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Abstract 

Research suggests that threat may disrupt complex decision-making. Nevertheless, findings 

are mixed, likely due to indirect, incidental experimental manipulations of threat, an 

overreliance on summative performance measures, and underexplored motivational 

influences. This thesis confronts these methodological and conceptual gaps. For my first 

empirical chapter, I developed and validated a virtual world to manipulate threat during a 

complex decision-making task. In this paradigm, threat was directly linked to decision-

making (and not merely a distraction from the decision-making task). Participants 

performed worse under threat, taking longer to improve from baseline and scoring lower 

through the final trials. Moreover, computational modelling revealed that participants in the 

threat condition were more responsive to short-term rewards and less likely to perseverate 

on a given choice. In my next empirical chapter, we used an adapted probabilistic reversal 

learning task to examine decision-making under two specific forms of uncertainty: volatility 

and stochastic variability. Threat led to higher learning rates and inverse temperature 

estimates, indicating increased responsiveness to feedback and a greater tendency to 

exploit current beliefs. These two sets of studies suggest that contrary to the notion of 

threat rigidity, being under threat increases reward responsivity in ways that affect 

performance differently as a function of context. The final empirical chapter investigates the 

effect of evaluative threat on motivational factors relevant to complex decision-making. 

Specifically, I examined the effects of real-world military training on the motivation to 

engage with complexity. Results suggest that the evaluative nature of training might 

interfere with one’s willingness to deal with complexity. However, formative training can 

mitigate this risk, which may promote motivation to engage with uncertainty. Altogether, 

these findings help explain current contradictions in the literature. They furthermore offer a 

foundation for future work supporting individuals who must make difficult decisions within 

hazardous environments. 
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Chapter One: Introduction 

Introduction 

In everyday life, we often make decisions under uncertainty. This uncertainty may emerge 

from something as simple as unfamiliarity with the context (Fantino & Stolarz-Fantino, 

2005) or perhaps previously good choices might on occasion lead to bad outcomes (Levy & 

Schiller, 2021; Simoens et al., 2024). These factors all set the stage for complex decision-

making (Funke, 2012): decisions made based on uncertain information. 

To deal with uncertainty optimally, an individual must make their best guess by sampling 

information from the environment (Globig et al., 2021), learning from experience, and 

making choices based on probabilistic inferences (Gonzalez, 2022; Rakow & Newell, 2010). 

Real-world accounts from first responders and military personnel suggest that complex 

decision-making is especially challenging in dangerous environments (Harris et al., 2017; 

Lieberman et al., 2005; McCall & Laycock, 2024). Particularly when self-preservation is at 

stake under threat and the potential for absolute loss can outweigh the significance of 

incremental gains (Fanselow, 2018).  

In a recent project, our lab used phenomenological interviews to probe subjective reports 

from individuals who have been asked to make real-time choices in dangerous and 

unpredictable environments (McCall & Laycock, 2024). These reports describe how threat 

presents in many forms. In addition to threat posed by environmental dangers, threat can be 

evaluative, such as loss of reputation. The process of dealing with threat in these reports is 

marked by uncertainty. This uncertainty was defined as an inability to assign certainty to an 

outcome, as decision-makers seek to reach workable solutions to dynamic and ill-defined 

problems (Dörner & Funke, 2017), with potentially life-threatening consequences of action. 

Interestingly, threat was not seen by these individuals solely as a distraction to be ignored, 

but as integral to the decision-making process.  

Early work into how threat affects cognitive performance began after World War II, sparked 

by reports that skilled peacetime pilots frequently made critical mental errors and crashed 

during combat operations (Arnsten, 2009; Broadbent, 1971). While the ethical and practical 

challenges of manipulating threat experimentally have made progress difficult in this area, 

evidence suggests that threat impacts brain neurochemistry and function (Arnsten, 2009; 

Ben-Zur & Zeidner, 2009), and has been shown to influence attention (Azriel & Bar-Haim, 

2020), memory (Vytal et al., 2012), learning (Fanselow, 2018; Starcke & Brand, 2012), and 

behaviour (Simonovic et al., 2018) in ways that are likely to disrupt complex decision-

making.  

Nevertheless, questions remain regarding the nature of complex decision-making under 

threat. This chapter will first give a brief overview of complex decision-making. I will then 
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discuss factors that underlie complex decision-making performance, reviewing an array of 

psychological mechanisms and individual motivational differences. Next, I will discuss threat 

and how it has been studied in laboratory and naturalistic settings. Finally, I will review 

existing research specifically on the effects of threat on complex decision-making.   

Studying complex decision-making 

Operationalising complex decision-making for the purposes of research is a considerable 

challenge. At a basic level, complex decision-making is decision-making under uncertainty. 

One does not have a complete set of information and, as a consequence, cannot ascribe 

certainty to any given outcome (Soltani & Izquierdo, 2019). This point contrasts with a 

classical view of decision-making, which can be thought of as trying to finish a Jigsaw 

puzzle. As each piece has a place, the job is to match the right pieces with the appropriate 

space, making best use of the completed example on the box cover as a concrete 

illustration of ground truth.  

Complex decision-making, on the other hand, involves uncertain but (often) probabilistic 

outcomes. When psychologists use the word uncertainty, an example of coin flips and 

known probabilities often follows. However, with complexity (Rickles et al., 2007), this is not 

the case. Probabilities are not necessarily reliable and are built up over time by sampling 

options. Critically, this is distinct from classic decision-making, which may involve a great 

deal of information, but all the information is available, and outcomes are absolute. With 

complexity, the likelihood of outcomes may change over time and across contexts, such 

that optimal performance requires an individual to endure problems, not simply make a 

selection with the highest utility (as this is unknown) and stick with it. Here, metaphorically, 

the aim is still to complete the jigsaw, but without the privilege of the box to guide 

inference. Indeed, even if the box were available as a template, it would be of limited use, 

given the issue of degeneracy, a term used to describe many to one (or one to many) 

associations (Edelman & Gally, 2001). In other words, choices made in complex 

environments can lead individuals down differing paths to the same (or different) 

destinations.   

A variety of research on complex decision-making examines real-world decisions. Using the 

naturalistic decision-making approach (NDM), researchers interview individuals about high 

stakes decisions made under uncertainty, discussing past or hypothetical decision-making 

experiences (Gore et al., 2015; Klein, 2008; Lipshitz et al., 2001). This approach, therefore, 

examines complexity as it is described by individuals with previous experience, e.g., fire 

service commanders (Klein, 2008; Klein et al., 2010). While the approach provides rich, 

detailed accounts of real-world decision-making (Schmitt & Klein, 1999), it is built upon the 

premise that decision-making policies that have once been successful will continue to be. 
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This assumption may downplay the dynamic effects of complexity and context (Fantino & 

Stolarz-Fantino, 2005) on performance.  

For example, an experienced firefighter may have plenty of experience dealing with a fire in 

an apartment block. It's feasible that these experiences can help shape, to some degree, a 

broad response to the situation. That is, some factors will help optimise choices when 

dealing with fires in an apartment that are independent of context, e.g., dealing with 

multiple flights of stairs with heavy equipment. Yet, much of the cognitive workload in any 

complex situation may be event-specific; just because a fire damaged floor held your team’s 

weight (with equipment) last time does not mean it will this time. 

Moreover, interviewees can only tell us about cognitive process of which they are 

consciously aware and which they remember (Eccles & and Arsal, 2017; Miller, 1981), and 

some reports may just be too sensitive to disclose (e.g., professional incompetence), and 

cannot be verified independently in an economical, practical, or ethical way (Brener et al., 

2003). So, while the NDM approach provides insights into the experience of real-world 

decision-makers and highlights the critical role of memory and attention in negotiating 

complex tasks (discussed later), the dependence on retrospective self-report limits our 

conclusions about the dynamic cognitive processes that emerge in the moment (Keren et al., 

2013).  

An alternative approach to overcome the challenges of retrospective research methods is to 

synthetically create the environmental context under investigation (Sergiou et al., 2024). 

Laboratory based paradigms attempt to address this challenge by creating tasks that 

capture the core aspects of uncertainty that make a task complex (Dörner & Funke, 2017; 

Greiff et al., 2013). For example, "the fungus eater" (Toda, 1962) was an interactive task that 

utilised the computer technology of the day to simulate task complexity. The fungus eater 

project was swiftly abandoned due to challenges (in part) posed by the scalability of these 

early technologies to approach what may be considered complex in the real world (Brehmer, 

1992).  

However, by the 1970s, “microworlds” (Turkle, 1984) were increasingly employed to 

investigate complex decision-making performance. In these paradigms, participants are 

asked to solve problems presented via a computerised display, which involves using 

multiple streams of information to reach a desired state/outcome over a prolonged period 

(Brehmer, 2005). The use of microworlds was made in response to a need to develop 

research methods that broadened the computational demand placed on participants and 

better reflected real-world complexity, yet maintained a degree of experimental rigour 

(Omodei & Wearing, 1995).  

These elaborate computer-simulated microworlds have taken many forms over the years, 

employing a range of cover stories (i.e., narratives to frame that task in real-world terms). 
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For example, in the “MORO” world (Dörner et al., 1986), participants are asked to control a 

range of variables over time to enhance the living circumstances of a small fictitious tribe. 

Alternatively, in the “Fire chief” microworld (Omodei & Wearing, 1995), participants play the 

role of a local fire chief, responsible for allocating resources (e.g., workforce, water, and 

methods of fire prevention) to control the spread of a forest fire efficiently. This is achieved 

by making choices over time to moderate the outcome of several externally controlled 

factors (e.g., wind direction and speed). Although microworlds vary greatly in terms of the 

cover story and the number/type of variables linked to producing a successful outcome, the 

central aim is generally always to use a simulated digital environment to observe the 

process of decision-making over time, under uncertain experimental constraints.  

The central aims of microworlds are also shared with more conventional multi-armed bandit 

tasks (Schulz et al., 2020). Multi-armed bandit tasks restrict the degrees of freedom 

presented to participants experimentally and focus on targeting quantifiable behavioural 

processes. These behavioural tasks may be viewed as less computationally demanding in 

terms of scope, yet critically, they may still be considered complex because of the uncertain 

outcomes of multiple options. For example, participants may be asked to choose a card 

from one of four decks. Each deck will be associated with an unknown payout representing 

various levels of uncertainty, or frequency/scale of costs and rewards. This procedure will 

be repeated over many iterations. Observing the decisions individuals make on such 

paradigms can reveal a great deal with regard to the processes individuals employ when 

making decisions over time (Steingroever, Wetzels, Horstmann, et al., 2013).  

Perhaps the best known and influential multi-armed bandit paradigm is the Iowa Gambling 

Task (IGT; Bechara et al., 1994). The IGT was developed to assess decision-making deficits 

associated with ventromedial prefrontal damage. However, the IGT has increasingly been 

used in non-clinical populations (Bull et al., 2015) to operationalise complex decision-

making (Buelow & Suhr, 2009). This trend has in part been driven by observations that 

performance on the IGT varies greatly among populations with no diagnosed deficit in 

decision-making ability (Steingroever, Wetzels, Horstmann, et al., 2013). Thus, researchers 

can use the IGT to identify individual differences and elucidate possible underlying 

mechanisms responsible for sub-optimal performance on the IGT related to, for example, 

self-reported decision-making style (Franken & Muris, 2005), personality characteristics 

(Buelow & Cayton, 2020), tolerance for uncertainty (Kornilov et al., 2015). 

The reward structure of the IGT, although not random, is initially unknown to participants. 

Over the course of trials (generally one hundred), participants are asked to select cards from 

an array of four options (Decks: A, B, C, and D). Each selection results in wins and losses of 

facsimile dollars. Participants are asked to keep making selections with the aim of selecting 

from advantageous decks that result in a net positive reward. No indication is given as to 

how long the participants must carry on making selections (e.g., over an infinite horizon). 
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Decks A and B are disadvantageous. Selecting from these decks may initially appear optimal 

yet result in a net loss over time. Conversely, decks C and D are advantageous. Choosing 

from these decks results in a net positive reward over time. Thus, optimal performance 

requires an individual to track the long-term reward of selections.  

Performance on the IGT has traditionally been measured by calculating the sum of 

advantageous choices after subtracting disadvantageous ones (Bechara et al., 1994). The 

process of learning can also be observed by analysing performance across blocks, generally 

bins of twenty trials (Bull et al., 2015; Kornilov et al., 2015). One issue with these traditional 

metrics is that they are a coarse measure of performance (Ligneul, 2019). That is, although 

informative, such methods may not fully capture the degree to which individuals differ in 

decision-making strategy (Sullivan-Toole et al., 2022). Given the nature of complexity (i.e., 

the inability to ascribe certainty to an outcome), optimum behaviours may, in the short 

term, result in suboptimal outcomes (performance degeneracy). Complex decision-making 

is probabilistic, and thus, measures of optimal performance should reflect the fact that 

decision-making is a process evolving over time and in response to feedback from the 

environment. To judge the quality of decisions, we must look beyond simple measures of 

outcome.  

To address this issue of performance degeneracy, researchers have shifted the focus from 

the outcome of a decision to the underlying processes. As previously discussed, alternative 

metrics can be calculated from data gathered from multi-arm bandit tasks that may offer a 

greater understanding of how participants negotiate complex tasks (Fellows & Farah, 2005). 

For example, alternative measures can reveal the balance between exploring a problem 

space by individuals in a quest for more information and exploiting an already held body of 

knowledge (Sayfulina et al., 2020). Here, measures of choice perseveration, such as run 

length, e.g., consecutive deck selections (Zeif & Yechiam, 2020), deck switching, e.g., 

frequency of switching as calculated by the standard deviation of selections (Mussey et al., 

2015), and decision time, e.g., average time invested in each trial (Oberdörfer et al., 2021), 

have proven useful. 

Along similar lines, a range of computational models are increasingly being used in the 

analysis of multi-armed bandit data (Steingroever, Wetzels, & Wagenmakers, 2013). These 

methods allow for comparisons between groups (Moreno-Padilla et al., 2022) on a range of 

parameters that reflect learning and decision-making mechanisms such as reward 

sensitivity, loss aversion, and learning rate (Ligneul, 2019; Mkrtchian et al., 2021). 

Cognitive mechanisms underlying complex decision-making 

Fundamentally, the act of decision-making is the process of an agent (human or otherwise) 

selecting options among possible alternatives (Gilhooly, 1988). Yet the way decision-making 

is conceptualised can have a profound influence on one's approaches to research and the 
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theories that consequently are developed (Lerner et al., 2015). The early decision-making 

literature assumed that human agents engage in the process of decision-making rationally 

(Geng et al., 2022). This rational model of decision-making works from the premise that an 

individual is driven to maximise outcome satisfaction and, critically, has all the required 

resources (e.g., information and computational capacity) to do so. 

However, this is very rarely the case outside of the research laboratory. An alternative 

conceptualisation of real-world decision-making is to think of rationality as “bounded” by 

conditional factors (i.e., computational capacity or environmental constraints) that can vary 

and are often outside of a decision-maker's influence (Simon, 1955). In response, 

individuals may be driven not to maximise reward as a rational model assumes but rather to 

"satisfice", a term used to describe any option that meets some appropriate "just good 

enough" threshold (Tyszka et al., 1989).  

Attention and Memory 

Here, attention likely plays an important role in complex decision-making by allocating 

limited cognitive resources to make sense of uncertainty in information-rich environments.  

Indeed, attention predicts choice preference and, not surprisingly, unattended stimuli have 

little influence on decision-making tasks (Leong et al., 2017). It is also clear that higher-

order operations such as complex decision-making rely on the interaction between 

attention and working memory (Oberauer, 2019). Working memory is itself a limited 

resource associated with holding small amounts of information in the service of higher 

order operations (Baddeley, 2007). Its role in complex decision-making is evidenced by a 

positive relationship between working memory capacity and a tendency towards selecting 

advantageous decisions in the IGT (Bagneux et al., 2013). Together, attention and working 

memory likely support complex decision-making performance by both performing 

informational triage and also enduringly updating estimations of what information is goal-

relevant and what is not (Rolls, 2007).  

Longer term memory is also important for complex decision-making. At a basic level, 

episodic and semantic memory are critical to the ability to imagine the future (Gilbert & 

Wilson, 2007). As such, they are likely to facilitate the ability to engage in prospective 

cognition about the potential outcomes of complex decisions (Pezzulo & Rigoli, 2011). Real-

world analyses of decision-making support this notion. A common theme in naturalistic 

decision-making research is the Recognition-Primed Decision Model (Klein, 2008). The 

model was not built on a robust body of empirical evidence from lab-based experiments but 

rather from the accounts of lived experience, initially that of fire service commanders' 

responses to hypothetical scenarios (Klein et al., 2010). The argument here is that 

knowledgeable decision-makers look to their previous experiences to extract policies that 

have been successful. Further, the model highlights that individuals will adopt the first 
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feasible option that meets the practical requirements to achieve success in any given 

situation rather than investing effort in attaining an optimal outcome, i.e., maximising 

(Shortland et al., 2020). This model describes how individuals use “patterns” to negotiate 

uncertainty. The functional term “patterns” refers to markers of the most predictive cues and 

meaningful inferences extracted from previous exposure. The patterns allow individuals to 

negotiate novel situations by providing a verified scaffold upon which to base future action. 

Over time, individuals accrue an array of typical courses of action for any given situation 

that can be brought to bear over the course of an unfolding event. In this sense, learning 

over time is central to complex decision-making.  

Learning  

Learning has also been a key theme within laboratory-based research on complex decision-

making. Here, the idea is that complex decision-making performance is at least partly a 

function of reinforcement learning (Levy & Schiller, 2023; Sutton & Barto, 2018). An 

individual learns to optimise utility by actively sampling information from the environment 

and interrogating it closely, making choices that are sensitive to both immediate feedback 

(reward signal) and projected long term choice satisfaction (expected utility). 

Early research using the IGT focused on the possibility of implicit learning in complex tasks. 

The Somatic Marker Hypothesis (SmH; Damasio, 1994; Damasio et al., 1996) suggested that 

in uncertain or ambiguous situations, choices are influenced by physiological markers, or 

"somatic states", that provide a representation of prospective value. These states emerge 

from associations made during experience. The SmH's fundamental assertion is that the 

influence of these physiological markers on decision-making comes before conscious 

awareness of any choice preference. Support for the SmH primarily came following a series 

of studies using the IGT that appeared to demonstrate that participants experienced 

increased arousal (Bechara et al., 1994) following a disadvantageous card selection, 

critically, before they had become consciously aware that they were selecting from a "bad" 

deck. However, Maia and McClelland (2004) challenged this assumption by demonstrating 

that individuals have far more explicit knowledge than proposed by Bechara et al., (1994). 

The debate is yet to be settled, with further investigation into the data collected by Maia and 

McClelland (2004) doing little to address the central issues of disagreement (Chiu et al., 

2022). However, the robust effects of the early work supporting SmH have seldom been 

replicated (Fernie & Tunney, 2013; Steingroever, Wetzels, Horstmann, et al., 2013).  

Reinforcement learning 

Regardless of the role of somatic markers, reinforcement learning remains a key theme in 

research on complex decision-making. Several features of reinforcement learning are 

important here. Optimal complex decision-making relies on an optimal balance between 

exploration and exploitation. Inherent in decisions made under uncertainty is a dilemma: do 
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you stick with (exploit) a selection that has offered previous reward, or seek to explore other 

options in search of better outcomes? No doubt at some point we have all been familiar with 

this trade-off (e.g., dating, employment, or food choice). To negotiate this challenge and 

boost long-term reward, an individual must collect information from the environment, 

risking the possibility of losing out in the short term (Schulz & Gershman, 2019). 

Understanding how individuals act in the early exploration phases of the decision-making 

process when individuals have no (or limited) information on which to base choices may be 

particularly important to understanding downstream performance on complex tasks 

(Mehlhorn et al., 2015; Sayfulina et al., 2020). 

Exploration and exploitation  

Learning and adapting behaviour as a function of experience is at the core of the 

exploration exploitation trade-off (Cohen et al., 2007). The use of multi-armed bandit 

tasks, computational modelling and non-invasive imaging methods have been employed to 

study this trade-off more closely and identify underlying neural mechanisms. Results here 

demonstrate that brain regions of interest considered fundamental to value-based decision-

making, like the ventromedial prefrontal cortex (Schneider & Koenigs, 2017) are also 

employed at key stages during trade-off (Daw et al., 2006). Further, the use of 

computational methods has given researchers the ability to model the exploration and 

exploitation trade-off algorithmically and predict behaviour on ill-defined tasks (Schulz & 

Gershman, 2019). As such, the exploration exploitation trade-off is found to be integral to 

complex decision-making. This can be shown in work identifying the importance of 

sequential choice exploration on performance (Ligneul, 2019), as well as research that 

demonstrated that expert decision makers actively engage in the trade-off (Laureiro‐

Martínez et al., 2015). 

Context dependent learning  

The role of context in complex decision-making is also highlighted by the importance of 

context dependent learning. One aspect of complex decision-making performance is the 

ability of an individual to learn from environmental cues and adapt choice behaviour as a 

function of feedback. Tracking regularities in a complex environment may be very difficult, 

given that any associations made are likely to be transient, varying as a function of shifts in 

task and context (Gonzalez, 2022). Learning across contexts requires an individual to 

recognise failure successfully and then adapt behaviour to minimise future error. First, an 

agent must identify contextual change. To do so, an individual must identify subtle 

variations in environmental cues. An influential body of research has looked to view this 

decision-making process through the lens of experience. Here, the term “decisions from 

experience” (DoE; Gonzalez et al., 2005; Hertwig et al., 2004) denotes situations where 

individuals are required to develop a body of knowledge (outcomes and probability) via 
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exploration of the experiment. Instance-Based Learning Theory (IBLT; Gonzalez et al., 2003) 

was developed to help understand the link between experiential inference and choice 

behaviour. 

As far as IBLT is concerned, performing well on dynamic decision-making tasks is about 

making associations between a decision made (value-based, appropriate actions), the utility 

gained (index of satisfaction), and a set of environmental cues within a specific context 

(Gonzalez, 2022). IBLT argues that at the core of complex decision-making performance is 

the ability to learn from experience via the accrual of knowledge in the form of instances. 

The situation, decision, and utility (SDU) slots are compiled and bonded as a functional 

instance, and it's these instances that are the procedural building blocks an individual uses 

to navigate novel and dynamic situations (Gonzalez et al., 2003). Support for the IBLT can be 

found in the ability of computational models developed on the principles of IBLT (i.e., whose 

parameters operationalise different aspects of instance learning) to predict behaviour across 

a diverse range of tasks that require decisions to be made from experience (Gonzalez, 2013; 

Gonzalez & Dutt, 2016; Mehlhorn et al., 2015). The success of IBLT here has led to real-

world application in applied settings, e.g., cyber defence (Ben-Asher & Gonzalez, 2015; 

Gonzalez et al., 2020), which may be considered testimony to the robustness of the theory.  

Cognitive flexibility  

However, the identification of environmental cues may be considered necessary but not 

sufficient regarding context-dependent learning. An agent must also recognise prediction 

error and critically adapt behaviour accordingly. Such operations can be defined by cognitive 

flexibility, e.g., adapting preference with environmental change and are studied typically 

using reversal learning tasks (Highgate & Schenk, 2021). Reversal learning is a central 

feature of cognitive flexibility (Izquierdo et al., 2017) and may be considered critical when 

an individual is required to make choices based on uncertain information. Regarding 

complex decision-making performance, it is necessary to perpetually update estimations of 

what information is predictive of success and what is not. 

This challenge is compounded by the fact that informational uncertainty can be expected 

and/or unexpected (Soltani & Izquierdo, 2019). For example, the decision to call the police 

after a loved one has not returned home is uncertain. This choice will be impacted 

differently if they are always late (expected uncertainty) or are home at 6 pm promptly 

without fail (unexpected uncertainty). Regardless of this increased difficulty in knowing 

when the call should be made, in both cases, not engaging in reversal learning is a bad 

strategy, e.g., never ring because they are always late or ring at one minute past 6 pm 

because they are never late. To complicate matters further in complex situations, stochastic 

variability (i.e., good choices sometimes lead to bad outcomes) and volatility (i.e., previously 

rewarded good choices can simply stop being so) are often also in play (Levy & Schiller, 
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2021; Simoens et al., 2024). Thus, the ability to engage in reversal learning efficiently is key 

in promoting behavioural flexibility and optimising decision-making ability under uncertain 

constraints (D’Cruz et al., 2011). 

Reward processing  

Finally, reward processing is also a key factor that may influence complex decision-making. 

Despite IBLT identifying that the utility (i.e., satisfaction) of a decision must be tracked, the 

model does not account for the fact that reward or loss sensitivity might vary between 

individuals or between situations. The use of complex multi-armed bandit tasks like the IGT 

demonstrates that individuals often make selections with different preferences in mind. For 

example, on the IGT, optimum performance is associated with identifying (and selecting) the 

option that results in the highest net score over time. However, it is sometimes the case that 

individuals are motivated by a need to limit the frequency of losses (independent of amount) 

or respond to immediate feedback with little concern for the accumulation of reward 

(Steingroever, Wetzels, Horstmann, et al., 2013). Acknowledging these differences in reward 

processing is essential to understanding the drivers of complex decision making.  

This may be achieved with the use of computational modelling methods that can be used to 

identify systematic variation in the ways individuals process reward and identify how these 

differences shape decision-making behaviour (Yechiam et al., 2005). Returning to the 

example of the IGT, a computational model such as the Outcome Representation Learning 

(ORL) model provides a series of parameters that index variations in reward processing, e.g., 

frequency, reward, and loss aversion (Haines et al., 2018; Sullivan-Toole et al., 2022). 

Predictions generated from the ORL model accurately predict behaviours on the IGT across 

multiple versions, which vary in terms of payoff structure (Haines et al., 2018). Prediction 

accuracy and parameter recovery of the ORL model outperform alternative reinforcement 

models such as the Prospect Valence Learning and Value-Plus-Perseverance models, which 

critically attempt to explain behaviour on the IGT with a reduced number of parameters 

(Haines et al., 2018). Further, as the ORL model utilises a Hierarchical Bayesian approach 

(Kruschke, 2014; Shiffrin et al., 2008), well documented issues with computational 

modelling in dealing with nested data, e.g., inability to extract robust individual differences 

(Estes & Maddox, 2005) can be overcome. This advantage has provided the ability to identify 

individual differences (Shiffrin et al., 2008) in reward processing across populations 

(Moreno-Padilla et al., 2022) and demonstrates that complex decision-making is not just 

about learning to maximise an arbitrary reward, what constitutes a reward is also a vital 

component.  

As we have demonstrated, a wide range of psychological mechanisms play a role in driving 

complex decision-making performance. This brief review has highlighted the role of 

memory, attention, exploration/exploitation, learning, and reward processing. The list may 
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not be exhaustive, but it identifies processes underlying complex decision-making that may 

be shaped by threat. Moreover, this review suggests that these processes can be measured 

through computational models of complex decision-making tasks. However, before we look 

at the potential influence of threat on these processes, one final factor that must be briefly 

reviewed is the influence of individual differences in motivational drive on complex 

decision-making.  

Motivational mechanisms underlying complex decision-making 

The above discussion suggests that optimal complex decision-making depends upon a 

variety of cognitive abilities. Research also suggests that motivation is important. Two 

individual differences that have been connected to one’s willingness to grapple with 

complexity are intolerance of uncertainty (Carleton et al., 2007) and the need for closure 

(Roets & Van Hiel, 2011). 

Intolerance of uncertainty is a trait defined by negative beliefs about uncertainty and its 

consequences. Individuals who report low tolerance for uncertainty view uncertain future 

events as threatening (Chen & Lovibond, 2016). Individual differences in intolerance of 

uncertainty have been suggested to be predictive of a wide and diverse range of emotional, 

cognitive, and behavioural responses to real-world phenomena (Bavolar et al., 2021). 

Intolerance of uncertainty predicts risk-averse behaviour (Carleton et al., 2016), reward 

sensitivity (Williams et al., 2024), repetitive thinking (McEvoy & Erceg-Hurn, 2016), reduced 

confidence in decisions, being behaviourally inhibited in unpredictable situations (Jensen et 

al., 2014) and more frequent selection of an immediate, less valuable reward in decision-

making tasks (Luhmann et al., 2011). As such, intolerance of uncertainty is related to a 

broad range of behaviours not conducive to optimal negotiation of complexity (Birrell et al., 

2011; Kornilov et al., 2015). 

The need for closure (Roets & Van Hiel, 2011) has also been linked with many aspects of 

decision-making. The need for closure is conceptualised as one's motivational drive to find 

a concrete answer to an ambiguous situation (Webster & Kruglanski, 1994). Therefore, in 

contrast to intolerance of uncertainty, need for closure is focused more directly on goal-

directed motivation (Berenbaum et al., 2008; Kruglanski & Webster, 1996; Roets et al., 

2015). Higher scores are associated with a need for decisiveness (Kruglanski, 2013) and 

unyielding adherence to pre-existing knowledge structures and expectations (Roets et al., 

2015). Theoretically, based on this finding, individuals low in the need for closure may be 

better suited to negotiating complexity as they may be more inclined to embrace 

information that is not explicitly linked with a predetermined end state and engage in non-

routine decision-making practice. However, this view has been challenged, with some 

research suggesting the opposite. That is, high need for closure drives motivation to find 

solutions to ill-defined problems and should therefore be predictive of improved 
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performance as a function of increased effort invested in finding closure (Sankaran et al., 

2017).  

Regardless, the above findings suggest that individual differences in the motivation to 

engage with uncertainty may influence complex decision-making. If a greater motivation to 

engage with uncertainty indeed increases complex decision-making performance, then 

further questions arise regarding the effect of threat on these motivations.  

Threat 

While the idea that danger promotes a universal, fight or flight response can be a useful 

framework to categorise and interpret distinct groupings of behaviour (Milosevic & McCabe, 

2015), it is (at best) an oversimplification. As highlighted by Joseph LeDoux, “Fear is often 

said to be universal. But instead, what is universal is danger. The human experience of 

being in danger is personal and unique” (Mobbs et al., 2019). Humans (Sporrer et al., 2023), 

and even animals (Evans et al., 2019) respond to threat in sophisticated ways, integrating 

information sourced rapidly from the environment to adapt action to meet contextual 

demands. In this section, I will discuss my working definition of the term threat, before 

briefly reviewing the methodological and ethical challenges in empirically investigating how 

being in a threatened state can influence complex decision-making.  

I define the term threat as a perceived likelihood of impending physical or psychological 

harm. Being in a threatened state is a psychophysiological phenomenon associated with 

heightened levels of physiological arousal (Steimer, 2002) and psychologically subjective 

aversion (Han et al., 2015). A threatening environment is simply one in which the state of 

threat is promoted. Threat may be experienced as an evaluative interpersonal phenomenon 

(e.g., the projected loss of reputation or status) or as a result of environmental hazards 

(McCall & Laycock, 2024; Park et al., 2023). Regardless of how threat is experienced, it is 

generally associated with a negatively valenced response to a situation or stimuli that is 

paired with heightened physiological arousal (Hildebrandt et al., 2016) with the potential of 

a cascade of endocrine activation (Ulrich-Lai & Herman, 2009). 

The above definition overlaps with terms used to describe affective states of fear and 

anxiety. Fear is often described as a transient response to a known threat, and anxiety a 

longer lasting (tonic) consequence to an uncertain one (Davis et al., 2010; Rosen & Schulkin, 

1998). However, given the increasing difficulty in reaching ontological consensus across the 

affective sciences (Grogans et al., 2023; Mobbs et al., 2019) and challenges in dissociating 

the proposed states physiologically (Daniel-Watanabe & Fletcher, 2022), I refrain, where 

practical, from using rigid distinctions and assume that no single state will dominate across 

the full arc of any given emotive experience. 
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This definition of threat is also closely related to that of stress, an emotionally arousing 

experience that is interpreted as a physical or psychological risk to homeostasis (Levine, 

2005). The term stress is often used more broadly than threat (Bienertova-Vasku et al., 

2020; Putwain, 2007) and is not necessarily negatively valenced. Both terms (threat and 

stress) are routinely used interchangeably. This is despite evidence that the way stress is 

internalised by an individual (e.g., as a threat versus a challenge) can lead to different 

behavioural outcomes on decision-making tasks (Harris et al., 2017; Kassam et al., 2009). 

Further, stress can be manipulated in the lab in ways that promote increased arousal, like 

high-intensity physical exercise, yet are agnostic to aspects of psychological aversion 

associated with threat (Molins, Serrano, et al., 2021). In this review, I refer to research on 

stress but only when the type of stress used involved an aversive state. 

Historically, threat has proved very difficult to manipulate for the purpose of research. 

Principally, this is due to the ethical dilemma of placing participants in harm’s way 

(Baddeley, 1972; Idzikowski & Baddeley, 1983; Tashjian et al., 2022). Early psychologists 

argued that threat and the human drive for self-preservation are primary drivers of 

psychological function (Sidis, 1922). However, it was not until the 1960s that robust 

empirical research on the influence of threat on cognition started to emerge. Although 

creative, this work failed to acknowledge the ethical ramifications of research that literally 

recreated dangerous events experimentally. In one study that typifies this murky ethical 

past, participants travelling in an aircraft were persuaded by researchers that the plane was 

going to crash. Mistakes made during the completion of paperwork following this traumatic 

event led the authors to argue that being in a threatened state negatively impacts behaviour 

and cognition, as evidenced by the degree to which errors were made on the completed 

documents (Berkun et al., 1962). Thankfully, by the early 1970s, participant safety was 

being taken more seriously (Baddeley, 1972).  

In more recent years, threat has frequently been operationalised in the laboratory. Here, a 

threatening stimulus is often stripped of all context, with the aim of deconstructing 

responses to emotive stimuli into their component parts. A typical example of this approach 

is to subject participants to valenced images, such as snakes vs flowers, while observing 

performance on the dependent variable of interest, such as visual search performance 

(Tipples et al., 2002). This method has produced robust results, for example, that images of 

fearful faces result in heightened neuronal activation in brain regions associated with 

processing threat, e.g., the amygdala (Breiter et al., 1996; Sladky et al., 2013). Yet, without 

manipulating the context in which these images are viewed, there is little evidence that 

these stimuli promote the subjective experience of being in a threatened state (Grillon & 

Charney, 2011). These methods fail to recreate the multidimensional responses that are 

typical of a real-world exposure to threat, such as aversive subjective experience (Lindquist 

& Barrett, 2008), behavioural adaptation (Grillon & Charney, 2011), or endocrine activation 
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(Kirschbaum et al., 1993). Thus, decontextualised approaches may lack ecological validity. 

Moreover, it’s increasingly becoming clear that the nature of each stressor must be carefully 

considered when identifying any effects on behaviour (Giovanniello et al., 2023).  

To address these issues of ecological validity (Kihlstrom, 2021) a very limited body of 

research has looked to collect data from participants in the midst of actual threats, such as 

in hospital waiting rooms prior to surgery (Frey et al., 2014), or by suggesting to 

participants that reduced oxygen levels are expected during an experiment (Kamphuis et al., 

2011). In one study that illustrates this approach, participants were subjected to a barrage 

of cognitive tests (including a modified version of the IGT and working memory tasks) pre 

and post a 100m bungee Jump (Castellà et al., 2020). Such methods are used to promote a 

threatened state in subjects and facilitate an immersive experience. Yet, they offer very little 

experimental control. Each participant is subjected to an experience that may vary 

depending on factors outside of a researcher's influence. This makes it extremely difficult to 

use such methods and maintain experimental rigour. Further, asking participants to conduct 

experimental tasks during such events is not without risk. A participant being asked to 

conduct a cognitive behavioural task before (Idzikowski & Baddeley, 1987) or during a 

parachute jump, for instance, is potentially unsafe, given the range of safety procedures that 

cannot be neglected. Therefore, such methods of manipulating threat are rarely used.  

Alternatively, a state of threat can be manipulated within the safety of the laboratory to 

examine threat and its psychological consequences. Like real-world manipulations of threat 

these methods tend to be incidental in the sense that the threatening stimuli are not directly 

related to the task at hand, but emerge in parallel or as a distraction to it (Västfjäll et al., 

2016). In other words, incidental methods aim to facilitate an environment that fosters a 

state of threat within an individual in ways not theoretically or contextually associated with 

the behavioural task being performed. A classic example of this approach is the threat of 

shock task (Robinson et al., 2013), where participants are subjected to the possibility of 

experiencing a small (yet distressing) electric shock.  

Another set of powerful stress manipulations uses social threats. The Trier Social Stress Test 

(TSST; Kirschbaum et al., 1993) is another approach used to elicit threat (Allen et al., 2016). 

The TSST has had various instantiations. However, the overarching idea is to ask participants 

to present something to observers (e.g., a short presentation or mental arithmetic) for which 

they are ill-prepared. The observers are often instructed to stare blankly at the participant 

and provide negative feedback. The threat here is a consequence of failing to meet the 

standards of some projected ideal of performance. Indeed, these manipulations 

demonstrate that social threats elicit powerful subjective and physiological responses (Allen 

et al., 2016; Park et al., 2023). 
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While these approaches to manipulating threat may succeed in placing participants in a 

threatened state, the threat is more of a distraction than an integral part of the task at hand. 

Further, exposure to a stressor is generally given before performance on the task is 

measured. In this sense, participants are not under threat, but rather recovering from it 

(Ting et al., 2022). In contrast, real-world situations require individuals to navigate 

scenarios where the source of the threat is dependent on task performance, e.g., integral 

(McCall & Laycock, 2024; Peterson et al., 2018). For example, a police officer attempting to 

disarm a knife-wielding adversary must balance goal-directed behaviour (e.g., making a 

successful arrest) with self-preservation in response to the threat of being harmed in the 

process. These factors are not independent. What is required by an individual to perform 

optimally is not to ignore stressors but to integrate this information into their decisions. 

Multiple competing goals are a fundamental feature of complexity (Funke, 2012), and so 

context and relevant environmental stressors should not be overlooked. This is particularly 

applicable to translational research (Finseth et al., 2022). To accurately model the effect of 

environmental threat on task performance, direct means are required that manipulate threat 

in ways that are theoretically or contextually associated with the behavioural task being 

performed. These direct methods arguably better reflect the way environmental threat can 

influence task performance as reported in many naturalistic settings (Asutay & Västfjäll, 

2024). 

Nevertheless, developing experimental paradigms that make threat an integral part of the 

behavioural task, while maintaining safety and experimental control, is challenging. Despite 

this difficulty, one promising approach is to use virtual reality (VR; Keren et al., 2013; 

Kothgassner & Felnhofer, 2020; McCall & Blascovich, 2009; Pan & Hamilton, 2018; Peterson 

et al., 2018). These technologies allow for the creation of digital virtual environments that, if 

done well, can promote realistic responses to synthetic situations (Brookes et al., 2024; 

Slater, 2009). Experimentally, virtual reality can be used to replicate the cognitive demands 

of complex (Dickerson & Kosko, 1994) and threatening environments (McCall et al., 2015; 

Pan & Hamilton, 2018). Virtual worlds can be used to model threat explicitly, for example, a 

fall from a simulated ice glacier (Baker et al., 2020) or ambiguously, for instance, by using 

subtle variations in light and sound (McCall et al., 2022). Critically, although these 

environments are fictitious simulations, participants exhibit behavioural, subjective, and 

physiological responses that map onto those of the real world (Slater, 2009). Further, 

researchers can embed threatening stimuli, such as the threat of shock, directly into a 

virtual world, allowing for the observation of a participant's behavioural response to aversive 

stimuli across contextual manipulations (Suarez-Jimenez et al., 2021). Thus, these methods 

allow for the development of experimental environments in which actions taken by 

participants can safely be associated with explicit threats directly (Peterson et al., 2018) 

while still retaining the ability to manipulate task-specific demands (Binsch et al., 2021). 
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Immersive virtual reality has also shown promise as a way of modelling dangerous 

environments that can aid both research and preparation of Individuals to help negotiate 

hazards such as a fear of heights (Krupić et al., 2021). This approach was recently employed 

to review the existing emergency spaceflight procedures within a threatening environment. 

Participants were asked to react to a series of unfolding scenarios that included 

extinguishing fires within a VR simulation based on the International Space Station (Finseth 

et al., 2022). Although full size mock-ups of the International Space Station are often used 

in developing task acquisition skills (Eichler et al., 2006), these simulations are restricted in 

terms of constructing threatening scenarios. This use of VR demonstrated the utility in 

recreating a safe yet operationally relevant environment that facilitates the experimentally 

controlled observations of human cognitive and behavioural task performance during 

hazardous situations in ways that incidental methods of manipulating threat could not.  

Effects of threat on complex decision-making 

Previous sections dealt with complex decision-making and environmental threat somewhat 

independently. Yet it's what happens when these two factors are intertwined experientially, 

which is the focus of this thesis. The remainder of this chapter will provide a selected 

narrative review of research that is theoretically relevant to tackling the question of how 

complex decision-making is affected by being in a threatened state. This diverse body of 

work includes research examining the effects of threat on complex decision-making itself, 

as well as threats’ effects on the underlying psychological mechanisms that have already 

been discussed. This literature provides a platform for the development of a range of 

hypotheses regarding how threat can shape complex decision-making.  

Threat is often argued to have a detrimental effect on higher-order cognitive abilities, e.g., 

(Arnsten, 2009), a perspective that seems to pervade the popular imagination (Arnsten et al., 

2012). One core idea here is of threat rigidity, whereby being in a threatened state renders 

cognition less flexible (Giovanniello et al., 2023; Staw et al., 1981). Intuitive or automatic 

processes are employed to promote self-preservation at the cost of analytic reasoning (Yu, 

2016). However, the threat rigidity hypothesis lacks contextual nuance, and evidence for it 

often lacks methodological rigour (Mazzei et al., 2025).  

Indeed, research on the effect of threat on complex decision-making is mixed and often 

counterintuitive (Giovanniello et al., 2023; Morgado et al., 2015; Starcke & Brand, 2012; Yu, 

2016). This point may be in part due to the way complex decision-making has been 

operationalised as well as variation across studies in the methods used to manipulate threat 

(Wake et al., 2020).  

For example, Simonovic (2017) observed IGT performance of non-clinical participants across 

threat versus no-threat conditions. An anticipatory speech task (a modification of the TSST) 

was used as an incidental manipulation of threat. Threat here was associated with poorer 
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IGT performance over time, as indexed by a decrease in the selection of advantageous decks 

in contrast to matched controls. However, other research paradigms have resulted in a 

different pattern of results. Byrne et al., (2020) manipulated threat using a socially evaluated 

cold pressor task. Following this manipulation, participants took part in a decision-making 

under uncertainty task. Individuals in the stress condition demonstrated an improved ability 

to make choices that led to better outcomes over time, suggesting that acute stress can 

actually improve performance on complex decision-making tasks.  

What explains the discrepancy between these two studies’ conclusions? One possibility is 

the difference between tasks. The decision-making task in Byrne et al., (2020) was arguably 

less complex, given that reward was ultimately governed by a simple rule (Dörner & Funke, 

2017). Unlike the IGT, where the payoff of a given choice is independent of its 

unpredictability, the more unpredictable choice in Byrne et al., (2020) was always more 

lucrative in the long run. This is distinct from the IGT, where a participant is required to 

adapt behaviour with experience to be successful, as initially good choices turn bad as trials 

progress. Thus, the processes, or cognitive mechanisms, required by the participants to 

minimise error during the task were different. Because the results in both these studies are 

limited to final performance scores, we do not know how the various mechanisms involved 

in wrestling with uncertainty were affected.  

As mentioned above, a variety of cognitive mechanisms underlie complex decision-making. 

Threat has the capacity to affect any of these. For instance, research has long investigated 

the effect of threat on attention (Baddeley, 1972). Although these effects have been 

overwhelmingly studied in populations with some form of anxiety disorder (Bar-Haim et al., 

2007; Clauss et al., 2022), disruption to attentional processing as a function of threat is 

likely universal (LeDoux, 1995). One fundamental way that threat may affect complex 

decision-making is via threat-related attentional bias. Threat-related attentional bias (Bar-

Haim et al., 2007) is a term used to describe how distinct attentional systems can be biased 

towards threatening stimuli (Dennis et al., 2008). This rigid fixation towards the stressor 

may lead to restricted processing of goal-oriented, non-threatening visual information 

(Azriel & Bar-Haim, 2020).  

Further, this attentional bias is seen across sensory modalities and has been shown to be 

influenced by prior exposure to threatening experiences. This point was supported by 

observing the magnitude of the bias using audible stimuli within a population that had 

previously been exposed to life-threatening events, in this case, psychologically healthy 

military veterans (Ranes et al., 2017). Here, background details about combat history were 

recorded before participants were exposed to a series of aversive and neutral sounds. Their 

attentiveness to this threat was monitored by asking participants to rate their expectancy for 

aversive stimuli (as a proxy for covert attention) continuously throughout the task. Results 

from this simple paradigm demonstrated that the intensity of an individual’s experience in 
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threatening environments predicted attention to threat. That is, more combat exposure was 

associated with a greater fixation for the aversive stimuli.  

Threat might also affect decision-making via attentional narrowing (Derryberry & Tucker, 

1994), driving individuals to only review a subset of available information when making 

decisions (Lewinsohn & Mano, 1993; Luce et al., 1997). One study demonstrating this effect 

monitored performance on decision-making tasks developed to assess the degree to which 

individuals accrue pre-decisional information (Wichary et al., 2016). The decision-making 

task asked participants to review four job candidates for a prospective role and make 

choices on who would be the most productive worker. Participants were free to sample the 

information using a computerised display. This allowed the researchers to code the way 

information was sampled (the amount of information and the pattern of time spent on 

different cues). The task was presented to participants following induced emotional stress 

through exposure to aversive pictures. Results showed that, in contrast to participants in a 

control condition, threatened individuals preferentially focused on a restricted amount of 

information (associated with task saliency) being presented. At first glance this may be 

interpreted as adaptive, yet ultimately this myopic behaviour led to a reduction in pre-

decisional information being gathered and resulted in simpler decision strategies being 

employed (contingent on less evidence). However, this attentional narrowing perspective is 

contested, with alternative viewpoints (e.g., uncertainty-reduction) suggesting that being in 

a state of high arousal is likely to increase the drive to seek information to reduce 

uncertainty and risk (Anselme, 2010), thereby broadening attention (Han et al., 2007). 

Like attention, memory has also been shown to be influenced by threat (Thomas & Wulff, 

2024). Threat has been shown to disrupt functioning across many different facets of 

memory. This disruption has been suggested to result in a more vivid recall of threatening 

events and the false perception that those memories are more accurate (Talarico & Rubin, 

2003). Additionally, memory for threatening events may exhibit an over-generalisation 

effect (new memories mistaken for old) across competing memories, leading to inaccurate 

categorical representations (Starita et al., 2019). These effects of threat on memory may 

affect complex decisions, as optimal performance on complex tasks requires a non-biased 

recollection of environmental dynamics, e.g., problem space representations (Wilson et al., 

2014). In other words, given that complex decisions are based on information gathered 

from experience, the information accrued must be accurate to be useful, because in a 

complex environment, the exact same stimulus is rarely encountered over repeated 

experiences (Starita et al., 2019). Accurate memory representation may be critical to ensure 

an individual can learn from a version of experience that truly reflects the situation as it 

presents itself.  

Threat can also disrupt working memory capacity (Angelidis et al., 2019; Vytal et al., 2012). 

This effect is demonstrated in work that shows that threat manipulated by the TSST, reduces 
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activity in brain regions known to support working memory (e.g., bilateral dorsolateral 

prefrontal cortex, superior parietal cortices, and intraparietal sulcus) and hinders working 

memory performance (van Ast et al., 2016). Further, incentivised action (e.g., following 

reward) is suggested to improve working memory capacity (Savine et al., 2010). Yet, under 

threatening conditions, these advantages are lost (Choi et al., 2015). As mentioned 

previously, working memory appears to be important for complex decision-making and is 

associated with performance (Bagneux et al., 2013). Threat-induced restrictions on working 

memory capacity may interfere with one’s ability to keep relevant information in mind and 

use that information when making decisions.  

Along similar lines, a variety of evidence suggests that executive functioning more generally 

is affected by threat. Attentional control theory (ACT; Eysenck et al., 2007) argues that 

anxiety (trait and transient) affects attention control, i.e., the capacity to flexibly focus and 

shift attention according to explicit goals (Muris et al., 2008). ACT proposes that this effect 

influences three cognitive abilities: task inhibition, shifting, and updating. Impact here may 

disrupt the exploration–exploitation trade-off, as performance and brain activity of “expert” 

decision makers on a multi-armed bandit task demonstrate that exploration is associated 

with brain regions that underpin attentional control (Laureiro‐Martínez et al., 2015). Further 

evidence for changes in the balance between exploration and exploitation is suggested by 

Simonovic et al., (2018), who used an anticipatory speech task (again, a modified version of 

the TSST) to manipulate threat before the IGT. Amongst other measures, the authors 

recorded the inspection time of contingencies (e.g., decks) via eye tracking. Results 

demonstrated that participants in the threat condition performed more rigidly, were slower 

to disengage from disadvantageous decks (that had previously been rewarded), and 

examined them for longer. Conversely, those in the nonthreat condition spent longer 

inspecting advantageous decks and ultimately performed better. However, time spent 

examining choices is perhaps a better proxy for effort (Bailey et al., 2016) than actual choice 

behaviour. Other measures of choice preservation, i.e., sticky selection strategies 

(Senftleben et al., 2021), may be more informative as an index of choice behaviour.  

Regardless, threat may lead to a fixation on threatening stimuli at the cost of goal-directed 

exploration (Eysenck et al., 2007). However, some environmental stressors may be critical to 

a decision, and a threat-related focus on them might actually support decision-making 

(Matthews et al., 2000). Independent of the wider theoretical implications of a fixation on 

environmental stressors to real-world scenarios, disruption in the way individuals negotiate 

the exploration–exploitation trade-off (i.e., sampling behaviour) may be one mechanism 

that helps explain how performance in complex situations may be moderated as a function 

of threat. Especially given that threat impacts the degree to which information is used when 

negotiating unfavourable choices, one example being that weaker evidence is needed to 

reach conclusions following social threat manipulations (Globig et al., 2021). Put differently, 
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threat may affect not only the amount of information accrued before being acted on, but 

also the degree to which it informs behaviour. 

Previous work has also suggested ways in which a high-stress environment can influence 

reward processing following exposure to dangerous events (Nan et al., 2025), as well as 

manipulations of threat (Berghorst et al., 2013). Foundational to this body of work is the 

idea that threat impacts loss aversion (Ben Hassen et al., 2023). Loss aversion refers to the 

tendency to weigh losses more heavily than equivalent gains, leading to risk-averse 

behaviour (Kahneman, 1979). Conversely, an alternative idea is that under duress, behaviour 

becomes less (Berghorst et al., 2013) or more fixated on immediate rewards (Ben-Zur & 

Zeidner, 2009), impacting the accrual of the information required to deal with complexity. 

Such disruption may promote behaviours like not considering all available options 

(premature closure), non-systematic scanning of all available options, and not allocating an 

appropriate time (temporal narrowing) to make an informed judgment (Keinan, 1987). This 

point is also supported in work using the TSST as an incidental manipulation of threat, 

which suggests stressed individuals employ simple heuristics when learning that leads to an 

incomplete awareness of all response options available (Schwabe et al., 2007).  

The ability to learn from experience may be particularly challenging in a threatened state.  

Evidence suggests that anxious individuals show deficits in learning associations between 

choice behaviour and feedback, which manifest as impairments in the ability to differentiate 

signal from noise (Huang et al., 2017). Along similar lines, threat may interfere with 

context-dependent learning. Evidence here can be found in novel work using populations 

with a clinical diagnosis of anxiety. Participants were asked to navigate a virtual world while 

brain activity was monitored using non-invasive techniques (Suarez-Jimenez et al., 2021). 

During the task, individuals were asked to pick virtual flowers. However, the environment 

was split into two sections (e.g., safe and unsafe). When in the unsafe section of the world, 

picking a flower was paired with a subtle (yet effective) electric shock. This paradigm aimed 

to observe the ability to distinguish between safe and dangerous contexts. To achieve this, 

the participants had to make use of contextual features (mountainous features on the 

horizon) and environmental predictive cues (shock-associated flowers). Results 

demonstrated that during crucial periods of the task under threat, anxious individuals 

displayed weaker engagement of areas implicated in memory processing and emotional 

regulation (anterior hippocampus and ventromedial prefrontal cortex). More research is 

required to understand if these changes in neural activity are generalisable to non-

pathological individuals, where anxiety is a typical response to a dangerous situation. Yet, 

the findings do suggest a candidate mechanism accounting for the impact on learning as a 

function of being threatened state.  

Evidence can also be found in non-clinical populations of the impact of threat on cognitive 

flexibility, as indexed by reversal learning ability (e.g., recognising prediction error and 
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adapting behaviour accordingly). This process may be essential in cases where an individual 

must resolve conflict and remain goal-oriented following previous exposure to 

environmental threat (Bublatzky et al., 2017). To observe the effect of threat on reversal 

learning, researchers typically employ a reward reversal task to investigate how participants 

adapt to change whilst in a threatened state, as operationalised by a task using the threat of 

shock (Paret & Bublatzky, 2020). Here, findings suggest that threat promotes rigidity by 

disrupting reversal learning, leading to delayed switching following negative feedback. 

However, research in this area is limited and mixed, particularly regarding how the nature of 

the threat shapes performance, the constraints of the task, and the demands of the context 

(Giovanniello et al., 2023; Hurtubise & Howland, 2017). 

Finally, threat might affect the motivational mechanisms underlying complex decision-

making. Individual differences in motivation to engage with uncertainty are suggested to be 

fixed dispositional traits (Bavolar et al., 2021). However, this position is disputed, with some 

evidence that aspects of tolerance for uncertainty are malleable following therapy (Laposa et 

al., 2022; van der Heiden et al., 2012), and indeed changes in context (Djikic et al., 2013; 

Ladouceur et al., 2000). Research has consistently shown a correlation between anxiety and 

Intolerance of Uncertainty (McEvoy et al., 2019) and Need for Closure (White, 2022). Much of 

this research interprets these correlations as different aspects of the same phenomenon. But 

these correlations may also emerge because being in an anxious or threatened state actually 

reduces the motivation to engage with complexity (Birrell et al., 2011). Indeed, in many 

situations, it may be a functional response to a perceived threat.  

If a stronger drive to embrace uncertainty boosts complex decision-making performance, it 

may be helpful to identify factors that promote or limit that motivation. One possibility is 

that social threat, such as evaluation (Park et al., 2023), might negatively affect the 

motivation to embrace uncertainty. This point was a central theme in interviews we 

conducted with military personnel (McCall & Laycock, 2024). Here, participants reported that 

individuals overly concerned with negative evaluation are less motivated to engage with 

complexity. If someone fears being judged or criticised for making mistakes, they might 

avoid taking risks or considering unconventional approaches, leading to restricted 

exploration and reduced creative problem-solving (Ben-Zur & Zeidner, 2009; Bonetto et al., 

2021). In a sense, a fear of failure (Smith, 2020) might inhibit the motivation to engage with 

complexity (Finn, 2019). However, empirical work supporting a mechanistic account of how 

sensitivity to evaluation might impact complex decision-making performance is currently 

lacking.  

As this broad overview of the literature suggests, threat likely disrupts complex decision-

making via its underlying cognitive processes. Nevertheless, results are mixed, and 

questions remain regarding when and how the effects emerge across variations in research 
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paradigms used to manipulate threat and index performance, as well as how dispositional 

individual differences may moderate the impact of threat on performance. 

Conclusion 

Research suggests that being in a threatened state may change and even hinder decision-

making performance by affecting both the cognitive and the motivational factors that 

underlie complex decision-making. Nevertheless, the findings are mixed, perhaps because 

of the use of indirect, incidental methods of manipulating threat, coarse indexes of complex 

decision-making performance, and a lack of research on motivational influences.  

The first two empirical chapters of this thesis address some of these gaps by using virtual 

reality and computational modelling to investigate how complex decision-making is 

impacted by being in a threatening environment. I developed and validated a virtual world 

that allowed me to manipulate threat in a way that was integral to the decision-making task. 

I also went beyond traditional methods of performance to study the effects of threat on 

cognitive mechanisms that underlie complex decision-making.  

The last empirical chapter of this thesis examines the effects of social evaluative threat on 

motivational factors relevant to complex decision-making. In five studies, I examined the 

effects of real-world military training on the motivation to engage with complexity. I further 

investigated the moderating effects of different training strategies on these effects. 
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Abstract  

Individuals living and working in dangerous settings (e.g., first responders and military 

personnel) make complex decisions amidst serious threats. However, controlled studies on 

decision-making under threat are limited given obvious ethical concerns. Here, we embed a 

complex decision-making task within a threatening, immersive virtual environment. Based 

on the Iowa Gambling Task (IGT), a paradigm widely used to study complex decision-

making, the task requires participants to make a series of choices to escape a collapsing 

building. In Study 1 we demonstrate that, as with the traditional IGT, participants learn to 

make advantageous decisions over time and that their behavioural data can be described by 

reinforcement-learning based computational models. In Study 2 we created threatening and 

neutral versions of the environment. In the threat condition, participants performed worse, 

taking longer to improve from baseline and scoring lower through the final trials. 

Computational modelling further revealed that participants in the threat condition were 

more responsive to short term rewards and less likely to perseverate on a given choice. 

These findings suggest that when threat is integral to decision-making, individuals make 

more erratic choices and focus on short term gains. They furthermore demonstrate the 

utility of virtual environments for making threat integral to cognitive tasks.  
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Introduction  

Some of life’s most difficult decisions are made within dangerous environments. Indeed, 

individuals such as first responders or military personnel make critical, complex decisions 

amidst threats to life and limb (Harman et al., 2019; Lieberman et al., 2005; Penney et al., 

2022; Williams, 2010). Nevertheless, many questions remain regarding the effects of threat 

on complex decision-making (Starcke & Brand, 2016). Research in this area furthermore 

presents considerable methodological challenges in terms of both manipulating threat and 

measuring decision-making’s underlying processes.  

Complex decisions are characterized by uncertainty and the need to balance multiple 

competing goals (Funke, 2012). This combination presents a significant cognitive challenge 

that is likely amplified in the presence of threats. In the most basic sense, complex 

decisions require attention, which itself is shaped by threat in many ways (Azriel & Bar-

Haim, 2020). Furthermore, optimal decision-making frequently requires an individual to 

apply their existing knowledge and to learn about the given situation. These processes are 

also likely influenced by threat, given its effects on memory (Vytal et al., 2012) and learning 

(Fanselow, 2018).  

More specifically, complex decision-making often involves reinforcement learning; optimal 

choices depend upon accommodating for feedback from the environment (Yechiam, 2020) 

and from the outcomes from one’s choices (Silver et al., 2021). Threat may disrupt this 

ability to flexibly respond to changes in rewards and losses over time. For example, research 

demonstrates that under threat of shock, participants are slower to switch away from 

disadvantageous choices following negative feedback (Paret & Bublatzky, 2020). Other work 

suggests that threatened individuals are less likely to explore their options when problem-

solving (Keinan, 1987) and instead employ simple heuristics (Schwabe et al., 2007).   

Despite these clues that threat negatively affects many of the cognitive processes underlying 

complex decision-making, research directly examining the effects of threat is limited and 

the findings are mixed (Starcke & Brand, 2012). This inconsistency may in part be due to 

fundamental differences in decision-making paradigms. Some work focuses on decisions 

from description, where participants respond to hypothetical questions (e.g., participants 

are asked, “If X happened, how would you respond?”), while other work focuses more 

directly on decisions from experience (e.g., participants are put in X situation and must 

make an actual decision). These different approaches sometimes yield different conclusions 

(Gonzalez, 2022). For example, research using decisions from description supports the idea 

that individuals overweigh low probability events when making risky decisions (Kahneman, 

1979), while research using decisions from experience suggests that individuals actually 

underweigh them in those circumstances (Hertwig et al., 2004).  
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Research on decisions from experience has frequently used multi-armed bandit tasks 

(Buelow & Suhr, 2009), tasks in which participants’ decisions incur costs and benefits. The 

Iowa Gambling task (IGT; Bechara et al., 1994), for example, requires individuals to select 

cards from four separate decks over a sequence of trials. Each selection leads to losses and 

gains, usually in financial terms. Initially, individuals have no information about the 

probability of payoff from the decks. Instead, they gain information from sampling the 

decks across trials. Maximising net reward depends on an individual’s ability to learn which 

decks are most profitable over time and to adapt their choices accordingly. Performance on 

the this task is ostensibly representative of real-world decision-making and its underlying 

cognitive processes (Bechara et al., 1994; Brevers et al., 2013). When it comes to the effects 

of threat on multi-armed bandit tasks, findings are mixed. Some studies find that threat or 

acute stress decreases overall performance (Wemm & Wulfert, 2017), while others find it can 

improve aspects of decision-making (Byrne et al., 2019). Still others find no effect at all 

(Sokol-Hessner et al., 2016).  

This diversity in results is perhaps not surprising given the variety of methods used across 

studies (Starcke & Brand, 2016). Critically, threat is manipulated in different ways, often via 

a task that is incidental to the decision-making task itself. For example, some studies have 

examined the effect of threat on IGT performance by manipulating anticipatory stress; 

participants complete the decision-making task while knowing that afterwards they will be 

asked to complete a public speaking task (Preston et al., 2007; Simonovic et al., 2017, 

2018; Wemm & Wulfert, 2017). Other studies have participants complete a decision-making 

task after a stressful experience, such as a cold pressor task (Nowacki et al., 2019).  

The manipulations in these examples are indeed effective, eliciting both subjective and 

physiological responses and oftentimes affecting decision-making performance (Preston et 

al., 2007; Simonovic et al., 2017, 2018; Wemm & Wulfert, 2017). Nevertheless, the 

relationship between the threat and the decision-making task in these paradigms is 

incidental; the outcome of decisions is not directly related to the outcome of the threat. 

While these incidental manipulations of threat can elicit a threat response, they may only tell 

us about situations where threat is a distractor (i.e., situations in which optimal performance 

might rely upon ignoring the threat). But they may not tell us about situations when threat is 

integral to the decision-making task (i.e., when optimal performance determines success in 

dealing with the threat). This distinction is likely critical in the “real world”. For example. 

threat might act as a distractor for a military medic making decisions about how to deliver 

care to a patient in the midst of a hostile environment. On the other hand, threat is integral 

to decision-making when that medic is choosing the safest route out of hostile 

environment. In this sense, real world threats might play a very different role depending on 

whether they are incidental or integral to the decision at hand. 
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Virtual reality provides one means of creating paradigms where threat is integral to 

decision-making. Virtual environments can elicit subjective and physiological responses via 

simulations of threats such as being perched precariously on the edge of a cliff or being 

surrounded by dangerous animals (Baker et al., 2020; Kane et al., 2012; McCall et al., 2015). 

They can also immerse individuals in ambiguously threatening environments which create a 

prolonged experience of anxiety and unpredictability (McCall et al., 2022). As such, they 

potentially allow researchers to create decision-making tasks in which one’s decisions are 

integrally connected to threats in the surrounding environment.  

Another potential cause for the diversity of results in the threat and decision-making 

literature is the disparity in decision-making measures. Multi-armed bandits have been 

used to examine learning from feedback, loss aversion, risk taking, and other features of 

complex decision-making that are potentially affected by threat. Even within a given 

paradigm, approaches differ. With regards to the IGT, measures have evolved over time. 

Performance was initially quantified by simply calculating the ratio of advantageous over 

disadvantageous choices (Bechara et al., 1994; Franken & Muris, 2005). More recent 

research has shifted the focus to the cognitive processes underlying those choices via 

computational modelling of the behavioural data (Haines et al., 2018; Steingroever, Wetzels, 

& Wagenmakers, 2013; Sullivan-Toole et al., 2022). Depending on the nature of the model, 

these methods derive a range of parameters that reflect learning and decision-making 

mechanisms such as reward sensitivity, loss aversion, and choice perseveration.  

Recent work along these lines suggests that threatened individuals may be less responsive 

to feedback from their choices in the IGT (Ben Hassen et al., 2023). Although the 

detrimental effect of threat on overall IGT score reported in previous studies (Simonovic et 

al., 2018; Wemm & Wulfert, 2017) was not replicated in Ben Hassen and colleagues’ study 

(Ben Hassen et al., 2023), their computational modelling suggests that threatened 

participants were less sensitive to feedback. However, the particular computational model 

used in their study did not distinguish between loss aversion and sensitivity for reward, 

which might be critical in our understanding of the general effects of threat (Byrne et al., 

2019; Molins, Ayuso, et al., 2021). The novel Outcome-Representation Learning model 

(ORL) (Haines et al., 2018) addresses this concern. Developed to reflect the cognitive 

strategies that underpin performance on the IGT, the ORL has separate parameters for loss 

sensitivity, reward sensitivity, and reward frequency sensitivity. Moreover, the ORL also has 

parameters for memory and choice perseveration, key features of complex decision-making 

that the abovementioned research suggests could be influenced by threat.  

In the studies presented here, we sought to address open questions regarding the effects of 

threat on complex decision-making. Specifically, we sought to test if a threat that is integral 

to the decision-making process would lead to decrements in decision-making performance. 

We also sought to test if, as the literature suggests, threat would lead to a change in reward 



36 

 

or loss sensitivity (Ben Hassen et al., 2023) as well as a reduced tendency to explore the 

range of options (Keinan, 1987; Paret & Bublatzky, 2020; Schwabe et al., 2007). To do so, 

we developed a VR-based complex decision-making task structured like the IGT, in which 

decisions were tied directly to threats in the environment. We furthermore used the ORL 

computational model to explore the effects of integral threat on cognitive underpinnings of 

complex decision-making. 

Study 1 

The aim of Study 1 was to pilot a virtual world for observing complex decision-making in a 

naturalistic and potentially threatening environment. We embedded a task based on the IGT 

within a virtual reality environment (the VRIGT). We then tested whether performance would 

improve over the course of trials, in line with the traditional IGT (Bechara et al., 1994). We 

also tested whether the ORL computational model used to fit IGT data would also work with 

VRIGT data.  

Method 

Participants  

Seventy-one (71) participants were recruited to take part in Study 1. One participant was 

excluded due to medical concerns. Of the full sample (70), 58 participants (34 females, 24 

males) completed all measures without technical difficulties. All participants were over 18 

years old. Participants were given the opportunity to receive either course credit or a six-

pound gift card as reimbursement for their time. Approval for the data collection was 

granted by the ethics committee of the Psychology Department at the University of York, 

and all experiments were performed in accordance with relevant guidelines and regulations. 

VRIGT  

We developed the VRIGT on the gaming development platform Unity (version 2020.3.15f2) 

using the SteamVR plugin (version 2.7.3). Some materials were imported from the 

Underwood Project (McCall et al., 2022). The VRIGT was constructed around three scenes: a 

pre-scene (for practice and instructions), a test-scene (task) and an end-scene (end task).  

The VRIGT test-scene was based on the Iowa Gambling Task (Bechara et al., 1994). In each 

trial of the classic IGT, participants select a card from one of 4 decks (A, B, C or D). Each 

turn of a card results in losses and or rewards. While the amount returned from any given 

deck changes between trials, some decks offer greater rewards over time. Success on this 

task relies on the ability to identify the pattern of reward and adapt choice accordingly 

(Aram et al., 2019). 

In Study 1’s version of the VRIGT, participants are told that they are in a building that is 

slowly collapsing, and their goal is to maximise distance from a danger zone. On each trial 
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they enter a new room. Their task is to choose which door they will use to exit that room. 

These doors (4 doors = A, B, C and D) replace the decks of the IGT; the financial rewards of 

the IGT are replaced with meters from the danger zone. In other words, each door selection 

changes the participant’s distance from the danger zone. Participants see their current 

distance via a display located within their view (see Figure 1c).  

Scoring starts at a distance of 2000 meters from the danger zone (as opposed to $2000 

facsimile US bills in the traditional IGT) (Bechara et al., 1994). The specifics of each 

selection, e.g., “You gained 100 meters from the danger zone, but you lost 250 meters”, are 

also played via an audible recording. This recording is paired with a 4-second visual fade to 

darkness, which alerts the participants that a selection has been made. As with the classic 

IGT, the VRIGT measures the participant’s ability to identify the pattern of rewards and 

losses (e.g., the door that statistically offers the largest distance increase from the danger 

zone) and to adapt choice accordingly. In study 1, the VRIGT test-scene consisted of 80 

trials (as in Halfmann et al., 2014). We chose the 80 trial version of the IGT instead of the 

original 100 trial version to avoid any fatigue that might arise from wearing the HMD. These 

80 trials were subdivided into four 20-trial blocks for analysis. 
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Figure 1 

Illustrations of the VRIGT Test Scene 

 

Note. a) During the VRIGT test-scene, participants are orientated in the centre of a single 

room and have 360° freedom to rotate. Colour-coded doors are presented at the centre of 

each of the surrounding walls. The red dot represents the players' location. b) Door choices 

are made by placing the raycaster (green laser graphic) over the appropriate door and 

selecting using the trigger button. c) At all stages during the test-scene, participants can 

view their current distance from the danger zone (index of reward) on a visible graphic. d) 

At the end of the test-scene (i.e., after 80 trials), participants are instructed that they have 

safely escaped the building (end-scene).  

Doors in the VRIGT were colour-coded to ensure that participants recognized them from 

trial to trial (see Figure 1b). Two versions of the VRIGT were created to counterbalance door 

colour. As with IGT decks A and B, VRIGT doors A and B are low-scoring in the long run. 

Although selecting these doors offers the highest maximum per-trial reward (100 meters 

gained from the danger zone), choosing these doors leads to greater losses over time. 

Doors A and B are identical in sum of losses but differ in frequency of loss. Door A has a 

series of regular small losses, whereas Door B is associated with rare but large losses. As 

with decks C and D in the IGT, doors C and D return a low reward initially (50 metres 

gained), yet the loss over time is less. The frequency of loss received from selecting doors C 

and D are matched to doors A and B, respectively. The scoring matrix used in the VRIGT is 

based on the original IGT (as used in Oberdörfer et al., 2021).  
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Study 1’s version of the VRIGT was made to be ambiguously threatening following the 

approach of McCall et al. (McCall et al., 2022).  Following every door selection, the volume of 

a background audio clip (of a building demolition) increased by a small amount. Lighting 

was dim, the air appeared dusty (via a particle system), and participants used a torch to 

illuminate the room.  

Hardware  

Participants experienced the immersive virtual environment via a VIVE head-mounted 

display (HMD) with an integrated Dual AMOLED 3.6’’ diagonal screen, a resolution of 1080 x 

1200 pixels per eye (2160 x 1200 pixels combined), refresh rate of 90 Hz, and a 110 

degrees field of view. Participants also used a wireless VIVE controller with dual-stage 

trigger and integrated HD haptic feedback. For audio, participants wore wireless 

headphones set to a maximum volume of 80%.  

Questionnaires 

In the pre-task questionnaire, participants were asked about their age, gender, and video 

game experience. For exploratory purposes, participants also completed individual 

difference scales related to intolerance of uncertainty; these are not reported here. In the 

post-task questionnaire, participants completed a series of questionnaires about their 

experience in the VRIGT. To rate subjective experience of affect, participants used a slider 

(ranging from “not at all = 0” to “a great deal = 100”) to rate the extent to which the VRIGT 

was: “frightening”, “creepy”, “unpredictable”, “amusing”, “funny”, “engaging”, “confusing”, 

“disgusting”, “interesting”, “surprising”, “frustrating”, “sad”, “boring”, and “enjoyable” (McCall 

et al., 2022). Participants also completed user engagement (O’Brien et al., 2018), and 

tension (Lehne & Koelsch, 2015) scales (see Supplementary Materials for details).  

Procedure   

After providing informed consent and completing the pre-task questionnaire. Participants 

were then told what to expect over the course of the task. This included information 

regarding the VRIGT layout and how to make selections with the controller. Participants were 

then helped into the HMD and were introduced to the virtual world. We counterbalanced the 

starting orientation between conditions across four possible orientations. This was done to 

control for any bias resulting from the spatial start location.  

The initial VRIGT pre-scene provided participants with instructions and an opportunity to 

practice using the controller. Participants were instructed to identify all four doors in the 

visual display, confirm that the audio level was sufficient, and make a door selection using 

the appropriate trigger located on the controller. At the end of the pre-scene, participants 

listened to a set of instructions presented within the virtual world that provided the task 
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narrative, aims, and rules (see Supplementary Materials). Participants then completed the 

task itself for 80 trials (door selections).  

After the trials were completed the task ended and participants were told that they had 

successfully escaped the building. Participants then completed the post-task questionnaire. 

Participants were then debriefed and given information about payment or course credit.  

Analysis 

Performance during the VRIGT. As with the traditional IGT (Bechara et al., 1994), 

performance was calculated as a difference between advantageous and disadvantageous 

selections (C + D) – (A + B). Positive scores (> 0) demonstrate an overall trend of selecting 

doors that minimise net loss. We calculated an overall score (all 80 trials) as well as a score 

for each 20-trial block, as is the convention (Gansler et al., 2011). In the traditional IGT,  

participant performance improves over the blocks (Pasion et al., 2017) with improvement 

expected after about 40 trials in non-clinical populations (Bechara et al., 2005). This 

increase reflects participants learning to discriminate between advantageous and 

disadvantageous choices over consecutive trials (Bechara et al., 1994).   

Computational modelling. We also tested whether the ORL computational model used to 

successfully model IGT data in prior research would also fit our VRIGT data. Prior research 

(Haines et al., 2018) tested the ORL’s model performance (e.g., short- and long-term 

prediction accuracy and parameter recovery) using data from multiple IGT studies with 

diverse samples. The ORL showed comparable or better performance than other models 

used to analyse IGT data.  

Moreover, the ORL provides parameters that are theoretically important for understanding 

the influence of threat on complex decision-making. 1) Reward sensitivity (Arew), where 

higher values represent a greater influence of reward on learning (from 0 to 1); 2) loss 

sensitivity (Apun), where higher values represent a greater influence of punishment on 

learning (from 0 to 1); forgetfulness (K), which represents how quickly decision makers 

forget their past choices (from 0 to 242), with greater values representing shorter retention; 

reward frequency sensitivity (betaF), in which selections are based on win frequency (from—

∞ to + ∞) and positive values demonstrate a preference for options with a high win 

frequency; 5) choice perseveration (betaP), where higher values reflect a tendency to 

repeatedly select from the same option (from—∞ to + ∞). 

To confirm that the ORL had at least equivalent fit for VRIGT data as other IGT-related 

computational models, we also tested the Prospect-Learning Valence Delta model (Ahn et 

al., 2008), the Prospect-Learning Valence Decay model (Ahn et al., 2014), the Value-Plus-

Perseverance model (Worthy et al., 2013), and the Outcome Representation Learning model 

(Haines et al., 2018).   
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Modelling was run using the “hBayesDM” in R (Ahn et al., 2017), following Haines et al. 

(Haines et al., 2018). All models were sampled for 4,000 iterations, with the first 1,500 as 

warmup (i.e., burn-in) across four sampling chains (10,000 posterior samples for each 

parameter total). Model convergence was judged visually by inspection of trace-plots and 

assessment using the Gelman-Rubin test (Gelman & Rubin, 1992), 𝑅̂ values <1.1 suggest 

adequate model convergence. 

Software. All analyses were done in RStudio 4.2.1 [64] (R Core Team, 2022), using R basic or 

the “lme4” 1.1-26 package (Bates et al., 2015). For all LMMs, p values were calculated using 

the “lmerTest” package 3.1-3 (Kuznetsova et al., 2017) and the ANOVA function using 

Satterthwaite’s method for F tests. Pairwise post hoc comparisons were calculated using the 

“emmeans” package 1.6.3 (Lenth, 2023). All pairwise post hoc comparisons used a Tukey 

correction for p-values. A MVT correction was applied when adjusting for multivariate 

comparisons. The “bayesplot” package was used visualise posterior predictive checks (Gabry 

et al., 2019). Finally, univariate outliers were identified using the median absolute deviation 

(MAD) using the “routliers” package (Delacre & Klein, 2019). 

Results 

Regarding previous gaming experience, the sample was generally balanced: none = 19 

(26.76%), some = 31 (45.07%), and lots = 20 (28.16%). See Supplementary Materials for 

details of reported user engagement, tension, and subject experience (see Supplementary 

Figure 3) during the VRIGT.  

Performance during the VRIGT 

Performance scores (M = -1.79, SD = 16.72, 95% CIs: -6.19, 2.60) were normally 

distributed. Using the threshold of 3* MAD (+/- median), no outliers were identified. To 

model the effect of performance over time, we used a linear mixed-effects model (LMM) 

using block as a fixed factor and performance score as the dependent variable. Block 1 was 

used as the reference level. Intercepts were allowed to vary as a random factor at the level of 

the individual. Results demonstrate (see Supplementary Table 2) that the effect of block on 

performance was significant (F(3, 171)  =  9.26, p < .001). Performance improved as blocks 

progressed. Performance in blocks 3 (t.ratio (171) = 4.65, p<.001) and 4 (t.ratio (171) = 

4.09, p<.001) was significantly better than block 1 (see Figure 2). Post hoc comparisons 

between sequential blocks show that the performance significantly improved between 

blocks 2 and 3 (t.ratio (171) = - 2.90, p =. 022, all other p’s> .05). As with the traditional 

IGT (Bechara et al., 2005; Gansler et al., 2011), these results demonstrate that at group 

level, the ability to discriminate between advantageous and disadvantageous choices 

improved after approximately the 40th trial. 
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Figure 2 

Performance over time 

 

Note. Error bars represent -/+ standard error. *Indicates differences from baseline with a 

significant p value *< .050, ** < .01, *** <.001.   

Computational modelling 

As with prior research on the IGT, each of the computational models we tested had adequate 

model convergence with all 𝑅̂ values <1.1. The best model fit (see Supplementary Table 1), 

however, was with the Outcome Representation Learning model (Haines et al., 2018) (see 

Supplementary Figures 1 and 2 for posterior distributions of the hyper (group) parameters 

and posterior predictive checks). 

Study 2 

Building on the findings of Study 1, we developed threatening and nonthreatening versions 

of the VRIGT. This allowed us to test if integral threat affects learning and overall 

performance in a complex decision-making task. We also used the ORL computational 

model to test for any effects of threat on key parameters in the decision-making process 

(e.g., reward sensitivity, loss sensitivity, choice perseveration, and etc.). The research 

questions and analyses for this study were preregistered [As predicted: 130526]. 

Methods 

Participants 

One-hundred (100) participants (male = 46, female = 51, non-binary = 3) with an average 

age of 20 (M = 20.84, SD = 4.23) participated in Study 2. This sample size was chosen 

based on power analyses using the “smir” package in R (Green & MacLeod, 2016); see 
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Supplementary Materials for details. Participants reported a range of gaming experience, 

none = 13%, some = 53%, and a great deal = 34%. Participants were randomly allocated into 

either the threatening (n=50) or nonthreatening (n=50) experimental conditions. Approval 

for data collection was granted by the ethics committee of the Psychology Department at the 

University of York and all experiments were performed in accordance with relevant 

guidelines and regulations.  

Materials 

The materials used in Study 2 were similar to those of Study 1 with a few changes. Study 2 

used two versions of the VRIGT, a threatening version and a nonthreatening version. In the 

threatening version, participants were told that their task was to escape a collapsing 

building. In the nonthreatening version, participants were simply told that their task was to 

exit an office building; there was no mention of any threats (transcripts available in the 

Supplementary Materials). We used these two versions in a between-subjects design which 

we chose to avoid practice effects from repeating the IGT (Ernst et al., 2003). 

In terms of the virtual world’s content, both VRIGT versions used in Study 2 included a 

prime-scene before the task (150s). This prime-scene differed between conditions (see 

Figure 3). In the threat condition, participants entered an elevator that gradually descended 

8 floors. The elevator had transparent doors and on each floor the doors opened. Over the 

course of the descent, participants encountered threats that gradually increased in intensity. 

First, an audible warning instructed participants not to enter the lift (although they had no 

control in doing so). This was followed by an exploding light fitting, fire in the hallway 

opposite the elevator, cracking lift windows, further encroaching fire, and finally, smoke 

which filled the lift compartment (video in Supplementary Materials). The nonthreatening 

condition included a different prime-scene (also 150s); participants still rode the elevator 

for 8 floors, but there were no threatening stimuli, they simply travelled past floors of a 

mundane office building.  

We also changed the content of the task rooms slightly in Study 2. To give a sense of 

moving through a series of different rooms (as stated in the narrative), the appearance of 

the task room changed between trials for both conditions. These changes included subtle 

adaptations to the walls, floor, and lighting. In between trials, the time of the fade was 

extended to 4.8 seconds. There were also minor differences between conditions in the task 

scenes. Capitalizing on the threatening effects of darkness (Grillon et al., 1997), lighting in 

the threat condition was the same as Study 1 (i.e., dim with a torch), while rooms were more 

brightly lit in the nonthreatening condition. The threat condition also included ambient red 

lighting to signal danger (Elliot & Maier, 2007) and some aversive sound effects. These 

effects were taken from sounds already experienced by the participants during the prime-

scene but were not paired with any visual effects. Because participants did not report fatigue 
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in the 80 trial version from Study 1, we increased the number of trials during the task to 

100, meaning that the test-scene did not end until these trials had been completed. 

To measure differences in physiological arousal between conditions, skin conductance level 

(SCL) and heart rate (via ECG) were recorded using AcqKnowledge 5.0 software (Biopac 

Systems Inc., Santa Barbara, CA) and the Biopac MP160 acquisition system. SCL was 

recorded using a wireless Biopac BioNomadix amplifier (BN-PPGED). The electrodes were 

attached to the middle phalanges of the left middle and index fingers. Heart rate was 

recorded using a wireless Biopac BioNomadix ECG (BN-RSPEC) amplifier with a three-lead 

set. Electrodes were placed on the sternal end of the right clavicle, left mid-clavicle, and 

lower left rib cage. These physiological data were collected during a 5-minute baseline 

before the task, during the prime scene, and during the task itself. Heart rate data were 

averaged over these blocks. For skin conductance data, we took the average skin 

conductance minus baseline over the given block. Due to a technical fault during recording, 

we excluded two participants' SCL data from this analysis.  

To test for differences in timing between conditions, we also recorded trial time length.  

Figure 3 

Screenshots of Study 2 prime-scenes for the two conditions 
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Results  

Manipulation checks 

To test differences in subjective experience between the two conditions, we tested for group 

differences in the post-task questionnaire (see Supplementary Figures 4 and 5). For the 

affect variables, we used a LMM to predict rating, with fixed factors for affective category 

(e.g., “unpredictable”), condition, and their interaction. Intercepts were allowed to vary as a 

random factor at the level of the individual. A significant effect of condition (F(1, 98)  = 

23.31, p <. 001), and its interaction with affective category (F(13, 1274)  = 7.44, p <. 001) 

was found on rating (see Supplementary Table 3). Post hoc comparisons of affective terms 

suggested that between conditions, only ratings that the VRIGT was “frightening” (t.ratio 

(1179) = - 7.46, p <. 001), “creepy” (t.ratio (1179) = - 6.51, p <. 001), and “surprising” 

(t.ratio (1179) = - 3.42, p =. 009, all other p’s> .05) were significantly different, with those 

in the threat condition reporting higher ratings in all instances (see Supplementary Table 4). 

The MVT correction was applied to adjust for multivariate comparisons.   

We compared mean heart rate between conditions for the baseline, prime-scene, and task-

scene. At baseline there was no significant difference in heart rate between the threatening 

(M= 89.77, SD = 15.62) and nonthreatening (M= 86.94, SD= 12.20) conditions, t (98) = -

1.01, p =.314. During the prime-scene, average heart rate was significantly higher in the 

threatening (M= 98.85, SD = 17.08) versus nonthreatening (M= 92.76, SD= 13.28) 

conditions, t (98) = -1.99, p =.049. During the task-scenes, heart rate was also higher in 

the threatening (M= 101.29, SD = 17.04) versus the nonthreatening (M= 94.93, SD= 11.95) 

conditions, t (98) = -2.16, p =.033.   

We found no effect of condition on average SCL at baseline. There was also no difference 

between conditions in the baseline corrected averages for the prime or task scenes (all p’s> 

.050).  

The average trial time taken (in seconds) on each trial during the task-scene was not 

significantly different between the threatening (M= 5.85, SD = 2.02) and nonthreatening 

(M= 5.47, SD= 1.33) conditions, t (98) = -1.10, p = .273. 

Performance   

Performance scores were normally distributed, and no outliers were identified. A t test (two-

tailed) comparing performance between threatening (M= -13.04, SD = 29.13) and 

nonthreatening (M= -.92, SD= 22.22) conditions showed a significant difference, t (98) = -

2.15, p =.034. Participants performed worse in the threat condition.   

To assess performance over time, we ran an LMM with block, condition, and their interaction 

as fixed factors. Block 1 was used as the reference level. Intercepts were allowed to vary as a 

random factor at the level of the individual. Results demonstrate (see Supplementary Table 
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5) that the effect of condition (F(1, 98)  =  4.62, p = .034), and its interaction with block 

(F(4, 392)  =  2.47, p = .045) on performance was significant. A significant block by 

condition interaction on performance (see Figure 4) was seen at block 3 (t.ratio (392) = - 

2.87, p =. 004) and block 5 (t.ratio (392) = - 2.47, p =. 014, all other p’s> .05). This 

suggests that the differences in performance between the threatening and nonthreatening 

conditions first emerged at the point when non-clinical individuals in traditional IGT studies 

begin to migrate toward the more advantageous decks, i.e., around the 50th trial (Bechara et 

al., 2005) and the point at which meaningful individual differences tend to emerge (Gansler 

et al., 2011). While participants in the threat condition seem to close the gap by block 4, 

their learning is apparently limited. As a consequence, participants in the nonthreatening 

condition have a higher score in the final block when the benefits of learning peak (Bechara 

et al., 2005). 

Figure 4 

Performance over time between conditions 

 

Note. Conditions (red= threat, grey = nonthreat). Error bars represent -/+ standard error. 

*Indicates differences between conditions with a significant p value *< .050, ** < .01, *** 

<.001.    

Breaking this down for participants in the nonthreatening condition only, we ran an LMM to 

assess the effect of block as a fixed factor on performance, with intercepts being allowed to 

vary as a random factor at the level of the individual. Results demonstrated a significant 

effect of block on performance (F(4,196)  =  12.87, p < .001). Blocks two (t.ratio (196) = 
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3.84, p <. 001), three (t.ratio (196) = 4.50, p <. 001), four (t.ratio (196) = 5.94, p <. 001), 

and five (t.ratio (196) = 6.40, p <. 001) were significantly higher than block one (see 

Supplementary Figure 6 and Table 6). Post hoc comparisons between successive blocks 

confirmed that performance significantly improved between blocks 1 and 2 (t.ratio (196) = - 

3.84, p =. 002, all other p’s> .05). 

 

A different pattern of results emerged in the threatening condition. Here again we used an 

LMM to assess the effect of block as a fixed factor on performance, with intercepts being 

allowed to vary as a random factor at the level of the individual. Results demonstrated a 

significant effect of block on performance (F(4, 196)  =  5.37, p <. 001). Yet, only blocks 

four (t.ratio (196) = 3.87, p <. 001) and five (t.ratio (196) = 3.09, p =. 002) were 

significantly higher than block one (see Supplementary Figure 7 and Table 7). Post hoc 

comparisons between blocks confirmed that performance only significantly improved 

between blocks 3 and 4 (t.ratio (196) = - 3.33, p =. 009, all other p’s> .05).  

 

Computational model 

We applied the ORL, to the data from Study 2 for a more fine-grained analysis of behaviour 

across conditions (as in (Haines et al., 2018). All 𝑅̂ values <1.1 suggest adequate model 

convergence (see Supplementary Figure 9 and Figure 11 for posterior predictive checks). 

Here, the posterior distributions from components of the ORL model were compared 

between the threat and nonthreat conditions of the VRIGT. This approach allowed for 

comparison between groups on model components, given that comparisons that do not 

include 0 (no change) within the 95% highest density interval (HDI) can be considered strong 

evidence in support of a difference (Kruschke, 2018).  

This approach revealed differences in reward sensitivity and choice perseveration between 

participants in the threat and nonthreat conditions of the VRIGT (see Table 1). Participants in 

the threat condition (on average) had a greater tendency to update expectations after 

experiencing reward. They also switched between options (doors) more frequently than 

participants in the nonthreat condition. We found no robust support for differences between 

conditions in terms of loss sensitivity, frequency sensitivity, or forgetfulness.  

 

 

 

 

 

 



48 

 

Table 1 

ORL group level comparisons 

 Threat Nonthreat 95% HDI of comparison 

Reward sensitivity .28 (.05) .08 (.01) .107, .299 

Loss sensitivity .05 (.01) .03 (.01) -.018, .041 

Forgetfulness .87 (.34) 1.51 (.26) -1.487, .175 

Frequency sensitivity 1.24 (.21) 1.22 (.18) -.540, .578 

Choice perseveration .27 (.66) 1.97 (.57) -3.481, -.046 

 

Note. Means and SDs (in brackets) of the ORL model components. 95% HDI based on the 

posterior distributions for the mean differences between groups. Bold indicates strong 

evidence of a difference between conditions.  

Discussion  

Here we used a virtual reality-based version of the Iowa Gambling Task (IGT) to test the 

effects of threat on complex decision-making. We made threat integral to decision 

outcomes and tested its effects using both traditional measures of performance and 

computational modelling. In doing so, we show that threat reduces decision-making 

performance, likely by increasing focus on short-term rewards and decreasing meaningful 

choice perseveration. 

In Study 1, we piloted our virtual reality version of the IGT (VRIGT). As with the traditional 

IGT, performance improved over the course of the task as participants learned to make more 

optimal choices. We were furthermore able to fit the data using computational models that 

have been useful for modelling IGT data in prior research (Haines et al., 2018). Together, 

these findings are in line with previous work which shows that playing the IGT in a VR 

environment, when compared to a computerised desktop display, does not disrupt 

performance (Oberdörfer et al., 2021). Moreover, participants’ subjective reports from Study 

1 also suggest that the VRIGT provided a challenging and complex task.  

In Study 2, we tested the effects of threat on complex decision-making performance and 

learning. We created two versions of the VRIGT, one threatening and one nonthreatening. 

The biggest differences between these conditions emerged before the task itself (i.e., in the 

prime-task scene), during which participants in the threat condition were immersed in a 

virtual building that was slowly collapsing. Participants in the nonthreatening condition were 

in a similar building but without the threatening details. This manipulation appears to have 

been effective, as participants rated the threatening environment as more frightening than 

the nonthreatening environment. Participants in the threatening condition also exhibited 

higher average heart rates throughout the experience (although we found no difference in 

skin conductance).   
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More importantly, the manipulation of threat negatively affected task performance overall 

and over time, with participants requiring more trials to significantly improve performance 

from baseline and scoring lower in the final block when compared with those in the 

nonthreatening condition. In general, these findings replicate previous work that 

demonstrated a negative impact of incidental threat on IGT performance and learning 

(Simonovic et al., 2017, 2018; Wemm & Wulfert, 2017). Our data add to this literature by 

showing these detrimental effects when threat is integral (and not incidental) to the 

decision-making task. Whereas prior work created situations where threat emerged as part 

of a separate task, divorced from the decision-making process itself, decisions in the VRIGT 

have direct relevance to threat imminence (i.e., on how far the participant is from danger).   

To more closely investigate differences between conditions, we used the ORL computational 

model. These findings reveal that individuals in the threat condition were more driven by 

reward and displayed less choice perseveration (i.e., a greater tendency to switch between 

choices) over the course of the task. Indeed, these tendencies may be at the root of the 

poorer performance in the threat condition. Prior research has connected greater reward 

sensitivity with poor performance on the IGT (Bechara et al., 2000; Zeif & Yechiam, 2020). 

The aim during the IGT (as is often the case in real-world situations) is to maximise net 

reward over time, which sometimes requires individuals to sacrifice immediate gain (e.g., 

the magnitude of a single trial) in favour of longer-term goals. Moreover, these findings 

support suggestions by Wemm & Wulfert (2017) that acute stress enhances the salience of 

reward-associated behaviours. Here, a bias to only focus on the metaphorical “carrot” and 

neglect the “stick” leads to sub-optimal performance.   

These data are also roughly in line with Ben Hassen et al. (Ben Hassen et al., 2023), who 

suggest that threat reduces loss aversion in the IGT, as evidenced by a lower index of the 

loss aversion parameter of the VPP computational model following threat manipulations. 

However, as noted by the authors, the VPP models loss aversion and sensitivity for reward as 

a single parameter (e.g., losses relative to gains). Therefore, the reported changes in this 

parameter in their study could be interpreted either as higher sensitivity to gains or as lower 

sensitivity to losses. We provide a degree of clarity here. We used the ORL model, which 

separates sensitivity for reward and loss (Haines et al., 2018), and found that threat did not 

disrupt loss sensitivity, but did affect reward sensitivity.  

The way individuals sample information via choice switching also tells us something about 

how they deal with complex decisions (Yechiam, 2020). Some previous research suggests 

that when making decisions from experience, individuals in threat-related states sample 

more information before making a choice (Frey et al., 2014). Yet these findings are at clear 

odds with suggestions elsewhere in the literature that incidental threat promotes premature 

closure, whereby an individual perseverates on a given choice before sufficiently exploring 

their options (Dubois & Hauser, 2022; Keinan, 1987). Here, using a task in which threat is 
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integral to decision-making, we find that threat increased individuals’ tendency to switch 

between choices. That is, rather than early choice perseveration and limited exploration, 

threatened participants continued sampling from the different options. However, this 

greater exploration did not lead to improved performance. Instead, participants in the 

threatening condition performed worse than controls. With this in mind, the threatened 

group’s switching between options may have been more impulsive than strategic (Ben 

Hassen et al., 2023). Future research could more directly test this claim with paradigms that 

evaluate impulsivity (e.g., Simon et al., 2021). Moreover, future research could also directly 

test the effects of integral versus incidental threat on complex decision-making. Factors 

such as choice perseveration may be different when threat is an incidental distractor versus 

when an individual’s decisions have direct implications for the level of threat.      

The findings presented here demonstrate the utility of combining existing decision-making 

paradigms with VR’s ability to effectively make threat an integral part of a task. Here, we 

used the IGT as our starting point. Future work could take a similar approach with other 

multi-armed bandit paradigms. Further work could also look at variability in the effects of 

threat on performance based on individual differences. Indeed, decision-making is shaped 

by many factors including other forms of affect (Asutay & Västfjäll, 2022; Västfjäll et al., 

2016), working memory (Bagneux et al., 2013), and intolerance for uncertainty (Luhmann et 

al., 2011).   

Regardless, the current findings suggest that when threat is an integral part of complex 

decision-making, it can disrupt learning from feedback, focus attention on short term 

rewards, and reduce perseveration on adaptive choices. This pattern of effects may have real 

world implications for individuals living and working in threatening environments. Threat 

biases the decision-making process; knowing the nature of those biases might help people 

in dangerous settings keep themselves and others safe.   
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Abstract  

Complex decision-making is difficult, and this difficulty only intensifies when those 

decisions must be made under threat. The ability to adapt behaviour in response to 

feedback is an important process underlying complex decision-making performance. 

However, understanding how threat shapes flexibility and how it impacts performance, is 

extremely challenging given that paradigms often fail to distinguish between different types 

of threat, and indeed forms of uncertainty. We embedded a three-arm probabilistic reversal 

learning task into an immersive virtual environment to explore the effects of integral 

manipulations of threat on cognitive flexibility. This allowed us to manipulate threat in such 

a way that it was directly related to the task at hand, not incidental which is often the case 

experimentally. The probabilistic reversal learning task allowed us to isolate two specific 

types of uncertainty: volatility and stochastic variability. One hundred participants 

completed the task under both threatening and nonthreatening conditions. We also used a 

computational model to estimate learning rates and inverse temperature between 

conditions. While threat did not impair reversal learning performance, it was associated with 

higher learning rates and inverse temperature estimates, indicating increased 

responsiveness to feedback and a greater tendency to exploit current beliefs. This 

challenges the threat rigidity perspective, that proposes threat drives inflexibility and 

reduces responsiveness to feedback. This shift in process may support rapid action under 

volatile, well-defined constraints but may limit adaptive action when situations are complex. 
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Introduction   

Optimal decision-making in dynamic environments requires cognitive flexibility. Imagine 

being trapped inside a building that has begun to collapse. Heading towards the closest exit 

may initially be a sensible choice. But the merit of that choice might change if one 

encounters an impassable stairway. In this situation, the individual must update 

expectations based on feedback from the environment. Moreover, they must balance the 

trade-off between exploiting previous choices and searching for novel solutions. In this 

sense, the processes of decision-making and learning are fundamentally intertwined (Levy & 

Schiller, 2021). Prior research suggests that threat disrupts both learning and decision-

making in complex, volatile environments (Laycock et al., 2024). One way in which it might 

do so is by limiting cognitive flexibility, specifically the learning processes that allow an 

individual to flexibly respond to changes in the environment (Fellows & Farah, 2005; Krems, 

1995).  

Reversal learning 

Reversal learning, the ability to adapt to changing associations between choice and reward, 

is one important form of cognitive flexibility. It is critical to success in dealing with an 

uncertain and dynamic natural world (Bland & Schaefer, 2012). Deficits in reversal learning 

are associated with maladaptive functioning, with impairment typical across a broad range 

of clinical conditions (Perandrés-Gómez et al., 2021; Uddin, 2021).  

Lab-based studies using animals have a long history investigating reversal learning (Butter, 

1969), and research using human subjects is increasingly common (Izquierdo et al., 2017). 

During a traditional probabilistic reversal learning task, subjects are asked to choose 

between two (Weiss et al., 2021) or more (Wittmann et al., 2023) stimuli, and the subject 

receives immediate feedback that the choice is either rewarded (or not). The stimuli are 

presented on a desktop visual display (Highgate & Schenk, 2021) and are often abstract 

such that they don’t hold any pre-existing meaning or associations to participants (Weiss et 

al., 2021). A choice represents a single trial. In many human studies (Highgate & Schenk, 

2021), reward is jittered probabilistically.  

For example, in a two-option version of the task, the optimal option will be rewarded 70% of 

the time, while the suboptimal option will be rewarded 30% of the time. This is repeated 

over many trials. However, periodically, the associations between choices and rewards are 

reversed without participants being explicitly informed. Thus, to perform optimally, 

participants must negotiate stochastic variability (i.e., jitter), and volatility (i.e., reversals 

over time) during the task (Levy & Schiller, 2021; Simoens et al., 2024). The ability to 

identify this change and adapt choices to maximise reward is a feature of cognitive 

flexibility.  
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Historically, measures of reversal learning in these paradigms include the number of 

accurate responses (and mistakes) participants make after each reversal (Weiss et al., 2021), 

the number of errors made before reaching a learning threshold (Hampton et al., 2007; 

Murphy et al., 2003), the use of simple heuristics such as win-stay/lose-shift rates 

(den Ouden et al., 2013), and the differences in sampling behaviour such as perseveration 

across trials (Izquierdo et al., 2017). However, increasingly computational methods are 

being employed to index the cognitive processes that underlie decision-making. 

Computational modelling can estimate parameters such as learning rate and inverse 

temperature (Gläscher et al., 2009; Wittmann et al., 2023), and can therefore be used to 

identify the effects of experimental manipulations on these specific cognitive processes.  

Learning rate and inverse temperature parameters (Rescorla, 1972; Siegel & Allan, 1996)  

describe how individuals update their expectations based on prediction error. Ideally, these 

parameters should adapt to enhance the ability to anticipate future events in a given 

environment, as this is the fundamental aim of the learning process (Behrens et al., 2007). 

The learning rate describes how much weight is given to new information, reflecting how 

quickly expectations adjust. Inverse temperature describes the consistency of decision-

making. Higher values reflect choices more reliably following learned rewards, while lower 

values reflect greater variability and exploration. Together, these parameters isolate key 

aspects of the learning processes that underlie decision-making. 

To illustrate, recall our scenario where someone is trapped inside a collapsing building. 

Learning rate indexes how quickly they incorporate new information, such as the 

appearance of hazards on a given route, into their decision-making process. Individuals 

with a high learning rate will be more influenced by the new information about hazards than 

those with a low learning rate. This difference reflects how their expectations for the 

different routes (i.e., the learned values for those different options) are updated with 

experience. Inverse temperature, on the other hand, describes the extent to which an 

individual’s choices are based on those learned values. Individuals with a high inverse 

temperature stick more rigidly to the path that has been most rewarding in the past, while 

those with a lower inverse temperature are more likely to explore alternative paths. 

Reversal learning under threat  

Of course, being trapped inside a collapsing building is not only a computationally 

challenging situation to negotiate, but also profoundly threatening. Reports of individuals 

with lived experience dealing with dynamic choices under threat suggest that threat impacts 

decision-making performance (Harris et al., 2017; McCall & Laycock, 2024). This is perhaps 

not surprising, as threat impairs brain regions that support cognitive flexibility (Arnsten, 

2009), and likely impact aspects of cognition that underly adaptive functioning, and leads to 

inflexibility (Giovanniello et al., 2023). Threat interference (i.e., fixation on aversive stimuli) 
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can impair short-term retention of information (Angelidis et al., 2019), bias recall towards 

emotive stimuli, and narrow attentional scope (Starita et al., 2019; Thomas & Wulff, 2024). 

This excessive fixation on a stressor may lead to reduced informational search and 

restricted cognitive flexibility (Azriel & Bar-Haim, 2020; Wichary et al., 2016).  

In general, these effects across a wide range of cognitive domains align with the threat-

rigidity hypothesis, which posits that under threat, individuals constrict information 

processing and default to rigid behaviours that undermine adaptability (Kamphuis et al., 

2011; Pahng & Kang, 2023; Staw et al., 1981). In essence, behaviour is less sensitive to 

feedback (Bogdan & Pizzagalli, 2006) and more dependent on intuition-based computation 

(Schwabe & Wolf, 2011; Yu, 2016). This would suggest that under threat we would expect 

worse performance on reversal learning tasks, given that success requires flexible updating 

of choice-reward associations across changing contingencies. Breaking this down, rigidity 

would result from individuals being slower to learn and less governed by feedback.  

 

Yet, things aren’t so simple to interpret through the lens of threat rigidity (Mazzei et al., 

2025). The effects of threat on higher order cognition are often more nebulous. For 

example, using the Iowa Gambling Task to operationalise complex decision-making 

performance, we found that threat negatively impacted learning (Laycock et al., 2024). In 

this study, participants in the threat condition demonstrated increased sampling, despite 

worse performance when compared to those in a nonthreat condition. Given the worse 

performance, this was interpreted as erratic choice behaviour. Participants under threat 

appeared to be sampling more information, but not using that information to improve 

performance.  

One explanation for these and other findings is that threat impairs reversal learning, which 

in turn impacts performance on complex tasks that require individuals to adapt choice 

behaviour in response to feedback. This would result in a disconnect between the amount of 

information acquired (i.e., increased sampling) and performance over time. Indeed, evidence 

suggests that an underlying cognitive flexibility deficit may play a significant role in 

impairing performance on complex decision-making tasks (Fellows & Farah, 2005; Krems, 

1995). However, complex decision-making tasks (e.g., the Iowa Gambling Task) are not 

always suited to directly measure cognitive flexibility. Rather than presenting participants 

with discrete reversals that allow researchers to index adaptability to changes in feedback at 

specific points, they expose individuals to a nuanced, non-binary reward/loss schedule and 

focus on gradual behavioural shifts. This makes it challenging to attribute behaviour to 

specific events, since behaviour is shaped by many overlapping experiences. 

Although research on how threat influences reversal learning remains limited and is 

primarily drawn from animal studies, findings suggest that threat can disrupt the ability to 

modulate behaviour as a function of feedback (Bogdan et al., 2011) and have a maladaptive 
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effect on cognitive flexibility (Giovanniello et al., 2023). However, effects can vary depending 

on the type of stressor and task constraints (Giovanniello et al., 2023; Hurtubise & Howland, 

2017). For example, in a study by Paret & Bublatzky (2020), participants performed a classic 

two-armed reversal learning task. Participants were instructed that they might receive 

(small) electric shocks when a specific background colour was present at various stages of 

the task. Thus, the task alternated between the contextual setting of threat and safety. 

Findings demonstrated that this manipulation of threat resulted in diminished reversal 

learning performance, as indexed by an increase in the number of non-rewarded stimuli 

chosen after reversal. In line with the threat-rigidity hypothesis, these findings were 

interpreted as enhanced habitual behaviour and failure to update behaviour based on 

feedback under threat. 

The relationship between threat and decision-making 

Research on the influence of threat on decision-making has taken a variety of different 

approaches. One key distinction between these approaches is the relationship between the 

threat and the decision-making task. In some studies, the threat manipulation occurs before 

the decision-making task (Wemm & Wulfert, 2017). In other studies, the threat is incidental 

to the decision-making task, occurring in parallel to it (Paret & Bublatzky, 2020; Simonovic 

et al., 2018). In a small set of studies, threat is integral to the decision-making process in 

the sense that the outcome of the decisions directly impacts the level of threat (Laycock et 

al., 2024). These different approaches may produce different results for good reason.   

For example, when fleeing our metaphorical building, threat is integral to one’s decisions 

about the best escape route. Taking the wrong route directly impacts the level of threat. In 

this sense, threat is not merely a distraction from the task of escaping the building, it 

provides critical information. Success requires an individual to act on this information. 

Ignoring feedback from the environment (e.g., a loud bang or smoke bellowing from 

underneath a door) likely impacts performance. This is not the case with situations where 

threat is incidental to decision-making.  It is analogous to trying to do a different task (e.g., 

attending to the needs of an injured person) in the midst of a collapsing building. Threat 

here is a distractor and only draws attention away from the task at hand. 

With this in mind, the way threat is experimentally manipulated may be important for 

interpreting the results of a given study (Asutay & Västfjäll, 2024; Laycock et al., 2024; 

Västfjäll et al., 2016). As discussed, threat is often manipulated before the task. This time 

disparity makes it unclear if the effects of the threat manipulation are due to being in a 

threatened state or recovering from one (Ting et al., 2022). In paradigms where threat is 

incidental to the task (Paret & Bublatzky, 2020), the effects of manipulation on behaviour 

may tell us about the distracting nature of threat. But unless manipulation of threat is 
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integrally tied to decision-making itself, then the task may fail to tell us how individuals 

make decisions directly related to threat.  

The current study 

In a preregistered study, we embedded a reversal learning task into an immersive virtual 

environment (the VRCF) to explore the effects of integral manipulations of threat on 

cognitive flexibility. The VRCF places participants in a virtual building. During the non-

threating condition, the participant’s task was to simply make their way outside of the 

building. During the threat condition, this was different; participants were informed that the 

building was slowly collapsing and that their task was to escape. Visual and audio effects 

were added to create the threatening experience. This world was based on a virtual world 

that was previously been shown to elicit feelings of creepiness and fear and increase heart 

rate, as compared to a nonthreatening condition (Laycock et al., 2024).  

During the VRCF, participants completed a three-arm probabilistic reversal learning task. 

This was inspired by traditional reversal learning tasks, where the objective is to select the 

options associated with reward, but where the pairing of choice and reward changes over 

time (i.e., at reversals). The three-armed bandit task has previously been used in both 

animal (Noonan et al., 2010) and human populations (Wittmann et al., 2023). The three-

armed version of the task limits the utility of simple strategies (Izquierdo et al., 2017), as at 

the point of reversal, participants cannot simply switch to the other choice, but must 

determine which of the other choices is optimal. This introduces a sense of ambiguity, and 

likely increasing cognitive demand (Daw et al., 2006).  

In each trial of our version of the task, participants were placed in a room and asked to 

choose between doors on three different sides of the room. Each door represented travelling 

in a specific direction. After selecting a door, they learned if the door could be successfully 

opened or if it was locked. If the door opened, they could continue travelling in that 

direction.  As such, doors that opened were optimal to achieving task success (i.e., exiting 

the building). Reward (and reversal of reward) were operationalised as the likelihood of 

doors in a given direction opening.    

Using this experimental paradigm, we addressed a series of hypotheses, based on the 

theoretical claims of the threat-rigidity literature (Staw et al., 1981), previous research using 

an incidental manipulation of threat on reversal learning ability (Paret & Bublatzky, 2020), 

and prior work using a complex decision-making task (Laycock et al., 2024).  

First, we predicted that participants in the threat condition would perform worse on the 

reversal task when compared to those in the nonthreat condition. We predicted participants 

in the threat condition would demonstrate significantly lower overall task performance when 

compared to those in the nonthreat condition.  
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Our second hypothesis was that participants in the threat condition would require more trial 

blocks to improve task score from baseline, when compared to those in the nonthreat 

condition, based on the expectation that participants in the threat condition would be 

slower to adapt behaviour to task demands.  

We also used a computational model to estimate learning rates and inverse temperature 

across conditions. We predicted that learning rate and inverse temperature would be 

significantly lower in the threat condition, when compared to the nonthreat condition, based 

on the notion that participants in the threat condition would be less responsive to feedback 

(i.e., are less flexible), and that choice behaviour in the threat condition would be based to a 

lesser extent on feedback. 

Methods 

Participants  

We recruited 100 participants (females = 72, males = 25, and non-binary = 3), all over the 

age of 16 years (mean = 21.81, SD = 6.87, median = 19, min = 18, max = 52). Every 

participant completed the measures without technical difficulties and received either course 

credit or an £8 gift card as compensation for their time. 

The study received approval from the Ethics Committee of the Psychology Department at the 

University of York, and all procedures were conducted in accordance with relevant 

guidelines and regulations. The study was registered on OSF preceding data collection []. 

Finally, participants reported varying levels of gaming experience: 14% indicated no 

experience, 52% reported some experience, and 34% described having a great deal of 

experience. 

An estimate of the sample size was determined by calculating the smallest effect size of 

interest, for a within-subjects analysis, using a dependent t-test at a reasonable Type II 

error rate (smallest d = .3, power = .80, α= .05). This power analysis suggested a sample 

size of 90. 

VRCF 

The VRCF was adapted from previous work which has demonstrated the effectiveness of 

manipulating environmental threat using VR (see for more detail: Laycock et al., 2024). The 

VRCF is comprised of three scenes: the prime-scene, test-scene, and end-scene.  

During the prime scene, participants were placed in a virtual lift that travelled down eight 

floors over the course of 150 seconds. In the threat condition, participants experience a 

number of visually aversive events (e.g., windows breaking, fire spreading, and electrical 

failure). Audio was also used to instantiate the experience. These events were not present in 

the nonthreatening condition.  
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Next, participants enter the task scene. In the threat condition, participants were placed in a 

darkened room, although they had a torch, their field of view was restricted. Participants 

were exposed to aversive sounds taken from the prime scene, yet no visual events were 

used. The nonthreating condition included no emotive stimuli. During the task scene, the 

VRCF participants took part in a probabilistic reversal learning paradigm (Highgate & 

Schenk, 2021).  

Here, participants were required to select “doors” from an array of three colour-coded 

options (A, B, and C). Following selection, doors either opened or were locked. At any point, 

one door was always optimal, that is, successfully opened on 70% of trials, and two where 

suboptimal (successfully opened on 30% of trials). After every 30 trials, this switched, and a 

new door became the optimal choice. During the task, optimal choices switched three times 

over the course of 120 trials (i.e., selections). 

The central aim of the task was to open as many doors as possible. Therefore, improved 

performance on the task required participants to adapt their choice behaviour as a function 

of changes to the reward schedule. In both conditions, once all 120 trials had been 

completed, participants entered the end-scene and were instructed that they had escaped 

the building and the VRCF ended.   

Hardware  

Participants used a VIVE head-mounted display (HMD) with an integrated Dual AMOLED 3.6’’ 

diagonal screen, a resolution of 1080 x 1200 pixels per eye (2160 x 1200 pixels combined), 

refresh rate of 90 Hz, and a 110 degrees field of view to engage with the virtual task.  

A wireless VIVE controller with dual-stage trigger and integrated HD haptic feedback was 

used to interact with task features during play. Participants wore wireless noise-cancelling 

headphones set to a maximum volume of 80% at all points during the task.  

Participants wore a bHapticts (TactSuit X40) haptic suit in both conditions. The TactSuit X40 

covers a subject’s torso. Using the Audio-to-Haptic feature (set to .05 feedback intensity), 

audio during the task was converted into haptic feedback via 40 synchronised vibro-tactile 

motors.  This tactile stimulation was included to reinforce the feeling of immersion 

experienced during the VRCF. We made the addition in response to suggestions from 

participants following a pilot development phase.  
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Questionnaires  

User Experience Scale (O’Brien et al., 2018). 

The User Engagement Scale (UES) measures self-reported user engagement (O’Brien et al., 

2018). As our intent was to use the UES as an index of real-world dissociation, we only used 

the three-item component of focused attention. A sample item from this scale was “I lost 

myself in this experience”. Responses were recorded on a 5-point Likert scale (from 1 = not 

at all characteristic of my experience to 5 = entirely characteristic of my experience). Higher 

scores indicate greater focused attention during the VRIGT.  

Affective response.  

Affective experience was rated by participants following both the threatening and 

nonthreatening conditions. To do so, we asked participants to rate their overall affective 

response to the 14 categories of affect (e.g., frightening), using scales ranging from “not at 

all = 0” to “a great deal = 100” (as in: McCall et al., 2022).   

Procedure  

Participants first completed a composite survey (online: Qualtrics). The survey consisted of 

basic demographics questions (age, gender, gaming experience), as well as two individual 

difference questionnaires: the Intolerance of Uncertainty Scale (IoU; Carleton et al., 2007) 

and the Need for Closure Scale (NfC; Roets & Van Hiel, 2011). For analysis, see 

Supplementary Materials: Individual differences.  

Next, participants had the opportunity to ask questions and test the equipment. This was 

achieved using a mock version of the VRCF. We ensured participants understood all 

functional aspects of the task.  

All participants then completed both VRCF conditions of the study (threat/nonthreat). Before 

each condition of the VRCF, an audio narrative was played (see Supplementary Materials for 

transcripts). Participants then completed the VRCF. Each condition had two versions where 

the reward schedule differed. In version 1) doors B, A, C, A, were optimal with reversals 

every 30 trials. In version 2) the optimal door followed an alternative schedule, A, C, B, and 

C. Participants were randomly allocated into one of these versions for each condition. 

Further, the order of conditions (e.g., threat then nonthreat) was also randomised in a 

counterbalanced fashion.  

After each VRCF condition, participants completed another survey online. This survey 

included questions about subjective experience regarding feelings of immersion and threat 

(e.g., “how threatening did you find the virtual world?”). Participants were also asked to 

complete a free-text section to provide additional details of their experience. 
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Analysis  

We did all analyses in RStudio 4.2.1 [64] (R Core Team, 2022), using R basic, “lme4” 1.1 

(Bates, 2006), and the “psych” package (Revelle, 2022). Here, p-values were calculated using 

the “lmerTest” package 3.1 (Kuznetsova et al., 2017), and the ANOVA function using 

Satterthwaite’s method for F tests. The “emmeans” package 1.6.3 (Lenth, 2023) was used for 

Pairwise post hoc comparisons. Post hoc comparisons used a Tukey correction for p-values. 

However, the MVT correction was applied when adjusting for multivariate comparisons (e.g., 

interactions). The median absolute deviation (MAD) was used to identify univariate outliers 

using the “routliers” package (Delacre & Klein, 2019). The “pwr” package was used for power 

analysis (Champely, 2020). Highest Density Intervals (HDI) of posterior draws were 

calculated at 89% (McElreath, 2016, 2018). 

Computational model for learning rate and inverse temperature 

We selected a simple Rescorla-Wagner model to robustly estimate parameters that best 

reflect fundamental associative learning processes via prediction error. While more 

sophisticated models may offer improved fits to behavioural variability (Browning et al., 

2015; Huang et al., 2017; Weiss et al., 2021), our objective was not theoretical parsimony, 

but robust precision. The chosen model prioritised the interpretability and specificity of 

parameters indexing the core processes of interest, rather than generalised performance 

prediction. 

We ran our model in STAN (Carpenter et al., 2017; Stan Development Team, 2023) using the 

R “cmdstanr” interface (Gabry et al., 2025), to estimate two parameters considered 

theoretically important for understanding the influence of threat learning (Supplementary 

materials). The model used Rescorla-Wagner delta rule to estimate, (1) Learning rate (alfa), 

where higher values represent a greater influence of reward on learning (from 0 to 1); (2), 

Inverse temperature (beta), where higher values indicate more deterministic decision-

making, meaning choices are more strongly guided by learned values (Q-values) e.g., 

expectation formed over time based on past experiences (ranging from 0 to 5). 

We used a Bayesian Hierarchical method to estimate parameters (Kruschke, 2014; Lee, 

2011), given the demonstrated improved efficacy of MCMC and hierarchical process to 

search the parameter space, over regular optimisers (Ahn et al., 2011, 2017). This is 

especially useful when attempting to estimate multiple parameters and require group and 

individual-level parameter estimations. Parameter recovery across a range of simulated 

known parameter values was used to clarify model and method suitability (Wilson & Collins, 

2019).  

All models were sampled for 4000 iterations, with the first 1000 as warmup (i.e., burn-in) 

across four sampling chains. Model convergence was judged visually by inspection of trace-
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plots and assessment using the Gelman–Rubin test (𝑅̂), values < 1.1 suggest adequate model 

convergence (Gelman & Rubin, 1992). 

Results  

Subjective experience  

Affect 

To investigate differences in subjective experience between the threat and nonthreat 

conditions, we tested for differences in the post-task questionnaire across conditions. For 

the affect variables, we used an LMM to predict rating, with fixed factors for affective 

category (e.g., “unpredictable”), condition, and their interaction. Intercepts were allowed to 

vary as a random factor at the level of the individual. A significant effect of condition (F(1, 

2673) = 131.290, p <. 001), and its interaction with affective category (F(13, 2673) = 

17.787, p <. 001) was found on rating. 

Next, we computed a series of post hoc comparisons of the effect of an affective term-

condition interaction on ratings. To adjust for multivariate comparisons, we applied an MVT 

correction. Results suggested that between conditions, ratings that the VRCF was 

“frightening” (t. ratio (2673) = - 11.04, p <. 001), “creepy” (t. ratio (2673) = - 8.52, p <. 

001), “surprising” (t.ratio (2673) = - 7.71, p <.001, “interesting” (t.ratio (2673) = - 4.31, p 

<.001, “engaging” (t.ratio (2673) = - 6.13, p <.001, and “unpredictable” (t.ratio (2673) = - 

3.80, p =.002, where reported following the in the threat condition when compared to the 

nonthreat condition. Conversely, ratings that the VRCF was “boring” (t.ratio (2673) = 5.37, p 

<. 001) were higher following the nonthreat condition. All other were p’s> .05 

(Supplementary Materials: Linear Mixed Model Outputs). 

Tension   

In the threat condition, 10% of participants reported that their tension remained flat, 

showing no change over time. A similar proportion (13%) experienced increasing tension, 

while a larger portion (39%) felt their tension decrease as time passed, and 38% described 

tension as dynamic, fluctuating over time. In the nonthreat condition, 29% reported their 

tension as flat, while 20% experienced increasing tension. 31% of this noted a decrease in 

tension, and 20% felt that their tension fluctuated dynamically.   

User experience  

We also collected data on focused attention using the UES (O’Brien et al., 2018). The mean 

scores were M =3.59, SD = .82 in the threat condition and M =3.23, SD = .93 in the 

nonthreat condition. Both averages exceeded the threshold of 3 (the scaling midpoint, 

indicating “neither agree nor disagree”), suggesting participants experienced some degree 

of immersion (e.g., real-world dissociation).  
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Performance during the VRCF 

Learning on the three-armed version of the reversal learning task is a considerable 

challenge. Despite this difficulty, at group level, participants did learn to identify the correct 

door in the final window of trials before a reversal, but it is apparent that as trials 

progressed, learning deprecated (Figures 1 and 2). This was demonstrated by estimating a 

critical value to determine a significant change. The critical value was calculated using a chi-

square goodness-of-fit test to determine whether the observed proportion of correct 

responses significantly differed from the expected proportion under random chance (33.33% 

vs 66.66%). A significant deviation from expected values at a critical value of .40 was found: 

χ² (1) = 3.84, p < 0.05. This critical value represents the point at which the proportion of 

correct responses was significantly higher than expected under chance distribution. All 

points above this line may be considered above chance.  

Figure 1 

Percentage of correct choices by trial 

Note. Illustrates the percentage of correct choices across trials. Coloured lines represent red 

(threat), blue (nonthreat), and black (average across conditions).   
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Figure 2 

Learning: critical value 

 

Note. The percentage of correct responses in the final five trials before a reversal was 

indexed, as a grand average (mean across all blocks) and individual blocks. These values are 

illustrated with reference to a critical value marked by the red vertical line.  

Overall performance  

To investigate our first hypothesis, that participants in the threat condition would have a 

significantly overall lower task score when compared to those in the nonthreat condition, we 

tested differences between the overall task score, i.e., the sum of doors opened (e.g., 

rewarded trials) during the task across all 120 trials. Results of a dependent t-test revealed 

no significant difference in overall score between the threatening (M = 53.67, SD = 8.36) 

and nonthreatening (M = 54.22, SD = 7.48) conditions, t (99) = .68, p = .498. 

Further investigation was conducted using a Bayesian estimation of the posterior 

distribution of differences in means (threat – nonthreat) to test for the prospect of a null 

effect. No evidence was found (Supplementary Materials Figure 3). Indeed, this approach 

estimated an 81.8% probability that the true difference was below 0. 𝑅̂ value <1.1 suggested 

adequate model convergence.  

To assess the effect of order (e.g., which condition participants completed first) on overall 

performance, we ran an LMM with condition, order, and their interaction as fixed factors. 

The overall score was used as a dependent variable. Intercepts were allowed to vary as a 

random factor at the level of the individual. Results (Supplementary Table X) demonstrate 

that neither the effect of condition (F(1, 98) = .50, p = .479), nor order (F(1, 98) = 1.77, p = 

.186) score was significant. A significant condition-order interaction was found (F(1, 98) = 
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10.00, p = .002) on score. Further investigation using an MVT correction suggested that 

only when participants did the threat condition first (relative to second), did those in the 

threatening condition perform worse on the task (t. ratio (98) = 2.72, p = .014). However, 

this effect should be interpreted with caution, as we were not powered for a post hoc 

analysis and found a non-significant effect between the threat and nonthreat condition on 

overall performance when both were performed first (t. ratio (156) = 1.51, p = .435).  

Performance over time 

To analyse performance over time, we recalculated performance into four, thirty trial blocks. 

This allowed us to test our second hypothesis that participants in the threat condition would 

take more trial blocks to significantly improve their task score from baseline (block 1) 

compared to those in the nonthreat condition. To assess the effect of block on performance, 

we ran an LMM with block, condition, order (e.g., which condition participants completed 

first), and their interactions as fixed factors, and score as a dependent variable. Intercepts 

were allowed to vary as a random factor at the level of the individual. Results demonstrate 

that the effect of a block-condition interaction on score was not significant (F(3, 686) = 

.611, p = .608). The block-condition-order interaction was also not significant (F(3, 686) = 

.74, p = .526). To account for dependence between observations over time, an 

autocorrelation term was considered. The inclusion of an autocorrelation term did not 

significantly improve model fit (p=.633), AIC: autocorrelation term + (3957.37), 

autocorrelation term – (3955.60), indicating no meaningful improvement. 

Computational modelling  

To address our third and fourth hypotheses, that that group level learning rate and inverse 

temperature would be significantly lower in the threat condition when compared to the 

nonthreat condition, we used a computational model to estimate these parameter values 

between groups and at the level of the individual participant (see “Methods”). Supplementary 

Materials Figures 1 and 2 illustrate the posterior distribution of group-level parameter 

estimates. 

Threat condition 

In the threat condition group-level parameters were estimated as: learning rate (mu alpha) 

= .59 (SD= .038) and Inverse temperature (mu beta) = 2.48 (SD =.178). The 5th and 95th 

percentiles for learning rate were .52 and .65, respectively. The 5th and 95th percentiles for 

Inverse temperature were 2.19 and 2.77. At the level of the individual, variability across 

participants was also calculated: learning rate (sigma alpha) = .32 (SD =.026) and Inverse 

temperature (sigma beta) = 1.65 (SD =.125). Convergence diagnostics, as assessed by the 

Gelman-Rubin statistic (𝑅̂) were all < 1.01, indicating satisfactory convergence.   
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Nonthreat condition 

In the nonthreat condition, the group-level parameters were estimated as: learning rate (mu 

alpha) = .507 (SD= .040) and Inverse temperature (mu beta) = 2.25 (SD =.178). The 5th and 

95th percentiles for learning rate were .44 and .57. The 5th and 95th percentiles for Inverse 

temperature were 1.96 and 2.55. Again, individual variability across participants was also 

calculated: learning rate (sigma alpha) = .34 (SD =.027) and Inverse temperature (sigma 

beta) = 1.53 (SD =.120). 𝑅̂ < 1.01, indicated satisfactory convergence.  

Comparison between conditions, learning rate  

Learning rate was estimated as higher in the threat condition (Supplementary Materials 

Figure 4). To further explore differences in estimates between conditions, we first ran a 

dependent t-test on the estimates of individual learning rate and calculated bayes factor for 

this comparison, t (99) = 3.47, p < .001, BF₁₀ = 28.17. This suggests that estimates of 

learning rate in the threat condition are significantly higher when compared to the non-

threat condition. To provide a more comprehensive understanding of the uncertainty in this 

claim we calculated the HDI interval of difference between posterior draws (Supplementary 

Materials Figure 4). The probability of direction metric suggested a 92.45% likelihood that 

the true difference in learning rate between (Threat > Nonthreat) conditions was above 0.   

Comparison between conditions, Inverse temperature  

Inverse temperature was also estimated to be higher in the threat condition (Supplementary 

Materials Figure 5). As above, we ran a dependent t-test on the estimates of individual 

learning rate and calculated bayes factor for this comparison, t (99) = 2.28, p = .024, BF₁₀ = 

1.32. This suggests that estimates of Inverse temperature in the threat condition are 

significantly higher when compared to the non-threat condition. The HDI interval of 

difference between posterior draws was also calculated (Supplementary Materials Figure 5). 

The probability of direction metric suggests an 81.51% likelihood that the true difference in 

Inverse temperature between (Threat > Nonthreat) conditions was above 0.  

Exploratory simulations   

To understand how threat’s effects on learning rate and inverse temperature might 

influence performance in different environments, we next ran a series of simulations. 

Specifically, these simulations compared the effects of relatively higher versus lower 

learning rates and inverse temperatures in environments with different levels of volatility 

and/or stochastic variation. We implemented this series of reinforcement learning 

simulations (Wilson & Collins, 2019) using the Rescorla-Wagner model to analyse average 

reward under varying parameter sets (e.g., learning rate and inverse temperature), and task 

constraints (e.g., number of trials, volatility and stochastic variation) on a three-armed 

bandit task.  
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These model each agent selecting an arm using a softmax decision rule, where the 

probability of choosing an option is determined by its estimated value (Q-value) scaled by 

the inverse temperature (β) parameter. After selecting an arm, the agent receives a reward (1 

or 0) based on the assigned probabilities and updates its Q-value using the learning rate (α) 

via a Rescorla-Wagner update rule (Supplementary Materials). All simulations were run for 

10000 iterations (participants) per condition.  

The simulations plotted in Figure 3 (a) represent performance (average reward) across 120 

trials of a three-armed bandit task, where individuals select between three options based on 

reward probabilities (mirroring the task defined in “Methods”) that change at predefined 

reversal points (30, 60, and 90 trials). This illustrates how parameter estimated from our 

experimental manipulations impact performance at scale. 

Figure 3 (b, c, and d) simulated performance across 75 trials of a three-armed bandit task 

with two reversal points (at 30 and 60 trials) and modified levels of stochastic variation. This 

illustrates the accumulation of reward across various parameter sets. 

Figure 3 (b) simulated no stochastic variation (i.e., noise). The reward probability across 

choice options was adapted (optimum = 1, suboptimum = 0 and 0). This demonstrates how, 

at both levels of inverse temperature, a high learning rate outperforms a low learning rate in 

an environment with no stochastic variation in choice reward.  

Figure 3 (c) simulated stochastic variation based on our task (optimum = .7, suboptimum = 

.3 and .3). This demonstrates how a low learning rate can outperform a high learning rate 

over time in a stable environment. However, following a reversal, the benefits of a high 

learning rate become apparent, and it is clearly more profitable in the short term (red-

shaded region). We also see low inverse temperature impacts performance across both high 

and low learning rates in a similar fashion, blunting the effects of variations in learning rate 

on performance.  

Figure 3 (d) simulated increased stochastic variation. Increased stochastic variation was 

introduced by adapting the reward probability across choice options, these changes 

represent a noisy environment (optimum = .7, suboptimum = .5 and .45). This makes 

identifying the optimum choice more difficult. When we add stochastic variation, the 

benefits of high rates diminish. 

Figure 3 (e) simulated an extended time frame (i.e., more trials). We used the same 

constraints as Figure (c) but increased trials (250 trials, reversal points = 100, and 200). 

This highlights how a low learning rate can outperform high not only in stable 

environments, but also in noisy environments over an extended period. Focusing on the 

average reward, we see high learning rates level out after an initial benefit, with low rates 

doing a better job of identifying the most profitable option under noisy constraints. 
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Figure 3 

Simulations  
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Note. Figure 3 (a). We used two sets of α and β values to observe how different learning 

rates and exploration tendencies affect total accumulated rewards. These sets represent 

parameters estimated from our experimental manipulations: Threat (red; α = .59, β = 2.47), 

and Nonthreat (blue; α = .51, β = 2.25). Figure 3 (b). No stochastic variation. We used four 

sets of α and β values to observe how parameter sets impact reward. However, sets are 

adapted to reflect a change in value and direction. Colours represent learning rate (black= 

low α, grey = high α). Variations in Inverse temperature are illustrated with dotted (low β) 

and solid lines (high β). Grey solid: α = .95, β = 5; black solid: α = .1, β = 5; grey dotted: α 

= .95, β = 1; black dotted: α = .1, β = 1. Figure 3 (c). Stochastic variation based on the 

task. The red-shaded region illustrates performance dynamics during the reversal phase. 

Figure 3 (d). Increased stochastic variation. Figure 3 (e). Increased trials and reversal 

windows. 

Discussion  

In the study presented here, we explored the effects of integral threat on cognitive flexibility 

by embedding a reversal-learning task into a virtual reality environment. This allowed us to 

observe the impact of threat on task performance and on specific associative processes that 

likely impact learning and decision-making. Although we successfully manipulated threat 

(Laycock et al., 2024), we found no significant effect of threat on performance, nor did we 

find solid evidence for the absence of an effect.   

We also tested for the effects of threat on learning rate and inverse temperature. We 

predicted that group-level estimates for these parameters would be significantly lower in 

the threat condition compared to the nonthreat condition, as supported by the notion of 

threat-rigidity that claims threat promotes inflexibility (Giovanniello et al., 2023; Staw et al., 

1981), reduces responsiveness to feedback (Berghorst et al., 2013; Bogdan & Pizzagalli, 

2006), and moderates a shift from deliberation to intuition based computation (Schwabe & 

Wolf, 2011; Yu, 2016). Our findings were the opposite of our predictions. Learning rate and 

inverse temperature were both significantly higher under threat.  

This increase in learning rate reflects faster adaptation to reward. Although it was not what 

we expected, this result echoes our previous findings that also reported increased sensitivity 

to reward following integral manipulation of threat (Laycock et al., 2024). Rather than being 

inflexible, individuals under threat were more responsive to feedback, albeit with a 

disproportional bias toward short team gains. This is in conflict with work that has 

demonstrated that threat reduces reward responsiveness (Berghorst et al., 2013; Bogdan & 

Pizzagalli, 2006). In those prior studies, following incidental manipulations of threat, 

participants were less sensitive to task-based reward (Bogdan & Pizzagalli, 2006), with some 
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evidence that this effect was moderated by stress-induced anhedonia (i.e., a diminished 

motivation to initiate and sustain interest in rewarding tasks triggered by acute stress).  

The disparity in findings regarding reward sensitivity may be a product of the method used 

to induce threat. In our study, reward takes the form of escaping from threat, making it 

integral to self-preservation and likely enhancing reward responsiveness. This is not the 

case with incidental threat paradigms, in which reward is not directly related to the threat 

and could even serve as an uninformative distractor from dealing with the threat. When 

reward is incidental to the threat, threat-induced anhedonia (Bogdan & Pizzagalli, 2006) 

may indeed be a common and adaptive response. This distinction highlights the value of 

thinking about the impact of threat on behaviour within context to better identify real-world 

implications, where function is likely influenced by the nature of the threat, task constraints, 

and concurrent demands. 

We also found an increase in inverse temperature under conditions of integral threat. 

Changes in inverse temperature impact sampling behaviour. Our findings suggest that 

threatened individuals are more likely to exploit current understanding of choice values, and 

consequently, limit exploration. But why is threat increasing inverse temperature? One key 

aspect of integral manipulation of threat is that mistakes are consequential to self-

preservation. In real-world contexts involving integral threat, the potential for absolute loss, 

such as a debilitating injury, outweighs the benefit of incremental gains (Fanselow, 2018). 

That is, surviving a dangerous situation is more important than incrementally optimising 

performance. Therefore, an increase in exploitative tendency may represent greater 

apprehension to extend choices beyond those recently experienced and rewarded. In a 

sense, this may reflect a desire to limit uncertainty and risk under threat (Wake et al., 2020; 

Walia & Gupta, 2025).  

At face value, this explanation is aligned with prior work suggesting that threat promotes 

choice perseveration (i.e., repeated selection of a previously rewarded option despite 

changes in its value). Behaviourally, this can lead to premature closure, a term used to 

describe an individual’s propensity to restrict exploration (Eva, 2009; Keinan, 1987; Pelaccia 

et al., 2014; Wemm & Wulfert, 2017). But, when learned values based on feedback do a poor 

job of predicting reward (e.g., in high noise environments), the opposite would be expected. 

High inverse temperature would result in increased sampling of different options as 

individuals follow the variability in rewarded options. This could explain why, using a 

complex task with dramatic shifts in reward values between options, we found that integral 

threat increased sampling of different options, seemingly promoting less perseveration 

(Laycock et al., 2024).  

This is to say, the effect of an increase in exploitative tendency (increased inverse 

temperature) under threat may be task specific. In scenarios in which the relationship 
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between choice and reward is clear and consistent, an increased inverse temperature would 

likely result in more choice perseveration (premature closure), given that learned values do a 

good job of predicting the environment, thus are stable. However, in complex situations, 

learned values do a worse job predicting the environment, and high inverse temperature 

would drive increased sampling as a product of unstable estimates of learned value. In other 

words, you should only follow a map closely if you trust it. In noisy environments, high 

inverse temperature may compound error, given that figuratively, the map is constantly 

changing. Again, this highlights that the effect of threat on behaviour is shaped by both the 

cognitive demands of the task and the underlying processing mechanisms it recruits (Kim et 

al., 2021; Mobbs et al., 2019).  

These effects of threat on behaviour may have a broader impact on performance across 

different task constraints. Threat promotes a more responsive learning profile that leads 

individuals to prioritise short term rewards. This adjustment has clear benefits in well-

structured (high signal-low noise) environments even when they’re volatile, as it drives rapid 

adaption to change and uncompromising action. Our simulations illustrate this. Higher 

learning rates and inverse temperature are clearly optimal in high volatility environments 

with limited stochastic variability (Figure 3, b, and c), particularly after reversals in rewarded 

choices. This pattern is in line with the notion that a higher learning rate (Levy & Schiller, 

2021) and inverse temperature are optimal (Tuzsus et al., 2024).  

However, in a noisier environment, the benefits of a high learning rate for dealing with 

volatility diminish. Akin to the phenomenon of catastrophic interference (McCloskey & 

Cohen, 1989), error due to overwriting old knowledge with new feedback can lead to rapid 

loss of previously learned contingencies (especially in complex environments).  Our 

simulations demonstrate that although high learning rates result in swift adjustment to 

changes in reward patterns (i.e., volatility) in the short term (Figure 3c and 3d), lower 

learning rates mitigate catastrophic interference and lead to greater performance in the long 

term (Figure 3e). These benefits arise because low learning rates are less sensitive to 

stochastic variation in feedback, enabling steadier integration of new evidence while 

preserving previously learned contingencies.  

These findings have important implications, as they suggest that when threat is integral to 

the decision at hand, individuals are more responsive to reward and faster to adapt to 

change. Individuals are also more likely to use feedback to direct choice behaviour. Yet, in 

noisy environments, this shift in associative learning may render individuals at an increased 

risk of abandoning an action that has been consistently safe in favour of one that was 

merely recently rewarding. Learning in a complex environment is challenging, and in a noisy 

environment, good choices that give poor outcomes are increasingly common. Although 

threat might elicit a responsive and exploitative learning profile, one that is cautious yet 

curious may be more beneficial in the long term.    
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Strengths and limitations  

A key strength of the present study is that the paradigm uses a decision-making task in 

which one’s decisions are directly related to a threat. This factor is not trivial, as the nature 

of each stressor should be carefully considered when interpreting any influences on 

behaviour (Giovanniello et al., 2023). Integral manipulations of threat explicitly model 

scenarios where threat is not a distraction, but information. In this sense, the current 

research examines situations that require an individual not to ignore a stressor, but to use it 

to make an adaptive choice  (Laycock et al., 2024; Ting et al., 2022). Using integral 

manipulations of threat is essential if we are to understand situations where individuals are 

making threat-critical decisions and don’t have the luxury to neglect the threat. Many 

institutions look to the literature to develop training programs to prepare personnel to 

negotiate complex decisions within hazardous environmental constraints, e.g., military 

(Blacker et al., 2019; Delahaij et al., 2006; Männiste et al., 2019). Therefore, robust and 

contextually appropriate research is essential. To this end, future studies should extend our 

findings by testing participants across diverse simulated scenarios to rule out any scenario 

specific effects. Real-world data may further support our claims. For instance, video footage 

from actual events could be used to examine reward responsiveness and sampling 

behaviour in threatening and complex environments (Luxem et al., 2023; Philpot et al., 

2025; Philpot & Levine, 2022).   

Further, we employed a three-armed version of the classic reversal learning task. This was 

selected to best reflect the way information is used in support of decision-making (i.e., a 

choice between alternatives). The way a researcher decides to implement the functional 

features of the task selected to index performance is an important procedural choice.  

Features of the task influence performance. For example, the number of options an agent 

must choose from following reversal, the probability of reward across alternatives, and the 

stability of reward probabilities across trials (D’Cruz et al., 2011; Izquierdo et al., 2017; 

Walton et al., 2010), and the number of reversals experienced (Costa et al., 2015; Izquierdo 

& Jentsch, 2012). Future research should contrast performance across different versions of 

the reversal learning task to better understand how threat impacts associative learning 

performance as a function of changes in task demand, such as the number of choices 

presented to an individual, level of stochastic variability, and rates of volatility.    
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Conclusion  

In this study, participants completed the same reversal learning task in both a neutral 

setting and a setting in which decisions were coupled with threats in the environment.  We 

found that this integral manipulation of threat resulted in higher estimates of learning rate 

and inverse temperature, reflecting an increase in responsiveness to feedback and a greater 

tendency to exploit current understanding. This challenges the threat rigidity perspective, 

that proposes threat drives inflexibility and reduces responsiveness to feedback. This shift 

in process may support rapid action under volatile, well-defined constraints but may restrict 

adaptive action when situations are complex.  
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Chapter Four: Individuals Concerned with Negative Evaluation are Less Motivated to Engage 

with Complexity. Implications for Leadership Training. 
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Abstract 

Leadership training often involves evaluating trainees on their performance.  However, 

excessive concern with being evaluated (i.e., concern with being right or wrong) might limit 

trainees’ willingness to acknowledge and engage with real world uncertainties (i.e., the 

absence of clear right or wrong options). Across three correlational studies, we show that 

the higher individuals are in evaluation sensitivity (as measured by Fear of Negative 

Evaluation and Power Distance scales), the more intolerant they were of complexity (as 

measured by Intolerance of Uncertainty and Need for Closure scales) in both military and 

civilian samples: Study 1 (n = 211), Study 2 (n = 101), and Study 3 (n = 199). However, we 

also present two training-based studies, Study 4 (n = 87) and Study 5 (n = 76), to show that 

leadership training approaches focused on coaching and formative assessment can reduce 

complexity intolerance. Together, these data suggest that the evaluative nature of training 

programs might interfere with one’s willingness to deal with real world complexity but that 

this risk can be mitigated by directly engaging with uncertainty during training.  
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Introduction  

Individuals in critical roles frequently work in complex and unpredictable environments. 

Emergency healthcare workers treat patients with incomplete background information, air 

traffic controllers confront shifting schedules and weather vagaries, and military personnel 

face the unpredictability of hostile agents. To perform optimally, these individuals must 

identify key uncertainties, gather relevant information, modify plans or protocols, and take 

action, often in a limited amount of time (Comfort & Wukich, 2013; Lipshitz & Strauss, 

1997). To state the obvious, these processes are cognitively demanding. And as research on 

complex decision-making demonstrates, performance relies not just on cognitive abilities 

and capacity, but on the motivation to grapple with complexity (Brun et al., 2023; Disatnik & 

Steinhart, 2015). 

With all this in mind, preparing individuals to perform optimally in complex, high-stress 

environments presents a considerable challenge (Comfort & Wukich, 2013; Delahaij et al., 

2006). Even if training successfully imparts the skills and knowledge necessary for a given 

role, trainees may lack the motivation necessary to confront complexity when it arises. That 

motivational hurdle may be even greater in training environments where performance is 

evaluated, and risk-taking involves material or reputational costs. In the studies presented 

here, we explored the possibility that the evaluative nature of training itself may work 

against one’s motivation to deal with complex situations. We furthermore explored the 

potential for novel training approaches to address this risk.  

Complexity intolerance 

A variety of evidence demonstrates that people vary in their motivation to deal with 

complexity, i.e., their complexity intolerance and this variance has important implications 

for cognition and behaviour.  The drive to find quick, concrete solutions associated with 

these individual differences can be maladaptive in complex situations when exploring 

multiple options, seeking out and integrating new information, and experimenting with 

possible solutions is optimal. While finding any answer may help reduce uncertainty in the 

short term, it might hinder the development of a better understanding of the best answer 

over time. Indeed, complexity intolerance is associated with deficits in information 

processing (Bartoszek et al., 2022), decision-making (Carleton et al., 2016; Kornilov et al., 

2015), and real-world behaviour under uncertainty (Bavolar et al., 2021; Brun et al., 2023).     

Both clinical and social psychological research has explored complexity intolerance through 

the constructs of intolerance of uncertainty and the need for closure. Intolerance of 

uncertainty is a trait defined by negative beliefs about uncertainty and its ramifications (Buhr 

& Dugas, 2002). From its theoretical conception, intolerance of uncertainty (Freeston et al., 

1994) has been described as multidimensional, consisting of beliefs (e.g., uncertainty 

should be avoided), affective states (e.g., frustration and stress caused by uncertainty), and 
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behaviours (e.g., uncertainty preventing action). Further work on the Intolerance of 

Uncertainty Scale (IoU; Carleton et al., 2007) suggests that it represents both a future-

oriented, negative response to uncertainty (prospective anxiety), and its consequences to 

behaviour (inhibitory anxiety). Overall, IoU describes a tendency to find uncertainty aversive 

and disruptive.  

While intolerance of uncertainty has often been studied as a feature of clinical phenomena 

(Freeston et al., 1994; Grupe & Nitschke, 2013; Hong & Cheung, 2015), recent research has 

explored how more general individual differences in IoU can impact cognition and 

behaviour. For example, IoU has been shown to predict risk-averse behaviour and 

performance deficits on complex decision-making tasks (Carleton et al., 2016), reduced 

confidence in decisions and behavioural inhibition in unpredictable situations (Jensen et al., 

2014), more frequent selection of an immediate reward in decision-making tasks (Luhmann 

et al., 2011), and disruption in information-seeking behaviour (Bartoszek et al., 2022). 

Together, research suggests that IoU reflects both distress with uncertainty and the belief 

that everything must be planned (Bottesi et al., 2020), giving rise to behaviours that reduce, 

avoid, or remove uncertainty and its associated distress from a given situation, even when 

those behaviours are counterproductive. 

Need for closure (Kruglanski, 1990) is a related trait-like construct focused more squarely 

on motivation (Berenbaum et al., 2008; Kruglanski & Webster, 1996; Roets et al., 2015). 

Individuals high in the Need for Closure Scale (NfC) are ostensibly driven to find “an answer 

on a given topic, any answer ... compared to confusion and ambiguity” (Kruglanski, 1990). 

Failing to do so can even result in physiological changes (increased systolic blood pressure 

and elevated heart rate) and subjective reports associated with distress (Roets & Hiel, 2008). 

In cognitive terms, when a tasks complexity exceeds an individual’s capacity to meet the 

computational demands required to perform successfully, individuals high in NfC are 

inclined to strive for simplification and predictability (Kossowska, 2007). As a consequence, 

individuals high in NfC tend to use heuristics (Roets et al., 2015) and to show decreased 

effort when searching for information during decision-making tasks, resulting in restricted 

hypothesis generation and rapid decision-making (Kruglanski & Webster, 1996). Further, 

NfC has been associated with an unyielding adherence to pre-existing knowledge structures 

and a resistance to incorporating new information into their decision-making (Disatnik & 

Steinhart, 2015).  

Both IoU and NfC provide insight into an individual’s complexity intolerance. That is, they 

represent one’s ability and willingness to grapple with uncertainty and to engage in 

decision-making and problem-solving when the best choice of action is not clear.  
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Evaluation sensitivity 

Given the potential importance of complexity intolerance to working in critical 

environments, it is important to identify factors that amplify or exacerbate it. One potential 

factor is evaluation sensitivity, one’s sensitivity to being negatively evaluated by others (e.g., 

team leaders, colleagues, etc.). Effective decision-making in complex situations often 

requires creativity, exploration, and a trial and error. But if an individual is afraid of the 

social consequences of making errors, they may not actively explore the full range of 

options (Ben-Zur & Zeidner, 2009) and creative problem-solving may be limited (Bonetto et 

al., 2021). This may be especially true in contexts in which a negative evaluation comes with 

a material cost, such as when one is being assessed during an important training exercise 

where poor performance may negatively impact future prospects. Two separate constructs 

are likely to influence evaluation sensitivity, particularly in hierarchical environments, fear of 

negative evaluation and power distance.  

Fear of negative evaluation refers to an individual’s concern with being judged disparagingly 

or hostilely by others (Watson & Friend, 1969). The Fear of Negative Evaluation Scale (FnE) 

not only predicts a stronger impact of negative judgement of interpersonal feedback on the 

individual (Smith & Sarason, 1975; Zhang et al., 2023) but also risk-avoidant decision-

making behaviour (Maner et al., 2007). It is also negatively correlated with both social risk-

taking and the belief in one’s creative capacity (Bonetto et al., 2020). All of these data 

suggest that the fear of negative evaluation might impact one’s ability and motivation to 

cope with handling complex situations.   

The second potentially important construct here is power distance, the tendency to believe 

hierarchical divisions are both valid and required to maintain standards (Yoo et al., 2011). 

Hierarchical power structures are likely to encourage evaluation sensitivity, given that 

individuals working in those power structures are dependent on superiors’ evaluations of 

their behaviour. In the military, for example, both direct and indirect cohesive power act as a 

method of maintaining cultural norms and institutional standards (Soeters, 2018). In this 

sense, military institutions reduce uncertainty in operational environments by utilising 

hierarchical power structures. As such, rank provides a chain of command for fast and 

decisive action.  In this sense, military structures traditionally encourage some degree of 

power distance.   

With all of this in mind, we hypothesize that the excessive concern with power differentials 

can amplify one’s fear of negative evaluation. This potent combination, in turn, can increase 

complexity intolerance as one avoids the costs of failing via creative problem-solving, risk-

taking, and trial-and-error learning (Ben-Zur & Zeidner, 2009; Bonetto et al., 2020). 
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Complexity intolerance and evaluation sensitivity in training contexts 

This possible relationship between evaluative threat and complexity tolerance raises serious 

concerns for training individuals to cope with complex situations. The inherently evaluative 

nature of training may inadvertently undermine the acquisition of skills in dealing with 

uncertainty. Again, the military provides a key example here. Traditional military training 

doctrines generally aim to reduce uncertainty, not necessarily to better prepare individuals 

to negotiate it (Delahaij et al., 2006). This is partly achieved by training approaches that aim 

to develop a habituated response in individuals (as part of a team) to pre-scripted mock 

exercises via a process of structured and summative scenarios that mirror the operational 

environment. While this focus on habituation may be necessary for training and testing basic 

skillsets, habituated responses cannot prepare individuals to flexibly face dynamic and 

unpredictable operations (Männiste et al., 2019; Van Den Heuvel et al., 2012; Williams, 

2010). As such, trainees are likely to benefit from cultivating their ability and willingness to 

negotiate complexity.   

However, the complex nature of operational environments can require observation, 

cognitive engagement, and input from all levels of the hierarchy. With this in mind, 

excessive focus on evaluation and deference to one’s superior (i.e., evaluation sensitivity) 

might reduce one’s willingness to engage with complex problem-solving when it could be 

perceived as going against the leadership’s plans (Pattni et al., 2019). 

Conversely, if there is a relationship between evaluation sensitivity and complexity 

intolerance, then training approaches that minimize evaluation sensitivity might better 

prepare trainees for working in complex environments. While these traits are often assumed 

to be relatively fixed (Bavolar et al., 2021), prior research certainly suggests that both longer 

term therapeutic approaches (Laposa et al., 2022; van der Heiden et al., 2012) and short 

term manipulations of context (Djikic et al., 2013; Ladouceur et al., 2000) can affect 

complexity tolerance.  

Evaluation sensitivity is similarly malleable (Busch et al., 2023; Dogaheh et al., 2011). As 

such, the prospect of a training environment positively affecting it is reasonable. Along 

these lines, recent developments in military training address these concerns by creating a 

training environment that promotes experimentation via a greater focus on formative 

assessment of decision-making processes and mentorship or coaching through complex 

scenarios (Finn, 2019). While some degree of summative assessment is unavoidable in 

training (especially safety-orientated training with a clear right/wrong outcome, e.g., 

medical), these new training approaches may reduce complexity intolerance and buffer the 

effects of evaluative threat.  
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The current studies  

The first aim of the current studies was to test the hypothesis that evaluation sensitivity is 

positively associated with complexity intolerance. Given the relevance of this question to 

military training, we tested for this relationship in both early career and experienced military 

personnel as well as within a cross section of the general population. The second aim of the 

current studies was to test the possibility that different leadership training approaches 

might affect complexity tolerance. Here, we tested if military training interventions geared 

towards coaching and formative assessment might reduce complexity intolerance by 

encouraging individuals to engage with uncertainty. 

Study 1, Experienced Military Personnel 

Study 1 examined the relationships between measures of evaluation sensitivity and 

complexity intolerance within an experienced military sample. First, we hypothesised that 

within-construct measures of evaluation sensitivity (Fear of Negative Evaluation and Power 

Distance scales; FnE and PD) and complexity intolerance (Intolerance of Uncertainty and 

Need for Closure scales; IoU and NfC) would be correlated. Further, we hypothesised a 

between-construct correlations as well. That is, individual differences in both FnE and PD 

(evaluation sensitivity) would predict ratings of IoU and NfC (complexity tolerance).  

Methods 

Participants  

Two hundred eleven (n =211) participants were recruited by internal staff from the ranks of 

the United Kingdom’s military. All participants were male, and ages ranged from 18 to 40 

years. All participants had completed at least eight months of pass/fail specialist training 

program conducted at the Commando Training Centre Royal Marines (CTCRM). As such, 

participants were experienced personnel. The data collection took place between 2020 and 

2021. 

The minimum sample size for this study was determined by the results of a power analysis 

to estimate the sample size necessary to detect the smallest effect size of interest for our 

correlational analyses at a reasonable Type II error rate (smallest r = .20, power = .80, α= 

.05), which suggested a sample size of 193. In the absence of an empirically grounded 

estimate of effect size, we chose the smallest effect size of interest (r = .20) following 

Funder & Ozer’s (2019) guidelines for an effect that is of some explanatory and practical 

use. Because of the nature of recruitment (i.e., sharing a link to the questionnaire with the 

entire course cohorts), we did not use this power analysis as a cut-off for gathering data. 

Instead, we analysed all data we received once the link was distributed. 

Approval for the data collection was granted by the ethics committee of the Psychology 

Department at the University of York and the CTCRM research steering group.  
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Materials  

Evaluation sensitivity  

Fear of Negative Evaluation (Leary, 1983). The original Fear of Negative Evaluation scale 

(Watson & Friend, 1969) was developed to measure the degree to which individuals feel 

apprehension at the prospect of receiving negative judgment. We used a brief version of the 

original scale, the Brief Fear of Negative Evaluation Scale (FnE; Leary, 1983), which consists 

of 12 items that require a response on a 5-point Likert scale from, 1 =” not at all 

characteristic of me”, to 5 =” entirely characteristic of me”. Higher scores indicate higher 

apprehension of judgment. A sample item is “I am afraid people will find fault with me”.  

Power Distance (Yoo et al., 2011). Individuals higher in power distance believe that authority 

figures should be respected and shown deference (Yang, Mossholder, & Peng, 2007). We 

used an index of power distance (PD) taken from the CVSCALE. The CVSCALE was developed 

to measure Hofstede’s dimensions of culture (Hofstede, 1984) at the individual level (Yoo et 

al., 2011). It includes five items that required a response on a 5-point Likert scale, from 

1 =” not at all characteristic of me” to 5 =” entirely characteristic of me”. A sample item is 

“people in lower positions should not disagree with decisions”. Higher ratings of power 

distance indicate a belief in the need for authority in the workplace.  

Complexity intolerance  

Intolerance of Uncertainty (Carleton et al., 2007). The Intolerance of Uncertainty short form 

(IoU; Carleton et al., 2007) assesses an individual’s valanced associations to uncertainty and 

ambiguous situations. The IoU is a 12-item condensed version of the original 27- item 

Intolerance of Uncertainty Scale (Freeston et al., 1994). A sample item is “I can’t stand being 

taken by surprise”. Responses are rated on a 5-point Likert scale, from 1 =” not at all 

characteristic of me”, to 5 =” entirely characteristic of me”). Higher scores indicate greater 

Intolerance of Uncertainty.  

Need for Closure (Roets & Van Hiel, 2011). The Need for Closure Scale was developed by 

Webster & Kruglanski (1994), and revised by Roets & Van Hiel (2007) to index one’s 

motivational drive to seek and maintain certainty when dealing with ambiguous 

informational constraints. Here we used a brief version (NfC; Roets & Van Hiel, 2011). This 

scale contains 15 items that are rated on a 5-point Likert scale (from 1 =” not at all 

characteristic of me”, to 5 =” entirely characteristic of me”). A sample item is “I would quickly 

become impatient and irritated if I would not find a solution to a problem immediately”. 

Higher scores indicate greater need for closure.  

Procedure  

To distribute the questionnaires online, a composite survey was created in Qualtrics 

(Qualtrics, Provo, UT). Participants were instructed to complete the questionnaire in a quiet 
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environment and answer all the questions accurately and honestly, using their phone or 

computer. The online link and QR code used to access the survey was internally distributed 

by military staff. 

Once directed to the questionnaire, participants received an online initial brief, an 

agreement of consent and personal data was requested. Following this stage scales were 

administered to participants (FnE, PD, IoU, and NfC) in a randomly selected order. The final 

section of the questionnaire issued a full debrief and contact details for further 

correspondence. 

Analyses 

A Cronbach’s alpha statistic was calculated to provide a measure of internal consistency for 

each scale. In Study 1 and throughout the paper, we report any scales with α< .70 (Nunnally 

& Bernstein, 1994). To identify any univariate outliers, we calculated the median absolute 

deviation (MAD) across subscales (Leys et al., 2013), using a threshold of 3* MAD (+/- 

median). 

To evaluate the relationship between variables we used a series of Pearson’s correlation 

coefficients. Effect sizes were interpreted as r =.10 (small), .20 (medium), >.30 (large), 

following guidelines suggested by Funder & Ozer (2019). We also used a Holm correction to 

adjust for familywise error (Holm, 1979). To further support results, bias corrected and 

accelerated bootstrapped 95% CIs are also reported. All bootstrap results are based on 9999 

bootstrapped samples. Although some of the scales showed non-normal distributions, here 

we report parametric tests given their robustness against violations of normality and 

relatively large sample (> n = 30) sizes (Field, 2000; Runyon et al., 2000). Moreover, we also 

calculated Spearman’s coefficients to confirm the pattern of results with non-parametric 

tests where appropriate (Rovetta, 2020; see Supplementary Table 1 for those analyses). 

Thus, parametric, non-parametric tests, and bootstrapped confidence intervals were 

calculated for all correlational analyses. 

Transparency and openness 

We describe our sampling plan, all data exclusions, all manipulations, and all measures used 

in the study. All analyses were performed in R (R Core Team, 2022), version 4.2.2. Packages 

used in analysis include: psych (correlations and Cronbach’s alpha statistic: Revelle, 2022), 

confintr (bootstrapped CI’s: Mayer, 2023), pwr (power analysis: Champely, 2020), and BEST 

(Bayesian estimation of the posterior distributions:  Meredith & Kruschke, 2021). Finally, 

outliers were identified using routliers package (Delacre & Klein, 2019). This study’s design 

and its analysis were not preregistered. 

 

 



83 

 

Results  

All Cronbach’s alphas in Study 1 were above the .70 threshold, and no univariate outliers 

were detected.  

As expected, our two measures of evaluation sensitivity, FnE and PD, were positively 

correlated with a medium effect size (see Table 1). Our two measures of complexity 

intolerance, IoU and NfC, were also positively correlated but with a large effect size (see 

Table 1). Additionally, we found positive correlations between our measures of evaluation 

sensitivity and complexity intolerance (see Table 1). These findings all support our 

hypothesis that greater evaluation sensitivity predicts higher levels of complexity intolerance 

in an experienced military population.  

Interim Discussion 

Study 1 aimed to test the relationship between evaluation sensitivity and complexity 

intolerance. Our measures of evaluation sensitivity (FnE and PD) correlated with the 

measures of complexity intolerance (NfC and IoU), revealing a pattern whereby the more an 

individual is concerned about being evaluated negatively, the less motivated they are to 

engage with uncertainty.  

Study 2, Early Career Military Personnel 

Study 2 collected data from early career military personnel. Through this preregistered study 

we sought to replicate the relationship between evaluation sensitivity and complexity 

intolerance demonstrated in Study 1.  

Methods 

Approval for the data collection was granted by the ethics committee of the Psychology 

Department at the University of York, and CTCRM research steering group.  

Participants  

All participants (n =101) were recruited by internal staff from two cohorts of early career 

military personnel enrolled in initial officer training at CTCRM. All participants were male. 

Sample size was determined by opportunity; we had access to two training cohorts and 

attempted to recruit all individuals in these cohorts. Ages ranged from 18 to 33 years. The 

data collection took place between 2021 and 2023. 

Materials 

The questionnaires in Study 2 were the same as those in Study 1. 
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Procedure 

Data were collected at CTCRM, across two cohorts of officer recruits. The QR code used to 

access the survey was distributed at CTCRM by research staff. All participants were told that 

questionnaires could be completed on a phone or any computer.  

Transparency and openness 

The approach to transparency and openness is the same as Study 1. In addition, this study 

was preregistered [81939]. 

Results 

All analyses were performed using the statistical software packages and in accordance with 

the details specified in Study 1. Again, parametric, non-parametric tests, and bootstrapped 

confidence intervals were calculated for all correlational analyses. Regarding internal 

reliability, the scale of PD raised some concern with a Cronbach’s α=.58. As α is sensitive to 

the number of items included within a scale and homogeneity of total scores across the 

sample (Streiner, 2003; Taber, 2017), and as PD only consists of five items, this is perhaps 

not surprising. As such, PD was not excluded from analyses but should be interpreted with 

caution. Regarding outliers, one potential univariate outlier was identified on the IoU scale, 

with a high score (relative to sample average) of 3.9. Although we included this data point in 

the analyses reported below, we also ran each relevant analysis without it to confirm that 

the pattern and significance of our reported results holds.   

In terms of the main analyses, we first assessed the direction and significance of 

correlations within and across the theorised constructs of evaluation sensitivity and 

complexity intolerance of all participants at T0. The results here replicate Study 1, with 

regards to FnE, IoU and NfC (see Table 1). However, in this population of early career 

military personnel, the correlation between PD and FnE and between PD and IoU were no 

longer statistically significant.   

Interim Discussion 

In Study 2, we replicated most of Study 1’s findings within a sample of early career military 

personnel. As with Study 1, Fear of Negative Evaluation was positively correlated with both 

Intolerance of Uncertainty and Need for Closure. In this sample, however, Power Distance 

was only significantly associated with Need for Closure, although that may be due to the 

relatively low internal consistency of the scale in this sample.  

Study 3, Civilian sample 

Studies 1 and 2 demonstrated a relationship between evaluation sensitivity and complexity 

intolerance in military samples. It is not clear, however, if this relationship generalizes to the 

wider public. Indeed, militaries have hierarchical structures, and promotion within those 
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structures partly depends on performance in training settings. In principle, this fact could 

amplify the influence of evaluation sensitivity on other cognitive processes and motivations, 

including complexity intolerance. Moreover, military contexts are at least stereotypically 

associated with more authoritarian leadership (e.g., the notion that strict obedience to direct 

orders is required). While actual approaches to leadership within the military are far more 

diverse (Fosse et al., 2019; Hannah & Sowde, 2012; Kark et al., 2016), the fact remains that 

well-rehearsed drills, norms, rules, and plans are important to operational settings. In this 

type of setting, evaluation sensitivity might be uniquely coupled with complexity intolerance 

(i.e., sticking to known responses).  On the other hand, the relationship between evaluation 

sensitivity and complexity intolerance may be a more general phenomenon.  

To examine this possibility, Study 3 tested the degree to which the relationships that we 

observed between evaluation sensitivity and complexity intolerance in Studies 1 and 2 would 

replicate in a civilian sample. More specifically, we also wanted to explore whether the 

authoritarian nature of an individual's working environment influences complexity 

intolerance or contributes to the relationship between evaluation sensitivity and complexity 

intolerance. Put simply, could the previously reported findings be attributed to the fact that 

the participants were working in military settings, which are potentially more authoritarian 

compared to other work environments?  

Methods 

Approval for the data collection was granted by the University of York ethics committee.  

Participants  

For Study 3 (n = 199), non-military participants were recruited online via Prolific (Prolific, 

2014), Male (n = 99), Female (n = 99), and Non-binary (n = 1). The sample size was 

determined by the results of a power analysis to estimate the sample size necessary to 

detect the smallest effect size of interest for our correlational analyses at a reasonable Type 

II error rate (smallest r = .20, power = .80, α= .05), which suggested a sample size of 193. 

As with Study 1, we chose the smallest effect size of interest (r = .20) following Funder & 

Ozer’s (2019) suggestions for a reasonable estimate of a useful effect. Given the 

recruitment approach (i.e., via Prolific), we were able to cut off enrolment once we had 

reached that sample size. All participants were in full time employment (as per restriction), 

and UK residents. Ages ranged from 18 to 47 years (M = 36.7, median = 35, SD = 11.5). 

Ethnic identification included White (81%), Asian (7%), Mixed ethnicity (4%), Black (3%), and 

Other (2%). The data collection took place in 2022. 

Materials 

Study 3 used the same set of questionnaires as the previous studies. In addition, we 

included the addition of the Authoritarian Leadership scale. 
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Authoritarian Leadership (Cheng et al., 2004). The authoritarian leadership (AL-9) subscale 

was taken from the paternalistic leadership questionnaire (Cheng et al., 2004). The scale 

consisted of 9 items that were rated on a 5-point Likert scale, from 1 =” not at all 

characteristic of my experience”, to 5 =” entirely characteristic of my experience”. A sample 

item is “My supervisor exercises strict discipline over subordinates.” Higher AL scores 

indicate that the individual has experienced authoritarian leadership in the workplace. We 

included this variable to address the possibility that the effects observed in Studies 1 and 2 

were a product of individuals working in a hierarchical organization (i.e., to test if AL 

moderated the previously observed relationships between our measures of evaluation 

sensitivity and complexity intolerance).  

Procedure 

Data were collected using the online platform Prolific. The platform directed participants to 

the composite Qualtrics questionnaire. Data were collected at one time point.  

Transparency and openness 

The approach to transparency and openness is the same as in Study 1. In addition, this 

study was pre-registered [103805]. 

Results 

Again, all analyses were performed using statistical software packages, and in accordance 

with details specified in Study 1. This also included checks of internal reliability, and 

univariate outliers across all scales. No issues with internal reliability were identified across 

scales (all α >.70). However, a number of univariate outliers were highlighted amongst the 

ratings of PD and AL-9. As with study 2, these data points are included in all reported 

analyses, although all analyses were re-run while excluding outliers to confirm that all 

effects and their significance levels held. We found no significant differences in ratings 

across recorded measures between genders (all p’s > .05; see Supplementary Materials). 

The results of the correlational analysis replicate Study 1 (see Table 1). Regarding evaluation 

sensitivity, a significant and positive relationship was found between FnE and PD (see Table 

1). Regarding complexity intolerance, a significant and positive relationship was found 

between IoU and NfC (see Table 1). Finally, robust associations were observed between 

theorised constructs, with strong effect sizes of positive relationships between the 

component scales of evaluation sensitivity and complexity intolerance (see Table 1). These 

findings all support our hypothesis, that higher levels of evaluation sensitivity are associated 

with greater complexity intolerance in a non-military population. 

In addition, we were interested in investigating if the authoritarian nature of an individual’s 

working environment might affect complexity intolerance or might drive or amplify the 

relationship between evaluation sensitivity and complexity intolerance. In other words, can 



87 

 

the reported effects in Study 1 and Study 2 be partially explained by the fact that individuals 

in those samples were working in military environments which may be more authoritarian 

than other work environments. To test this possibility in the civilian sample, we ran a series 

of multiple linear regressions. Each regression predicted one measure of complexity 

intolerance (IoU or NfC) from one measure of evaluation sensitivity (FnE or PD), AL, and their 

interaction. If working in an authoritarian environment moderates the relationship between 

evaluation sensitivity and complexity intolerance, then the interaction term in these models 

should be significant. However, none of the interaction terms in these models was 

significant (all p’s > .05, see Supplementary Materials for analyses). Furthermore, there was 

no significant effect of AL in any of these models (all p’s > .05). As such, these analyses 

provide no evidence for the presence or absence of an influence of authoritarian working 

environment on complexity intolerance or its relationship to evaluation sensitivity. 

Interim Discussion 

Study 3 tested the relationship between evaluation sensitivity and complexity intolerance in 

a civilian sample.  As with the military samples in Studies 1 and 2, evaluation sensitivity was 

associated with complexity intolerance. Furthermore, we found no statistically significant 

effect to support the idea that evaluation sensitivity, complexity intolerance, or the 

relationship between them, is dependent on working in an authoritarian environment. But 

regardless of whether or not working an authoritarian environment affects these 

phenomena, it appears that both military personnel and civilians tend to show reduced 

motivation to deal with uncertainty when they are high in evaluation sensitivity.   

Study 4 

The relationship between evaluation sensitivity and complexity intolerance shown in Studies 

1 through 3 raises a serious concern regarding training individuals to work in critical 

environments.  On the one hand, training for critical roles necessarily involves some element 

of evaluation. On the other hand, it is possible that the evaluation process itself might 

reduce individuals’ willingness to engage with the inherent complexity of those 

environments. Our final two studies explored the possibility that training approaches might 

reduce this risk by openly engaging with uncertainty and using formative assessment as a 

coaching tool.  Study 4 was an exploratory study using a subset of the participants from 

Study 1 to test if such a training program could reduce evaluative threat and complexity 

intolerance in a sample of experienced military personnel. 

Methods 

Participants  

Data collected from experienced military personnel in Study 1 was used. Here, data were 

gathered at two time points (T0 and T1). A subset of participants (n =149) were enrolled on 



88 

 

the operational command course (see below: “Training”). Their T0 data were gathered at the 

beginning of the six-week training. A further subset of those participants (n = 87) 

completed the training and, at that point, completed a second questionnaire (T1). This 

process was followed on three iterations of the operational command course. 

Training 

Operational command course 

The operational command course is designed specifically to equip trained military personnel 

with the skills needed by tactical commanders in operational combative operations. The 

course is a six-week program delivered from multiple locations in the United Kingdom. 

During this intense course, trainees conduct daily simulated operational combat scenarios in 

a leadership capacity. These scenarios are designed to closely recreate the cognitive 

demands of leadership on dynamic task-based military operations. The operational 

command course is particularly focused on developing the process of adaptive decision-

making.   

Formative assessment focused training 

This training intervention aimed to better prepare personnel for the uncertain and complex 

nature of operational exposure by creating a training environment that promotes 

experimentation by trainees (Finn, 2019). This program has been developed around changes 

specifically designed to decrease evaluation sensitivity within trainees and create a 

supportive learning environment. This involved a marked commitment to formative 

assessment. Here, training exercises were developed to better reflect the ambiguity inherent 

in operational environments. In some cases, summative evaluation is unavoidable (especially 

safety-orientated training with a clear right/wrong outcome, e.g., medical). Nevertheless, 

this was kept to a minimum and taken away specifically where it was deemed as being 

unsuitable to operational realities (i.e., dealing with probabilistic outcomes). Finally, the 

training staff received specialist training in mentorship. Historically, military training staff 

have held an authoritarian role amongst trainees (Finn, 2019; Hall, 2012; Soeters, 2018). A 

move towards a model of mentorship represents a paradigm shift in the deliverance of 

military command training and aims to create a supportive environment in which trainees 

feel empowered to learn as a function of trial and error, and reflection. The increased 

emphasis on these factors differentiates this program from traditional training 

methodologies.  

Results 

To test for effects of training, we calculated difference scores for each measure (T1 – T0). 

We then conducted a series of one sample t-tests (one-tailed) to examine if the training 

intervention resulted in a significant reduction (<0) in any of the scales. When we found 
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significant effects with these t-tests, we explored them further using a Bayesian framework 

to model parameter values (Kruschke, 2018). These models were run with parallel 

processing using the default BEST package minimally informative default priors and model 

specifications (Meredith & Kruschke, 2021). This allowed us to comment on the presence of 

a null effect, report findings in terms of probability, and provide a summary of uncertainty 

around parameter estimates not constrained by the traditional Frequentist approach (e.g., 

power). 

To explore changes in evaluation sensitivity and complexity intolerance following the 

operational command course, we used the T0 and T1 data collected from participants who 

had completed the training. Results showed a non-significant reduction in both measures of 

evaluation sensitivity, FnE: M= -.13, SD =.75, t(86) = -1.63, p = .053, and PD: M= -.02, SD 

= .71, t(86) = -.24, p = .405. However, we found a significant reduction across measures of 

complexity intolerance following the training intervention, NfC: M= -.15, SD = .63, t(86) = -

2.27, p = .013, and  IoU: M= -.11, SD = .57, t(86) = -1.85, p = .034. Bayesian estimations 

of the posterior distributions also were also calculated. All 𝑅̂ values were <1.1, suggesting 

adequate model convergence. This allowed us to comment on the presence of a null effect 

of training. Results here were in support of previous findings. These results estimate an 

86.9% probability that the true reduction in IoU was below 0 and a 93.2% probability that the 

true reduction in NfC was below 0 (see Supplementary Figure 1). 

Interim Discussion 

In Study 4, we assessed the effects of a new training designed to facilitate complex problem 

solving via more formative (and not strictly summative) assessment. That group showed an 

increase in complexity intolerance after training. On one hand, these results may have 

emerged because the novel training approach successfully increased trainees’ ability to 

grapple with uncertainty. On the other hand, Study 4 did not have a control group for 

comparison, so we cannot make this causal attribution. Study 5 addressed this shortcoming 

with a suitable control group.   

Study 5 

In Study 5, we again sought to examine the effects of a training intervention on evaluative 

threat and complexity intolerance. We followed two training cohorts of officer initial training 

(A and B). The length, curriculum, and pass criterion remained the same across both 

cohorts. However, cohort B received training adapted in line with the formative assessment 

focused training (see Study 4) with the aim of reducing evaluation sensitivity. Based on the 

findings of Study 4, we expected the novel training to significantly reduce complexity 

intolerance. 
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Methods 

Participants  

Data collected from early career military personnel in Study 2 was used. Here, data were 

collected at two time points, T0 (start of training), and T1 (end of training), and across two 

cohorts (A and B). Cohort A (n =45) received traditional training; 39 of those completed the 

training and completed the post-training survey. Cohort B (n = 56) completed training 

designed to reduce evaluation sensitivity (see below); 37 of those completed the training 

and post-training survey. Critically, the course length, curriculum, and pass criterion 

remained the same across both cohorts of training. 

The minimum sample size for this study was determined by the results of a power analysis 

to estimate the sample size necessary to detect the smallest effect size of interest in 

training-related change in the questionnaire variables at a reasonable Type II error rate 

(smallest d = .50, power = .80, one-tailed α= .05), which suggested a sample size of 26. 

Here, the smallest effect size of interest (d = .50) is typical of training-related research 

(Kraft, 2020). As with Study 1, our recruitment consisted of passing out a link to the 

questionnaire to each training cohort. As such, we used the sample size estimate as a 

minimum and analysed all data we received once we had distributed the link. 

Training  

Officer initial training  

Officer basic training takes early career personnel (civilians) and aims to equip them with all 

the skills and knowledge required to deploy as a military commander operationally. The 

course lasts a minimum of 12 months and covers all aspects of tactical leadership. Like the 

operational command course, trainees conduct regular simulated operational combat 

scenarios in a leadership capacity. Generally, the development of adaptive decision-making 

skills is fundamental to officer initial training, however, unlike the operational command 

course, a wide array of capabilities are also addressed (e.g., fitness, weapons proficiency, 

administrative competence). All participants were enrolled in initial officer training. Cohort B 

received training with a greater focus on formative assessment (see Study 4: “Training”). 

Results 

Next, we tested changes in evaluation sensitivity and complexity intolerance following 

training (see Figure 1). We found no change in Cohort A. As with Study 4, a difference score 

was calculated (T1 - T0) for all scales, FnE (M= -.04, SD = .64), PD (M= -.06, SD = .71), IoU 

(M= -.07, SD = .54), NfC (M= .11, SD = .53).  Neither the measures of evaluation sensitivity, 

FnE: t(38) = -.42, p = .339 or PD: t(38) = .54, p = .705), nor complexity intolerance, NfC: 

t(38) = 1.29, p = .898;  IU : t(38) = .86, p = .803) showed significant change following the 

traditional training intervention.  
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However, changes in several measures emerged in Cohort B; FnE (M= -.08, SD = .54), PD 

(M= -.24, SD = .57), IoU (M= -.26, SD = .29), and NfC (M= -.31, SD = .57).  Here we found 

a significant reduction in PD, t(36) = -2.61, p = .006, and both measures of complexity 

intolerance, NfC: t(36) = -3.28, p = .001 and  IoU: t(36) = 4.09, p < .001. Results showed a 

non-significant reduction in, FnE: t(36) = -.86, p = .198. The Bayesian analyses further 

support these results (see Supplementary Figure 2), estimating a 99.5% probability that the 

true reduction in IoU was below 0, a 99.7% probability that the true reduction in NfC was 

below 0, and a 98.8% that the true reduction in PD was below 0. All parameter estimates did 

not include 0 (no change) within the 95% HDI and can be considered strong evidence in 

support of a difference (Kruschke, 2018). Together, these data suggest that early career 

military personnel who underwent the novel training experienced a decrease in complexity 

intolerance. 

Finally, we compared changes in evaluation sensitivity and complexity intolerance between 

cohorts. In accordance with our pre-registered analysis plan, difference scores were entered 

into a series of Welch's t-tests (one tailed). Results demonstrated that participants in Cohort 

B (when contrasted with Cohort A) had a greater reduction in PD: t(71.96) = -2.08, p = .021, 

and both measures of complexity intolerance, NfC: t(72.90) = -3.29, p <.001; IoU: t(69.32) 

= -3.13, p =.001. We found no significant difference between Cohorts A and B in FnE: 

t(73.14) = -.25, p = .402. Thus, findings suggest participants who underwent the formative 

assessment-focused training showed a reduction in PD, IoU and the NfC compared to those 

trained with traditional methods. 
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Figure 1 

Effects of adapted and traditional training 

Note. Mean difference of post-training from pre-training scores for early career personnel. 

Error bars represent standard error. *Indicates differences with a significant p value: *< 

.050, ** < .01, *** <.001.  

Interim Discussion 

Individuals who completed that specific training showed reduced complexity intolerance in 

both measures. Moreover, these changes were significantly greater for individuals who 

underwent traditional training. These findings support the idea that novel training 

approaches may increase one’s ability to grapple with uncertainty. 

Pooled Analyses 

In the final set of analyses, we pooled the data from studies 1, 2, and 3 to address three 

points. First, we wanted to report relationships within and between measures of evaluation 

sensitivity and complexity intolerance with a larger and more diverse sample than any of the 

individual studies provided. Second, we wanted to use the greater statistical power of the 

larger sample to test the degree to which change in evaluative threat predicted change in 

complexity intolerance in the training samples. If the two constructs are causally related, 

then these changes should correlate. Third, we sought to test any differences between 

military and civilian samples in our key measures. Given stereotypes of military personnel as 
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discipline-focused, rigid and lacking creativity (Harrell & Berglass, 2012), one might expect 

that military samples would be high in evaluative threat and complexity intolerance.  We 

sought to call these stereotypes into question by comparing our military and civilian 

samples.   

Method 

The pooled correlation analyses (n = 511) for the relationships between evaluative threat 

and complexity intolerance, and the comparisons between samples on these measures, used 

data from Study 1 (n =211), Study 2 (n =101) and all participants from Study 3 (n = 199). 

For the training-related analyses, we used all participants who had completed the 

formative-assessment oriented training (n = 124). 

All correlational analyses were conducted as described in Study 1. In addition, we used a 

Welch’s ANOVA (with Bonferroni correction for post hoc pairwise t tests) to compare the 

values on each variable between military personnel and civilians.  

Results 

Table 1 and Figure 2 illustrate the pooled correlations.  

Figure 2  

Correlations from pooled data 

 

 

Note. Arrows represent weighted associations within and between latent constructs. Dashed 

arrows highlight pattens of associations that did not replicate across all studies (indexed 

numbers indicate which study showed a significant relationship). *Indicates correlations with 

a significant p value < .050, ** < .01, *** <.001. 
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Comparisons between samples revealed some differences between experienced, early career 

military and civilian populations (see Table 1). There was a significant difference between 

groups in measures of FnE, (F(2, 282.58) = 6.45, p < .001). Post hoc analysis revealed a 

significant difference between experienced military and civilian samples only (p <.001, all 

other comparisons, p’s > .05), with experienced military participants reporting lower FnE 

than civilians. No significant difference between groups was found for measures of PD, (F(2, 

296.33) = .72, p = .488). Regarding indexes of complexity intolerance, we found significant 

differences between groups for NfC, (F(2, 298.31) = 45.42, p < .001). Post hoc analysis 

revealed that experienced (p < .001), and early career military personnel (p < .001) reported 

significantly lower ratings of NfC than civilians, but we found no significant difference 

between military groups (p = .50). Finally, we found significant differences between groups 

for IoU (F(2, 299.4) = 49.99, p < .001), with significant difference between both 

experienced (p < .001), early career military (p < .001),  and civilian samples. Here, military 

personnel reported lower IoU than civilians. Further, a significant difference between 

experienced and early career military groupings also emerged (p = .009), with experienced 

military participants reporting higher ratings of NfC than early career personnel.   
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Table 1  

Means, standard deviations, and correlations with bootstrapped confidence intervals 

 Study Mean (SD) FnE PD  IoU 

       

1.FnE 1 2.45 (.62)     

 2 2.52 (.52)     

 3 2.66 (.59)     

 P 2.55 (.59)     

       

2.PD 1 1.62 (.65) .22***[.07, .35]    

 2 1.55 (.49) .10   [-.09, .27]    

 3 1.62 (.67) .30***[.18, .41]    

 P 1.61 (.63) .23***[.15, .31]    

       

3.IoU 1 2.26 (.62) .50***[.39, .60] .33***[.20, .44]   

 2 2.03 (.48) .52***[.36, .63] .05  [-.12, .23]   

 3 2.74 (.76) .52***[.41, .62] .29***[.16, .41]   

 P 2.40 (.72) .52***[.45, .58] .26***[.17, .35]   

       

4.NfC 1 2.49 (.64) .43***[.31, .54] .33***[.21, .44]  .75***[.68, .80] 

 2 2.38 (.47) .40***[ .22,.54] .23*   [.04, .38]  .57***[.43, .67] 

 3 2.97 (.67) .49***[.37, .59] .31***[.19, .43]  .73***[.65, .78] 

 P 2.66 (.67) .47***[.39, .53] .30***[.21, .37]  .76***[.72, .79] 

       

Note. *Indicates correlations with a significant p value < .050, ** < .01, *** <.001. BCa 

bootstrap 95% CIs reported in brackets. Degrees of freedom (n): Study 1 T0= 209 (211), 

Study 2 T0= 99 (101), Study 3= 197 (199), Pooled (P) = 509 (511). Borders highlight 

associations within (evaluation sensitivity = solid, complexity intolerance = dashed), and 

between (dotted) theorised latent constructs.  

To test the possibility that a change in evaluation sensitivity leads to reductions in 

complexity intolerance, we used the pooled difference scores (T1-T0) for all participants 

who underwent the formative assessment-focused training intervention across Studies 4, 

and 5 (n = 124). Changes in the FnE scale were significantly positively correlated with 

changes in both IoU, r (122) = .40, p<. 001, [.17, .60] and NfC, r (122) = .43, p<.001, [.22, 

.63]. The same pattern emerged with PD where changes in PD predicted changes in IoU, r 

(122) = .39, p<. 001, [.17, .61] and NfC, r (122) = .44, p<.001, [.23, .63].  
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Discussion  

In the first three studies presented here, we showed that the more an individual is 

concerned about being evaluated negatively, the greater their complexity intolerance (i.e., 

the less motivated they are to engage with uncertainty). The last two studies suggest that 

when training programmes focus on coaching, formative assessment, trial-and-error 

learning, and problem-solving, they can reduce trainees’ complexity intolerance.  

We measured evaluation sensitivity using the Fear of Negative Evaluation (i.e., an individual’s 

tolerance for the possibility they may be judged disparagingly by others) and Power Distance 

(i.e., one's tendency to endorse the legitimacy of hierarchy in maintaining order) scales 

(Leary, 1983; Yoo et al., 2011). Given the moderate strength of the associations between 

these scales and the fact that they correlated in two out of the three samples, they appear to 

be related, yet dissociable, psychological constructs. In general, the more an individual 

endorses the legitimacy of authoritarian modes of leadership, the greater the fear of 

interpersonal evaluation.  

Regarding complexity intolerance, we found robust and strong correlations across studies 

between Intolerance of Uncertainty (i.e., negative beliefs about uncertainty and its 

implications) and Need for Closure (i.e., one's drive to find a concrete answer in ambiguous 

situations) scales (Carleton et al., 2007; Roets & Van Hiel, 2011). As such, there is little 

doubt that these constructs are closely related, although one is more focused on valenced 

responses to uncertainty (e.g., I don’t like uncertainty) and the other more on behavioural 

intentions (e.g., uncertainty impacts my behaviour).  

More critically, we found a consistent pattern of associations between evaluation sensitivity 

and complexity intolerance across all three studies. Pooled analyses across the training-

based studies further suggest that reductions in evaluation sensitivity predict reductions in 

complexity intolerance. Taken together, these findings are consistent with the notion that 

concern about being evaluated negatively can reduce one’s motivation to engage with 

uncertainty. This observation points to a serious risk in training individuals for critical roles 

in complex environments. If the stresses of training reduce an individual’s willingness to 

cope with the inherent uncertainties of their work environment, training might undermine 

the very skillset it is attempting to build.  

In all but one of the studies reported here focused on military samples. We did so for a 

couple of reasons. For one, we felt that the present work is particularly relevant to military 

populations. Both researchers and individuals within the military have highlighted the 

considerable challenge and need to train personnel on how to cope with complex 

environments (Delahaij et al., 2006; Dörner & Funke, 2017; Finn, 2019; Williams, 2010). 

While operational environments have probably always been complex, it has likely grown in 

complexity in recent years with the increasing presence of autonomous systems in 
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battlespace and the increasing incidence of “nontraditional warfare” (Delahaij et al., 2006; 

Simonetti et al., 2020). It is critical that all levels of the military hierarchy have the ability 

and motivation to deal with complexity under extremely stressful situations so that they can 

make decisions and take actions that are the best (most reasonable and ethical) in the given 

circumstances. With all this in mind, effective training for complexity is essential.  

The second reason why we focused on military samples was because it seemed likely, a 

priori, that the evaluation sensitivity would be particularly strong in military training 

environments, where performance evaluation has serious implications for one’s reputation 

and career. But the fact that these effects emerged in both military and civilian samples 

suggests that the link between evaluation sensitivity and complexity intolerance is not 

dependent on the hierarchical nature of the military. Indeed, we found no significant 

relationship within the civilian sample between working in a hierarchical organization and 

complexity tolerance. Furthermore, comparisons between samples revealed that the military 

samples were lower in the Fear of Negative Evaluation, Need for Closure, and Intolerance of 

Uncertainty. These data clearly contradict stereotypes of military personnel as rigid, 

discipline-focused, and low in creative thinking that sometimes haunt service people and 

veterans (Harrell & Berglass, 2012). More generally, the consistency across samples 

suggests that evaluation elements of training programmes, no matter what the area, might 

run the risk of reducing one’s ability to deal with real world complexity. 

Our results suggest that complexity intolerance is not a rigid trait, but can be adapted 

through training. Much debate can be found in the literature on the feasibility of 

manipulating dispositional constructs like intolerance of uncertainty (Bavolar et al., 2021; 

Laposa et al., 2022). Studies 4 and 5 suggest that leadership training approaches can 

influence complexity tolerance when they involve coaching individuals to cope with 

complexity and a focus on formative (instead of merely summative) assessment. In Study 4, 

Individuals became more tolerant of complexity following such a training intervention. Study 

5 replicated this effect and demonstrated that while the adapted training approach reduced 

complexity intolerance (both IoU and NfC), the traditional method of training, built around 

an authoritarian model of instruction and summative assessment, had no effect. Further, 

pooled analyses showed that changes in evaluation sensitivity strongly predicted those in 

complexity intolerance following novel training. These data are consistent with a causal 

relationship whereby reductions in evaluation sensitivity promote tolerance for complexity.  

Together, these data have implications for leadership training. Preparing individuals to deal 

with dangerous and unpredictable environments is challenging. Traditional approaches, 

particularly in the military, often aim to expose individuals to repeated summative 

evaluations that require trainees to closely adhere to decision-making frameworks 

(Shortland et al., 2018). But these types of approaches may fail to translate from scripted 

rehearsal within a highly controlled training environment to real world situations that involve 
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more degrees of freedom and real consequences of action (Delahaij et al., 2006; McCall & 

Laycock, 2024; Van Den Heuvel et al., 2012). To meet this challenge, training approaches 

might better reflect the dynamic and uncertain nature of complex environments.  

The data presented here suggest that training can encourage trainees to embrace 

uncertainty via mentorship, open discussions about problem solving, and formative 

assessment that allows for more trial-and-error than summative assessment. Although this 

research focused on members of the military, the observations likely generalize to other 

domains. Conversely, other domains provide examples of training approaches that 

encourage complexity tolerance (Cannon-Bowers & Salas, 1998). For example, medical 

educators have long struggled with teaching practitioners to cope with making treatment 

decisions in spite of the inherent uncertainty of disease diagnosis and prognosis. But 

educators can encourage trainees to deal explicitly with this uncertainty in a given situation 

and can evaluate them not on correctness of a decision per se, but on their reasoning in 

coming to that decision (Simpkin & Schwartzstein, 2016). Along these lines, actively setting 

up diagnostic exercises where errors are likely to occur allows learners to engage in trial-

and-error learning and reflect on their decision processes (Eva, 2009). The domain of 

emergency management provides further insight that may be particularly useful in the 

military domain.  For example, Comfort and colleagues suggest that training can build up 

from basic skill acquisition, to thinking and discussing the application of those skills in 

complex scenarios, to simulation-based learning in which trainees face complex simulations 

in which they must choose when and how to deploy their skillset under stress and 

uncertainty (Comfort & Wukich, 2013).  

Regardless, a fixation on avoiding the negative evaluations of others is not conducive to the 

types of trial-and-error learning (Eva, 2009) and exploration (Cohen et al., 2007; Mehlhorn 

et al., 2015) that complex roles require. When leaders fail to grapple with complexity, they 

run the risk of reaching decisions prematurely, before other alternatives have been 

considered (Keinan, 1987; Pelaccia et al., 2014). Our data suggest that training interventions 

that provide formative assessment and mentorship can help limit constraining effects of 

evaluation concerns so that individuals are more willing (and perhaps able) to deal with 

complexity. 
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Chapter Five: General Discussion 

Across disciplines, the literature reviewed in Chapter One highlights many psychological 

mechanisms underlying complex decision-making and how threat may disrupt these 

processes. This literature underscores the importance of accounting for the nature of threat 

when interpreting research findings, identifying processes that may underlie decision-

making ability, as well as identifying potentially malleable individual differences that could 

improve performance through targeted training. 

Building on these insights, I presented three empirical chapters that examine how integral 

and evaluative threats influence key behavioural and motivational processes that shape 

complex decision-making. In this final chapter, I summarise the novel insights into how 

individuals make complex decisions under threat, as explored throughout this thesis, 

highlight opportunities to improve real-world application, and outline key directions for 

future research. 

Summary of chapters  

The empirical chapters present evidence that being in a threatened state results in a “profile 

of effects” (Broadbent, 1984) that impacts behaviour and motivation when making complex 

decisions. Together, in eight studies, this body of work has two key objectives: 1) to test the 

effects of environmental threat on the complex decision-making process and 2) to test the 

effects of evaluative threat on the motivation to engage in complex decision-making. 

I developed a virtual experimental paradigm in Chapter Two where threat was integral to a 

decision-making task (VRIGT). I first validated the VRIGT, a complex decision-making task 

embedded in virtual reality. Next, I used the VRIGT to run a series of studies that probed the 

effect of our threat manipulation on performance. Results demonstrated that threat 

disrupted performance, learning, reward processing, and the way individuals sampled 

information from the environment during the task (described in greater detail below).   

In Chapter Three, I further probed the effect of learning under threat. However, we used an 

alternative task that indexed reversal learning ability (VRCF) and adopted a within-subjects 

research design. This change enabled more precise modelling of distinct dimensions of 

complexity, such as when sound choices lead to poor outcomes due to stochastic variability, 

and when sound choices rapidly turn bad, under conditions of volatility. This study used the 

same integral manipulation of threat as in Chapter Two’s studies but integrated haptic 

feedback to enhance the experience of immersion. I found that individuals adopted a 

distinct responsive and exploitative learning profile under threat. Using simulations to 

support, we showed that the impact of these changes on performance varies depending on 

the level of stochastic variability and volatility in the environment.    
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In Chapter Four, I investigated the idea that individuals concerned with negative evaluation 

are less motivated to engage with complexity. Building on interviews we conducted in earlier 

work with experienced elite military personnel (McCall & Laycock, 2024), I explored the 

possibility that social evaluation might affect individuals’ motivation to engage with 

complexity. I used established questionnaires to index evaluation sensitivity (i.e., concerned 

with negative evaluation) and complexity intolerance (i.e., motivational drive to engage with 

complexity). We collected data from both military and civilian samples. This opportunity to 

gather data from a military population was particularly fortunate given the unique 

environment (traditionally hierarchical) in which they work and train. We found that 

individuals sensitive to negative evaluation were less motivated to engage with uncertainty, 

but that targeted training can increase this motivation. 

Theoretical and methodological contributions   

Manipulating integral threat experimentally 

The review in Chapter One demonstrated the need for integral experimental manipulations 

of threat. Experimental control remains, as ever, important in empirical research (Sidman, 

1960). But laboratory-based manipulations of threats often differ from the naturalistic 

contexts in which they naturally arise (Mobbs et al., 2019). The way a stressor is presented 

to an individual experimentally can affect results (Giovanniello et al., 2023). Integral 

manipulations of threat, where one’s decisions directly affect the level of threat, are 

required to understand how stressors impact performance in situations where the threat is 

not just a distraction but goal-relevant information.  

In general, integral manipulations are more appropriate to study how a threatened state 

impacts cognition in critical settings (i.e., for military personnel or first responders), where 

treating threat as incidental would misrepresent its functional role in the decision-making 

process. This is because threat is presented as task-relevant information in integral 

manipulations of threat. This is not the case with incidental manipulations, as in the 

moment, threat is simply not task-relevant. This changes task dynamics and impacts 

performance. More specifically, integral manipulations present the threat as a source of 

information. Indeed, every smash, crash, bang, and creak are all data points that could 

feasibly help (or hinder) performance. For example, think about the scenario of walking 

across a frozen lake, where the sound of a crack in the ice necessarily informs choices and 

impacts behaviour.  

In this sense, integral manipulations of threat better replicate the dynamics of a complex 

environment by maintaining the demand of negotiating multiple competing goals. Demand 

to negotiate multiple competing goals is a defining characteristic of complexity (Funke, 

2012). For example, under integral threat, at any point in time, an individual may be 

required to move toward a goal that is in conflict (or not) with self-preservation. This 
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requires an individual to strategically allocate resources, dynamically interrogate feedback, 

and adapt behaviour. 

In our first three experiments, we operationalised integral threat by placing individuals in a 

simulated building that was dangerously collapsing. In these experiments, the goal to 

“escape the building” was always aligned with the threat. This is in contrast to incidental 

manipulations of threat, where a threat is operationalised as a distractor and is not 

conceptually related to the task being performed in any way. For instance, one popular way 

to study threat and complex decision-making is to get participants to concurrently prepare 

a presentation (a stressor) while taking part in a complex decision-making task (Simonovic 

et al., 2018). However, doing poorly on the presentation has no bearing on the complex 

decision-making performance (and vice versa). Distinguishing between these paradigms 

helps explain inconsistencies in the literature. 

A second novel aspect of the integral threat manipulation we developed is that it allowed 

temporal alignment between the stressor and task. Traditionally, incidental manipulations of 

threat principally present participants with a stressor before the task is performed (Wemm & 

Wulfert, 2017). This is problematic, given that when the task is being performed, 

participants are not actually under threat. The limitations with this approach are well 

documented (Ting et al., 2022). Real-world manipulations of threat (e.g., parachute 

jumping) can address this issue, however, with the cost of giving up experimental control 

(Idzikowski & Baddeley, 1987).  

I demonstrated in Chapter Two that aversive subjective experience, arousal, and real-world 

dissociation (O’Brien et al., 2018) could be successfully manipulated experimentally using 

the VRIGT (replicated in Chapter Three with the VRCF). This gave me the opportunity to 

manipulate threat at the same time as the task, and in such a way that it was conceptually 

related to the task being performed. By developing and validating an experimental paradigm 

using virtual reality to manipulate integral threat, I offer a novel experimental paradigm that 

helps overcome significant challenges that have restricted prior research. That is, it allowed 

us to observe the effect of threat on complex decision-making performance in ways that 

have been neglected, such as in situations where threat is present in the moment and is 

directly related to task performance.   

The following sections demonstrate how our research using integral manipulations of threat 

helps clear up disagreements in the literature and provides empirical grounding for claims 

about the functional role of threat in shaping complex decision-making performance. 

The effect of integral manipulations of threat on complex decision-making performance 

In Chapter Two, I demonstrated that integral manipulations of threat negatively impacted 

complex decision-making performance. Participants under threat performed worse on a 
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complex decision-making task. This was evident in disrupted learning across trials, with 

individuals under threat taking longer to significantly improve performance from baseline, 

and scoring worse in the final block of trials, when compared to participants in a nonthreat 

condition. This adds to the current literature using only incidental methods of manipulating 

threat when investigating complex decision-making performance (Ben Hassen et al., 2023; 

Simonovic et al., 2018; Wemm & Wulfert, 2017).  

One interpretation of the performance-related findings from Chapter Two is that when 

individuals are under threat, they are too rigid to respond to changes in the rewards of 

specific choices. In the context of the IGT, they do not adjust to the new information that 

the seemingly profitable decks, in fact, come with large losses. Indeed, the ability to 

respond effectively to change in the environment (i.e., cognitive flexibility) is a fundamental 

capability underlying complex decision-making performance (Fellows & Farah, 2005; Krems, 

1995). To explore this possibility in Chapter Three, I investigated how integral threat 

impacts cognitive flexibility performance using a reversal learning task. Results suggested 

no clear effect of threat on cognitive flexibility performance. On the surface, this finding 

fails to build upon, or even contradict, the findings of Chapter Two.  

However, the seeming contradiction only remains when we limit analyses to gross measures 

of performance. A key challenge when addressing a broad category, such as complex 

decision-making, is that no single task can practically measure all aspects of behaviour. For 

example, even the concept of uncertainty can be broken down into many subtypes (Levy & 

Schiller, 2021, 2023; Simoens et al., 2024; Soltani & Izquierdo, 2019), all of which are likely 

to impact negotiating complexity in unique ways. Complex decision-making tasks (e.g., the 

Iowa Gambling Task used in Chapter Two) are developed to be holistic representations of 

behaviour. Specifically, they use non-binary reward/loss schedules and focus on indexing 

gradual shifts in behaviour. This makes isolating a discrete response to a specific type of 

uncertainty difficult.  

I argue that in lieu of a grand theory of the impact of threat on cognition, empirical work 

should aim to reveal the subtle ways that being in a threatened state impacts (or doesn’t) 

the many cognitive processes that underlie decision-making (Giovanniello et al., 2023). This 

call to systematically study effects across a range of cognitive domains and task contexts is 

not a new idea; however, it’s an important one. Broadbent made a similar comment when 

discussing drug efficacy back in 1984, “one cannot predict effects … from a single 

performance test. One must either simulate the practical situation exactly or use a battery of 

analytical tests to form a profile of effects…” (Broadbent, 1984). His point highlights the 

need to consider context and use multiple methods to capture the full scope of cognitive 

impact, especially when effects may vary across tasks. 
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At its core, decision-making is of course a process of choosing from an array of alternatives. 

Yet, given the ambiguous, dynamic, and sometimes emotionally challenging realities of "real 

world" choice behaviour, it’s rarely ever just about an isolated selection. These complex 

decisions require an individual to construct and prune a body of knowledge on which to 

base action (Behrens et al., 2007) under uncertainty.  

With this in mind, in both Chapter Two and Three, I estimated aspects of associative 

learning using a computational approach. In Chapter Three, I further demonstrated, using 

parameter estimates and simulations, that threat may have different effects on complex 

decision-making performance based on the nature of the task's constraints, such as the 

number of choices presented to an individual, the level of stochastic variability, and rates of 

volatility. Critically, this helps to explain contradictions in the literature, specifically 

regarding reward processing and sampling behaviour. Following this theme, Chapters Two 

and Three present novel theoretical contributions that add to current debates about how 

threat impacts the processes underlying complex decision-making performance.  

Reward processing  

Threat has been suggested to impact responsivity to rewards. A popular idea in the 

decision-making literature is loss aversion under threat. That is, at a basic level, participants 

are more sensitive to punishment than reward (Kahneman, 1979). This effect has been 

shown mainly in research examining decisions from description, more than actual 

experience (Hertwig et al., 2004). However, the idea is still influential, perhaps because it 

seems logical that a focus on self-preservation could plausibly promote loss aversion.  

Recently, work has used computational modelling to suggest threat drives loss aversion in 

complex decision-making tasks (Ben Hassen et al., 2023; Yu, 2016). Yet, critically, 

distinguishing between loss aversion and sensitivity to reward is challenging. Is it that 

participants don’t like loss, or do they really like reward? To add clarity here, in Chapter Two 

(Study Two), I used a computational model with parameters for punishment and reward 

(Haines et al., 2018). Threat led to an increase in reward sensitivity, not punishment 

sensitivity. In other words, participants under threat focused on (short-term) rewards.  

This finding suggests reward sensitivity, not loss aversion, is responsible for threat-related 

differences in reward responsivity in complex tasks. These findings contradict some of the 

other findings in the literature (Berghorst et al., 2013; Bogdan & Pizzagalli, 2006; Morgado 

et al., 2015). This disparity may be method-induced. Experimental paradigms employing 

incidental threat manipulations have demonstrated reduced reward sensitivity (Bogdan & 

Pizzagalli, 2006), a phenomenon ostensibly driven by stress-induced anhedonia, namely, a 

diminished drive to initiate and maintain engagement with rewarding activities under acute 

stress. Under incidental conditions, threat is a non-informative distractor, lacking relevance 

to the task at hand. In such contexts, stress-induced anhedonia may reflect an adaptive 
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response to the experimental framing of threat. In contrast, integral threat manipulations 

might produce different results because they link reward directly to threat avoidance, 

making it instrumental to self-preservation. This distinction underscores the importance of 

considering threat’s behavioural impact through the lens of situational dynamics, where the 

nature of the threat, task constraints, and contextual demands shape behavioural outcomes. 

These findings challenge the theoretical position of threat-rigidity, that argues threat drives 

behavioural inflexibility (Giovanniello et al., 2023; Kamphuis et al., 2008; Staw et al., 1981). 

Our findings in both Chapters Two and Three suggest that under integral threat, individuals 

are particularly responsive to recent feedback. This shift to a more responsive learning 

profile may be advantageous in well-defined environments, allowing individuals to rapidly 

maximise reward. Yet, when associations between stimulus and reward in the environment 

are unstable, performance is disrupted. This detriment in performance might look inflexible 

in tasks such as the IGT where individuals must track long-term gains to perform well. This 

is not inflexibility per se (at the level of behaviour), but a product of a threat driven change 

in learning strategy that’s not suited to the task’s constraints. 

Sampling behaviour  

Individuals sample information over time when making a series of decisions. Sampling 

behaviour is a core feature of many mechanisms that underlie complex decision making 

(e.g., reinforcement learning, exploration and exploitation, context-dependent learning, 

cognitive flexibility, and motivation). Previous literature has suggested that threat is 

associated with premature closure (Eva, 2009; Keinan, 1987). That is, under threat, 

individuals are driven to pick a choice and stick with it, independent of feedback. The idea 

here is that in threatening situations, errors carry survival costs. In contexts like escaping a 

collapsing building, minimising uncertainty becomes paramount, such that individuals 

favour familiar options to reduce risk, prioritising self-preservation over incremental gains 

(Fanselow, 2018). This exploitative tendency would represent greater apprehension to 

extend choices in order to minimise uncertainty under threat (Wake et al., 2020). However, 

evidence of this effect of threat on sampling behaviour is mixed (Frey et al., 2014).  

Following an integral manipulation of threat on a complex decision-making task (Chapter 

Two, Study Two), we found no evidence of premature closure. Rather, under threat 

individuals were less likely to perseverate on a given choice, resulting in more sampling of 

information, although this increased sampling did not improve performance. Conversely, in 

Chapter Three, we found a shift to higher estimates of inverse temperature under threat. 

This represents an increase in the extent to which threatened individuals exploited their 

learned values.  

To explain this contradiction between my findings, I argue that the impact on sampling 

behaviour of higher inverse temperature reported depends on the nature of the task (Chou 
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et al., 2024). In well-defined situations, where current understanding accurately reflects the 

environment, increasing exploitation of learning rates will lead to an increase in repeated 

choice (premature closure). In contrast, in tasks such as the VRIGT, where the reward 

associated with different choices changes frequently and dramatically, being more 

exploitative of recent rewards results in more variable choices over time due to unstable 

value estimates (as seen in Chapter Two, Study Two). Critically, this accounts for what 

appears to be increased explorative behaviour without a performance improvement in 

Chapter Two. 

Therefore, I present evidence that the effect of threat on sampling behaviour is adaptive in 

well-defined environments, given that it helps maximise reward. Yet, in some environments, 

where choices with short-term gains might result in bad long-term outcomes, a more 

curious or exploratory approach may be more appropriate. This reduces the risk of 

overfitting to noise and guards against the impact of updating value estimations too quickly 

with new feedback (i.e., catastrophic interference).  

The effects of evaluation on the motivation to engage with complexity 

The motivation to engage in complex decision-making is distinct from the behavioural 

impacts of threat covered in Chapters Two and Three. Motivation is an antecedent to 

behaviour. These individual difference measures of motivation, such as intolerance of 

uncertainty and the need for closure, may help explain variations in overall complex 

decision-making performance (Kornilov et al., 2015), as well as aspects of underlying 

process, such as the ability to respond flexibly to changes in the environment (Huang et al., 

2017; Williams et al., 2024).  

Over three studies reported in Chapter Four, we showed a relationship between evaluation 

sensitivity and complexity intolerance. Here, in military personnel and civilians, evaluation 

sensitivity predicted complexity intolerance. This provided empirical evidence that people 

concerned with negative evaluation were less motivated to engage with complexity.  

Although evaluative threat is an unavoidable reality of many situations in which one must 

make choices with real consequences, the way that threat is internalised may directly impact 

our behaviour. This is particularly relevant to situations where good decisions necessarily 

involve a degree of failure. An overemphasis on being judged and getting things “right “can 

discourage people from confronting the ambiguities of real-world situations, where clear-

cut answers often don’t exist. I suggest that when individuals are overly concerned with 

being judged negatively, they are likely to resist confronting complex situations. 

Critically, by demonstrating that evaluation sensitivity predicts complexity intolerance, we 

present a mechanistic account of how evaluative threat impacts one’s motivational 

propensity to engage with uncertainty.  
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Training can increase motivation to deal with complexity 

Building on the idea, in Chapter Four, we also demonstrated that the degree to which an 

individual is motivated to engage with uncertainty is malleable following training. Training is 

used to prepare individuals to make complex decisions in threatening environments. This 

training often relies on repeated summative evaluations that enforce strict adherence to 

predefined decision-making frameworks. This is especially true in military contexts 

(Delahaij et al., 2006; Männiste et al., 2019; Williams, 2010). Yet such scripted rehearsal 

within controlled settings may not equip individuals to navigate the dynamic situations they 

face outside of training. It may lead trainees to be overly concerned with negative evaluation 

and diminish their complexity tolerance.  

While the literature continues to debate the malleability of constructs such as intolerance of 

uncertainty (Bavolar et al., 2021; Laposa et al., 2022), I present evidence that leadership 

training can enhance complexity tolerance, particularly when it emphasises coaching for 

adaptive coping and prioritises formative assessment over rigid summative evaluation. 

The extent to which individual traits like complexity tolerance can be “trained” is challenged 

by some individuals with lived experience. Here, such attributes are not seen as learned but 

innate characteristics that should be selected in, not cultivated (McCall & Laycock, 2024). 

Our findings challenge the notion, suggesting complexity intolerance can be shaped 

through targeted training. 

Implications  

This thesis offers insights relevant to ongoing academic inquiry and real-world practice. 

Throughout, I have attempted to coordinate my research with practitioners in mind. 

Individuals are often required to make decisions under threat. Many organisations look to 

research to build training programs that aim to help people make tough decisions in 

dangerous environments, such as in the military (Blacker et al., 2019; Delahaij et al., 2006; 

Männiste et al., 2019). To ensure the best possible preparation and support for those 

negotiating hazardous environments, the impact of threat on cognition must be better 

understood. 

Following my interviews with experienced military personnel (McCall & Laycock, 2024), it 

was apparent that to have a real-world impact, it was not enough to just identify the 

influence of threat on complex decision-making performance. It was also essential to 

acknowledge where function is likely influenced by the nature of the threat and task-

contextual constraints and focus on factors that are plausibly malleable following education 

and/or training. Below, I highlight specific examples of how this aim might be achieved.  
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Moving beyond incidental exposure to threat 

As informative as incidental manipulation of threat has been in modelling the relationship 

between threat and decision-making, they are limited in terms of inferential scope. This 

restricts their ability to inform researchers and practitioners of the effects of threat on 

behaviour in some applied contexts. The development of a method of manipulating integral 

threat gives us the opportunity to move closer to addressing this issue.  

The studies presented in this thesis suggest that disparities in prior findings may be method 

induced. As highlighted in Chapter One, this may (in part) be explained by the nature of the 

method used to manipulate threat and the task used to index complex decision-making. 

This is critical because it suggests that widely held assumptions about threat and decision-

making may rest on methodological artefacts rather than genuine psychological 

mechanisms. To offer clarity, research must confront this possibility directly, ensuring that 

experimental design does not obscure or distort the phenomena under investigation. 

But it’s not just about clarifying how manipulating threat integrally impacts the results of 

previously studied paradigms. By manipulating threat integrally, more ecologically valid 

models of decision-making under threat can be operationalised, allowing researchers to 

capture the interplay between evolving threat cues and shifting reward contingencies in 

dynamic contexts. Of course, multi-arm bandit tasks like the IGT (Bechara et al., 1994) 

capture aspects of this conflict. Notably, the IGT presents participants with options that are 

highly rewarded in terms of magnitude but risky in terms of punishment (e.g., deck B). Yet, 

critically, reward (e.g., moving closer to a predefined goal) is presented to an individual as a 

fixed value statement, like a price tag in a food market. In contrast, in real-world situations, 

individuals need to work harder to establish a subjective value based on estimates that are 

not easily quantifiable (Xu et al., 2024).  

Using integral manipulations of threat, it's feasible to develop paradigms where different 

aspects of threatening event (e.g., smoke billowing from behind a door) are paired with 

specific rewards and/or punishments in the environment, as a task unfolds. For example, 

options that are both rewarding and threatening could be presented to individuals. Further, 

these associations could change randomly over time or based on the frequency of selection 

by the individual. This is distinct from the approach taken in our paradigms, where threat 

was ever present, and doing well on the task was always associated with a decrease in threat 

(e.g., escaping the building).  

Psychoeducation for relevant practitioners 

Psychological research has a great deal of promise in helping address real-world problems 

faced by society, but to do so, it must look to develop closer ties with relevant practitioners 

(Prather et al., 2022). One specific application with reference to this thesis is to prepare 
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individuals better to make complex decisions under threat. Promoting the view that the 

nature of a threat, behavioural response, and context interact to produce variable outcomes. 

It’s convenient (and valuable) to think about threat simply in terms of escaping predators 

(Mobbs et al., 2009). Perhaps, in the case of incidental threats, in some situations it is also 

important to ignore them, but what about when escape is not an option? Many practitioners, 

such as first responders and military personnel, must run into hazard, not away.  

The work presented helps bridge the gap between theory and application. We have built on 

lived experience (McCall & Laycock, 2024) to develop experimental paradigms that reflect 

exposure to complexity under threat. We have focused on highlighting the impact of threat 

on processes that underlie complex decision-making performance, not necessarily the 

outcome. Critically, we highlight how the effect of threat may lead to maladaptive and/or 

adaptive performance depending on environmental constraints. This results in a body of 

work that has application in applied settings, specifically, in the form of psychoeducation 

delivered to individuals before being asked to perform in dangerous and uncertain 

situations.  

What might this look like in practice? A starting point is to build around a key argument of 

this thesis: that threat should not always be dismissed as a mere distraction, but instead 

recognised as a source of information that can scaffold performance. Introducing the 

mechanisms of behavioural sampling (e.g., the distinction between exploitation and 

exploration of information) and reward responsiveness gives a nuanced understanding of 

how threat might influence complex decision-making. It’s not necessarily about learning 

new skills, but how old skills developed in training might need refining when actioned in 

real-world situations under the influence of threat. In other words, delivering a 

comprehensive psychoeducational package of instruction aimed at translating psychological 

insights into practical understanding that’s directed at the individuals who need it most.  

Evidencing training approaches  

In Chapter Four, we had the opportunity to sample from a population of military personnel. 

This allowed us to observe the impact of a novel training program developed to help 

practitioners make challenging decisions in hazardous situations. Although the primary 

objective was to test the effects of evaluative threat on the motivation to engage in complex 

decision-making, this work also has broader implications. The research project was 

developed with application in mind. That is, it was created in part to inform training staff 

and practitioners about psychological constructs that underlie the skills they are looking to 

promote in training and provide an evidence base on which to critique training methods 

employed and aid in developing new ones.  

We made some important accommodations intended to boost impact. We also worked hard 

to replicate findings over three independent populations, two of which were longitudinal, 
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requiring several years of data collection. Further, methods of analysis throughout the 

project were selected to give stakeholders an interpretable statistic (training-related 

change), as opposed to one that required some level of abstraction (e.g., mixed effect 

modelling). In this sense, we selected methods that were intuitive to interpret and in line 

with best practice for working with stakeholders in participatory research (Duea et al., 

2022).   

Training and evaluation approaches  

Chapter Four also provides evidence in support of a shift from summative assessment to 

formative assessment in leadership training. Specifically, we support the claim that 

evaluation elements of training programmes might run the risk of reducing one’s ability to 

deal with real-world complexity. It also offers suggestions of alternatives to traditional 

modes of training that promote experiential diversity, e.g., exposing trainees to novel 

situations (Harris et al., 2017; McCall & Laycock, 2024) that elicit error to encourage trial- 

and-error based learning (Eva, 2009). In principle, this work has the potential to support 

trainers and practitioners in grasping aspects of psychology behind the skills they’re trying 

to teach. It could also stimulate discussion and reflection about the difficulties of 

negotiating complex and dangerous situations. 

Limitations  

In general, this thesis has several limitations. One is the capacity of virtual reality to 

simulate real-world threatening situations. Indeed, individuals must always, on some level, 

know the experience is not real (Pan & Hamilton, 2018).  

Nevertheless, virtual environments can promote physiological, psychological, and 

behavioural responses that are similar to responses in actual threatening situations (Baker et 

al., 2020; Finseth et al., 2022; McCall et al., 2015, 2022). Along these lines, we 

demonstrated an increase in subjective aversion and arousal in the threatening conditions in 

Chapters Two and Three. We also demonstrated an increase in physiological arousal in the 

threatening condition in Chapter Two.  

Furthermore, threatening experiences can even feel “unreal” in the real world. The reports 

from military personnel dealing with threat in the real world often describe the experience 

as surreal or dreamlike, with the gravity of the event only becoming apparent much later 

(McCall & Laycock, 2024). Regardless, while virtual paradigms offer controlled manipulations 

of threat, individuals remain removed from real danger. 

In Chapter Four, I investigated the relationship between individual differences in evaluation 

sensitivity and complexity intolerance. I suggest that individual differences in the motivation 

to engage with uncertainty may help explain variation in complex decision-making 
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performance. However, I do not provide empirical evidence that these individual differences 

predict performance.  

We used the existing literature to support the claim that individual differences in motivation 

to engage with uncertainty may help affect complex decision-making performance. 

Critically, both measures of complexity intolerance used in Chapter Four account for 

individual variability in processes that underlie complex decision-making performance. For 

example, individual differences in motivation predict reward sensitivity (Williams et al., 

2024), being risk-averse (Carleton et al., 2016), repetitive thinking (McEvoy & Erceg-Hurn, 

2016), reduced confidence in decisions, being behaviourally inhibited in unpredictable 

situations (Jensen et al., 2014), decisiveness (Kruglanski, 2013), and resistance to change 

(Roets et al., 2015).  

However, these studies provide little direct evidence that, under threat, complexity 

intolerance affects complex decision-making, given that in this work, threat is either not 

manipulated or is incidental (Kornilov et al., 2015). Although we did exploratory analyses to 

address this issue and investigate the relationship between complexity intolerance and 

complex decision-making performance in secondary exploratory analyses (see 

Supplementary Materials: Chapter Four), we were likely underpowered.  

Moving forward, the effect of individual differences in motivation to engage with uncertainty 

on performance warrants further investigation with an appropriately powered sample. This 

is especially true given Chapter Four’s finding that complexity intolerance is malleable 

following extensive formative training. In other words, it would help broaden the claim that 

individuals concerned with negative evaluation are less motivated to engage with 

complexity; it would suggest they are also better able to deal with it.  

Future research  

The following subsections detail areas for future research. These suggestions are aimed at 

broadening the methodological scope and interpretive reach of our reported findings by 

addressing key aspects of complex decision-making not covered in this thesis.  

Is a (complex) problem shared, a problem halved? Group-based decision making under 

threat.  

This thesis primarily examines complex decision-making at the individual level. While 

Chapter Four considers socially evaluative contexts, findings are interpreted through the 

lens of individual experience and response. Yet, decisions are rarely made in true social 

isolation. A critical next step is to explore how threat modulates decision-making differently 

when operating alone versus within a group context. By dissecting the mechanisms of 

individual decision-making under threat, we gain the necessary tools to interpret broader 
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collective behaviour with greater precision. Group dynamics may amplify or constrain the 

processes that underlie complex decision making, and perhaps even replace some.  

Despite the inherent resource-related challenges with researching group performance 

(Cannon-Bowers & Salas, 1998), work in this area is extensive. Factors such as intelligence 

(Jones, 2008) and cooperation (Okada, 2020) have long been used to explain aspects of 

group-based decision making, yet increasingly, task complexity is being acknowledged 

(Almaatouq et al., 2021; Reverberi et al., 2022). Thinking about complexity at the group 

level raises a host of interesting questions, given that uncertain tasks and informational 

constraints likely impact social dynamics on many levels. However, literature concerning the 

effects of threat on group-based decision-making is harder to find. Yet, the work that has 

been done tends to argue that threat impacts how information is shared (Driskell & Salas, 

1991) and acted on (Kamphuis et al., 2011) during team-based interaction. However, work 

investigating the effect of threat on prosocial behaviour highlights that behaviour is 

sensitive to the needs of a specific social situation (Faber & Häusser, 2022).  

This last point is key, as it reaffirms the common theme in this thesis, that contextual 

demands moderate the impact of threat on complex decision-making. Moving forward, 

methods developed and used in Chapters Two and Three could be adapted to focus on 

group-based decision-making. This could be achieved by leveraging multi-user networked 

virtual environments (Moser et al., 2020), which allow threat to be manipulated during 

collaborative tasks. This change will permit researchers to index the processes that are 

driving performance at both the individual and collective levels. This scalable framework will 

allow for data to be gathered on team communication, a vital aspect of coordination at the 

core of group-level problem-solving (Cannon-Bowers & Salas, 1998). This will allow a 

deeper understanding of how people make decisions, not just on their own, but together. By 

studying how integral threat affects individuals, we build the groundwork to explore how 

group behaviour shifts, adapts, or even breaks down when danger hits. 

Decision-making beyond the data: the impact on internally generated processes under 

threat.  

Despite integrating a broad range of behavioural and motivational psychological 

mechanisms when evaluating complex decision-making performance, many important 

processes remain absent from this thesis. I focused on psychological mechanisms that were 

computationally tractable and experimentally convenient. But other psychological dynamics 

are also involved in complex decision-making. For example, consider how we anticipate 

emotions. This process, known as affective forecasting (Pilin, 2021), often involves 

misjudgements about future emotional states. These misjudgements can distort long-term 

planning, valuation, and goal prioritisation. Another important factor is how we evaluate our 

own certainty. This relates to metacognitive abilities (Dunlosky & Metcalfe, 2008), the 
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capacity to monitor and adjust one’s own confidence. Such abilities shape learning, 

adaptability, and error correction. These mechanisms are central to how decisions unfold in 

real-world contexts, especially under uncertainty, over time, and in socially embedded 

environments. 

The impact of threat on prospection is particularly relevant. Prospection is the ability to 

imagine future scenarios to guide decisions (Gilbert & Wilson, 2007). It draws on memory 

and executive systems to support planning and evaluate outcomes beyond experience. By 

generating novel possibilities, prospection enables flexible, goal-directed behaviour under 

uncertainty. It’s not just imagination, it’s a tool for intentional action. Police and military 

personnel report mentally simulating plausible, context-specific future states, selecting 

adaptive responses, and considering alternative courses of action when dealing with 

challenging situations (Harris et al., 2017; McCall & Laycock, 2024). Critically, they are going 

beyond the data using hypothetical mental simulations to help scaffold decision-making 

under ill-defined constraints.  

Research investigating the impact of threat on prospection is limited. However, similar 

mechanisms are suggested to be negatively impacted by threat. For example, incidental 

manipulation of threat stress reduces cognitive reflection (Simonovic et al., 2017). This 

effect was proposed as the mechanism driving impaired complex decision-making 

performance over time. Such a mechanism may feasibly impact prospection and inhibit 

performance. Future research should incorporate data on internally generated processes 

such as prospection, affective forecasting, and metacognition, allowing for more 

comprehensive accounts of psychological function that extend beyond the scope of this 

thesis in understanding how threat influences complex decision-making.  

Conclusion  

This thesis explored the effect of threat on complex decision-making. Dealing with 

complexity under threat is difficult. Understanding how threatened states impact complex 

decision-making performance necessarily requires meaningful operationalisations of threat 

and task constraints that accurately model the conditions under which real-world decisions 

unfold.  

The work in this thesis models the nuance of human cognition under duress, where 

motivation, performance, self-preservation, and learning converge. Empirically, I focus on 

manipulations of integral, environmental threat and socially evaluative threat. These two 

specific types of threat have been neglected in the existing complex decision-making 

literature. More importantly, lived experience suggests these threats lie at the heart of how 

people navigate uncertainty in hazardous environments (McCall & Laycock, 2024). 
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I had two central objectives: to test the effects of environmental threat on the complex 

decision-making process and the effects of evaluative threat on the motivation to engage in 

complex decision-making. I presented three empirical chapters, including eight studies, that 

meet these aims. The work views threatening emotional experience and evaluative pressure 

as structurally embedded in the decision-making process, not incidental distractions but 

functional constraints. 

Being under threat impacts reward processing and sampling behaviour in ways that, on 

complex tasks, vary as a function of context. Learning is altered, as individuals become 

more responsive and exploitive. I demonstrate that the way these effects impact 

performance can differ depending on task constraints. Evaluative threat can also affect 

motivational processes that underlie complex decision-making. However, this may be 

mitigated by formative training, which may promote motivation to engage with uncertainty.  

Identifying the psychological mechanisms disrupted by threat enables more accurate 

predictions of how decision-makers navigate complexity and danger in real-world 

situations. These findings, furthermore, help explain current contradictions in the literature 

and could offer a foundation for future work developing training and educational programs 

that better equip individuals who must make difficult decisions within hazardous 

environments.  
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Appendices 

Supplementary Materials: Chapter Two 

Study 1 

Computational modelling  

Supplementary Table 1 

Model fits 

Model LOOIC 

Prospect-Learning Valence Delta 12230.95 

Prospect-Learning Valence Decay 11808.59 

Value-Plus-Perseverance 11214.69 

Outcome-representation learning 11173.73 

Note. LOOIC, Leave-one-out information criterion. ORL was the best fitting model in Study 1 

using the LOOIC.  
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Supplementary Figure 1 

Posterior distributions of the hyper (group) parameters 

 

Note. Arew (Reward sensitivity), Apun (Loss sensitivity), K (Forgetfulness), betaF (Frequency 

sensitivity), betaP (Choice perseveration). 
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Supplementary Figure 2 

Posterior predictive checks 

 

Note. Observed versus the posterior predicted probability of choosing each deck over trials. 

To illustrate performance trends “disadvantageous” doors are presented as red and 

“advantageous” doors in blue. The x-axis represents trial number, and y-axis the proportion 

of participants who selected the deck on each trial (Y), along with predictions (Yrep) 

computed from draws from the posterior predictive distribution of the same values. 50% 

(dark) and 95% (light) prediction intervals illustrate uncertainty.  
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Subjective Experience 

Affect 

We used a LMM to analyse the relationship between the affect terms participants used to 

report their overall feeling during the VRIGT. The model predicted rating with a fixed effect 

of affect category (e.g., “frightening”). Intercepts were allowed to vary as a random factor at 

the level of the individual. The affect category with the lowest average rating score 

(“disgusting”) was used as a reference level. A significant effect of affect category was found 

(F(13, 897)  =  45.21, p< .001). Pairwise comparisons are reported using the Tukey 

correction for p-values highlighted significant contrasts between affect categories. Results 

displayed in Figure 1. 

Supplementary Figure 3 

Ratings of affect 

 

Note. Measures of affect (14 categories, scaled from 0 to 100) was used from all 70 

participants that completed the VRIGT. Means (black dots), CIs (purple line) for ratings of the 

overall experience of the VRIGT. The red arrows highlight the comparisons between means. 

Overlapping arrows between two means indicate a difference is not significant based on the 

adjusted p-values.  
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User Experience Scale  

The User Engagement Scale (UES) was developed to measure self-reported user engagement 

(O’Brien et al., 2018). A sample item from this scale was “I lost myself in this experience”. 

Responses were recorded on a 5-point Likert scale (from 1 = not at all characteristic of my 

experience to 5 = entirely characteristic of my experience). Higher scores indicate greater 

focused attention during the VRIGT. 

The User Engagement Scale (UES) was broken down into four subsections to isolate the 

components of: focused attention (FA), perceived usability (PU), aesthetic appeal (AA), and 

reward factor (RF). Study 1: UES (M =3.53, SD = .51), FA (M =3.43, SD = .80), PU (M =3.77, 

SD = .91), AA (M =3.10, SD = .95), and RF (M =3.78, SD = .68).  

Each of these averaged reported scores was above the threshold of 3 (scaling midpoint,” 

neither agree or disagree”), suggesting the VRIGT was generally considered engaging. 

Regarding focused attention specifically, this suggests some degree of immersion was 

experienced by participants. 

Tension  

We also asked participants to select a graphic that best illustrated the degree and pattern of 

tension (a qualitative category selection) experienced during the task. Four options where 

visually presented to participants, depicting tension experienced during the VRIGT.  

Here, results demonstrate, n= 4 [ 5.71%] participants reported the tension as flat (with no 

change over time), n= 8 [11.42%] reported tension increasing over time, n= 6 [8.57%] 

decreased over time, and n= 52 [74.28%] that tension dynamically changed over time. A 

chi-square goodness of fit statistical test demonstrated this final category significantly 

accounted for most individuals' reported account of tension χ2 (3) = 91.14, p <.001, w = 

1.14.  
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Performance 

Supplementary Table 2 

LMM Results: Performance over time 

Predictors Estimates CI p 

(Intercept) -3.03 -4.64 – -1.43 <.001 

Block 2 1.72 -0.22 – 3.67  .082 

Block 3 4.59 2.64 – 6.53 <.001 

Block 4 4.03 2.09 – 5.98  <.001 

Random Effects 

σ2 28.25 

τ00 ppt 10.42 

ICC 0.27 

N ppt 58 

Observations 232 

Marginal R2 / Conditional R2 .081 / .328 
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Study 2 

Videos  

Demonstration of the VRIGT used in Study 2 available on OSF. 

Power analysis  

The data we collected in Study 1 was used to estimate the sample size required via 

simulations (Kumle et al., 2021), using the SIMR package in R (Green & MacLeod, 2016) . 

The results of 1000 simulated samples suggested that using a linear mixed effect model 

with VRIGT score being predicted by blocks, with a random factor on participant (intercepts 

only) a n = 50 was required to achieve a power of .80. As this study requires the inclusion of 

second condition, in line with the suggestion of (Brysbaert & Stevens, 2018) this number 

was doubled. 

Pre-registration  

Link: https://aspredicted.org/PT3_L9V 

Pre-scene instructional scripts  

Threat script  

“You are in a building that is slowly collapsing.   

Your goal is to get as far away from the danger zone as possible. 

In each room, there are four doors to choose from. Selecting a door might lead you to a 

room that is further from the danger zone and help you escape. However, some doors will 

lead you to rooms where the floor is weaker, leading the danger zone to spread in your 

direction and cancelling any gains in distance made.  

You are being tracked so you can always view your distance from the danger zone. This 

means you can attempt to choose the door that best maximises your distance from the 

danger zone. 

I won't tell you how long the task will take. You must keep choosing doors until the 

computer stops. The computer does not make you lose distance at random. All I can say is 

that you may find yourself losing distance on all of the doors, but some doors will make you 

lose more distance than others. You can escape if you stay away from the worst doors. 

Now get ready to start your escape. Good luck. “   
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Nonthreat script 

“You are in a building attempting to find the exit so you can meet friends in the outside car 

park.   

Your goal is to make your way as far away from your current position as possible and find 

the exit. 

In each room, there are four doors to choose from. Selecting a door might lead you to a 

room that is further from your starting position and closer to the exit. However, some doors 

will lead you away from your starting point, but also further from the exit, cancelling any 

gains in distance made.  

You are being tracked so you can always view your distance from your starting point. This 

means you can attempt to choose the door that best maximises your distance from your 

start location. 

 I won't tell you how long the task will take, but they is no need to rush. You must keep 

choosing doors until the computer stops. The computer does not make you lose distance at 

random. All I can say is that you may find yourself losing distance on all of the doors, but 

some doors will make you lose more distance than others. You will find the exit if you stay 

away from the worst doors. 

Now get ready to find the exit. Good luck. “ 
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Subjective Experience 

Supplementary Table 3 

LMM Results: Affect between condition 

Predictors Estimates CI p 

(Intercept) 8.64 1.88 – 15.40 .012 

affect [Creepy] 8.46 -0.54 – 17.46 .065 

affect [Frustrating] 33.22 24.22 – 42.22 <.001 

affect [Unpredictable] 42.26 33.26 – 51.26 <.001 

affect [Engaging] 41.72 32.72 – 50.72 <.001 

affect [Confusing] 29.46 20.46 – 38.46 <.001 

affect [Enjoyable] 44.52 35.52 – 53.52 <.001 

affect [Boring] 21.16 12.16 – 30.16 <.001 

affect [Funny] 9.24 0.24 – 18.24 .044 

affect [Amusing] 21.24 12.24 – 30.24 <.001 

affect [Sad] -5.60 -14.60 – 3.40 .223 

affect [Disgusting] -4.38 -13.38 – 4.62 .340 

affect [Interesting] 40.50 31.50 – 49.50 <.001 

affect [Surprising] 18.70 9.70 – 27.70 <.001 

Condition  36.34 26.78 – 45.90 <.001 

affect [Creepy] * Condition -4.64 -17.37 – 8.09 .475 

affect [Frustrating] * Condition -28.34 -41.07 – -15.61 <.001 

affect [Unpredictable] * Condition -23.62 -36.35 – -10.89 <.001 

affect [Engaging] * Condition -22.92 -35.65 – -10.19 <.001 

affect [Confusing] * Condition -30.72 -43.45 – -17.99 <.001 

affect [Enjoyable] * Condition -33.78 -46.51 – -21.05 <.001 

affect [Boring] * Condition -45.36 -58.09 – -32.63 <.001 
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affect [Funny] * Condition -42.26 -54.99 – -29.53 <.001 

affect [Amusing] * Condition -34.02 -46.75 – -21.29 <.001 

affect [Sad] * Condition -26.32 -39.05 – -13.59 <.001 

affect [Disgusting] * Condition -33.86 -46.59 – -21.13 <.001 

affect [Interesting] * Condition -25.22 -37.95 – -12.49 <.001 

affect [Surprising] * Condition -19.68 -32.41 – -6.95 .002 

Random Effects 

σ2 526.59 

τ00 PPT 66.64 

ICC 0.11 

N PPT 100 

Observations 1400 

Marginal R2 / Conditional R2 .373 / .443 

 

Supplementary Table 4 

Pairwise comparisons: Affect between conditions 

Affect Estimate DF t.ratio P 

Frightening -36.34 1178.667 -7.46007 <.001 

Creepy -31.7 1178.667 -6.50755 <.001 

Frustrating -8 1178.667 -1.64228 .758 

Unpredictable -12.72 1178.667 -2.61123 .118 

Engaging -13.42 1178.667 -2.75493 .079 

Confusing -5.62 1178.667 -1.1537 .979 

Enjoyable -2.56 1178.667 -0.52553 .999 

Boring 9.02 1178.667 1.851675 .590 

Funny 5.92 1178.667 1.21529 .967 

Amusing -2.32 1178.667 -0.47626 .999 

Sad -10.02 1178.667 -2.05696 .422 

Disgusting -2.48 1178.667 -0.50911 .999 

Interesting -11.12 1178.667 -2.28277 .267 

Surprising -16.66 1178.667 -3.42006 .009 

Note. The MVT correction was applied to adjust for multivariate comparisons.   
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Measures of affect (14 categories, scaled from 0 to 100) were used from all participants that 

completed the VRIGT in the threat condition. Means (black dots), CIs (purple line) for ratings 

of the overall experience of the VRIGT. A LMM was used to analyse the relationship between 

the measures of affect used by participants to report their overall feeling during the VRIGT. 

The model predicted rating with a fixed effect of affect category (e.g., “frightening”). 

Intercepts were allowed to vary as a random factor at the level of the individual. The affect 

category with the lowest average rating score (“disgusting”) was used as a reference level. A 

significant effect of affect category was found (F(13, 637)  =  35.93, p< .001). 

Supplementary Figure 4   

Ratings of affect 

 

Note. Pairwise comparisons are reported using the Tukey correction for p-values highlighted 

significant contrasts between affect categories. The red arrows highlight the comparisons 

between means. Overlapping arrows between two means indicate a difference is not 

significant based on the adjusted p-values. 
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Measures of affect (14 categories, scaled from 0 to 100) were used from all participants that 

completed the VRIGT in the nonthreat condition. Means (black dots), CIs (purple line) for 

ratings of the overall experience of the VRIGT. A LMM was used to analyse the relationship 

between the measures of affect used by participants to report their overall feeling during the 

VRIGT. The model predicted rating with a fixed effect of affect category (e.g., “frightening”). 

Intercepts were allowed to vary as a random factor at the level of the individual. The affect 

category with the lowest average rating score (“sad”) was used as a reference level. A 

significant effect of affect category was found (F(13, 637)  =  31.02, p< .001). 

Supplementary Figure 5 

Ratings of affect 

 

Note. Pairwise comparisons are reported using the Tukey correction for p-values highlighted 

significant contrasts between affect categories. The red arrows highlight the comparisons 

between means. Overlapping arrows between two means indicate a difference is not 

significant based on the adjusted p-values. 
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User Experience Scale 

In Study 2, we only collected data on focused attention using the UES: FA, threat (M= 3.71, 

SD = .75), nonthreat (M=3.62, SD = .71). Each of these averaged reported scores were 

above the threshold of 3 (scaling midpoint,” neither agree or disagree”), suggesting some 

degree of immersion was experienced by participants. However, we found no significant 

difference between conditions, t (98) = -.594, p = .554. 

Tension 

 In the threat condition, n= 2 [4%] participants reported the tension as flat (with no change 

over time), n= 1 [2%] reported tension increasing over time, n= 14 [28%] decreased over 

time, and n= 33 [66%] that tension dynamically changed over time. While, In the nonthreat 

condition, n= 11 [ 22%] participants reported the tension as flat (with no change over time), 

n= 5 [10%] reported tension increasing over time, n= 16 [32%] decreased over time, and n= 

18 [36%] that tension dynamically changed over time.  
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Performance   

Supplementary Table 5 

LMM Results: Performance over time by condition  

Predictors Estimates CI p 

(Intercept) -5.92 -8.23 – -3.61 <.001 

Blocks 2 5.32 2.65 – 7.99 <.001 

Blocks 3 6.24 3.57 – 8.91 <.001 

Blocks 4 8.24 5.57 – 10.91 <.001 

Blocks 5 8.88 6.21 – 11.55 <.001 

Condition  0.80 -2.46 – 4.06 .630 

Blocks 2 * Condition -2.76 -6.54 – 1.02 .152 

Blocks 3 * Condition -5.52 -9.30 – -1.74 .004 

Blocks 4 * Condition -3.08 -6.86 – 0.70 .110 

Blocks 5 * Condition -4.76 -8.54 – -0.98 .014 

Random Effects 

σ2 46.29 

τ00 PPT 22.53 

ICC .33 

N PPT 100 

Observations 500 

Marginal R2 / Conditional R2 .108 / .400 
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Supplementary Figure 6 

Nonthreat condition, Performance score over time 

 

Note. Performance score over time in the nonthreat condition. Note. Error bars represent -

/+ standard error. *Indicates differences from baseline from with a significant p value *< 

.050, ** < .01, *** <.001.  
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Supplementary Table 6 

LMM Results: Performance over time in nonthreatening condition 

Predictors Estimates CI p 

(Intercept) -5.92 -8.22 – -3.62 <.001 

Blocks 2 5.32 2.59 – 8.05 <.001 

Blocks 3 6.24 3.51 – 8.97 <.001 

Blocks 4 8.24 5.51 – 10.97 <.001 

Blocks 5 8.88 6.15 – 11.61 <.001 

Random Effects 

σ2 48.06 

τ00 PPT 20.02 

ICC .29 

N PPT 50 

Observations 250 

Marginal R2 / Conditional R2 .127 / .384 
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Supplementary Figure 7 

Threat condition, Performance score over time 

 

Note. Performance score over time in the threat condition. Error bars represent -/+ 

standard error. *Indicates differences from baseline from with a significant p value *< .050, 

** < .01, *** <.001.  
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Supplementary Table 7 

LMM Results: Performance over time in threatening condition 

Predictors Estimates CI p 

(Intercept) -5.12 -7.44 – -2.80 <.001 

Block 2 2.56 -0.07 – 5.19  .056 

Block 3 0.72 -1.91 – 3.35  .590 

Block 4 5.16 2.53 – 7.79 <.001 

Block 5 4.12 1.49 – 6.75  .002 

Random Effects 

σ2 44.52 

τ00 PPT 25.03 

ICC .36 

N PPT 50 

Observations 250 

Marginal R2 / Conditional R2 .052 / .393 
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Computational modelling 

Supplementary Figure 8 

Nonthreat condition, posterior distributions of the hyper (group) parameters 

 

Note. Arew (Reward sensitivity), Apun (Loss sensitivity), K (Forgetfulness), betaF (Frequency 

sensitivity), betaP (Choice perseveration). 
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Supplementary Figure 9 

Nonthreat condition, posterior predictive checks 

 

Note. Observed versus the posterior predicted probability of choosing each deck over trials. 

To illustrate performance trends “disadvantageous” doors are presented as red and 

“advantageous” doors in blue. The x-axis represents trial number, and y-axis the proportion 

of participants who selected the deck on each trial (Y), along with predictions (Yrep) 

computed from draws from the posterior predictive distribution of the same values. 50% 

(dark) and 95% (light) prediction intervals illustrate uncertainty. 
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Supplementary Figure 10 

Threat condition, posterior distributions of the hyper (group) parameters 

 

Note. Arew (Reward sensitivity), Apun (Loss sensitivity), K (Forgetfulness), betaF (Frequency 

sensitivity), betaP (Choice perseveration). 
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Supplementary Figure 11 

Threat condition, posterior predictive checks 

 

Note. Observed versus the posterior predicted probability of choosing each deck over trials. 

To illustrate performance trends “disadvantageous” doors are presented as red and 

“advantageous” doors in blue. The x-axis represents trial number, and y-axis the proportion 

of participants who selected the deck on each trial (Y), along with predictions (Yrep) 

computed from draws from the posterior predictive distribution of the same values. 50% 

(dark) and 95% (light) prediction intervals illustrate uncertainty.   
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Supplementary Materials: Chapter Three 

Linear Mixed Model Outputs 

Supplementary Materials Table 1 

Pairwise comparisons: Affect between conditions. Nonthreat - Threat 

Affect Estimate SE DF t.ratio p.value 

Amusing -1.64 3.138135 2673 -0.5226 .999 

Boring 16.86 3.138135 2673 5.372618 <.001 

Confusing -5.91 3.138135 2673 -1.88328 .578 

Creepy -26.73 3.138135 2673 -8.5178 <.001 

Disgusting -5.07 3.138135 2673 -1.61561 .792 

Engaging -19.24 3.138135 2673 -6.13103 <.001 

Enjoyable -2.95 3.138135 2673 -0.94005 .997 

Frightening -34.65 3.138135 2673 -11.0416 <.001 

Frustrating -2.64 3.138135 2673 -0.84126 .999 

Funny 0.38 3.138135 2673 0.121091 1 

Interesting -13.53 3.138135 2673 -4.31148 <.001 

Sad -3.3 3.138135 2673 -1.05158 .992 

Surprising -24.19 3.138135 2673 -7.7084 <.001 

Unpredictable -11.93 3.138135 2673 -3.80162 <.001 

Note. The MVT correction was applied to adjust for multivariate comparisons.  
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Supplementary Materials Table 2 

Order and Overall Performance 

  Score 

Predictors Estimates CI p 

(Intercept) 53.90 51.72 – 56.08 <.001 

Condition  1.90 -0.26 – 4.06 .084 

Order  0.64 -2.45 – 3.73 .683 

Condition * Order  -4.90 -7.96 – -1.84 .002 

Random Effects 

σ2 30.00 

τ00 ID 31.23 

ICC 0.51 

N ID 100 

Observations 200 

Marginal R2 / Conditional R2 0.038 / 0.529 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



138 

 

Supplementary Materials Table 3 

Performance Over time 

  Score 

Predictors Estimates CI p 

(Intercept) 13.68 12.85 – 14.51 <.001 

Block 2 -0.54 -1.57 – 0.49 .304 

Block 3 -0.10 -1.13 – 0.93 .849 

Block 4 -0.18 -1.21 – 0.85 .732 

Condition  0.60 -0.43 – 1.63 .254 

Order  0.70 -0.47 – 1.87 .242 

Block 2 * 

Condition  

-0.46 -1.92 – 1.00 .536 

Block 3 * 

Condition  

0.14 -1.32 – 1.60 .851 

Block 4 * 

Condition  

-0.18 -1.64 – 1.28 .809 

Block 2 * Order -0.92 -2.38 – 0.54 .216 

Block 3 * Order -0.12 -1.58 – 1.34 .872 

Block 4 * order -1.12 -2.58 – 0.34 .132 

Condition * Order -0.92 -2.38 – 0.54 .216 

Block 2 * Condition * Order -0.24 -2.30 – 1.82 .819 
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Block 3 * Condition * Order -1.22 -3.28 – 0.84 .246 

Block 4 * Condition * Order 0.24 -1.82 – 2.30 .819 

Random Effects 

σ2 6.89 

τ00 ID 2.03 

ICC 0.23 

N ID 100 

Observations 800 

Marginal R2 / Conditional R2 0.049 / 0.265 

 

Individual differences  

We investigated the possibility that measures of individual difference (Intolerance of 

uncertainty and need for closure) predicted performance on the task.  

Questionnaires 

Intolerance of uncertainty (Carleton et al., 2007) 

The Intolerance of Uncertainty Short Form (IoU; Carleton et al., 2007) assesses an 

individual’s valenced associations to uncertainty and ambiguous situations. IoU is a 12-item 

condensed version of the original 27-item Intolerance of Uncertainty Scale (Freeston et al., 

1994). A sample item is “I can’t stand being taken by surprise”. Responses are rated on a 5-

point Likert scale, from 1 =” not at all characteristic of me” to 5 =” entirely characteristic of 

me”). Higher scores indicate greater IoU.  

Need for closure (Roets & Van Hiel, 2011) 

The Need for Closure Scale was developed to index one’s motivational drive to seek and 

maintain certainty when dealing with ambiguous informational constraints (Roets & Van 

Hiel, 2007; Webster & Kruglanski, 1994). Here, we used a brief version (NfC; Roets & Van 

Hiel, 2011). This scale contains 15 items that are rated on a 5-point Likert scale (from 

1 =” not at all characteristic of me” to 5 =” entirely characteristic of me”). A sample item is “I 

would quickly become impatient and irritated if I would not find a solution to a problem 

immediately”. Higher scores indicate greater need for closure. 
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Analysis  

We assessed the relationship between variables using a series of Pearson’s correlation 

coefficients. Effect sizes were interpreted following empirical guidelines (Funder & Ozer, 

2019): r = .10 (small), .20 (medium), and >.30 (large). Additionally, we report bias-

corrected and accelerated bootstrapped 95% confidence intervals, calculated from 9,999 

bootstrapped samples.  

We also ran a series of linear mixed models to assess the effect of individual differences on 

overall performance, with condition, individual differences (either IoU or NfC), and their 

interaction as fixed factors. The overall score was used as a dependent variable. Intercepts 

were allowed to vary as a random factor at the level of the individual. Continuous fixed 

factors were standardised (z score) to aid model convergence. 

Results  

Results demonstrated, Intolerance of uncertainty did not significantly predict overall 

performance, threat = r (98) = -.095, p = .347, Cis = -.29, 0.12; nonthreat = r (98) = 0.03, 

p = 0.742, Cis = -.16, .23. Again, no significant relationship was found between measures 

of need for closure, and overall performance: threat = r (98) = -.099, p = .325, Cis = -.31, 

.13; nonthreat = r (98) = -.102, p = .311, Cis = -.29, .10. Here, the large spread in 

bootstrapped intervals is concerning and suggests we are underpowered, not surprising 

given small estimate of effect reported.  

However, interestingly, the distributions of bootstrapped intervals do not appear to be 

equally spread across the range of possible values. Estimates tend to lean disproportionately 

towards the direction of a negative correlation, thus both measures of individual difference 

(which are highly correlated, r (98) = .70, p < .001) are more likely to result in an estimate 

of negative correlation with overall performance. Although this is nothing more than a 

fragile clue that should not be interpreted, it may warrant further investigation with an 

appropriately powered sample (n> 781, based on power analysis for a Pearson’s correlation, 

r = .1, power = .80, α=.05). 

Again, results from our linear mixed models revealed no significant main or interaction 

effects for either individual difference measure on overall performance. Specifically, in the 

model including IoU, there was no significant effect of condition (F(1, 98) = 0.47, p = .496), 

IoU (F(1, 98) = 0.16, p = .693), or their interaction (F(1, 98) = 1.65, p = .202). Similarly, in 

the model including NfC, no significant effects were found for condition (F(1, 98) = 0.46, p 

= .500), NfC (F(1, 98) = 1.36, p = .246), or their interaction (F(1, 98) = 0.01, p = .936). 
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Posterior distribution of group-level parameter estimates 

Supplementary Materials Figure 1 

Learning Rate 

 

Note. Posterior distribution of group-level parameter estimates for mu alfa (Learning Rate). 

Threat= red, Nonthreat = Gray. 
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Supplementary Materials Figure 2 

Inverse temperature 

 

Note. Posterior distribution of group-level parameter estimates for mu beta (Inverse 

temperature). Threat= red, Nonthreat = Gray. 
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Bayesian estimation of the posterior distribution of differences in means 

Supplementary Materials Figure 3 

Bayesian estimation of posterior distribution: Overall Performance 

 

Note. Bayesian estimation of the posterior distribution of differences in means (threat – 

nonthreat). This analysis was conducted using the BEST package in R (Kruschke & Meredith, 

2021).  
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Supplementary Materials Figure 4 

Learning Rate  

 

Note. This Bayesian framework models the uncertainty in parameter values as a probability 

distribution (Kruschke, 2018). Differences in means (Learning Rate) between conditions are 

represented along the x axis. Vertical dotted lines represent the 89% HDI. 

Supplementary Materials Figure 5 

Inverse Temperature 

 

Note. Differences in means (Inverse Temperature) between conditions are represented along 

the x axis. Vertical dotted lines represent the 89% HDI. 
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Pre-scene instructional scripts  

Threat condition 

You are trying to escape a building that is slowly collapsing.  

Your goal is to get as far away from the danger zone as you can. To achieve this, open as 

many doors as possible. This will allow you through the building.  

In each room, there are three colour coded doors to choose from, but not all doors will 

open. Some doors open more regularly but this can change. Your progress will be tracked so 

that you can always view the number of doors that you have opened. I won't tell you how 

long the task will take. You must keep choosing doors until the computer stops. Now get 

ready to start your escape.  

Good luck.    

Nonthreat condition 

You are in a building trying to find the exit to meet your friends. 

Your goal is to get as close to the outside car park as you can. To achieve this, open as 

many doors as possible. This will allow you through the building. 

In each room, there are three colour coded doors to choose from, but not all doors will 

open. Some doors open more regularly but this can change. Your progress will be tracked so 

that you can always view the number of doors that you have opened. I won't tell you how 

long the task will take. You must keep choosing doors until the computer stops. Now get 

ready to find your friends. 

Good luck.    
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Supplementary Materials: Chapter Four 

Study 1 and 2 

Supplementary Table 1  

Means, standard deviations, and non-parametric Spearman's correlations  

 Study Mean (SD) FnE PD  IoU 

       

1.FnE 1 2.45 (.62)     

 2 2.52 (.52)     

 3 2.66 (.59)     

 P 2.55 (.59)     

       

2.PD 1 1.62 (.65) .23***    

 2 1.55 (.49) .14       

 3 1.62 (.67) .28***    

 P 1.61 (.63) .23***    

       

3.IoU 1 2.26 (.62) .52*** .34***   

 2 2.03 (.48) .52*** .05     

 3 2.74 (.76) .52*** .25***   

 P 2.40 (.72) .52*** .23***   

       

4.NfC 1 2.49 (.64) .41*** .35***  .77*** 

 2 2.38 (.47) .38*** .29*     .57*** 

 3 2.97 (.67) .47*** .28***  .74*** 

 P 2.66 (.67) .45*** .27***  .77*** 

       

Note. *Indicates correlations with a significant P value < .050, ** < .01, *** <.001. Degrees 

of freedom (n): Study 1 T0= 209 (211), Study 2 T0= 99 (101), Study 3= 197 (199), Pooled 

(P) = 509 (511). Borders highlight associations within (evaluation sensitivity = solid, 

complexity intolerance= dashed), and between (dotted) theorised latent constructs. 
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Study 3  

Gender  

A series of Welch Two Sample t-test (two tailed) found no significant differences between 

genders (male and female) across all measures: IoU = t (195.79) = 0.15, p = .883; NfC = t 

(194.79) = -1.95, p = .053; FnE = t (196) = -1.24, p = .216; PD = t (188.8) = 1.16, p = 

.246; AL = t (195.99) = 1.37, p = .172. This analysis did not include participants that 

identified as non-binary (n = 1).  

Linear regressions 

To investigate we carried out series of multiple linear regressions to test if the interaction 

between measures of evaluation sensitivity and ratings of authoritarian leadership and, 

significantly predicted complexity tolerance. 

First, we modelled the effect on FnE, AL and their interaction on IoU. The model accounted 

for a significant amount of the variance in IoU ratings, R² = .27, F(3, 195) = 25.1, p < .001. 

FnE significantly predicted IoU (β = .87, SE = .22, p < .001), indicating as previously 

reported that higher FnE was associated with higher rating of IoU. There was no significant 

effect of AL on IoU (β = .29, SE = .27, p = .293), and no evidence of an interaction between 

FnE and AL predicting IoU was found (β = -.10, SE = .10, p = .342). 

Next, we modelled the effect on FnE, Al and their interaction on NfC. Again, the overall 

model accounted for a significant amount of the variance in NfC ratings, R² = .24, F(3, 195) 

= 21.76, p < .001. FnE significantly predicted NfC (β = .72, SE = .20, p < 0.01), but no 

effect of AL on NfC was observed (β = .31, SE = .25, p = .090). No evidence of an 

interaction between FnE and AL predicted NfC was found (β = .09, SE = .09, p = .308).  

A similar pattern of results was found with power distance, with effect on PD, Al and their 

interaction on IoU, accounting for a significant amount of the variance in IoU ratings, R² = 

.07, F(3, 195) = 6.25, p < .001. Here a significant effect of PD on IoU was found (β = .49, SE 

= .25, p = .046), but no significant effect of AL in predicting IoU (β = .16, SE = .16, p = 

.325). Further, there was no evidence that the interaction between PD and AL predicted IoU, 

β = -.07, SE = .09, p = .417.  
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Finally, we modelled the effect on PD, AL and their interaction on NfC, again with the overall 

model explaining a significant amount of the variance in NfC ratings, R² = .09, F(3, 195) = 

7.76, p < .001. However, the effect of PD on NfC marginally fell below the threshold of 

significance following the inclusion of AL into the model (β = .42, SE = .21, p = .051), 

suggesting that in civilian populations the relationship between PD and NfC may not hold 

when controlling for an individual’s working environment. Yet again, there was no 

significant effect of AL on NfC, β = .15, SE = .14, p = .270, and no evidence of an 

interaction between PD and AL predicting NfC, β = .09, SE = .09, p = .308. 

Thus, no support was found that AL moderates the reported between-construct relationship 

between evaluation sensitivity and complexity tolerance. 
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Study 4  

Supplementary Figure 1 

Histograms of Bayesian Estimation of Posterior Distribution of Differences in Means 

 

Note. This Bayesian framework models the uncertainty in parameter values as a probability 

distribution (Kruschke, 2018). Differences in means (T1-T0) following the operational 

command course are represented along the x axis. All 𝑅̂ values where <1.1 suggesting 

adequate model convergence. The means of the posterior probability represent a point 

estimate (most likely value) of the true difference in means given the data. A) shows the 

results of IoU, mean = -.113, with an 86.9% probability that the true of a reduction in IoU is 

below 0. B) shows the results of NfC, mean =-.149, with an 93.2% probability that the true 

reduction in NfC is below 0.  
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Study 5 

Supplementary Figure 2 

Histograms of Bayesian Estimation of Posterior Distribution of Differences in Means 

Note. A series of Bayesian estimations of posterior distribution of differences in means 

following training in Cohort B. Differences in means (T1-T0) following training are 

represented along the x axis. All 𝑅̂ values where <1.1 suggesting adequate model 

convergence. A) shows the results of IoU, mean = -.266, with an 99.5% probability that the 

true of a reduction in IoU Is below 0. B) shows the results of NfC, mean =-.317, with an 

99.7% probability that the true reduction in NfC is below 0. Finally, C) shows the results of 

PD, mean = -.223, with an 98.8% probability that the true of a reduction in PD Is below 0.  
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