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Abstract (145 words) 33 

 34 

While metacognition - our ability to evaluate our own cognitive processes - has been extensively 35 

studied by measuring trial-by-trial self-assessments of task performance (local confidence), real-world 36 

decisions often require a broader perspective, drawing on evaluations of performance over wider 37 

timespans (global confidence). Despite its pervasive influence on decision-making and mental health, 38 

it remains unknown whether global confidence is formed through similar or distinct processes across 39 

cognitive domains. Here we employ a novel gamified approach to compare how global confidence is 40 

formed in the domains of memory and perception. In memory, we found that both local accuracy and 41 

confidence contributed to global confidence, whereas in perception, global confidence was predicted 42 

by local confidence alone. By comparing the formation of global confidence across domains, our 43 

study provides new insights into the mechanisms underpinning self-evaluation, paving the way for the 44 

development of metacognitive interventions in education and psychiatry.  45 
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Introduction  46 

 47 

Metacognition - our ability to monitor and evaluate our own cognitive processes – has a pervasive role 48 

in adaptive learning and decision-making (Fleming, 2024; Metcalfe & Shimamura, 1994). For 49 

instance, confidence judgments play a crucial role in guiding how we allocate cognitive resources and 50 

adjust decision strategies (Fleming et al., 2012; Risko & Gilbert, 2016; Son & Metcalfe, 2000). Recent 51 

models have proposed that confidence is formed across a range of hierarchical timescales. “Local” 52 

confidence refers to trial-specific judgments of performance elicited around the time of a particular 53 

decision (e.g., Rouault et al., 2023) whereas “global” confidence tracks overall success aggregated 54 

across multiple trials (Lee et al., 2021; Rouault et al., 2019). Local confidence, also referred to as 55 

“decision” confidence, is a self-estimate of the probability that a choice is correct (Pouget et al., 2016). 56 

Previous studies across species (Kepecs & Mainen, 2012; Sanders et al., 2016) and cognitive 57 

domains (for reviews, see Mazancieux et al., 2023; Rouault et al., 2018) have allowed the 58 

development of rich cognitive and computational models of confidence formation and metacognitive 59 

sensitivity, revealing that local confidence formation depends on evidence (Gherman & Philiastides, 60 

2015; Zylberberg et al., 2012), response times (Kiani et al., 2014) and the integration of post-decision 61 

evidence (Hilgenstock et al., 2014; Murphy et al., 2015; van den Berg et al., 2016). Moreover, the 62 

distinct factors influencing local confidence formation have been studied across different domains 63 

such as general knowledge (e.g., Lund et al., 2025), memory (e.g., Mazancieux et al., 2020), time 64 

estimation (e.g., Rouault et al., 2023), and perception (e.g., Sanders et al., 2016; Spence et al., 2016; 65 

Wilimzig et al., 2008). In contrast, how global confidence (also referred to as global self-performance 66 

estimates) is generated is still unclear (though see Katyal et al., 2025; Lee et al., 2021; Rouault & 67 

Fleming, 2020). 68 

Specifically, it remains to be determined how local metacognitive computations contribute to self-69 

evaluations over longer timescales, and how these mechanisms may vary across domains. For 70 

example, imagine a person trying to cook a new dish and bake a new cake on different days while 71 

assessing how confident they are about how it will turn out. At the end of the month, they realize they 72 

consistently feel more successful in cooking compared to baking, leading them to generate a broader 73 

self-evaluation of the form “I am better at cooking than baking”. Recent studies indicate that local and 74 

global metacognition rely on overlapping but distinct neural substrates (Rouault & Fleming, 2020), 75 

suggesting a hierarchy of metacognitive processes in the human brain (Purcell & Kiani, 2016; Seow et 76 

al., 2021). While decision confidence informs immediate adjustments in decision-making, global self-77 

performance estimates are thought to shape our behavior and mental health over extended 78 

timescales (Bandura, 1977), determining the goals we choose to pursue, and the effort we put into 79 

our endeavors (Elliott et al., 1996; Zacharopoulos et al., 2014;) Orth et al., 2008; Seow et al., 2021). 80 

In other words, individuals may rely more on this broader sense of competence when making 81 

strategic choices (Bandura, 1977). Characterizing how individuals form global self-performance 82 

estimates is therefore critical for capturing aspects of metacognitive processes that may be 83 

particularly relevant to everyday decision-making, and to the subjective and functional symptoms 84 

experienced by psychiatric and neurological patients (Seow et al., 2021). While local confidence has 85 
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been extensively studied across domains, much less is known about the factors shaping self-86 

performance estimates and whether these factors are similar or distinct across domains. 87 

The current study builds on a previously developed gamified suite of web-based experiments 88 

designed to measure local metacognition in different cognitive domains (McWilliams et al., 2023). We 89 

extended this platform to incorporate measures of global confidence and tested human participants 90 

across two cognitive domains (memory and perception) and two sessions (test and retest). We found 91 

that participants integrated local confidence and accuracy to form task-level judgments but did so 92 

differently for memory and perception. To the extent that metacognition is hierarchically organized 93 

(from local to task-level to domain-level to self-evaluations), we expected that metacognitive 94 

estimates would be more stable across time points than across domains. We found some evidence 95 

that local metacognitive bias was indeed more reliable between sessions than between domains. Our 96 

study provides new insights into the architecture of global confidence across cognitive domains and 97 

paves the way for longitudinal studies of local and global metacognitive capacities in patient and 98 

developmental cohorts.99 
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Results 100 

Experimental protocol assessing local and global metacognition 101 

We employed novel measures of local and global metacognition across (i) two domains: short-term 102 

memory and visual perception and (ii) two sessions: test and retest, separated by three weeks. In the 103 

memory domain, participants were asked to memorize a set of items and afterwards select the 104 

familiar stimulus when paired with a distractor. In the perception domain, participants were presented 105 

with an array of multiple identical red and blue shapes and then asked whether there were more red 106 

or blue stimuli. For both memory and perception, retrospective (“local”) confidence judgments were 107 

elicited after each trial using a horizontal visual sliding scale, the ends of which were labelled 108 

“complete guess” and “absolutely certain”. Within each domain, participants completed 6 blocks of 20 109 

trials each, for a total of 120 trials per domain. Within each block, trials from two different categories 110 

were interleaved. For example, participants were asked to memorize strange artifacts (category 1) in 111 

half of the trials and alien insects (category 2) in the other half. At the end of each block, participants 112 

were asked to choose between the two categories of the block in which category they thought they 113 

performed best (in our example, strange artifacts or alien insects). This category choice is a measure 114 

proposed to reflect task-level (“global”) confidence in previous work (Rouault et al., 2019; Figure 1). 115 

 116 

117 
 Figure 1. Experimental design assessing local and global metacognition in perception and memory. In the 118 
memory domain (yellow), participants were presented with a set of items and then were asked to select which of 119 
two items was previously seen. In the perception domain (green), participants were presented with a cloud of red 120 
and blue items and were asked to select whether there were more blue or red items. In both domains, 121 
participants were then asked to indicate their confidence in their decision being correct on a continuous scale 122 
from ‘Complete guess’ to ‘Absolutely certain’. Participants completed mini blocks comprising 10 decisions of each 123 
category. At the end of each block, they had to select the category in which they thought they performed best, 124 
reflecting their estimation of self-performance at the task level (‘Category choice’). End-of-block feedback 125 
provided participants with their average accuracy and their average local confidence over the block (‘Block 126 
feedback’). To estimate the reliability of local and global metacognition metrics, the same participants were 127 
invited to complete a retest session three weeks later.  128 
 129 
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To control for variation in first-order task performance, a continuous adaptive staircase procedure 130 

dynamically adjusted task difficulty (García-Pérez, 1998; Levitt, 1971). We extracted trial-level 131 

difficulty, accuracy, response time (RT) and local confidence as candidate predictors of global 132 

confidence. These measures were subsequently analyzed as a function of self-performance 133 

estimates, i.e., whether a category was chosen or unchosen at the end of the block. 134 

Construction of global self-performance estimates in each domain 135 

At the end of each block, participants indicated in which category they believed they performed best. 136 

First, we investigated the factors contributing to the formation of self-performance estimates in each 137 

domain and in each session. We fitted four generalized linear mixed models (GLMM) predicting end-138 

of-block category choices from local difficulty, accuracy, RT and confidence (Figure 2; Figure S1): 139 

                                                                                      

We report here the results based on only the four main effects of local variables, as adding interaction 140 

terms did not significantly improve the model fit (BIC main vs. complete, memory test: 25814 vs. 141 

25923, perception test: 25662 vs. 25783, memory retest: 21869 vs. 21976, perception retest: 21751 142 

vs. 21859).  (Table S1-S2-S3-S4). In both sessions, we found that participants relied on different 143 

factors to estimate their self-performance between domains (Figure 2C-2D-2G-2H, Table S1-S3). In 144 

the memory domain, we found a positive contribution of local accuracy (test session:      145 

                             ; retest session:                                  ) and 146 

local confidence (test session:                                  ; retest session:      147 

                            ) to self-performance estimates. This was in the absence of 148 

significant contributions from other local indices (all                   ). We note that, when 149 

considered in isolation (model-free analysis), RTs were longer (test session:                   ; 150 

retest session:                   ) and difficulty was harder in the test session (            151 

     ; retest session:                 ) for the unchosen as compared to chosen category 152 

(Figure 2A-2E). However, their contribution was not significant when these metrics were put in 153 

competition with all local variables to explain end-of-block category choice in a GLMM (Figure 2C-154 

2G). In contrast, in the perception domain, we found a positive contribution of local confidence (test 155 

session:                                    ; retest session:                       156 

           ) to self-performance estimates. This was found in the absence of contributions from 157 

other local cues (all                   ). 158 
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159 
Figure 2. Factors contributing to the construction of global self-performance estimates on task. A, B, E, 160 
F. Local difficulty, accuracy, response time, confidence as a function of chosen vs. unchosen category at the end 161 
of blocks, reflecting high vs. low self-performance estimates in the memory (A, E) and perception (B, F) tasks 162 
respectively. A-D: test session (N=52); E-H: retest session (N=44). Points and thin lines indicate individual 163 
averages, shaded areas indicate probability density function, 95% confidence interval, and SE. Stars indicate 164 
statistical significance of a paired t-test between chosen and unchosen categories. Difficulty corresponds to the 165 
number of items in memory, and to the difference in red and blue shapes in perception. In memory, the significant 166 
difference in difficulty does not hold when all local variables are considered at the same time (see panels C, G). 167 
C, D, G, H. GLMM predicting end-of-block task choices in the memory (C, G) and perception (D, H) domains as a 168 
function of the difference in local difficulty, accuracy, response times and confidence between categories (see 169 
Methods for details). Circles and error bars indicate mean and SE over regression coefficients. Stars indicate 170 
statistical significance of a one sample t-test against zero at the group level for each coefficient. In all panels, ns: 171 
p>0.05, * p<0.05, ** p<0.01, *** p<0.001. 172 
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To formally assess the extent to which the local predictors of self-performance estimates vary across 173 

domains, we added domain as an additional fixed effect in the GLMM (pooling both sessions). We 174 

further specified interaction terms between domain and each of the four predictors: local difficulty, 175 

accuracy, RT, and confidence (see Methods). First, we found a significant interaction between 176 

domain and confidence (                                  , Figure 3, Table S5), indicating 177 

a larger effect of local confidence on global self-performance estimates in memory as compared to 178 

perception. We also identified a significant interaction between domain and accuracy (     179 

                             , Figure 3, Table S5). This is also consistent with within-domain 180 

results and means that local accuracy contributed more strongly to global self-performance estimates 181 

in memory than in perception (Figure 2C-2D-2G-2H). Taken together, these results confirm both 182 

domain-general and domain-specific patterns of local contributions to global self-performance 183 

estimates. Notably, local decision confidence emerged as a key domain-general contributor to global 184 

self-performance across both perception and memory tasks. 185 

  186 

Figure 3. Different local cues contribute to global self-performance estimates between domains. GLMM 187 
predicting end-of-block category choices, pooled over sessions, as a function of the difference in the four local 188 
factors between categories and their respective interaction with domain. Circles and error bars indicate mean and 189 
SE over regression coefficients. Stars indicate statistical significance of a one sample t-test against zero at the 190 
group level for each coefficient. In all panels, * p<0.05, ** p<0.01, *** p<0.001. 191 

 192 

Between-domain comparison of local metrics 193 

We also examined between-domain differences in local metacognition. To do so, we focused on the 194 

session with the largest sample size (test session, N=52, Figure 2-4), but we note that virtually 195 

identical results are observed in the retest session (N=44, Figure 2-S2). Although the overall average 196 

accuracy in both domains was slightly higher than the expected target level (memory:         197 

          ; perception:                   ), this was mostly driven by earlier blocks (final 198 

block accuracy vs. target level, memory:                    ; perception:                 ). 199 

Overall, all participants performed within a narrow range (Figure 2A-2B-2E-2F), indicating that the 200 

staircase procedure worked appropriately. Additionally, we found no correlation in accuracy between 201 

memory and perception (Spearman’s                   ), suggesting that the staircase 202 

procedure effectively adjusted difficulty level for the two tasks independently. Given that accuracy was 203 
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staircase-controlled, average difficulty served as a proxy indicator of first-order performance capacity. 204 

We found no correlation across domains in difficulty level (Spearman’s                  ), 205 

suggesting that the first-order abilities required to complete the perception and memory tasks were 206 

distinct. In contrast, we found significant positive correlations between domains for both RT 207 

(Spearman’s                    ) and local confidence (Spearman’s                    ), 208 

indicating that these behavioral measures may be influenced by trait-level variations. 209 

Between-domain comparison of metacognitive bias and metacognitive efficiency 210 

Metacognitive bias, defined as the discrepancy between mean confidence and mean accuracy, was 211 

positive in both memory (                                       ) and perception 212 

(                                       ), indicating overconfidence in both domains of 213 

about 7% and 6% on a 50-100% scale (Figure 4A). We observed equivalent levels of overconfidence 214 

across the two domains (memory vs. perception,                 ), and these levels were 215 

significantly correlated across participants (Spearman’s                    ; Figure 4B). This 216 

suggests that the degree of overconfidence may be a stable individual trait transcending domains, in 217 

line with prior work (Ais et al., 2016; Binnendyk et al., 2024). 218 

We also examined the evolution of metacognitive bias across blocks in each domain. Although 219 

participants did not receive feedback at the trial level, at the block level participants received feedback 220 

on their confidence and their accuracy (Figure 1). This allowed us to examine whether participants 221 

were able to recalibrate their confidence throughout the experiment, if necessary. We found evidence 222 

against recalibration, as overconfidence kept increasing over trials (memory: Spearman’s        223 

             ; perception: Spearman’s                     ) and over blocks (memory: 224 

Spearman’s                  ; perception: Spearman’s                  ; Figure  4C). We 225 

also examined the effect of block feedback on overconfidence in a GLMM predicting block-averaged 226 

metacognitive bias as a function of the previous block-averaged accuracy and previous block-227 

averaged confidence (see Methods). For memory, we found a significant positive effect of previous 228 

accuracy (                                  ) and a significant negative effect of previous 229 

confidence (                                     ) on metacognitive bias. In contrast, for 230 

perception, we found no significant effect of accuracy (                                  231 

    ) or previous confidence (                                    ) on metacognitive bias. 232 

These results indicate that while participants in the memory domain showed some sensitivity to 233 

previous block-level feedback, no such effect was observed in the perception domain. Together, this 234 

suggests a limited, domain-specific use of feedback in adjusting metacognitive judgments, though the 235 

format of feedback may also have played a role (see Discussion). 236 



10 
 

   

 

 237 

Figure 4. Between-domain comparison of metacognitive bias and metacognitive efficiency. A. Average 238 
metacognitive bias across participants in memory (yellow) and perception (green) tasks. Points and grey lines 239 
indicate individual average, shaded areas indicate probability density function, 95% confidence interval, and SE. 240 
N=52. B. Scatterplot of metacognitive bias between domains indicating a significant positive correlation (p < 241 
0.0001, see main text). Shaded area represents 95% confidence intervals and black line is a linear regression fit. 242 
N=52. C. Trajectories of metacognitive bias measured as the discrepancy between local confidence and 243 
accuracy throughout the six blocks in memory (yellow) and perception (green) domains. Shaded areas indicate 244 
SE over participants. N=52. D. Group-level metacognitive efficiency (M-ratio) distribution estimated hierarchically 245 
in the memory (yellow) and perception (green) domains (see Methods). E. Group-level difference (in log units) 246 
between the group posteriors. The white bar represents the 95% HDI which excludes zero (dotted line), indicating 247 
a significantly higher metacognitive efficiency in the memory than the perception domain. F. Group-level 248 
correlation coefficient (dotted line) between metacognitive efficiencies in the two domains. The white bar 249 
represents the 95% HDI which includes zero, indicating no correlation between domains. 250 

 251 

Second, metacognitive efficiency, defined as how well local confidence discriminates between correct 252 

and incorrect decisions with respect to objective accuracy, was quantified here using the hierarchical 253 

meta-d’/d’ (M-ratio) framework (see Methods; Fleming, 2017; Maniscalco & Lau, 2012). At the group 254 

level, we found above-zero M-ratios of 1.2 ± 0.16 (mean ± SD) in memory and 0.69 ± 0.13 (mean ± 255 

SD) in perception (Figure 4D), driven by participants giving higher confidence on correct than 256 

incorrect decisions (memory:                  ; perception:                  ; Figure 257 

S3A,B). Metacognitive efficiency was significantly higher in memory compared to perception (95% 258 

HDI on difference in M-ratio: [0.37, 0.75]; Figure 4E). However, no significant correlation in 259 

metacognitive efficiency was observed between domains (correlation coefficient = -0.042; 95% HDI 260 

on correlation coefficient: [-0.84, 0.75]; Figure 4F). Model-free measures of metacognitive sensitivity 261 

derived from the type-2 area under the receiver operating curve (see Methods) gave very similar 262 

results (Figure S3C,D).   263 

 264 



11 
 

   

 

 265 

Exploratory analysis: assessing a hierarchical architecture for local metacognitive bias 266 

In an exploratory analysis, we sought to assess whether metacognitive judgements may follow a 267 

hierarchical structure from local to global self-evaluations across domains, as has been previously 268 

theorized (Seow et al., 2022). To pursue this hypothesis, our logic was to compare the strength of 269 

between-domain and between-session associations. More precisely, we reasoned that any changes 270 

in metacognitive measures between test and retest sessions could be attributable to a true change in 271 

the metacognitive capacity of a person (i.e., a meaningful psychological shift), to noise in 272 

measurement, or a combination of both. Here, under the assumption of no measurement noise, if self-273 

performance estimates emerge within a hierarchical architecture of metacognitive judgements, we 274 

expect between-session associations to be stronger than between-domain associations (Figure 5). In 275 

other words, if metacognition is hierarchical, then within a given domain, the same lower-level 276 

mechanisms should be reused across sessions for a given individual. This should lead to relatively 277 

more stable measures within a domain across time points.  278 

To formally assess this, we first identified the most reliable metric across test and retest sessions by 279 

computing intraclass correlation coefficients (ICC, Koo & Li, 2016) for all local contributors to global 280 

self-performance estimates and local measures of metacognition described above. From these 281 

analyses, local metacognitive bias stood out as the most reliable measurement in both domains 282 

(detailed results are provided in Figure S4 and Table S7-S8). 283 

Then, to compare the strengths of associations, we used a two-step procedure. First, we computed 284 

ICCs to estimate the following four associations (Figure 5, black arrows): memory-session (ICC test 285 

vs. retest), perception-session (ICC test vs. retest), test-domain (ICC memory vs. perception), retest-286 

domain (ICC memory vs. perception). Second, we compared the strength of the four associations 287 

(see Methods), leading to a total of six confidence intervals (CI) measuring if each association is 288 

stronger than the three others (Figure 5, red arrows).  289 

We report here the results for each domain in turn. In memory, the effect sizes of domain vs. session 290 

correlations were similar (                     and                    ; Figure 5, top diagonal 291 

arrows). However, in perception, the test-retest association was significantly stronger than both the 292 

retest-domain reliability (                   ), and the test-domain reliability (marginally,        293 

             ; Figure 5, bottom diagonal arrows). This pattern of findings for perception is consistent 294 

with a hierarchical architecture of metacognition, in which local metacognitive bias exhibits a greater 295 

stability within- than across-domains. 296 

 297 
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  298 

Figure 5. Testing the hierarchical structure of metacognitive bias. Black arrows represent associations 299 
between metacognitive bias estimated in each domain and each session separately. Red arrows represent the 300 
relative strength of one association as compared to the three others, with the 95% CI of bootstrapped difference 301 
in ICCs (see Methods). Dashed arrows: non-significant difference in association strength. Bold arrows: 302 
significance and marginal significance. ICC: intraclass correlation coefficient of metacognitive bias.  303 
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Discussion 304 

Recent years have witnessed growing interest in characterizing the mechanisms underlying 305 

metacognition and how confidence is formed at different levels of abstraction (Seow et al., 2021). 306 

Despite a strong focus on computational models of local confidence (decision confidence), the 307 

mechanisms underlying global confidence (evaluations of one’s own performance over longer 308 

timescales) remain unclear. Here, we investigated which local factors contribute to global self-309 

performance estimates and whether they are the same in different domains. We designed a gamified 310 

experiment measuring both local and global confidence across memory and perception domains 311 

(McWilliams et al., 2023). We established that both local accuracy and confidence influenced the 312 

formation of global self-performance estimates, but differently so across domains. We further found 313 

that local metacognitive bias was the most reliable measure both across domains and sessions, 314 

whereas metacognitive efficiency was not reliable. Finally, we observed some evidence that the test-315 

retest association of metacognitive bias was stronger than the between-domain association, 316 

supporting the view that metacognition operates across multiple hierarchical levels. We discuss each 317 

of these findings in turn. 318 

Previous work has revealed that local confidence and external feedback about performance influence 319 

global self-performance estimates  (Haddara & Rahnev, 2022; Katyal et al., 2025; Lee et al., 2021; 320 

Rouault et al., 2019; Wittmann et al., 2016). We found that in the memory domain, both local accuracy 321 

and confidence positively predicted self-performance estimates, whereas in the perception domain, 322 

local confidence alone was a significant predictor. Critically, this was found in the context of a lack of 323 

influence of response times (RT) or objective difficulty on self-performance estimates, cues previously 324 

identified to be tightly linked to both local (Kiani et al., 2014; Zylberberg et al., 2012) and global (Lee 325 

et al., 2021) confidence. Whether the domain-specific contributions of local cues to global confidence 326 

reflect a common mechanism integrating information from specific sources, or whether they arise from 327 

completely distinct, domain-specific architectures, remains to be investigated. The consistent 328 

contribution of local confidence in both domains confirms and extends prior findings of a key role for 329 

local confidence over and above accuracy and RT in the formation of perceptual self-performance 330 

estimates (Rouault et al., 2019).  331 

At the local level, we found that confidence, RT, and metacognitive bias were positively correlated 332 

across domains, suggesting the existence of stable, trait-like features of local metacognition. 333 

Moreover, the consistency of metacognitive bias was supported by a comparable degree of 334 

overconfidence across domains, in line with prior findings (Ais et al., 2016; Binnendyk et al., 2024; 335 

Seow et al., 2025; West & Stanovich, 1997). Interestingly, we did not find evidence for a better 336 

calibration in the retest as compared to the test session, nor across successive blocks within each 337 

session. This may at first appear surprising, since we provided participants with feedback regarding 338 

their average accuracy and average confidence at the end of each block. However, several factors 339 

may have limited any feedback effect. Feedback format (e.g., 14/20 for accuracy and 37% for 340 

confidence) may not have been the most appropriate or easiest to interpret, as the units of confidence 341 

did not match the fact that chance level was 50% correct. Moreover, it remains possible that too few 342 
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blocks are present for recalibration to occur. Finally, it is possible that perceived performance might 343 

have been category-dependent rather than domain-dependent, leading to a potential ‘reset’ between 344 

categories, limiting opportunities for gradual adjustment. Together, these results suggest that 345 

metacognitive bias may reflect a trait characteristic. 346 

In contrast to metacognitive bias, metacognitive efficiency was higher for memory than for perception 347 

and did not show across-domain or across-session reliability. However, we note that since the time of 348 

data collection, several studies have indicated that much larger sample sizes are needed to obtain 349 

reliable estimates of cross-task correlations in metacognitive efficiency. Therefore, the lack of 350 

correlation across domains we observed may reflect limited statistical power (Lund et al., 2025).  351 

To probe the hierarchical structure of metacognition, we performed an exploratory analysis comparing 352 

the effect sizes of between-domain and between-session associations for local metacognitive bias. 353 

We found no significant difference between these two associations for memory. However, the 354 

between-session reliability of metacognitive bias within perception was significantly higher than its 355 

between-domain association. This latter pattern provides additional support for a hierarchical 356 

organization of metacognitive evaluation. Although a similar pattern might also exist in the memory 357 

domain, it is possible that the present design did not offer enough variability in accuracy and 358 

confidence due to the staircase procedure to observe it. Furthermore, the limited number of blocks 359 

could have prevented the observation of consistent contributions of local factors to self-performance 360 

estimates across sessions. Future work should aim to replicate and extend these findings by 361 

increasing the number of blocks and sessions (e.g., Fox et al., 2024). 362 

Several limitations of our study should be acknowledged. First, although we did our best to match the 363 

psychometric properties of the two domains, we noticed that the stimuli in memory were more salient. 364 

This potentially helped participants better track the current category as compared to the perceptual 365 

domain, despite the category being reminded in text on top of the perceptual stimulus (Figure 1). 366 

Moreover, the difficulty (number of items) may have been more evident in the memory domain, 367 

compared to perception where the dot difference is not immediately countable. These small 368 

differences may have helped participants to self-evaluate more easily in the memory domain. Second, 369 

the lack of influence of RT on the formation of self-performance estimates in perception may be due 370 

to relatively long stimulus presentation times during which participants could not respond, which may 371 

have impacted the RT collected during the following response window if the decision had already 372 

been made. Finally, while it can be argued that the binary nature of our self-performance estimates 373 

measurements is more ecological as confidence-based choices are ubiquitous, recent work suggests 374 

that self-performance estimates reported on a continuous scale provide a more fine-grained measure 375 

of global metacognitive estimates (Katyal et al., 2025). 376 

Our results open several promising avenues for future research. First, it remains unknown how 377 

participants track more than two self-performance estimates at the same time, which is presumably 378 

relevant to real-life contexts such as educational settings. Another avenue involves the development 379 

of computational models to characterize the mechanisms underlying global self-performance estimate 380 
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formation. For example, reinforcement learning could formalize how participants update global 381 

confidence based on trial-by-trial feedback when it is available or local confidence when it is not, 382 

whereas Bayesian models could capture the probabilistic integration of accuracy and confidence with 383 

prior beliefs about self-performance in different domains or with domain-general self-beliefs (Heilbron 384 

& Meyniel, 2019; Katyal et al., 2025; Rouault et al., 2019). These approaches could offer a principled 385 

way to test competing hypotheses about the sources of global confidence variations across domains, 386 

be it differences in information sampling, learning rates, or strength of prior expectations about self-387 

performance (Fleming & Daw, 2017; Rouault et al., 2019; Van Marcke et al., 2024). Finally, 388 

neuroimaging in other domains could extend our prior results showing that both local and global 389 

metacognitive variables modulated ventromedial prefrontal cortex and precuneus activity in a 390 

perceptual task (Rouault & Fleming, 2020) using designs adapted to contrast brain activity across 391 

domains (Morales et al., 2018). 392 

To conclude, our study provides novel insights into the domain-specificity of the construction of global 393 

confidence. By identifying which factors are shared or distinct across domains, our findings pave the 394 

way for formal modeling approaches to characterize the mechanistic interplay between components 395 

of confidence.  396 
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Materials and methods 397 

 398 

Ethics statement 399 

The research was approved by the INSERM Ethical Review Committee (approval number 400 

IRB00003888) and carried out following the principles and guidelines for experiments including 401 

human participants provided in the Declaration of Helsinki (1964, revised in 2013). 402 

 403 

Participants 404 

We recruited 53 participants (17 females, 36 males, aged 34.2±1.6 years old) via the Prolific platform 405 

(www.prolific.co). All included participants provided online informed consent prior to their inclusion 406 

and were invited to perform the experiment a second time three weeks later. A total of 46 participants 407 

(16f/30m, 34.8±1.7 years old) completed the experiment during the second (retest) session (Figure 408 

1). After exclusions (see below), the final samples were 52 participants for the test session and 44 409 

participants for the retest session. The study was advertised to last for an hour (per session) and paid 410 

£8. In the end, participants obtained an average of £9.62 an hour for the test session and £9.78 for 411 

the retest session (median completion time was 49 minutes for both sessions). 412 

 413 

Exclusion criteria 414 

Trial exclusion. We performed the trial exclusion analyses separately for each domain 415 

(memory/perception) and each session (test/retest). We excluded trials for which the response time 416 

(RT) was below/above the within-participant mean ± 2.5 std in either domain or either session (Berger 417 

& Kiefer, 2021; Van Selst & Jolicoeur, 1994), leading to an average exclusion of 2.7% of the trials (per 418 

participant: minimum 1, maximum 7). 419 

Participant exclusion. After performing trial exclusion, we excluded participants whose average RT 420 

was below/above the across-participant mean ± 2.5 std in either domain and either session, leading to 421 

an exclusion of 1 participant in the first session and 2 participants in the retest session. The 422 

participant excluded in the test session was also one of the excluded participants in the retest 423 

session. Therefore, a final sample of 44 participants of the retest session completed both domains 424 

and both sessions. 425 

 426 

Behavioral tasks  427 

We employed a design using novel measures of local and global metacognition in two domains 428 

(short-term memory and visual perception). To ensure participants remained motivated and engaged 429 

throughout our experiment, we extended the original setup of “Metacogmission”, a gamified web-430 

based environment, to deliver performance-controlled perception and memory tasks (McWilliams et 431 

al., 2023). We collected both trial-by-trial (“local”) confidence judgments and end-of-block category 432 

choices (“global confidence”) in two domains (https://fr.metacogmission.com). Metacogmission has a 433 

gamified storyline, placing participants on an alien planet where they can explore and complete 434 

metacognitive tasks. Short-term memory trials consist of a memorization set of several items 435 

presented for 2 seconds, followed by a two-alternative forced-choice (2-AFC) requiring participants to 436 
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select the familiar stimulus previously seen over a new unseen item presented beside it. Perceptual 437 

discrimination trials involved presentation of an array of multiple identical red and blue shapes for 3 438 

seconds, followed by a 2-AFC of whether there were more red or blue stimuli. For both memory and 439 

perception, retrospective (local) confidence judgments were elicited after each choice using a 440 

horizontal visual sliding scale, the ends of which were labelled “complete guess” and “absolutely 441 

certain” (Figure 1). The pointer was placed initially in the center and there were no visible divisions on 442 

the slider, generating confidence rating data on a near-continuous 201-point scale (coded in arbitrary 443 

units as 50 to 100). Trials were presented in blocks of 20, with each block having different thematic 444 

contents. Within each block, participants were presented with trials from two different item categories 445 

(e.g., fish and plant in the memory domain; coins and minerals in the perception domain). At the end 446 

of each block, participants were asked in which category they thought they did best (Figure 1), which 447 

has been proposed to reflect task (“global”) confidence (Lee et al., 2021; Rouault et al., 2019; Rouault 448 

& Fleming, 2020). Each block was preceded by additional optional practice trials. To aid engagement 449 

and motivation, at the end of each block participants received feedback on their average accuracy 450 

and confidence in that block. Participants were required to complete 6 blocks in each of the memory 451 

and perception domains to complete the task. If they submitted extra attempts at blocks, these trials 452 

were not analyzed. Importantly, in both domains, first-order task performance was controlled using a 453 

2-down-1-up staircase procedure, which in the limit ensures first-order task performance converges to 454 

~71% correct (García-Pérez, 1998; Levitt, 1971). The memorization set consisted initially of 3 stimuli, 455 

with the staircase increasing the set size by 1 (after 2 consecutive correct trials) or decreasing by 1 456 

(after 1 incorrect trial). The first perceptual discrimination trial showed a difference of 15 between the 457 

numbers of shapes of the 2 colors, with the staircase increasing (after 1 incorrect trial) or decreasing 458 

(after 2 consecutive correct trials) this difference by 1 to make the task easier or harder. The staircase 459 

ran throughout blocks without resetting at each new block, separately for each domain. We 460 

acknowledge that, under the null hypothesis of random responding, the staircase procedure would 461 

maintain an average accuracy around 70% correct. In contrast, confidence ratings, reported 462 

uniformly, would average around 75%, leading to a spurious overconfidence of 5%. However, uniform 463 

random responding is very unlikely given that most participants rated their confidence higher on 464 

correct than incorrect decisions (Figure S3A,B).  465 

 466 

Statistical analyses of behavior 467 

For both domains and in both sessions, we were interested in 4 local variables (trial-level difficulty, 468 

accuracy, RT, confidence) and 1 global variable reflecting participant’s self-performance estimates 469 

(block-level category choice). Within-domain correlations between these 4 local variables across 470 

participants are presented in Figure S5. Despite the staircase procedure, there were natural 471 

fluctuations in objective difficulty and accuracy across trials, hence across short blocks. These 472 

variations allowed us to examine whether participants considered variability in their own performance 473 

when they form global confidence estimates for each category. To investigate which factors contribute 474 

to the formation of self-performance estimates, we conducted a Generalized Linear Mixed Model 475 

(GLMM) on the category choice, with a Binomial distribution of the response variable 476 
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(chosen/unchosen category) and a Logit link function, with z-scored local difficulty, accuracy, RT and 477 

confidence as within-participant predictors (Table S1-S3): 478 

                                                                                      

Moreover, we conducted the same GLMM including all the main effects of independent variables and 479 

all their interactions (double, triple, quadruple; Table S2-S4): 480 

                                                                                      

Finally, to formally test for an effect of domain on the factors contributing to global confidence, we 481 

initially considered performing a GLMM where all predictors would be z-scored over the whole dataset 482 

for each participant, i.e., pooling domains. Since all predictors were z-scored separately within each 483 

domain, the interaction terms with domain capture between-domains differences in the within-domain 484 

slopes of these predictors. Therefore, we conducted a GLMM including domain as a predictor and 485 

domain-related interactions (double interactions only) with difficulty, accuracy, RT and confidence 486 

(Table S5): 487 

                                                                                     

An analogous analysis was conducted to test for an effect of session on the factors contributing to 488 

global confidence, with a GLMM including session as a predictor and session-related interactions 489 

(double interactions only) with difficulty, accuracy, RT and confidence (Table S6): 490 

                                                                                     

For all GLMMs, we report the estimates (beta), standard errors, t statistics, and p-values. In Figure 491 

2A-B-E-F, we report the significance for local metrics of one-sample t tests between chosen vs. 492 

unchosen category. 493 

At the local level, metacognition is traditionally studied using two measures. Metacognitive bias is the 494 

discrepancy between mean confidence and mean accuracy, with positive and negative values 495 

indicating overconfidence and underconfidence, respectively. Metacognitive sensitivity is the capacity 496 

for confidence to distinguish between correct and incorrect responses. Hence, both metacognitive 497 

measures rely on accuracy and confidence. 498 

First, we estimated metacognitive bias by subtracting accuracy from confidence ratings that had been 499 

rescaled to match the meaning of the confidence scale (from Guessing to Certain). Since participants 500 

received feedback on their accuracy and performance at the end of each block, we hypothesized that 501 

participants might re-calibrate their metacognitive bias from one block to the next. To quantify the 502 

effect of end-of-block feedback on metacognitive bias, we conducted a GLMM on block-averaged 503 

metacognitive bias with a Normal distribution of the response variable and an Identity link function, 504 

with z-scored previous block-averaged accuracy and previous block-averaged confidence as within-505 

participant predictors: 506 
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Second, to investigate participants’ metacognitive sensitivity, we estimated participant-specific type-2 507 

area under the receiver operating curve (AUROC2, Maniscalco & Lau, 2012). To calculate the 508 

AUROC2, confidence ratings were first derived from the near-continuous 201-point confidence scale 509 

were binned into 3 quantiles for low, medium and high confidence levels. Then, the conditional 510 

probabilities P(confidence = y | incorrect) and P(confidence = y | correct) are calculated for each 511 

confidence level. Cumulating these conditional probabilities and plotting them against each other 512 

produces the type 2 ROC function. A type 2 ROC that bows sharply upwards indicates that 513 

confidence has a high degree of sensitivity to correct/incorrect decisions (good metacognitive 514 

sensitivity) (Figure S3). The AUROC2 itself is a useful non-parametric measure of metacognitive 515 

sensitivity but is expected to be affected by participants’ performance. To minimize this potential 516 

confound, we explicitly modeled the connection between performance and metacognition by 517 

calculating the metacognitive efficiency meta-d’/d’, or “M-ratio”, which quantifies metacognitive 518 

sensitivity (meta-d’) relative to task performance (d’). To do so, we used the Hierarchical Bayesian 519 

modelling within the HMeta-d toolbox for inference on these parameters at the group level (Fleming, 520 

2017), allowing direct domain/session comparisons while avoiding reliance on noisy point estimates of 521 

single-participant parameters. Certainty on these parameters (the group-level M-ratio) was 522 

determined by computing the 95% highest-density interval (HDI) from the posterior samples. We 523 

report the posterior density and average of M-ratio, posterior density and 95% High Density Intervals 524 

(HDI) on M-ratio difference and correlation between domains. 525 

Finally, to assess the stability of local and/or global metrics over time, we conducted test-retest 526 

analyses across the two sessions using Intraclass Correlation Coefficients (ICC) estimates and their 527 

95% confident intervals, calculated based on a mean-rating (k = 120 trials maximum, after trial 528 

exclusion), absolute-agreement, 2-way mixed-effects model (Koo & Li, 2016; Figure 5; Figure S4). 529 

We report estimates, 95% confidence intervals, F statistics, and p-values. To compare between-530 

domains ICC and between-sessions ICC, we used a bootstrap approach with replacement to estimate 531 

confidence intervals. Bootstrapped ICC differences were estimated on 10,000 samples of 532 

metacognitive bias values in each condition. We report the 95% confidence interval of the difference 533 

in ICC. Finally, following the approach from Lund et al., 2025, we did not use single-measurement M-534 

ratios to assess the test-retest stability of the metacognitive efficiency, but instead the 95% HDI on the 535 

posterior distribution of the correlation coefficient of M-ratios between sessions. 536 

All statistical analyses were performed using MATLAB (www.mathworks.com). 537 

 538 

Data and code availability 539 

All data needed to evaluate the conclusions in the paper are present in the paper and/or the 540 

Supplementary Materials are available from the repository:  541 

https://github.com/sophiebavard/metaCog_domains_time. All custom scripts are available.  542 

http://www.mathworks.com/
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Supplementary Materials 715 

Supplementary Results: Bridging domain, global, and local confidence to assess a 716 

hierarchical architecture of metacognitive judgements  717 

To assess the stability of all our metrics over time, we conducted test-retest analyses across the two 718 

sessions using intraclass correlation coefficients (ICC, Table S7-S8; Koo & Li, 2016). We first looked 719 

at the test-retest reliability of the factors contributing to global self-performance estimates. To do this, 720 

we performed a generalized linear model (GLM), separately for each participant, predicting category 721 

choice as a function of local difficulty, accuracy, response time (RT), and confidence. We note that, 722 

since participants performed one category choice at the end of each of the six blocks, these GLMs 723 

are performed on a lower number of data points compared to group-level GLMMs. Despite this 724 

caveat, this approach yields one coefficient per predictor per participant per domain per session. We 725 

then estimated the test-retest reliability of these coefficients using ICC to examine whether the same 726 

factors contributed to self-performance estimates between test and retest sessions. Overall, we found 727 

low reliability across all measures (Figure S4A; Table S7), except for the contribution of local 728 

confidence to global confidence in the perceptual domain (                              ). As 729 

noted previously, a limiting factor in establishing the reliability of these estimates is statistical power 730 

with N=44 participants in the retest session, given that each session contained six blocks. 731 

We then turned to the test-retest reliability of local metrics (Figure S4B; Table S8). For metacognitive 732 

efficiency, we used the 95% HDI on the posterior distribution of the correlation coefficient between 733 

metacognitive efficiencies in the two sessions (see Methods; Fleming, 2017; Lund et al., 2025). First, 734 

these analyses revealed a very high test-retest reliability for local confidence (memory:     735 

                       ; perception:                            ) and metacognitive bias 736 

(memory:                            ; perception:                            ). In contrast, 737 

metacognitive efficiency showed no test-retest reliability (memory:                      ; 738 

perception:                     ). We found no evidence for better calibration in the retest 739 

session, where participants were just as overconfident as in their test session (                ). 740 

Consistent with our previous analyses, these results support the idea that the degree of 741 

overconfidence may be a stable, domain-general, individual trait. 742 

  743 
Supplementary Results: Age-related associations in local metrics 744 

Finally, even though the study was not designed or powered to examine age effects (N=52), based on 745 

the identified relationships between metacognition and age in previous work (N>300) (McWilliams et 746 

al., 2023), we investigated here the associations between age (age range: 20-73 years, mean ± SD: 747 

34.4±11.4) and difficulty, accuracy, RT and local confidence, as well as metacognitive bias and 748 

metacognitive efficiency (Figure S6) in each domain. We only found significant positive correlations 749 

between age and RT (memory: Spearman’s                   ; perception: Spearman’s 750 

                  ), in line with previous work (Ratcliff et al., 2001). No other measure correlated 751 

with age in our sample (all Spearman’s             , all        ). However, we note that our 752 
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study was not optimized for age-related analyses, which could explain why we do not observe the 753 

previously documented decrease in metacognitive bias (McWilliams et al., 2023) and in (perceptual) 754 

metacognitive efficiency (Palmer et al., 2014) with age, presumably due to lack of statistical power.  755 
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 756 

Figure S1. Within-participant correlations for local metrics in the test session. Distributions in the bottom-757 
left half represent bootstrapped Spearman’s correlation coefficients between each pair of local variables in 758 
memory (brown) and perception (green). The thin dashed line represents zero, the bold dashed line represents 759 
the average coefficient, and the horizontal white line represents 95% CI which all exclude zero, indicating 760 
significant group-level trends toward positive or negative correlations between our variables (see upper-right half 761 
for numerical values). N=52.  762 
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 763 

Figure S2. Between-domain comparison of metacognitive bias and metacognitive efficiency in the retest 764 
session. A. Average metacognitive bias across participants in memory (orange) and perception (blue) tasks. 765 
Points and grey lines indicate individual average, shaded areas indicate probability density function, 95% 766 
confidence interval, and SE. N=44. B. Scatterplot of metacognitive bias between domains indicating a significant 767 
positive correlation (p < 0.0001). Shaded area represents 95% confidence intervals and black line is a linear 768 
regression fit. N=44. C. Trajectories of metacognitive bias measured as the discrepancy between local 769 
confidence and accuracy throughout the six blocks in memory (orange) and perception (blue) domains. Shaded 770 
areas indicate SE over participants. N=44. D. Group-level metacognitive efficiency (M-ratio) distribution estimated 771 
hierarchically in the memory (orange) and perception (blue) domains (see Methods). E. Group-level difference (in 772 
log units) between the group posteriors. The white bar represents the 95% HDI which excludes zero (dotted line), 773 
indicating a significantly higher metacognitive efficiency in the memory than the perception domain. F. Group-774 
level correlation coefficient (dotted line) between metacognitive efficiencies in the two domains. The white bar 775 
represents the 95% HDI which includes zero, indicating no correlation between domains.  776 
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 777 

Figure S3. A, B. Local confidence as a function of correct vs. incorrect decisions, reflecting metacognitive 778 
abilities in the memory (t(51)=17, p<0.0001) (A) and perception (t(51)=13, p<0.0001) (B) domains respectively. 779 
Points and grey lines indicate individual averages, shaded areas indicate probability density function, 95% 780 
confidence interval, and SE. Stars indicate statistical significance of a paired t-test between correct and incorrect 781 
decisions. C. Between-domain comparison of metacognitive sensitivity calculated with AUROC2 (see Methods), 782 
indicating domain-specificity (between-domain t-test: t(51)=6.0, p<0.0001). D. Scatterplot of metacognitive 783 
sensitivity between domains indicating no significant correlation (ρ(50)=0.053, p=0.71). Shaded area represents 784 
95% confidence intervals and black line is a linear regression fit. In all panels, ns p>0.05, *** p<0.0001, N=52.  785 
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 786 
Figure S4. Intraclass correlation coefficients. A. Intraclass correlation coefficients for regression weights of 787 
factors contributing to self-performance estimates between test and retest sessions, in the memory (left, yellow) 788 
and perception (right, green) domains (see Methods). B. Intraclass correlation coefficients for local indices 789 
between test and retest sessions, in the memory (left, yellow) and perception (right, green) domains. Error bars 790 
are 95% CI.  791 
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 792 

Figure S5. Between-participant correlations for local metrics in the test session. Scatter plots in the 793 
bottom-left corner represent pairwise correlations between local variables in memory (top panel, yellow) and 794 
perception (bottom panel, green). Shaded areas represent 95% confidence intervals on the predicted values from 795 
a linear regression fit. The upper-right halves indicate Spearman’s coefficients and associated p-values. N=52.  796 
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 797 

Figure S6. Correlations between age and local measures of metacognition in memory (A) and perception 798 
(B). Each dot in a participant (N=52). Shaded areas represent 95% confidence intervals on the predicted values 799 
from a linear regression fit. *p<0.05, uncorrected for multiple testing. All others were not statistically significant.  800 
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Table S1. Results from main GLMM fitted on category choice in the test session. The generalized linear 803 
mixed model (GLMM) with a Binomial distribution of the response variable (chosen/unchosen category) and a 804 
Logit link function was fitted on end-of-block category choice, with z-scored local difficulty, accuracy, RT and 805 
confidence as independent variables. All VIFs<1.8 indicating no multicollinearity issues, ***p<0.001, **p<0.01, 806 
*p<0.05. 807 

 808 

 809 

Table S2. Results from main GLMM fitted on category choice in the retest session. The generalized linear 810 
mixed model (GLMM) with a Binomial distribution of the response variable (chosen/unchosen category) and a 811 
Logit link function was fitted on end-of-block category choice, with z-scored local difficulty, accuracy, RT and 812 
confidence as independent variables. All VIFs<1.7 indicating no multicollinearity issues, ***p<0.001, **p<0.01, 813 
*p<0.05. 814 

 815 
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 817 
Table S3. Results from complete GLMM fitted on category choice in the test session. The generalized 818 
linear mixed model (GLMM) with a Binomial distribution of the response variable (chosen/unchosen category) 819 
and a Logit link function was fitted on end-of-block category choice, with z-scored local difficulty, accuracy, RT, 820 
confidence, and their interactions as independent variables. All VIFs<2.5 indicating no multicollinearity issues, 821 
***p<0.001, **p<0.01, *p<0.05. 822 
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 824 

Table S4. Results from complete GLMM fitted on category choice in the retest session. The generalized 825 
linear mixed model (GLMM) with a Binomial distribution of the response variable (chosen/unchosen category) 826 
and a Logit link function was fitted on end-of-block category choice, with z-scored local difficulty, accuracy, RT, 827 
confidence, and their interactions as independent variables. All VIFs<2.1 indicating no multicollinearity issues, 828 
***p<0.001, **p<0.01, *p<0.05. 829 

 830 

 831 
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 832 

Table S5. Results from GLMM with domain-interactions fitted on category choice. The generalized linear 833 
mixed model (GLMM) with a Binomial distribution of the response variable (chosen/unchosen category, both 834 
sessions pooled, N=88) and a Logit link function was fitted on end-of-block category choice, with z-scored local 835 
difficulty, accuracy, RT, confidence, and their interactions with domain (memory vs. perception) as independent 836 
variables. All VIFs<1.5 indicating no multicollinearity issues, ***p<0.001, **p<0.01, *p<0.05, °p<0.1. 837 

 838 

 839 

Table S6. Results from GLMM with session-interactions fitted on category choice. The generalized linear 840 
mixed model (GLMM) with a Binomial distribution of the response variable (chosen/unchosen category, both 841 
domains pooled, N=88) and a Logit link function was fitted on end-of-block category choice, with z-scored local 842 
difficulty, accuracy, RT, confidence, and their interactions with session (test vs. retest) as independent variables. 843 
All VIFs<1.5 indicating no multicollinearity issues, ***p<0.001, **p<0.01, *p<0.05, °p<0.1. 844 
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 846 

 847 
Table S7. ICC estimates for regression weights of factors contributing to self-performance estimates 848 
between test and retest sessions. Interclass Correlation Coefficients (ICC) and their 95% confident intervals 849 
were calculated based on a single measurement, absolute-agreement, 2-way mixed-effects model. *p<0.05. 850 

 851 

 852 
Table S8. ICC estimates for local metrics. Interclass Correlation Coefficients (ICC) and their 95% confident 853 
intervals were calculated based on a mean-rating (k=120 trials max.), absolute-agreement, 2-way mixed-effects 854 
model. ***p<0.001, **p<0.01, *p<0.05. 855 

 856 


