susceptibility to biases varies considerably
across domains, judgments, and cognitive biases. For example, physicians, students, and patients are similarly
affected by framing and loss aversion in their preference for medical treatments with differing levels of risk!2.
Conversely, experts exhibit less bias than novices in other domains such as complex subjects and judgments
involving repetitive tasks'®.

There is considerable individual-level variation in the ability to assess risks'4, and the impact of cognitive bias
in the domain of national risk analysis has been established within specific cases, such as analyses that supported
the US government’s decision to go to war in Iraq'>. However, national risk analysts are a rare enough group that,
to the best of our knowledge, no published experiments testing the incidence of cognitive biases on this group
exist. Considering the stakes of accurate national risk forecasts and their potential impact on national welfare,
understanding the impact of cognitive biases on the judgments of national risk analysts is of crucial importance.
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We examine the influence of confirmation bias on national risk analysts, as well as their susceptibility to
the bias blind spot, and whether debiasing interventions are effective with a population with this degree of
expertise. Confirmation bias entails the tendency to selectively search for, interpret, and weigh information in
ways that support the hypothesis or belief being tested'®!”. Since early demonstrations by Wason'®, a variety
of forms of confirmation bias have been identified". Studies of rule testing strategies, for example, show that
people search for evidence that would confirm rather than disconfirm the rule they are testing. There has been
debate on whether confirmation bias is an optimal strategy for human decision-making under conditions of
bounded computational capacity'®*. Indeed, there may be settings in which our tendency to confirm rather
than falsify our beliefs yields optimal results?!. However, qualitative investigations suggest that confirmation
bias can profoundly impair the accuracy of national risk analysis. For example, post-mortems on the decision
to invade Iraq found that American national risk analysts ‘tunneled” early on the conclusion that there were
weapons of mass destruction in Iraq. The impact of confirmation bias on the decision to go to war was confirmed
by analysts involved in the assessments'>?2. Confirmation bias could affect the national risk analysis process
at different stages. The various sources from which risk analysts acquire information make the true value of
each piece hard to ascertain. Risk analysts often make judgments involving uncertainty, such as estimates of the
validity of judgments by other experts (e.g., climate researchers) or predicting the future behavior of individuals
(e.g., politicians), and they require those uncertainties to be translated into probabilities.

Despite their professional training, expertise, and experience, confirmation bias in risk assessments may
escape detection by national risk analysts. People typically have access to the output of their intuitive judgments
(“Nuclear power plants feel unsafe”) but lack access to the associative process by which their intuitive judgments
are made. Because people rely on introspection to detect biases in their judgments, they less readily detect
bias in their own judgments than in the judgments of others and algorithms?»** whom they instead evaluate
based on their behavior?>?. This bias blind spot is not attenuated by cognitive sophistication?’, and while it
varies substantially among individuals, it does not correlate with intelligence, the actual incidence of bias, or
personality traits such as conscientiousness or self-esteem?. Although bias blind spot may not directly impact
risk assessments, it reduces the efficacy of debiasing interventions®’, and could thus indirectly affect risk analysis
by limiting learning effects.

Evidence suggests that even large economic incentives influence the prevalence of cognitive biases in
decision making®. By contrast, the impact of cognitive biases, including confirmation bias and bias blind
spot, can be reduced through debiasing interventions such as structured analytical techniques® 34, training>,
and observational learning®. Debiasing has been the subject of study for decades®® and there is evidence that
debiasing training can transfer across domains and to the field*®. The uptake of debiasing techniques by risk
analysts is not widespread®>**°, possibly due to the controversy regarding their efficacy, the potential for a floor
effect limiting their efficacy, or to bias blind spot leading analysts to perceive their own judgments as unbiased.

We conducted an experiment that assessed and attempted to reduce two cognitive biases in a sample of over
half of the national risk analyst population in a European country (N=71) and a comparison sample of students
enrolled in master’s programs in risk analysis (N=118). We examined the incidence of confirmation bias and
the bias blind spot in risk assessments within the two groups, and tested whether the prevalence of the biases
is consistent or differs within and outside domains in which risk analysts are experts (i.e., national risks). We
also examined whether a debiasing training intervention of the kind that is effective on novice samples®>3¢ can
effectively mitigate cognitive biases on such an expert sample.

Experiment, sample, and hypotheses

We conducted an experiment on a group of national risk analysts and a group of master’s students in risk-
related graduate programs. The national risk analyst group is a unique sample of contributors to a National
Risk Assessment (NRA) in a European country, with all contributors selected by its government. As part of
our agreement of anonymity, we do not disclose the name of the country. NRAs, as standardized by the OECD,
are conducted once every five years to map societal risks. To produce an NRA, national governments group
generalist societal risk experts with domain risk experts with expertise in (a subset of) territorial, physical,
ecological, economic and social risks. Together, the analysts identify the most significant societal risks and
estimate their impact and probabilities. The assessments inform risk prevention and mitigation policy. We
conducted our experiment at the concluding conference of an NRA, which is a rare occurrence bringing together
a large sample of national level risk analysts in one room.

We compared the expert risk analysts to a sample of students enrolled in master’s programs with an emphasis
on risk policy. These students are similar in demography to professional national risk analysts in several aspects,
such as gender balance and proficiency in English. None of the participants received monetary incentives. For
the risk analysts, the experiment and training were integrated into a conference session. For the students, the
experiment and debiasing training were integrated into their curriculum. In the preregistration (AsPredicted.
org, #94,994), we planned to recruit a sample of 50-70 analysts and a sample of 120 students. Both groups were
naturally limited in size, particularly the risk analyst sample, but were the upper bound of the samples achievable
in this context. With 71 analysts in total and 56 valid responses, the sample comprised between 50% and 60% of
all national level risk analysts within this country.

In the experiment, we administered scales measuring confirmation bias and the bias blind spot to participants
in both groups, both before and after a debiasing training intervention. The measures and the intervention
were administered in a similar controlled seminar room setting for both groups. The scales assessed biases in
judgments both within the risk domain (e.g., flood risk, nuclear safety, and terrorism) and in domains without
a link to national risk policy. The confirmation bias measures assessed the tendency to test hypotheses with
evidence that would confirm rather than falsify them. The bias blind spot measures assessed the extent to which
respondents think they are more or less biased than the average person.
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The debiasing intervention consisted of a scripted explanation of decision making biases and their effects,
and of a group exercise: Carter Racing, a well-known business case adapted from the decision by NASA to
launch the space shuttle Challenger, which illustrates the effects of confirmation bias on decision making (e.g.,
41,42). In total, the debiasing intervention took approximately 40 min. A full description of the experiments is
available in the methods section, and the materials used in the Supplementary Information.

This paradigm allowed us to answer three questions. First, to what extent do confirmation bias and bias
blind spot influence the judgments of national level risk analysts compared to a similar inexperienced sample?
Second, do the cognitive biases similarly influence judgments unrelated and related to national risk, a domain
in which national risk analysts have more expertise and experience? Third, do the groups similarly benefit from
a debiasing intervention?

With regards to confirmation bias, we hypothesized (H1) that professional risk analysts would exhibit
confirmation bias to the same extent as students on general domain tests of confirmation bias, but professional
risk analysts should exhibit less confirmation bias than students on risk domain tests. We based this hypothesis
on literature on expertise and cognitive biases, which demonstrated the benefits of experience and expertise to
have limited effects outside of the domain of expertise!**:2, We also hypothesized (H2) that students would
exhibit a greater reduction in confirmation bias following a debiasing intervention than analysts within the
risk domain, but that they would show similar reductions within general domain tests of confirmation bias.
We based this hypothesis on the assumption that lower confirmation bias scores among analysts in the risk
domain at pretest would allow less room for improvement (i.e., a floor effect). With regards to bias blind spot, we
hypothesized (H3) that at pretest, professional risk analysts should exhibit greater bias blind spot on both general
and risk domain tests of bias blind spot than students. We hypothesized (H4) that at posttest, students would
show a greater reduction in bias blind spot following a debiasing intervention in both general and risk domain
tests of bias blind spot. Both hypotheses are based on the assumption that analysts would be reluctant to admit
the impact of cognitive biases on their judgment and decisions, as it could be more threatening to experts, whose

professional status depends on accuracy*>*.

Results
Descriptive statistics can be found in the Supplementary Information. We report means in the paragraphs that
follow.

Confirmation bias

We examined the susceptibility of the analyst and student groups to confirmation bias using scales adapted from
previous work?®. In addition to items used in previous work, we created parallel items pertaining to national risk.
Items were scored as indicative of confirmation bias! or not (0), and these scores were averaged. Averages ranged
from 0 (indicating no confirmation bias) to 1 (indicating confirmation bias on all survey items). One-sample
t-tests (against 0) showed that analyst and student groups demonstrated confirmation bias in both general and
risk domains both at pretests and posttests (analysts; all Ms>0.351, all ts>14.052, all ps<0.001, all ds>1.895;
students; all Ms >0.453, all ts >21.245, all ps<0.001, all ds>1.973,).

We next compared groups (analysts, students; between-subjects), domains (risk, general; within-subjects) and
the effect of the intervention (pretest, posttest; within-subjects) in a three-way mixed ANOVA, which revealed
significant main effects of group [F(1, 169)=25.928, p<0.001, n_2=0.133] and intervention [F(1, 169)=20.744,
p<0.001, r]pz =0.109], suggesting that students demonstrated more confirmation bias than analysts and that both
groups demonstrated a significant reduction in confirmation bias from the pretest before the intervention to the
posttest after the intervention. The analysis did not yield a significant effect of domain (F<1). There were no
significant interactions (all Fs<1). See Fig. 1. These findings supported our first and second hypotheses (H1 and
H2) with regards to confirmation bias being lower for risk analysts than students in assessments of national risk.
Contrary to our predictions and the literature, confirmation bias was also lower in risk analysts than students in
more general domain assessments.

Contrary to our hypothesis that debiasing training would benefit students more (H2), debiasing training was
similarly effective at reducing confirmation bias for analysts and students. In an ANCOVA with pretest scores
as a covariate, we found that participants scored higher at pretest than at posttest (general: F(1, 168) =104.579,
p<0.001, qu =0.384 & risk: F(1, 168)=45.999, p<0.001, qu =0.215). Moreover, controlling for pretest scores,
analysts and student groups did not show significant differences at posttest (general: F(1, 168) =1.213, p=0.272
& risk: F(1, 168) =2.004, p=0.159).

These results are robust to the inclusion of demographic control variables. Previous knowledge of cognitive
biases, levels of education, work experience, proficiency in English, gender, and age did not have a significant
effect on pretest scores in a regression analysis (all P5>0.23) and did not eliminate the difference in bias incidence
across groups, which was still significant (P=0.012). Similarly, the lack of a relationship between group and the
debiasing effect was robust to demographic controls. Gender, however, showed a significant impact on debiasing
effects in the regression analysis, with female participants showing more improvement (p=0.008). See the
Supplementary Information for full regression results.

Bias blind spot

We examined general susceptibility to the bias blind spot at pretest and posttest on a validated scale ranging from
—6 to 6. We developed a complementary risk-specific bias blind spot scale by creating items in a national risk
domain. Negative scores indicate that participants perceived themselves to be more biased than others. Positive
scores indicate that participants perceived themselves to be less biased than others. 0 indicates no bias blind
spot. With one sample t-tests (tested against 0), we found that analysts and students exhibited bias blind spot in
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Fig. 1. Confirmation bias in the general and risk domains for student and national risk analyst groups, before
and after a debiasing training intervention (error bars represent 95% Cls).

general and risk domains in both pretests and posttests (analysts: all Ms>0.968, all ts>6.762, all ps <0.001, all
ds>0.90 ; students: all Ms >0.894, all ts>10.978, all ps<0.001, all ds>1.019).

We examined differences between groups and the effects of the intervention on susceptibility to bias blind
spot in a three-way mixed ANOVA, as we did for confirmation bias. This analysis revealed main effects of
domain [F(1, 163)=4.547, p=0.034, np*=0.027] and debiasing intervention [F(1, 163)=5.723, p=0.018,
np?=0.034], but no difference across groups (F < 1). That is, all participants demonstrated more bias blind spot in
the general domain than in the risk domain and before the intervention than after the intervention. There were
no significant differences between students and analysts. The results suggest that levels of bias blind spot were
more similar across experts and novices, and domains of expertise, than the literature suggests (H3 and H4).
We did observe a significant domain x group interaction [F(1, 163)=6.104, p=0.015, np?>=0.036]. A post hoc
analysis (Bonferroni-corrected) found that students demonstrated more bias blind spot in the general domain
than in the risk domain [t(163) =4.140, p <0.001, d =0.324], but analysts did not. None of the other interactions
were significant. See Fig. 2.

Bias blind spot has been unrelated to bias commission in previous work?? and we found no correlation in
our data. In both groups, bias blind spot scores were not correlated with confirmation bias scores in general
or risk domains at pretest or posttest [analyst group: all rs<0.09, all Ps>0.515; student group: all rs<0.023,
all Ps>0.808]. In addition, changes in bias blind spot scores from pretest to posttest were not correlated with
changes in confirmation bias from pretest to posttest [analyst group: all rs <0.099, all Ps>0.495; student group:
all rs<0.032, all Ps>0.737].

Discussion

Both groups exhibited confirmation bias within and outside their domain of expertise, with analysts exhibiting
less confirmation bias than students. While we hypothesized both groups would be susceptible to confirmation
bias and that analysts would show less confirmation bias within the risk domain, we did not hypothesize this effect
to generalize beyond their domain of expertise (H1). This result stands in contrast to the literature on expertise
and cognitive bias'>*42, and calls the previous consensus in this literature into question. Our robustness checks
suggest this advantage of experience and expertise was not driven by age, higher levels of education, more
exposure to research on cognitive biases, or higher proficiency in English (the language in which the study was
conducted). As we hypothesized, both analysts and students showed less confirmation bias following a debiasing
intervention in all domains. In line with our hypotheses, participants with higher susceptibility to bias at pretest
showed greater improvement at posttest (H2). However, contrary to our hypotheses, the effect of the debiasing
intervention was not different between groups (H2).

Both analysts and students also showed bias blind spot in all conditions. The similarity in bias blind spot
scores across groups, and lack of a correlation between the scores and susceptibility to confirmation bias, suggest
that analysts are as unattuned to their bias as students both before and after the debiasing training intervention,
contrary to our H3 and H4. Students showed less bias blind spot on risk items than general items. We speculate
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Fig. 2. Bias blind spot in the general and risk domain for student and national risk analyst groups, before and
after a debiasing training intervention (error bars represent 95% Cls).

that they perhaps showed more humility regarding their own performance in this domain where the stakes
appear higher.

The finding that both groups in all conditions showed confirmation bias and showed a similar improvement
after a debiasing intervention is relevant from a policy perspective. In light of research showing that the benefits
of debiasing training translate to the field*, while our data are limited to confirmation bias and bias blind spot,
our results suggest that debiasing training interventions is a low-cost intervention with considerable benefits
to national risk analysis and the subsequent policy decisions based on their assessments. Bias blind spot was
found among all groups in all conditions and did not correlate with confirmation bias scores, suggesting that
the participants in both groups were unattuned to their own level of bias. While analysts and students believed
themselves to be less biased than average, fortunately, their susceptibility to confirmation bias and bias blind spot
still benefitted from debiasing training and all groups showed less confirmation bias and bias blind spot after the
intervention. Of course, the cognitive biases were not completely eliminated by debiasing training. Debiasing
interventions that reduce bias through changes in choice architecture, like Structural Analytical Techniques?$-34,
might provide benefits complementary to training to further improve the risk assessments on which nations rely
to prepare for an uncertain future.

Methods
Our methods followed our preregistered plan (AsPredicted.org, #94,994).

Samples

The convenience sample of risk analysts consisted of all participants at a conference in a European country in
the fall of 2022 (see Table 1 below for demographics). At the conference, a network of general risk analysts and
domain-specific experts came together for the publication of the 5-year-ahead national risk analysis to which
they had contributed. The risk analysts were selected by the ministry responsible for delivering the national risk
analysis, and worked for the national government, universities, and private risk research institutes. The domain-
specific experts were selected for their expertise in analysis of territorial, physical, ecological, economic or social
risks, or national risk in general. The analysts spent an average of 27.1% (SD 22.6) of their working hours on risk
analysis. The convenience sample of students with which the analysts are compared consists of masters students
from three different universities, tested on three different occasions (see Table 1 below for demographics).

We recognize that the small sample of analysts is a limitation of the present study. However, considering the
scarcity of national level risk analysts, with the study involving more than half of all contributors to national risk
analysis in the country in which the experiment was conducted, and the lack of experimental evidence involving
this important professional group in the literature, we consider testing on a smaller sample size warranted.

We examined the sensitivity of the analyses to detect effects and interactions using G*Power. The observed pre-
post correlation (r=0.675) and general-risk domain correlation (r=0.906) revealed that the study had sufficient
power to detect all bias blind spot interactions. For the Time x Group interaction, the study could detect effects
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Analysts (N=71) | Students (N=118)
Age (M years) 42.9 (12.8) 22.8(2.0)
Female (frequency, %) 25 (35.2%) 57 (48.3%)
Highest education attained (M; range 0=high school, 6=PhD) | 4.2 (0.9) 2.2(1.8)
Work experience (M years) 18.7 (12.6) 1.0 (2.1)
Previous knowledge of cognitive bias (freq, %) 26 (47.3%) 12 (10.3%)
English proficiency (M; range 0-100, self-report) 76.1 (24.8) 77.1 (17.7)
Complete observations (freq, %) 56 (78.9%) 116 (98.3%)

Table 1. Demographics analyst and student samples. Central tendencies and variance are reported with means
and standard deviations.

as small as £=0.088, while the Domain x Group interaction had even better power with a detectable threshold
of £=0.047. The observed Domain x Group interaction effect (f=0.193, p=0.015) was more than four times
larger than the minimum detectable effect. The observed Time x Group interaction (f=0.128, p=0.107) was also
well above the detection threshold, indicating that while this effect was not significant, the study had adequate
power to detect a significant interaction, reducing the likelihood that the null result was due to insufficient
sensitivity. For the Time x Group interaction in confirmation bias, using the pre-post correlation (r=0.567), the
study could detect effects as small as f=0.100, while the Domain x Group interaction showed reduced power
due to the low correlation between general and risk confirmation bias domains (r=0.190), requiring effects of
£=0.137 to achieve adequate detection. The observed Time x Group effect (f=0.023, p=0.762) was only 23%
of the minimum detectable effect, while the Domain x Group effect (f=0.024, p=0.758) was only 17.5% of its
detection threshold. In short, both interactions showed small observed effects well below the respective detection
thresholds, supporting the conclusion that confirmation bias was not more effectively debiased between groups
and there were no domain-specific effects of expertise.

The experiment was carried out in accordance with relevant guidelines and regulations. Ethics approval
was obtained from the Assessment Committee Faculty of Law and Nijmegen School of Management (EACLM,
Ref No: 2022.01). The experiment was conducted in controlled classroom settings. As preregistered, at the
participant level, we excluded observations from those participants who did not fill in at least partially both the
pre and posttest survey, or that demonstrated a clear lack of understanding of the questionnaires, for example
by selecting more answers than allowed by a question. In addition, at the questionnaire level, we discarded
all questionnaires for which more than 20 percent of the items were not filled in. A total of 56 analysts and
116 students completed both questionnaires successfully. There is a lower share of analysts who completed the
questionnaires because several could only attend either the session before or after the debiasing training because
of prior work obligations. Informed consent was obtained from all subjects and confirmed in writing.

Measuring bias
In the experiment, participants were tested for bias on the basis of questionnaires containing scale items. The
scales were based on measures from Morewedge et al.*® for confirmation bias and Scopelliti et al.?® for bias blind
spot. We measured confirmation bias using two types of items. The first type (Rule Identification Cards, RIC)
was based on Wason’s (1960) card selection task (3 items); the second type (Applied Hypothesis Testing, AHT)
on Tschirgi’s (1980) cause identification paradigm (3 items). We used scores on both types of items to compute
an overall confirmation bias score. For both types of confirmation bias scales and for the bias blind spot scales,
we created risk-domain scales modeled after the general items. The risk-domain scales were piloted on an online
sample (N=151) to ensure reliability, with the risk-AHT scale consisting of 7 items (a=0.67) and the risk RIC
consisting of 6 items (a=0.52). This approach resulted in four confirmation bias subscales: risk AHT, general
AHT, risk RIC, and general RIC. For bias blind spot, we also had both general domain and risk domain scales.

In the questionnaires, the confirmation bias scales preceded the bias blind spot scales. Risk and general
domain questions were administered in a randomized order. In total, there were four different sets of two
questionnaires (one for pre-debiasing testing, one for post-debiasing testing). The questionnaires allowed us to
calculate confirmation bias and bias blind spot scores for each participant, both in general and in risk domain,
before and after the debiasing intervention. See the Supplementary Information for the full scales.

We analyzed these bias scores using 2 (analysts vs. students) x 2 (risk vs. general) x 2 (pre- vs. post-debiasing)
mixed ANOVAs. We control for demographic variables using linear regression. One-sample t-tests were used
to test whether groups displayed bias at all, i.e., whether mean bias scores were significantly different from 0.

Experimental setup

Experiment sessions took place in seminar rooms. Participants were seated apart so they could not speak.
They were not allowed to use online resources during the experiment and had 40 min to fill out the pretest
questionnaire. This was followed by the debiasing intervention, which consisted of two phases. First, participants
were exposed to a 15-min scripted lecture on cognitive biases. Following a 10-min break, they then collectively
completed the Carter Racing Case, a business case that simulates the NASA decision to launch the Space Shuttle
Challenger, designed to demonstrate how confirmation bias influenced NASA engineers’ decision-making®.
Following the case, participants had 30 min to finish a second questionnaire, including different but similar
scales. The questionnaires were distributed such that half the group had the first set of scales at pretest and the
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second at posttest, while for the other half of the group the order was reversed. This approach aimed to ensure
that variations in scales would not affect the relative performance in pretests and posttests at the group level or
influence the effect of the debiasing intervention. See Supplementary Information Sects. 1-3 for the materials
used.

Data availability
As part of the agreement of anonymity between the researchers and participants, the data collected for this
article will not be made publicly available. They are available for reproduction and research by peers via the
corresponding author.
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