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1. INTRODUCTION 

“Doubt is an uneasy and dissatisfied state from which we 

struggle to free ourselves and pass into the state of belief; while 

the latter is a calm and satisfactory state which we do not wish 

to avoid, or to change to a belief in anything else.” 
 

– Charles Sanders Peirce, The fixation of belief (1877) 
 
This thesis traces back to my first encounter with Peirce’s The Fixation of Belief 

(1877) during my Bachelor studies, where the passage above sparked my interest 

in how we form, sustain, and sometimes revise our beliefs and decisions. When 

I turned to the literature of cognitive psychology, I learned about the concepts 

and theories of metacognition and decision confidence, where the emotional and 

motivational aspects highlighted in the quote by Peirce were rarely discussed or 

experimentally studied. This tension laid the foundation for the central question 

of this thesis: what is the role of affect in metacognition? 
Humans are not only thinkers, but also thinkers about their thinking – a 

capacity known as metacognition. This ability to monitor and regulate our mental 

states, such as beliefs, decisions, and emotions, is crucial for learning, problem-

solving, and flexible behavior (Efklides, 2006; Flavell, 1979; Fleming, 2024; 

Gross, 2015; Thompson et al., 2011). A core aspect of metacognition is confi-

dence – our internal evaluation of the accuracy of decisions and beliefs (Grimaldi 

et al., 2015; Pouget et al., 2016; Sharot et al., 2023; Yeung & Summerfield, 2012). 

Confidence guides our behavior by telling us whether to stick with a decision or 

explore alternatives. This can occur in decisions about how to perceive the world 

(i.e perceptual decisions) as well as in decisions about how to act upon it (i.e 

value-based decisions). In both cases, confidence functions like a thermostat for 

the mind. Just as a thermostat maintains room temperature by detecting deviations 

and calling for adjustments, confidence calibrates to what extent we commit to 

our decisions or act upon beliefs. When confidence is well-calibrated, our 

decisions appropriately reflect the uncertainty and complexity of the world. When 

confidence is systematically too low or too high, maladaptive patterns such as 

overthinking, anxiety, impulsivity, or resistance to feedback can emerge (Hoven 

et al., 2019; Rouault et al., 2018).  
The focus of this thesis is on the affective aspects of confidence. Confidence 

is often conceptualized as a cognitive probability estimate – the subjective likeli-

hood that one is accurate in their decisions (Kepecs et al., 2008; Pouget et al., 

2016; Sanders et al., 2016). Yet in everyday experience, confidence also feels a 

certain way. The sense of being certain is accompanied by ease or relief, while 

the sense of doubt carries a feeling of tension or discomfort (Ackerman & 

Thompson, 2017; Arango-Muñoz, 2014; Efklides, 2006; Koriat, 2000). From an 

affective science perspective such feelings can be understood as instances of core 

affect – transient states varying along the dimensions of valence (pleasant–
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unpleasant) and arousal (activation–deactivation) (Barrett, 2017; Russell, 2003). 
Confidence thus qualifies as a metacognitive affective state: a feeling about one’s 

decision accuracy, akin to feelings of insight, knowing or difficulty (Loev, 2022; 

Velasco & Loev, 2025). What is yet to be empirically investigated, is how 

metacognitive affect emerges and whether it tracks decision accuracy similarly 

to judgments of confidence.  
Various theories propose different ways of thinking about how confidence and 

affect might be related (discussed more thoroughly in Chapters 2 and 3). In 

perceptual metacognition literature that focuses on computational modelling of 

confidence, the affective aspects of metacognition are largely ignored (Kepecs 

et al., 2008; Pouget et al., 2016; Yeung & Summerfield, 2012). Although good 

candidates for computational and neural mechanisms underlying confidence 

evaluations have been proposed (Fleming & Daw, 2017; Fleming & Dolan, 2012; 

Meyniel et al., 2015; Shekhar & Rahnev, 2024), these approaches typically focus 

on the accuracy-monitoring or evidence-integration aspects of confidence. As 

such, they do not explain the integral affective and motivational aspects of confi-

dence, nor appeal to appraisal mechanisms leveraged in affective science (Dukes 

et al., 2021; Moors et al., 2013; Scherer & Moors, 2019) that could account for 

how metacognitive affect is generated. 
Appraisal theories in the affective-science literature broadly propose that 

affective valence reflects evaluations of goal-congruence and progress toward 

valued outcomes (Carver, 2015; Moors et al., 2021). This framework naturally 

extends to epistemic goals such as accuracy or understanding (Proust, 2014; 

Velasco & Loev, 2025). From this perspective, feeling confident corresponds to 

appraisal of congruence with (or progress towards) an epistemic goal, whereas 

doubt reflects goal incongruence (or insufficient progress). Finally, predictive-

processing accounts elaborate this idea by embedding appraisal within a hier-

archical generative model, where confidence is conceptualized as arising from 

prediction-error (non)-resolution and fluctuations in uncertainty (Friston et al., 

2015; Hesp et al., 2021; Velasco & Loev, 2021, 2025). 

Despite offering compelling conceptual links between confidence and affect, 

these accounts remain empirically and mechanistically underdeveloped. Although 

these accounts offer rich conceptual foundation, they lack mechanistic and 

empirical grounding needed to explain how metacognitive affect emerges during 

an ongoing decision processes. Existing empirical studies exploring affect in the 

context of metacognition typically rely on broad incidental affect manipulations 

such as mood inductions or affective priming manipulations (Culot et al., 2021; 

Culot & Gevers, 2021; Koellinger & Treffers, 2015; Massoni, 2014; Sidi et al., 

2018). These type of manipulations do not necesarly support understanding how 

metacognitive affect emerges from task-related decision variables nor how it 

regulates cognition in an otherwise emotionally neutral context. Understanding 

how metacognitive affect emerges could therefore advance our understanding of 

the mechanisms of metacognition and move beyond viewing confidence solely 

as a representation of decision accuracy and more as a regulatory signal with 

affective antecedents and consequences. 
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Understanding these mechanisims has not only theoretical but also practical 

significance. In decision-making, confidence underpins belief updating (Rollwage 

et al., 2020) and information-seeking (Desender et al., 2018), with miscalibration 

linked to overconfidence in domains ranging from finance (Pikulina et al., 2017) 

to medicine (Berner & Graber, 2008). In education, students with well-calibrated 

confidence are more likely to choose effective learning strategies and perform 

better (David et al., 2024; Panadero et al., 2017). Distorted confidence also plays 

a role in mental health, where underconfidence maintains compulsive doubt in 

anxiety and OCD (Rouault et al., 2018), while overconfidence is implicated in 

delusional thinking in psychosis (Balzan, 2016) and inflated judgments in mania 

(Johnson & Jones, 2009). Finally, confidence is increasingly relevant for devel-

oping resilience to misinformation (Pennycook & Rand, 2021) and for effectively 

engaging with with thinking-and decision-support systems such as large language 

models (Steyvers et al., 2025).  
The overarching aim of this thesis is to investigate the mechanisms of 

metacognitive affect and move towards a perspective that integrates both cogni-

tive and affective aspects of confidence. Through different studies, I explore the 

idea that confidence is a form of metacognitive affect emerging from predictive 

evaluations of one’s accuracy. Focusing on the computational and neural mecha-

nisms supporting this proposal, the thesis has three broader aims: (i) establish 

affect as metacognitive signal by testing whether it tracks decision accuracy and 

shares statistical structure with metacognitive confidence (Chapter 2); (ii) specify 

computational mechanisms of metacognitive affect by comparing goal-

congruence with multilevel prediction-error accounts and instantiating a com-

putational process model (Chapters 3 and 4); (iii) constrain the neural correlates 

of metacognitive signals by examining performance-monitoring ERPs (ERN/Pe) 

under difficulty and fluency manipulations (Chapter 5). These aims are operatio-

nalized into the following more specific research questions that structure the 

thesis: 
 

Chapter 2: Do confidence and affect share similar statistical signatures reflecting 

decision accuracy? (Study I, Voodla et al., 2025) Here, we find that both confi-

dence and metacognitive affect ratings reflect the subjective probability of being 

correct in a perceptual decision-making task, as they are vary similarly when 

evidence for a decision or it’s expected difficulty is manipulated.  

 

Chapter 3: Can we mechanistically explain metacognitive affect via (multilevel) 

prediction errors or appraisals of epistemic goal congruence? (Study II, Voodla 

et al., 2024; Study III Vrantsidis et al., 2025). We find that metacognitive affect 

tracks both epistemic goal congruence but also multilevel accuracy prediction 

errors in perceptual decisions, pointing towards a hybrid account.  
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Chapter 4: Can we leverage drift diffusion models (DDMs) to construct a process 

model of metacognitive affect generation? (Study II, Voodla et al., 2024). We 

implement and provide initial validation for AffectDDM, a DDM-based com-

putational framework, where metacognitive affect is operationalized as the 

prediction error between expected and actual drift-rate for evidence accumulation 

in a perceptual decision.  
 

Chapter 5: Do performance‑monitoring ERPs explain variations in meta-

cognitive signals such as confidence induced through manipulations of difficulty 

and fluency (Study IV, Voodla & Uusberg, 2021)? We find that Error-Related 

Negativity (ERN) covaries with confidence but does not explain difficulty/ 

fluency effects on confidence. We also find that Error Positivity (Pe) does not 

reliably track confidence, implying a partial dissociation between implicit moni-

toring signals and explicit confidence reports.  
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2. CONFIDENCE AND AFFECT 

AS METACOGNITIVE SIGNALS 

Our ability to evaluate the accuracy of our own decisions relies not only on 

external outcomes (i.e, whether a choice led to a good outcome such as reward) 

but also on our subjective internal signals, such as our sense of confidence or how 

positive or negative we feel (affective valence). These internal signals are often 

treated as separate constructs – confidence is typically defined as a cognitive 

estimate of decision accuracy, whereas affect in decision-making contexts is 

generally defined as a response to the (expected) outcomes of the decision 

(Emanuel & Eldar, 2023; Lerner et al., 2015; Phelps et al., 2014). However, 

recent theoretical accounts challenge this dichotomy, proposing that confidence 

is better defined constituvely as an affectively valenced feeling regulating the 

decision-making process (Velasco & Loev, 2025).  
To clarify these proposals, it is useful to place confidence and epistemic affect 

within the broader context of metacognition research. Metacognition is usually 

parsed into monitoring and control functions (Flavell, 1979; Hennecke & Bürgler, 

2023; Nelson, 1990). Monitoring refers to self-evaluation of current cognitive 

processes or outcomes, such as estimating if progress is made towards a goal or 

whether a decision is correct. Control refers to the adjustment of cognitive or 

behavioral strategies based on these assessments, for example gathering more 

evidence or sticking to the decision.  
Both monitoring and control can be in turn decomposed into inputs and out-

puts (Table 1). Monitoring inputs refer to the signals or cues that the meta-

cognitive system processes to evaluate ongoing decision processes (i.e. decision 

accuracy). Monitoring outputs are representations or experiences that are gene-

rated as consequence of this evaluation (i.e. feelings or cognitions). Control 

inputs are signals that carry information about the extent of regulation needed (i.e. 

confidence, affect) and control outputs are the behavioral or cognitive adjust-

ments that follow. In the following, I will review monitoring inputs that have 

been empirically shown to drive confidence and metacognitive affect and control 

outputs that have been shown to be modulated by confidence or metacognitive 

affect.  
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Table 1. Inputs and outputs of confidence and (metacognitive) affect 

Monitoring inputs Construct Control outputs 

Evidence strength (Kiani & 

Shadlen, 2009) 
 

 

 

 

 

Confidence 

Information-seeking (Desender 

et al., 2018) 

Response time (Ratcliff & Starns, 

2009) 

Effort allocation (Lee & 

Daunizeau, 2021) 

Fluency (Oppenheimer, 2008) Exploration vs exploitation 

(Boldt et al., 2019) 

Expectations (Van Marcke et al., 

2024) 

Learning (Meyniel et al., 2015) 

Errors (Yeung & Summerfield, 

2012) 

Prioritization (Aguilar-Lleyda 

et al., 2020) 

Conflict (De Neys et al., 2011) Changes of mind (van Den 

Berg et al., 2016) 

Prediction errors (Emanuel & 

Eldar, 2023) 

 

 

 

 

 

(Metacognitive) 

affect 

Information-seeking (Yang & 

Kahlor, 2013) 

Conflict (Dignath et al., 2020) Effort allocation (Silvestrini & 

Gendolla, 2019) 

Fluency (Reber et al., 1998) Exploration vs exploitation 

(Van Dooren et al., 2021) 

Uncertainty (Bar-Anan et al., 

2009) 

Learning (Eldar et al., 2016) 

Goal congruence (Moors et al., 

2013) 

Prioritization (Carver, 2015) 

Goal progress (Carver, 2015) Control allocation (Dignath et 

al., 2020) 

 

Confidence and metacognitive affect as monitoring outputs 

Confidence is widely defined as a canonical monitoring output reflecting a sub-

jective estimate of how likely a decision is to be correct (Fleming & Daw, 2017; 

Kepecs & Mainen, 2012). In this research direction, confidence has been shown 

to be modulated by multiple monitoring inputs, such as strength of evidence for 

an option (Kiani & Shadlen, 2009), response time (Ratcliff & Starns, 2009), prior 

expectations (Van Marcke et al., 2024), processing fluency (Oppenheimer, 2008), 

error likelihood (Yeung & Summerfield, 2012) and cognitive conflict (De Neys 

et al., 2011). Similarly, growing theoretical and empirical work treats certain 

affective states, such as curiosity, frustration, but also confidence as outputs of a 

metacognitive monitoring system (i.e. epistemic/metacognitive feelings; Arango-

Muñoz, 2014; Fernández Velasco & Loev, 2025; Proust, 2014). These feelings 
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signal the ongoing status or outcome evaluations of cognitive processes such as 

decision-making or belief formation and recruit corrective control mechanisms if 

required. Across different contexts, researchers have described several meta-

cognitive feelings such as the feeling of knowing (FOK), the feeling of “tip-of-

the-tongue”, feeling of difficulty and feeling of rightness (FOR) (see Fernández 

Velasco & Loev, 2025 for an overview).  

While these feelings vary in their specific content, they share a commonality 

as they are experienced as affectively valenced – i.e. they are experienced as posi-

tive or negative. This valence, rather than being an epiphenomenon, is proposed 

to constitute the felt component of metacognitive monitoring which drives regu-

latory consequences. Positive affect typically accompanies fluency and resolution, 

while negative valence arises from disfluency, uncertainty, or conflict (Velasco 

& Loev, 2025). Similarly to confidence, various monitoring inputs that drive 

affect in epistemic contexts have been characterized. For instance, prediction 

errors (Emanuel & Eldar, 2023), conflict (Dignath et al., 2020), fluency (Reber 

et al., 1998), uncertainty (Bar-Anan et al., 2009), goal congruence (Moors et al., 

2013) and goal progress (Carver, 2015).  
 

Confidence and affect as control inputs 

Both confidence and affect are also well-established as control input signals. Con-

fidence has been shown to act as a control input by modulating information-

seeking (Desender et al., 2018), effort allocation (Lee & Daunizeau, 2021), 

exploration vs exploitation (Boldt et al., 2019), learning (Meyniel, 2020), task 

prioritization (Aguilar-Lleyda et al., 2020) and changes of mind (van Den Berg 

et al., 2016) among the key consequences. Similarly to confidence, affect has 

been shown to modulate information seeking (Yang & Kahlor, 2013), effort allo-

cation (Silvestrini & Gendolla, 2019), exploration vs exploitation (Van Dooren 

et al., 2021), learning (Eldar et al., 2016), prioritization (Carver, 2015), control 

allocation (Dignath et al., 2020). Together, the evidence suggests that there is 

notable overlap between confidence and affect as inputs and outputs for a meta-

cognitive monitoring and control system.  
Taken together, this overlap suggests that metacognitive affect may play a role 

analogous to confidence. One way to test this is to ask whether metacognitive 

affect shows the same behavioral signatures that characterize confidence as a sub-

jective representation of decision accuracy (Sanders et al., 2016), such as higher 

ratings for correct than error trials and increasing ratings with evidence strength. 

Study I was designed to test whether metacognitive affect tracks monitoring 

inputs that signal decision accuracy. 
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Study I 

The goal of the Study I was to evaluate whether metacognitive affect, similarly 

to confidence, reflects participants’ decision accuracy. To address this question, 

we used a perceptual decision-making paradigm, where participants had to per-

form binary decisions about the dominant direction of ambiguous visual stimuli. 

This task provides a controlled way to manipulate monitoring inputs such as 

evidence strength and expectancy, while minimizing interference from task-

irrelevant emotional signals.   

In study 1, two complementary experiments were conducted (Figure 1). In 

experiment 1, participants reported both confidence and affect sequentially on 

each trial, enabling direct comparison of how each report changes in response to 

manipulations of monitoring inputs. In experiment 2, confidence and affect 

responses were collected in separate task phases, enabling an assessment of 

whether these relationships persist even if they are not jointly elicited. Together, 

these experiments provide a robust test of whether confidence and metacognitive 

affect share accuracy monitoring signatures as outputs of a metacognitive moni-

toring system. 

 

Figure 1. Experimental design for experiments 1 and 2. In both experiments, we set 

up a random-dot motion task where participants had to evaluate the direction of the 

majority of dots in a dynamic stimulus and give a binary response (left or right). In 

Experiment I, 50 participants reported confidence and affect sequentially after a per-

ceptual decision, in Experiment II, 39 participants reported either confidence or affect in 



15 

separate phases of the experiment in counterbalanced order to rule out potential cross-

contamination from joint reporting. In Experiment 1, all reports were given within the 

same trial in a fixed sequence: participants first provided a prospective-confidence estimate, 

then made the RDK direction decision, then reported retrospective confidence and affect. 

Confidence and affect were both reported on a 5-point scale (“Random guess” to 

“Certainly correct” for confidence and “Quite negative” to “Quite positive” for affect). 

Evidence strength had three coherence levels (.05 (hard), .20 (medium), .40 (easy)). 

Expectancy was manipulated by alternating easy and hard blocks of 15–20 trials, with 

block type inferred by the participant based on the recent trials. Participants were 

recruited online via Prolific and completed 360 trials each. In Experiment 2, reports of 

confidence and affect were separated into two counterbalanced phases so that each trial 

included only one report (Phase 1: decision with retrospective confidence; Phase 2: 

decision with affect). Scales were expanded to six points and, for confidence, explicitly 

spanned error to correct (i.e Certainly wrong; Certainly correct as endpoints). There 

were two level of evidence strength (.05, .40) and expectancy was made explicit using 

mini-blocks of six trials with pre-trial and block cues. Participants were recruited via the 

KU Leuven Sona pool and completed 600 trials each. 

 
The results of Study I indicated that both confidence and affect varied similarly 

as a response to monitoring input manipulations of decision accuracy, evidence 

strength, and expectancy (Figure 2). Confidence and affect displayed identical 

statistical signatures, increasing when decisions were more likely to be correct, 

had more evidence and when success was anticipated similarly to previously 

established statistical signatures of confidence (Sanders et al., 2016). Importantly, 

these effects were established in Experiment I and fully replicated in Experi-

ment II, where confidence and affect were collected in separate task phases, 

ruling out the reporting order.  

We found that confidence and affect ratings varied similarly in response to the 

manipulations targeting subjective probability that a decision is correct (Figure 2). 

First, both ratings increased with objectively correct responses, confirming their 

sensitivity to accuracy. Secondly, this increase was modulated by evidence 

strength for both confidence and affect, so that with more evidence, both ratings 

increased. Thirdly, we found an interaction between evidence strength and 

accuracy, so that confidence and affect ratings increased for correct trials with 

more evidence but were both not impacted by changes in evidence for error trials. 

Finally, both confidence and affect were sensitive to the expectancy manipulation, 

so that when participants expected a higher probability of success, their confi-

dence and affect increased.  

Study I demonstrates that metacognitive affect reflects the same monitoring 

inputs as confidence. Across two experiments, metacognitive affect reports 

showed the canonical statistical signatures of confidence, including sensitivity to 

decision accuracy, evidence strength, and expectancy. These effects persisted 

when confidence and affect were reported in separate task phases, ruling effects 

of sequential or joint reporting. 
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Together, these findings suggest that metacognitive affect reflects subjective 

estimates of decision accuracy rather than post-decisional emotional reactions. 

This aligns with accounts that treat epistemic feelings as outputs of metacognitive 

monitoring, and constrains theories of metacognitive affect in decision-making by 

showing that affective valence behaves as an accuracy-tracking epistemic signal. 

 

Figure 2. Statistical signatures of confidence from Voodla et al., 2025, Experiment 2. 

Panel A: confidence and affect increase linearly as function of accuracy. Panel B: at each 

level of confidence and affect, accuracy increases with evidence strength which indicates 

graded sensitivity to evidence for both confidence and affect reports. Panel C: Confidence 

and affect both increased with evidence strength for correct but not erroneous decisions. 

Panel D: confidence and affect are both both similarly sensitive to expectations, so that 

expecting a an easier trial leads to increased confidence/more positive affect. These 

results replicate the same patterns in Experiment 1 in the same paper. In all figures, 

averages reflect model-based marginal means, bands 95% confidence intervals.  
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3. MECHANISMS OF METACOGNITIVE AFFECT 

The results presented in Chapter 2 supported the conclusion that metacognitive 

affect, like confidence, can function as a metacognitive monitoring signal tracking 

subjective accuracy. However, it is also important to understand the mechanisms 

through which metacognitive affect is generated. Understanding these mechanisms 

requires moving beyond functional descriptions towards an account of the parti-

cular computations that give rise to affective experiences. Broader theories of 

affect generation offer a natural starting point for this investigation as they specify 

how affective valence arises from computations of goal discrepancies, progress 

and/or expectation violations (Carver, 2015; Emanuel & Eldar, 2023; Hesp et al., 

2021; Moors et al., 2021). When applied to metacognitive contexts, these theories 

make different predictions about which computations metacognitive affect should 

reflect. In particular, it is unclear whether metacognitive affect reflects dis-

crepancy from an epistemic goal (i.e., goal discrepancy) or deviations from expec-

tations about accuracy (i.e., prediction errors), or some combination of the two. 

Two broad theoretical accounts can be leveraged to understand how meta-

cognitive affect arises. According to appraisal theories and control-theoretic 

accounts of affect generation, affective valence reflects how effectively an indi-

vidual is progressing towards a currently active goal (Carver & Scheier, 1990; 

Carver, 2015; Moors et al., 2017, 2021). According to this view, cues signaling 

forward progress generate positive affect, while cues indicating stalling or nega-

tive progress produce negative affect. Applied to epistemic contexts, this view 

predicts that affect should become more positive as decisions become easier or 

more accurate, regardless of prior expectations.  

Prediction error accounts by contrast, propose that affective valence reflects 

discrepancies between expected and actual outcomes, i.e rewards (Barrett, 2017; 

Emanuel & Eldar, 2023; Hesp et al., 2021; Joffily & Coricelli, 2013; Van de 

Cruys, 2017; Velasco & Loev, 2025). These accounts imply that affect is more 

positive when outcomes exceed expectations and more negative when they fall 

short. Applied to metacognitive affect, this view predicts that affect should be 

sensitive not only to actual progress toward being correct, but also to how that 

progress compares to what was expected. Consistent with this view, multiple 

studies outside epistemic contexts have found that trial-by-trial changes in affec-

tive valence (or momentary happiness) reflect reward prediction errors (Blain & 

Rutledge, 2020; Eldar et al., 2016; Emanuel & Eldar, 2023; Rutledge et al., 2014; 

Vanhasbroeck et al., 2021). Related mismatch effects have also been observed in 

perceptual and cognitive tasks, where violations of expectation such as surprise 

or conflict elicit affective responses (Chetverikov & Kristjánsson, 2016; Inzlicht 

et al., 2015).  

Critically, these accounts diverge in their predictions about the role of expec-

tations in shaping metacognitive affect. A pure goal-progress account predicts 

that affect should become more positive both when expected progress is high 

and when actual progress is high, as both signal effective movement toward the 

epistemic goal. Prediction-error accounts, by contrast, predict that lower 
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expectations should amplify positive affect, such that affect depends on the 

discrepancy between expected and actual progress rather than on progress alone. 

As a result, these accounts make distinguishable predictions about the main 

effects and interactions of expected and actual progress on affect. Discriminating 

between them requires experimental design that independently manipulates 

expected and actual progress while allowing their contributions to metacognitive 

affect to be dissociated. 

A further complication is that expectations in decision-making tasks operate 

at multiple timescales (Cavalan et al., 2023; Van Marcke et al., 2024). Partici-

pants may hold local expectations about the probability of correct response on a 

specific trial, as well as more global expectations about performance within a task 

block or in the task as a whole. If prediction errors occur at both trial- and block 

levels, their combined influence may obscure the signature of prediction-error-

based affect when analyses do not explicitly separate these levels.  

The present chapter addresses these issues through two empirical studies. In 

Study II, we reused data from Experiment 2 of Study I and tested whether meta-

cognitive affect reflects goal progress, expectations, or their interaction where 

trial difficulty (actual progress) and block-level expectancy (expected progress) 

were manipulated. Study III extended this design to explicitly disentangle trial-

level and block-level prediction errors while controlling for temporal and con-

textual confounds. Together, these studies provide a principled test of whether 

metacognitive affect reflects goal progress, prediction errors, or a combination of 

both. 

 

 

Study II 

In Study II, we reanalyzed data from Experiment 2 of Study I to test whether 

metacognitive affect reflects goal progress, expectations, or their interaction. 

Participants performed a random-dot motion task in which actual progress was 

manipulated via trial-level motion coherence (easy vs. hard), while expected 

progress was manipulated via block-level difficulty (mostly easy vs. mostly hard 

blocks). After each decision, participants reported their affective valence on a  

6-point scale. 

Manipulation checks confirmed that task performance was strongly influenced 

by trial difficulty but not by block-level expectancy: participants were faster and 

more accurate on high- than low-coherence trials, with no main or interaction 

effects of expectancy on reaction time or accuracy. This indicates that our expec-

tancy manipulation altered expectations about performance without directly 

affecting decision difficulty. The main analysis indicated that affect ratings varied 

additively as a function of both actual and expected progress (Figure 3). Affect 

was more positive on high- than low-coherence trials and more positive in easier 

than harder blocks, with no interaction between coherence and expectancy. Thus, 

affect was more positive when participants performed better and when they 

expected to perform well. 
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Figure 3. The effect of expected and actual progress on metacognitive affect. Model-

based estimated marginal means of metacognitive affect are shown as a function of trial-

level motion coherence (actual progress; hard vs. easy trials) and block-level expectancy 

(expected progress; mostly hard vs. mostly easy blocks). Affect was rated on a 6-point 

scale, with higher values indicating more positive affect. Error bars indicate 95% confi-

dence intervals. 

 

At face value, this additive pattern is consistent with a goal-progress account of 

metacognitive affect, according to which affect tracks progress toward the 

epistemic goal of being correct. However, this pattern is difficult to reconcile with 

a strict prediction-error account, which would instead predict more positive affect 

when expectations are low and outcomes are good. One possibility is that pre-

diction errors operating at different timescales (i.e block vs trial-level expec-

tations) may have been conflated in this design, obscuring prediction-error effects 

at the trial level. This possibility motivated Study III, which was designed to more 

explicitly disentangle expectation-related signals across these two timescales. 
 

 

Study III 

Study III was designed to provide a stronger test of whether metacognitive affect 

reflects prediction errors by explicitly disentangling trial-level and block-level 

expectations. Whereas Study II manipulated expectations at the block level using 

short blocks of trials, Study III extended the design to separate expectation-

related signals operating at different timescales. Participants performed a 

random-dot motion task similar to that used in Study II, but with several key 

modifications. Block length was increased substantially from 6 to 50 trials to 

allow block-level expectations to stabilize, block start labels were removed so 

that expectations had to be learned from experience with trials, and trial difficulty 

was varied continuously rather than categorically. Affect was measured on a  
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7-point valence scale with a neutral midpoint. These changes were designed to 

isolate prediction errors arising from moment-to-moment fluctuations in task 

difficulty from slower changes in contextual expectations. 

Following the preregistered analysis plan, trial-by-trial affect ratings were 

analyzed using linear mixed-effects models that included measures of actual 

progress (trial difficulty) and expected progress (block difficulty), while con-

trolling for block onset effects, feedback-related prediction errors, temporal trends, 

and affective carryover from previous trials. This approach ensured that trial-

level prediction error effects were not conflated with block-level or task-related 

affective dynamics. 

Manipulation checks confirmed that task performance was driven by trial-

level coherence but not by block-level expectancy: participants were faster and 

more accurate on higher-coherence trials, with no main or interaction effects of 

expectancy on reaction time or accuracy. When replicating the analysis strategy 

used in Study II (affect ~ expected × actual progress), affect was more positive 

on easier trials, but showed neither a main effect of block expectancy nor an inter-

action between expectancy and coherence. Thus, with longer blocks, the positive 

expectancy effect observed in Study II did not replicate. 

We next examined whether the effect of block-level expectancy varied 

systematically across trials within a block. We conducted an exploratory analysis 

including an interaction between block type and trial number in a block. This 

revealed a robust interaction, such that affect was more positive at the beginning 

of easy blocks, when participants initially expected trials to be harder but learned 

that they were actually easy which diminished as the block progressed. This 

increase in affect at block onset indicates a block-level prediction error that is 

resolved as participants update their expectations through experience. Given the 

short block length in Study II, this early block-level effect plausibly accounts for 

the additive expectancy effect observed there. 

In the main pre-registered analysis, when explicitly controlling for block-

onset effects, temporal trends, feedback-related prediction errors, and affective 

carryover, we found a pattern consistent with trial-level prediction errors. Affect 

remained more positive on easier trials and following correct responses, ref-

lecting sensitivity to epistemic goal progress. Crucially, affect was also more 

positive in harder blocks than in easier blocks, indicating greater positive affect 

when expectations about performance were lower. This combination of effects 

provides evidence that metacognitive affect reflects both goal progress and 

discrepancies between expected and actual progress, consistent with a prediction-

error-based account rather than an account based on goal progress alone. 

Taken together, Studies II and III clarify how metacognitive affect is shaped 

by both epistemic goal progress and multilevel prediction errors. Study II showed 

that affect increased additively with trial difficulty and block-level expectancy, a 

pattern consistent with goal-progress accounts but seemingly inconsistent with 

prediction-error theories. However, because expectations were manipulated over 

short blocks, this design did not allow trial-level and block-level prediction errors 

to be separated. 
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Figure 4. Effects of expected and actual progress on metacognitive affect in Study III. 

Model-based predictions of z-scored metacognitive affect are shown as a function of 

motion coherence (actual progress) for easy and hard blocks (expected progress). Points 

indicate estimated marginal means and error bars denote 95% confidence intervals. 

 

Study III demonstrated that this apparent additivity of expected and actual 

progress reflects prediction errors operating at different timescales (Cavalan et al., 

2023; Goekoop & de Kleijn, 2021; Hesp et al., 2021). When block-level expec-

tations were allowed to stabilize and temporal confounds were controlled for, 

expectancy effects reversed in the direction predicted by prediction-error 

accounts: affect was more positive when performance exceeded lower expec-

tations. At the same time, affect continued to track trial-level difficulty and 

accuracy, indicating sensitivity to epistemic goal congruence. These findings 

suggest that metacognitive affect does not reflect goal progress or prediction error 

in isolation pointing towards an integrative account (i.e see Everaert et al., 2021 

for a similar account). Instead, metacognitive affect appears to integrate infor-

mation about how well one is doing and how that performance compares to what 

was expected, with prediction errors computed at multiple hierarchical levels 

contributing to the overall affective signal. 

While the present results establish this integration at the behavioral level, they 

do not yet specify the computational mechanisms by which such signals are gene-

rated. Existing models of perceptual decision-making and confidence describe 

how evidence accumulation gives rise to choice accuracy and confidence estimates 

(Fleming & Daw, 2017; Shekhar & Rahnev, 2024), but they do not formalize how 

affective valence emerges in this process. Likewise, reinforcement-learning 

models formalize prediction errors over external rewards (i.e (Blain & Rutledge, 

2020; Eldar et al., 2016) but are not designed to capture generation of meta-

cognitive affect. 
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These limitations motivate the need for a computational framework that can 

jointly account for evidence accumulation and metacognitive affect within a 

unified architecture. In particular, such a model should explain how prediction 

errors can be computed over internal decision variables, how these errors interact 

with absolute evidence strength, and how both contribute to affective experience. 

The next chapter addresses this challenge by introducing a computational model 

that formalizes metacognitive affect as an emergent signal derived from evidence 

accumulation, providing a mechanistic account of the behavioral patterns identi-

fied here. 
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4. AffectDDM – A COMPUTATIONAL FRAMEWORK 

OF METACOGNITIVE AFFECT 

The results presented in the previous chapter indicated that both goal progress 

and prediction errors play a role in metacognitive affect generation. While these 

findings clarify drivers of metacognitive affect, they leave open a more funda-

mental question about how such affective signals are generated from the under-

lying decision processes. Existing computational models address parts of this 

problem in isolation: on the one hand, evidence accumulation models of percep-

tual metacognition (i.e. Fleming & Daw, 2017; Kepecs & Mainen, 2012; Shekhar 

& Rahnev, 2024) provide detailed accounts of how internal decision variables 

give rise to confidence judgments, but do not account for metacognitive affect 

generation. On the other hand, computational models of affect in decision-making 

have primarily focused on affect as a reinforcement signal (Emanuel & Eldar, 

2023; Rutledge et al., 2014) typically driven by external outcomes rather than 

internal self-evaluations. As a result, we currently lack a computational frame-

work that formalizes metacognitive affect as a dynamic, epistemic regulation 

signal that emerges from the decision process. Addressing this gap requires a 

modeling approach that can specify how affect emerges from internal decision 

variables as the decision unfolds, rather than being inferred post hoc from 

outcomes or behavior. This motivates the use of computational modeling as a tool 

for formalizing candidate mechanisms of metacognitive affect generation. 

Computational modeling is a broad category of methods that enable quanti-

tatively describing the processes underlying psychological phenomena (Farrell & 

Lewandowsky, 2010). Importantly, such models differ from standard data-analytic 

approaches (i.e., statistical or machine learning models), which aim to characterize 

relationships present in the observed data (Palminteri et al., 2017). By contrast, 

computational models aim to mathematically capture the generative mechanisms 

that produce these data in the first place (Piccinini & Craver, 2011). This distinc-

tion is crucial in domains where internal cognitive states responsible for observ-

able behavior cannot be measured directly. By specifying and comparing candi-

date generative processes, computational models allow us to ask not only whether 

metacognitive affect correlates with decision accuracy, but how it might arise 

from interactions between internal variables of the system, for example, the 

desired level of evidence and time spent thinking on a decision. In this way, 

computational models instantiate candidate explanatory theories as simulations 

and force verbal theories to be more explicit about assumptions (Guest & Martin, 

2021). As a consequence, computational models provide a bridge from verbal 

theories to precise testable predictions about the mechanisms responsible for the 

target phenomena. 

In this chapter, I introduce a computational framework, AffectDDM, origi-

nally developed in Study II which extends evidence accumulation models from 

perceptual metacognition to metacognitive affect. The framework formalizes 

affect as an accuracy-monitoring signal grounded in evaluation of expected and 

actual progress in evidence accumulation during perceptual decisions. This model 
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provides a foundation for simulating the antecedents and consequences of affect 

as a metacognitive regulation signal, and thus serves as a methodological bridge 

toward more rigorous accounts of epistemic feelings. 

 

The affectDDM framework 

To understand the mechanisms of metacognitive affect generation, we imple-

mented a computational framework that formalizes metacognitive affect within 

an evidence accumulation model. As an experimental paradigm, we focused on a 

perceptual decision-making task, where the dominant goal of the participant is to 

make accurate decisions. The central requirement for the model is that it should 

represent both actual progress during a decision and expected progress, allowing 

affect to be computed as their function. By specifying these computations expli-

citly, the model enables trial-by-trial predictions of affect and provides a rigorous 

way to test competing accounts of how metacognitive affect emerges during 

decision-making. 

To develop the model, we needed a framework that parsimoniously charac-

terizes the underlying decision-making process while linking affect generation to 

these underlying decision process. This has been successfully established in the 

perceptual metacognition literature, where the link between first-order (choice) 

and second-order (confidence) judgments has been well-described by extending 

evidence accumulation models, most prominently drift-diffusion models (DDMs) 

(Fleming & Daw, 2017; Kepecs & Mainen, 2012; Ratcliff et al., 2016). DDMs 

describe perceptual decisions as iterative sampling processes of noisy evidence 

which continue until a decision boundary is reached. In this framework, a percep-

tual decision process is governed by a small set of parameters that can be used to 

predict observable decision outcomes, such as choices, errors and reaction times. 

The model has also been extended to simultaneously account for confidence 

judgements as read-outs from accumulated evidence (Yeung & Summerfield, 

2012). Crucally, DDMs provide a way to estimate latent subjective progress 

signal (drift-rate), which represents how efficiently evidence is accumulated. 

Following the findings in the previous chapter, this could be interpreted as the 

goal progress representation underlying metacognitive affect.  

However, a computation of actual progress alone is insufficient. Following the 

findings from the previous chapter, metacognitive affect is also sensitive to 

predictions about progress (also see Blain & Rutledge, 2020; Emanuel & Eldar, 

2023).This implies that the system should also represent how efficiently evidence 

is expected to accumulate. Extending this logic to perceptual decision-making 

implies that, alongside the actual drift rate indexing progress within a trial, the 

system should maintain an internal representation of expected drift-rate. Expected 

drift-rate reflects how quickly evidence should accumulate given task demands 

and recent experience. Metacognitive affect can then emerge from the com-

parison between observed and expected progress during the decision process. 

To incorporate expectations, AffectDDM (Figure 5) extends the standard 

DDM with a parallel accumulator that represents expected progress estimated from 

prior block-level information (e.g. whether the current context is easy or hard). 
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This expectancy-driven process follows the same dynamics as the stimulus-

driven accumulator but is governed by an expected drift rate parameter. Thus, for 

each trial, the model tracks both actual accumulated evidence and expected 

accumulated evidence. Both accumulators continue beyond the decision thres-

hold for a fixed post-decisional time window, reflecting the fact that affect ratings 

are provided after the choice and may incorporate post-decisional information 

(Desender et al., 2021). 

In the model, metacognitive affect is formalized as a function of estimated 

actual and expected progress at the time of giving the affect report. This signal is 

mapped onto the participant’s rating scale using individual bias and scaling para-

meters, allowing the model to generate trial-by-trial predictions of affect along-

side standard behavioral measures such as choices and reaction times. Together, 

these features provide a unified computational framework for linking latent 

decision variables to metacognitive affect reports. In the next section, we provide 

an initial empirical validation of AffectDDM by testing whether the model 

reproduces key behavioral and affective regularities observed in the dataset of 

Study II. The full mathematical specification of the model is also presented in 

Study II.  

 

Figure 5. Metacognitive affect computation within the affectDDM framework. The 

model includes two parallel evidence accumulation processes (coloured lines in the 

figure). The expectancy-driven accumulator (green dashed line) is governed by an expected 

drift rate estimated from previous trials, whereas the stimulus-driven accumulator 

(yellow line) is governed by the actual drift rate of the current trial. Metacognitive affect 

is computed from the discrepancy between observed and expected accumulated evidence 

at the time of affect rating. 
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Initial validation of affectDDM 

Here, I provide an initial behavioral validation of AffectDDM using the dataset 

introduced and analyzed from a behavioral perspective chapter 3. The goal is to 

assess whether the model reproduces the principal regularities in choices, reaction 

times, and affective responses under manipulations of actual progress and block-

level expected progress. Using the same dataset as in the previous chapter, 

39 participants performed a random-dot motion discrimination task with block-

wise manipulations of actual and expected progress, reporting affect on a 6-point 

scale after each decision. The goal of the present analysis is not to re-establish 

the behavioral effects reported in the previous chapter, but to evaluate model 

adequacy. Accordingly, AffectDDM was fitted to the data and assessed on its 

ability to reproduce the main empirical regularities in choice accuracy, reaction 

times, and affective reports across experimental conditions. The model para-

meters were estimated per participant, using quantile optimization on a joint cost 

function combining reaction time quantiles for correct/error trials and the affect 

rating distributions. Behavioral analyses using mixed-effects regression models 

are reported in the previous chapter and serve here as the empirical benchmarks 

against which model predictions are evaluated. 

We first showed that AffectDDM reproduces the main behavioral regularities 

observed in the data. Simulated reaction times from the fitted model closely 

matched the empirical patterns, reproducing the robust effect of stimulus 

coherence on reaction times while showing no effect of block-level expectancy 

and no coherence-expectancy interaction (Figure 6A). Model-predicted choice 

accuracy showed the same pattern, with higher accuracy on high-coherence trials 

and no influence of expectancy (Figure 6B). 

We then analyzed whether AffectDDM reproduces the affective response 

patterns. Model-predicted affect ratings showed additive effects of both stimulus 

coherence and block-level expectancy, with higher affect ratings for easy trials 

and for easier blocks without interaction between the two. This pattern closely 

matched the empirical means observed in the original data (Figure 6C). Beyond 

mean-level effects, AffectDDM also reproduced the overall distribution of affect 

ratings across the six-point scale as well as the shape of reaction time distributions 

for correct and error. 

Taken together, the results indicated that AffectDDM provides an adequate 

generative account of the observed behavioral and affective patterns in perceptual 

decision-making task. By embedding affect computation within the same evi-

dence accumulation process that gives rise to choices and reaction times, the 

model captures how affective responses covary with internal decision variables 

rather than being tied solely to external outcomes. 

In this dataset, affect was a positively associated with both actual and expected 

progress, and AffectDDM reproduces this structure by mapping accumulated 

evidence signals onto affective reports at the trial level. Future work could use 

AffectDDM to formally compare alternative implementations of affect compu-

tation, including models based on goal discrepancy or prediction error. Whereas 
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earlier analyses established that affect tracks both goal progress and prediction 

errors, the present model specifies how such signals can be generated within a 

unified computational architecture that has been widely used to model perceptual 

confidence. In this sense, AffectDDM complements the empirical findings of the 

previous chapter by providing a mechanistic account of how metacognitive affect 

can arise from internal monitoring of progress during decision-making. 

 

Figure 6. AffectDDM captures empirical effects of expected and actual progress. 

Panels depict choice reaction times (A), accuracys (B), and affect ratings (C) as a function 

of motion coherence (actual progress) and block expectancy (expected progress). Tri-

angles and dashed lines show corresponding predictions from the AffectDDM. Points and 

error bars show marginal means estimated from empirical data or affectDDM pre-

dictions with 95% confidence intervals. 
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The previous chapters conceptualized metacognitive affect and confidence as 

metacognitive signals: evaluative states that arise from internal monitoring of 

ongoing cognition and behavior and inform subsequent regulation. From this 

perspective, metacognitive signals integrate multiple sources of information about 

task demands, processing dynamics, and progress toward goals as shown in 

Chapter 2. Behavioral and computational approaches have been instrumental in 

clarifying what these signals track and how they may be generated at the algo-

rithmic level. However, such approaches cannot directly inform us about the neural 

processes that support or constrain monitoring signals in the brain. Neural mea-

sures such as electroencephalography (EEG), in contrast, provide a window into 

the brain dynamics associated with performance monitoring processes that may 

contribute to metacognitive signals. 

Research on neural correlates of performance-monitoring has identified a set 

of event-related potentials (ERPs) that are consistently elicited when participants 

evaluate or respond to their own performance (Ridderinkhof et al., 2004; 

Ullsperger et al., 2014; Yeung & Summerfield, 2012). Two of the most widely 

studied are the error-related negativity (ERN) (Falkenstein et al., 1991) and the 

error positivity (Pe) (Nieuwenhuis et al., 2001). The ERN is a sharp frontocentral 

negative deflection that emerges within ~100 ms of a response, and has been 

linked to activity in the anterior cingulate cortex. It is thought to reflect a fast 

mismatch signal indicating the deviation of outcomes from expectations, for 

example commission of errors. The Pe is a later positive deflection (~200–400 ms) 

with centroparietal distribution, often associated with the conscious awareness of 

errors with more recent integrative accounts proposing that Pe reflects post-

decisional evidence accumulation (Desender et al., 2021). 

It’s important to note that these neural markers of performance monitoring 

need not correspond directly to subjective metacognitive experiences, but may 

also reflect implicit evaluation that only indirectly relate to metacognitive reports 

(Naccache et al., 2005; Shea et al., 2014). Performance-monitoring signals are 

typically fast, implicit, and automatically elicited, whereas metacognitive reports 

reflect constructed judgments that integrate multiple sources of information and 

may unfold over longer timescales. From this perspective, ERPs such as the ERN 

and Pe are better understood as indexing evaluative processes that provide inputs 

to metacognitive judgments, rather than constituing metacognitive judgements. 

As a result, neural monitoring activity may covary with metacognitive reports 

such as confidence under some conditions, while failing to account for how 

confidence is constructed or updated across different tasks. 

Initial studies in perceptual decision-making tasks nevertheless suggested that 

ERN and Pe amplitudes covary with subjective confidence judgments, raising the 

possibility that they provide neural indices of computations supporting confi-

dence confidence (Boldt & Yeung, 2015; Scheffers & Coles, 2000; Selimbeyoglu 

5. NEURAL CORRELATES OF METACOGNITIVE  
SIGNALS 
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et al., 2012). In these studies, larger Pe amplitudes have been linked to higher 

confidence, whereas larger ERN amplitudes have been associated with lower 

confidence, independently of objective accuracy. However, these findings have 

not always replicated (e.g. Rausch et al., 2020), and more recent work suggests 

that the relationship between performance-monitoring ERPs and confidence may 

be context-dependent rather than assumed. 

Two further limitations of the existing literature are particularly relevant for 

the present work. First, it remains unclear whether the observed relationships 

between ERN, Pe, and confidence generalize beyond simple perceptual decisions 

to more complex reasoning tasks. Second, prior studies have largely relied on 

correlational designs and have not attempted to test whether experimental 

manipulations known to influence confidence such as decision fluency or task 

difficulty can be explained by corresponding changes in performance-monitoring 

ERPs. In addition, previous work has predominantly focused on error trials, 

treating the ERN and Pe as error-specific signals. If, however, these components 

reflect a more general performance-monitoring process related to confidence, 

they should covary with confidence irrespective of whether a response is correct 

or incorrect. This interpretation is supported by evidence for ERN-like activity 

on correct trials, often referred to as the correct-related negativity (CRN). 

Accordingly, in the present study we examine the relationship between confi-

dence and both accuracy-specific (unpooled) and accuracy-collapsed (pooled) 

ERN and Pe components. 

 

 

Study IV  

The aim of Study IV was to test whether performance-monitoring ERPs account 

for changes in confidence during an arithmetic reasoning task, and whether they 

explain the effects of task difficulty and processing fluency on confidence. 

48 participants performed a mental arithmetic task where they judged whether 

presented equations were correct or incorrect. Two within-subject factors were 

manipulated. Task difficulty was varied by presenting equations with either single-

digit multiplicands (easy) or one double-digit multiplicand (hard). Response 

fluency was manipulated by briefly priming participants with either the correct 

or incorrect result prior to the presented equation. When the prime matched the 

correct solution, responses were expected to feel fluent; when it did not, responses 

were expected to feel disfluent. After each decision, participants reported their 

confidence on a visual analogue scale ranging from 0 to 100. 

EEG was recorded using a 32-channel BioSemi ActiveTwo system and pre-

processed using standard procedures including re-referencing, artifact correction, 

filtering, epoching relative to the response and baseline correction. The ERN was 

defined as mean frontocentral voltage (Fz, Cz) from −100 to 100 ms around the 

response, and the Pe as mean centroparietal voltage (Pz, Cz) from 175 to 325 ms 

post-response. However, if these components reflect a general performance-

monitoring process that supports confidence, they should covary with confidence 
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irrespective of accuracy. Accordingly, in addition to standard accuracy-separated 

analyses, we also examined pooled ERN and Pe across correct and incorrect trials. 

Parallel unpooled analyses were also conducted. 
Analyses proceeded in three steps – we first tested whether difficulty and 

fluency influenced behavioral performance and confidence. Second, we examined 

whether ERN and Pe were modulated by fluency and difficulty manipulations. 

Third, we used repeated-measures correlations and multilevel Bayesian media-

tion analyses to test whether ERN or Pe accounted for the effects of difficulty and 

fluency on confidence.  

We found that Manipulations of task difficulty and response fluency produced 

the expected behavioral effects – participants were less accurate, slower, and less 

confident on hard compared to easy trials. Fluent trials were associated with 

faster responses and higher confidence, and their interaction indicated that the 

fluency effect on confidence was strongest for easy problems. These results 

confirmed that both manipulations successfully induced systematic variation in  

confidence. 

At the neural level, task difficulty and fluency modulated ERN but not Pe, and 

these effects were expressed primarily during correct responding rather than error 

processing. When ERN was analyzed by pooling correct and incorrect trials, 

amplitudes were more negative for hard than for easy trials and for disfluent than 

for fluent trials (Figure 7A). Fluency and difficulty interaction indicated stronger 

fluency effects of ERN in easy conditions. In contrast, pooled Pe showed no 

effects of difficulty, fluency, nor their interaction. Separating correct and error 

trials we found no evidence of fluency or difficulty effects in error trials but 

robust effects of both in correct trials (Figure 7B). Pe showed no effects in error 

trials and a small effect of difficulty in correct trials. 

Finally, we tested whether performance-monitoring ERPs mediated the effects 

of task difficulty and response fluency on decision confidence. Because Pe was 

neither sensitive to the experimental manipulations nor correlated with confidence, 

mediation analyses were conducted only for ERN. Using multilevel Bayesian 

mediation models, we examined whether trial-by-trial variations in pooled ERN 

or unpooled ERN accounted for the effects of difficulty and fluency on confi-

dence. These analyses provided no evidence for mediation. Although difficulty 

and fluency influenced both confidence and ERN, changes in pooled/unpooled 

ERN did not explain how these manipulations translated into changes in confi-

dence. Given the inherent noise of single-trial ERP measures, these null mediation 

effects should be interpreted cautiously, as the study may have been under-

powered to detect small indirect effects. 

We therefore found that across these analyses, task difficulty and response 

fluency reliably shaped confidence in arithmetic reasoning, whereas their neural 

signatures were only partially captured by classical performance-monitoring 

ERPs. ERN tracked both manipulations and covaried with confidence, but this 

relationship was expressed primarily during correct responding and did not mediate 

the behavioral effects of difficulty or fluency on confidence. Pe, in contrast, was 

not sensitive to the manipulations nor correlated with confidence. 
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Figure 7. Effects of fluency and difficulty manipulations on ERN and PE in pooled 

and only correct trials. ERN amplitudes were more negative on hard compared to easy 

trials and on disfluent compared to fluent trials (A), with these effects primarily driven 

by correct responses (B). Pe amplitudes were not sensitive to either manipulation in 

pooled condition (A) but were sensitive to difficulty for only correct trials. Note that ERN 

amplitudes are plotted on the original (non-inverted) voltage scale. Points show esti-

mated marginal means with 95% confidence intervals. 

 

These results suggest that performance-monitoring activity indexed by ERN 

could reflect an implicit monitoring process than a neural implementation of 

confidence itself. These findings demonstrate that in future research neural corre-

lates of metacognitive signals should be assumed to be context-dependent and 

differ substantially between simple perceptual decisions and more complex forms 

of reasoning. 
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6. SUMMARY AND CONCLUSIONS 

The central aim of this thesis was to extend our understanding of metacognitive 

confidence with an affective perspective. While confidence has traditionally been 

treated as a judgment about the probability of being correct, everyday experience 

suggests that confidence also has a felt affective quality. The central question 

motivating this work was whether this affective dimension is incidental to 

confidence, or whether it reflects core mechanisms through which metacognitive 

monitoring operates. Across four empirical studies combining behavioral experi-

ments, computational modeling, and neural measures, the thesis advances an 

affective perspective on metacognition. Rather than treating confidence and 

affect as separate responses to decision outcomes, the findings converge on the 

idea that both function as monitoring signals generated during ongoing cognition. 

In Study 1, confidence and affect were shown to track the same epistemic vari-

ables, including accuracy, evidence strength, and expectations. This parallelism 

suggests that confidence belongs to a broader class of metacognitive feelings that 

reflect progress toward epistemic goals. 

At the mechanistic level, Studies II and III provide evidence that meta-

cognitive affect reflects both epistemic goal progress and multilevel epistemic 

prediction errors. Building on this insight, the AffectDDM framework formalized 

affect as a dynamic signal arising from expected and actual progress within an 

evidence accumulation framework. While this model provides a concrete 

process-level account, it remains deliberately minimalist and does not attempt to 

model other components of affect generation or the downstream regulatory 

consequences of epistemic feelings, which is a fruitful future direction. 

In Study IV, analysis of performance-monitoring ERPs showed limited and 

context-dependent relationships with confidence diverging from classical error-

monitoring accounts. These findings suggest that error-monitoring signals such 

as the ERN may reflect implicit evaluative processes that do not straightforwardly 

map onto explicit confidence reports and caution against treating any single neural 

marker as a direct proxy for subjective confidence.  

The findings of this thesis support understanding confidence as an affective 

epistemic signal rather than a purely cognitive estimate of accuracy. Approaching 

confidence from this angle implies that it should be further studied by drawing 

on existing theories of affect/emotion generation and self-regulation, and by 

asking different kinds of mechanistic questions than those that dominate the 

current literature focused on accuracy calibration. If confidence is affective, then 

it can be analyzed within appraisal-based accounts of affect generation (e.g. Moors 

et al., 2013; see also Erdemli et al., 2025 for a similar approach with curiosity). As 

demonstrated in the current thesis, metacognitive affect arises from evaluations 

of progress toward epistemic goals such as accuracy or understanding. Future 

work can therefore examine how different epistemic appraisals give rise to 

distinct metacognitive processes (e.g. re-evaluating the decision (Elosegi et al., 

2024), gathering more evidence (Desender et al., 2018), adjusting epistemic 
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goals/thresholds (Balsdon et al., 2020; Hausmann & Läge, 2008), etc), and how 

these processes in turn support or hinder accurate self-evaluation.  

An affective view of confidence also highlights the relevance of componential 

models of emotion (Scherer & Moors, 2019). If epistemic feelings are affective 

states, they should not be studied in isolation, but in relation to other emotion 

components, including motivational tendencies, physiological responses, expres-

sive behavior, and subjective experience. Mapping how metacognitive affect 

covaries with these components would provide a more complete account of the 

mechanisms through which epistemic feelings emerge and influence cognition, 

including their embodied aspects (Barrett, 2017; Seth & Friston, 2016). Finally, 

conceptualizing confidence as affective naturally situates it within a self-regu-

latory framework (Gross, 2015). Affective states are not only experienced but 

also explicitly regulated, and feelings of high confidence or doubt can be desired 

or undesired depending on context (Efklides, 2011). From this perspective, 

confidence is also a target of emotion regulation and not only a readout of evi-

dence. Future research can therefore examine how people attempt to up- or down-

regulate metacognitive affect using strategies analogous to those studied in the 

emotion regulation literature, and illuminate how these regulatory attempts shape 

learning, decision-making, and longer-term belief formation. 

In conclusion, the current thesis substantiates an affective perspective on 

metacognitive confidence. By examining metacognitive affect and confidence at 

behavioral, computational and neural levels, I demonstrate that confidence reflects 

context-sensitive affective processes tied to epistemic goals, rather than solely 

judgments of accuracy. 
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KOKKUVÕTE 

Kas see tundub õige?  

Afektiivne vaade metakognitiivsele otsustuskindlusele 

 

Käesoleva doktoritöö eesmärk oli laiendada arusaama metakognitiivsest kind-

lusest otsutamise kontekstis, käsitledes seda afektiivteaduse vaatenurgast. Tradit-

siooniliselt on otsusekindlust mõistetud hinnanguna otsuse õigsuse tõenäosusele, 

kuid igapäevane kogemus viitab, et kindlusel on ka afektiivne mõõde. Töö keskne 

küsimus oli, kas see afektiivne aspekt on otsusekindluse juhuslik kõrvalnähtus 

või peegeldab see metakognitiivse enesemonitoorimise kesket mehhanismi.  

Doktoritöö koosneb neljast empiirilisest uuringust, milles kombineeritakse 

käitumuslikke eksperimente, komputatsioonilist modelleerimist ja neurofüsio-

loogilisi mõõtmisi. Tulemused näitavad, et otsusekindlus ja afekt toimivad 

sarnaste metakognitiivsete signaalidena, mis tekivad otsustusprotsessi käigus. 

Esimeses uuringus leiti, et otsustuskindlus ja afekt on tundlikud samadele mõju-

tustele otsustprotsessis, sealhulgas otsuse õigsusele, tõendite tugevusele ja ootus-

tele, viidates sellele, et otsustuskindlus kuulub laiemasse metakognitiivsete 

tunnete klassi, mis peegeldavad progressi epistemiliste eesmärkide suunas. 

Mehhanistlikul tasandil näitavad teise ja kolmanda uuringu tulemused, et 

metakognitiivne afekt peegeldab nii edenemist episteemiliste eesmärkide suhtes 

kui ka mitmetasandilisi epistemilisi ennustusvigu. Nende mehhanismide täpse-

maks kirjeldamiseks töötati välja afektiivne otsuse triivmudel (AffectDDM), mis 

formaliseerib afekti kujunemise dünaamilise signaalina oodatud ja tegeliku prog-

ressi võrdlusel. Neljandas uuringus leiti, et soorituse monitoorimisega seotud 

EEG sündmuspotentsiaalide seosed otstustuskindlusega on kontekstist sõltuvad, 

mis viitab lahknevusele metakognitsiooni neuraalsete signaalide ja teadlikult 

raporteeritud otustuskindluse vahel. 

Kokkuvõttes toetavad käesoleva doktoritöö tulemused arusaama, et meta-

kognitiivne otustuskindlus on oma olemuselt afektiivne nähtus. Metakognitiivse 

afekti ja otsustuskindluse uurimine käitumuslikul, arvutuslikul ja neuraalsel 

tasandil näitab, et otsustuskindlus peegeldab kontekstitundlikku afektiivset prot-

sessi, mis on seotud laiemalt episteemiliste eesmärkide ja ootustega ning mitte 

üksnes otsuse õigsuse kognitiivsete hinnangutega. 
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SAMENVATTING 

Het doel van dit proefschrift was om het begrip metacognitief vertrouwen in de 

context van besluitvorming te verruimen door het vanuit een affectief perspectief 

te benaderen. Traditioneel wordt het vertrouwen in onze keuzes opgevat als een 

inschatting van de waarschijnlijkheid dat een keuze correct is. Alledaagse 

ervaring suggereert echter dat vertrouwen ook een duidelijk waarneembare 

affectieve dimensie heeft. De centrale vraag van dit proefschrift was of deze 

affectieve dimensie slechts een bijkomstig verschijnsel is, of dat zij een kern-

mechanisme weerspiegelt van metacognitie. 

 Het proefschrift bestaat uit vier empirische studies waarin gedragsmatige 

experimenten, computationele modellering en neurofysiologische metingen 

worden gecombineerd. De resultaten tonen aan dat vertrouwen in onze keuzes en 

affect functioneren als vergelijkbare metacognitieve signalen die ontstaan tijdens 

het besluitvormingsproces. In de eerste studie werd gevonden dat besluit-

vertrouwen en affect gevoelig zijn voor dezelfde invloeden tijdens besluit-

vorming, waaronder de accuraatheid van onze keuzes, de sterkte van de evidentie 

en verwachtingen. Dit wijst erop dat besluitvertrouwen behoort tot een bredere 

klasse van metacognitieve gevoelens die voortgang richting epistemische doelen 

weerspiegelen. 

 Op mechanistisch niveau laten de resultaten van de tweede en derde studie 

zien dat metacognitief affect zowel voortgang ten opzichte van epistemische 

doelen als meerlagige epistemische predictiefouten weerspiegelt. Om deze 

mechanismen nader te beschrijven werd het AffectDDM-model ontwikkeld, dat 

affect formaliseert als een dynamisch signaal dat ontstaat uit de vergelijking 

tussen verwachte en feitelijke voortgang binnen een proces waarin evidentie 

wordt geaccumuleerd. In de vierde studie werd vastgesteld dat de relaties tussen 

prestatiemonitoring-gerelateerde EEG signalen en besluitvertrouwen beperkt en 

contextafhankelijk zijn, wat wijst op een dissociatie tussen neurale signalen van 

metacognitie en expliciet gerapporteerd besluitvertrouwen. 

 Samenvattend ondersteunen de bevindingen van dit proefschrift de opvatting 

dat metacognitief besluitvertrouwen van nature een affectief verschijnsel is. 

Onderzoek naar metacognitief affect en vertrouwen op gedragsmatig, com-

putationeel en neuraal niveau laat zien dat besluitvertrouwen contextgevoelige 

evaluatieve processen weerspiegelt die samenhangen met epistemische doelen, 

en niet uitsluitend cognitieve oordelen over de juistheid van beslissingen. 

  



43 

SUMMARY 

The aim of this doctoral dissertation was to broaden our understanding of 

metacognitive confidence in the context of decision-making by approaching it 

from the perspective of affective science. Traditionally, confidence has been 

understood as an estimate of the probability that a decision is correct, but every-

day experience suggests that confidence also has an affective dimension. The 

central question of this work was whether this affective aspect is merely an 

incidental by-product of confidence, or whether it reflects a core mechanism of 

metacognitive self-monitoring. 

The dissertation consists of four empirical studies combining behavioural 

experiments, computational modelling, and neurophysiological measurements. 

The results show that confidence and affect function as similar metacognitive 

signals that emerge during the decision process. The first study found that 

confidence and affect are sensitive to the same influences during decision-making, 

including decision accuracy, evidence strength, and expectations. This suggests 

that confidence belongs to a broader class of metacognitive feelings that reflect 

progress toward epistemic goals. 

At the mechanistic level, the second and third studies indicate that meta-

cognitive affect reflects both progress toward epistemic goals and multilevel 

epistemic prediction errors. To characterise these mechanisms more precisely, an 

affective drift-diffusion model of decision-making (AffectDDM) was developed, 

which formalises affect as a dynamic signal based on comparing expected and 

actual progress. The fourth study found that the associations between per-

formance-monitoring – related EEG event-related potentials and confidence are 

context-dependent, pointing to a dissociation between the neural signals of 

metacognition and consciously reported confidence. 

Overall, the findings of this dissertation support the view that metacognitive 

confidence is an affective phenomenon. Studying metacognitive affect and 

confidence at behavioural, computational, and neural levels shows that confi-

dence reflects a context-sensitive affective process linked more broadly to epis-

temic goals and expectations, rather than only to cognitive estimates of decision 

accuracy. 
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