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Accurate but Not Confident or Confident but Not Accurate? Cognitive Offloading 

Impairs Confidence Calibration in Human-AI Teams 

Charlotte Cheatle (c.cheatle@surrey.ac.uk)1 & Adrian P. Banks (a.banks@surrey.ac.uk)1 

1School of Psychology, University of Surrey 

 

 

Abstract 

Appropriate AI reliance requires users to accurately evaluate 
their own performance in order to discern whether to retain or 
defer responsibility. While underconfidence is a known driver 
of automation bias, little is known about how collaboration 
with AI itself influences users’ metacognition. We investigated 
how cognitive offloading different stages of the decision-
making process affects confidence calibration. Participants 
completed diagnostic decision-making tasks with varying 
levels of memory and judgement support. Overall, cognitive 
offloading impaired confidence calibration, with unaided 
decision makers showing the greatest alignment between 
confidence and accuracy. Importantly, offloading different 
cognitive processes produced distinct metacognitive biases: 
judgement offloading led to overconfidence, whereas 
combined offloading of memory and judgement processes led 
to underconfidence. These findings demonstrate that AI 
support can disrupt user confidence calibration in systematic 
ways, depending on the type and extent of cognitive delegation. 
The results highlight metacognitive miscalibration as a critical 
and underexplored consequence of human-AI collaboration. 
 

Keywords: cognitive offloading; artificial intelligence; 
confidence calibration; AI augmented decision making; 
metacognition 

Introduction 

The rapid integration of artificial intelligence (AI) into 

everyday life is reshaping how people approach cognitive 

tasks. Promising greater efficiency and productivity, AI 

systems increasingly support with information retrieval, 

problem solving, and decision making. Nevertheless, 

inappropriate reliance remains a barrier to synergistic team 

performance, with human-AI teams often failing to 

outperform the best of either agent alone (Vaccaro et al., 

2024). Appropriate reliance requires an accurate mental 

model of the distributed cognitive system (Bansal et al., 2019; 

Srivastava et al., 2025). That is, an individual must have an 

awareness of their own and the AI’s capabilities and 

constraints to discern whether to retain or defer 

responsibility. Accordingly, much empirical research has 

been dedicated to understanding and improving user 

awareness of AI behaviour, for example, through 

explanations (Vasconcelos et al., 2023) or AI confidence 

levels (Ishizu et al., 2024; D. Lee et al., 2025). However, 

these interventions have yielded limited benefits (Li et al., 

2025; Schemmer et al., 2022). Less attention has been paid to 

the humans’ ability to monitor and evaluate their own 

capabilities in augmented decision making, known as 

metacognition. Metacognitive evaluations play a crucial role 

in cognitive offloading strategies, with underconfidence 

driving overreliance on AI systems (Ma et al., 2024). 

Critically however, how offloading and reliance on cognitive 

aids in turn shape metacognition is not well understood, 

despite the profound implications this has for fostering 

appropriate reliance and optimising human-AI collaboration. 

Therefore, the present study addresses this gap by 

investigating the effect of offloading on metacognition. We 

focus on confidence calibration, the degree of alignment 

between subjective confidence and objective accuracy, in an 

AI-assisted decision-making task. 

Cognitive Offloading 

Cognitive offloading refers to the process of shifting 

cognitive demands onto external tools (Risko & Gilbert, 

2016). This phenomenon, traditionally examined in the 

context of working memory, reduces cognitive load and 

allows resources to be redistributed to other cognitive tasks. 

Thus, externalising memory enhances both immediate recall 

(Burnett & Richmond, 2025) and secondary task 

performance (Grinschgl et al., 2023; Storm & Stone, 2015). 

The advent of generative AI extends offloading from simple 

information storage to the dynamic delegation of cognitive 

tasks. AI systems can now support with judgement and 

reasoning, reducing mental load and improving decision 

accuracy (Buettner, 2013; Schemmer et al., 2022). Benefits 

which are amplified under higher task difficulty (Peper et al., 

2023; Vasconcelos et al., 2023). Previous research, however, 

has examined offloading memory or judgement in isolation. 

Based on a normative model of optimal multi-attribute 

choice, decision making involves sequential stages: 

identifying, recalling, weighting, integrating, and comparing 

cues (Payne et al., 1993). Both memory and judgement 

therefore represent core cognitive components: accurate 

recall of cues and the effective weighting of their importance 

jointly determine decision quality. Thus, the significance of 

offloading in decision-making contexts is twofold: external 

aids can support with memory and/or judgement. 

Accordingly, we investigate increasing levels of cognitive 

delegation, comparing memory offloading, judgement 

offloading, and combined memory and judgement 

offloading, in a decision-making task, to identify their 

distinct contributions. This study provides the first empirical 

test of how distributing different cognitive processes between 

humans and AI influences confidence calibration. 
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Metacognition  

Metacognition, often termed ‘thinking about thinking’, refers 

to how individuals evaluate their own cognition. This 

comprises general, long-term assumptions about one’s 

cognitive abilities (metacognitive beliefs) and concurrent, 

task-specific evaluations of cognitive performance 

(metacognitive experiences) (Flavell, 1979). In offloading 

research, metacognitive beliefs have primarily been 

considered a determinant of reliance on external aids (Gilbert 

et al., 2020; Küper et al., 2025; Ma et al., 2024). Indeed, self-

confidence is a greater predictor of AI reliance than 

confidence in the AI model itself (Chong et al., 2022). 

However, Fügener and colleagues (2022) maintain that 

humans lack sufficient metaknowledge needed to accurately 

assess their own abilities when deciding whether to delegate 

tasks to AI, with overconfidence a well-established bias in 

decision making (Soll & Klayman, 2004; Tidwell et al., 

2016). Thus, erroneous metacognitive beliefs often lead to 

inappropriate reliance strategies (Chong et al., 2022; He et 

al., 2023). Therefore, accurate confidence calibration is a 

necessary prerequisite to achieving appropriate reliance. 

What remains unclear is the inverse relationship: how 

external support reciprocally influences metacognition. 

There is evidence that the use of external aids, like the 

internet, distort general metacognitive beliefs about one’s 

cognitive abilities. Individuals encode less information when 

they expect it to be easily retrievable (Sparrow et al., 2011), 

yet view this searchable information as their own knowledge 

(Fisher et al., 2015) and consequently overestimate their 

future unaided abilities (Ward, 2021). This effect, termed the 

illusion of knowledge, has also been observed when humans 

partner with AI systems, with individuals overestimating 

their abilities even when the AI is harmful to performance 

(Fisher & Oppenheimer, 2021). The authors attribute this 

poor calibration to the ambiguity around who deserves credit 

for success or blame for failure when an individual receives 

external assistance. With accountability a significant ethical 

concern for human-AI teaming, understanding how users 

perceive responsibility and assess team performance is of 

critical importance.  

Despite this, very little is known about the influence of 

cognitive support on metacognitive experiences, that is, task-

specific evaluations present while performing the task. 

Taudien and colleagues (2022, p. 251) claim that AI 

recommendations provide “false comfort”, finding elevated 

confidence for both correct and incorrect AI-supported 

judgements. Nevertheless, it is unclear from their analyses 

whether these increases in confidence are justified due to 

coinciding increases in accuracy provided by AI. This lack of 

evidence surrounding the influence of offloading on 

confidence calibration presents a critical gap in our 

understanding of human-AI teaming and informs the basis of 

the present experiment. Here, we offer two competing 

hypotheses for the potential effects of cognitive offloading on 

confidence calibration. The purpose of the present study is to 

test these opposing predictions.  

On the one hand, evidence for offloading’s role in inflating 

metacognitive beliefs would lead to us to believe that 

offloading would similarly inflate metacognitive 

experiences. Likewise, literature on group decision making 

argues that individuals exhibit poorer confidence calibration 

when working in teams due to inflated confidence in incorrect 

decisions, termed the two heads are worse than one effect 

(Puncochar & Fox, 2004). M. D. Lee and Dry (2006) also 

found that receiving advice elevates confidence, but the 

degree of this inflation depends on both the accuracy and the 

frequency of the advice. Interestingly, overconfidence peaks 

when advice is only moderately accurate but reasonably 

frequent, rather than extremely accurate but less frequent. 

Based on these findings, we could predict that participants 

offloading to AI would exhibit overconfidence. 

An alternative perspective, grounded in research on 

automation bias, would suggest that individuals may over-

rely on AI recommendations and under-rely on their own 

judgement. Rather than engaging analytically, users often 

uncritically accept AI outputs, displaying passive cognitive 

engagement and minimal involvement in the decision process 

(Buçinca et al., 2021; Gajos & Mamykina, 2022). This 

tendency reflects a broader pattern of cognitive 

disengagement observed when external systems augment 

cognition: access to external information storage diminishes 

motivation to engage with new information (Kleinberg & 

Lau, 2021), encode information (Sparrow et al., 2011) and 

engage in deep thinking processes (Gerlich, 2025). 

Preliminary evidence also suggests that collaboration with AI 

reduces task engagement at a neural level, as well as 

perceived ownership over the final outcome (Kosmyna et al., 

2025). On this basis, in delegating significant components of 

the decision-making process, individuals may lose insight 

into the underlying reasoning, and consequently, lose 

confidence that the decision is correct. Thus, while they may 

readily endorse AI’s judgements, without this self-generated 

reasoning they may not be able to substantiate them when 

asked to evaluate the judgement’s accuracy. Supporting this 

view, Fisher and Oppenheimer (2021) found that individuals 

only conflate team success with their own when they have 

actively contributed to the task. Therefore, while AI advice 

may improve objective accuracy, this may not bring with it 

increased confidence, translating into poor confidence 

calibration in the form of underconfidence. 

The Present Study 

Together, these competing perspectives capture a critical 

question in human-AI teaming about the effects that 

augmentation is having on the way we make decisions and 

evaluate those decisions. The present study directly evaluates 

these opposing hypotheses to determine whether cognitive 

offloading of memory and judgement processes produces 

overconfidence or underconfidence - a question with 

significant implications for how humans calibrate reliance on 

AI systems in future decision-making contexts. To test these 

predictions, we conducted a study using a diagnostic 

decision-making paradigm. Participants were randomly 
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assigned to one of four conditions manipulating offloading 

(memory; judgement; combined memory and judgement; no 

offloading/control). They each completed tasks at varying 

levels of difficulty (high; low) and rated their confidence in 

their final decision. Confidence calibration, calculated as the 

difference between subjective confidence and objective 

accuracy, was then compared between groups. 

Method 

Participants and Design 

We recruited 153 participants through Prolific, compensating 

participants £2.50 for their time. Data from 47 participants 

were removed due to pre-defined exclusion criteria: failing at 

least one attention check, ReCAPTCHA score < 0.3, or 

completion time exceeding 2SD above the mean. The final 

sample comprised 106 participants (67% female; Mage = 39.1, 

SDage = 13.7). An a priori power analysis conducted using 

G*Power (Faul et al., 2007) suggested a minimum sample 

size of N = 92 to detect a small-to-medium effect size 

(Cohen’s f=.18) in a mixed factorial ANOVA (α = .05 and 

power = .80). The obtained sample size was therefore deemed 

acceptable to test study hypotheses. In a 4 (cognitive 

offloading; between subjects) × 2 (task difficulty; within 

subjects) mixed design, we investigated differences in 

decision accuracy, confidence, and confidence calibration. 

Dependent Variables 

Confidence calibration was calculated using two metrics. 

First, we computed an absolute confidence calibration 

statistic, cc*, denoting deviation from perfect calibration 

(Weber & Brewer, 2004). It is calculated as the weighted 

mean of the squared difference between confidence, c, and 

accuracy, p, for each confidence level, k, summed across all 

trials, n. The statistic ranges from 0 (perfect calibration) to 1 

(worst possible calibration). 
 

𝑐𝑐∗ = ∑ (
𝑛𝑘

𝑁
)

𝐾

𝑘=1

(𝑐𝑘 − 𝑝𝑘)2 

Second, we computed an over/underconfidence (O/U) 

calibration index, taking the mean difference between 

subjective confidence, c, and objective accuracy, p, averaged 

across trials after confidence was rescaled to reflect a 0-1 

scale. This O/U statistic  indexes the extent to which 

participants respond with more or less confidence than the 

accuracy of their decision warrants (Weber & Brewer, 2004). 

Scores of zero indicate perfect calibration, with positive and 

negative values reflecting overconfidence and 

underconfidence, respectively. 
 

𝑜/𝑢̅̅ ̅̅ ̅  = (
𝑐̅ − 1

6
) − 𝑝̅ 

 
1 Patient details, medical history, symptoms, physical 

examination, vitals, lab results. 

Stimuli 

Sixteen (8 easy, 8 hard) medical diagnostic vignettes were 

developed for the purpose of this study. Each vignette 

presented information across six medical categories1 and 

included two to four salient decision cues indicative of the 

correct medical condition. Difficulty was manipulated by 

increasing memory load, with hard vignettes containing ten 

numerical lab results compared to five in the easy vignettes, 

and by increasing judgement demands, with hard vignettes 

including red herrings to suggest multiple plausible medical 

diagnoses, unlike easy tasks. Pilot testing confirmed the 

effectiveness of the difficulty manipulation (N = 22). 

Procedure and Materials 

The experiment was conducted via Qualtrics. Participants 

were instructed about the task, provided consent, and were 

randomly assigned to one of four offloading conditions. An 

example vignette was shown to familiarise participants with 

the task, before they completed eight experimental trials (4 

easy, 4 hard) presented in random order. Each of the six 

sections of the vignettes were displayed on a separate page 

and participants could not return to previous pages, creating 

a deliberate memory burden. The subsequent procedure 

varied based on the offloading condition. 

In the no offloading condition (n = 28), participants read 

all the information and made a diagnosis without any support. 

In the memory-only offloading condition (n = 28), 

participants selected key pieces of information they deemed 

relevant while reading, which were presented again at the 

point of diagnosis to aid memory. In the judgement-only 

offloading condition (n = 23), participants read the vignettes, 

made an initial diagnosis, and recalled from memory key 

information. This was submitted to GPT-4o (temperature 

0.2), which returned a percentage likelihood for the 

participant’s diagnosis, along with two alternative diagnoses 

and their respective likelihoods. Participants then submitted 

a final diagnosis. Finally, in the combined memory and 

judgement offloading condition (n = 27), participants 

selected relevant information while reading, which was then 

passed to GPT-4o alongside their initial diagnosis. Again, 

GPT-4o then returned likelihood estimates for the initial and 

two alternative diagnoses, before participants submitted a 

final decision. If the participant’s initial diagnosis was not a 

valid medical condition (e.g., “I don’t know”) the model 

returned a third alternative diagnosis, so that participants 

always saw three recommendations ranked by likelihood.  

Final diagnoses were selected from 10 multiple-choice 

options, specific to that vignette. Participants rated their 

confidence in their decision on a 7-point scale (1=not at all 

confident, 7=extremely confident) and rated the difficulty of 

the task (0=extremely easy, 100=extremely difficult). 

Finally, participants provided demographics (age, gender) 

and were debriefed.  
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Results 

The manipulation of task difficulty was successful. The 

perceived difficulty of the tasks was higher in the hard 

condition (M = 63.3, SD = 19.8) than the easy condition (M 

= 42.6, SD = 22.9), t(105) = 10.57, p < .001, d = 1.03. 

Performance and confidence were then compared between 

offloading groups using 2 × 4 mixed-model ANOVAs. 

Decision accuracy was significantly higher for easy tasks 

compared to hard tasks (F(1, 102) = 250.49, p < .001, ηp2 = 

.711), but comparable between offloading conditions (F(3, 

102) = 2.22, p = .09, ηp2 = .061). However, a significant 

interaction effect revealed that offloading improved 

performance under high task difficulty (F(3, 102) = 3.86, p = 

.012, ηp2 = .102). Specifically, those in the combined 

memory and judgement offloading condition (M = .56, SD = 

.26) outperformed unaided decision makers (M = .32, SD = 

.21) on hard tasks (p = .009; Bonferroni corrected).  

Analyses of confidence revealed a significant main effect 

of difficulty (F(1, 102) = 156.67, p < .001, ηp2 = .606) and 

of offloading condition (F(3, 102) = 3.44, p = .020, ηp2 = 

.092). Post hoc tests revealed this was driven by a greater 

confidence in the judgement offloading condition relative to 

the memory offloading condition (p = .019). A significant 

interaction effect was also observed (F(3, 102) = 3.01, p = 

.034, ηp2 = .081). Under low task difficulty, confidence 

levels of those in the judgement offloading condition (M = 

5.4, SD = 1.1) exceeded the memory offloading condition (M 

= 4.5, SD = 1.3) (p = .044). Under high task difficulty, 

confidence was significantly higher for judgement offloading 

(M = 4.4, SD = 1.1) compared to unaided decision makers (M 

= 3.3, SD = 1.1) (p = .018), and this difference approached 

significance compared to those who offloaded memory (M = 

4.5, SD = 1.3) (p = .051) (Figure 1). 

Analyses of confidence calibration revealed that the 

unaided group were the most accurately calibrated for both 

the O/U calibration index (M = -.05, SD = .19) and the 

absolute calibration statistic (M = .19, SD = .13) (F(3, 102) = 

3.02, p = .033, ηp2 = .082). This control group also showed 

the only significant correlation between accuracy and  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Confidence calibration across offloading 

conditions. Error bars represent standard error. 

 

confidence for easy tasks, r(26) = .40, p = .037. No such 

relationship was observed for any of the offloading 

conditions, suggesting miscalibration.  

Interestingly, the direction of O/U miscalibration differed 

between offloading conditions. Participants in the judgement 

offloading condition exhibited overconfidence (M = .06, SD 

= .24), whereas all other groups reported underconfidence, 

with the combined offloading group showing the greatest 

underconfidence (M = -.12, SD = .25) (see Figure 2). 

Furthermore, participants tended to be overconfident for hard 

tasks (M = .05, SD = .35) and underconfident for easy tasks 

(M = -.16, SD = .25), reflecting the well-established hard-

easy effect (Gigerenzer et al., 1991). 

We hypothesised that the underconfidence observed in the 

combined offloading condition, but not seen in the judgement 

offloading group, may reflect reduced cognitive engagement 

arising from overreliance on AI support. Participants who 

offloaded both memory and judgement may have delegated 

so much of the task that, despite achieving higher final 

accuracy through AI feedback, they engaged in less self-

generated reasoning. As a result, their improved performance 
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Figure 1: Accuracy (A) and confidence (B) across offloading conditions and difficulty. Error bars represent standard error. 
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was not accompanied by a corresponding increase in 

certainty, leading to underconfidence. 

To test this assumption, we examined whether participants’ 

initial (pre-AI feedback) accuracy differed between the AI-

assisted conditions, as a more accurate unaided judgement 

would be consistent with a greater engagement in the task. 

Indeed, we found that initial accuracy was higher in the 

judgement offloading condition (M = .52, SD = .20) than in 

the combined offloading condition (M = .44, SD = .24), 

consistent with our prediction and suggesting that over-

delegation may have both performance and metacognitive 

consequences. Whilst this difference did not reach 

significance (t(48) = 1.26, p = .22, d = .36), a post-hoc power 

analysis indicated our data lacked adequate power to detect a 

significant effect for this exploratory test (1 – β = .23). 

Finally, AI reliance was assessed by comparing 

participants’ initial diagnoses, the AI recommendations, and 

final decisions. Overall, final decisions matched the AI 

recommendation in 90.4% of cases. However, this often 

reflected agreement between participants and the AI prior to 

feedback. Across all trials, 47.3% involved alignment 

between the initial diagnosis, AI recommendation, and final 

decision that resulted in a correct outcome, while 28.6% 

involved aligned but incorrect outcomes. Such convergence 

occurred more frequently in the judgement offloading 

condition (89.0%) than in the combined offloading condition 

(63.7%).  

Focusing on cases where the participant’s initial judgement 

differed from the AI recommendation (n = 90) we then 

analysed reliance strategies. Figure 3 outlines the coding 

system for each AI reliance strategy (based on the 

‘Appropriateness of Reliance’ measurement concept 

proposed by Schemmer et al. (2023)).  

 

 

Figure 3: AI reliance coding system 

 

Correct AI reliance was the most common strategy 

(60.0%), where participants correctly changed their decision 

to follow the AI’s recommendation. This was followed by 

incorrect self-reliance (24.4%), where participants ignored 

AI’s correct recommendation, instead submitting their own 

incorrect decision. 11.1% of participants began with an 

incorrect diagnosis, received an incorrect AI 

recommendation, yet still arrived at the correct final 

judgement (“no reliance, correct”). These cases often 

involved selecting the AI’s second recommendation after it 

repeated the participant’s incorrect initial diagnosis as the 

first. A small number of participants (3.3%) were initially 

correct, received the correct AI recommendation, but still 

submitted an incorrect final answer (“no reliance, incorrect”). 

Finally, there was only one case (1.1%) of correct self-

reliance, and no instances of incorrect AI-reliance.  

After excluding matched cases, the combined offloading 

condition showed more AI reliance (68.6%) than the 

judgement-only condition (30.0%), but AI reliance was 

comparable between easy (59.4%) and hard tasks (60.3%). 

Discussion 

Our results offer the first evidence that AI decision support 

impairs confidence calibration. Specifically, participants in 

the no offloading condition showed the only alignment 

between confidence and accuracy, while all offloading 

groups demonstrated miscalibration. Interestingly, the 

direction of miscalibration differed by AI condition: 

offloading of the evaluative process (judgement-only) 

produced overconfidence, whereas combined offloading of 

both cue storage and evaluation (memory and judgement) 

produced underconfidence. In terms of performance, 

combined offloading yielded the greatest accuracy gains 

under high task difficulty, reflecting the benefit of AI 

augmentation for complex decision making. Yet, these 

improvements did not translate into greater decision 

confidence. This dissociation between objective accuracy 

and subjective certainty underscores a critical metacognitive 

cost of AI support. Together, these findings reveal that 

offloading affects not only how people decide, but also how 

well they evaluate their decision making - a dynamic that 

carries significant implications for augmented human 

cognition. 

One explanation for the underconfidence observed in the 

combined offloading condition lies in cognitive engagement. 

As presented earlier, extensive offloading may lead 

individuals to disengage in the decision-making process, 

attenuating their sense of ownership and understanding of the 

reasoning behind the decision. When both memory and 

judgement were delegated, participants likely relied heavily 

on the AI to retrieve, evaluate, and integrate diagnostic cues. 

Indeed, participants in this condition showed far more AI 

reliance (68.6%) than their peers in the judgement-only 

condition (30.0%). Anticipating AI support throughout the 

process may have reduced their attention to relevant 

information and subsequent internal evaluative processes 

(Kleinberg & Lau, 2021; Sparrow et al., 2011). 

Consequently, while participants in the combined offloading 

condition achieved higher accuracy through this higher rate 

of delegation, they may have lacked a sense of why their 

decision was correct. This absence of self-generated 

reasoning may have undermined their ability to verify the 

accuracy of the decision, and so, relative to their improved 

performance, they appear underconfident. Furthermore, 

1170



participants in this condition offloaded a larger proportion of 

the diagnostic cues to the model. While this maximised the 

AI accuracy, it may also have made it harder for users to 

reconstruct the model’s reasoning. With limited transparency 

into how the AI reached its conclusions, participants may 

have accepted the output passively without genuine 

understanding, reinforcing uncertainty. This mechanism 

parallels research showing that automation bias can foster 

complacency, whereby users trust AI outputs without 

maintaining sufficient cognitive engagement (Gajos & 

Mamykina, 2022).  

By contrast, participants in the judgement-only condition, 

who stored information internally and relied solely on the AI 

for weighting and integrating diagnostic cues which they 

themselves selected, were forced to engage more actively in 

the decision process. They had to encode and prioritise cues, 

hold them in working memory, and synthesise them into an 

initial hypothesis before seeking AI feedback. Given that the 

more effort required to process and react to an advisor’s 

recommendations, the more overconfidence increases 

(Bonaccio & Dalal, 2006), this effortful engagement may 

explain why confidence is higher in the judgement-only 

group, and by contrast, why less effort results in lower 

confidence in the combined group. This effortful processing 

and cognitive engagement may explain why participants 

achieved greater independent accuracy for their initial 

decision when offloading the judgement process alone. 

However, as this analysis was exploratory and 

underpowered, the results should be interpreted as 

preliminary evidence rather than a definitive test of the 

disengagement account. Nevertheless, it raises a compelling 

direction for future research. 

A second mechanism that may account for the contrasting 

patterns of over- and underconfidence concerns differences 

in how participants provided information to the AI. Because 

participants produced the AI’s input themselves, the cues 

they selected shaped the quality and direction of the model’s 

recommendations. For the judgement-only group, 

constrained by working memory limitations, participants 

would have retained only a small subset of cues - likely those 

consistent with their emerging hypothesis. Under this high 

cognitive load and subsequent selective cue sampling, 

participants could have biased the AI’s recommendations 

toward confirming their initial judgement. Indeed, the AI 

agreed with the judgement-only group’s initial diagnosis 

90% of the time, suggesting that participants were 

inadvertently steering the model toward their own 

hypothesis. The resulting agreement between the AI and user 

likely reinforced participants’ sense of certainty, amplifying 

confidence without improving accuracy, thus, resulting in 

overconfidence. In contrast, participants in the combined 

offloading condition were not constrained by working 

memory. They could supply the AI with more 

comprehensive, balanced cue sets, resulting in higher overall 

AI accuracy. However, this also meant the AI disagreed with 

participants’ initial judgements more often. Such 

contradictions, while improving team performance, may have 

undermined participants’ confidence in their decision-

making abilities. This account is consistent with human-

human advice-taking research showing that advisor 

agreement inflates confidence even when advice is incorrect, 

and similarly, that advisor disagreement reduces confidence 

even when the advice is correct (Budescu et al., 2003; Soll et 

al., 2022). Thus, our findings suggest that it may be AI 

agreement, rather than actual team performance, that drives 

metacognitive evaluations. 

Taken together, our findings suggest two potential routes 

by which offloading distorts metacognitive calibration. First, 

combined offloading may produce underconfidence through 

cognitive disengagement. By delegating both storage and 

reasoning to AI, users are relatively uninvolved in the 

decision process, losing insight into how conclusions are 

reached, enhancing accuracy without increasing confidence 

accordingly. Second, judgement-only offloading may have 

fostered overconfidence by reinforcing participants’ beliefs. 

Under higher cognitive load, users may have fed selective, 

confirmatory cues to the AI, and received validating 

feedback, which in turn inflated confidence without 

equivalent gains in accuracy. Both patterns reflect poor 

metacognitive calibration - one group accurate but not 

confident, the other confident but not accurate. These results 

underscore the complexity of human-AI collaboration, with 

performance gains potentially coming at the cost of distorted 

metacognition. 

Limitations 

While the present study provides novel insights, there are 

limitations to consider. Although we propose cognitive 

disengagement and confirmation bias as explanatory 

mechanisms, these are speculatory rather than directly 

observed. Future work should look to empirically verify these 

accounts, employing process-tracing methods such as eye-

tracking or concurrent verbal protocols to objectively assess 

cue selection strategies and cognitive engagement throughout 

the task. 

Conclusions  

This study provides the first empirical evidence that cognitive 

offloading decision-making processes to AI disrupts 

metacognitive calibration, with the direction of distortion 

depending on the type and extent of cognitive delegation. 

Offloading judgement alone inflated confidence, while 

combined offloading of memory and judgement diminished 

it. Both patterns reveal that AI support, while enhancing 

performance, can impair users’ ability to accurately assess 

their own competence. We propose two mechanisms - biased 

cue input through cognitive overload, and disengagement 

through automation bias - which may underlie these effects, 

warranting further investigation and verification. Findings 

carry important implications for designing human-AI 

systems. Interventions to foster appropriate reliance must 

account for the dynamics of the distributed cognitive system, 

targeting overconfidence under certain conditions and 

underconfidence for others. 
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