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PREFACE 

I began the Doctorate of Cognitive Computer Science in September 2019 with the intention of improving 

institutional decision-making using computational methods. From my current perspective in mid-2026, 

2019 seems like a different world, in terms of both institutional decision-making and computational tools. 

The COVID-19 pandemic and other geopolitical developments highlight the need for decision-making that 

is rational, transparent, and amenable to democratic oversight and correction.  

The world of artificial intelligence has also been transformed by the release of ChatGPT in 2022, making 

the dream of “strong” or “general” artificial intelligence seem within reach much more quickly than 

expected. Institutional decision-making will no doubt increasingly incorporate large language models as 

this technology advances and becomes more widespread. As with human reasoning, the information 

processing behind the chains of thought these models produce is largely obscure, but the reasoning itself 

can be subject to the kinds of correctives explored in this thesis. Incorporating large language models with 

other cognitive and computational tools could increase the rigor and transparency of both human and 

machine-generated thought. This is an exciting new area for research and practice that I hope to explore 

in future work. 
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ABSTRACT 

Improving reasoning and decision-making in the intelligence community (IC) could reduce the chance of 
wars and other catastrophes. This thesis describes three projects that develop and test cognitive and 
computational tools to improve reasoning and decision-making. The first project conducted a content 
analysis of intelligence products to examine the relationships between techniques used, adherence to IC 
norms, and objective accuracy. Norm adherence and accuracy correlated moderately, and the techniques 
of Standardizing Probability Ranges and Timeline were predictive of IC norm adherence. In the second 
project, two experiments used the Practical scoring rule as performance feedback to train better 
calibration of confidence. The results showed no improvement to calibration from training, contrary to 
previous results. However, actively open-minded thinking was positively related to overall calibration. The 
third project used recalibration and weighted aggregation in combination with Bayesian networks (BNs) 
and logistic regression to improve the accuracy of probabilistic forecasts made during a multi-year 
forecasting tournament. Recalibration and aggregation alone produced the most accurate forecasts, 
followed by BNs, then logistic regression. Future studies should use content analysis on a larger set of real 
intelligence products to address questions of external validity and increase the power of the first project. 
For the second project, the effects of participant motivation and comprehension should be probed to 
determine when calibration training with the Practical score is effective. Finally, for the third project, more 
advanced machine learning techniques like hierarchical BNs and ensemble methods should be explored to 
further increase the accuracy of recalibrated aggregated forecasts. 

 

Keywords: Reasoning, decision-making, intelligence community, probability, forecasting, content analysis, 
calibration, machine learning, Bayesian networks, logistic regression  
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RÉSUMÉ 

Améliorer la qualité du raisonnement et de la prise de décision au sein de la communauté du 
renseignement (CR) pourrait réduire le risque de guerres et d'autres catastrophes. Cette thèse décrit trois 
projets qui développent et testent des outils cognitifs et informatiques visant à améliorer le raisonnement 
et la prise de décision. Le premier projet a mené une analyse du contenu des produits du renseignement 
afin d'examiner les relations entre les techniques utilisées, le respect des normes de la CR et la précision 
objective. Ce projet a montré que le respect des normes et la précision étaient modérément corrélés, et 
que l’usage des techniques de standardisation des plages de probabilité et de la chronologie permettaient 
de prédire le respect des normes de la CR. Dans le deuxième projet, deux expériences ont utilisé la règle 
de notation pratique comme retour d'information sur les performances afin d'améliorer le calibrage de la 
confiance. Les résultats n'ont montré aucune amélioration du calibrage suite à la formation, contrairement 
aux résultats précédemment publiés dans la littérature scientifique. Cependant, la « pensée activement 
ouverte » était positivement corrélée au calibrage global. Le troisième projet a utilisé le recalibrage et 
l'agrégation pondérée en combinaison avec des réseaux bayésiens (BN) et une régression logistique afin 
d'améliorer la précision des prévisions probabilistes réalisées lors d'un tournoi de prévisions pluriannuelles. 
Le recalibrage et l'agrégation ont produit les prévisions les plus précises, suivis par les BN, puis par la 
régression logistique. Les études futures devraient utiliser l'analyse de contenu sur un ensemble plus large 
de produits de renseignement réels afin d'aborder les questions de validité externe et d'augmenter la 
puissance du premier projet. Pour le deuxième projet, les effets de la motivation et de la compréhension 
des participants devraient être étudiés afin de déterminer quand la formation au calibrage avec la règle 
de notation pratique est efficace. Enfin, pour le dernier projet, des techniques d'apprentissage 
automatique plus avancées, telles que les BN hiérarchiques et les méthodes d'ensemble, devraient être 
explorées afin d'accroître encore la précision des prévisions agrégées recalibrées. 

 

Mots clés: Raisonnement, prise de décision, communauté du renseignement, probabilité, prévision, 
analyse de contenu, calibrage, apprentissage automatique, réseaux bayésiens, régression logistique  
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INTRODUCTION 

On September 11, 2001, two airplanes crashed into the World Trade Center towers in New York City, killing 

nearly 3000 people. There had been warnings from various members of the United States (US) Intelligence 

Community (IC) that Osama Bin Laden was plotting a terrorist attack on the US, but little serious action 

was taken in response. Intelligence agencies were apparently caught off-guard by the method of the attack, 

since airplanes had not previously been used as a weapon of mass destruction (National Commission on 

Terrorist Attacks Upon the United States, 2004). In response to the terrorist attack, the US invaded 

Afghanistan and later Iraq in its “War on Terror”. Iraq was invaded under the premise that it possessed 

weapons of mass destruction (WMD) and posed danger to the US. The war in Iraq lasted over ten years 

and cost the lives of over 5000 Americans, 100,000 Iraqis, and $4 trillion USD (Chang et al., 2016; Crawford, 

2013). It later became clear that Iraq did not possess WMDs, thus invalidating a primary justification for 

the war. A later bipartisan investigation into the causes of the Iraq war suggested that the IC had made 

overconfident assessments of the presence of WMDs and some policymakers had politicized the available 

evidence (Chang et al., 2016; Select Committee on Intelligence, 2006).  

The investigations undertaken in the wake of 9/11 and the Iraq war prompted a series of reforms of the 

US IC, which included funding research to improve its tradecraft (Chang et al., 2016; National Commission 

on Terrorist Attacks Upon the United States, 2004). This thesis investigates how cognitive and 

computational tools can improve the reasoning and decision-making of institutions such as the IC. Two of 

its chapters build directly on work funded by the US IC. While the applications of this research are primarily 

aimed at the IC, its methodologies and insights are more generally relevant to reasoning under uncertainty 

and can be applied to many other domains. 

The IC was chosen as the primary domain of application for this thesis for three reasons. First, the IC faces 

many difficult epistemic problems, as it often requires making decisions under profound uncertainty. 

Second, its decisions have dramatic effects on the world, such as causing or preventing wars, so improving 

its decision-making capabilities can be highly impactful. Third, the domain has been relatively neglectful in 

implementing evidence-based and scientifically sound methodologies in its practices. As is elaborated in 

the literature review in Chapter 1, many of the techniques used by the IC were created on an ad hoc basis 

and have not been subject to sufficient empirical scrutiny, so this thesis seeks to improve the status quo 

by evaluating and developing improved reasoning and decision-making methodologies (Chang et al., 2018).  
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Governments, militaries, and businesses make innumerable decisions in a chaotic and changing world. 

Unfortunately, unaided human reasoning is often flawed and biased, as documented by Kahneman (2011) 

and others. In the context of this thesis, bias refers to systematic error or violations of norms of reasoning. 

These include both epistemic and institutional norms. Epistemic norms include the norms of logic, 

probability theory, and mathematics. Epistemic norms also include other practices related to forming 

accurate beliefs, such as considering a wide range of information and being willing to change one’s beliefs 

when given good reason to (discussed further below). Institutional norms relate to good reasoning 

practices held by organizations, such as communication standards ensuring transparency and oversight. 

Probability theory plays an important role in this thesis, as it is the main normative and theoretical 

framework by which the quality of reasoning under uncertainty is judged. It also forms part of the 

methodology of each of the three main body chapters. Probability theory can be viewed as an extension 

of classical logic. Where classical logic is bivalent (representing truth values with only ‘true’ or ‘false’) and 

assertoric (expressing only statements of fact), probability theory is multivalent (expressing degrees of 

uncertainty in real values between 0 and 1) and can express more than mere statements of fact, such as 

subjective confidence in future possibilities (Demey et al., 2019). Probability theory has a precise syntax 

for performing logical operations that preserve the probabilities of the premises, making it highly 

expressive and a valuable tool for representing reasoning under uncertainty. The fields of statistics, 

artificial intelligence, and cognitive science have used probability theory extensively in representing 

rational deliberation with uncertainty (Demey et al., 2019). 

Three important concepts in probability theory are unconditional probability, conditional probability, and 

Bayes’ theorem. Unconditional probability expresses the probability of a variable, e.g., A, being in a 

particular state, without consideration of the states of other variables, and is expressed as P(A). 

Conditional probability expresses the probability of a state of a variable, e.g., A, given the state of another 

variable, e.g., B, and is expressed as P(A|B). The probabilities of A and B can inform each other via Bayes’ 

Theorem, described in (1), 

!(#|%) = !(%|#)!(#)
!(%)  

(1) 

where P(A|B) and P(B|A) represent conditional probabilities, referred to as the posterior probability and 

the likelihood, respectively. P(A) and P(B) are unconditional probabilities, referred to as the prior and 
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marginal probability, respectively. Bayes’ theorem allows for a mathematical description of both inference 

and learning. If A is a hypothesis, inference is performed by updating the prior probability of the hypothesis, 

P(A), to the posterior probability, P(A|B), after observing some evidence, B, as expressed as the likelihood 

and marginal probabilities of B, P(B|A), and P(B), respectively. The field of Bayesian statistics uses Bayes’ 

theorem in this way to estimate the probability of hypotheses given a set of evidence (Kruschke, 2015). 

Learning can be modeled using Bayes’ theorem by iteratively substituting the prior probability at one time, 

tn, with the posterior probability from a previous time, tn-1. If there has been any change to the state of the 

evidence between the two observations, then the posterior probability at time tn will be updated to reflect 

a combination of the new and old information (Shanks, 2006). Bayes’ theorem plays a role as a normative 

account of reasoning in Chapter 2 of the thesis, where the correct answer to some problems posed to 

intelligence analysts was determined using Bayes’ theorem. 

In addition to epistemic norms like those of probability theory, improving institutional decision-making 

also implies improving adherence to institutional norms important to the organization in question. For 

example, the US IC lists nine analytic standards that serve as norms about quality of reasoning and effective 

communication that all analytic products are expected to follow (Office of the Director of National 

Intelligence, 2015a).1 The standards for analytic products are: 

1. Properly describes quality and credibility of underlying sources, data, and methodologies  

2. Properly expresses and explains uncertainties associated with major analytic judgments  

3. Properly distinguishes between underlying intelligence information and analysts’ assumptions 

and judgments  

4. Incorporates analysis of alternatives  

5. Demonstrates customer relevance and addresses implications  

6. Uses clear and logical argumentation  

7. Explains change to or consistency of analytic judgments (with those presented in previous 

reports)  

8. Makes accurate judgments and assessments  

 
1 I use the term norm here to refer to prescriptive or injunctive norms, i.e., ideals held by the institution. It does not 

refer to descriptive or social norms, nor does it imply that these ideals are typically implemented in practice. 
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9. Incorporates effective visual information where appropriate (van Gelder et al., 2020, p. 206) 

Note that in addition to the epistemic norms of “Uses clear and logical argumentation” and “Makes 

accurate judgements and assessments”, many of the requirements are primarily related to clear 

communication and avoiding misinterpretation. This list represents a different normative account of 

reasoning from that of say, probability theory, in that this set of norms is qualitative and primarily about 

using language that does not misinform the audience. Probability theory would not be able to represent 

most of these norms. Adherence to the above norms and their relationship to objective accuracy, as 

assessed partly through probability theory, are the focus of Chapter 2 of this thesis, as discussed in more 

detail below. 

Violations of the norms of probability theory are not the only form of epistemic bias relevant to this thesis. 

Other epistemic biases, such as status quo bias, can negatively affect rational deliberation. This bias 

describes the tendency to over-weight the hypothesis that things will stay the same and neglecting to 

consider new, unexpected changes (Chang et al., 2018). It also describes the preference for choosing 

options that do not require making changes, even if a new option might be better (Samuelson & 

Zeckhauser, 1988). Status quo bias was arguably at work in the failure to prevent the 9/11 terrorist attacks, 

as existing protocols and intelligence assumptions were ill-equipped to handle the new possibility of 

passenger airplanes being used as a weapon (National Commission on Terrorist Attacks Upon the United 

States, 2004; Shapira, 2025). Probability theory does not provide guidance on which hypotheses or pieces 

of data are appropriate to consider when making a decision. It can only provide a syntax for assigning and 

updating probabilities associated with the hypotheses under consideration, given the data being examined. 

Meta-questions related to which hypotheses and data to consider are epistemological questions over and 

above those of probability theory. These questions are addressed with different epistemological norms 

that nonetheless play an important role in decision-making. 

Aside from status quo bias, two other cognitive biases important to this thesis are confirmation bias and 

overconfidence. Confirmation bias is the tendency to attend to or otherwise favour evidence that supports 

a conclusion that one already believes or wishes to be true, rather than seek out and appropriately weigh 

disconfirming evidence. Like with status quo bias, confirmation bias can manifest itself as a failure to 

consider enough alternative hypotheses (Nickerson, 1998). Overconfidence is a bias that describes the 

tendency for people to systematically overestimate their own knowledge or ability. For example, someone 
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consistently claiming to be 100% confident in a proposition or prediction, when in fact they are only correct 

80% of the time when making such claims, would be demonstrating overconfidence. All three of these 

biases have been the targets of intervention on the part of the IC to improve its tradecraft (Chang et al., 

2018). 

The IC has primarily tried to address these kinds of biases using structured analytic techniques (SATs), 

which are formalized methodologies intended to combat bias and make analysis more rigorous and 

transparent (Chang et al., 2018). For example, the US Government’s document A Tradecraft Primer:  

Structured Analytic Techniques  for Improving Intelligence Analysis (henceforth Tradecraft Primer) 

describes 12 SATs that are designed to mitigate bias, 10 of which target status quo bias (Chang et al., 2018; 

US Government, 2009). One SAT called analysis of competing hypotheses targets confirmation bias, as it 

forces analysts to explicitly indicate the degree to which each relevant piece of evidence is consistent or 

inconsistent with each hypothesis under consideration (Chang et al., 2018). Overconfidence is also 

targeted by SATs in the Tradecraft Primer, although no specific SAT is explicitly linked to it (US Government, 

2009). The extent to which techniques such as SATs improve quality of reasoning and accuracy is reviewed 

in Chapter 1 and investigated empirically in Chapter 2 of this thesis. Chapter 2 is a version of an article 

submitted to the journal Intelligence and National Security.  

Another proposed method of mitigating of overconfidence (and the inverse bias of underconfidence) is 

through calibration training, where analysts are trained to align their subjective confidence with their 

objective accuracy (Chang et al., 2018). Rather than relying on analytic techniques which may exacerbate 

bias in one direction or another (see Chang et al. (2018) and Chapter 1 for a discussion of how this may 

happen), calibration training using a scoring rule that incentivizes reducing both overconfidence and 

underconfidence may be an effective way to improve the accuracy of subjective probability judgements. 

While SAT methodologies attempt to prevent analysts from using intuitive judgements that are assumed 

to be biased, calibration training would seek to improve the intuitions of the analysts so that they are less 

biased to begin with (Chang et al., 2018). There have been several experimental demonstrations of 

successful calibration training, although most of these have involved very long training sessions or 

specialized participants and often use unintuitive scoring methods that may inhibit learning (see Chapter 

1 for a review). Chapter 3 of this thesis investigates whether calibration can be improved in a short-

duration training session using an intuitive scoring rule meant to facilitate learning. Chapter 3 is a version 

of an article published in the journal Futures & Foresight Science (Martin & Mandel, 2025). 
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A separate methodology for reducing the impact of biases like under- and overconfidence is to correct for 

bias post hoc using computational means. This methodology has been used primarily in the context of 

probabilistic forecasting, where multiple forecasts about future events can be aggregated and recalibrated 

to create a more accurate combined forecast (Ungar et al., 2012). Chapter 4 of this thesis explores Bayesian 

Networks (BNs) as a means of increasing the accuracy of forecasts, along with logistic regression and a 

form of recalibration and aggregation. Bayesian networks are a technique from the field of artificial 

intelligence based in probability theory that represent relationships between variables as conditional 

probabilities (Canonaco et al., 2025). Given their ability to represent complex conditional relationships 

between variables, and that discrete BNs make fewer parametric assumptions about the data than other 

methodologies like logistic regression, BNs may prove better than other existing methodologies for 

creating algorithmically enhanced forecasts. Chapter 4 is a version of an article submitted to the 

International Journal of Forecasting that investigates this question. 

In sum, the thesis proposes and evaluates cognitive and computational aids to assist rational decision-

making under uncertainty via adherence to probability theory and other epistemic and institutional norms. 

Chapter 1 reviews the literature relevant to the three studies of the current thesis, with a focus on the 

previous projects conducted by the IC to improve its tradecraft that this thesis builds on. Chapter 2 

evaluates a set of intelligence products and examines the extent to which using SATs and other techniques 

predicts objective accuracy and adherence to IC norms. Chapter 3 assesses the effectiveness of a training 

paradigm to improve the calibration of subjective confidence and accuracy of participants’ beliefs based 

on a novel scoring rule that is easily interpretable and incentivises accurate calibration. Chapter 4 explores 

the effectiveness of BNs as a means of making accurate geopolitical forecasts, in conjunction with 

recalibration and aggregation methods applied to crowd-sourced forecasting data. The General Discussion 

and Conclusion synthesize the findings and suggest areas for future research.  
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CHAPTER I 

Theoretical Background and Review of the Literature 

1.1 Background and structure of the literature review 

This thesis builds on two research projects funded by the US intelligence community (IC): the 

Crowdsourcing Evidence, Argumentation, Thinking and Evaluation (CREATE) program and the Aggregative 

Contingent Estimation (ACE) program. The CREATE program is related to Chapter 2 of the thesis, which 

analyses a dataset of intelligence products produced during this program and seeks to answer the question 

of which analytic techniques found in the products are most predictive of high-quality reasoning and 

accuracy. The ACE program is relevant to Chapters 3 and 4 of this thesis. The ACE program sought to 

determine the best means of eliciting and aggregating probabilistic forecasts about future geopolitical 

events from a large group of forecasters (IARPA, 2010). Chapter 3 tests a training paradigm to improve the 

calibration of subjective confidence and accuracy, a component of forecasting skill. Chapter 4 analyzes a 

dataset collected during the ACE program using Bayesian networks (BNs) and recalibration and 

aggregation to improve aggregate forecast accuracy.  

The literature review in this chapter first outlines the context behind the CREATE program and provides a 

critical review of the use of structured analytic techniques (SATs) within the IC. The CREATE program is 

then introduced in more detail as a continuation of the IC’s interest in developing and testing SATs as a 

means of reducing bias in analysis. The Smartly-assembled Wiki-style Argument Marshalling (SWARM) 

project from the CREATE program is explained in more detail, as it is the basis of the research in Chapter 

2. The theory, methodology, and results of the SWARM project are described with the aim of setting the 

context and justifying the follow-up research conducted in Chapter 2. To briefly recapitulate the arguments 

in the literature review, numerous authors have critiqued the status quo of SAT use in IC practice on the 

grounds that the techniques have not undergone the level of empirical scientific scrutiny that would 

warrant their widespread adoption in the IC, and there are reasons to believe that some SATs have 

detrimental effects on reasoning and decision quality. The study in Chapter 2 analyses the content of the 

intelligence reports written during experiments simulating IC conditions and codes for the kinds of 

techniques used in them to determine which techniques are related to measures of high-quality reasoning 

and objective accuracy. This kind of empirical analysis of the relationship between techniques used in 
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realistic analysis settings and metrics of reasoning quality and accuracy is relatively rare and is particularly 

important given the critiques of SAT use elaborated below. 

Following the literature review related to the CREATE program, the ACE program is reviewed, providing 

important context related to forecasting, calibration, and the psychological variables behind it. This leads 

to a discussion of calibration training, which is the focus of Chapter 3. The literature review then discusses 

algorithmic means of aggregating and recalibrating forecasts to increase accuracy, which was a key 

element of the ACE project and the focus of Chapter 4. In Chapter 4, BNs are used in conjunction with 

recalibration and aggregation to determine if they can increase aggregate accuracy compared to other 

methods including logistic regression. In the next section, the status quo of SATs and their use in the IC is 

discussed and critiqued, which provides the context behind Chapter 2. 

1.2 Critique of Structured Analytic Techniques (SATs) 

Structured analytic techniques are tools designed to make analysts’ thought processes more transparent 

and logically sound by reducing bias and organizing complex evidence, thus increasing accuracy compared 

to unaided analysis. In particular, they are meant to ameliorate status quo bias and confirmation bias, 

among others (Chang et al., 2018). They have been used within the IC for decades, are an important part 

of analyst training, and are even considered necessary for high-quality analysis (although in practice they 

are used somewhat rarely, as discussed below (Artner et al., 2016)). The only official list of SATs published 

by the US IC itself is the Tradecraft Primer (US Government, 2009). Another influential work is Structured 

Analytic Techniques for Intelligence Analysis (Pherson & Heuer, 2021), which describes how to use 66 

different techniques.  

However, there are four main criticisms in the research literature about how SATs are used in the IC. The 

first is that most of the SATs endorsed by the IC have not been rigorously evaluated for their effectiveness 

in mitigating bias or increasing accuracy or transparency (Artner et al., 2016; Coulthart, 2017). The second 

criticism is that some of the techniques championed by the IC, such as analysis of competing hypotheses 

(ACH), have been demonstrated to be ineffective or detrimental in several studies (Dhami et al., 2019; 

Karvetski et al., 2020; Karvetski & Mandel, 2020; Mandel et al., 2018; Wilcox & Mandel, 2024). The third 

criticism is that many of the SATs endorsed by the US IC show methodological and theoretical flaws that 

would lead to the expectation that they actually increase bias (Chang et al., 2018; Mandel & Tetlock, 2018). 

The fourth criticism is that the predominant method of analysis remains intuitive, subjective judgements 
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despite some efforts to increase the IC’s use of evidence-based techniques in its tradecraft (Artner et al., 

2016; Coulthart, 2016; Mandel & Tetlock, 2018). Each of these points are detailed in turn, below. 

Despite their promotion by institutions in the US IC, empirically testing how effective SATs are at reducing 

bias and improving analysis has been relatively neglected. According to interviews with a selection of US 

IC managers and practitioners in 2014, neither how often SATs were being used, nor their effect on analysis 

quality were routinely measured by any US intelligence agency (Artner et al., 2016). Subsequently, a 

systematic review by Coulthart (2017) found that only six of the 12 techniques described by the Tradecraft 

Primer had ever been evaluated empirically in the published literature. Furthermore, only three were 

considered to have evidence of ‘credible’ quality: devil’s advocacy, ACH, and brainstorming. The most 

promising technique was devil’s advocacy, with three quarters of studies finding that it improved accuracy 

or effectively critiqued assumptions. Analysis of competing hypotheses reduced confirmation bias in some 

circumstances, but these findings were inconsistent for different types of groups and different measures 

of bias. Similarly, brainstorming also showed mixed results, as it can actually reduce the quality and 

quantity of ideas when used in a face-to-face context (Coulthart, 2017). These findings suggest that the 

status quo in the IC often ignores the power of the scientific method and may be liable to waste resources 

on adoption of useless or even counterproductive techniques. Since the most reliable way to improve 

analytic tradecraft is to rigorously measure and compare the effects of interventions trying to improve it, 

failing to do so undermines the stated goals of the SATs themselves: to produce transparent, unbiased, 

and accurate analysis. 

The ACH technique provides a useful example of how poorly designed analytic techniques can potentially 

harm analysis. The ACH technique is meant to help analysts compare the plausibility of multiple 

hypotheses under consideration. By design, it requires analysts to find and list all reasonable alternative 

hypotheses that could explain a given body of evidence, instead of focusing on a single preferred 

hypothesis, thus avoiding confirmation bias. The ACH technique involves constructing a two-dimensional 

matrix where all hypotheses that could explain the data are arranged in columns and the relevant pieces 

of evidence are listed in rows. Analysts then fill in the matrix with judgements of whether each piece of 

evidence is consistent, inconsistent, or not applicable for each hypothesis. Finally, each hypothesis is 

assessed with a total inconsistency score; the sum of the pieces of evidence that are deemed inconsistent 

with the hypothesis. The hypothesis with the lowest inconsistency score is then supposed to be the most 

plausible (U.S. Government, 2009). 
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The ACH’s methodology has received both theoretical and empirical critiques. On theoretical grounds, it 

has been criticized for the ambiguity of its procedure and its violation of the norms of probability theory. 

The technique fails to clearly define how analysts should break down interconnected pieces of evidence 

and hypotheses into their component parts. It also fails to provide clear instructions on how to evaluate 

whether a piece of evidence is consistent or inconsistent with each hypothesis. Expressed as probabilities, 

it is unclear whether an inconsistent piece of evidence is one where P(Evidence|Hypothesis) is low, or 

P(Hypothesis|Evidence) is low, since the technique does not disambiguate between the two.  

Regarding its violation of probability theory, ACH does not integrate any evidence that is judged to be 

consistent with a hypothesis. The technique apparently assumes a Popperian interpretation of scientific 

falsification, where scientific hypotheses can only ever be disconfirmed and not confirmed (Mandel, 2019). 

However, a Bayesian understanding of hypothesis testing based in probability theory would imply that 

calculating the posterior probability of a hypothesis involves integrating its prior probability and the 

probabilities of all pieces of evidence that are both consistent and inconsistent with the hypothesis, as 

expressed in the likelihood and marginal probabilities. Ignoring consistent evidence therefore biases the 

method away from conclusions that would follow from a Bayesian analysis grounded in probability theory 

(Mandel, 2019). These shortcomings of ACH could lead to inconsistent application of the method and 

possible introduction of systematic bias by ignoring evidence consistent with hypotheses (Chang et al., 

2018). This expectation appears to be borne out empirically, as a recent review of ACH concludes that it 

offers little benefit and may be detrimental to analysis (Wilcox & Mandel, 2024). This ultimately leads the 

authors to recommend against its mandatory training and use in the IC unless future studies substantially 

override the existing findings. Similar criticisms apply to other SATs promoted by the IC, which ignore the 

bipolar nature of bias and the effect of adding noise (Chang et al., 2018). 

In a more wide-ranging critique of the effectiveness of SATs in general, Chang et al. (2018) argue that 

judgement error stems from two sources: random noise and systematic bias. Figure 1.1 shows graphical 

representations of noise and bias. Noise is random error (Figure 1.1A), whereas systematic bias is any 

consistently directional error (Figure 1.1C). Chang et al. (2018) propose that many SATs misunderstand 

bias to be unipolar, where reducing bias consists of moving judgement in the opposite direction of the bias 

(Figure 1.1E). For example, if overconfidence were misconstrued this way, the prescribed mitigation for 

general overconfidence would be to encourage or train people to systematically lower their confidence. 

However, this bias, like many others, are bipolar in nature, so a miscalibrated mitigation could lead to over-
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correction and the inverse error (Figure 1.1F). In some situations, judgements have been shown to be 

systematically underconfident, such as in the hard-easy effect, where people tend to be underconfident 

with easy tasks, and over-confident with hard tasks (Juslin et al., 2000). Underconfidence may also be 

situational or cultural, as it has been observed in Canadian intelligence officers, where it could be due to 

factors such as job experience, accountability pressures, and risk aversion (Mandel & Barnes, 2018). 

Effective debiasing strategies need to reduce error by mitigating bias in any direction. For confidence 

debiasing, calibration feedback, where participants receive feedback about their direction of error 

(discussed more in Chapter 3), is sensitive to both directions of bias and is therefore a better mitigation 

than systematically reducing confidence (Chang et al., 2018).  

  
A. Noisy B. Noisier 

  
C. Biased D. More Biased 

 

 
E. Under-correction F. Over-correction 

Figure 1.1. Graphical depictions of noise and bias and how they can be amplified or reduced 

Chang et al.’s (2018) second criticism is that SATs have a tendency to ignore the effect of noise in 

judgement error. They contend that it is often assumed that following a step-by-step process makes 

thinking more transparent and reliable, thereby reducing noise. However, many SATs make analysts 

decompose problems into sub-components, which introduces many subjective judgements into the 

analysis. For example, ACH requires analysts to decompose a body of evidence into individual rows and 
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rate the consistency of each piece of evidence with each hypothesis, while providing unclear information 

on how to implement these steps. Requiring analysts to complete an unclear procedure with multiple 

steps still leaves the door open to bias, and may increase noise, since there are more subjective decisions 

to make when decomposing a problem into its components. This was demonstrated in exercises involving 

over 3000 students from U.S. intelligence agencies, where Heuer and Pherson (2014) found that “students 

disagree on how to rate the evidence in about 20-30 percent of the cells in [an ACH] matrix.” (p. 311). This 

finding highlights that the ACH technique does not define its terms rigorously enough to be applied 

consistently. Chang et al (2018) recommend that probability theory should be incorporated into SATs so 

that the analysts’ reasoning can be better verified for accuracy and consistency. They also advocate for 

substantiating that SATs are effective at reducing both bias and noise by examining their reliability across 

time and across different groups of analysts. 

Regarding the fourth critique that SATs are underutilized in IC practice, some authors have commented 

that the status quo of intelligence analysis “lacks many of the scientific community’s self-correcting 

features” (Cooper, 2005, pp. 5-6), and rather consists of a “collection of suggestions and tips for writing 

and communicating with co-workers, supervisors, and consumers instead of focusing on a thorough 

examination of the analytic process and techniques” (Johnston, 2005, p 17; see also Mandel and Tetlock 

(2018)). For example, to determine what proportion of intelligence products used SATs in their analysis. 

Artner et al. (2016) reviewed a sample of unclassified documents produced by the CIA, National 

Intelligence Council (NIC), and Defence Intelligence Agency (DIA). They found that 23 / 29 (79%) CIA 

intelligence assessments, 10 / 14 (71%) NIC analytic products, and 8/20 (40%) documents from a mixed 

DIA and CIA sample showed no evidence of SAT use. Of the 22 documents that did use SATs, the analyses 

generally showed more consideration of alternative explanations, distinguished between assumptions vs 

judgements more effectively, and had better logical argumentation than documents without SATs. The 

authors note that analysts often view SATs as too cumbersome and time-consuming to be useful by 

analysts, particularly on short-deadline projects. However, the small sample size and qualitative nature of 

Artner et al.’s (2016) review prevents drawing strong conclusions. In a similar vein, a different survey of 

80 analysts at the US State Department’s Bureau of Intelligence and Research found that 33% of analysts 

reporting never using SATs in their analyses, 46% report rarely using them, and only 21% of analysts use 

them ‘sometimes’. Reluctance to use methods of unknown efficacy and lack of training with them were 

the main barriers to uptake (Coulthart, 2016).  
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Despite the criticisms of the US IC status quo outlined above, changing to a new state of affairs where 

analytic techniques are rigorously evaluated using scientific theory and empiricism is both desirable and 

possible. 

1.3 Crowdsourcing Evidence, Argumentation, Thinking and Evaluation (CREATE) 

Partly to address these critiques of the status quo of SAT use in the IC, IARPA invested in the CREATE 

program which investigated whether incorporating crowdsourcing and SATs would improve the rigor and 

quality of reasoning in analytic products. CREATE was a competition between four teams of researchers 

from four different universities. The Bayesian Argumentation via Delphi (BARD) project, of Monash 

University, used a combination of the Delphi technique paired with BNs to help teams reach agreement 

about probabilistic hypotheses (Nicholson et al., 2019). The Co-Arg team, from George Mason University, 

developed a cognitive assistant that used Wigmorean inference networks and incorporated a theory of 

evidence-based reasoning (Boicu et al., 2018). The Trackable Reasoning and Analysis for Crowdsourcing 

and Evaluation (TRACE) project, of Syracuse University, used behavioural nudges to guide analysts towards 

the most relevant information and established SATs for their analytical context (Stromer-Galley et al., 

2021). Finally, the Smartly-assembled Wiki-style Argument Marshalling (SWARM) project, of the University 

of Melbourne, implemented an online collaboration platform that sought to promote engagement, 

collaboration and natural expertise among a large cohort of analysts (van Gelder et al., 2018). These four 

systems were compared to two control groups who only had access to Google docs for their analyses, one 

control group was for teams and one was for individuals (Boicu et al., 2018). 

The four systems differ in the quantity of training needed for effective usage, as well as how constraining 

the tool is on the analyst. The BARD and Co-Arg platforms both require substantial training of the user 

before they can effectively operate the system. In the case of BARD, participants must produce BNs using 

a Delphi technique for their analysis. Training on this system takes approximately four hours of training in 

Bayesian reasoning and its implementation. For the Co-Arg platform, analysts need hours of training to 

learn a theory of evidence-based reasoning and how to create Wigmorean networks using the system 

(Boicu et al., 2018).  

In comparison, the TRACE and SWARM platforms have less training requirements, preferring flexibility and 

positive user experience over unfamiliar formal techniques. The TRACE platform guides its analysts to use 

a set of well-known SATs in their reporting, including structured debate, key assumptions check, and ACH. 
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It also provides a report template for structuring analyses according to the norms of high-quality reasoning 

promoted by the IC. The system also nudges analysts to use other optional tools, aiding the user at key 

points of the analysis (Stromer-Galley et al., 2021). 

Compared to TRACE, the SWARM platform can be said to provide an even greater degree of flexibility to 

users. When using SWARM, analysts are encouraged, though not required, to incorporate a set of “logical 

lenses” in their analysis, drawn from the “lens kit” provided by the SWARM team (van Gelder et al., 2020). 

The lens kit is an online resource that contains articles about a wide variety of intelligence-related topics 

in a style similar to Wikipedia. The range of topics includes an introduction to probability theory and Bayes 

theorem, BNs, confirmation bias, game theory, ACH, and tips for effective use of visual information, along 

with more concepts and techniques. In structure, the SWARM platform resembles popular online 

question-and-answer forums like Stack Overflow, a site where users can submit any coding-related 

questions, or answer the questions of other users in exchange. Users also engage in upvoting and 

downvoting others’ responses to any given question, to sort them by quality, and raise the best answer to 

the attention of the asker. This structure leverages the wisdom of the crowd and represents the key 

feature that SWARM seeks to replicate with its interactive platform. 

With SWARM, the types of information shared on the platform include Resources, which can be individual 

pieces of information or partial analyses, and Reports, which are candidates for final submission. Users 

discuss, dispute, and collectively rank the submitted resources and reports. The most highly rated report 

rises to the top and is considered the group consensus. The SWARM platform provides a collaborative and 

engaging environment where users have the freedom to complete problems as they see fit. The lens kit 

offers users a set of conceptual frameworks to deploy and allows them to choose which ones may or may 

not be useful for the task at hand. Users rely on each other to assess their reasoning and their use of the 

logical lenses (Sinnott, 2019; van Gelder et al., 2018, 2020).  

The BARD, TRACE, and SWARM platforms have all undergone empirical testing of their ability to enhance 

quality of reasoning. Compared to unaided control groups, these three systems demonstrate large, 

statistically significant improvements (see: Korb et al., 2020; Stromer-Galley et al., 2021; van Gelder et al., 

2020). The Co-Arg research team has not published an empirical analysis of the system’s effectiveness. 

Unfortunately, the published research about the three empirically validated systems from the CREATE 

program does not allow for direct comparison between the systems, as their experimental conditions were 
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incomparable. While all three platforms have demonstrated their effectiveness at improving analysis 

quality, the reports generated using the SWARM platform arguably provide the most valuable dataset for 

follow-up research, as argued next. 

1.4 Smartly Assembled Wiki-style ARgument Marshalling (SWARM)  

The SWARM platform underwent empirical testing in both in 2018 and 2020, showing promising results. 

In the 2018 Challenge, four different questions simulating real-world intelligence problems were 

presented to 24 teams of analysts. The teams were formed from three distinct populations. The first 

consisted of participants recruited from the public, the second consisted of analysts (such as risk or policy 

analysts) who did not work for government bodies, and the third consisted of trained analysts recruited 

predominantly from government organizations in Australia and New Zealand. For one of the four problems, 

the groups of trained government and non-government analysts were asked to use their standard tools 

for analysis, rather than the SWARM platform. Overall findings showed the SWARM system was positively 

reviewed by its users and the tool enhanced the quality of reasoning in their reports (van Gelder et al., 

2020). A similar test was conducted in 2020 (i.e., the 2020 Challenge) with different teams of participants 

recruited from both the public and from government organizations (Thorburn et al., 2020). This test 

focused on the relationship between accuracy and quality of reasoning, as elaborated below (Hunt 

Laboratory & University of Melbourne, 2020). 

All of the reports in the 2018 and 2020 Challenges were given a Quality of Reasoning (QoR) score using a 

version of the Rating Scale for Evaluating Analytic Tradecraft Standards2 (Hunt Laboratory & University of 

Melbourne, 2020; Office of the Director of National Intelligence, 2015b; van Gelder et al., 2020). The IC 

Rating Scale quantifies an intelligence product’s degree of alignment with the analytic tradecraft standards 

of the US IC (Office of the Director of National Intelligence, 2015a). Two pages of guidance for each of the 

standards are provided in the IC Rating Scale, including instructions for evaluating a report as Poor, Fair, 

Good, or Excellent. Standard #7 (“Explains change to or consistency of analytic judgments”) was not scored 

in the 2018 and 2020 Challenges because it wasn’t relevant to the experimental setting (van Gelder et al., 

2020). On the remaining eight standards, each report received a score of 1 to 4 (from Poor to Excellent) 

 
2 This thesis uses the term Quality of Reasoning score for consistency with the original research by van Gelder et al. 

(2020). It could be argued that this term is a poor descriptor of the aggregate score of the IC Rating Scale, as most 

of the standards do not measure reasoning as commonly understood in the cognitive science literature. Thorburn 

et al. (2022) use the term IC Rating Scale Score for this measure, which may be a better descriptor.  
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with the sum of eight scores yielding the overall QoR score ranging from 8 to 32 points. Three independent 

raters scored each report, and the average of the three was used as the report’s final QoR score.  

A Bayesian probability puzzle with an objectively verifiable answer was included in the 2018 Challenge 

(van Gelder et al., 2020). All four of the problems in the 2020 Challenge had objectively verifiable answers, 

including another Bayesian probability puzzle (Hunt Laboratory, 2019; Thorburn et al., 2020). Thus, the 

correspondence between QoR scores and objective accuracy can be evaluated both when probability 

theory is directly applicable and in other contexts where probability theory is less relevant. It also enables 

an analysis of how SATs and other methodologies used in the reports relate to both QoR scores and 

accuracy for five of the eight questions. 

The original authors of both challenges did not perform a detailed examination of which elements of 

SWARM were related to higher QoR scores and objective accuracy. The SWARM platform allowed 

participants to freely choose which techniques to use in their analyses, better reflecting naturalistic 

conditions compared to the other CREATE systems, which put more constraints on users. SWARM’s lens 

kit provides a useful framework to categorize the techniques used by the analysts. This would enable a 

fine-grained examination of the relationships between QoR scores, accuracy, and techniques used in the 

reports. Chapter 2 of this thesis uses a content analysis methodology to analyze the SWARM reports and 

pursue this line of research. 

1.5 Aggregative Contingent Estimation (ACE) program 

The second IARPA-funded research project that this thesis draws from is the ACE program. The ACE 

program was a multiyear competition running from 2010 to 2015 which sought to identify the most 

effective methods of eliciting and aggregating participants’ probabilistic forecasts about future geopolitical 

events. The investigation also examined the impacts of individual differences like personality factors and 

measures of IQ, situational variables, such as forecasts coming from varying team structures, and 

interventions impacting forecasting accuracy, like participant training programs. Chapter 3 draws on the 

idea of a training intervention with the potential to usefully boost forecasting skills. It presents a short 

calibration training paradigm that is intended to align subjective confidence ratings with long-run accuracy, 

an important component of accurate forecasting. If successful, the intervention might form the basis of a 

useful forecasting training program. A second core element of the ACE program was applying aggregation 

algorithms to increase predictive accuracy. This line of research is pursued in Chapter 4 using a dataset 
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from the ACE program and employing BNs alongside recalibration and aggregation to generate more 

accurate forecasts. To set the context for new research, the ACE program is described next, followed by 

an overview of calibration, then algorithmic recalibration and aggregation. 

The Good Judgement Project (GJP) headed by Philip Tetlock and Barbara Mellers of the University of 

Pennsylvania was the winner of the ACE program (Good Judgment Inc., 2025). They asked over a thousand 

forecasters to give probabilistic predictions about the outcomes of hundreds of geopolitical events. Each 

prediction was provided as a subjective, two-decimal probability of the event occurring (e.g., there is an 

80% chance that Bashar al-Assad will remain President of Syria through January, 31, 2012). Participants’ 

Brier scores were used to measure accuracy (Brier, 1950; Ungar et al., 2012).  

The Brier score is one example of a proper scoring rule. A proper scoring rule has the property that a 

forecaster must report the true probability distribution to maximize their score. Forecasters are thus 

incentivized to be as honest and well-calibrated as possible when their subjective probability estimates 

are scored with a proper rule (Gneiting & Raftery, 2007). The Brier score (BS) is given in (1), below: 
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where N is the total number of forecasts; fi is the probability assigned to the ith forecast; and oi is the 

outcome of the ith event, (0 or 1). The Brier score is conceptually similar to mean squared error, where 

scores greater than zero indicate more deviation from perfect predictive accuracy. The Brier score is 

affected by both forecaster performance and the unpredictability of the forecasting environment. To 

distinguish the sources of error, the Brier score is often decomposed into three components: a variance 

index (VI), discrimination index (DI), and calibration index (CI; Mandel & Barnes, 2014). The Brier score 

decomposition is given in (2), with the variance index in (3), the discrimination index in (4), and calibration 

index in (5), below: 

%( = /0 − 10 + 30 (2) 

/0 = .̅(1 − .̅) (3) 
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In (3) to (5), .̅ is the overall relative frequency of event occurrence (i.e., the base rate), K is the number of 

forecast categories (i.e., the number of ‘bins’ that probabilities are grouped into), Nk is the number of 

forecasts in category k, fk is the probability assigned to forecasts in category k, and .̅&  is the relative 

frequency of event occurrence in category k. 

A CI of zero indicates perfect calibration. Calibration is often displayed visually using calibration curves, 

where the x-axis shows the forecasted probability of an event occurring (or the subjective confidence of 

some proposition being true) and the y-axis shows the true proportion of times the event occurs (or the 

proposition is true) when the probabilities are binned into categories (Mandel & Barnes, 2014).  

Perfect calibration is represented as a diagonal line on a graph, where there is perfect agreement between 

forecasted probability and the proportion of times an event occurs (see the black line in Figure 1.2). The 

yellow line in Figure 1.2 shows overconfidence, particularly at the higher end of the confidence axis. For 

example, when this forecaster declared an event would happen with 100% confidence (i.e., their 

subjective probability was 100%), the event occurred roughly 75% of the time, on average.  
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Figure 1.2. A calibration curve showing overconfidence 

 

A different measure related to calibration is Bias (Yates, 1990). Bias measures the difference between a 

forecaster’s overall average confidence and their proportion of correct predictions. Bias is given in (6), 

where , ̅is the average confidence of a forecaster and 6̅ is their proportion correct. 

%789 = ,̅ − 6̅ (6) 

A Bias of zero represents perfect calibration, whereas positive values represent overconfidence and 

negative numbers represent underconfidence. Bias is conceptually similar to the calibration index, except 

that Bias doesn’t require multiple confidence categories to compute and thus requires less data to 

calculate a reliable measure. 

One goal of the ACE Project was to find psychological variables that improve or predict forecaster accuracy 

(as measured by the Brier score), such as training in probabilistic and political reasoning, or working in 

teams (Chang et al., 2016). Another goal of the project was to develop algorithmic means of aggregating 

multiple forecasts to create a more accurate aggregate probabilistic predictions (Ungar et al., 2012).  

In evaluating the impacts of the individual, situational, and other psychological variables, the researchers 

found that training in probabilistic and political reasoning, and working in teams significantly enhanced 

accuracy. Participants who engaged with the platform longer and more often, as measured by update 
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frequency and time spent deliberating before answering questions, also achieved greater accuracy 

(Mellers et al., 2015). Practice effects were additive over and above training, as participants who 

forecasted on a greater number of questions in total, or returned to the same question more often 

achieved greater accuracy, regardless of training (Chang et al., 2016). These effects are present for both 

the Brier score and its calibration component (Moore et al., 2017). This shows that calibration is a learnable 

skill that can be improved through deliberate practice. Individual differences in variables including IQ, 

Actively Open-Minded Thinking (AOMT), and scores on the Cognitive Reflection Test (CRT) also showed 

positive correlations with accuracy, indicating that beyond training and practice effects, there may be 

some inherent individual differences in forecasting ability (Mellers et al., 2015).  

A separate review of predictors of forecasting accuracy found that of the non-accuracy variables related 

to forecasting skill, the most predictive were the average magnitude and frequency of updates to forecasts, 

followed by fluid IQ, then dispositional measures like conscientiousness, then political knowledge, 

education, and self-rated expertise (Atanasov & Himmelstein, 2023).  

Another vein of research has investigated the extent to which calibration can be trained through deliberate 

practice with provision of different types of feedback. In their landmark study, Lichtenstein and Fischhoff 

(1980) trained participants to significantly improve the calibration of their confidence in general 

knowledge questions using multiple forms of feedback, including: the correct answers for all questions 

and the participant’s answers to them, their proportion correct, overconfidence (Bias) score, the Brier 

score and its partitions, and calibration curves, which were all discussed in-depth by the experimenters 

after each training session. Notably, the training involved either 11 or 3 sessions (for experiment 1 and 2, 

respectively) of 200 questions per session. A similar study found that calibration feedback in the form of 

the calibration index and calibration curves improved the calibration of participants’ predictions in a 

football forecasting task (Benson & Önkal, 1992). While these and other studies demonstrate that 

improving calibration through training is possible, particularly with performance feedback such as 

calibration curves, such training is often highly time-consuming and requires expert facilitation.  

Other researchers have investigated whether calibration training can be automated and taught in 

relatively short training sessions. These studies often show mixed results. For example, Stone et al. (2023) 

found that their automated training paradigm had a positive effect on calibration for forecasts about the 

outcomes of baseball games, but not on a blackjack-related forecasting task. Gruetzemacher et al. (2023) 
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found that automated calibration training on general knowledge questions using a proper scoring rule had 

positive transfer effects to a football forecasting task, although the authors consider their findings to be a 

proof of concept requiring further evaluation. Their methodology also suffers from some shortcomings 

that are discussed more fully in Chapter 3.  

Chapter 3 of this thesis evaluates a training paradigm designed to improve calibration through deliberate 

practice using a proper scoring rule intended to facilitate learning. It also seeks to examine individual 

differences like AOMT that might also predict ability to improve calibration. 

1.6 Algorithmic Recalibration 

Regarding improving the accuracy of forecasts using aggregation algorithms, the GJP discovered some 

techniques that could beat the accuracy of the unweighted mean of the probability forecasts of a particular 

question. The unweighted mean is an example of a linear opinion pool. An opinion pool is a method for 

combining multiple individual estimates of an unknown quantity (in this case, a probability) to form an 

aggregated opinion about that quantity (DeGroot & Mortera, 1991). A linear opinion pool is one where 

individual estimates are summed or averaged, often after applying a weight to the individual opinions 

(Satopää, Baron, et al., 2014). An ideal opinion pool maximizes both calibration and sharpness (Ranjan & 

Gneiting, 2010). Calibration, as discussed above, measures how close event frequencies are to forecast 

probabilities when binned into categories. Sharpness describes how far away the forecasts are from the 

marginal event frequency, or the naïve baseline forecast (e.g., .50 for a binary event given no information 

about event frequency). More extreme forecasts (i.e., closer to 0 or 1) are sharper than those closer to the 

baseline. The Brier score is affected by both calibration and sharpness and represents a summary measure 

of predictive ability (Ranjan & Gneiting, 2010).  

Ranjan and Gneiting (2010) have demonstrated that while linear opinion pools are more accurate than 

individual forecasts, they are necessarily uncalibrated and lacking in sharpness. Linear opinion pools tend 

to produce aggregate forecasts that are too close to the marginal event frequency (e.g. pulled towards 0.5 

when the baseline event probability is 0.5), leading to underconfidence. Non-linear recalibration of 

forecasts prior to linear pooling has been proven to improve aggregate accuracy (Ranjan & Gneiting, 2010). 

In this vein, Satopää et al. (2014) used a recalibration technique based on the logit function which was 

able to out-perform both the unweighted mean and the Beta-transformed linear opinion pool algorithm 

suggested by Ranjan and Gneiting (2010).  
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In follow-up work, Satopää et al. (2014) used a different aggregation technique better suited for dynamic 

data with sparse updates, like that of the GJP dataset, achieving more accurate results. Finally, Atanasov 

et al. (2017) used a combination of weighting by time, forecaster accuracy, updates per question, and 

recalibration to achieve aggregate forecasts with comparable or superior accuracy to the results of the 

previous studies outlined above. 

A different approach to improving the accuracy of geopolitical forecasts is to use statistical or machine 

learning techniques applied to both the forecasted probabilities and other related predictor variables. To 

this end, Shinitzky et al. (2024) used Bernoulli naïve Bayes, gradient boosting classifier, linear discriminant 

analysis, and logistic regression to predict the outcomes of geopolitical events using a large number of 

predictors, including linguistic features derived from the forecast rationales and third-party evaluations of 

the convincingness of the rationales. They found that logistic regression was the most effective machine 

learning method. The most important predictor variables were forecast extremeness, difference of the 

forecast from the consensus mean forecast, and linguistic features of the rational related to time 

orientation.  

While Shinitzky et al.'s (2024) results are interesting, there are some features of their experiment that 

motivate follow-up research. Shinitzky et al. (2024) used a relatively small sample of forecasters and 

questions compared to the GJP tournament dataset from the ACE competition. They also tested features 

that would be impractical to implement in a larger scale forecasting setting, such as third-party evaluations 

of forecast rationales. Furthermore, the authors did not incorporate more sophisticated forms of forecast 

aggregation, like those outlined above, which would likely have increased the overall predictive power of 

the models and would have made for an interesting comparison to the machine learning methods they 

tested. Chapter 4 of this thesis uses recalibration and aggregation in conjunction with BNs and logistic 

regression with the aim of increasing the overall predictive power of such modelling techniques. While 

Shinitzky et al. (2024) tested a Bernoulli naïve Bayes technique, BNs are able to represent complex 

conditional dependencies between predictor variables, which may increase their predictive power over 

naïve models. Bayesian networks also make fewer parametric assumptions about the dataset than logistic 

regression, which may prove advantageous with a larger and more varied dataset, such as from the GJP. 
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1.7 Discussion 

This thesis develops and tests the effectiveness of cognitive and computational tools to help reduce bias 

and promote rational decision-making. The proposed tools encourage adherence to probability theory and 

other relevant epistemic and institutional norms. The main intended domain of application is the IC, given 

the importance of the decisions it makes and its relative past neglect of empirically validating its practices.  

The body of the current thesis consists of three articles that contribute to the above aims. Chapter 2 

empirically evaluates which analytic techniques are most predictive of high-quality reasoning and accuracy 

in a set of intelligence products. Some of the analytic tools under investigation are computational, such as 

BNs, whereas others are non-computational techniques, such as Timelines. The dataset under analysis 

allows for comparisons of the degree to which computational and non-computational tools relate to IC 

norm adherence and objective accuracy in an experimental context designed to replicate the conditions 

of the IC.  

Chapter 3 consists of testing a training procedure for improving calibration of subjective probability 

judgements using a proper scoring rule called the Practical scoring rule (Greenberg, 2020). This rule is a 

modified version of the logarithmic scoring that is intended to facilitate learning calibration by being 

cognitively intuitive and easily interpretable. Discovering a new efficient means of training calibration 

would have practical benefits for organizations that use forecasting practices and would add to the current 

state of the literature on calibration training. 

Chapter 4 consists of using BNs to predict the outcome of future geopolitical events from forecasts made 

during the GJP competition. It incorporates recalibration and aggregation as part of the predictor variables 

and contrasts the effectiveness of BNs to previously explored methods such as regularized logistic 

regression and recalibration and aggregation alone.  
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CHAPTER II 

The Relationship Between Structured Analytic Techniques And Intelligence Analysis Quality: 

Evidence From Content Analysis3 

2.1 Overview of Chapter 2 

The literature review in Chapter 1 argued that the intelligence community (IC) has relied on structured 

analytic techniques (SATs) as a methodology to increase the rigor and transparency of analysis, despite 

relatively little empirical evidence demonstrating that the techniques are effective. For instance, 

Coulthart's (2017) systematic review found only 45 studies evaluating the efficacy of any of the 12 SATs in 

the Tradecraft Primer (US Government, 2009). In those 45 studies, only six of the 12 SATs were evaluated. 

Out of those six, only three had research studies of medium or high credibility, according to the Maryland 

Scientific Methods Scale (Farrington et al., 2002). These were analysis of competing hypotheses (ACH), 

brainstorming, and devil’s advocacy. A separate review of ACH found that its effect on judgement and 

reasoning is likely not beneficial, and quite possibly net harmful (Wilcox & Mandel, 2024). A different 

review of scenario planning (a set of techniques which includes the SAT called alternative futures analysis) 

similarly finds a lack of empirical support in favour of its effectiveness (Cordova-Pozo & Rouwette, 2023). 

The literature review calls for more scientific work to empirically test the effectiveness of methods used 

by the IC to improve the rigor of their analyses.  

The Crowdsourcing Evidence, Argumentation, Thinking and Evaluation (CREATE) program was funded by 

Intelligence Advanced Research Projects Activity (IARPA) to develop tools to improve analytic rigor using 

SATs and crowdsourcing. One team in the program developed the Smartly-assembled Wiki-style Argument 

Marshalling (SWARM) platform, which gives analysts a wide degree of latitude in how they can approach 

problems given to them. The SWARM platform has been tested twice with teams of professional and 

amateur analysts who used SWARM to collaboratively respond to problems like those encountered in real 

IC analysis. The two tests yielded over 100 reports written by different teams of analysts in response to 

eight challenge problems. Reports were scored according to a version of the IC Rating Scale, which 

quantifies the degree to which analytic products adhere to the norms of analytic tradecraft (Office of the 

Director of National Intelligence, 2015b, 2015a). Additionally, five of the eight problems could be scored 

 
3 Note to the reader: The journal this article was submitted to uses endnotes for citations and parenthetical notes. 

Parenthetical notes have been included as footnotes in this thesis. 
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for objective accuracy, two of which used applications of Bayes’ theorem as the normatively correct 

answer.   

The study in Chapter 2 conducts a content analysis of the reports created during the two tests of the 

SWARM platform. The study codes for the kind of analytic techniques used in each report. This allows for 

an evaluation of the relationships between the techniques used in reports, adherence to IC norms, and 

objective accuracy. This provides a rare empirical analysis of the extent to which using different analytic 

techniques predicts better adherence to IC norms of quality of reasoning, and accuracy.  
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2.3 Abstract 

Structured Analytic Techniques (SATs) are intended to improve the rigour and transparency of intelligence 

analysis. This study conducted a content analysis of 138 reports from experiments simulating intelligence 

community (IC) conditions. The reports were scored for adherence to IC norms and accuracy, which 

correlated weakly. The techniques of Standardizing Probability Ranges and Timeline positively predicted 

IC norm adherence, as did the number of unique techniques in a report. No techniques reliably predicted 

accuracy, nor did the number of techniques used, likely due to low power. The results suggest that SATs 

have small positive correlations with IC norm adherence that compound. 

Keywords: Structured Analytic Techniques, Intelligence Analysis, Content Analysis, Quality of Reasoning, 

Accuracy 

2.4 Introduction 

Improving intelligence community (IC) analysis represents a high-impact opportunity for applying decision 

science. Intelligence analysts must make sense of ambiguous, often conflicting information, weigh options, 

and suggest actions in matters of national security and foreign policy, often under considerable time 

pressure. In response to these cognitive challenges, practitioners have developed Structured Analytic 

Techniques (SATs) to help analysts structure information, mitigate biases, and make reasoning more 

transparent and logically sound (Chang et al., 2018). In the wake of perceived intelligence failures in the 

early 21st century, including the failure to anticipate the 9/11 attacks and the erroneous assessment that 

Iraq possessed weapons of mass destruction, the Intelligence Reform and Terrorism Prevention Act (2004) 

mandated the use of SATs in the US IC (Chang et al., 2018; Intelligence Reform Act, 2004). SATs also feature 

prominently in analyst training (Chang et al., 2018). Despite their strong institutional support, it appears 

that SATs are not routinely used within the IC and have weak evidence in support of their effectiveness in 

improving intelligence (Coulthart, 2016, 2017). 

On the point of their limited use, a survey of 80 analysts in a US IC agency found that only 21% of analysts 

use them more than ‘rarely’. The primary barriers to their use were a lack of training and reluctance to use 

techniques that have not demonstrated effectiveness at improving analysis (Coulthart, 2016). A separate 

review of unclassified IC reports showed that only 22 of the 63 examined documents (~35%) used SATs. 
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The authors commented that they found that most agencies do not systematically track the use of SATs in 

their products, nor do they evaluate how they affect quality of analysis (Artner et al., 2016). 

The modest amount of research that has been done to investigate the effectiveness of SATs on improving 

analysis shows mixed results. For example, a recent systematic review of the 12 SATs advocated by the US 

government in ‘A Tradecraft Primer: Structured Analytic Techniques for Improving Intelligence Analysis’ 

found that only six had any empirical evaluation of their effectiveness: Devil’s Advocacy, Analysis of 

Competing Hypotheses (ACH), Brainstorming, Alternative Futures Analysis, Red Teaming, and Team A / 

Team B (Coulthart, 2017; US Government, 2009). The proportion of studies supporting the effectiveness 

of those techniques ranged from 0 to 100%. Furthermore, only the first three techniques listed above were 

found to have evidence credibility higher than ‘low’ (Coulthart, 2017). 

A more recent review of ACH, one of the most prominent SATs, showed that it provides little to no benefit 

on judgement quality and may even be detrimental. The critique argues that ACH suffers from lack of 

clarity in how to perform its key steps and that its procedure for evaluating the relative plausibility of 

competing hypotheses violates the norms of Bayesian reasoning (Wilcox & Mandel, 2024). Separately, a 

review on scenario planning (an umbrella category of techniques that includes the SAT Alternative Futures 

Analysis) found that there was a scarcity of research on the effectiveness of these techniques, along with 

conceptual confusion and ‘methodological chaos’ (Cordova-Pozo & Rouwette, 2023). 

Mandel and Tetlock (2018) argue that the justification for using SATs has primarily been based on face 

validity – it appears that using SATs helps reduce bias, so encouraging analysts to use them probably does 

more good than harm (Mandel & Tetlock, 2018). The problem is that unaided human intuition is not a 

sufficiently reliable tool for assessing the effectiveness of cognitive interventions, where known biases 

such as bias blind spot and what-you-see-is-all-there-is (WYSIATI) are likely to occur (Mandel & Tetlock, 

2018). Given the high-stakes nature of the judgements made by the IC, a higher standard of scientific rigor 

should be applied. 

2.4.1 CREATE 

While the IC does not routinely test the effectiveness of SATs, it sometimes funds high-risk research 

projects designed to improve its tradecraft through the Intelligence Advanced Research Projects Activity 

(IARPA). One such notable project was the Crowdsourcing Evidence, Argumentation, Thinking and 
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Evaluation (CREATE) program in which four projects tested novel ways of combining crowdsourcing and 

SATs to improve intelligence analysis (IARPA, 2016). The Smartly-assembled Wiki-style Argument 

Marshalling (SWARM) project from the CREATE program is the focus of the current study.4 The SWARM 

project used an online collaboration platform similar to Stack Exchange to cultivate engagement, 

collaboration and natural expertise among groups of analysts who would submit resources and draft 

reports that could be asynchronously rated and commented on (van Gelder et al., 2018). 

The current study conducts a content analysis of the reports written during two evaluations of the SWARM 

platform. It assesses the relationship between quality of reasoning, accuracy, and the techniques used in 

the reports, including SATs. The SWARM project was chosen as the basis of the current study for a few 

reasons. First, the SWARM platform has been evaluated using teams of both trained intelligence analysts 

and members of the public, yielding many reports that can serve as a proxy for professional intelligence 

analysis. The 2018 Challenge and 2020 Challenge were designed to replicate the conditions of real 

intelligence analysis, with two main caveats. The first caveat is that participants generally worked on larger 

teams than is normal in the IC. While this may hamper generalizability, it likely increased the quality of 

reports and the number of techniques used, which is helpful for the current study. The second caveat is 

that some teams were composed entirely of members of the public, many of which had no training in 

intelligence analysis. This concern is tempered by the fact that, in aggregate, the public teams produced 

reports of comparable or better quality than the professional analyst teams, as discussed further below 

(Thorburn et al., 2020; van Gelder et al., 2020). 

A second reason for selecting the SWARM results for secondary analysis is that it was unique in the CREATE 

program for how much flexibility it provided analysts in approaching the problems assigned to them and 

was thus more reflective of normal analytic conditions. Users were not constrained to use any specific SAT, 

but could approach problems as they saw fit, using the experience and judgement of their teammates to 

navigate the problems at hand. Users were provided with a set of resources in a living online encyclopaedia 

called the Lens Kit, which contained articles on concepts and techniques relevant to intelligence analysis, 

referred to as Logical Lenses. These articles included how to conduct various SATs, along with broader 

concepts and techniques such as how to use Bayes nets (van Gelder et al., 2018). 

 
4 For details on the other CREATE projects, see: Boicu et al., (2018), Nicholson et al. (2019), and Stromer-Galley et 

al. (2021). 
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A third reason why the SWARM-generated reports were attractive is that they were evaluated similarly to 

real IC reports (Thorburn et al., 2022). Each report received a Quality of Reasoning (QoR) score measuring 

the extent to which reports adhered to the analytic tradecraft standards mandated in Intelligence 

Community Directive (ICD) 203 (see Methods for more detail; Office of the Director of National Intelligence, 

2015). In addition to the intersubjective QoR score, five of the eight problems analysts completed could 

be assessed for objective accuracy, enabling an evaluation of how QoR and accuracy relate to each other 

and to the techniques found in the reports (Hunt Laboratory & University of Melbourne, 2020). This allows 

for a rare test of the validity of the IC rating system as well as the efficacy of SATs, as no ratings of reports 

conducted by the IC are publicly available (Thorburn et al., 2022). Given that one of the dimensions of the 

QoR score relates to accuracy, one would expect QoR and accuracy to be correlated. If SATs are effective 

at improving analytic quality, one would expect their use to be positively related to both QoR and accuracy.  

The content analysis of the current study codes for the techniques and concepts used in the reports, using 

the Lens Kit as its main theoretical source of codes.5 The analysis first examines the correlation between 

QoR and accuracy. The degree to which the codes predict the QoR and accuracy of the reports is then 

assessed using Bayesian multiple regression analysis. The analysis also assesses whether a greater variety 

of codes in a report predicts QoR and accuracy. The first hypothesis is that QoR and accuracy are positively 

correlated. The second hypothesis is that at least one code is predictive of QoR and at least one predictive 

of accuracy. Based on the literature review above and given that the normatively correct answers to two 

of the five problems scored for accuracy are based on Bayes’ theorem, one would expect techniques 

related to Bayes theorem to be more positively related to accuracy than ACH. The third hypothesis is that 

the presence of a greater number of unique codes in a report is positively related to both QoR and accuracy. 

2.5 Methods 

For the Participants and Materials subsections below, relevant details about the 2018 and 2020 Challenges 

are first recapitulated, followed by details pertinent to the current content analysis. The subsequent 

Procedure subsection only concerns the content analysis. 

 
5 A note on the terminology used in this chapter: code refers to the use of one of the concepts defined in the coding 

manual and is the formal basis of the methodology and statistical tests. The codes are largely derived from the lens 

kit and the term lens is used roughly synonymously with code, although technically not all codes are lenses and vice 

versa. For variation of language, technique is also sometimes used roughly synonymously with code, even though 

not all codes are techniques and vice versa. 
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Participants provided informed written consent prior to participating. The Challenges were approved by 

the Human Research Ethics Committee of The University of Melbourne (project IDs 1646872.5 and 

1646872.13). The secondary content analysis was approved by the Research Ethics Committee for Student 

Projects Involving Human Beings of l’Université du Québec à Montréal (certificate # 2023-5260). Data 

anonymization did not affect the results, as potentially identifiable participant characteristics were 

irrelevant to the study design. 

2.5.1 Participants 

2.5.1.1 SWARM Challenges 

The 2018 Challenge recruited 641 participants split into 24 teams. For the current study, teams were 

categorized as Organizational teams if members were from intelligence-related government institutions, 

otherwise they were considered Public teams. While Public teams were recruited from the general 

population, many of them had considerable relevant experience with analysis. On average, Public teams 

were larger and spent more total hours on each report than Organizational teams (van Gelder et al., 2020). 

In the 2020 Challenge, 20 teams of analysts completed reports in two stages with two problems each. For 

the first two problems, teams were either professionals from intelligence-related organizations or were 

from the public, similar to the 2018 Challenge. For the final two problems, the top performing members 

of the public teams were invited to form ‘superteams’, which professionals could also opt to join. For the 

current study, professional teams were categorized as Organizational teams, and public and superteams 

were considered Public teams. Public teams had more members and higher activity than Organizational 

teams, on average (Hunt Laboratory & University of Melbourne, 2020). 

2.5.1.2 Content Analysis 

The first author of this report and two hired coders conducted the content analysis of the reports 

generated during the 2018 and 2020 Challenges. Coders were required to have an advanced level of 

English reading comprehension6 and be able to learn to recognize statistical concepts including linear 

regression, probability theory, and Bayesian networks. Previous experience with content analysis was 

considered an asset but not required. All three coders had at least a master’s degree from institutions in 

 
6 Aproximately level C1 of the Common European Framework of Reference for Languages (Council of Europe, 

2025). 
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eastern Canada. The two hired coders were non-native speakers of English, one being of Québecois origin, 

the other South Asian, whereas the first author was a native English speaker of Canadian origin. All three 

coders had considerable experience with mathematics; the first hired coder was a college-level professor 

of mathematics and the other two had been teaching assistants for at least one university-level course in 

statistics. One coder was hired through connections at a Canadian university and the other was hired via 

social media. 

2.5.2 Materials 

2.5.2.1 Quality of Reasoning Score 

All reports were evaluated using an adapted version of the Intelligence Community Rating Scale for 

Evaluating Analytic Tradecraft Standards (Office of the Director of National Intelligence, 2015b). This scale 

evaluates the extent to which an intelligence report adheres to the nine analytic tradecraft standards 

defined in ICD 203 (Office of the Director of National Intelligence, 2015a). The standards stipulate that an 

intelligence report: 

1. Properly describes quality and credibility of underlying sources, data, and methodologies  

2. Properly expresses and explains uncertainties associated with major analytic judgments  

3. Properly distinguishes between underlying intelligence information and analysts’ assumptions and 

judgments  

4. Incorporates analysis of alternatives  

5. Demonstrates customer relevance and addresses implications  

6. Uses clear and logical argumentation  

7. Explains change to or consistency of analytic judgments 

8. Makes accurate judgments and assessments  

9. Incorporates effective visual information where appropriate 

The rating scale defines each of the nine criteria in more detail and provides guidance on how to evaluate 

each of them as poor, fair, good, or excellent. For both the 2018 and 2020 Challenges, the seventh standard 

was not included as it was not relevant in the experimental setting.7 Reports were given a score from 1 to 

4 on each of the eight remaining dimensions and the sum of the scores was used as the QoR score. Three 

 
7 The rating rubrics for the 2018 and 2020 Challenges are available at: osf.io/cxsr8/ 
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raters associated with the SWARM project independently evaluated each report, and the average of their 

ratings was used as the overall score for a report (Hunt Laboratory & University of Melbourne, 2020; van 

Gelder et al., 2020). 

The QoR scoring technique is similar to the official implementation of the IC Rating Scale, where reports 

are independently rated by two evaluators, followed by a discussion and agreement on a consensus rating, 

followed by a third evaluator who assesses that evaluation for quality and makes any final changes. No 

aggregation procedure is prescribed for the official IC Rating Scale, however (Thorburn et al., 2022). 

2.5.2.2 2018 Challenge 

Participants in the 2018 Challenge used the SWARM platform to collaborate on writing reports in response 

to four fictional problems like those of the IC (labelled problems #1-4, see Table 2.1 for problem 

descriptions;. van Gelder et al., 2020). Only problem #4 had an objectively verifiable answer, where a total 

of six probability estimates could be calculated using Bayes’ theorem. The accuracy metric for this problem 

was the average absolute difference between the normative answers and the reports’ probability 

estimates, subtracted from one. All accuracy metrics in the current study correspond to absolute error 

subtracted from one. Accuracy rather than error is used for consistency with past research as well as ease 

of interpretation (Hunt Laboratory & University of Melbourne, 2020). 
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Table 2.1. Problem Descriptions for the 2018 and 2020 Challenges 

Problem Challenge Year Description nOrg
a Reports nPub

b Reports 

1 2018 Determine the most likely causes of death of a 
politician 

4 15 

2 2018 Predict the optimal placement of assets for 
intercepting drug smugglers 

2 17 

3 2018 Assess the likelihood of suspects’ involvement in 
terrorist activities and recommend countermeasures 

4 16 

4 2018 Calculate the probabilities of two nations acquiring 
weapons of mass destruction over time 

4 15 

5 2020 Geolocate four photographs and assess how they 
relate to two suspects’ role in militant activities 

7 13 

6 2020 Estimate the probability of piracy and armed 
robbery against ships being greater than a certain 
frequency in a future month 

7 13 

7 2020 Calculate the probability an employee is stealing 
intellectual property for a rival company 

6 5 

8 2020 Evaluate four intelligence reports for reasoning 
errors and assess the connection between a suspect 
and a foreign intelligence agency 

5 5 

Total   39 99 
anOrg = number of reports written by Organizational Teams  
bnPub = number of reports written by Public Teams. 

2.5.2.3 2020 Challenge 

Participants in the 2020 Challenge completed four problems (labelled #5-8). All four problems could be 

assessed for their objective accuracy in addition to QoR. In problem #5, participants geolocated four 

photos as part of their analysis; the proportion of correctly geolocated photographs was the accuracy 

measure. In problem #6, participants provided a probability forecast that the number of maritime criminal 

acts would be above some number in a future month. Accuracy on this question was the square root of 

the binary Brier score, subtracted from one. Problem #7 required participants to make three probability 

assessments that could be determined by Bayes’ theorem. Accuracy was the average absolute difference 

from the normatively correct probabilities and the reports’ estimates, subtracted from one. Problem #8 

involved detecting four reasoning flaws that were intentionally put into fictional intelligence reports 

provided as part of the evidence base. Accuracy was the proportion of flaws correctly detected (Hunt 

Laboratory & University of Melbourne, 2020) 



 34 

2.5.2.4 Content Analysis 

For the content analysis, the unit of analysis in terms of data (i.e.,‘sampling units’) was a report written 

during either the 2018 or 2020 Challenge (Krippendorff, 2004). All available reports (N = 138) were coded 

to maximize statistical power and minimize selection bias.8 The unit of analysis for the coding scheme was 

a binary indication of whether a given code described in the coding manual was used at least once in the 

report under analysis.  

The online Lens Kit formed the basis of most of the coding manual. In its form from the 2020 Challenge, 

the Lens Kit included over 75 entries ranging from tips on how to write clearly, to concepts such as 

regression to the mean, to how to use Bayesian network software. The final coding manual had 44 codes 

(also referred to as ‘lenses’) in eight categories mostly derived from the Lens Kit (see the Procedure section 

below for the development process).9 

Each code in the coding manual contained a description, a set of inclusion and exclusion criteria for using 

the code, examples of uses of the code found in the reports, and negative examples where the code should 

not be applied (Syed & Nelson, 2015). Additionally, a set of tips and suggestions for applying the code was 

included for most entries. Codes with considerable conceptual overlap were formed into hierarchical 

groups with the rule that if a more specific member of the group applied, only it should be used and not a 

more generic member of the group. For example, the group related to numeric probabilities contained a 

generic code that applied to any use of numeric probabilities, a more specific code that applied to uses of 

Bayes’ theorem, and more specific codes that pertained to specific applications of Bayes’ theorem (such 

as Bayes nets).10 This hierarchical use of codes was intended to make the codes as mutually exclusive as 

possible and avoid multicollinearity in the eventual regression analyses.  

The coding manual also contained instructions on how to use the corresponding coding sheet. The coding 

sheet was a spreadsheet where each row represented a report, and uses of codes were represented in 

 
8 One 2018 Challenge report available for content analysis did not receive a QoR rating, most likely due to 

incompleteness, and it was also impossible to score for accuracy. It was thus excluded from analyses involving QoR 

and accuracy but was still coded as part of the content analysis. 

9 A list of the lenses with a brief description of each is provided in Table SA1 and a redacted version of the coding 

manual is available in the online supplemental materials at: osf.io/8n6rz/ 

10 See Table SA1 and the coding manual in the supplemental materials for more information about the code 

hierarchy. 
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columns. Upon finding a codable lens in the report, the coder would select the code’s name from a drop-

down menu in a data-entry cell that contained all codes in the coding manual. The order of codes recorded 

in the columns did not matter and only one use of a lens within a report was coded. To aid the training 

process, the coding sheet was divided into four samples of 32 reports and a final sample of 10 reports. This 

was done to provide reliability feedback after a reasonable subset of reports had been coded, and to 

expose coders to a balance of all problem types at the beginning of training (see Procedure for the training 

process). To the extent possible, the samples were balanced by problem type and had four reports for 

each of the eight types, in random order. Because some problem types had less than 12 reports, only the 

first and second samples were perfectly balanced. 

Krippendorff’s a was used as the reliability metric in this study, computed using JASP (Jasp Team, 2023). 

This metric represents the degree to which coder agreement exceeds what would be expected by chance. 

It was used instead of Cohen’s k because k is affected by irrelevant features of mismatches between 

coders, such as the distribution of which coder or category contributed more to the mismatches, making 

it unsuited for a reliability index for content analysis (Krippendorff, 2004). An a > .80 was considered 

reliable, a between .667 and .80 was considered reliable enough for drawing tentative conclusions, and a 

< .667 was considered unreliable (Krippendorff, 2004). 

2.5.3 Procedure 

The coding manual was developed through a ‘theoretically driven inductive approach’, where the Lens Kit 

and other SATs known to be important to the IC formed the theoretical background and primary source 

of codes (Syed & Nelson, 2015). Codes were added inductively to the coding manual when techniques 

appeared in the reports that were not already captured by the manual. Codes were also added to make 

the coding manual exhaustive and to cover generic cases, such as None when no lens was apparently used. 

The Other code was used as a catch-all for techniques that did not meet the description of any existing 

codes and was a source of new codes during the development process. Codes were consolidated or 

removed if they were rarely used, redundant with other codes, or were too vague to be coded reliably. 

The general rule was that codes that appeared less than three times should be removed or consolidated 

into a similar code, along with those that were irrelevant or too vague to be coded effectively. The 

exception to this rule was the 12 SATs of the ‘Tradecraft Primer’ (US Government, 2009). These were left 

in the manual despite low usage since they are important to the IC and their lack of use might itself be an 
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interesting finding. The coding manual was iteratively refined to make its application to the reports as clear 

and reliable as possible through the development process outlined below. 

An initial set of 75 codes were developed by converting entries in the Lens Kit into codes. The coding 

manual was initially refined through an iterative process of the first coder coding the reports using the 

existing manual and making alterations to the codes after completing a sample. After a stable manual with 

50 lenses across nine categories was reached after five iterations, all reports were re-coded using the fifth 

version of the manual. The second coder was then hired to help code and further refine the manual.  

The second coder first read the coding manual and the problem descriptions, and any initial questions 

were addressed. The second coder then proceeded coding samples of 32 reports each. After coding each 

sample, reliability was assessed. Discrepancies between the two coders’ codes were recorded and 

discussed and the coding manual was subsequently edited to improve clarity and reliability. This process 

was repeated four times, until the average a of the codes in a sample was > .80 and it was deemed that 

the coding manual was sufficiently clear. Once the final version of the coding manual with 44 codes was 

reached, the two coders re-coded all 138 reports using it. 

Given that the second coder was involved in the development of the manual, they could not be considered 

an independent rater, as they were possibly influenced by information extraneous to the coding manual 

such as implicit agreements and conventions (Krippendorff, 2004). Thus, a third coder was hired to conduct 

a new independent coding. Due to feedback from the second coder, the third coder was trained iteratively 

on subsamples of eight reports balanced across problem type. After completing a subsample, 

discrepancies between the first and third coder’s codes would be reviewed and discussed, but no changes 

to the manual were made. After six iterations of this training, the third coder was deemed to be sufficiently 

capable of using the coding manual independently. They then coded the remaining 90 reports with 

minimal interaction with the first and second coders. Coders coded roughly one to four reports per hour 

after training. The entire content analysis procedure took approximately 1500 person-hours of work, split 

across three people. 

The initial 48 training reports of the third coder were not used in the reliability analysis described below 

as they do not reflect the work of a fully trained and independent coder. Disagreements in the 90 

independently rated reports were resolved via majority vote. For the remaining 48 training reports, the 

first coder’s analysis was considered the gold standard (Syed & Nelson, 2015).  
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2.6 Results 

The reliability of the codes produced by the content analysis is examined first, followed by the tests of the 

three main hypotheses of the study. The first hypothesis that QoR is correlated with accuracy is tested 

first, followed by testing the relationships between QoR, accuracy, and codes using Bayesian regression 

analyses. Zero-order correlations between the dependent variables and codes are included to assist in the 

interpretation of the regression analyses. Finally, the third hypothesis that QoR and accuracy are predicted 

by the number of unique codes found in a report is tested with hierarchical regression analysis. 

2.6.1 Reliability Analysis 

The reliability of the 28 codes included in subsequent regression analyses (where a > .667 and nFull > 1) are 

reported in Table 2.2.11 Most codes (n = 28) showed good reliability with a > .80. Nine codes were reliable 

enough to only draw tentative conclusions. Seven codes had poor reliability with a < .667. Low reliability 

appeared to be caused by either infrequent occurrences of the codes, making a single disagreement highly 

detrimental to a, or by confusion with conceptually or structurally similar codes.12 

 

 
11 nFull = the number of times a code that appears in the full set of 138 reports. nInde = the number of times a code 

appears in the set of 90 reports coded by two fully trained independent raters. Reliability results for all 44 codes 

are in Table SA2 of the supplementary materials. 

12 See Supplementary Materials A for a fuller discussion of the causes of low reliability. 
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Table 2.2. Reliability Analysis of Codes 

Code nFull 
a nInde

b a 95% CIc 

ACH 10 5 0.79 [0.32 - 1.00] 
ADC 3 0 1.00 [1.00 - 1.00] 
BN 9 7 1.00 [1.00 - 1.00] 
BTH 15 8 0.93 [0.74 - 1.00] 
BTR 3 1 1.00 [1.00 - 1.00] 
CPTC 2 1 1.00 [1.00 - 1.00] 
EVTB 12 8 0.81 [0.52 - 1.00] 
GEOL 18 13 0.90 [0.73 - 1.00] 
GEOM 52 32 0.95 [0.87 - 1.00] 
GTPD 2 2 1.00 [1.00 - 1.00] 
HYTR 4 4 0.74 [-0.01 - 1.00] 
LINK 22 11 0.75 [0.44 - 0.95] 
MMO 10 6 1.00 [1.00 - 1.00] 
MTG 43 25 0.76 [0.59 - 0.90] 
NONE 6 5 1.00 [1.00 - 1.00] 
NPRG 102 66 0.79 [0.63 - 0.92] 
ODNI 3 3 1.00 [1.00 - 1.00] 
PRCN 6 4 1.00 [1.00 - 1.00] 
RCIF 17 13 0.79 [0.58 - 0.95] 
RGLM 10 6 0.71 [0.26 - 1.00] 
RST 4 1 1.00 [1.00 - 1.00] 
SPR 29 15 0.96 [0.85 - 1.00] 
STCG 27 19 1.00 [1.00 - 1.00] 
SWPC 11 8 0.85 [0.55 - 1.00] 
TBLG 101 64 0.85 [0.71 - 0.95] 
THPE 4 4 0.74 [-0.01 - 1.00] 
TMLN 37 22 0.83 [0.69 - 0.94] 
VSIM 25 17 0.71 [0.49 - 0.87] 

Note. ACH = Analysis of Competing Hypotheses, ADC = Admiralty Code, BN = Bayes Nets, BTH = Bayes’ 
Theorem, BTR = Bayes Tree, CPTC = Conditional Probability Table Calculator, EVTB = Evidence Table, 
GEOL = Geolocation, GEOM = Geographical Map, GTPD = Game Theory and Prisoner’s Dilemma, HYTR = 
Hypothesis Tree, LINK = Link Analysis, MMO = Means Motive Opportunity, MTG = Mathematical 
Techniques (Generic), NONE = None, NPRG = Numeric Probabilities and Odds (Generic), ODNI = ODNI 
Rating Scale aka IC Rating Scale, PRCN = Pros and Cons, RCIF = Reference Class-Informed Forecasting, 
RGLM = Regression Using Generalized Linear Models, RST = Reasoning Stress Test, SPR = Standardizing 
Probability Ranges, STGC = Statistical Charts or Graphs, SWPC = SWARM Probability Calculator, TBLG = 
Table (Generic), THPE = Three-Point Estimating, TMLN = Timeline, VSIM = Visual Image (Other).  
a nFull = number of times a code occurred all 138 reports 
b nInde = number of occurrences in the non-training subset of reports rated by two independent coders. 
c Krippendorff’s a and its associated 95% confidence interval (CI) were calculated using 1000 bootstrap 

replications, where a represents the reliability between the two hired coders for the non-training reports. 
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2.6.2 Frequency of Code Usage 

The distribution of the frequency of code usage was significantly right-skewed, with a mode of zero, 

median of 6.00 (IQR = 16.25) and mean of 14.82 (SD = 22.49). Eleven codes (25%) were used less than 

twice, most of which belonged to the 12 SATs described in the ‘Tradecraft Primer’. Only two of these 

twelve SATs were used more than once: ACH and Key Assumptions Check. Numeric Probability and Odds 

(Generic) and Table (Generic) were the only codes used in most reports. 

2.6.3 Quality of Reasoning and Accuracy 

The hypothesis tests of this study used Pearson correlations and linear regression on the dependent 

variables of QoR and accuracy. To account for differences in problem difficulty and make the scores better 

fit the assumptions of linear regression analysis, both QoR and accuracy were standardized within a 

problem. These metrics thus reflect the score of a report relative to other reports on the same problem. 

Henceforth QoR and accuracy refer to their standardized forms.  

Preliminary analyses were conducted to confirm the validity of correlation and linear regression models 

with QoR and accuracy as dependent variables. One of the main demographic differences between teams 

in the 2018 and 2020 Challenges was whether the members were recruited from the public or from 

government organizations with an intelligence function. Given that one of the aims of the study is to make 

inferences about how analytic techniques are used by members of the IC, significant differences in the 

behaviour of the two groups would indicate the model should adjust for team type.  

An independent samples t-test showed that Public teams had significantly higher QoR (M = 0.10, SD = 1.00) 

than Organizational teams (M = -0.26, SD = 0.89) with a small effect size (t(135) = 2.01, p = .047, d = 0.38). 

Likewise, an independent samples t-test showed that Public teams had significantly higher accuracy (M = 

0.19, SD = 0.82) than Organizational teams (M = -0.33, SD = 1.14) with a medium effect size (t(78) = 2.37, 

p = .020, d = 0.55). These differences are likely due to Public teams being generally larger, with more active 

participants and hours spent per report (Hunt Laboratory & University of Melbourne, 2020; van Gelder et 

al., 2020). To adjust for the impact of team type, the binary variable of Public Team was included as a 

control variable in subsequent analyses.  

To test the first hypothesis that QoR and accuracy are positively correlated, a correlation analysis partialing 

out Public Team status was performed. Accuracy and QoR were significantly positively correlated with a 
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small effect size (r(77) = .25, p = .028)13. The zero-order correlation between QoR and accuracy was 

medium-sized (r(78) = .30). The first hypothesis was thus supported. Modest correlations between QoR 

and accuracy were similarly reported for the 2020 Challenge (Hunt Laboratory & University of Melbourne, 

2020). This likely reflects the fact that making accurate judgments and assessments is only one of eight 

criteria that compose QoR, making the relationship between accuracy and QoR relatively small.  

2.6.3.1 Regression Analyses 

A few considerations established the choice of variables for inclusion in the regression models assessing 

the relationship between codes and QoR or accuracy. First, codes were excluded from the model if their 

reliability was < .667. The resulting data should be considered reliable enough to draw tentative 

conclusions, as the lowest a value in a multivariate dataset equals the joint reliability of the whole data 

(Krippendorff, 2004). Second, predictors were excluded if they were highly multicollinear with other 

predictors. The None code was excluded for this reason since it was perfectly predicted from the absence 

of other codes. Otherwise, an absolute correlation r > .80 or a variance inflation factor (VIF) > 5.0 was 

considered grounds for removal (no codes were removed for these reasons). Third, codes were excluded 

if they were used less than twice in the subset of reports under analysis. This represents the minimum 

number of positive cases required to estimate the standard error of a regression coefficient (b). While 

allowing codes with only two positive cases potentially increases the variance of b estimates and has other 

downsides discussed further below, the exploratory nature of the current study motivated including more 

variables and estimating their relationship with the dependent variables. After these preliminary cutoffs, 

27 codes were suitable for the regression involving QoR and 22 for the regression involving accuracy.14 

Ordinary least squares regression using this many predictors encounters problems such as data overfitting, 

unreliable b estimates, and poor generalization to other data sets (Myung, 2000). To ameliorate these 

problems while providing interpretable b estimates, this study used the Bayesian Adaptive Sampling (BAS) 

approach for multi-model inference with model averaging, as implemented in JASP (Bergh et al., 2021; 

 
13 The p values reported in this chapter are not corrected for family-wise error. Given the three main hypothesis 

tests of this study (i.e., a partial correlation between QoR and accuracy, and a change in R2 for both QoR and 

accuracy), a Bonferroni correction yields a = .0167. 

14 See Tables SA3 and SA5 in the supplementary materials for coefficient summaries for all included codes. 
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Clyde et al., 2011). The default JASP settings were used, with a JZS prior width = 0.125 and a beta binomial 

model prior where a = b = 1.15 

Intuitively, the BAS approach evaluates models using every possible subset of the predictors under 

consideration. For each model, an estimate of the relative probability of the model after observing the 

data is obtained (i.e., the posterior model probability) as well as estimates of the bs within each model. To 

estimate each b overall, a weighted average of their values across all models is taken, using the posterior 

model probabilities as weights. If the model space is too large to practically enumerate (i.e., the number 

of predictors is > 20), the model space is sampled efficiently without replacement to estimate models’ 

posterior probabilities and bs (Bergh et al., 2021). 

The first table for each analysis (see Tables 2.3, 2.6) contains a subset of the models (M) with the highest 

posterior probabilities P(M|D). If an alternative model (M1) has a higher posterior probability than the null 

model (M0), it indicates that the predictors included in the alternative model can predict the data better 

than the null model. By default, the null model only contains the intercept as a predictor, but for the below 

analyses on QoR and accuracy, the null model also included the Public Team variable as a predictor. This 

means that the ability of codes to predict QoR or accuracy is after accounting for the predictive ability of 

team type, akin to hierarchical regression (Bergh et al., 2021). 

The first table also includes the BF10, which represents the degree to which the alternative model predicts 

the data relative to the null model. Following Bergh et al. (2021), BF10s between 1 and 3 indicate anecdotal 

evidence in favour of the alternative model, BF10s between 3 and 10 indicate moderate evidence, and BF10s 

greater than 10 indicate strong evidence. 

A secondary table includes estimates of the posterior distributions of the regression coefficients (b), 

including their model-averaged mean value, SD and 95% credible interval (see Table 2.4). The key metric 

indicating whether a predictor should be included in a model is the posterior inclusion probability, 

P(incl|D), where a value > .50 indicates the predictor should be included in a regression model. The BFincl 

 
15 The robustness of the results was also tested using JZS prior widths of .25 and .50. The prior widths did not 

meaningfully affect the main findings. 
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quantifies the degree to which the data support including the predictor relative to excluding it and are 

interpreted similarly to BF10s. 

2.6.3.2 Quality of Reasoning 

The Bayesian regression analysis predicting QoR found that the most probable model included 

Standardizing Probability Ranges and Timeline as predictors. The second most probable model included 

only Standardizing Probability Ranges (see Table 2.3). Consistent with this, the posterior inclusion 

probabilities of model-averaged coefficients suggested that Standardizing Probability Ranges and Timeline 

should be included in a model. Their BFincls indicated strong evidence in favour of their inclusion (see Table 

2.4).16 The second hypothesis that at least one code would predict QoR was thus supported. 

Table 2.3. Bayesian Regression Models Predicting Quality of Reasoning 

Models P(M) P(M|D) BF10 R² 

Null model (incl. Public Team) 0.161 0.007 1.00 0.03 

SPR + TMLN 0.001 0.020 972.96 0.18 

SPR 0.006 0.018 66.88 0.12 

Note.  All models include the Public Team variable, which is included as part of the null model. P(M) = 

model prior probability, P(M|D) = model posterior probability, BF10 = Bayes Factor of alternative model 

over null model, SPR = Standardizing Probability Ranges, TMLN = Timeline. 

 

 
16 Table 2.4 includes a subset of coefficients most predictive of QoR. Table SA3 includes all coefficient summaries. 
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Table 2.4. Posterior Summaries of Coefficients Most Predictive of Quality of Reasoning 

   95% Credible Interval    

Coefficient Mb SDb Lower Upper P(incl) P(incl|D) BFincl 

Intercept 0.00 0.08 -0.16 0.15 1.00 1.00 1.00 

Public Team 0.27 0.16 -0.03 0.60 1.00 1.00 1.00 

BN 0.16 0.28 -0.01 0.82 0.11 0.31 3.61 

EVTB 0.25 0.33 0.00 0.91 0.12 0.46 6.15 

HYTR 0.27 0.44 -0.01 1.25 0.12 0.35 4.13 

SPR 0.33 0.27 0.00 0.76 0.14 0.71 15.51 

TBLG 0.08 0.16 0.00 0.49 0.11 0.29 3.28 

TMLN 0.23 0.22 0.00 0.61 0.13 0.62 10.73 

Note. Public Team was included in the null model. Mb = mean b coefficient estimate, SDb = standard 

deviation of b coefficient estimate, P(incl) = prior inclusion probability, P(incl|D) = posterior inclusion 

probability, BFincl = Bayes Factor for inclusion, BN = Bayes Nets, EVTB = Evidence Table, HYTR = Hypothesis 

Tree, SPR = Standardizing Probability Ranges, STGC = Statistical Charts or Graphs, SWPC = SWARM 

Probability Calculator, TBLG = Table (Generic), TMLN = Timeline. 

2.6.3.3 Correlations 

All zero-order correlations between QoR and the predictors were small (max |r| = .28; Table 2.5).17 The 

highest zero-order correlations were with Timeline and Standardizing Probability Ranges. The results point 

to an absence of strong individual predictors of QoR. However, their impact may still be notable when 

combined, as examined by the tests of the third hypothesis further below.  

 

 
17 Table 2.5 includes correlations where |r| ≥ .10. Table SA4 includes all correlations with the predictor variables. 
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Table 2.5. Zero-Order Correlations with Quality of Reasoning 

Variable Pearson’s r 

Public Team 0.17 

BN 0.18 

EVTB 0.27 

HYTR 0.22 

LINK 0.17 

MMO 0.15 

MTG 0.16 

NPRG 0.19 

SPR 0.27 

TBLG 0.24 

THPE 0.12 

TMLN 0.28 

Note. BN = Bayes Nets, EVTB = Evidence Table, HYTR = Hypothesis Tree, LINK = Link Analysis, MMO = Means 

Motive Opportunity, MTG = Mathematical Techniques (Generic), NPRG = Numeric Probabilities and Odds 

(Generic), SPR = Standardizing Probability Ranges, TBLG = Table (Generic), THPE = Three-Point Estimating, 

TMLN = Timeline. 

2.6.4 Accuracy 

None of the models predicting accuracy had a higher posterior probability than the null model. The most 

likely of the non-null models was the model that only included Timeline as a code, with the BF10 suggesting 

moderate evidence in favour of the model (see Table 2.6). For the model-averaged regression coefficients, 

all codes had a posterior probability of inclusion < .5, suggesting insufficient evidence to include any of 

them in a regression model.18  All BFincls suggested only anecdotal evidence in favour of inclusion (or 

exclusion) of any parameter. The second hypothesis that at least one code would be predictive of accuracy 

was thus not supported. 

 

 
18 See Table SA5 for summaries of all coefficients predicting accuracy. 
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Table 2.6. Bayesian Regression Models Predicting Accuracy 

Models P(M) P(M|D) BF10 R² 

Null model (incl. Public Team) 0.116 0.123 1.00 0.07 

TMLN 0.005 0.019 3.43 0.13 

Note. All models include the Public Team variable, which is included as part of the null model. P(M) = model 

prior probability, P(M|D) = model posterior probability, BF10 = Bayes Factor of alternative model over null 

model, TMLN = Timeline. 

The lack of predictive ability of the coefficients was likely owing to the low sample size of reports that 

could be coded for accuracy (N = 80) and high complexity of the model. A post-hoc power analysis of a 

regression analogous to the above indicated that a sample size of N = 126 would be required to detect a 

statistically significant single regression coefficient with a partial correlation as strong as the largest 

individual predictor.19 

2.6.4.1 Correlations 

The zero-order correlations between accuracy and its predictors were all small, with the highest 

correlation being with Timeline (r = .28; see Table 2.7).20 The zero-order correlations for codes related to 

Bayes theorem (Bayes’ Theorem and Bayes Nets) were more positive than for ACH, which was slightly 

negative (r = -0.08). There was thus suggestive, but inconclusive, evidence that ACH was more negatively 

associated with accuracy than Bayesian methods, in line with the prediction about it. Overall, the results 

point to an absence of strong individual predictors of accuracy, but do not rule out the possibility of 

combined effects. 

 
19 The details of the power analysis are available in Supplementary Materials A. 

20 Table 7 contains a subset of correlations with accuracy. Table SA6 contains all correlations. 
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Table 2.7. Zero-Order Correlations with Accuracy 

Variable Pearson’s r 

Public Team 0.26 

ACH -0.08 

ADC 0.10 

BN 0.14 

BTH 0.22 

EVTB 0.19 

GEOM 0.10 

LINK 0.14 

MMO 0.15 

NPRG 0.15 

ODNI -0.19 

RGLM 0.10 

RST 0.19 

TMLN 0.28 

VSIM 0.15 

Note. ADC = Admiralty Code, BN = Bayes Nets, BTH = Bayes’ Theorem, EVTB = Evidence Table, GEOM = 

Geographical Map, LINK = Link Analysis, MMO = Means Motive Opportunity, NPRG = Numeric Probabilities 

and Odds (Generic), ODNI = ODNI Rating Scale aka IC Rating Scale, RGLM = Regression Using Generalized 

Linear Models, RST = Reasoning Stress Test, TMLN = Timeline, VSIM = Visual Image (Other) 

2.6.5 Diversity of Codes 

To test the third hypothesis that the number of unique codes used in a report predicted QoR and accuracy, 

hierarchical linear regressions were conducted on these dependent variables with two blocks of predictor 

variables. The first block included Public Team as a predictor and the second block included number of 

codes in a report as a predictor. A significant change in R2 from the first to second blocks would indicate 

that the number of unique codes was related to the dependent variable, after accounting for the effect of 

Public Team.  

For the regression with QoR as the dependent variable, the results showed that the second block showed 

a significant improvement over the first block with a medium effect size (ΔF(1,134) = 33.29, p < .001, ΔR2 

= .19). The regression coefficient for number of codes was significantly positive (b = .16, t = 5.77, p < .001) 

and the zero-order correlation was medium-sized, r(135) = .46. The results thus supported the third 

hypothesis that the number of unique codes in a report predicts QoR. 
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For the hierarchical regression with accuracy as the dependent variable, the results showed that the 

second block did not show a significant improvement from the first block and the effect size was small, 

ΔF(1,77) = 2.14, p = .15, ΔR2 = .03. The regression coefficient for number of codes was non-significantly 

positive (b = 0.07, t = 1.46, p = .15) and the zero-order correlation was small, r(78) = .23. The results thus 

did not support the third hypothesis that the number of unique codes in a report predicts accuracy. 

2.7 Discussion 

This study explored the relationships between the kinds of techniques used in intelligence reports and the 

QoR and accuracy of those reports. It employed a content analysis methodology to code the techniques 

that were used in reports written during two experiments that attempted to replicate the conditions of 

the IC. The hypotheses under consideration were, first, that QoR and accuracy would be positively related, 

second, that some coded techniques would predict QoR and accuracy, and third, that the number of 

unique codes in a report would predict QoR and accuracy. The first hypothesis was supported and the 

second and third hypotheses were supported for QoR, but not accuracy. 

Prior to testing the hypotheses using correlation and regression techniques, the reliability of the codes 

was examined. Most codes were found to be reliable enough to draw at least tentative conclusions. Many 

codes were used rarely, including the 12 techniques advocated in the ‘Tradecraft Primer’, of which only 

ACH and Key Assumptions Check were used more than once (US Government, 2009). The rarity of these 

codes in the dataset is likely partly contextual - the techniques were not used since they were not very 

relevant to the problems analysts addressed. Nevertheless, the lack of high-profile techniques in the 

dataset highlights the need for a partially bottom-up approach to content analysis for this kind of data, 

where the coding manual is adapted to describe the data at hand rather than rely on purely theoretical or 

prescriptive norms about which techniques should be used. 

The first hypothesis that QoR and accuracy are positively correlated was supported, although the effect 

size was small. While the small effect might be surprising at first glance, it is important to consider that 

the QoR score is a simple addition of eight measures of adherence to norms important to the IC, only one 

of which is accuracy. While it could be argued that this provides a more wholistic assessment of quality, 

some researchers have questioned the validity of the QoR score for measuring the constructs of high-

quality reasoning or analytic rigor, since reports can be considered high quality while relatively inaccurate. 
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They advocate for a more sophisticated aggregation procedure or using different measures of analytic 

rigor for these reasons (Marcoci et al., 2019; Thorburn et al., 2022). 

The second hypothesis that some coded techniques would predict QoR scores was supported. The 

Bayesian linear regression found that the codes Standardizing Probability Ranges and Timeline were 

positively related to QoR. A few explanations for why these two codes were found to be related to QoR 

present themselves. First, these codes were among the most frequently used, so there would be less 

uncertainty in the model regarding their relationships with QoR. Relatedly, these two codes, along with 

the other frequently used codes, tended to be positively correlated with the total number of codes used 

within a report, another known correlate of QoR. The other frequently used codes tended to be generic 

codes that were widely present in both high-quality and low-quality reports. For example, Numeric 

Probability and Odds (Generic) could be applied to weather reports (e.g., 80% chance of rain) and 

demographic information interpretable as conditional probabilities (e.g., 90% of terrorists are male), so 

the presence of this lens in a report was not very indicative of its quality. In contrast, Standardizing 

Probability Ranges and Timeline appear to be not so ubiquitous such that their inclusion in a report was 

not akin to noise. 

Standardizing Probability Ranges is also straightforwardly related to the criterion of ‘Properly expresses 

and explains uncertainties’. The scoring rubric from the 2018 Challenge explicitly states that such 

standardized probability ranges must be used to express probability (in line with ICD 203), and the 2020 

Challenge scoring rubric likewise requires consistency in the terms used to describe probability (Office of 

the Director of National Intelligence, 2015a). Including such probability ranges is thus a strong indicator of 

adherence to IC norms.  

There are fewer apparent reasons why Timeline was related to QoR. Timelines could take the form of line-

type diagrams, tables, or ordered lists (corresponding to the SAT of Chronologies and Timelines from 

Pherson and Heuer (2021)). Timeline appeared in reports of all question types except for #2, which 

required participants to predict the activities of drug smugglers and recommend the optimal choice of 

assets to intercept them. Timeline is most clearly related to the criterion of ‘Incorporates effective visual 

information’. The use of tables as a means of visually organizing information may have been generally 

beneficial for this criterion, since other table-related lenses such as Table (Generic) and Evidence Table 

also had relatively high zero-order correlations with QoR (r = .24, .27, respectively). Qualitatively, Timeline 
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appears to have been used to summarize information, discover patterns, assess hypotheses for 

discrepancies, and calculate probabilities (in the case of Bayesian-type questions). It was thus also likely 

beneficial in creating a report with ‘Clear and logical argumentation’. 

Pherson and Heuer (2021) consider Chronologies and Timelines to be a diagnostic SAT useful in revealing 

important patterns, highlighting gaps in information, and reducing cognitive biases. Little empirical work 

has been done to support their specific claims, although some studies provide suggestive evidence of the 

general benefits of timelines. A timeline tool was part of the TRACE system developed under the CREATE 

program, along with other tools inspired by other classic SATs. The researchers found that higher quality 

analytical products were written by users who used the timeline tool earlier in the analytic process rather 

than later (Stromer-Galley et al., 2021). Research from the domain of digital forensics suggests that activity 

timeline tools are important in understanding incidents under investigation, but that some visualization 

tools may produce tool-induced confirmation bias due to misleading presentation of information 

(Andersen et al., 2024). Together these findings suggest that Timelines are a good tool for establishing 

appropriate context early in an analysis which may help prevent biases such as confirmation bias, which 

in turn helps analysts judge the likelihood of competing hypotheses with a more complete set of 

information. More research investigating the conditions under which timelines reduce specific cognitive 

biases should be done to better understand how the technique can be best used in intelligence analysis. 

The Bayesian regression analysis predicting accuracy from coded techniques found that no codes were 

conclusively related to accuracy, although Timeline had modest evidence in its favour. Given that Bayes’ 

theorem is a normative account of reasoning under uncertainty based in probability theory, and that two 

of the problems coded for accuracy relied on it, it was expected that Bayesian-related codes would be 

predictive of higher accuracy, especially in contrast to ACH, which violates the norms of Bayesian reasoning, 

among other shortcomings (Wilcox & Mandel, 2024). The more positive zero-order correlations of Bayes’ 

Theorem and Bayes Nets with accuracy compared to ACH lend some credence to this hypothesis, but firm 

conclusions cannot be drawn due to lack of statistical power. While Bayesian techniques were primarily 

used to solve problems where Bayes’ Theorem provided the normative answer, they were used in other 

contexts as well. More research should examine how Bayesian techniques can be better incorporated in 

intelligence analysis, as they provide a normative account of probabilistic reasoning and a number of 

studies have shown them to be effective in contexts relevant to the IC (Korb et al., 2020; Mandel & 

Navarrete, 2015). 
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The third hypothesis that the number of unique codes in a report would predict QoR and accuracy was 

supported for QoR but not accuracy. The positive relationship between the number of unique codes and 

QoR has a few explanations. Incorporating more techniques and concepts in a report is likely correlated 

with the amount of time spent crafting a report. The QoR score was correlated with metrics of participant 

activity and engagement in both the 2018 and 2020 Challenges (Hunt Laboratory & University of 

Melbourne, 2020; van Gelder et al., 2020). A plausible hypothesis is that more engaged members spent 

more time applying different lenses and adding to the overall quality of reports in other ways. Applying 

multiple analytic frameworks is also related to the criterion of ‘Incorporates analysis of alternatives’, which 

assesses the degree to which analysts evaluate different hypotheses, explore possible outcomes, and 

imagine possible futures. The QoR score is also multifactorial, so incorporating multiple types of 

techniques likely makes a report score higher on individual sub-scores (e.g., effectively incorporating visual 

information and properly expressing uncertainties likely involve using more than one technique). 

The smaller and non-significant relationship between the number of unique codes and accuracy was 

unexpected. The constrained nature of the problems where accuracy could be calculated in this study may 

play a role. High accuracy could usually be achieved by the proper application of a single technique in each 

of the problems (e.g., Bayes’ Theorem for problems #4 and #7), whereas application of multiple techniques 

inappropriate to the task could be detrimental. The content analysis coded for the use of a technique, but 

not whether it was appropriate or implemented well. This was done to avoid circularity with QoR, which 

already captured the quality of a report. This said, prior research on the efficacy of SATs suggests they are 

not all equally effective and indeed some of them may be detrimental to accuracy (Coulthart, 2017; Wilcox 

& Mandel, 2024). The results of the current study further highlight the need for more research on the 

relationship between SAT use and accuracy and argue against relying on face validity or the intuitive appeal 

of SATs to support their use. 

2.7.1 Limitations and Future Directions 

This study had some methodological constraints and data-related issues that likely contributed to finding 

relatively few reliable predictors of QoR and accuracy. Regarding methodological constraints, the partially 

bottom-up approach to the content analysis yielded a high number of codes to record. While this helped 

capture the diversity of codes in the reports, the high number of codes in the analyses increased the 

complexity of the regression models, reducing their power. The fixed and somewhat small sample size of 

reports also reduced power and introduced pressure to complete the training portion of the content 
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analysis using fewer reports, which likely had a negative impact on reliability. This said, including a greater 

variety of codes was warranted given the exploratory nature of the study which sought to describe the 

character of the data rather than test constrained hypotheses. The fact that Timeline was the technique 

most associated with QoR and accuracy was a surprise. Given the relative lack of research on the 

effectiveness the techniques used by the IC in naturalistic contexts, more surprises like this should be 

expected, and exploratory work should be done in tandem with controlled experiments to both generate 

new hypotheses and test them rigorously. 

Regarding data issues, the zero-order correlations between the predictor and dependent variables were 

all small, again lowering statistical power. This is likely a result of the observational nature of the study, 

where beneficial techniques were present in reports of both high and low quality. The lack of robust 

correlation between, for example, Geographical Maps and accuracy does not imply using maps is invalid, 

but rather that their benefit could not be distinguished from noise in this dataset, possibly owing to their 

ubiquity. The small effect sizes of all predictors suggest that no single technique was especially predictive 

of the QoR and accuracy of reports, which is itself an important finding. Future researchers should take 

this into account when considering the power of their studies. 

Questions also remain about the generalizability of the current findings to real IC contexts. While the 2018 

and 2020 Challenges were designed to replicate the conditions of the IC and included teams of professional 

intelligence analysts, some of the problems were somewhat artificial, particularly those that required 

calculating probabilities using Bayes’ Theorem, which would be rarely used in real work (Thorburn et al., 

2022). The stakes and time pressures of the voluntary experiment were also not the same those in the IC, 

where important decisions must often be made in a few hours (van Gelder et al., 2020). This said, the 

controlled nature of the experiments had some advantages. Multiple teams completed the same problems 

under similar circumstances, making evaluations between reports within problems more meaningful and 

allowed for controlling for problem difficulty. A quasi-replication of this study using unclassified reports 

from the IC would allow for a more realistic examination of how technique use relates to QoR and accuracy. 

One further consideration for future studies is that the high number of person-hours required for manual 

content analysis could be significantly reduced using artificial intelligence. Large language models have 

been shown to be effective at content analysis (Chew et al., 2023; Pilny et al., 2024). A future study could 

use these models to rate a greater number of unclassified reports for QoR and code for the techniques 
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used in them. Reliability could be confirmed with a manual review of a subsample of the reports. The 

results of the current study could be used as a basis for these future projects as a potential training or 

validation dataset. 

2.7.2 Conclusions 

This study was one of relatively few examining the relationships between accuracy, quality of reasoning, 

and the analytic techniques used in intelligence reports. Quality of reasoning and accuracy were modestly 

positively related. The techniques of Standardizing Probability Ranges and Timeline were found to predict 

quality of reasoning, as did the total number of techniques used in a report. There were no reliable 

predictors of accuracy, likely owing to insufficient statistical power caused by small effect sizes and a 

smaller sample of reports. The study highlights the need for more research examining these relationships 

in naturalistic contexts using larger samples, potentially using automated tools. 
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CHAPTER III 

Calibration Feedback with the Practical Scoring Rule Does Not Improve Calibration of 

Confidence21 

3.1 Overview of Chapter 3 

In Chapter 2, an observational methodology was used to examine the relationships between the 

techniques used in intelligence analysis (including structured analytic techniques (SATs)) and measures of 

quality of reasoning and accuracy. The chapter provides some clues as to which techniques may be more 

beneficial for accurate and high-quality reasoning, such as the Timelines technique. However, due to 

factors like the observational design, and the relatively small sample size, inferences about causality 

cannot be made, and the correlations between technique use and quality of reasoning and accuracy were 

small. Experimental designs are needed to determine which cognitive tools or techniques play a causal 

role in improving reasoning or judgement, allowing stronger claims than Chapter 2 could make.  

Analysis tools like SATs are designed to externalize the thinking processes behind judgements and provide 

a framework for analysis that is intended to reduce bias and make reasoning more logical and transparent. 

However, as outlined in the literature review in Chapter 1, the imposition of structured frameworks may 

in fact increase the bias and noise of judgements in some cases. This is arguably the case with analysis of 

competing hypotheses (ACH), which requires analysts to use multiple ambiguous steps, and ignore 

confirmatory evidence in violation of the norms of Bayesian reasoning (Chang et al., 2018). 

Rather than using external frameworks to debias judgements, an alternative approach is to directly train 

analysts’ intuitions to be less biased. Calibration training using proper scoring rules that disincentivize both 

under- and overconfidence in probabilistic judgements are one way to reduce bias. Proper scoring rules 

are unlikely to lead to increases in bias or noise due to their basis in probability and decision theory. It is 

theoretically proven that the best way to maximize a proper score is to honestly report one’s true 

subjective probability distribution and thus minimize miscalibration (Gneiting & Raftery, 2007). 

 
21 Note: The online Supplementary Materials for this article have been reproduced in Supplementary Materials B of 

this Thesis 
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The Good Judgement Project (GJP) examined the role of both training and practice on the accuracy of 

forecasters in their multi-year forecasting tournament (as measured by the Brier score). They found that 

a short, one-hour training session on probabilistic reasoning techniques such as using comparison classes 

and computing a base rate was successful at increasing accuracy. On top of the effect of this training, 

practice also showed a positive relationship with accuracy, where forecasters who provided more 

forecasts per question or more total forecasts showed greater accuracy than those with fewer (Chang et 

al., 2016). Forecasters in the GJP tournament received outcome feedback (i.e., the outcome of the event 

being forecasted) and performance feedback (in the form of the Brier score (Ungar et al., 2012)). 

The practice effects reported above took place over the course of months of forecasting. While this kind 

of long-term practice on similar tasks is likely the most robust, there may be other means of increasing 

accuracy with deliberate practice that do not require as long to achieve. Previous studies have shown that 

training calibration of subjective confidence with long-run accuracy on general knowledge questions is 

possible using performance feedback such as the calibration component of the Brier score, or calibration 

curves (e.g., Benson & Önkal, 1992; Lichtenstein & Fischhoff, 1980). Some studies have shown transfer 

effects from calibration training on general knowledge questions to forecasting tasks (Gruetzemacher et 

al., 2023; Stone et al., 2023). However, most successful calibration training experiments have required 

many hours of training, often with specialized participants or trained facilitators (Benson & Önkal, 1992; 

Lichtenstein & Fischhoff, 1980; Stone & Opel, 2000). The study in Chapter 3 investigates whether 

calibration can be improved through a short training session by using the Practical scoring rule as the 

primary performance feedback metric. The Practical scoring rule is designed to be intuitive to participants 

and can be provided on a trial-by-trial basis (unlike calibration curves) and is thus a candidate for successful 

short-term calibration training. If successful, this kind of training could be incorporated in forecasting 

training paradigms. Chapter 3 is adapted from the article by Martin and Mandel (2025). 

3.2 Calibration Feedback With the Practical Scoring Rule Does Not Improve Calibration of Confidence  

Matthew Martin1 | David R. Mandel2   
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3.5 Abstract 

People are often overconfident in their probabilistic judgments of future events or the state of their own 

knowledge. Some training methods have proven effective at reducing bias, but these usually involve 

intensive training sessions with experienced facilitators. This is not conducive to a scalable and domain‐

general training program for improving calibration. In two experiments (N1 = 610, N2 = 871), we 

examined the effectiveness of a performance feedback calibration training paradigm based on the 

Practical scoring rule, a modification of the logarithmic scoring rule designed to be more intuitive to 

facilitate learning. We examined this training regime in comparison to a control group and an outcome 

feedback group. Participants were tasked with selecting which of two world urban agglomerations had a 

higher population and to provide their confidence level. The outcome feedback group received 
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information about the correctness of their choice on a trial‐by‐trial basis as well as a summary of 

their percent correct after each experimental block. The performance feedback group received this 

information plus the  Practical score on a trial‐by‐trial basis and information about their overall 

over‐ or underconfidence at the end of each block. We also examined whether Actively Open‐Minded 

Thinking (AOMT) was predictive of calibration and its change across blocks. We found no improvement 

in calibration due to either training regime. Good calibration overall was predicted by AOMT, but not its 

change across blocks. The results shed light on the generalizability of other findings showing positive 

effects of performance training using the Practical scoring rule. 

3.6 Introduction 

When faced with making decisions in the face of incomplete knowledge, people must make probabilistic 

judgments, either implicitly or explicitly. Whether predicting the outcomes of future events (e.g., will this 

project be completed on time?) or assessing the likelihood of unknown current possibilities (e.g., are the 

terrorists hiding in this house?), probabilistic judgments must be made by both individuals and 

organizations. Unfortunately, human judgment is biased in many ways, with overconfidence being a 

common and significant impediment to accuracy (Lawrence et al., 2006; Moore & Schatz, 2017). 

Overconfidence in the context of probabilistic judgments about discrete events is a form of 

miscalibration, where subjective confidence is higher than long‐run accuracy would warrant. A 

perfectly calibrated judge would be correct 80% of the time whenever they are 80% confident, whereas 

an overconfident judge would be correct less often and an underconfident judge would be correct more 

often. While less commonly observed, underconfidence has been documented in some expert 

judgments, such as by intelligence analysts making geopolitical forecasts (Mandel & Barnes, 2018). 

Underconfidence may be less troubling than its polar opposite because it implies the judge is correct 

more often than they believe rather than more incorrect than they believe, as in the case of 

overconfidence. Nevertheless, underconfidence can water down the informativeness of probabilistic 

assessment for decision‐makers and more broadly undermine the quality of information processing 

and decision‐making (Biais et al., 2005; Mandel & Barnes, 2014; Zacharakis & Shepherd, 2001). 

Accordingly, judges should strive to be well‐calibrated. 

Miscalibration is a widespread phenomenon that has been observed in both experts and nonexperts 

(Arkes, 2001; Bier, 2004), ranging in disciplines from medicine (Benjamin et al., 2022; Berner & Graber, 

2008; Meyer et al., 2013), finance (Ben-David et al., 2013; Biais et al., 2005; Du & Budescu, 2007), 
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education (Callender et al., 2016; Foster et al., 2017; Huff & Nietfeld, 2009), sports betting (Bum et al., 

2018; Erceg & Galić, 2014), the military (Phelps et al., 1980), and the intelligence community (Mandel & 

Barnes, 2018). The consequences of miscalibration include systematic diagnostic errors in medicine 

(Berner & Graber, 2008), financial losses due to overoptimism and misperception of risk in corporate 

finance (Ben-David et al., 2013), and failure to anticipate important geopolitical events relevant to 

governments and militaries (Tetlock, 2006). Successfully training people to become better calibrated—

namely, reducing both overconfidence and underconfidence—would thus have benefits from several 

domains ranging from medical and financial to political and military.   

Some calibration training methods appear to be successful at reducing bias, although these methods 

have inconsistent results and other drawbacks. Deliberate practice using performance feedback (such as 

showing participants calibration curves after a series of trials) can be an effective means of improving 

calibration. However, the most successful historical attempts required hundreds of practice trials and 

intensive feedback sessions with participants (Benson & Önkal, 1992; Lichtenstein & Fischhoff, 1980; 

Stone & Opel, 2000). Performance feedback in the form of the Brier score over the course of a multi‐

year forecasting tournament was also shown to be beneficial to calibration, as were dispositional 

variables like Actively Open‐Minded Thinking (AOMT; a measure of open-mindedness) and general 

intelligence (Mellers et al., 2015).   

More recently, Stone, et al. (2023) found that an automated form of individualized feedback using 

calibration curves and detailed textual advice could reduce overconfidence in a forecasting task about 

whether players would bust in a modified version of blackjack. However, the automated feedback 

regime was not effective at reducing overconfidence in a more realistic forecasting task of predicting 

baseball games, so more work is needed to determine the conditions under which such feedback is 

effective. Other studies have shown positive results for more simple kinds of training such as providing 

outcome feedback, where participants are simply informed about the outcome of each prediction (Du et 

al., 2012; Subbotin, 1996). However, outcome feedback is usually found to be less effective than 

performance feedback (Lawrence et al., 2006). 

Other researchers have shown that training sessions that teach participants best practices about 

probabilistic forecasting can be effective at improving calibration in a business context (Hernandez, 

2017) and in forecasting tournaments (Mellers et al., 2015). However, these sessions were highly 
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context-specific, requiring either expert facilitators or a subject pool of highly motivated forecasting 

enthusiasts. In this vein, a recent study on the effectiveness of a multi‐hour, expert‐facilitated 

commercial calibration training service on intelligence analysts found it was effective at improving 

intelligence analysts' calibration of 90% confidence interval estimates, but detrimental for point 

estimates of confidence regarding binary events, where underconfidence was exacerbated (Kelly & 

Mandel, 2024). This finding is consistent with a more general point that many interventions to reduce 

bias focus on reducing overconfidence, with a potential backfire effect of exacerbating underconfidence 

(Chang et al., 2018). Interventions that account for the bipolar nature of this kind of bias, such as 

calibration training using proper scoring rules, are an attractive approach to reducing error in both 

directions. In sum, a context‐general and robustly effective method for training good calibration that 

does not require expert facilitation, specialized participants, or hours of intensive training would both 

advance the state of the research literature and provide a practical tool that individuals and 

organizations could use to improve accuracy in judgment. 

3.6.1 Practical Scoring Rule 

With the aim of developing an effective and scalable calibration training method, Greenberg (2020) 

developed the Practical scoring rule intended for use in an online calibration training app. The Practical 

scoring rule is a proper scoring rule for categorical judgments that is a modification of the logarithmic 

scoring rule intended to ameliorate some of its unintuitive features that would impair learning in a 

training setting. As a proper scoring rule, the logarithmic rule incentivizes forecasters to give honest 

predictions of how likely they believe a hypothesis is true. However, the logarithmic scoring rule 

disincentivizes both overconfidence and underconfidence in a somewhat counterintuitive way. By 

default, the logarithmic score has a maximum of zero (for perfect calibration) and a minimum of negative 

infinity (when a forecaster gives a prediction with 100% confidence and is wrong). The unipolarity of the 

logarithmic scoring rule (with zero being a maximum) makes it difficult to distinguish between correct 

and incorrect answers, since the score decreases for both correct and incorrect answers. Gaining 

“points” in this way makes it hard for the user to distinguish between good behavior (correct answers 

with high confidence) and bad behavior (wrong answers with high confidence), and thus harder to learn 

to appropriately shift confidence up or down in response to feedback. Previous research has found that 

scoring rules that reward correct answers by giving positive points and that punish incorrect answers 

with negative points are more effective at improving calibration than purely positive or purely negative 

rules (González-Vallejo & Bonham, 2007). Additionally, because the logarithmic score has an unbounded 
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minimum, a single poor prediction can dominate the total score of a participant, which may be 

demotivating to a user (Greenberg, 2020). For example, users who receive a score of negative infinity for 

a single wrong answer with 100% confidence have no incentive to participate further as they can never 

overcome the effects of their one error. 

The Practical scoring rule was designed to fulfill the following characteristics that are hypothesized to 

create an intuitive and user‐friendly scoring mechanism that properly incentivizes forecasters to give 

accurate judgments (Greenberg, 2020): 

1. A higher score should correspond to making a better prediction.   

2. There should be a finite upper bound on the number of points a forecaster can get on a single 

prediction and this maximum should occur when the forecaster makes the best possible 

prediction (i.e., they are correct and as confident as possible).   

3. There should be a finite lower bound on the number of points a forecaster can get in a single 

prediction (or lose, in which case it is the most negative points possible per prediction). This 

minimum should occur when the forecaster makes the worst possible prediction (i.e., they are 

incorrect and as confident as possible).   

4. Positive points should only be given if a forecaster makes a correct prediction, and negative 

points should only be given if they make an incorrect prediction.   

5. Forecasters should gain more points for a more confident correct prediction and lose more 

points for a more confident incorrect prediction.   

6. Zero points should be given for predictions with maximum uncertainty (e.g., 50% confidence for 

a binary choice) since the forecaster provides no information beyond an uninformed prior based 

on the principle of indifference and thus makes no positive or negative contribution to 

discrimination.   

7. An arbitrarily small change in the prediction should create only a small change in the score (i.e., 

the scoring function should be continuous with respect to the predicted probability or prediction 

interval). 

Given that the Practical scoring rule is a transformation of the logarithmic scoring rule, it is also a proper 

scoring rule, so maximizing the Practical score will also maximize calibration. See the below equation, 
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where p is the forecasted probability, c is whether the forecast was correct or incorrect (correct = 1), smax 

is the maximum score that a participant can win per forecast (a parameter set to 10 by default), pmax is 

the maximum probability the forecaster is allowed to give as an answer (set to 0.99 by default), and prand 

is the probability equivalent to a random guess (e.g., 0.5 for a binary question). The default maximum 

score of 10 points per question is posited to be an intuitive score for participants to understand and 

setting the maximum probability to 0.99 avoids the extreme (infinite) negative outliers of a log‐based 

scoring rule.   

Note that the Practical scoring shares some of the potential downsides of the logarithmic scoring rule in 

that it punishes overconfidence more than underconfidence and it can still produce a tail of negative 

outliers, although to a much lesser degree than the logarithmic rule. The Practical score ranges from 

−57.27 to 10 on a single trial, which should be comprehensible and not too demotivating for a 

participant if they get the minimum score. The Practical scoring rule is also not conducive to becoming 

well‐calibrated on extremely common or extremely rare events that occur, for instance, less than 1 in 

100 times, since the maximum confidence is capped at 99% (Greenberg, 2020). These downsides are 

unlikely to be too problematic, given the rule's positive qualities described above. Moreover, a different 

modified version of the logarithmic scoring rule was shown to have a positive effect on training 

calibration (Fischer, 1982).   

The Practical scoring rule was implemented in an online calibration training app funded by Open 

Philanthropy (OP) and released on their website in 2018 (Muehlhauser, 2018). The OP app's task consists 

of judging the relative population of two of the world's largest cities and giving a confidence rating 

between 50% and 99%. While not explicitly mentioned, this task design is likely inspired by Gigerenzer et 

al. (1991). These authors argue that confidence judgments about representative samples of a reference 

class (e.g., city populations from a set of cities) are more ecologically valid than traditional “general 

knowledge” questions, which are often selected in part for their counter‐intuitiveness.   

In the OP app, participants are given trial‐by‐trial feedback with the Practical scoring rule. They can 

also optionally view their percent correct, cumulative Practical score, and calibration curves after 

sufficient trials. The app's effectiveness had not been empirically studied during the design phase of our 
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experiment (S. Greenberg, personal communication, July 19, 2021), so we sought to test a calibration 

training paradigm inspired by it. We note that Gruetzemacher et al. (2023) independently tested their 

own modified version of the OP app, which found positive transfer effects to forecasting the outcomes 

of football games. The differences in the methodologies of our two studies point to important variations 

in the generalizability of their findings, which we later discuss.   

We also note a distinction between calibration for general knowledge questions versus forecasts. 

Uncertainty for general knowledge questions results from internal uncertainty about facts that can be 

known with certainty, whereas forecasts involve uncertainty of external events that cannot be known 

with certainty. Forecasting training involves learning how to map subjective confidence to an 

appropriate numerical value and learning the predictability of the environment as well as incorporating 

temporality, among other differences (Wright, 1982; Wright & Ayton, 1986). Benson and Önkal (1992) 

note that training calibration for forecasting likely requires more training than for general knowledge 

questions for this reason. It is therefore notable that Gruetzemacher et al. (2023) found positive transfer 

effects from a general knowledge task to a forecasting task, which has both practical and theoretical 

implications and motivates further study. For the current study, if a training regime incorporating the 

Practical scoring rule can be shown to be an effective means of improving calibration on general 

knowledge questions, it would be suggestive as a tool that could be adapted to training calibration in 

other contexts, possibly including forecasting. 

Our study seeks to test the effectiveness of a performance feedback training paradigm inspired by the 

OP app that uses the Practical scoring rule as both trial‐by‐trial feedback as well as block‐level 

feedback. The performance feedback regime also includes the Bias score (Yates, 1990) as block‐level 

feedback. The Bias score is the average confidence minus the percent correct of a set of judgments. 

Here, it serves as an alternative means of informing participants of their overall calibration, as opposed 

to the calibration curves used in the OP app, which require large amounts of data to be accurate.   

The performance feedback training paradigm of the current experiment is designed to be a relatively 

short, practical, and testable regime similar to the OP app. It incorporates multiple elements that are 

believed to be conducive to learning calibration, including both a legible proper scoring rule (the 

Practical score) and a means of interpreting this score in terms of over‐ or underconfidence (the Bias 

score). The performance feedback regime is also similar in spirit to commercially available training 
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regimes such as the Calibrated Probability Assessments course offered by Hubbard Decision Research 

(Hubbard Decision Research, 2019), which incorporates multiple methods for improving calibration, 

including multiple blocks of feedback using the Bias score (Kelly & Mandel, 2024). While the inclusion of 

multiple training elements in the current design confounds the causal mechanisms behind the results, 

the design is meant to test a practical tool that includes different elements that plausibly aid in training 

calibration, rather than test purely theoretical questions related to judgment and cognition. If positive 

results are obtained, follow‐up studies could be done to examine the underlying causal mechanisms 

and probe more theoretical questions behind the source of the results.   

This experiment also compares the effectiveness of the performance feedback paradigm to a simpler 

outcome feedback paradigm. Our primary hypothesis is that both training regimes will result in better 

calibration than a control group and that the performance feedback group will be superior to the 

outcome feedback group. The predictions about outcome feedback are stated with lower confidence, 

given previous research finding relatively little positive effect of outcome feedback (Lawrence et al., 

2006) and one exceptional study that found outcome feedback to be superior to other kinds of 

performance feedback (Du et al., 2012). The outcome feedback condition of the current study contains 

strictly less information than the performance feedback condition, so it serves as a useful comparison for 

the magnitude of improvement due to the enhanced information available in the performance feedback 

condition. The outcome feedback condition is additionally useful as a contrast with the performance 

feedback condition since it includes consistent feedback, which might have a positive effect on 

engagement and thus performance, in contrast to the control condition with no feedback. 

Our study also seeks to examine whether individual differences in Actively Open‐Minded Thinking 

(AOMT) predict good calibration and changes in calibration over time. AOMT is a rational thinking 

disposition that encompasses reflective thinking, tolerance for ambiguity, and seeking information 

inconsistent with one's prior beliefs (Baron, 1985; Stanovich & Toplak, 2023). Previous studies have 

shown that AOMT is predictive of measures of rational thinking in many tasks, including good calibration 

in a forecasting tournament setting (Mellers et al., 2015; Stanovich & Toplak, 2023). Our secondary 

hypothesis is that AOMT will be positively related to metrics of good calibration and will be predictive of 

change in calibration over time. That is, if a positive effect of calibration training is found, we can also 

explore the interactions between AOMT, training condition, and time, with the prediction that higher 

AOMT would predict increases in performance over time (i.e., a three‐way interaction effect). If 
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successful, this kind of calibration training could be used as a scalable tool to improve judgment accuracy 

by reducing both overconfidence and underconfidence. 

3.7 Experiment 1 

3.7.1 Method 

3.7.1.1 Participants 

We conducted an a priori power analysis using G*Power version 3.1 (Faul et al., 2009) to determine the 

sample size required to detect a between‐subjects effect with a repeated‐measures design with six 

groups (three conditions split by a possible control variable) and six blocks of trials per group. A total 

sample size of 486 was required to find a small effect size of f = 0.125 with power = 0.95, α = 0.05 and a 

correlation between repeated measures = 0.25. The target was increased to 600 participants to account 

for possible data exclusions and smaller effect sizes.  

Participants were recruited from Qualtrics Panels in exchange for Qualtrics credits. Only participants who 

were above the age of 18, American or Canadian citizens, and spoke English as their first language were 

allowed to participate in the study. Participants were also required to pre‐commit to providing 25 min 

of undistracted time and to not look up the answers to the general knowledge questions on the internet. 

Participants were automatically excluded if they gave inconsistent answers to demographic questions 

about their sex and age at the start and end of the experiment, and if they failed the attention-check 

question part‐way through the experiment (described below). A pilot test of the experiment with 50 

participants was conducted to test the methodology and set exclusion criteria before the main set of 

participants. Post-pilot participants were automatically excluded from the study if they took less than 1⁄2 

the median time of the pilot participants to complete the study (757 s). Finally, post‐pilot participants 

were automatically excluded if they had an average confidence of ≤ 0.55 across all questions, indicating 

they were likely straight‐lining and were not taking the instructions seriously. Given that there were no 

changes to the methodology besides the speeding and straight-lining exclusion criteria, pilot participants 

were included in the data analysis, after the post‐hoc application of the same exclusion criteria as the 

post‐pilot participants (n = 6). A small amount of over‐sampling resulted in a total of 610 North 

American participants (301 Canadian, 305 American, 4 Dual citizens; 306 male sex) being retained after 

data exclusions. 
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3.7.1.2 Materials and Procedure 

The online experiment was implemented on Qualtrics and participants were disallowed from completing 

the experiment on a mobile device. Participants first answered demographic questions to determine their 

eligibility for the study, which included sex (male/female/prefer not to say), age (0–17/18 +), citizenships 

held (American/Canadian/European/Mexican/ Other), and first language 

(Cantonese/English/French/Mandarin/Spanish/Other). They were then provided with a brief description 

of the experiment and gave informed consent. They then committed to providing 25 min of undistracted 

time and not looking up any answers on the internet.   

Participants were randomly assigned in equal numbers to experimental conditions. The first four blocks of 

the performance and outcome feedback conditions were training blocks. Participants in these conditions 

were given feedback after each trial and summary feedback after each block (see Stimuli section, below). 

After the first four blocks, participants in all three conditions then completed an attention check question 

(described below) before completing two test blocks, where no feedback was provided to any participant. 

The order of trial stimuli was randomized within blocks and block order was randomized, with the final 

two blocks always being the test blocks.   

Participants were given detailed instructions about what was required of them and the nature of the 

feedback they would receive before beginning the first trial. In the performance feedback condition, 

participants were instructed about the nature of the Practical score and Bias score. Participants were told 

they should seek to maximize their Practical score by keeping their Bias score as close to zero as possible. 

They were instructed that if they were over‐ or underconfident in a previous block, they should generally 

reduce or increase their confidence, respectively, in the next block to get their Bias score closer to zero. In 

the outcome feedback condition, participants were told only that they would receive feedback about their 

percent correct answers after each block. In the control condition, participants were informed only about 

how to complete the experiment.   

On each trial, participants made a two‐alternative forced choice judgment of the relative population of 

two urban agglomerations (UAs) drawn from the 100 most populous UAs in 2020 (United Nations, 2019). 

These stimuli were inspired by the OP app which uses the 2016 population of random world cities, which 

in turn are likely inspired by Gigerenzer et al. (1991). Participants were randomly assigned to view one of 

two lists of paired UAs. The UA pairs were generated by creating duplicate lists of the 100 UAs and 
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randomly sampling without replacement from each list to generate the first and second UA to compare, 

with the constraint that the two UAs could not be the same. A participant would see one of the 100 UAs 

between zero and two times over the course of the experiment, with no comparisons between the same 

two UAs ever occurring.   

Between the training and test blocks, participants completed an attention check question entitled “Sports 

Activities You Engage in Regularly” (Oppenheimer et al., 2009). The attention check contained a long 

preamble that asked participants not to select any sports from a list presented below the instructions, but 

to only click on the “next” button instead. Following the preamble, a separate instruction asked 

participants “Which of these activities do you engage in regularly? (click on all that apply),” followed by a 

list of popular sports activities. Participants who selected one or more of the sports options were excluded 

from the experiment.   

After the test blocks, participants indicated their level of knowledge for each UA they had seen on a scale 

from (0) I have never heard of it before this study to (4) I am very knowledgeable about the city. Then 

participants completed an eight‐item version of the AOMT scale (Cronbach's a = 0.67; Baron et al., 2015; 

Janssen et al., 2020). They rated their agreement with statements related to open‐mindedness and 

critical thinking such as “People should revise their beliefs in response to new information or evidence” 

on a five‐point scale from −2 (strongly disagree) to 2 (strongly agree). Answers were coded such that 

higher scores indicated more open‐minded thinking. Finally, participants were asked about their highest 

level of education completed (from High School (or equivalent) to University-PhD) and asked again about 

their sex and their age in years as a means of screening out participants who gave inconsistent answers 

(Belliveau & Yakovenko, 2022). 

3.7.1.2.1 Stimuli 

On each trial in all conditions of the main portion of the experiment, participants were presented with a 

comparison of two UAs in the form “[UA X] had a larger population than [UA Y] in 2020.” Participants were 

asked to answer True or False and provide a confidence level using a slider from 50% to 100%. After 

answering a question during training blocks of the experiment, participants in the performance feedback 

condition were shown whether they were correct or incorrect, a reminder of the confidence of their 

answer, and their Practical score (see Appendix A for stimulus examples). Participants in the outcome 
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feedback condition were shown only whether they were correct or incorrect after each question in the 

training blocks. Participants in the control condition received no trial feedback throughout the experiment. 

At the end of each training block of 10 trials, participants in both the performance and outcome feedback 

conditions were shown a summary table of their performance for all completed blocks. For performance 

feedback participants, the summary table included their percent correct, the sum of their Practical score, 

their Bias score, and a verbal interpretation of their Bias score. Given that one of the aims of this research 

was to design a time‐efficient training program, the Bias score was used as the means to inform 

participants if, on average, they were overconfident or underconfident, since it requires fewer data points 

to compute a reliable measure of bias compared to the calibration index (Murphy, 1973) or calibration 

curves (as in e.g., Lichtenstein & Fischhoff (1980)). The verbal interpretation of the Bias score was “over‐

confident” if Bias > 0.01, “underconfident” if < −0.01, and “well‐calibrated” otherwise. These bounds 

were chosen based on Lichtenstein and Fischhoff 's (1980) observation that a perfectly calibrated 

individual will generally produce calibration scores of 0.007 or less, corresponding roughly to a mean Bias 

of 0.005. Participants in the outcome feedback condition were shown only their percent correct over each 

completed block in the summary feedback table. Participants in the control condition were only informed 

that a block was completed. 

3.7.2 Results 

The experiment was designed to examine the primary hypothesis that calibration could be improved 

through two kinds of training: performance feedback and outcome feedback. The primary independent 

variable of the experiment was training condition, with one group for each type of training, plus a control 

group. The key dependent variables measuring calibration were the sum of the Practical score per block 

and the Bias score per block. Because the two dependent variables were highly correlated (average 

transformed Practical score × average Bias r = −0.86; see below for details of the transformation) and they 

showed the same pattern of results, we report only the transformed Practical score results here (the Bias 

results are in the online Supporting Information: https://osf.io/d4ypn/). Additionally, while the 

experiment contained a training/test block distinction, analyzing the test blocks in isolation did not provide 

any additional insights compared to examining the change of transformed Practical score across the entire 

experiment (null results were obtained). Therefore, we used all training and test blocks for the analysis 

reported here. However, the test blocks examined in isolation are included in the Supporting Information. 
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We conducted a mixed design analysis of covariance (ANCOVA) with block as a within‐ subjects 

independent variable, training condition as a between‐subjects variable and AOMT as a covariate. If 

training were effective at improving calibration scores, there should be a main effect of condition, with 

higher average Practical scores in the training conditions compared to the control. There should also be a 

main effect of block, as the performance in the training conditions would improve during the training 

blocks whereas the control group would remain constant. Most importantly, there should be an 

interaction between block and training condition, as performance should increase across blocks more so 

in the training conditions compared to the control condition.   

The secondary hypothesis under consideration was that AOMT would be a significant predictor of 

calibration. A significant main effect of AOMT would indicate its overall association with calibration. A 

follow‐up regression analysis was performed to assess the directionality of the association, where AOMT 

was expected to be positively associated with Practical score. The full factorial ANCOVA model also 

included an interaction effect between AOMT and block. A significant interaction effect between AOMT 

and block would indicate that AOMT was beneficial to learning calibration if Practical score increased 

across blocks, averaged across treatment condition. If a significant interaction effect between block and 

training condition were found in support of the primary hypothesis, follow‐up analyses examining higher-

order interactions between block, condition, and AOMT could be performed. A significant three‐way 

interaction between block, condition, and AOMT would be indicative of AOMT facilitating learning 

calibration in the training conditions, if the effect was present in one or both of the training conditions, 

but not the control group. Where nonsignificant results were obtained, follow‐up Bayesian analyses were 

conducted to assess support for the null hypothesis.   

All results were calculated using JASP version 0.17.2.1 (Jasp Team, 2023). Figures were generated using 

the raincloudplots package in R version 4.0.0 (Allen et al., 2021; R Core Team, 2021). Where the 

assumptions of the ANCOVAs were violated beyond what could be overcome by the large, evenly 

distributed sample, either transformations to the data were made or nonparametric tests were conducted 

and are discussed where relevant. The Greenhouse–Geisser correction was used when Mauchly's test of 

sphericity was significant at the p < 0.05 level. 
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3.7.2.1 Preliminary Analyses 

We conducted analyses to check the assumptions behind the main analyses (see online Supporting 

Information for details). To summarize, the two UA lists participants were assigned to had no discernible 

effect on performance, so the two lists were combined. AOMT did not differ between the three training 

groups, so it was appropriate to include it as a covariate. Participants recognized an average of 63.80% of 

cities they saw (SD = 0.18, 95% CI [0.62, 0.65]) and reported an average knowledge of 1.20 (SD = 0.61, 95% 

CI [1.15, 1.25]) on a scale from 0 to 4, indicating that while largely unfamiliar with the UAs, they were 

knowledgeable enough to do the task. Mean accuracy across the six blocks was statistically above chance 

(M = 0.60, SD = 0.08, 95% CI [0.59, 0.60]). Median completion time was 1499.50 s (IQR = 810.50 s). 

3.7.2.2 Practical Score Across Blocks 

The Practical score variable across all six blocks showed considerable negative skew (range: −1.63 to −3.34) 

and leptokurtosis (range: 3.25–19.30). This is likely because the data were generated with a logarithmic 

scoring rule that can produce a long tail of negative outliers. Removal of the most extreme low‐scoring 

participants was not desirable, since even the most extreme low-scoring participants (z ≤ −3.09) were 

above chance accuracy (M = 0.56, SD = 0.05, 95% CI [0.53, 0.58]). Their removal may thus have implied 

removing compliant participants.   

To address the issue of negative skew and leptokurtosis, the data were exponentially transformed with 

base 100. An exponential transformation was appropriate given that the data were negatively skewed and 

followed a reversed lognormal distribution (Feng et al., 2014). However, an exponential transformation of 

the raw scores yielded an extreme range of numbers that spanned more than 200 orders of magnitude. 

To make the computations tractable, the data were first min‐max scaled before being exponentially 

transformed. The base 100 was chosen for its trade‐off in minimizing skew and kurtosis and maximizing 

interpretability, as the transformed scores fell on a scale between 1 and 100 (where 100 was also the 

maximum non‐transformed score within a block). The transformed data showed much less skew (range: 

−0.63 to 0.52) and leptokurtosis (range: −0.01 to 3.61) than the original Practical scores.   

The Greenhouse–Geisser corrected (ε = 0.98) ANCOVA with the design explained above revealed no 

statistically significant main effect of training condition, nor was there a main effect of block, nor were 

there any interaction effects, all p > 0.10. This is contrary to the primary hypothesis that there would be 

main effects of condition and block as well as an interaction effect between these two variables (see Figure 
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3.1 and Supporting Information Table S1 for full ANCOVA results). In partial support of the secondary 

hypothesis that AOMT would be predictive of Practical score and interact with block, there was a 

statistically significant main effect of the AOMT covariate, F(1, 606) = 37.50, p < 0.001, hp
2 = 0.06. As was 

predicted, a follow‐up regression analysis showed that AOMT was positively related to the average 

transformed Practical score, b = 0.45, t = 6.20, p < 0.001, 95% CI [0.31, 0.60]. 

 

Figure 3.1. Min-max scaled exponentially transformed practical score by block and condition in 
Experiment 1.  

Note. Error bars around the mean represent one standard error of the mean. 

We also conducted a Kruskal–Wallis test of the effect of training condition on the average untransformed 

Practical score of all six blocks, which found no statistically significant effect of training condition, H(2, N = 

610) = 1.98, p = 0.37. In sum, the results did not support the primary hypothesis that calibration training 

would lead to an increase in Practical score over the course of the experiment, relative to the control 

condition. The secondary hypothesis that AOMT would be positively related to Practical score overall was 

supported, but it did not predict change in Practical score across blocks. Of course, the latter result is 
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unsurprising given that there was no significant change across blocks. Given the lack of support for the 

primary hypothesis, we did not investigate higher‐order interaction effects with AOMT.   

To explore possible explanations for the null results found above, we analyzed the subcomponents of the 

Practical score (accuracy and confidence; full results are available in the online Supporting Information). 

Mean accuracy did not differ significantly across groups, nor did it change significantly across blocks, nor 

was there an interaction between the two (all ps > 0.10). Confidence also showed no significant differences 

between groups, no significant change across blocks, and no interaction between the two (all ps > 0.10). 

These results provide evidence that the training had no effect, as opposed to a more complex interaction 

between accuracy and confidence, for example. 

3.7.2.3 Bayesian Analyses 

Given the presence of null results, follow‐up Bayesian statistical analyses were conducted with JASP to 

quantify the degree of evidence in favor of the null versus alternative hypotheses using Bayes factors (BFs). 

The default JASP settings for model specifications were used, except the numerical accuracy and posterior 

samples variables, which were set manually to 10,000 and 1000, respectively, to reduce computation time. 

Details about the JASP analyses and results can be found in the online Supporting Information.   

We report the BF01s of a Bayesian ANOVA model equivalent to the frequentist one reported above, with 

training condition and block order as the independent variables (the AOMT covariate was omitted for 

simplicity of interpretation; see Table 3.1). The BF01s represent the extent to which the data favor the null 

model, where the difference in means is assumed to be zero, compared to an alternative model with some 

combination of condition, block, and their interaction as predictors. A BF01 > 1 indicates the evidence 

favors the null model over the alternative model, where larger numbers indicate more evidence in favor 

of the null model. Following van Doorn et al. (2021), BF01s between 1 and 3 are considered weak/ 

inconclusive evidence in favor of the null model, between 3 and 10 are considered moderate evidence, 

and greater than 10 are considered strong evidence. We also report the error percentage of the BF01, 

which represents the uncertainty of the BF01 due to the Markov chain Monte Carlo (MCMC) procedure 

used to generate it. A BF01 of 10 with a 20% error percentage would indicate that the BF01 is expected to 

fluctuate between 8 and 12. Error scores below 20% are considered acceptable (van Doorn et al., 2021). 
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Table 3.1. Experiment 1 Bayesian ANOVA results. 

Models BF01 Error % 

Condition 28.38 0.84 

Block 17141.39 1.66 

Block + Condition 492883.79 1.19 

Block + Condition + Block x Condition 6.77×10+10 1.33 

 

Note.  All models include subject and random slopes for all repeated measures factors. 

The results suggest strong support for the null hypothesis that there was no main effect of condition, block 

order, nor an interaction between them. This suggests that the null results found above were not due to 

a lack of power to detect true differences, but rather due to a lack of true differences. The small effect 

sizes of the frequentist analyses would further indicate that there was no substantial effect of training 

present. 

3.7.3 Discussion 

Experiment 1 failed to support the primary hypothesis that either training condition would increase the 

Practical score compared to the control group. The secondary hypothesis that AOMT would be positively 

related to Practical score was supported, although AOMT did not interact with block, likely because 

Practical score did not significantly vary across blocks.   

One possible reason for the results is that 10 trials per block were not enough to produce a reliable 

measure of Bias and Practical score for the block‐level feedback. For instance, a typical participant's hit 

rate of ~60% would yield a standard deviation of 1.55 hits per block of 10 trials, meaning the Bias score of 

a well‐calibrated participant would be between ± 0.155, on average. If participants were receiving 

highly variable feedback about their performance in the previous block, it may have led to adjustments 

that added more noise than signal to their performance. It may have also inadvertently produced an 

illusion of control, where participants thought they were improving their calibration, but the quality of 

information they were receiving was not high enough to lead to real changes. It is also possible that 40 

total training trials were insufficient practice to improve calibration.   

Participant engagement was also an issue in this experiment, since at least some of the participants were 

not above chance accuracy in the test blocks (see outlier analysis in the Supporting Information). While 
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low accuracy is not a problem per se in calibration training, since participants could adjust their confidence 

to match their low accuracy, it makes it difficult to distinguish noncompliant participants from those who 

were simply not knowledgeable about world UAs. Experiment 1 used an exclusion criterion for straight‐

lining of average confidence ≤ 0.55, which may have been too stringent given that mean accuracy was 

around 60%. Experiment 2 was designed to address these issues. 

3.8 Experiment 2 

3.8.1 Method 

Experiment 2 followed the same methodology as Experiment 1 except for the changes described here. 

Forty new UA pairs were generated for the two UA lists according to the methodology in Experiment 1. All 

100 UA pairs were reconsolidated into five blocks of 20 trials. There was only one test block of 20 trials in 

Experiment 2. After completing the test block, participants were asked the following question to gauge 

their engagement in the study: “Did you find the task engaging enough so that you were able to pay 

attention for the entire time? (You will not be penalized based on your answer).” Participants who 

answered “No” to this engagement question were allowed to continue the study but were removed from 

the data analyses (n = 39; their characteristics are explored in the Supporting Information). To make the 

experiment shorter, participants did not answer familiarity questions after the main task.   

We anticipated the removal of up to a third of participants due to their answer to the engagement question 

and we wanted to increase the power of Experiment 2, so the target sample size was increased to 900. 

Due to a small amount of over‐sampling, a total of 944 participants with the same demographic profile 

as Experiment 1 were recruited from Qualtrics Panels. As in Experiment 1, a pilot test with 47 participants 

was conducted before the main set. Due to a bug in the code, some of the pilot participants in the outcome 

and performance feedback conditions received the wrong feedback for one question. The bug was fixed 

and pilot participants who were potentially exposed to the bug were removed from the analysis post‐

hoc (n = 16). The remaining pilot participants were included in the analysis, after post‐hoc application of 

the same exclusion criteria applied in the main set of participants. Post‐ pilot participants were 

automatically excluded from the experiment if they took less than 700 s to complete the study, which was 

less than 1⁄2 of the median completion time of a pilot study with 47 participants. Post-pilot participants 

were also automatically excluded from the study if their average total confidence was ≤ 0.51 or ≥ 0.99. 

However, because the Qualtrics software censored confidence values of 100% to a value slightly below 
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0.99, all participants with average confidence ≥ 0.989 were removed post-hoc. After all data exclusions, 

871 participants were retained. 

3.8.2 Results 

3.8.2.1 Preliminary Analyses 

As in Experiment 1, there was no discernible difference between the two UA lists, and AOMT did not differ 

between training groups, so the UA lists were combined and AOMT was used as a covariate. Average 

accuracy across the five blocks was statistically above chance (M = 0.59, SD = 0.07, 95% CI [0.59, 0.60]). 

Median completion time was 1608 s (IQR = 802 s). 

3.8.2.2 Practical Score Across Blocks 

For the same reasons as in Experiment 1, we transformed the raw Practical score values in each block using 

the exponential function with base 200, after the scores had first been min‐max scaled. The resulting 

transformed values were much less negatively skewed (skew range: −0.90 to −0.32), and less leptokurtotic 

(kurtosis range: 0.19 to 1.97) than the original scores.   

We conducted a Greenhouse‐Geisser corrected (ε = 0.98) ANCOVA on transformed Practical score with 

the same design as Experiment 1. Contrary to the primary hypothesis that there would be main effects of 

condition and block as well as an interaction effect between these two variables, the results revealed no 

significant main effect of training condition, nor was there a main effect of block order, nor were there 

any interaction effects, all p > 0.10 (see Figure 3.2 and Supporting Information Table S2 for full ANCOVA 

results). In partial support of the secondary hypothesis that there would be a main effect of AOMT and it 

would interact with block, there was a statistically significant main effect of AOMT score, F(1, 867) = 18.54, 

p < 0.001, hp
2 = 0.02. A follow‐up regression analysis found that AOMT was positively linearly related to 

the average transformed Practical score, b = 0.54, t = 4.27, p < 0.001, 95% CI [0.29, 0.79], as was predicted.   



 74 

 

Figure 3.2. Min-max scaled exponentially transformed practical score by block and condition in 
Experiment 2.  

Note. Error bars around the mean represent one standard error of the mean. 

We also conducted a Kruskal–Wallis test of the effect of training condition on the average untransformed 

Practical score of all five blocks, which found no statistically significant effect of condition, H(2, N = 871) = 

4.62, p = 0.10, contrary to the primary hypothesis. Thus, the results did not support the primary hypothesis 

that calibration training would lead to an increasing Practical score relative to the control condition. The 

secondary hypothesis that AOMT would be positively related to overall Practical score was supported, but 

AOMT did not predict the change in Practical score across blocks. Due to the overall lack of effect of 

training condition, we did not explore higher‐order interactions between training condition, block, and 

AOMT.   

To explore possible causes of the null effects, we conducted exploratory analyses on accuracy and 

confidence. For mean accuracy, there was no significant main effect of condition, block, nor an interaction 

between the two (all ps > 0.10). For mean confidence, there was a significant main effect of condition (p = 
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0.009), a significant main effect of block (p < 0.001), but no significant interaction between them (p = 

0.346). Descriptively, average confidence was highest in the performance feedback condition and all 

groups' confidence decreased over the course of the experiment. These results do not support the claim 

that training had a positive effect on calibration (due to the lack of interaction effect) but rather provide 

some evidence that the performance feedback training may have had a deleterious effect, as it had the 

highest overall confidence, contrary to the prediction that the performance feedback condition would 

show the lowest (over)confidence. This statement is caveated by the fact that raw confidence was not a 

target variable for the intervention and that the effect was not seen in the target variables of Practical 

score or Bias (full results for each of the four variables discussed are available in the online Supporting 

Information, as are the results of test blocks analyzed in isolation). 

3.8.2.3 Bayesian Analyses 

The results of the transformed Practical score were also analyzed using Bayesian methods following the 

same procedure described in Experiment 1 (see Table 3.2). The results strongly favored the null hypothesis 

that there was no main effect of training condition, no main effect of block order, nor an interaction 

between them. 

Table 3.2. Experiment 2 Bayesian ANOVA Results 

Models BF01 Error % 

Condition 11.20 0.51 

Block 55.08 0.91 

Block + Condition 621.38 0.82 

Block + Condition + Block x Condition 1.40×10+7 4.00 

 

Note.  All models include subject and random slopes for all repeated measures factors. 

3.8.3 Discussion 

Experiment 2 failed to support the primary hypothesis that calibration training would lead to higher 

Practical scores compared to the control group. The secondary hypothesis that AOMT score would be 

positively related to Practical score was supported, although AOMT did not predict change in Practical 

score over blocks. This is likely because there was no significant change in Practical score over blocks. 
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3.9 General Discussion 

Both experiments of our study failed to support the primary hypothesis that training using either outcome 

feedback or performance feedback would have a positive effect on the calibration of confidence. We were 

surprised by this result, given previous research showing positive effects of performance feedback training 

(Benson & Önkal, 1992; Lichtenstein & Fischhoff, 1980; Stone & Opel, 2000), especially that of scoring rules 

that reward positive and punish negative behavior (González-Vallejo & Bonham, 2007). Indeed, our results 

contradict the only other known study to investigate the Practical scoring rule as a form of performance 

feedback (Gruetzemacher et al., 2023), as discussed further below. Despite the failure to support the 

primary hypothesis that calibration training would be effective, the results did partially support the 

secondary hypothesis that AOMT would be positively related to Practical score, as previous results would 

suggest (Mellers et al., 2015). AOMT did not predict change in Practical score over blocks, but this is 

unsurprising given the lack of change in Practical score in general. 

While the lack of effect of our performance feedback regime was unexpected, it is worth noting that the 

literature shows that successful calibration training regimes are difficult to achieve, with many studies 

finding either mixed or negative results (e.g., Du et al., 2012; Sieck & Arkes, 2005; Stone et al., 2023). For 

instance, a commercial calibration training course that combined calibration feedback and exposure to 

various debiasing strategies appeared to reduce confidence, but not in a manner that was sensitive to 

whether overconfidence or underconfidence was exhibited (Kelly & Mandel, 2024). It is perhaps less 

surprising that outcome feedback was ineffective at improving calibration, as studies tend to show this is 

the least effective form of feedback (Lawrence et al., 2006; Önkal & Muradoğlu, 1995), although there are 

exceptions to this general rule (e.g., Du et al., 2012; Subbotin, 1996).   

To our knowledge, Gruetzemacher et al. (2023) is the only study to examine the effectiveness of a 

calibration training paradigm based on the Practical scoring rule. In their experiment, participants 

completed either 60 or 120 training trials of comparing the populations of American cities with the 

Practical scoring rule as feedback, followed by a forecasting tournament about the outcomes of local 

football games. Unlike our study, no other calibration training or feedback was provided. They found that 

in the 120‐question group, participants were nearly perfectly calibrated in forecasts between 50% and 

70% confidence and this group was overall better calibrated than the control group. They attribute the 

superior calibration of the 120‐question group to the fact that they received a set of 10 hard questions 

after the initial 60, followed by questions of diminishing difficulty, and not to the longer training. Our 
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findings challenge this explanation since our study contained difficult questions that elicited confidence in 

the 50%–70% range but found no effect of training. Given the trajectory of the results of our experiments, 

it is also doubtful that longer training explains the difference in findings. The greater variance in difficulty 

and some of the other differences in the stimuli between the studies may explain the discrepancy, as do 

differences in the analysis of their results.   

Beginning with the discrepancies in how they analyzed their data, Gruetzemacher et al. (2023) used a 

coarsened exact matching technique (Iacus et al., 2012) that balanced the control and treatment groups 

on the variables of the Cognitive Reflection Test (CRT) score (Frederick, 2005) and self‐reported expertise 

in college football. They also included gender as a factor in their model, whereas we did not. It is unclear 

to what extent these factors played a role in the discrepancy in the findings of the two studies, although 

we question their use of a matching technique intended for observational data in a study where random 

assignment was used. We explored the effect of including sex as a factor in our model, which did not 

substantially change the results (this exploratory analysis is available in the Supporting Information). We 

did not measure CRT or self‐rated expertise, so we cannot balance our treatment groups using these 

variables to examine their effects on our results.   

Regarding the differences in stimuli, our task was notably harder than the task used by Gruetzemacher et 

al. (2023). The latter used American cities primarily located in the region where participants lived, as 

opposed to global UAs, as in our study. Their city populations ranged across three orders of magnitude, 

whereas our UAs only spanned two, which would also make our stimuli more difficult to distinguish. The 

higher familiarity of their stimuli likely provided a wider and more homogeneous set of valid contextual 

cues to draw upon, leading to overall better accuracy and calibration. Furthermore, the higher difficulty of 

our task combined with extremeness aversion (where participants tend to avoid the extreme ends of a 

scale; Simonson & Tversky, 1992; Teigen, 1983) may have produced a ceiling effect in which participants 

were unwilling to select values near 50% despite being completely uncertain.   

Gruetzemacher et al. (2023) also increased participants' compensation based on performance, which may 

have increased their participants' motivation relative to ours. Our study was completed entirely online, 

which arguably created an incentive for speed rather than diligence. Finally, Gruetzemacher et al. did not 

include a pedagogical element relating to what calibration is or how to achieve it, nor did they provide 

information about Bias or global over‐ or underconfidence, as in our study. It is possible that the inclusion 



 78 

of the Bias metric and its verbal interpretation at the end of each block of our study was counterproductive 

and undid the positive effects of the Practical score. We argue against these possible explanations in turn.   

First, while our task was difficult, participant accuracy was near 60% and statistically above chance. Other 

studies, most notably Lichtenstein and Fischhoff (1980) and González-Vallejo and Bonham (2007; in their 

zero‐repetition condition most similar to ours) have found positive effects of performance feedback 

despite accuracy near 60% (or less) while also using a 50%–100% scale, so this seems unlikely to be a 

substantial cause of the lack of effect. These two studies, along with others in the relevant literature (Koriat 

et al., 1980; Zakay, 1992), used general knowledge stimuli that were not derived from a representative 

sample of a reference class. Accordingly, the potentially greater variety of valid cues available to 

Gruetzmacher et al.'s (2023) participants compared to ours is also unlikely to be a main cause of our null 

findings. The greater variance of difficulty in Gruetzemacher et al.'s stimuli may have had an effect and 

warrants further study.   

Second, while our online participants were arguably incentivized to complete the task quickly instead of 

carefully, researchers have found that online samples replicate many psychological findings found using 

conventional sources and show similar psychometric properties (Behrend et al., 2011; Buhrmester et al., 

2011; Feitosa et al., 2015; Paolacci et al., 2010). For example, a recent meta‐analysis of over 90 studies 

in psychology research using commercial online panel data found that the results of online samples have 

similar psychometric properties and fall within meta‐analytic confidence intervals of previous studies 

using conventional data, so long as methodological precautions against low‐quality data are taken 

(Walter et al., 2019). Arguably online samples are more representative of the wider population than 

convenience samples of college students (Paolacci et al., 2010; Walter et al., 2019). Online samples tend 

to be older, more diverse, and have more work experience than undergraduate convenience samples 

(Behrend et al., 2011), although they tend to be younger, more diverse, higher educated, but more poorly 

paid than the general US population (Paolacci et al., 2010). Our study followed best practices for online 

participant data screening, including using only native English speakers, excluding participants based on 

speeding, providing inconsistent responses, failing attention checks, or straight‐lining/giving nonsensical 

answers, in addition to the default Qualtrics data integrity procedures that protect against bots, multiple 

submissions from one participant and other fraudulent behaviors' (Belliveau & Yakovenko, 2022). 

Additionally, our study replicated the finding that AOMT is predictive of good calibration (Mellers et al., 

2015), which adds to our confidence that our participants were not merely providing noise.   
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While we are reasonably confident that our participants were engaged in the task enough to pass the 

screening criteria and were not merely providing noise, we did not probe participants' understanding of 

the instructions or the informativeness of the feedback they received. Examining this question would be a 

worthwhile aspect to explore in future research, especially given that many of the relevant studies in the 

domain do not probe participants' understanding of the instructions or feedback (e.g., González-Vallejo & 

Bonham, 2007; Gruetzemacher et al., 2023; Stone et al., 2023). This is noteworthy given that the amount 

of pedagogical training varies widely between studies, ranging from no pedagogical instructions at all 

(Gruetzemacher et al., 2023) to automated personalized feedback (Stone et al., 2023), to intensive in‐

person feedback sessions (Lichtenstein & Fischhoff, 1980). Examining how the type of pedagogical 

feedback impacts participant comprehension or motivation and how that in turn affects the effectiveness 

of the training would be valuable information in future studies.   

Finally, regarding the possible detrimental effect of including the Bias score, other studies have included 

it as a feedback metric in addition to other calibration metrics in successful training experiments 

(Lichtenstein & Fischhoff, 1980; Önkal & Muradoğlu, 1995). Our participants were told to use the Bias 

metric and its verbal interpretation to help maximize their Practical score. It is possible that the Bias metric 

was too noisy as a signal to participants, since it would indicate they were globally over‐  or 

underconfident unless they were very precisely well‐calibrated. Given that this effect would produce a 

noisy but unbiased signal, and that participants were consistently overconfident, it is unlikely that the 

inclusion of the Bias metric had a countervailing negative effect on a positive effect of the Practical score. 

The most likely hypothesis to explain our results is that calibration training using the Practical score is not 

as robustly positive as Gruetzemacher et al. (2023) would indicate, and more research is needed to 

determine the conditions under which it is effective. 

3.9.1 Conclusion 

In conclusion, we found no positive effect of calibration training using either a performance feedback 

regime with the Practical scoring rule or outcome feedback. This result is contrary to the only other known 

study to examine the Practical scoring rule as a form of performance feedback (Gruetzemacher et al., 2023), 

and contrary to another similar scoring rule paradigm (González-Vallejo & Bonham, 2007). A plausible 

reason for the lack of positive effect was the high difficulty level of our task, which was based on the 

original OP app which uses world city populations as forced choice stimuli. Our findings cast some doubt 

on the robustness of the Practical scoring rule as an effective form of performance feedback training. 
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Future research should examine the conditions under which such a training paradigm is effective, 

particularly under what difficulty level and its variability. Additionally, more research should examine the 

effect of including a pedagogical element and the Bias score along with the Practical score on the 

effectiveness of such performance feedback training. Finally, once more robust techniques for training 

calibration under this kind of performance feedback are found, future research should examine how other 

individual differences influence learning calibration, such as the Rational‐Experiential Inventory (Pacini 

& Epstein, 1999) or CRT score (Frederick, 2005) as this remains an under‐explored area of research and 

could be conducive to determining which individuals are more amenable to training.   

The Practical scoring rule satisfies many desiderata of an effective feedback mechanism to train calibration. 

More research should be conducted to examine the conditions under which it is effective and the 

mechanisms that underlie its effectiveness. A brief and effective calibration training tool that could be 

automated would be a valuable resource for governments, businesses, and private actors to make more 

informed predictions and decisions that could help them avoid costly mistakes or allocate appropriate 

resources to promising projects (Hernandez, 2017; Mandel & Irwin, 2021). Conversely, options for such 

training must be carefully evaluated within multiple experimental paradigms to avoid overgeneralization 

from potentially weakly replicable successes. This is not only important for the scientific record but also 

so that consumers of such products may be well informed before allocating their finite resources to pursue 

particular strategies purported to have ameliorative effects on judgment quality. 
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CHAPTER IV 

Improving Geopolitical Forecasts with Bayesian Networks 

4.1 Overview of Chapter 4 

The experiments in Chapter 3 were designed to find a short-duration training paradigm to improve 

calibration of subjective confidence. If successful, this kind of paradigm could be incorporated into 

forecasting training for providing better-calibrated probabilistic forecasts. Additionally, not all probabilistic 

judgments relevant to the intelligence community (IC) are predictions. Explanatory judgements about past 

or present facts, situations, or developments that the analyst could know in principle but lacks sufficient 

information for certainty would also benefit from well-calibrated probability estimates (Barnes, 2016). 

Training and practice are not the only way to improve accuracy of subjective probability judgements. As 

the Good Judgement Project (GJP) found, algorithmic recalibration and aggregation of forecasts could 

improve accuracy over and above training and practice effects (Tetlock et al., 2014). Correcting 

judgements post hoc may prove to be a superior means of improving accuracy than through SATs or 

training, as algorithms may be better at eliminating bias than human reasoners (Kuncel et al., 2013). 

However, the positive benefits of using analytic techniques valid to the task at hand, trained intuitions, 

and algorithmic improvements likely compound, as the GJP’s investigations into the effects of probability 

training, practice, and algorithmic recalibration and aggregation would suggest (Chang et al., 2016; Ungar 

et al., 2012). 

Multiple forms of algorithmic improvements to forecasts have been shown to be effective, ranging from 

recalibration and aggregation (Atanasov et al., 2017), to statistical methods like regression (Cross et al., 

2018), to machine learning (Shinitzky et al., 2024). Chapter 4 uses Bayesian networks (BNs) and logistic 

regression in conjunction with recalibration and weighted aggregation to explore if these machine learning 

techniques can improve the predictive accuracy of recalibration and aggregation methods alone. 

(Atanasov et al., 2017; Shinitzky et al., 2024). If successful, this methodology could improve on the state 

of the art of algorithmically enhancing the accuracy of probabilistic estimates, which could be applied in 

forecasting and other situations where probabilistic estimates are available.  
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4.3 Abstract 

This study explores how Bayesian networks (BNs) can improve forecast accuracy compared to logistic 

regression and recalibration and aggregation methods, using data from the Good Judgment Project. 

Regularized logistic regression models and a baseline recalibrated aggregate were compared to two types 

of BNs: structure-learned BNs with arcs between predictors, and naive BNs. Four predictor variables were 

examined: absolute difference from the aggregate, forecast value, days prior to question close, and mean 

standardized Brier score. Results indicated the recalibrated aggregate achieved the highest accuracy (AUC 

= 0.985), followed by both types of BNs, then the logistic regression models. Performance of the BNs was 

likely harmed by reduced information from the discretization process and violation of the assumption of 

linearity likely harmed the logistic regression models. Future research should explore hybrid approaches 

combining BNs with logistic regression, examine additional predictor variables, and account for 

hierarchical data dependencies. 

Keywords: Bayesian Networks, Machine Learning, Forecasting, Logistic Regression, Recalibration, 

Aggregation, Judgment 
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4.4 Introduction 

Governments, militaries, businesses, and other stakeholders must make decisions and long-term plans in 

the face of uncertainty about the future state of the economy, the actions of other states, and world events. 

Anticipating important geopolitical developments allows stakeholders to make and execute strategic plans 

to better achieve their goals. Increasing the accuracy of geopolitical forecasts thus has immense value to 

these actors. To this end, the US government has funded several projects related to improving geopolitical 

forecasting, including the Aggregative Contingent Estimation (ACE) tournament in 2010, in which teams 

competed to find the best means of eliciting, aggregating, and representing probabilistic judgements of 

future geopolitical events (IARPA, 2010). The winning team was the Good Judgement Project (GJP) led by 

Phil Tetlock and Barbara Mellers, who used participant training, teaming, and forecast recalibration and 

aggregation techniques to achieve accuracy superior to professional intelligence analysts who had access 

to classified information (Goldstein et al., 2015; Good Judgment Inc., 2025).  

Since the ACE tournament, national governments have begun using similar forecasting techniques on an 

ongoing basis, such as the UK’s Cosmic Bazaar (The Economist, 2021) and the RAND forecasting initiative, 

which advises the US government (RAND, 2025). Businesses have also begun to use forecasting techniques 

to predict the outcomes of their internal projects and competitive environments, such as Twitch and 

Google (Hernandez, 2017; Schwarz, 2024). Organizations such as Metaculus and Good Judgement Open 

also provide forecasting platforms that allow questions about a diverse range of topics for a wide range of 

clients (Good Judgment Open, 2025; Metaculus, 2025). 

Researchers have discovered several psychological variables predictive of forecasting accuracy. According 

to Mellers et al. (2015), the most important are measures related to a forecaster’s behaviours such as the 

number of forecasts per question and the amount of time spent deliberating per question. Situational 

variables such as training in probabilistic reasoning and being a member of a team are also important 

factors predicting accuracy, as are dispositional variables such as a general intelligence, political 

knowledge, and open-minded thinking (Mellers et al., 2015).  

Atanasov and Himmelstein (2023) conducted a separate review of the predictors of forecasting accuracy. 

In summary, the authors suggest that the metrics most associated with an individual’s success in predicting 

outcomes are, in order of descending value: accuracy-related (e.g., accuracy on previously resolved 

questions), intersubjective (e.g., squared distance from a consensus forecast), behavioural (e.g., frequency 
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of updating), dispositional (e.g., intelligence and personality), and then finally expertise-related (e.g., 

knowledge tests). The authors suggest that these metrics would serve as useful means of giving higher 

weight to forecasters that exhibit these characteristics.  

Relatedly, researchers have explored various ways of using algorithmic and statistical techniques to 

enhance the information available from raw forecasted probabilities to predict geopolitical events. These 

techniques range from statistical techniques like regression (Cross et al., 2018), to aggregation and 

recalibration (Atanasov et al., 2017), and machine learning (Shinitzky et al., 2024). To this end, Shinitzky et 

al. (2024) explored the extent to which standard machine learning techniques can improve the accuracy 

of geopolitical forecasts. They tested regularized versions of Bernoulli naive Bayes, gradient boosting 

classifier, linear discriminant analysis, and logistic regression on their ability to predict binary event 

outcomes given participants’ forecast probabilities and over 40 other predictor variables.  

The additional predictor variables included variables derived from the group’s forecasted probabilities 

(e.g., the absolute difference of a forecast from the mean), other features elicited from the forecasters 

(such as which dimensions they considered in making their prediction), linguistic features from the 

forecast rationales, features about the participants’ psychology (e.g., locus of control), and demographics 

(e.g., education level), as well as ratings provided by external evaluators about the forecasts’ 

convincingness. Shinitzky et al. (2024) found that regularized logistic regression had the highest 

performance of all machine learning techniques they tested, as measured by area under the receiver 

operating characteristic curve (AUC). Using regularized logistic regression, they then tested combinations 

of their features to see which were most predictive of the outcomes of geopolitical events. They found 

that the extremeness of the forecasted probability and absolute distance from the group consensus were 

the most important variables, followed by linguistic features of the forecast rationales. Finally, they used 

the classification probabilities from the winning logistic regression model as weights in an aggregation 

procedure, showing that the probability weights increased the accuracy of an aggregate prediction, 

compared to a simple confidence-weighted baseline aggregate. 

While Shinitzky et al. (2024) helpfully explored how standard machine learning techniques can be applied 

to improve forecasting accuracy, questions can be raised about how replicable their results would be in 

contexts more commonly found on forecasting platforms such as Good Judgement Open or Metaculus. 

The first consideration is that their sample was relatively small, consisting of only 153 participants and 10 
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questions. For comparison, the original ACE GJP tournament consisted of over 9000 participants and 600 

questions. Part of the rationale behind prediction platforms is to leverage the wisdom of the crowd, and 

thus maximizing the number of forecasters, questions, and answers per question is an important goal. A 

second consideration is that the format of Shinitzky et al.'s (2024) tournament did not use accuracy metrics 

as predictors in their main analysis, as no questions had resolved at the time of forecast elicitation. While 

there are certainly situations where such ‘cold-start’ conditions hold, accuracy-related scores are the best 

class of predictors for future accuracy and are an important part of forecast aggregation procedures 

(Atanasov et al., 2017; Atanasov and Himmelstein, 2023). A third consideration is that for 9/10 of the 

questions, only one forecast per participant was elicited, with only one question allowing for a single 

update. This is problematic because some of the non-accuracy-related metrics most predictive of accuracy 

are the frequency and magnitude of updates to forecasts (Atanasov and Himmelstein, 2023). A fourth 

consideration is that the time range of Shinitzky et al.'s (2024) forecasting period was relatively restricted, 

where predicted events were between one and four months in the future. In comparison, the GJP 

tournament had forecasts ranging from 1 to 549 days in the future. In longer term forecasting situations, 

the change in estimated probability over time is often decision-relevant, as it can signal important 

geopolitical developments necessitating strategic choices. Finally, some of the metrics used as predictors 

of outcomes in Shinitzky et al.'s (2024) study would be impractical to implement in large-scale settings, 

such as third-party evaluations of the convincingness of other forecasters’ rationales.  

Given the importance of improving geopolitical forecasting, researchers should examine alternative 

approaches and whether Shinitzky et al.'s (2024) results generalize to forecasting contexts more similar to 

those used by governments, where there is a wider variety and number of participants, forecasts per 

participant, and timing of forecasts. These contexts also allow for examining forecaster accuracy and other 

behaviours such as update frequency. To this end, the current study uses data from the original GJP ACE 

tournament (Good Judgment Project, 2016), which has been studied extensively and serves as an excellent 

source of crowdsourced forecasting tournament data akin to the other platforms cited above (Ungar et 

al., 2012).  

While regularized logistic regression was the most effective machine learning technique studied by 

Shinitzky et al. (2024), its assumptions may not hold in a dataset with a greater variety and number of 

participants, forecasts, and variables unavailable in the ‘cold start’ situation Shinitzky et al. considered. 

Additionally, Shinitzky et al. tested a Bernouli naïve Bayes classifier, but did not examine Bayesian 
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networks (BNs) with more complex conditional dependencies between predictor variables. Bayesian 

networks make fewer parametric assumptions than logistic regression and their ability to represent 

complex conditional dependencies between variables may prove beneficial in modeling more complex 

forecasting data. Finally, Shinitzky et al. used an unweighted mean as their aggregation procedure in their 

baseline predictor variable. More sophisticated aggregation procedures, such as those that incorporate 

recalibration and weighting by participant characteristics would likely make the models more predictive. 

Recalibrated weighted forecasts are also highly accurate predictors on their own, so it would be insightful 

to compare other modeling approaches to these techniques (Atanasov et al., 2017). 

4.4.1 Bayesian Networks to Predict Geopolitical Outcomes 

The current study explores Bayesian networks (BNs) as an alternative machine learning approach to 

improving the predictive power of geopolitical forecasts and compares their relative merits to logistic 

regression and recalibrated aggregate forecasts. Bayesian networks represent relationships between 

variables as a graph where connections (also called ‘arcs’) between variables (also called ‘nodes’) 

represent conditional probabilistic dependencies. Given that the connections represent conditional 

probabilities, for a BN to be fully specified, all connections must be directed (specifying which variable is 

conditional on which), and there can be no cyclical connections. Thus, BNs are directed acyclic graphs 

(DAGs). The absence of an arc between nodes represents conditional independence. The conditional 

probability distribution of a variable is determined by its parent nodes, and a variable is conditionally 

independent of its non-descendants, given its parents. Arcs can be learned via algorithmic means, via 

manual specification, or a combination of the two (Kitson et al., 2023). 

Three common types of BNs are: 1) discrete BNs, where all variables are categorical and conditional 

relationships are represented in conditional probability tables, 2) Gaussian BNs, which represent all 

variables as normally distributed continuous with conditional relationships usually expressed as linear 

regression equations; and 3) hybrid BNs, which include both discrete and continuous nodes, usually with 

the constraint that discrete nodes cannot inherit from continuous nodes (Kitson et al., 2023). In the current 

study, only discrete BNs are used since the binary outcome variable could not inherit from continuous 

variables. A process of discretizing continuous variables is thus employed to meet the constraints of 

discrete BNs. 
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Bayesian networks allow one to model complex conditional dependencies between variables, where the 

relationships between descendent variables depend on the states of ancestor variables. Learning the 

pattern of conditional dependencies between predictor variables may improve the overall accuracy of the 

BNs. For example, divergence from a consensus forecast is usually related to poor performance. However, 

in some cases where a divergent forecaster is otherwise accurate, their divergent forecast should be given 

more weight, as it represents unique information (Atanasov and Himmelstein, 2023). Thus, the 

relationship between a divergent forecast and the outcome may be different depending on the states of 

other variables. To examine the effect of complex conditional dependencies on the BNs’ performance, 

complex BNs whose structures are learned primarily through algorithmic means (henceforth ‘structure-

learned BNs’) are compared to naïve flat-structured BNs (henceforth ‘flat BNs’) that assume independence 

between all predictor variables.  

Discrete BNs make fewer parametric assumptions about the data than do logistic regression models, which 

assume, among other things, that there are no influential outliers (Stoltzfus, 2011). This assumption could 

be problematic given the presence of ‘superforecasters’ in the GJP dataset, who exhibit exceptionally high 

accuracy, and whose forecasts should be given higher weight, rather than transformed or removed to 

meet this assumption (Atanasov and Himmelstein, 2023). Furthermore, logistic regression assumes that 

there are linear relationships between the predictor variables and the log odds of the outcome (Stoltzfus, 

2011), which may not hold true in a large dataset with a wider range of questions and participants than 

Shinitzky et al. (2024). This study compares the performance of BNs to regularized logistic regression, 

which was the highest performing machine learning method explored by Shinitzky et al. (2024).  

The current study also incorporates forecast aggregation and recalibration. Shinitzky et al. (2024) used the 

absolute distance from a consensus forecast as their baseline predictor, where the consensus was the 

unweighted average of forecast probabilities for a question. The current study uses the information 

available in the GJP dataset to create a consensus aggregate that applies recalibration to an aggregate 

weighted by participant accuracy, forecast update frequency, and temporal proximity. This follows 

Atanasov and Himmelstein's (2023) procedure for calculating the consensus forecast for their proxy score. 

The absolute difference from the recalibrated aggregate is used as the baseline predictor in the current 

study. The consensus aggregate is also treated as a separate predictive model to serve as a basis of 

comparison for the other models, since this form of recalibration and aggregation can produce highly 

accurate forecasts (Atanasov et al., 2017).  
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Given that the recalibrated weighted aggregate is used as a component of the baseline predictor in all 

models, the first hypothesis of this study is that as more variables are included in the models, the BN with 

complex dependencies will have higher performance than the recalibrated weighted aggregate alone. The 

second hypothesis is that both structure-learned and flat BNs will have a higher performance than the 

equivalent logistic regression models, since BNs make fewer parametric assumptions than logistic 

regression, some of which are likely violated in a dataset like the GJP. The third hypothesis is that as the 

models include more variables, structure-learned BNs will have higher performance than flat BNs, since 

capturing more complex conditional dependencies will likely increase the information available for 

predicting the outcome. 

4.5 Methods 

To describe the methodology of the data analysis, I first characterize the dataset and the transformations 

applied to derive the continuous predictor variables. Subsequently, I outline the discretization process for 

the continuous variables, followed by the procedures employed to train the BN and logistic regression 

models. Finally, I detail the evaluation protocols applied to all models. 

The dataset consisted of binary, non-conditional and non-voided questions from all four years of the GJP 

ACE tournament, yielding 694,442 forecasts made by 9480 forecasters on 303 questions. An example 

question is “Will Serbia be officially granted EU candidacy by 31 December 2011?”. Each forecast consisted 

of a probability value (also called ‘forecast value’) associated with the first binary option of the question 

and included a timestamp of when the forecast was made and when the question closed. Four continuous 

predictor variables (described in detail below) were derived from the dataset which served as the basis of 

models predicting the binary outcome of the question (0 or 1) on a per-forecast basis. Depending on the 

model type, the continuous predictor variables were also discretized following multiple discretization 

configurations of each variable (described further below). For the sake of clarity, the models are grouped 

into tiers which correspond to the number of variables included as predictors. Each subsequent tier 

includes the predictors of previous tiers. Details of the predictor variables are described next according to 

the tier of model they first appeared in, followed by the discretization process. 

The first tier of models included only the absolute difference of the forecast value from a consensus 

prediction value at the time of the prediction, similar to Shinitzky et al.'s (2024)’s baseline model. First, 

forecast values of .00 and 1.00 were replaced with .001 and .999, respectively, to avoid distortions in 
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logarithmic operations using 0 (see Satopää et al. (2014) for a similar procedure). All predictors used this 

corrected forecast value, including the consensus prediction, described next. 

The consensus prediction was a recalibrated weighted aggregate forecast, following the procedure 

described in Atanasov et al. (2017) and Atanasov and Himmelstein (2023). The weighted aggregate is 

described in (1), 

where :̅.,&,0  is the aggregate across forecasters, i, that depends on time, t, question, l, and outcome, k. The 

decay value, 6.,!,0, was set to 1 for 72% of the most recent forecasts within a question, and 0 otherwise. 

The weight value, B.,!,0, depended on the accuracy score of a forecaster, c, and the update frequency score 

for a forecaster within a question, f (see (2)).  

B.,!,0 = <.,!1 × ,.,!,02  (2) 

The accuracy score was based on the cumulative mean standardized Brier score (MSBS) for all questions 

that had resolved by the time the forecast was made (standardization was within-question). The frequency 

score was based on the number of forecasts made on the question up to the point of the current forecast. 

Both the accuracy and frequency score were rescaled to the range [0.1 to 1.0], where the least accurate / 

least frequent updater would receive 10% of the weight of the most accurate / most frequent updater. 

Both weight exponents, g, and d, were held at 1.0. The accuracy weight was omitted when no questions 

had been resolved for a participant at the time of the forecast. The weighted aggregate was then 

recalibrated following (3),  

:̂.,&,0$ :̅.,&,0)

:̅.,&,0) + E1 − :̅.,&,0F) 
(3) 

where the extremizing constant of a was 1.5. 

:̅.,&,0 = G 1
∑ I6.,!,0 × B.,!,0J.,!

K ×+I6.,!,0 × B.,!,0J × :.,!,&,0
.,!

 
(1) 



 91 

The weighting and recalibration parameters were the same as those in Atanasov and Himmelstein (2023) 

and were not optimized for the dataset, so the predictive power of the aggregate forecast should be 

considered conservative. This recalibrated weighted aggregate was calculated for each forecast, such that 

it reflected the aggregate at the time the forecast was made.  

The second tier of models included the forecast value as an additional predictor. The third tier of models 

included the number of days prior to the close of the question the forecast was made (henceforth ‘days 

prior’). The fourth tier of models included the MSBS for a user at the time the forecast was made. For this 

tier of models, forecasts made by a participant prior to a single resolved question were discarded to avoid 

temporal leakage of accuracy information, yielding 619, 873 valid forecasts.  

The MSBS was calculated by first calculating the binary Brier score of each forecast, i.e., the squared 

difference between the forecast value and the outcome (0 or 1). The forecast Brier scores were then 

standardized within each question, where the standardized value was the difference of each forecast value 

from the mean of the most recent forecasts made by other participants on the question, divided by their 

population standard deviation. If the standard deviation within a question was zero, the standardized 

score of a forecast was set to zero, to indicate no difference from the mean. Finally, the standardized Brier 

scores were averaged across questions that had resolved at the time of the current forecast, such that the 

MSBS reflected the average Brier score for a participant at the time of the current forecast. This score was 

then standardized and winsorized to be between -3 and 3 standard deviations of the mean due to the 

presence of some extreme outliers that negatively impacted the discretization process. It appears that 

extreme outliers were usually caused by early clustering of forecast values around a single mean value, 

leading to a small standard deviation, which would yield extremely large standardized scores for the small 

number of forecasts that were highly divergent from the mean. Given that these outliers appeared to 

legitimately reflect a large difference from the mean, but their exact value did not validly reflect the 

extremeness of the scores, winsorization was deemed an appropriate transformation. The discretization 

process also rendered the exact values of the outliers largely moot, as all extreme scores would tend to be 

binned into one discrete level.  

For each tier of model, a set of discretization configurations for the variables were tested. For each 

configuration of discretized variables, three models were trained: a structure-learned BN, a flat BN, and a 

regularized logistic regression model using dummy variables to represent the discrete levels. A regularized 
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logistic regression model was also trained on the continuous versions of the variables included in each tier 

of model. The details of each of these methodologies are described after explaining the discretization 

process. Finally, the raw recalibrated weighted aggregate forecast described in (3) was used as a separate 

baseline model to which the other models were compared, where the aggregate forecast value was 

treated as the classification probability. 

4.5.1 Discretizing the Variables 

The continuous variables described above were discretized using the Hartemink algorithm, as 

implemented in bnlearn version 5.1 (Hartemink, 2001; Scutari, 2010; Scutari and Silander, 2025). The 

algorithm attempts to retain as much total pairwise mutual information as possible while determining 

where to make discrete breaks in continuous variables (where total mutual information is the sum of 

mutual information between each pair of variables). The algorithm begins by discretizing the continuous 

variables into many levels (in this study, 120 levels of equal intervals). It then iteratively selects two 

neighboring levels in each variable to coalesce such that the least amount of total mutual information is 

lost in the coalescence. At each iteration, the number of discrete levels per variable decreases by one until 

it reaches either a pre-specified number, or a minimum of 1, where total mutual information = 0.  

While choosing the precise number of discrete levels to retain for each variable requires some subjective 

judgement, the choices were informed by the information presented in Figure 4.1. The figure depicts the 

pairwise mutual information of each variable when all variables were discretized into the same number of 

levels, starting from 120 levels of equal intervals. A few trends can be observed. First, some variables 

contained much more pairwise information than others, with forecast value and difference from the 

aggregate containing roughly 43% and 32% of the information, respectively. In comparison, days prior and 

MSBS contained only about 8% and 4%, respectively. Second, the information decreased roughly 

logarithmically with each fewer level, with some variables showing a sharper decline as they approached 

the minimum of 2 levels. Notably, forecast value showed a sharp decline below 6 levels, and difference 

from the aggregate showed a sharp decline below 4 levels. Friedman et al. (2018) suggest that the average 

number of discrete bins required to avoid significant declines in precision for the GJP competition was 6 

(11 for superforecasters), which additionally informed how many discrete levels the forecast value variable 

was given. 
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Figure 4.1. Total mutual information as a function of the number of discrete levels 

Note. Abs Diff Agg = Absolute Difference from the Aggregate, MSBS = Mean Standardized Brier Score. 

These observations resulted in a few heuristics that were flexibly applied in deciding how many discrete 

levels each variable would receive. The first heuristic was that more levels should be given to variables 

that contained more mutual information. The second heuristic was that forecast value would have a target 

of between 11 and 6 bins, and absolute difference from the aggregate was given a target of at least 4. 

As discussed by Hartemink (2001), there exists a trade-off between using more discrete levels per variable, 

which retains more mutual information, and the complexity of the resulting model, which can yield more 

parent-child relationships and thus more cells in the conditional probability tables of the BNs that must be 

estimated. More cells lead to fewer observations per cell, and nodes that are rarely or never observed 

cannot be estimated with certainty. Prior probabilities can be used to estimate unobserved combinations, 

as was done in this study, but in the absence of strong theoretical underpinnings of the prior specifications, 

overreliance on priors risks a poorly specified model. 
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To avoid over-reliance on priors in the BN parameterization caused by rarely observed parent-child 

configurations, discretization configurations were subject to the hard constraint that no more than 10% of 

the combinations of all discrete levels in the configuration could be unobserved. Following these heuristics 

and constraints, a set of discretization configurations was created for each tier of models (included in Table 

4.1). 

4.5.2 Training the Bayesian Networks 

Training a BN is a two-step process of first learning the structure of the conditional dependencies between 

variables, followed by fitting the conditional probability tables of the variables, given the structure and the 

data. Given that the models were evaluated using 10-fold cross-validation (see below for details), 10 

separate BN structures were learned on the training portion of each fold of the cross-validation setup. 

Structures were learned using the PC-stable algorithm implemented in bnlearn with the mutual 

information test. Arcs from the outcome to predictor variables were forbidden to ensure the predictors 

were parents of the outcome. Directed connections between variables were added if they appeared in the 

learned structures of > 6/10 of the training folds. Undirected connections with > 6/10 support were added 

and manually directed based on theoretical considerations. The same structure was used in each fold 

during the parameter fitting and cross-validation phase. The parameters of both the structure-learned and 

flat BNs were fit using maximum Bayesian posterior estimation, with a uniform prior corresponding to the 

Bayesian Dirichlet equivalent score (Scutari, 2025). Probability predictions about the outcome were 

generated from Bayesian likelihood weighting using the default of 500 random samples.  

4.5.3 Logistic Regression Models 

Logistic regression is a statistical methodology that models the probability of an outcome variable (Ŷ) being 

in one category or another (1 or 0) using a linear regression equation where each predictor variable (Xi) is 

weighted by its respective b coefficient. The b coefficients represent the slope of the regression line (which 

quantifies how much the outcome variable changes with a one-unit change in the predictor variable) and 

reveal the unique contribution of each predictor variable, after adjusting for the others (Stoltzfus, 2011). 

Regularization techniques apply a penalty to the b coefficients according to a tuning parameter, l, which 

specifies the strength of the penalty. Regularization techniques are useful for logistic regression models 

with many potentially correlated predictor variables. Lasso/L1 regularization tends to pick one correlated 

coefficient and shrink the rest to zero, whereas ridge/L2 regularization tends to shrink correlated 

coefficients towards each other (Friedman et al., 2010). 
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The regularized logistic regression models in this study were fit with the glmnet R package version 4.1.10 

(Friedman et al., 2010, 2025). For cross-validation, glmnet uses a grid search to find the value of l that 

minimizes the mean loss across the 10 folds. This l is then used in all 10 folds of the subsequent evaluation 

of the model. Following Shinitzky et al. (2024), the Tier 1 discretized model was fit with ridge/L2 

regularization. Lasso/L1 regularization was used for all other tiers. Because the Tier 1 continuous model 

used only a single predictor, regularization using glmnet was inappropriate, so non-regularized logistic 

regression was performed using the glm function from the stats package in R (version 4.5.0). 

4.5.4 Model Evaluation 

Ten-fold cross validation was used to evaluate the models. The folds were balanced across outcome, with 

questions being segregated across folds to avoid information leakage. The same folds were used for each 

model within a discretization configuration, whereas folds were randomly generated across configurations. 

All models were evaluated using AUC as calculated by the pROC R package, version 1.19.0.1 (Robin et al., 

2011).  

4.6 Results 

The AUC results suggest that the baseline recalibrated aggregate forecast was superior to both the 

Bayesian and logistic regression approaches, contrary to the first hypothesis of this study (see Table 4.1 

for AUC results for all models). Both Bayesian approaches showed higher AUC scores than both logistic 

regression approaches, consistent with the second hypothesis of the study. However, the structure-

learned BNs showed equivalent AUC scores to the flat BNs, contrary to the third hypothesis of the study. 

The discretized and continuous regularized logistic regression approaches both showed roughly equivalent 

AUC scores across all model configurations. 
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Table 4.1. Performance Metrics for Baseline, Bayesian Network, and Logistic Regression Models 

 No. discrete levels per variable Mean (SD) AUC BIC 

Config 
Abs diff 

agg 
Fcast 
Value 

Days 
Prior MSBS BN Flat BN 

Discrete 
LogReg 

Continuous 
LogReg Aggregate BN Flat BN 

Baseline         .985 (.018)   

Tier 1            

1.0 80 0 0 0 .602 (.047) .602 (.047) .606 (.047) .580 (.051)  -3013712 -3013712 

Tier 2            

2.0 4 10 0 0 .939 (.056) .939 (.056) .830 (.071) .825 (.074)  -2334986 -2501996 

2.1 5 8 0 0 .938 (.041) .938 (.041) .831 (.056) .824 (.061)  -2444450 -2626347 

2.2 5 7 0 0 .939 (.036) .939 (.036) .831 (.050) .826 (.046)  -2348550 -2525157 

2.3 4 6 0 0 .940 (.036) .940 (.036) .839 (.060) .834 (.060)  -1975226 -2128432 

Tier 3            

3.0 3 6 3 0 .925 (.046) .925 (.045) .827 (.064) .814 (.059)  -2613377 -2785402 

3.1 3 5 3 0 .932 (.039) .932 (.039) .829 (.040) .829 (.032)  -2455466 -2622747 

3.2 3 5 2 0 .929 (.049) .929 (.049) .817 (.078) .829 (.072)  -2143187 -2300066 

Tier 4            

4.0 3 4 2 2 .929 (.046) .930 (.046) .824 (.059) .833 (.056)  -2157799 -2297388 

 
Note. Abs diff agg = Absolute Difference from Aggregate, AUC = Area Under the (receiver operating characteristic) Curve, BIC = Bayesian Information 

Criterion, BN = Bayesian Network (structure-learned), Fcast = Forecast, Flat BN = Flat Bayesian Network, LogReg = Logistic Regression, MSBS = 

Mean Standardized Brier Score. 
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For the Bayesian and logistic regression models, the highest AUC values were found when the models 

included only the forecast value and the absolute difference from the aggregate. Including days prior and 

MSBS did not improve AUC scores. Interestingly, within the best-performing tier of models (Tier 2), the 

number of discrete levels for both variables did not appear to have much effect on AUC. Descriptively, the 

highest performing model had the fewest discrete levels for forecast value and absolute difference from 

the aggregate (six and four levels, respectively). It thus appears that six discrete levels for forecast value 

was sufficient to avoid errors due to imprecision, as might be suggested by Friedman et al. (2018). 

To further investigate why the structure-learned and flat BNs did not differ in AUC, the Bayesian 

Information Criterion (BIC) score of the models using the entire dataset were recorded (see final two 

columns of Table 4.1). The BIC score measures the log-likelihood of the data given the model, minus a 

penalty for model complexity (Kitson et al., 2023). This can serve as an indicator of whether any gains in 

explanatory power were worth the cost of a more complex model (e.g. with more structure / conditional 

dependencies). More positive values (closer to zero) represent a more likely and/or more parsimonious 

model. The structure-learned BNs had consistently more positive BIC scores than flat BNs, indicating that 

there were gains in explanatory power that overcame the penalty for greater complexity. However, it 

appears these gains were not large enough to result in meaningfully more predictive models. The most 

positive BIC score belonged to the configuration with the highest AUC and included only forecast value 

and absolute difference from the aggregate, with the fewest discrete levels each. 

4.6.1 Relationships Between Predictor Variables 

Examining the arrangement of the structure-learned BN models can show how the variables related to 

one another and can reveal information about the efficacy of the model. The structure-learning algorithm 

found that the outcome variable was conditionally dependent on absolute difference from the aggregate, 

forecast value, and days prior, for all models that included these variables. The Tier 4 model found that 

MSBS was conditionally independent of outcome, given the other predictor variables (see Figure 4.2). 

These results suggest that MSBS did not provide unique information related to the outcome beyond what 

was already present in the other variables. Overall, the structures of the BNs were consistent across 

models, and resembled that of Figure 4.2 (potentially with fewer variables, depending on the model tier). 
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Figure 4.2. The Bayesian network structure from Tier 4 

Note. Abs Diff Agg = Absolute Difference from the Aggregate, MSBS = Mean Standardized Brier Score. 

In a similar vein, examining the coefficients from the logistic regression models can shed light on the how 

the variables were related and the efficacy of the models. The coefficients from the Tier 4 continuous 

logistic regression model suggested that MSBS and absolute difference from the aggregate contributed 

little unique predictive power, as their coefficients shrank to zero from the lasso regularization (see Table 

4.2). Forecast value was the variable with by far the strongest relationship to the outcome. These results 

also suggest that the predictor variables contained redundant information for predicting the outcome.  
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Table 4.2. Coefficients from the Tier 4 Lasso Logistic Regression Model with Continuous Variables 

Predictor Coefficient 

(Intercept) -2.33 

Forecast Value 2.61 

Days Prior Closed -0.0003 

Abs Diff Agg - 

MSBS - 

Note. Abs Diff Agg = Absolute Difference from the Aggregate, MSBS = Mean Standardized Brier Score. 

The results from the discretized Tier 4 logistic regression model are more complex but suggest that the 

most influential variables were forecast value and large values of absolute difference from the aggregate 

(see Table C1). MSBS and long-range forecasts received relatively little weight. 

4.6.2 Testing the Assumptions of Logistic Regression 

Examining the assumptions of the logistic regression models can illuminate why they had lower AUC values 

than the Bayesian models. The following five assumptions of logistic regression were tested on a non-

regularized version of the Tier 4 continuous logistic regression model using the full dataset: independence 

of errors, linearity of predictor variables and the log-odds of the outcome, lack of multicollinearity among 

predictors, a lack of influential outliers, and a sufficiently large sample size (Stoltzfus, 2011). The 

assumption of independence of errors was violated on a priori grounds, since participants could provide 

repeated forecasts on the same question, leading to non-independence due to participant and question. 

Violating this assumption tends to artificially reduce the variance in parameter estimates, yielding overly 

small confidence intervals and p values, and can also bias parameter estimates (Ives and Zhu, 2006; 

Roberts et al., 2017). It should be noted that BNs also typically assume independence of errors, so this is 

a shortcoming that applies to both types of models tested in this study (Azzimonti et al., 2022).  

The assumption of a linear relationship between the predictors and the log-odds of the outcome and was 

tested with the Box-Tidwell test, where a logistic regression model was fit to the original predictors and 

interaction terms consisting of those predictors multiplied by their natural logarithms. All interaction 

terms were statistically significant (p < .001) and had large absolute z values (> 17), indicating a violation 

of the assumption of linearity. Likewise, visual inspection of scatterplots of predictors versus the log odds 

of the outcome suggested a violation of linearity in the absolute difference from aggregate variable, as it 

displays a curvilinear U-shaped pattern (see Figure 4.3). Note that this assumption only applies to 
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continuous variables and not dummy-coded variables, so it was not violated in the dichotomous logistic 

regression models (Stoltzfus, 2011). 

 

Figure 4.3. Scatterplot of Absolute Difference from Aggregate and Log Odds of Outcome. 

Note. To aid visualisation, points are from a random subset of n = 1000 data points. Abs Diff Agg = Absolute Difference 

from the Aggregate. 

The assumption of the absence of influential outliers was tested by examining Cook’s distances and 

standardized residuals. The results suggested that approximately 6% of the data had a Cook’s distance > 

4/n, and approximately 1% had an absolute standardized residual > 3, indicating a mild violation of this 

assumption. The assumption of the absence of multicollinearity was tested by examining the variance 

inflation factors (VIF) of the predictor variables. All VIF values were < 5, indicating no violation of this 

assumption. Finally, the assumption of a sufficiently large sample size was met, since a common rule of 

thumb is that there should be at least 10 observations of the least common outcome per independent 

variable, and the current sample consisted of > 600,000 observations with the least common outcome 

being approximately 20% (Stoltzfus, 2011). In sum, it appears that some of the assumptions of logistic 

regression were violated, particularly the assumptions of independence of errors and linearity. This likely 
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led to somewhat poorly specified models, reducing their predictive ability relative to BNs which make 

fewer parametric assumptions. 

4.7 Discussion 

The results suggested that the recalibrated aggregate predictor alone was the most accurate at predicting 

outcome as measured by AUC, followed by the BN models, then regularized logistic regression models. 

Structure-learned BNs were not superior to flat BNs. Discretizing the variables did not have a meaningful 

effect on the performance of the logistic regression models. 

There are a few plausible explanations for why BNs did not out-perform the recalibrated aggregate. The 

first is that the aggregate included information redundant with the other variables included in the models, 

namely, time information, forecast value, and accuracy. It was believed that absolute difference from the 

aggregate, conditional on the other variables, such as forecast value and MSBS, would provide a unique 

signal that would improve AUC over the raw aggregate. However, it seems that while conditional 

dependencies were found by the structure learning algorithm, they did not add enough additional 

information to increase AUC over flat networks. The fact that MSBS was not independently related to 

outcome, as found by the Tier 4 structure-learned BN, provides additional evidence that the variables 

contained redundant information related to participant accuracy.  

Another plausible explanation for why the Bayesian methods did not outperform the raw aggregate is that 

the discretization process removed too much information from the continuous variables. As can be seen 

in Figure 4.1, reducing the number of discrete levels in forecast value from 120 to 10 results in a loss of 

approximately 40% of its total pairwise information. Likewise, the absolute difference from aggregate lost 

65% of its total pairwise information between 120 and 5 levels (its highest level beyond Tier 1). Thus, the 

discretization process may have substantially reduced the information available to the models and thus 

lowered AUC scores. 

The results highlight trade-offs in using discrete BNs to model realistic forecasting data. The upsides are 

that discrete BNs make few parametric assumptions and can model discrete outcomes directly (unlike 

typical hybrid BNs, where discrete nodes cannot be the child of continuous nodes). They are also 

transparent models of conditional dependencies between variables, which can be theoretically 

illuminating and sometimes highly related to model accuracy. Bayes nets are also able to incorporate 
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theory-driven information in the form of expert-derived directional dependencies and prior conditional 

probabilities (Kitson et al., 2023).  

The downsides are that the discretization process can substantially reduce the information available in 

continuous variables. The discretization process also requires a large dataset, as a greater number of 

discretized levels introduces more cells of conditional probability tables that must be estimated, reducing 

the number of observations available per cell. This puts a ceiling on the number of variables that can be 

included in a model. Finally, the discretization process requires some subjective judgement in deciding 

how many discrete levels each variable should have, with no guarantee of an optimized solution. 

The relatively poor performance of the logistic regression models is likely owing to violations of the 

assumptions of the models, particularly independence of errors and linearity. Transformations of the 

variables to make them better fit the assumptions of logistic regression and forms of logistic regression 

better suited to repeated measures / correlated data would likely be an effective solutions to these issues 

(Stoltzfus, 2011). Non-standard hierarchical models that account for correlated data are available for both 

logistic regression and BN models, so exploration of these more advanced techniques is warranted, as are 

more complex blocking designs for the cross-validation procedure to account for dependencies in the data 

(Azzimonti et al., 2022; Ives and Zhu, 2006; Roberts et al., 2017). Additionally, explorations of interaction 

effects in the logistic regression models would also likely yield gains like those of conditional dependencies 

between nodes in a BN. 

Future research wishing to expand on this study would first do well to examine a wider range of variables 

related to the outcome but not strongly related to the recalibrated aggregate. Atanasov and Himmelstein 

(2023) provide a set of variables worth exploring in this regard. Second, while discretizing all variables is 

required to model discrete outcomes directly using discrete BNs, a hybrid BN including both discretized 

and continuous variables could predict a continuous proxy of outcome (such as prediction error), which 

could then be used as a means of predicting outcomes. One example of this approach is similar to that 

suggested by Shinitzky et al. (2024), where the prediction probabilities of outcome from a logistic 

regression model were used as weights in a wisdom-of-the-crowds aggregation approach. Another related 

approach would be to use a continuous output of a BN as an input to a logistic regression model, which 

can be more effective than either method used alone (Wei and Dong, 2025). A hybrid BN could use 

discretized variables that do not fit the assumptions of linear or logistic regression and retain continuous 
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variables that fit the assumptions of linear regression. A logistic regression model could then use this 

output, possibly in combination with other non-normal variables that fit the assumptions of logistic 

regression, to increase the predictive power of the ensemble. 

4.8 Conclusions 

Overall, the purpose of this study was to explore the utility of BNs in improving geopolitical forecasts, in 

comparison to logistic regression and recalibration and aggregation. Neither BNs nor logistic regression 

alone proved superior to state-of-the-art recalibration and aggregation methods under the conditions of 

this study. The results suggest that the findings of Shinitzky et al. (2024) are not robust to different datasets 

with different predictor variables, in that logistic regression was not the most accurate machine learning 

technique of the current study. While the current study did not improve on the accuracy of aggregation 

and recalibration techniques, the merits of BNs deserve further exploration. Investigations into the use of 

other predictor variables, data transformations, the effect of discretization, and more advanced forms of 

BNs (and logistic regression), such as those that can account for correlated data, would be fruitful areas of 

future research. Furthermore, using ensemble methods that play to the strengths of each methodology 

remains a promising next step for this research direction. 
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CHAPTER V 

General Discussion 

The objective of this thesis is to develop and test cognitive and computational tools to improve rational 

deliberation and decision-making under uncertainty. This implies ensuring better adherence to epistemic 

and institutional norms of good reasoning, particularly the norms of probability theory. The primary area 

of application for this research is the intelligence community (IC), although the insights gained could be 

applied in other domains like business strategy (Hernandez, 2017). To this end, three projects were 

completed. Chapter 2 assessed which analytic techniques used in intelligence products predicted better 

adherence to IC norms and greater objective accuracy. Chapter 3 tested the efficacy of a calibration 

training paradigm based on a proper scoring rule designed to be easily interpretable and facilitate 

learning. Chapter 4 used Bayesian networks (BNs), logistic regression, and recalibration and aggregation 

methods to improve the accuracy of geopolitical forecasts from the Good Judgement Project (GJP). The 

key findings of the three projects are summarized below, followed by their interpretation and 

implications, their limitations, and finally suggestions for future research. 

5.1 Summary of Results 

The study in Chapter 2 used content analysis to code for the use of structured analytic techniques (SATs) 

and other methods in intelligence products written by teams of intelligence analysts and members of the 

public during two experiments that attempted to replicate the conditions of the IC. The analyses 

revealed that adherence to IC norms was positively related to objective accuracy. The techniques of 

Standardizing Probability Ranges and Timeline were predictive of better adherence to IC norms. 

However, no specific technique was robustly predictive of accuracy, although modest but inconclusive 

evidence suggested that Timeline may be also positively related to it. Finally, the number of unique 

techniques used in an analytic product was positively related to adherence to IC norms, but not 

accuracy. The lack of conclusive results for accuracy is likely owing to low power, as fewer reports could 

be scored for this outcome metric. All correlations between technique use and IC norm adherence or 

accuracy were small, indicating that the use of any singular technique was not a strong signal of either 

metric.  

In Chapter 3, two short-duration training experiments were conducted to improve calibration of 

subjective confidence using performance feedback that included the Practical scoring rule, the Bias 
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score, and the Bias score’s interpretation. Both experiments found that training with performance 

feedback did not improve calibration, contrary to the only other known experiment to test the Practical 

scoring rule in calibration training (Gruetzemacher et al., 2023). Training with outcome feedback also did 

not improve calibration. As predicted, Actively Open-Minded Thinking (AOMT) was positively related to 

overall calibration but did not predict change in calibration across time.   

In Chapter 4, BNs, logistic regression, and recalibration and aggregation were used to predict the 

outcomes of geopolitical events using human forecasting data from the GJP. Two types of BNs were 

tested: flat BNs, where predictor variables were assumed to be independent, and structure-learned BNs, 

where the conditional dependencies between predictor variables were learned algorithmically. A 

recalibrated weighted aggregate forecast following the methodology of Atanasov et al. (2017) was used 

as both a separate predictive model and as a component of the BN and logistic models (the absolute 

difference of the current forecast from the aggregate was the predictor in these models). The 

recalibrated aggregate was the most accurate predictor of geopolitical outcomes, followed by both types 

of BNs, then logistic regression. Structure-learned BNs were not meaningfully more accurate than flat 

BNs. However, structure-learned BNs had more positive Bayesian information criterion (BIC) scores, 

indicating the relationships between predictors added information over flat networks. Bayesian 

networks may have suffered from a loss of information due to the discretization process required for 

standard discrete BNs. Logistic regression models may have been negatively affected by a violation of 

the assumption of a linear relationship between the absolute difference from the aggregate and the 

outcome. 

5.2 Interpretation and Implications 

Interpretations of the three projects follow, particularly in light of the objective of the thesis to develop 

and test tools to improve reasoning under uncertainty, and considering potential implications for the IC 

and broader research literature. Of the over 20 techniques examined in Chapter 2, only Standardizing 

Probability Ranges and Timeline were robustly predictive of IC norm adherence, and none were robustly 

predictive of accuracy. The relationship between Timelines and IC norm adherence is surprising and 

warrants further investigation to determine if this finding replicates in different contexts, and if so, what 

the mechanisms behind it might be. Likewise, the modest, inconclusive evidence in favour of a positive 

relationship between Timelines and accuracy is intriguing. Timeline as an analytic technique in the IC has 

not been the subject of much research, with Stromer-Galley et al. (2021) being a rare example, so this 
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finding may help point towards fruitful follow-up research. The relationship between Standardizing 

Probability Ranges and IC norm adherence is less surprising, given that using such probability ranges is 

explicitly part of the IC norms according to which participants were scored.  

The finding that IC norm adherence correlates only moderately with accuracy (zero-order Pearson’s r 

= .30) highlights the fact that these capture two distinct assessments of quality of reasoning. 

Conceptually, there should be a moderate positive correlation between accuracy and IC norm adherence 

(i.e., not negative, zero, or perfectly positively correlated), given that accuracy was only one of the eight 

IC norms evaluated in the SWARM studies, and the other seven should be expected to be imperfectly 

correlated with accuracy. This said, the study in Chapter 2 is one of very few examples of published 

research that provides evidence about the validity of the IC rating scale, given that the SWARM reports 

are the only publicly available intelligence products that have been scored according to a version of the 

scale (Thorburn et al., 2022). The fact that a report can be highly inaccurate, or not follow logical 

argumentation, yet still receive a moderately high overall score suggests to some authors that the scale 

is internally invalid (Thorburn & Gelder, 2021).  

One proposed alternative to the current IC rating scale is to have a rule-based aggregation approach, 

where a high score on some dimensions is necessary for a good overall score. For example, reports 

would be required to score high on the “Uses clear and logical argumentation” dimension to achieve a 

high total score (Thorburn et al., 2022). Alternatively, Ashley Barnett et al. (2021) have proposed a 

different set of norms to measure analytic rigor that was developed through a systematic literature 

review, an expert panel of academics and IC practitioners, and a survey of Australian intelligence 

analysts. The authors suggest that analytic rigor is work that is appropriately Logical, Objective, 

Thorough, Stringent, and Acute (LOTSA). The LOTSA norm scores correlated modestly with the IC rating 

scale scores when a subset of SWARM reports were rated with both systems (Spearman’s r = .42; 

Thorburn et al., 2022). Ultimately, questions of the internal validity of the IC rating scale would be better 

addressed with a larger and more externally valid sample of intelligence products, as discussed further 

below. While the findings of Chapter 2 were modest with respect to evaluating cognitive tools to aid 

reasoning under uncertainty, as only a few findings were statistically robust, the study has value as a 

methodology and as a guide to future research that can investigate similar questions with a different 

(and ideally larger) sample. 
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The experiments in Chapter 3 found that neither performance feedback in the form of the Practical score 

and Bias score, nor outcome feedback had a positive effect on calibration. Plausible reasons for the null 

effect include possible lack of participant motivation or understanding of the task, and low variability in 

task difficulty. However, in the broader calibration training literature, multiple null findings (e.g., Du et 

al., 2012; Sieck & Arkes, 2005; Stone et al., 2023), and even backfire effects (Kelly & Mandel, 2024), have 

been reported. The results of Chapter 3 cast some doubt on the replicability of the positive result 

Gruetzemacher et al. (2023) found, which showed that training using the Practical scoring rule on 

general knowledge questions had positive transfer effects to a forecasting task. The finding is doubtful 

partly in light of some of the statistical choices those authors made. Specifically, Gruetzemacher et al., 

(2023) used a post hoc statistical technique intended for observational studies to balance the control 

and treatment groups on some demographic and cognitive variables, despite the use of random 

assignment in their experiment, which should have been sufficient to balance the groups. The study in 

Chapter 3 is one of few to report a positive relationship between AOMT and calibration (along with 

Haran et al. (2013) and Mellers et al. (2015)), so this adds to the body of literature examining this effect. 

Regarding the objectives of the current thesis, the study in Chapter 3 serves as a critique of 

Gruetzemacher et al. (2023) and highlights the apparent fact that calibration training interventions 

require the presence of many poorly understood contextual variables to be successful. More work in this 

domain should be done to determine the conditions under which calibration training is robustly 

effective, as discussed further below. 

With respect to the objective of evaluating computational tools that effectively improve judgement and 

decision-making under uncertainty, the results of Chapter 4 were perhaps the most promising. The 

results highlight how accurate existing recalibration and aggregation techniques already are. Even a non-

optimized version of the procedure of Atanasov et al. (2017) had an area under the receiver operator 

characteristic (AUC) curve near ceiling (AUC = .985). While BNs and logistic regression were not more 

accurate than the recalibrated weighted aggregate, there are likely ways to further increase their 

accuracy with refinements to the models and predictor variables, as discussed below.  

The effectiveness of aggregating crowd-sourced forecasts would lend some support to the idea behind 

the Crowdsourcing Evidence, Argumentation, Thinking and Evaluation (CREATE) program, in that 

crowdsourcing analysis likely increases its overall quality and accuracy, particularly if the outputs of the 

analysis can be quantified and aggregated. It also lends support to arguments that intelligence analysts 
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should use precise numeric probability estimates where possible (e.g., Barnes, 2016). This would allow 

for probability estimates to be aggregated and recalibrated in appropriate situations, potentially using 

accuracy or other metrics such as coherence with probability theory as aggregation weights (Collins et 

al., 2024). It would also allow for estimates of accuracy and calibration that would be beneficial for 

feedback and training for analysts. Finally, precise probability estimates could also be used to assess 

coherence with probability theory, where incoherent estimates would be a sign of poor analysis. If 

precise probability estimates are too impractical to implement, then numeric probability ranges could be 

a substitute, particularly if they are paired with verbal expressions that reflect commonly held 

understandings of those ranges (Barnes, 2016).  

5.3 Limitations 

The studies conducted in this thesis have several limitations. Four limitations of the study in Chapter 2 

present themselves. First, the methodology was observational, so inferences about causality cannot be 

drawn. Thus, it cannot be said that using Timelines caused the reports to receive higher adherence to IC 

norms, for example. Second, the reliability of the codes included in the regression analyses was only 

enough to draw tentative conclusions (Krippendorff’s a > .667; Krippendorff (2004)), so the implications 

of the study should be interpreted as such. Third, the experiments were not a perfect replication of the 

conditions of the IC, with different time pressures, team compositions, and problem types, among other 

factors, than would be typical in IC analysis. Fourth, many of the reports were written by untrained 

members of the public, who nevertheless produced reports of higher quality and accuracy than the 

professional analysts (likely due to greater total time spent on the reports). These last three points limit 

the external validity and thus generalizability of the findings. The regression and correlational analyses 

adjusted for team type, but strong inferences about IC practice should not be made given the 

composition of teams and the influence of team type on the regression results, as well as the other 

limitations noted above. 

The experiments in Chapter 3 found null results, despite best practices being used to ensure data quality 

from the online panel participants. It is plausible that these participants were not properly motivated to 

improve their calibration over the course of the experiment or that the feedback they received was not 

sufficiently informative for them to improve their calibration over time. 
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The models tested in Chapter 4 did not account for data correlations from participants forecasting 

multiple times on the same question and answering different questions than other participants. The 

cross-validation procedure also only blocked for question and not participant or timing of forecasts. This 

primarily reduces the generalizability of the results, and possibly introduced some bias (Roberts et al., 

2017). The discretization procedure limited the number of variables that could practically be included in 

the BN models and reduced the total amount of information available in the variables that were 

included. Finally, while the GJP dataset is relatively representative of other large-scale forecasting 

platforms, it was somewhat constrained in the subject matter of its questions and the timeframes 

involved. That is, the subjects were limited to geopolitical questions relevant to the IC and most 

questions were resolved within a short- to medium-term period of less than a year (median days open = 

81.50, IQR = 113). The results of experiments conducted on GJP data may not generalize to more user-

driven forecasting platforms such as Metaculus, which host questions about a wide range of topics and 

has questions that may not resolve for decades. 

5.4 Future Research Directions 

The results of this thesis suggests some directions for future research. A replication of the study in 

Chapter 2 using real IC reports would answer questions about the external validity of the original project. 

A successful replication would put the intriguing finding about Timelines being predictive of both IC norm 

adherence and (possibly) accuracy on firmer ground. Follow-up research could investigate the potential 

contexts in which Timelines are most beneficial for analysis and the mechanisms behind it. To avoid the 

enormous number of person-hours required for both scoring each report using the IC rating system by at 

least three raters and for a manual content analysis with multiple raters, a semi-automated analysis 

conducted primarily by large language models (LLMs) could be employed. The IC rating scale scores and 

content analysis codes used in Chapter 2 could be used in reliability tests of such a replication attempt, 

where if the new methodology produces results with high agreement with the original findings, there 

would be greater confidence in the findings derived from a new sample. A separate manual reliability 

analysis should also be completed on the new sample to confirm the reliability of the methodology. 

The experiments conducted in Chapter 3 would benefit from follow-up studies that examine the effects of 

participant motivation on the efficacy of calibration training, along with probing participants’ 

understanding of the task. One means of manipulating participant motivation would be rewarding 

participants to varying degrees based on their performance. Once positive training effects are reliably 
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observed, future studies should also examine the effects of different kinds of pedagogical instructions. 

Additionally, future studies should investigate more individual difference measures such as the Rational-

Experiential Inventory (Pacini & Epstein, 1999) or CRT score (Frederick, 2005) to detect who would benefit 

most from calibration training. Finally, more research should examine the extent to which these kinds of 

calibration training exercises transfer to tasks such as forecasting, as well as the longevity of any positive 

transfer effects. 

Future research based on the work in Chapter 4 should consider using models that better account for 

correlations due to participant and question identity, such as linear mixed models for logistic regression 

(Ives & Zhu, 2006) or hierarchical Bayesian network models (Azzimonti et al., 2022). Furthermore, a more 

sophisticated blocking procedure for cross validation should be employed that accounts for correlations 

due to group and time, as this avoids overfitting and improves the generalizability of results to different 

samples (Roberts et al., 2017). Future studies could also utilize state-of-the-art BN methodologies that 

allow for discrete variables to inherit from continuous ones, which would eliminate the need for 

discretizing all predictor variables (Andrews et al., 2018, 2019). Alternatively, a standard hybrid network 

could be used to predict a continuous proxy for outcome (such as prediction error) using continuous 

variables that fit the assumptions of linear regression and a small set of dichotomized variables. This 

proxy could then be used as a predictor in a separate model that predicts outcomes based on the proxy 

and other variables. The performance of logistic regression models could be improved by 

transformations to variables that violate the assumptions of the models. Finally, ensemble techniques 

that combine the benefits of different modeling paradigms would be a promising area for future 

research into improving the accuracy of geopolitical forecasts. 

 



 

 

112 

CONCLUSION 

This thesis examined how reasoning and decision-making could be improved in the intelligence community 

(IC) in three research projects. The project in Chapter 2 used content analysis of intelligence products to 

examine which techniques were related to better adherence to IC norms and accuracy. The results showed 

that greater adherence to IC norms was positively related to accuracy and to the use of Timelines in reports. 

The project in Chapter 3 used a short-duration training paradigm to improve calibration of subjective 

judgements on general knowledge questions. While the study failed to show improvements due to training 

with the Practical scoring rule as performance feedback, it was one of few studies in the literature to 

demonstrate a positive relationship between actively open-minded thinking (AOMT) and calibration. The 

project in Chapter 4 used recalibration and weighted aggregation of forecasts from the Good Judgement 

Project (GJP) in combination with Bayesian networks (BNs) and logistic regression to create more accurate 

aggregate forecasts. The results showed that the most effective means of improving forecast accuracy was 

recalibration and aggregation following Atanasov et al. (2017)’s methodology, followed by BNs, then 

logistic regression.  

The thesis provides several contributions to the research literature. The first project is one of very few 

studies that can shed light on the validity of the IC rating scale and how it relates to analytic techniques 

used in intelligence products. It also provides a methodological framework for future studies to use and 

potentially investigate the intriguing finding that Timelines may be particularly beneficial to high quality 

analysis. The second project likewise provides a methodological framework to investigate the conditions 

under which short-duration calibration training might be effective. Future research in this area could 

better explain the discrepant findings of Gruetzemacher et al. (2023). The third project in the thesis found 

that recalibration and aggregation techniques can yield very accurate probabilistic forecasts, lending 

support to arguments that probabilities should be used in intelligence analysis where possible. 

The thesis also suggests concrete next steps for future research. The results of the first study should be 

replicated using unclassified intelligence products, potentially leveraging large language models (LLMs) to 

automate some of the process. Pending replication, experimental studies should be done to determine if 

there is a causal relationship between using the Timeline technique and higher report quality. Following 

from the second study, future experiments should examine how participant motivation and understanding 

play a role in the efficacy of short-duration calibration training. Finally, more advanced machine learning 
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techniques such as hierarchical BNs or ensemble methods should be explored as means of increasing the 

accuracy of aggregate probabilistic forecasts. 

In sum, the thesis advances the research literature on judgement and decision-making under uncertainty 

by contributing methodological frameworks, empirical findings that merit follow-up research, and 

supporting evidence for the continued adoption of probability in intelligence analysis. Theories and 

methodologies from cognitive and computer science are integrated to achieve better understanding and 

improvement of human reasoning and decision-making within the IC. The thesis examines three types of 

tools for improving judgment accuracy and adherence to reasoning norms, including structured analytic 

techniques, calibration training using an intuitive proper scoring rule, and forecast recalibration and 

aggregation using machine learning. Probability theory is employed as a normative theory of good 

reasoning and as a methodological tool throughout the work. The thesis argues for greater adoption of 

probabilities in IC reasoning, as they reduce ambiguity in communication of uncertainty, allow for formal 

analysis of coherence with probability theory, serve as the basis of feedback using proper scoring rules, 

and enable aggregation and recalibration. 
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APPENDIX A 

Example Stimuli from Chapter 3 

A) 

 

B) 

 

Figure A1. Example trial-level feedback for the performance feedback condition in Experiments 1 and 2 

Note. Feedback in the outcome feedback condition consisted of only “Correct! / Incorrect!” indications. 

 

 

Figure A2. Example block-level feedback for performance feedback condition in Experiments 1 and 2 

Note. Feedback in the outcome feedback condition consisted of only block number and percent correct. 
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APPENDIX B 

Dichotomized Logistic Regression Coefficients from Chapter 4  

Table B1. Coefficients from the Tier 4 Lasso Logistic Regresssion Model with Dichotomized Variables 

Predictor Coefficient 

(Intercept) -2.20 

Days Prior Closed [0,100.65] 0.91 

Days Prior Closed (100.65,549] -0.00000000027 

Forecast Value [0.001,0.208917] -1.25 

Forecast Value (0.208917,0.408517] - 

Forecast Value (0.408517,0.807717] 1.43 

Forecast Value (0.807717,0.999] 2.68 

Abs Diff Agg [2.58926e-05,0.115111] - 

Abs Diff Agg (0.115111,0.353503] 0.072 

Abs Diff Agg (0.353503,0.986473] -1.18 

MSBS [-3,0] 0.014 

MSBS (0,3] - 

Note. Abs Diff Agg = Absolute Difference from the Aggregate, MSBS = Mean Standardized Brier Score. 
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SUPPLEMENTARY MATERIALS A 

Supplementary Materials for Chapter 2 

Details of the reliability analysis 

Seven codes had poor reliability with a < .667. Of the codes with poor reliability, High Impact / Low 

Probability Analysis, Indicators or Signposts of Change, and Key Assumptions Check had very few uses 

between the two independent coders (nInde
22 < 3). This made a single disagreement highly detrimental to 

a and obscures patterns in why reliability might be low. The Other code was underspecified and meant 

primarily for the purposes of finding new codes to add during development, so it is not surprising that this 

code showed poor reliability. 

For the three remaining unreliable codes (Advanced Statistics and Machine Learning, Node and Link or 

Tree Diagram (Generic), and Bayesian World View), examining the discrepancies between independent 

coders revealed that these codes were most likely confused with other structurally or conceptually similar 

codes. Advanced Statistics and Machine Learning was defined as statistical techniques that do not rely 

exclusively on the generalized linear model family of regression techniques and included an extensional 

list of methods which were considered this code. It appears to have been often confused with 

Mathematical Techniques (Generic), its more generic parent lens, and Statistical Charts or Graphs.  

Node and Link or Tree Diagram (Generic) was the generic code for a family of node and link diagram-

related codes, including Link Analysis, Bayes Nets, Bayes Tree, and Hypothesis Tree. It appears to have 

been most often confused with Link Analysis, which designates node and link diagrams that primarily 

describe relationships between people, locations, events, and pieces of evidence. To a lesser extent, it was 

also confused with Bayes Nets and Hypothesis Tree.  

Bayesian World View required explicit references to Bayesian concepts such as Bayesian reasoning or 

updating prior probabilities, without using Bayes’ Theorem for calculations and without being better 

described by Reference Class-Informed Forecasting, which involved calculating base rates and updating 

 
22 nInde = the number of times a code appears in the set of 90 reports coded by two fully trained 
independent raters. 
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them in response to context-specific information if deemed relevant. Bayesian World View appears to 

have been confused with both above techniques due to their conceptual similarity, although low usage of 

this code (nInde = 3) makes firm conclusions difficult to draw. 

A slightly longer or more rigorous training process may have ameliorated some of the low reliability, 

especially for Advanced Statistics and Machine Learning and Node and Link or Tree Diagram (Generic). This 

is less clear for the other unreliable codes that had relatively few cases of independent coding, making a 

highly affected by a few disagreements. 

Details of the post-hoc power analysis 

To approximate the power of the regression analysis on accuracy, I conducted a post-hoc power analysis 

using G*Power version 3.1.9.4 (Faul et al., 2009). I examined the power of finding a statistically significant 

single regression coefficient with a partial correlation as strong as Timeline (partial R2 = .06) in a regression 

model with 23 predictors, N = 80 and a = .05. Post-hoc power was .60 and a total sample size of N = 126 

would be required to achieve power = .80 for this effect size. For the average effect size of the predictors 

in the model (partial R2 = .01), a total sample size of N = 780 would be required.  
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Table SA1. Descriptions of Content Analysis Codes 

Code Level Summary Description 

 Node and Link Diagrams 

Node and Link or Tree 
Diagram (Generic) 

1 A graphic visualization of nodes and links, used to represent generic relationships 
between variables (including hierarchical relationships as represented by generic 
Trees). 

Link Analysis 2 A graphic visualization of nodes and links which is used to represent primarily 
social relationships / actors, events, pieces of evidence, or locations. 

Hypothesis Tree 2 A tree-like graphical structure is used to examine hypotheses and sub-hypotheses 
in order better understand the scale of a problem and think through possible 
alternatives. 

 Tables 

Table (Generic) 1 A catch-all category for tables used in a report that do not fit the description of 
other sub-categories of tables. 

Evidence Table 2 A system for organizing pieces of evidence in a table, rating their credibility, and 
giving reasons for their credibility rating. 

Analysis of Competing 
Hypotheses (ACH) 

2 A structured analytic technique that uses a grid of hypotheses, evidence, and 
evaluations of how consistent or inconsistent each piece of evidence is with each 
hypothesis, in order to determine the most likely hypothesis. 

Pros and Cons 2 A structured list (usually as a table) consisting of pros and cons for each option or 
decision under consideration 

Reasoning Stress Test 2 A methodology for identifying flaws in reasoning, rating each flaw’s severity, and 
assessing the overall quality of reasoning in a document. 

 Other Visualizations 

Timeline 1 A representation of events in chronological order in the form of a graphic, table, or 
list, but not for the purpose of a time-series graph or table. 

Statistical Charts or 
Graphs 

1 A visual (graphical) representation of numerical (quantitative) information, 
including, but not limited to, line graphs, bar charts, and pie charts 

Geographical Map 1 A visual display of a geographic region, often with pertinent details highlighted in 
some way. 

Visual Image (Other) 1 A catch-all category for other visual images that do not fit the description of other 
lenses 

 Thinking about People 

Game Theory and 
Prisoner’s Dilemma 

1 A formal structure for anticipating the decisions of other actors in a situation and 
acting in a way to maximize one’s own interests 

Means Motive 
Opportunity 

1 When determining who is likely responsible for an action, examining whether that 
person had the means, motive, and opportunity to do so. 

Threat Assessment 1 Considering the threat posed by various persons/groups by evaluating their intent 
and capability of harm.  

 Reasoning about Probabilities 

Bayesian World View 1 A style of thinking that encourages entertaining multiple hypotheses, considering 
the background relative probabilities of each hypothesis, and updating those 
probabilities when new information arrives, but without explicit calculations using 
Bayes’ Theorem. 

Reference Class-
Informed Forecasting 

2 A technique for forecasting where one finds similar past situations to establish a 
base rate of their occurring (aka ‘the outside view’), before considering the fine-
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grained details of the current situation (aka ‘the inside view’) and incorporating 
the two, if deemed appropriate. 

Numeric Probabilities 
and Odds (Generic) 

1 The basic principles of numeric probability, odds, and how to manipulate them. 
Excludes Bayes’ Theorem and more specific lenses such as the lenses of Bayes 
Nets, Conditional Probability Calculator, and SWARM Probability Calculator as well 
as Standardizing Probability Ranges. 

Bayes’ Theorem 2 A mathematical formula for calculating the probability of a hypothesis, given some 
evidence. 

SWARM Probability 
Calculator 

3 The SWARM in-built calculator for calculating conditional probabilities and solving 
probability puzzles. 

Conditional Probability 
Table Calculator 

3 An Excel file for calculating ‘common effect’ conditional probabilities, which can 
be used for filling in the conditional probability tables of Bayes Net software 
packages like UNBBayes. 

Bayes Nets 3 A mathematical means of calculating conditional probabilities between variables 
using specialized software. 

Bayes Tree 2 A tree diagram for solving probability puzzles by breaking a large imaginary group 
into sub-groups using natural frequencies. 

Standardizing 
Probability Ranges 

2 A set lexicon of probability terms are paired with numeric probability ranges in 
order to facilitate communication and understanding of uncertainty. 

 Estimating Quantities and Probabilities 

Mathematical 
Techniques (Generic) 

1 A catch-all category for mathematical techniques that are not captured by other 
lenses, in particular, Three-Point Estimating, Regression Using Generalized Linear 
Models, Advanced Statistics and Machine Learning, Statistical Charts or Graphs, or 
Numeric Probability and Odds (Generic) (or one of its sub-categories).  

Three-Point Estimating 2 A formula for arriving at an estimate of a quantity or probability by taking the 
average of a low, most likely, and high estimate. 

Regression Using 
Generalized Linear 
Models 

2 A family of related statistical techniques for determining the line of best fit for one 
or more predictor variables and an outcome variable 

Advanced Statistics 
and Machine Learning 

2 A set of techniques for estimating quantities or probabilities from data that do not 
rely exclusively on the generalized linear model family of regression techniques. 

 Structured Analytic Techniques 

Key Assumptions 
Check 

1 A technique for explicitly stating each key assumption of an argument and 
examining how well supported each assumption is. 

Quality of Information 
Check 

1 A semi-structured evaluation of the completeness and soundness of available 
sources of information 

Indicators or Signposts 
of Change 

1 A list of observable events or trends that indicate likely changes to larger, less 
directly observable, trends or events. 

Devil’s Advocacy 1 Challenging a single, strongly held view or consensus by building the best possible 
case for an alternative explanation. 

Team A / Team B 1 Use of separate analytic teams that contrast two (or more) strongly held views or 
competing hypotheses. 

Red Team Analysis 1 An analyst (or group of analysts) attempts to take the point of view of an 
adversary (often from a foreign country; the Red Team) and presents policies or 
decisions the adversary would likely take, given their point of view. 

High-Impact / Low-
Probability Analysis 

1 A description of plausible ways an unlikely, yet highly impactful event could 
happen and possible ways it could unfold 
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What If? Analysis 1 Assumes that an event has occurred with potential (negative or positive) impact 
and explains how it might come about.  

Brainstorming 1 An unconstrained process for generating new ideas or solutions, usually done in a 
group. 

Alternative Futures 
Analysis 

2 A systematic exploration of possible ways a highly complex and uncertain situation 
can develop. 

Outside-In Thinking 1 A method for considering the key forces that can shape an issue, first by 
examining the ‘external’ forces outside of the actor’s control, followed by those 
that the actor can have some influence over (‘internal’ forces). 

 Miscellaneous 

ODNI Rating Scale aka 
IC Rating Scale 

1 A rating scale used by the Office of the Director of National Intelligence (ODNI) to 
evaluate proper analytic tradecraft on a scale of 0 (Poor) to 3 (Excellent) on 8 
criteria 

Admiralty Code 1 A methodology for rating the reliability of a source on a scale of A to F and the 
credibility of information on a scale of 1 to 6. 

Geolocation 1 A set of techniques for determining the geographical location pictured in a photo 
or video. 

Other 1 A catch-all category for techniques or theoretical frameworks used in reports that 
are not already captured by the lenses described in the coding manual.  

None 1 Where there does not appear to be any technique or theoretical framework used 
in the report, either described by a lens in the coding manual, nor which would 
count as an ‘Other’ lens. 

Note. Table spanners represent categories that roughly overlap with the hierarchical structures used to 

ensure codes were mutually exclusive. Level represents the level of hierarchical relationships between 

related codes, where higher numbers denote a more specific code. More detailed structure is contained 

in the full coding manual, a redacted version of which can be found at: osf.io/8n6rz/ 
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Table SA2. Reliability Analysis of All Codes 

Code nFull nAcc nInde a 95% CIa 

ACH 10 4 5 0.79 [0.32 - 1.00] 

ADC 3 2 0 1.00 [1.00 - 1.00] 

ALF 0 0 0 1.00 [1.00 - 1.00] 

ASML 7 7 5 -0.02 [-0.05 - 0.00] 

BN 9 6 7 1.00 [1.00 - 1.00] 

BTH 15 15 8 0.93 [0.74 - 1.00] 

BTR 3 3 1 1.00 [1.00 - 1.00] 

BRST 0 0 0 1.00 [1.00 - 1.00] 

BWV 6 5 3 0.66 [-0.01 - 1.00] 

CPTC 2 1 1 1.00 [1.00 - 1.00] 

DVAD 0 0 0 1.00 [1.00 - 1.00] 

EVTB 12 7 8 0.81 [0.52 - 1.00] 

GEOL 18 18 13 0.90 [0.73 - 1.00] 

GEOM 52 33 32 0.95 [0.87 - 1.00] 

GTPD 2 1 2 1.00 [1.00 - 1.00] 

HILP 1 1 1 0.00 [-0.01 - 1.00] 

HYTR 4 1 4 0.74 [-0.01 - 1.00] 

ISCH 1 1 1 0.00 [-0.01 - 1.00] 

KAC 6 4 2 0.56 [-0.02 - 1.00] 

LINK 22 14 11 0.75 [0.44 - 0.95] 

MMO 10 2 6 1.00 [1.00 - 1.00] 

MTG 43 30 25 0.76 [0.59 - 0.90] 

NLTG 25 22 15 0.59 [0.35 - 0.80] 

NONE 6 0 5 1.00 [1.00 - 1.00] 

NPRG 102 64 66 0.79 [0.63 -0.92] 

ODNI 3 3 3 1.00 [1.00 - 1.00] 

OITH 0 0 0 1.00 [1.00 - 1.00] 

OTHR 18 11 11 0.24 [-0.08 - 0.52] 

PRCN 6 0 4 1.00 [1.00 - 1.00] 

QIC 0 0 0 1.00 [1.00 - 1.00] 

RCIF 17 17 13 0.79 [0.58 -0.95] 

RDTM 0 0 0 1.00 [1.00 -1.00] 

RGLM 10 10 6 0.71 [0.26 - 1.00] 

RST 4 4 1 1.00 [1.00 - 1.00] 

SPR 29 24 15 0.96 [0.85 - 1.00] 

STCG 27 26 19 1.00 [1.00 - 1.00] 

SWPC 11 10 8 0.85 [0.55 - 1.00] 

TBLG 101 60 64 0.85 [0.71 - 0.95] 

THAS 1 1 0 1.00 [1.00 - 1.00] 

THPE 4 1 4 0.74 [-0.01 - 1.00] 

TMAB 0 0 0 1.00 [1.00 - 1.00] 

TMLN 37 23 22 0.83 [0.69 - 0.94] 

VSIM 25 18 17 0.71 [0.49 - 0.87] 

WHIF 0 0 0 1.00 [1.00 - 1.00] 

Note. nFull = number of times a code occurred all 138 reports, nAcc = number of occurrences in the subset 
of reports that could be coded for accuracy, nInde = number of occurrences in the non-training subset of 
90 reports coded by both independent coders. CI = confidence interval calculated using 1000 bootsrap 
replications, ACH = Analysis of Competing Hypotheses, ADC = Admiralty Code, ALF = Alternative Futures 
Analysis, ASML = Advanced Statistics and Machine Learning, BN = Bayes Nets, BTH = Bayes’ Theorem, 
BTR = Bayes Tree, BRST = Brainstorming, BWV = Bayesian World View, CPTC = Conditional Probability 
Table Calculator, DVAD = Devil’s Advocacy, EVTB = Evidence Table, GEOL = Geolocation, GEOM = 
Geographical Map, GTPD = Game Theory and Prisoner’s Dilemma, HILP = High-Impact / Low-Probability 
Analysis, HYTR = Hypothesis Tree, ISCH = Indicators or Signposts of Change, KAC = Key Assumptions 
Check, LINK = Link Analysis, MMO = Means Motive Opportunity, MTG = Mathematical Techniques 
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(Generic), NLTG = Node and Link or Tree Diagram (Generic), NONE = None, NPRG = Numeric Probabilities 
and Odds (Generic), ODNI = ODNI Rating Scale aka IC Rating Scale, OITH = Outside-In Thinking, OTHR = 
Other, PRCN = Pros and Cons, QIC = Quality of Information Check, RCIF = Reference Class-Informed 
Forecasting, RDTM = Red Team Analysis, RGLM = Regression Using Generalized Linear Models, RST = 
Reasoning Stress Test, SPR = Standardizing Probability Ranges, STGC = Statistical Charts or Graphs, SWPC 
= SWARM Probability Calculator, TBLG = Table (Generic), THAS = Threat Assessment, THPE = Three-Point 
Estimating, TMAB = Team A / Team B, TMLN = Timeline, VSIM = Visual Image (Other), WHIF = What If? 
Analysis.  
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Table SA3. Posterior Summaries of All Coefficients Predicting Quality of Reasoning 

Coefficient Mb SDb 95% CI P(incl) P(incl|D) BFincl 

Intercept 0.00 0.08 [-0.16 - 0.15] 1.00 1.00 1.00 

Public Team 0.27 0.16 [-0.03 - 0.60] 1.00 1.00 1.00 

ACH 0.00 0.08 [0.00 - 0.23] 0.09 0.08 0.87 

ADC 0.01 0.14 [-0.14 - 0.16] 0.09 0.08 0.86 

BN 0.16 0.28 [-0.01 - 0.82] 0.11 0.31 3.61 

BTH 0.01 0.07 [-0.00 - 0.22] 0.09 0.08 0.85 

BTR 0.09 0.29 [-0.03 - 0.97] 0.10 0.16 1.72 

CPTC -0.02 0.18 [-0.51 - 0.03] 0.09 0.09 0.91 

EVTB 0.25 0.33 [0.00 - 0.91] 0.12 0.46 6.15 

GEOL 0.00 0.06 [-0.14 - 0.06] 0.09 0.08 0.87 

GEOM 0.01 0.06 [-0.02 - 0.17] 0.10 0.10 1.10 

GTPD -0.01 0.16 [-0.48 - 0.01] 0.09 0.08 0.82 

HYTR 0.27 0.44 [-0.01 - 1.25] 0.12 0.35 4.13 

LINK 0.05 0.14 [0.00 - 0.43] 0.10 0.20 2.09 

MMO 0.03 0.13 [0.00 - 0.41] 0.10 0.12 1.30 

MTG 0.06 0.13 [0.00 - 0.41] 0.11 0.23 2.52 

NPRG 0.03 0.10 [0.00 - 0.32] 0.10 0.16 1.72 

ODNI 0.01 0.14 [-0.23 - 0.10] 0.09 0.08 0.87 

PRCN 0.02 0.13 [0.00 - 0.50] 0.10 0.10 1.07 

RCIF 0.00 0.07 [-0.12 - 0.01] 0.09 0.08 0.85 

RGLM 0.02 0.10 [0.00 - 0.32] 0.10 0.10 1.04 

RST -0.04 0.19 [-0.71 - 0.04] 0.10 0.11 1.18 

SPR 0.33 0.27 [0.00 - 0.76] 0.14 0.71 15.51 

STCG 0.00 0.06 [0.00 - 0.22] 0.09 0.09 0.92 

SWPC -0.01 0.09 [-0.20 - 0.11] 0.09 0.09 0.93 

TBLG 0.08 0.16 [0.00 - 0.49] 0.11 0.29 3.28 

THPE 0.01 0.15 [-0.14 - 0.24] 0.09 0.09 0.94 

TMLN 0.23 0.22 [0.00 - 0.61] 0.13 0.62 10.73 

VSIM 0.00 0.05 [-0.13 - 0.02] 0.09 0.08 0.86 

 

Note. Public Team was included in the null model. Mb = mean b coefficient es�mate, SDb = standard 

devia�on of b coefficient es�mate, P(incl) = prior inclusion probability, P(incl|D) = posterior inclusion 
probability, BFincl = Bayes Factor for inclusion, ACH = Analysis of Compe�ng Hypotheses, ADC = Admiralty 
Code, BN = Bayes Nets, BTH = Bayes’ Theorem, BTR = Bayes Tree, CPTC = Condi�onal Probability Table 
Calculator, EVTB = Evidence Table, GEOL = Geoloca�on, GEOM = Geographical Map, GTPD = Game Theory 
and Prisoner’s Dilemma, HYTR = Hypothesis Tree, LINK = Link Analysis, MMO = Means Mo�ve 
Opportunity, MTG = Mathema�cal Techniques (Generic), NPRG = Numeric Probabili�es and Odds 
(Generic), ODNI = ODNI Ra�ng Scale aka IC Ra�ng Scale, PRCN = Pros and Cons, RCIF = Reference Class-
Informed Forecas�ng, RGLM = Regression Using Generalized Linear Models, RST = Reasoning Stress Test, 
SPR = Standardizing Probability Ranges, STGC = Sta�s�cal Charts or Graphs, SWPC = SWARM Probability 
Calculator, TBLG = Table (Generic), THPE = Three-Point Es�ma�ng, TMLN = Timeline, VSIM = Visual Image 
(Other). 
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Table SA4. Zero-Order Correlations of All Predictors of Quality of Reasoning 

Variable Pearson’s r 

Public Team 0.17 
ACH 0.09 
ADC 0.06 
BN 0.18 
BTH 0.04 
BTR 0.07 
CPTC -0.06 
EVTB 0.27 
GEOL 0.03 
GEOM 0.08 
GTPD -0.05 
HYTR 0.22 
LINK 0.17 
MTG 0.16 
MMO 0.15 
NPRG 0.19 
ODNI 0.00 
PRCN 0.06 
RCIF 0.01 
RGLM 0.07 
RST -0.05 
SPR 0.27 
STCG 0.08 
SWPC 0.00 
TBLG 0.24 
THPE 0.12 
TMLN 0.28 
VSIM 0.05 

 
Note. ACH = Analysis of Compe�ng Hypotheses, ADC = Admiralty Code, BN = Bayes Nets, BTH = Bayes’ 
Theorem, BTR = Bayes Tree, CPTC = Condi�onal Probability Table Calculator, EVTB = Evidence Table, GEOL 
= Geoloca�on, GEOM = Geographical Map, GTPD = Game Theory and Prisoner’s Dilemma, HYTR = 
Hypothesis Tree, LINK = Link Analysis, MMO = Means Mo�ve Opportunity, MTG = Mathema�cal 
Techniques (Generic), NPRG = Numeric Probabili�es and Odds (Generic), ODNI = ODNI Ra�ng Scale aka IC 
Ra�ng Scale, PRCN = Pros and Cons, RCIF = Reference Class-Informed Forecas�ng, RGLM = Regression 
Using Generalized Linear Models, RST = Reasoning Stress Test, SPR = Standardizing Probability Ranges, 
STGC = Sta�s�cal Charts or Graphs, SWPC = SWARM Probability Calculator, TBLG = Table (Generic), THPE 
= Three-Point Es�ma�ng, TMLN = Timeline, VSIM = Visual Image (Other). 
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Table SA5. Posterior Summaries of All Coefficients Predicting Accuracy 

Coefficient Mb SDb 95% CI P(incl) P(incl|D) BFincl 

Intercept 0.00 0.10 [-0.20 - 0.22] 1.00 1.00 1.00 
Public Team 0.33 0.19 [-0.05 - 0.70] 1.00 1.00 1.00 
ACH -0.17 0.36 [-1.12 - 0.09] 0.19 0.27 1.58 
ADC 0.00 0.21 [-0.47 - 0.51] 0.18 0.13 0.72 
BN 0.04 0.17 [-0.27 - 0.57] 0.18 0.17 0.89 
BTH 0.11 0.21 [0.00 - 0.65] 0.20 0.32 1.91 
BTR 0.03 0.18 [-0.22 - 0.66] 0.18 0.14 0.77 
EVTB 0.12 0.26 [-0.01 - 0.88] 0.19 0.27 1.56 
GEOL 0.02 0.11 [-0.09 - 0.45] 0.17 0.15 0.82 
GEOM 0.03 0.11 [-0.01 - 0.40] 0.18 0.18 0.99 
LINK 0.02 0.10 [-0.06 - 0.41] 0.18 0.15 0.81 
MTG 0.00 0.07 [-0.23 - 0.18] 0.18 0.14 0.73 
MMO 0.07 0.27 [-0.14 - 1.03] 0.18 0.17 0.94 
NPRG 0.05 0.16 [-0.01 - 0.55] 0.19 0.20 1.14 
ODNI -0.03 0.21 [-0.70 - 0.39] 0.18 0.16 0.85 
RCIF 0.03 0.13 [-0.05 - 0.51] 0.18 0.17 0.92 
RGLM 0.03 0.12 [-0.20 - 0.37] 0.18 0.15 0.81 
RST 0.29 0.46 [-0.03 - 1.31] 0.20 0.38 2.50 
SPR 0.01 0.07 [-0.14 - 0.25] 0.18 0.13 0.71 
STCG -0.03 0.12 [-0.44 - 0.00] 0.18 0.17 0.94 
SWPC -0.02 0.12 [-0.43 - 0.08] 0.18 0.15 0.82 
TBLG -0.01 0.08 [-0.32 - 0.10] 0.18 0.14 0.74 
TMLN 0.12 0.20 [0.00 - 0.62] 0.20 0.37 2.34 
VSIM 0.02 0.10 [-0.09 - 0.36] 0.18 0.16 0.87 

 

Note. Public Team was included in the null model. Mb = mean b coefficient estimate, SDb = standard 

deviation of b coefficient estimate, P(incl) = prior inclusion probability, P(incl|D) = posterior inclusion 
probability, BFincl = Bayes Factor for inclusion, ACH = Analysis of Competing Hypotheses, ADC = Admiralty 
Code, BN = Bayes Nets, BTH = Bayes’ Theorem, BTR = Bayes Tree, EVTB = Evidence Table, GEOL = 
Geolocation, GEOM = Geographical Map, LINK = Link Analysis, MMO = Means Motive Opportunity, MTG = 
Mathematical Techniques (Generic), NPRG = Numeric Probabilities and Odds (Generic), ODNI = ODNI 
Rating Scale aka IC Rating Scale, RCIF = Reference Class-Informed Forecasting, RGLM = Regression Using 
Generalized Linear Models, RST = Reasoning Stress Test, SPR = Standardizing Probability Ranges, STGC = 
Statistical Charts or Graphs, SWPC = SWARM Probability Calculator, TBLG = Table (Generic), TMLN = 
Timeline, VSIM = Visual Image (Other). 
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Table SA6. Zero-Order Correlations of All Predictors of Accuracy 

Variable Pearson’s r 

Public Team 0.26 

ADC 0.10 

ACH -0.08 

BN 0.14 

BTH 0.22 

BTR 0.03 

EVTB 0.19 

GEOM 0.10 

GEOL 0.07 

LINK 0.14 

MTG -0.01 

MMO 0.15 

NPRG 0.15 

ODNI -0.19 

RCIF 0.06 

RGLM 0.10 

RST 0.19 

SPR 0.01 

STCG -0.07 

SWPC -0.06 

TBLG -0.09 

TMLN 0.28 

VSIM 0.15 

 
Note. ACH = Analysis of Compe�ng Hypotheses, ADC = Admiralty Code, BN = Bayes Nets, BTH = Bayes’ 
Theorem, BTR = Bayes Tree, EVTB = Evidence Table, GEOL = Geoloca�on, GEOM = Geographical Map, 
LINK = Link Analysis, MMO = Means Mo�ve Opportunity, MTG = Mathema�cal Techniques (Generic), 
NPRG = Numeric Probabili�es and Odds (Generic), ODNI = ODNI Ra�ng Scale aka IC Ra�ng Scale, RCIF = 
Reference Class-Informed Forecas�ng, RGLM = Regression Using Generalized Linear Models, RST = 
Reasoning Stress Test, SPR = Standardizing Probability Ranges, STGC = Sta�s�cal Charts or Graphs, SWPC 
= SWARM Probability Calculator, TBLG = Table (Generic), TMLN = Timeline, VSIM = Visual Image (Other). 
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SUPPLEMENTARY MATERIALS B 

Supplementary Materials for Chapter 3 

Full ANCOVA Results from Main Text 

We report the full results of the analyses of covariance (ANCOVA) for the two mixed design analyses on 

the dependent variable of min-max scaled, exponentially transformed Practical score reported in the main 

text, below.  

Table SB1. Experiment 1 Min-Max Scaled Exponentially Transformed Practical Score by Block and 
Condition ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 640.08 2 320.04 0.83 .44 .00 

AOMT 14387.46 1 14387.46 37.50 < .001 .06 

Residuals 232485.42 606 383.64    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  737.39 5 147.48 1.22 .30 .00 

Block × Condition 502.85 10 50.29 0.42 .94 .00 

Block × AOMT 820.38 5 164.08 1.36 .24 .00 

Residuals 365285.66 3030 120.56    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  737.39 4.92 149.88 1.22 .30 .00 

Block × Condition 502.85 9.84 51.10 0.42 .94 .00 

Block × AOMT 820.38 4.92 166.74 1.36 .24 .00 

Residuals 365285.66 2981.55 122.52    
Note. Mauchly's test of sphericity was statistically significant (p < .05) 
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Table SB2. Experiment 2 Min-Max Scaled Exponentially Transformed Practical Score by Block and 
Condition ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 6258.30 2 3129.15 2.17 .12 .01 

AOMT 26775.88 1 26775.88 18.54 < .001 .02 

Residuals 1.252×10+6 867 1444.37    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  1614.87 4 403.72 1.38 .24 .00 

Block × Condition 1872.57 8 234.07 0.80 .60 .00 

Block × AOMT 1149.87 4 287.47 0.98 .42 .00 

Residuals 1.016×10+6 3468 292.95    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  1614.87 3.92 412.11 1.38 .24 .00 

Block × Condition 1872.57 7.84 238.94 0.80 .60 .00 

Block × AOMT 1149.87 3.92 293.44 0.98 .42 .00 

Residuals 1.016×10+6 3397.42 299.03    
Note. Mauchly's test of sphericity was statistically significant (p < .05) 
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Supplemental Analyses on Bias, Accuracy, and Confidence 

In addition to the ANCOVAs on Practical Score reported in the main text, we also performed ANCOVAs on 

Bias, accuracy, and confidence across the six (or five) blocks of Experiment 1 (and 2). The ANCOVA results 

are presented below in Tables S3 – S4.  

Table SB3. Experiment 1 Bias by Condition and Block ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 0.12 2 0.06 0.58 .56 .00 

AOMT 4.67 1 4.67 44.98 < .001 .07 

Residuals 62.87 606 0.10    
Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  0.13 5 0.03 0.92 .47 .00 

Block × Condition 0.32 10 0.03 1.12 .35 .00 

Block × AOMT 0.23 5 0.05 1.60 .16 .00 

Residuals 86.08 3030 0.03    
Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  0.13 4.97 0.03 0.92 .47 .00 

Block × Condition 0.32 9.93 0.03 1.12 .35 .00 

Block × AOMT 0.23 4.97 0.05 1.60 .16 .00 

Residuals 86.08 3009.70 0.03    
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Table SB4. Experiment 2 Bias by Condition and Block ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 0.30 2 0.15 1.77 .17 .00 

AOMT 2.22 1 2.22 26.00 < .001 .03 

Residuals 74.14 867 0.09    
Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  0.05 4 0.01 0.88 .48 .00 

Block × Condition 0.06 8 0.01 0.48 .87 .00 

Block × AOMT 0.02 4 0.01 0.37 .83 4.295×10-4 

Residuals 50.87 3468 0.02    
Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  0.05 3.95 0.01 0.88 .48 .00 

Block × Condition 0.06 7.89 0.01 0.48 .87 .00 

Block × AOMT 0.02 3.95 0.01 0.37 .83 4.295×10-4 

Residuals 50.87 3421.12 0.02    
Note. Mauchly's test of sphericity was statistically significant (p < .05) 
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Table SB5. Experiment 1 Accuracy by Condition and Block ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 0.08 2 0.04 1.07 .35 .00 

AOMT 1.54 1 1.54 42.07 < .001 .07 

Residuals 22.15 606 0.04    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  0.11 5 0.02 0.80 .55 .00 

Block × Condition 0.33 10 0.03 1.25 .26 .00 

Block × AOMT 0.20 5 0.04 1.49 .19 .00 

Residuals 80.18 3030 0.03    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  0.11 4.98 0.02 0.80 .55 .00 

Block × Condition 0.33 9.96 0.03 1.25 .26 .00 

Block × AOMT 0.20 4.98 0.04 1.49 .19 .00 

Residuals 80.18 3016.80 0.03    
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Table SB6. Experiment 2 Accuracy by Condition and Block ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 0.06 2 0.03 1.68 .19 .00 

AOMT 1.55 1 1.55 80.80 < .001 .09 

Residuals 16.63 867 0.02    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  0.03 4 0.01 0.56 .69 6.418×10-4 

Block × Condition 0.02 8 0.00 0.16 1.00 3.787×10-4 

Block × AOMT 0.03 4 0.01 0.49 .74 5.658×10-4 

Residuals 45.60 3468 0.01    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  0.03 3.97 0.01 0.56 .69 6.418×10-4 

Block × Condition 0.02 7.94 0.00 0.16 1.00 3.787×10-4 

Block × AOMT 0.03 3.97 0.01 0.49 .74 5.658×10-4 

Residuals 45.60 3442.19 0.01    
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Table SB7. Experiment 1 Confidence by Condition and Block ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 0.20 2 0.10 1.43 0.24 0.01 

AOMT 0.85 1 0.85 11.88 < .001 0.02 

Residuals 43.20 606 0.07    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  0.00 5 8.891×10-4 0.39 0.86 6.461×10-4 

Block × Condition 0.02 10 0.00 1.06 0.39 0.00 

Block × AOMT 0.02 5 0.01 2.12 0.06 0.00 

Residuals 6.88 3030 0.00    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  0.00 3.87 0.00 0.39 0.81 6.461×10-4 

Block × Condition 0.02 7.75 0.00 1.06 0.39 0.00 

Block × AOMT 0.02 3.87 0.01 2.12 0.08 0.00 

Residuals 6.88 2347.15 0.00    

Note. Mauchly's test of sphericity was statistically significant (p < .05) 
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Table SB8. Experiment 2 Confidence by Condition and Block ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 0.59 2 0.30 4.71 0.01 0.01 

AOMT 0.06 1 0.06 0.97 0.33 0.00 

Residuals 54.47 867 0.06    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block  0.05 4 0.01 7.18 < .001 0.01 

Block × Condition 0.02 8 0.00 1.57 0.13 0.00 

Block × AOMT 0.01 4 0.00 1.12 0.35 0.00 

Residuals 6.31 3468 0.00    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block  0.05 2.54 0.02 7.18 < .001 0.01 

Block × Condition 0.02 5.08 0.01 1.57 0.16 0.00 

Block × AOMT 0.01 2.54 0.00 1.12 0.34 0.00 

Residuals 6.31 2202.55 0.00    

Note. Mauchly's test of sphericity was statistically significant (p < .05) 
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Table SB9. Experiment 2 Confidence Post Hoc Comparisons for Training Condition 

   

95% CI for Mean 
Difference    

95% CI for 
Cohen's d  

Condition 
Mean 

Difference Lower Upper SE t 

Cohen's 
d Lower Upper pholm 

Control Outcome 0.01 -0.02 0.03 0.01 0.68 0.05 -0.14 0.24 0.498 

 Performance -0.02 -0.04 0.00 0.01 
-

2.23 -0.18 -0.37 0.01 0.052 

Outcome Performance -0.03 -0.05 -0.01 0.01 
-

2.94 -0.23 -0.42 -0.04 0.010 

Note.  P-value and confidence intervals adjusted for comparing a family of 3 estimates using the Holm 

method (confidence intervals corrected using the Bonferroni method). Results are averaged over the 

levels of: Block 

Table SB10. Experiment 2 Confidence Post Hoc Comparisons for Block 

   

95% CI for Mean 
Difference    

95% CI for 
Cohen's d  

Block 
Mean 

Difference Lower Upper SE t 

Cohen's 
d Lower Upper pholm 

1 2 0.01 0.00 0.02 0.00 4.57 0.08 0.03 0.13 < .001 

 3 0.01 0.01 0.02 0.00 5.59 0.10 0.05 0.15 < .001 

 4 0.01 0.00 0.02 0.00 5.00 0.09 0.04 0.14 < .001 

 5 0.02 0.01 0.02 0.00 8.22 0.14 0.09 0.19 < .001 

2 3 0.00 0.00 0.01 0.00 1.02 0.02 -0.03 0.07 0.928 

 4 8.783×10-4 -0.01 0.01 0.00 0.43 0.01 -0.04 0.06 1.000 

 5 0.01 0.00 0.01 0.00 3.64 0.06 0.01 0.11 0.002 

3 4 0.00 -0.01 0.01 0.00 -0.59 -0.01 -0.06 0.04 1.000 

 5 0.01 -41.10 0.01 0.00 2.63 0.05 0.00 0.09 0.035 

4 5 0.01 8.289×10-4 0.01 0.00 3.21 0.06 0.01 0.10 0.007 

Note.  P-value and confidence intervals adjusted for comparing a family of 10 estimates using the Holm 

method (confidence intervals corrected using the Bonferroni method). Results are averaged over the 

levels of: Condition 
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Table SB11. Experiment 2 Confidence Descriptive Statistics 

Block Condition N Mean SD SE 

Coefficient of 
variation 

1 Control 284 0.70 0.11 0.01 0.15 

 Outcome 296 0.70 0.11 0.01 0.16 

 Performance 291 0.73 0.11 0.01 0.15 

2 Control 284 0.69 0.11 0.01 0.16 

 Outcome 296 0.69 0.12 0.01 0.17 

 Performance 291 0.71 0.12 0.01 0.17 

3 Control 284 0.69 0.12 0.01 0.17 

 Outcome 296 0.69 0.12 0.01 0.18 

 Performance 291 0.71 0.12 0.01 0.17 

4 Control 284 0.69 0.12 0.01 0.17 

 Outcome 296 0.69 0.13 0.01 0.19 

 Performance 291 0.71 0.12 0.01 0.17 

5 Control 284 0.69 0.12 0.01 0.17 

 Outcome 296 0.68 0.12 0.01 0.18 

 Performance 291 0.70 0.12 0.01 0.18 
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Figure SB1. Experiment 2 Confidence by Block 
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Test Block Analyses 

In addition to the ANCOVAs on Practical Score across all blocks of the experiments reported in the main 

text, we also performed ANCOVAs on transformed Practical score on only the test blocks (for Experiment 

1, we took the average score of the two test blocks). The ANCOVA results are presented below in Tables 

SB12-SB13, below.  

Table SB12. Experiment 1 Min-Max Scaled Exponentially Transformed Practical Score by Condition 
ANCOVA Results 

 SS df MS F p η²p 

AOMT 2443.26 1 2443.26 23.78 < .001 0.04 

Condition 312.19 2 156.09 1.52 0.22 0.01 

Residuals 62261.35 606 102.74    
 

Table SB 13. Experiment 2 Min-Max Scaled Exponentially Transformed Practical Score by Condition 
ANCOVA Results 

 SS df MS F p η²p 

AOMT 5818.49 1 5818.49 11.85 < .001 0.01 

Condition 613.79 2 306.90 0.63 0.54 0.00 

Residuals 425723.91 867 491.03    
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Sex-Based Analyses 

Table SB14. Experiment 1 Min-Max Scaled Exponentially Transformed Practical Score by Condition, 
Block, and Sex ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 641.90 2 320.95 0.85 0.43 0.00 

AOMT 13497.05 1 13497.05 35.88 < .001 0.06 

Sex 4512.60 1 4512.60 12.00 < .001 0.02 

Condition x Sex 1090.07 2 545.04 1.45 0.24 0.01 

Residuals 226837.67 603 376.18    
Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block 763.76 5 152.75 1.27 0.27 0.00 

Block x Condition 511.49 10 51.15 0.43 0.94 0.00 

Block x AOMT 849.87 5 169.97 1.41 0.22 0.00 

Block x Sex 441.07 5 88.21 0.73 0.60 0.00 

Block x Condition x Sex 1903.44 10 190.34 1.58 0.11 0.01 

Residuals 362948.25 3015 120.38    
Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block 763.76 4.92 155.14 1.27 0.28 0.00 

Block x Condition 511.49 9.85 51.95 0.43 0.93 0.00 

Block x AOMT 849.87 4.92 172.63 1.41 0.22 0.00 

Block x Sex 441.07 4.92 89.59 0.73 0.60 0.00 

Block x Condition x Sex 1903.44 9.85 193.32 1.58 0.11 0.01 

Residuals 362948.25 2968.58 122.26    
Note. Mauchly's test of sphericity indicates that the assumption of sphericity is violated (p < .05). 
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Table SB15. Experiment 2 Min-Max Scaled Exponentially Transformed Practical Score by Condition, 
Block, and Sex ANCOVA Results 

Between Subjects Effects 

 SS df MS F p η²p 

Condition 7164.12 2 3582.06 2.54 0.08 0.01 

AOMT 32550.15 1 32550.15 23.11 < .001 0.03 

Sex 34993.76 1 34993.76 24.84 < .001 0.03 

Condition x Sex 2333.74 2 1166.87 0.83 0.44 0.00 

Residuals 1.217×10+6 864 1408.76    

Within Subjects Effects (No Correction) 

 SS df MS F p η²p 

Block 2061.46 4 515.36 1.76 0.13 0.00 

Block x Condition 2158.39 8 269.80 0.92 0.50 0.00 

Block x AOMT 2724.66 4 681.16 2.33 0.05 0.00 

Block x Sex 1211.71 4 302.93 1.04 0.39 0.00 

Block x Condition x Sex 2063.70 8 257.96 0.88 0.53 0.00 

Residuals 1.011×10+6 3456 292.58    

Within Subjects Effects (Greenhouse-Geisser Correction) 

 SS df MS F p η²p 

Block 2061.46 3.92 526.19 1.76 0.14 0.00 

Block x Condition 2158.39 7.84 275.47 0.92 0.50 0.00 

Block x AOMT 2724.66 3.92 695.48 2.33 0.06 0.00 

Block x Sex 1211.71 3.92 309.29 1.04 0.39 0.00 

Block x Condition x Sex 2063.70 7.84 263.38 0.88 0.53 0.00 

Residuals 1.011×10+6 3384.87 298.73    
Note. Mauchly's test of sphericity indicates that the assumption of sphericity is violated (p < .05). 
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Control Checks and Preliminary Analyses 

Urban Agglomeration List 

We report the results of the control checks involving urban agglomeration (UA) list on the dependent 

variables of transformed Practical score and Bias for Experiments 1 and 2, followed by the relevant control 

checks on actively open-minded thinking (AOMT) and the engagement question in Experiment 2.  

To test whether city list affected the results of the primary analyses, mixed design ANOVAs were 

performed with UA list as a between-subjects variable and the six (or five) blocks of Experiment 1 (or 2) 

as a within-subjects variable. A main effect of UA list might indicate that the choice of UAs impacted the 

overall difficulty of the test, and an interaction effect might indicate that this difference impacted learning 

calibration. Recall that the Practical score of each block was min-max scaled and exponentially 

transformed with base 100 or 200 for Experiments 1 and 2, respectively.  

For Experiment 1, the Greenhouse-Geisser corrected (e = .98) ANOVA revealed no statistically significant 

main effect of UA list on transformed Practical score, F(1, 608) = 1.49, p = 0.22, h2
p = .00, nor was there a 

statistically significant UA list x block interaction, F(4.92, 2989.15) = 1.08, p = .37, h2
p  = .00. For the Bias 

ANOVA, there was no statistically significant main effect of UA list on Bias, F(1, 608) = 0.02, p = .89, h2
p  

= .00, nor was there a significant UA list x block order interaction, F(5, 3040) = 1.16, p = .33, h2
p  = .00. 

For Experiment 2, the Greenhouse-Geisser corrected (e = .98) ANOVA on Practical score revealed no 

statistically significant main effect of UA list, F(1,869) = 0.03, p = .86, h2
p  = .00, nor was there a statistically 

significant UA list x block order interaction, F(3.92, 3407.04) = 1.49, p = 0.20, h2
p  = .00. The Greenhouse-

Geisser corrected (e  = .99) ANOVA with Bias as the dependent variable revealed no statistically significant 

main effect of UA list, F(1, 869) = 0.06, p = .80, h2
p  = .00 nor was there a statistically significant interaction 

effect between UA list and block order, F(3.95, 3432.84) = 0.56, p = .69, h2
p  = .00. Based on these results, 

the two lists did not appear to affect the main dependent variables of interest, so they were combined in 

all subsequent analyses. 

AOMT 
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To ensure that AOMT did not differ across the three training conditions of both experiments, we 

conducted between-subjects ANOVAs with AOMT as the dependent variable. For Experiment 1, the 

analysis showed no statistically significant difference in AOMT between the three training groups, F(2, 

607) = 1.29, p = .28, h2
p  = .00. Likewise for Experiment 2, the analysis revealed no statistically significant 

differences in AOMT between the three training groups, F(2, 868) = 0.79, p = .45, h2
p  = .00. The results 

suggest that AOMT was not differentially distributed across the treatment conditions and was thus 

appropriate for inclusion as a covariate in both experiments. 

Experiment 2 Engagement Question 

The characteristics of Participants who responded ‘No’ to the engagement question in Experiment 2 are 

examined relative to those who answered ‘Yes’ (referred to as engagement group) here. First, to examine 

whether there was a systematic relationship between engagement group and training condition, a χ2 test 

of independence was conducted. The test revealed no statistically significant relationship between the 

two variables, χ2 (2, N = 908) = 1.20, p = .55, Cramer’s V = .04, indicating that training condition did not 

significantly influence participants’ answer to the engagement question.  

To determine whether engagement group affected the primary analyses, we compared the two groups 

across the five blocks of the experiment using mixed design ANOVAs with transformed Practical score and 

Bias as the dependent variables. The Greenhouse-Geisser corrected (e  = .98) ANOVA on transformed 

Practical score revealed no statistically significant main effect of engagement group, F(1, 906) = 0.40, p 

= .53, h2
p  = .00, nor was there a statistically significant engagement group x block interaction, F(3.91, 

3544.59) = 1.74, p = .14, h2
p  = .00. The Greenhouse-Geisser corrected (e  = .98) ANOVA on Bias found no 

statistically significant effect of engagement group, F(1, 906) = .26, p = .61, h2
p  = .00, nor was there a 

statistically significant engagement group x block interaction effect, F(3.93, 3562.58) = 0.37, p = .82, h2
p  

= .00. The results suggest no substantial differences between the two engagement groups. Their data 

were excluded from all subsequent analyses nonetheless since they admitted to not paying attention 

during parts of the experiment.  
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Outlier Analyses 

Outlier analyses were conducted on the Practical score variable due to its negative skew caused by a long 

tail of extremely low scores. The outlier analyses for the average of all blocks of Experiment 1 are 

presented first, followed by those for Experiment 2. We also include analyses conducted on the average 

untransformed Practical score of the test blocks in Experiments 1 and 2 (called test Practical score), as 

they shed some light on participant engagement at the end of each experiment, even though test block 

analyses were not reported in the main text due to redundancy with the analyses including all blocks. 

Experiment 1 – Practical Score Across Blocks 

The Practical score variable across the six blocks of Experiment 1 showed considerable negative skew 

(range -1.63 - -3.34) and leptokurtosis (range: 3.66 – 19.30). Removal of extreme scores where the average 

score z ≤ -1.645 was not desirable, as extreme scores were significantly above chance performance (M 

= .55, SD = .07), one-tailed t(51) = 5.89, p < .001, d = 0.82, 95% CI [.54, .57]. Even participants where z ≤ - 

3.09 were above chance accuracy (M = .56, SD = .05), one-tailed t(13) = 3.88, p < .001, d = 1.04, two-tailed 

95% CI [.53, .58], so their removal may have implied removing participants who were compliant with the 

experiment.  

To address the issue of negative skew and leptokurtosis, the data were exponentially transformed with 

base 100 after first being min-max scaled. The resulting data showed much less skew (range: -0.63 – 0.52) 

and leptokurtosis (range: -.01 - 3.61) than the raw scores. The full ANCOVA results after transformation 

are reported in Table S1.  

Experiment 2 – Practical Score Across Blocks 

As was the case in Experiment 1, the Practical score data in Experiment 2 were highly negatively skewed 

(skew range: -2.13 - -3.14) and extremely highly leptokurtotic (kurtosis range: 4.53 - 13.75) due to a long 

tail of extremely low scores. An outlier analysis of participants with the most extremely low average 

Practical score (z ≤ -3.09) revealed that they had marginally statistically significantly higher than chance 

accuracy (M = 0.52, SD = 0.05), t(16) = 1.75, one tailed p = .050, d = 0.42, two tailed 95% CI [-.004, .044]. 

Given that these participants were possibly giving valid data, we decided to transform the raw Practical 

score values in each block using the exponential function with base 200, after the scores had first been 
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min-max scaled. The resulting transformed values were less negatively skewed (skew range: -0.32 - -0.90), 

and less leptokurtotic (kurtosis range: 0.19 – 1.97) than the original scores. The results of ANCOVA 

performed on the transformed data are reported in Table S2. 

Experiment 1 – Test Practical Score 

We also examined average Practical score across the two test blocks of Experiment 1 (i.e., test Practical 

score) to investigate whether the effect of training would transfer to a condition without feedback. An 

inspection of the distributions of test Practical score across the three treatment groups showed that it 

was highly negatively skewed (skew range: -3.08 - -1.86) and leptokurtic (kurtosis range: 3.19 – 13.78) due 

to a long tail of extremely low Practical scores. Participants with z ≤ -3.09 of final Practical score variable 

within each treatment group were examined to determine if they were noncompliant with the 

instructions and thus possible candidates for exclusion.  

The outlier analysis suggested that the extreme scorers (n = 15) had average accuracy scores in the final 

two blocks that were not statistically significantly above chance, (M = .48, SD = .08), t(14) = -1.07, one-

tailed p = .85, d = -0.28, two-tailed 95% CI [-.07, .02]. By contrast, non-extreme scorers (n = 595) were 

significantly above chance accuracy with a large effect size (M = 0.60, SD = 0.12), one-tailed t(594) = 20.20, 

p < .001, d = 0.83, two-tailed 95% CI [0.10, 0.13].  

Despite their low accuracy, extreme scorers had an extremely high average confidence (M = .97, SD = 0.04) 

compared non-extreme scorers (M = .71 SD = .11). Due a violation of the assumptions of normality and 

inequality of variances, and due to the small and unequally sized groups, a Mann-Whitney U test was 

conducted on the difference in confidence between these two groups. The test found that extreme 

scorers had a statistically significantly higher mean confidence compared to non-extreme scorers, W(608) 

= 166.00, p < .001, rrank-biserial = -.96, 95% CI [-0.32, -0.22]. Finally, being an extreme scorer did not appear 

to be systematically related to the training condition a participant was assigned to, as a χ2 test of 

independence was not statistically significant, χ2 (2, N = 610) = 2.77, p = .25, Cramer’s V = .07. Thus, there 

was some evidence to suggest that extreme scorers were not compliant with the task, as they had 

extremely high confidence, accuracy marginally above chance, and were not systematically related to the 

training condition. After removal of the extreme scorers, the skewness (skew range: -1.51 - -1.64) and 

leptokurtosis (kurtosis range: 2.07 – 3.29) of test Practical score were closer to normal ranges. 
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Experiment 2 – Test Practical Score 

Outliers on Practical score in the test block of Experiment 2 were also analyzed as above. Test Practical 

score in Experiment 2 was negatively skewed (skewness range: -2.88 - -2.31) with an extreme amount of 

leptokurtosis (kurtosis range: 6.86 – 10.14), largely owing to a long tail of low-scoring outliers. An outlier 

analysis of participants with test Practical score z ≤ -3.09 within a condition revealed that their accuracy 

was not statistically higher than chance (M = .50, SD = 0.09), t(10) = -0.18, one-tailed p = .57, d = -0.05, 

two-tailed 95% CI [-0.06, 0.05]. Non-extreme scorers had accuracy that was statistically significantly higher 

than chance (M = .59, SD = 0.12), t(859) = 21.62, one-tailed p < .001, d = .74, two-tailed 95% CI [.08, .10]. 

Despite their low accuracy, the extreme scorers had an extremely high confidence (M = .96, SD = .05) that 

was statistically significantly higher than non-extreme participants (M = .69, SD = 0.12), Mann-Whitney U 

= 212.50, p < .001, rrank-biserial = -.96, 95% CI [-0.35, -0.22]. Furthermore, being an extreme scorer was not 

systematically related to belonging to one of the training conditions, c2(2, N = 871) = 0.15, p = .93, 

Cramer’s V = 0.01. After removal of extreme scorers, test Practical score was less skewed (skew range: -

2.31- -1.64) and leptokurtotic (kurtosis range: 2.60 – 6.32). 
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Bayesian Analyses 

The following JASP settings for model specifications were used: the prior on coefficients was set for fixed 

and random terms with r scale fixed effects = 0.50, r scale random effects = 1.00, and r scale covariates = 

0.354. Numerical accuracy was set manually to 10,000 samples and nuisance was hidden in the model. 

The integration method was set to automatic. The number of posterior samples was set manually to 1000. 

The principle of marginality was enforced for fixed effects but not for random slopes. The model prior was 

set to uniform (equiprobable). The outputs of the JASP analyses for min-max scaled exponentially 

transformed Practical Score and Bias for Experiments 1 and 2 are presented in Tables S5-S8, below. 

Table SB16. Experiment 1 Bayesian ANOVA on Min-Max Scaled Exponentially Transformed Practical 
Score by Condition and Block 

Models P(M) P(M|data) BFM BF01 Error % 

Null model (incl. subject and random 
slopes) 

0.20 0.97 113.31 1.00  

Condition 0.20 0.03 0.14 28.38 0.84 

Block  0.20 5.635×10-5 2.254×10-4 17141.39 1.66 

Block + Condition 0.20 1.960×10-6 7.839×10-6 492883.79 1.19 

Block + Condition + Block  x  Condition 0.20 1.427×10-11 5.710×10-11 6.767×10+10 1.33 

Note.  All models include subject, and random slopes for all repeated measures factors. 
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Table SB17. Experiment 1 Bayesian ANOVA on Bias by Condition and Block 

Models P(M) P(M|data) BFM BF01 Error % 

Null model (incl. subject and random 
slopes) 

0.20 0.97 113.97 1.00  

Condition 0.20 0.03 0.14 28.52 1.32 

Block  0.20 2.759×10-5 1.104×10-4 35017.00 0.47 

Block + Condition 0.20 9.888×10-7 3.955×10-6 976987.91 2.62 

Block + Condition + Block  ×  Condition 0.20 1.505×10-10 6.022×10-10 6.417×10+9 1.17 

Note.  All models include subject, and random slopes for all repeated measures factors. 

 

Table SB18. Experiment 2 Bayesian ANOVA on Min-Max Scaled Exponentially Transformed Practical 
Score by Condition and Block 

Models P(M) P(M|data) BFM BF01 Error % 

Null model (incl. subject and random 
slopes) 

0.20 0.90 36.68 1.00  

Condition 0.20 0.08 0.35 11.20 0.51 

Block  0.20 0.02 0.07 55.08 0.91 

Block + Condition 0.20 0.00 0.01 621.38 0.82 

Block + Condition + Block  × 
Condition 

0.20 6.457×10-8 2.583×10-7 1.397×10+7 4.00 

Note.  All models include subject, and random slopes for all repeated measures factors. 
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Table SB19. Experiment 2 Bayesian ANOVA on Bias by Condition and Block 

Models P(M) P(M|data) BFM BF01 Error % 

Null model (incl. subject and random 
slopes) 

0.20 0.93 52.01 1.00  

Condition 0.20 0.07 0.31 13.06 0.53 

Block  0.20 2.848×10-4 0.00 3260.88 0.43 

Block + Condition 0.20 2.227×10-5 8.908×10-5 41696.43 2.67 

Block + Condition + Block  × 
 Condition 

0.20 3.007×10-10 1.203×10-9 3.088×10+9 0.94 

Note.  All models include subject, and random slopes for all repeated measures factors. 

 

Protocol for Experiment 1 

Protocol for Calibration Training Experiment 
 
[Participants first complete a series of target audience questions to determine if they qualify for the 

study] 

Are you - 
[Male / Female / Prefer not to say] 
 
What is your age? Please select the age-bracket that contains your current age. 
[0-17 / 18+] 
 
What citizenship(s) do you hold? 
[American / Canadian / European / Mexican / Other] 
 
What is your first language? 
[Cantonese / English / French / Mandarin / Spanish / Other] 
 
[Participants then fill out the informed consent form] 

 
[Participants are then given the following introductory instructions] 

 
Thank you for participating in this study!  
 
We care about the quality of our survey data and hope to receive the most accurate measures of your 
knowledge, so it is important to us that you thoughtfully provide your best answer to each question in the 
survey. 
 
Before beginning, please make sure to minimize any distractions so you can give the study your full 
attention. This study will take approximately 25 minutes to complete. 
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Do you commit to minimizing distractions and providing your thoughtful and honest answers to the 
questions in this survey? 
 

- I will minimize distractions and provide my best answers 
- I can't commit to 25 minutes of undistracted time 
- I can't promise either way 

 
[Page break] 
For this study, you will be answering questions that ask you to decide which of two cities has a higher 
population. 
  
You will also be asked to indicate how confident you are that each of your answers are correct on a scale 
from 50% to 100%.  
 
Please note that 50% would indicate a pure guess, and 100% would indicate absolute certainty.  
 
Questions will be grouped in "blocks" of 10, and there are 6 blocks in total. 
 
Afterward, we will ask you about your level of knowledge of each city, followed by some questions about 
your thinking style.  
 
Please answer to the best of your ability and provide honest indications of your confidence. 
 
Please do not look up the answers, e.g., on the internet. 
 

- I will not look up any of the answers 
- I might look up some of the answers 

 
[Outcome feedback condition instructions] 
After you answer each question, you will receive feedback on whether or not you were correct. 
  
Additionally, as noted on the previous screen, questions will be "blocked" into sets of 10. After each of the 
first four blocks, you will receive feedback on your overall accuracy rate for each completed block (namely, 
for each of the four sets of 10 questions). For example, at the end of Block 3, you will see something like 
this: 
  

Block 

number 
% 

Correct 

1 60 

2 70 

3 50 

 
In the final two blocks, you will receive no feedback at all. 
 
[Performance feedback condition instuctions] 
After you answer each question, you will receive feedback on whether or not you were correct. You will 
also receive a score based on your degree of correctness and confidence. You get the best possible score 
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when you are maximally confident and correct, and you get the worst possible score when you are 
maximally confident and incorrect. 
  
Additionally, as noted on the previous screen, questions will be "blocked" into sets of 10. After each of the 
first four blocks, you will receive feedback on your overall accuracy rate for each completed block (namely, 
for each of the four sets of 10 questions). Your total score for that block will be displayed next to your 
accuracy rate. You will also receive a "bias" score indicating whether you were generally over-confident, 
under-confident, or well-calibrated (namely, unbiased) for each completed block. For example, at the end 
of Block 3, you will see something like this: 
   

Block 

number 
% 

Correct 
Score 

(max 100) 
Bias 

Bias 

Interpretation 

1 60 20.55 0.3 over-confident 

2 70 25.65 -0.2 under-confident 

3 50 15.85 0.004 well-calibrated 

  
A positive bias score indicates over-confidence, namely, that your average confidence is more than your 
average accuracy in that block.  
 
A negative bias score indicates under-confidence, namely, that your average confidence is less than your 
average accuracy in that block.  
 
A bias of 0 indicates that you were perfectly well-calibrated, namely, that your average confidence is 
matched to your average accuracy in that block. For instance, if you were 70% confident on average and 
got 7 out of 10 problems correct, you would be perfectly calibrated.  
 
You should try to get your bias score as close to zero as possible on each block, as this will also increase 
your overall score for the block. If you were over-confident, you should generally reduce how confident 
you say you are in the next block. If you were under-confident, you should generally increase how 
confident you are in the next block.  
 
In the final two blocks, you will receive no feedback at all. 
 
[Stimuli for all conditions] 

 
[City A, Country A] had a larger population than [City B, Country B] in 2020. 
True / False 
 
How confident are you that your answer is correct? 
[50 – 100% slider] 
 
[Feedback for correct answer in Outcome Feedback condition trial] 
Correct!  
 
[Feedback for incorrect answer in Outcome Feedback condition trial] 
Incorrect!  
 
[Feedback for correct answer in Performance Feedback condition trial] 
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Correct!  You were [X]% confident. 
+ [X] points!  
 
[Feedback for incorrect answer in Performance Feedback condition trial] 
Incorrect! You were [X]% confident. 
- [X] points!  
 
[If participants are in the Outcome Feedback or Performance Feedback conditions, after each block of 10 
questions, participants are presented with a summary of their performance (as depicted in the instructions 
above). If they are in the control condition, they are simply informed that they have completed a block] 
 
[After completing 4 blocks, participants complete the Sports Participation Question, which serves as an 

attention-check item]: 

 
Sports Activities You Engage in Regularly 
 
Most modern theories of decision making recognize the fact that decisions do not take place in a vacuum. 
Individual preferences and knowledge, along with situational variables can greatly impact the decision 
process. In order to facilitate our research on decision making we are interested in knowing certain factors 
about you, the decision maker. Specifically, we are interested in whether you actually take the time to 
read the directions; if not, then some of our manipulations that rely on changes in the instructions will be 
ineffective. So, in order to demonstrate that you have read the instructions, please ignore the sports items 
below. Instead, simply click on the red button to proceed to the next screen. Thank you very much.  
 
Which of these activities do you engage in regularly? (click on all that apply) 
 

� skiing  � Football 

� soccer  � Swimming 

� snowboarding  � Tennis 

� running  � Basketball 

� hockey  � Cycling 

 
 
[After completing 4 training blocks, if participants are in the Outcome Feedback or Performance Feedback 
conditions, participants will receive the following message] 
 
In this part of the study, you will once again be answering questions about city populations and providing 
confidence ratings, but there will no longer be any feedback. 
 
[Participants will then complete two more blocks without any feedback] 
 
[Following the main judgement task, participants will indicate their recognition of and familiarity with 

each of the (60+) cities they were presented with. They will receive the following instructions] 

 
Thank you for your answers!  
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For this part of the study, you will be asked to indicate your level of knowledge about particular cities prior 
to this study.  
 
Please answer as honestly as possible. 
 
[The recognition question is like the below]  

Please indicate your level of knowledge about the city of [City A, Country A]. 
 
[ I have never heard of it prior to this study / I have only heard the name before / I know a little about the 
city / I am moderately knowledgeable about the city / I am very knowledgeable about the city ] 
 
[Next, participants complete the Actively Open Minded Thinking questions, in random order] 

 
Please respond to the following questions by using the following 5-point scale:  

-2 = Strongly disagree 

-1 = Slightly disagree 

  0 = Agree/Disagree about equally 

  1 = Slightly agree 

  2 = Strongly agree 

 
1. Allowing oneself to be convinced by an opposing argument is a sign of good character.  
 
2. People should take into consideration evidence that goes against their beliefs.  
 
3. People should revise their beliefs in response to new information or evidence.  
 
4. Changing your mind is a sign of weakness.  
 
5. Intuition is the best guide in making decisions.  
 
6. It is important to persevere in your beliefs even when evidence is brought to bear against them.  
 
7. One should disregard evidence that conflicts with one’s established beliefs.  
 
8. People should search actively for reasons why their beliefs might be wrong.  
 
[Next, participants complete the following demographics questions] 

Are you –  
- Male 
- Female  
- Prefer not to say 

What is the highest level of education that you have completed? 
- High School (or equivalent) 
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- Trade School (non-military)  
- University - Some undergraduate 
- University – Undergraduate  
- University - Graduate (Masters)  
- University – PhD  

 
How old are you (in years)? 
[0 – 100 slider response] 
 
Please take a moment to share any feedback you may have about this survey.  Remember - your responses 
will remain anonymous. 
[text response] 
 
[Finally, participants are debriefed] 
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Protocol for Experiment 2 

[Participants first complete a series of target audience questions to determine if they qualify for the 

study] 

Are you - 
[Male / Female / Prefer not to say] 
 
What is your age? Please select the age-bracket that contains your current age. 
[0-17 / 18+] 
 
What citizenship(s) do you hold? 
[American / Canadian / European / Mexican / Other] 
 
What is your first language? 
[Cantonese / English / French / Mandarin / Spanish / Other] 
 
[Participants then fill out the informed consent form] 

 
[Participants are then given the following introductory instructions] 

 
Thank you for participating in this study!  
 
We care about the quality of our survey data and hope to receive the most accurate measures of your 
knowledge, so it is important to us that you thoughtfully provide your best answer to each question in the 
survey. 
 
Before beginning, please make sure to minimize any distractions so you can give the study your full 
attention. This study will take approximately 25 minutes to complete. 
 
Do you commit to minimizing distractions and providing your thoughtful and honest answers to the 
questions in this survey? 
 

- I will minimize distractions and provide my best answers 
- I can't commit to 25 minutes of undistracted time 
- I can't promise either way 

 
[Page break] 
For this study, you will be answering questions that ask you to decide which of two cities has a higher 
population. 
  
You will also be asked to indicate how confident you are that each of your answers are correct on a scale 
from 50% to 100%.  
 
Please note that 50% would indicate a pure guess, and 100% would indicate absolute certainty.  
 
Questions will be grouped in "blocks" of 20, and there are 5 blocks in total. 
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Afterward, we will ask you some questions about your thinking style.  
 
Please answer to the best of your ability and provide honest indications of your confidence. 
 
Please do not look up the answers, e.g., on the internet. 
 

- I will not look up any of the answers 
- I might look up some of the answers 

 
[Outcome feedback condition instructions] 
After you answer each question, you will receive feedback on whether or not you were correct. 
  
Additionally, as noted on the previous screen, questions will be "blocked" into sets of 20. After each of the 
first four blocks, you will receive feedback on your overall accuracy rate for each completed block (namely, 
for each of the four sets of 20 questions). For example, at the end of Block 3, you will see something like 
this: 
  

Block 

number 
% 

Correct 

1 60 

2 70 

3 50 

 
In the final block, you will receive no feedback at all. 
 
[Performance feedback condition instuctions] 
After you answer each question, you will receive feedback on whether or not you were correct. You will 
also receive a score based on your degree of correctness and confidence. You get the best possible score 
when you are maximally confident and correct, and you get the worst possible score when you are 
maximally confident and incorrect. 
  
Additionally, as noted on the previous screen, questions will be "blocked" into sets of 20. After each of the 
first four blocks, you will receive feedback on your overall accuracy rate for each completed block (namely, 
for each of the four sets of 20 questions). Your total score for that block will be displayed next to your 
accuracy rate. You will also receive a "bias" score indicating whether you were generally over-confident, 
under-confident, or well-calibrated (namely, unbiased) for each completed block. For example, at the end 
of Block 3, you will see something like this: 
   

Block 

number 
% 

Correct 
Score 

(max 100) 
Bias 

Bias 

Interpretation 

1 60 20.55 0.3 over-confident 

2 70 25.65 -0.2 under-confident 

3 50 15.85 0.004 well-calibrated 

  
A positive bias score indicates over-confidence, namely, that your average confidence is more than your 
average accuracy in that block.  
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A negative bias score indicates under-confidence, namely, that your average confidence is less than your 
average accuracy in that block.  
 
A bias of 0 indicates that you were perfectly well-calibrated, namely, that your average confidence is 
matched to your average accuracy in that block. For instance, if you were 70% confident on average and 
got 14 out of 20 problems correct, you would be perfectly calibrated.  
 
You should try to get your bias score as close to zero as possible on each block, as this will also increase 
your overall score for the block. If you were over-confident, you should generally reduce how confident 
you say you are in the next block. If you were under-confident, you should generally increase how 
confident you are in the next block.  
 
In the final two blocks, you will receive no feedback at all. 
 
[Prior to completing the training blocks, participants complete the Sports Participation Question, which 

serves as an attention-check item]: 

 
Sports Activities You Engage in Regularly 
 
Most modern theories of decision making recognize the fact that decisions do not take place in a vacuum. 
Individual preferences and knowledge, along with situational variables can greatly impact the decision 
process. In order to facilitate our research on decision making we are interested in knowing certain factors 
about you, the decision maker. Specifically, we are interested in whether you actually take the time to 
read the directions; if not, then some of our manipulations that rely on changes in the instructions will be 
ineffective. So, in order to demonstrate that you have read the instructions, please ignore the sports items 
below. Instead, simply click on the red button to proceed to the next screen. Thank you very much.  
 
Which of these activities do you engage in regularly? (click on all that apply) 
 

� skiing  � Football 

� soccer  � Swimming 

� snowboarding  � Tennis 

� running  � Basketball 

� hockey  � Cycling 

 
 
[Stimuli for all conditions] 

 
[City A, Country A] had a larger population than [City B, Country B] in 2020. 
True / False 
 
How confident are you that your answer is correct? 
[50 – 100% slider] 
 
[Feedback for correct answer in Outcome Feedback condition trial] 
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Correct!  
 
[Feedback for incorrect answer in Outcome Feedback condition trial] 
Incorrect!  
 
[Feedback for correct answer in Performance Feedback condition trial] 
Correct!  You were [X]% confident. 
+ [X] points!  
 
[Feedback for incorrect answer in Performance Feedback condition trial] 
Incorrect! You were [X]% confident. 
- [X] points!  
 
[If participants are in the Outcome Feedback or Performance Feedback conditions, after each block of 20 
questions, participants are presented with a summary of their performance (as depicted in the instructions 
above). If they are in the control condition, they are simply informed that they have completed a block] 
 
[After completing 4 training blocks, if participants are in the Outcome Feedback or Performance Feedback 
conditions, participants will receive the following message] 
 
In this part of the study, you will once again be answering questions about city populations and providing 
confidence ratings, but there will no longer be any feedback. 
 
[Participants will then complete one more block without any feedback] 
 
[Next, participants answer a question regarding their engagement in the study] 

 
Did you find the task engaging enough so that you were able to pay attention for the entire time?  
(You will not be penalized based on your answer). 

- Yes 
- No 

 
[Next, participants complete the Actively Open Minded Thinking questions, in random order] 

 
Please respond to the following questions by using the following 5-point scale:  

-2 = Strongly disagree 

-1 = Slightly disagree 
  0 = Agree/Disagree about equally 
  1 = Slightly agree 
  2 = Strongly agree 
 
1. Allowing oneself to be convinced by an opposing argument is a sign of good character.  
 
2. People should take into consideration evidence that goes against their beliefs.  
 
3. People should revise their beliefs in response to new information or evidence.  
 
4. Changing your mind is a sign of weakness.  
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5. Intuition is the best guide in making decisions.  
 
6. It is important to persevere in your beliefs even when evidence is brought to bear against them.  
 
7. One should disregard evidence that conflicts with one’s established beliefs.  
 
8. People should search actively for reasons why their beliefs might be wrong.  
 
[Next, participants complete the following demographics questions] 

Are you –  
- Male 
- Female  
- Prefer not to say 

What is the highest level of education that you have completed? 
- High School (or equivalent) 
- Trade School (non-military)  
- University - Some undergraduate 
- University – Undergraduate  
- University - Graduate (Masters)  
- University – PhD  

 
How old are you (in years)? 
[0 – 100 slider response] 
 
Please take a moment to share any feedback you may have about this survey.  Remember - your responses 
will remain anonymous. 
[text response] 
 
[Finally, participants are debriefed] 
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Table SB20. Names of Cities and Countries Used in Experiments 1 and 2 

Rank City Country 
Population 
(thousands) 

1 Tokyo Japan 37 393 
2 Delhi India 30 291 
3 Shanghai China 27 058 
4 São Paulo Brazil 22 043 
5 Mexico City Mexico 21 782 
6 Dhaka Bangladesh 21 006 
7 Cairo Egypt 20 901 
8 Beijing China 20 463 
9 Mumbai India 20 411 
10 Osaka Japan 19 165 
11 New York-Newark United States of America 18 804 
12 Karachi Pakistan 16 094 
13 Chongqing China 15 872 
14 Istanbul Turkey 15 190 
15 Buenos Aires Argentina 15 154 
16 Kolkata India 14 850 
17 Lagos Nigeria 14 368 
18 Kinshasa Democratic Republic of the Congo 14 342 
19 Manila Philippines 13 923 
20 Tianjin China 13 589 
21 Rio de Janeiro Brazil 13 458 
22 Guangzhou, Guangdong China 13 302 
23 Lahore Pakistan 12 642 
24 Moscow Russian Federation 12 538 
25 Los Angeles-Long Beach-Santa Ana United States of America 12 447 
26 Shenzhen China 12 357 
27 Bangalore India 12 327 
28 Paris France 11 017 
29 Bogotá Colombia 10 978 
30 Chennai India 10 971 
31 Jakarta Indonesia 10 770 
32 Lima Peru 10 719 
33 Bangkok Thailand 10 539 
34 Hyderabad India 10 004 
35 Seoul Republic of Korea 9 963 
36 Nagoya Japan 9 552 
37 London United Kingdom 9 304 
38 Chengdu China 9 136 
39 Tehran Iran (Islamic Republic of) 9 135 
40 Chicago United States of America 8 865 
41 Nanjing, Jiangsu China 8 847 
42 Ho Chi Minh City Viet Nam 8 602 
43 Wuhan China 8 365 
44 Luanda Angola 8 330 
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45 Ahmadabad India 8 059 
46 Xi'an, Shaanxi China 8 001 
47 Kuala Lumpur Malaysia 7 997 
48 Hangzhou China 7 642 
49 Hong Kong China, Hong Kong SAR 7 548 
50 Dongguan China 7 408 
51 Foshan China 7 327 
52 Riyadh Saudi Arabia 7 231 
53 Shenyang China 7 220 
54 Surat India 7 185 
55 Baghdad Iraq 7 144 
56 Suzhou, Jiangsu China 7 070 
57 Santiago Chile 6 767 
58 Dar es Salaam United Republic of Tanzania 6 702 
59 Pune India 6 629 
60 Madrid Spain 6 618 
61 Haerbin China 6 387 
62 Houston United States of America 6 371 
63 Dallas-Fort Worth United States of America 6 301 
64 Toronto Canada 6 197 
65 Miami United States of America 6 122 
66 Belo Horizonte Brazil 6 084 
67 Singapore Singapore 5 935 
68 Khartoum Sudan 5 829 
69 Atlanta United States of America 5 803 
70 Johannesburg South Africa 5 783 
71 Philadelphia United States of America 5 717 
72 Qingdao China 5 620 
73 Dalian China 5 618 
74 Barcelona Spain 5 586 
75 Kitakyushu-Fukuoka M.M.A. Japan 5 529 
76 Saint Petersburg Russian Federation 5 468 
77 Ji'nan, Shandong China 5 360 
78 Yangon Myanmar 5 332 
79 Zhengzhou China 5 323 
80 Washington, D.C. United States of America 5 322 
81 Alexandria Egypt 5 281 
82 Abidjan Côte d'Ivoire 5 203 
83 Guadalajara Mexico 5 179 
84 Ankara Turkey 5 118 
85 Chittagong Bangladesh 5 020 
86 Melbourne Australia 4 968 
87 Sydney Australia 4 926 
88 Monterrey Mexico 4 874 
89 Addis Ababa Ethiopia 4 794 
90 Nairobi Kenya 4 735 
91 Hà Noi Viet Nam 4 678 
92 Brasília Brazil 4 646 
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93 Cape Town South Africa 4 618 
94 Jiddah Saudi Arabia 4 610 
95 Changsha China 4 578 
96 Phoenix-Mesa United States of America 4 511 
97 Kunming China 4 443 
98 Changchun China 4 426 
99 Xinbei Taiwan 4 398 
100 Ürümqi China 4 369 
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