Explaining Too Much? How Large Language Model Reasoning
Traces Shape Metacognition in Human—-Al Interaction

Daniela Fernandes
daniela.dasilvafernandes@aalto.fi
Aalto University
Espoo, Finland

Daniel Buschek
daniel.buschek@uni-bayreuth.de
University of Bayreuth
Bayreuth, Germany

Abstract

Large Language Model (LLM) interfaces are becoming more ver-
bose, increasingly exposing reasoning traces rather than only fi-
nal answers. While traces are often framed as a mechanism for
transparency and user sensemaking, it remains unclear whether
they reliably support users’ decision-making and task performance.
Prior work on explanation interfaces points to additional risks.
High-verbosity outputs may induce a sense of understanding, in-
crease overreliance and shift how people monitor and evaluate their
own decisions. Thus, a key open question is how reasoning traces
shape metacognition in Human-AI Interaction (HAI) and calibrate
reliance on AL

We introduce a preregistered between-subjects study (N = 569)
in which participants solve 10 LSAT-style reasoning problems with
Al assistance and are exposed to different shapes of reasoning
traces under one of three conditions: Answer-only (C1), Full reason-
ing traces (C2), or a Summary of reasoning traces (C3). We discuss
how contrasting these designs might uncover differences in reason-
ing traces that shape HAI, and provide preliminary evidence of the
benefits and drawbacks of each format. We argue that reasoning
traces should be evaluated as tools for thought and discuss poten-
tial design implications and guidelines for interfaces that support
metacognition.
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+ Human-centered computing — Human computer interac-
tion (HCI).
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1 Introduction

Large Language Models are becoming increasingly verbose, with
users now being exposed not only to final outputs but also to in-
termediate “reasoning traces” (chain-of-thought-style outputs) [3].
Showing reasoning traces carries the promise of transparency. They
are meant to help users make sense of an Al answer and to scaf-
fold complex workflows [20]. Yet prior research in XAI and HCI
reports mixed findings. High verbosity can induce an illusion of
understanding (e.g., illusions of knowledge [12]), and fluent jus-
tifications may push users toward overreliance on Al even when
the underlying conclusion is wrong. Moreover, a model’s chain
of thought is not always faithful to its intermediate steps and can
occasionally function as a polished, but misleading, justification
[27]. Recent interpretability work further explores this: internal
model computations and chain-of-thought outputs can diverge, and
what the model outputs as a “reasoning trace” may not faithfully
represent how it actually arrived at its answer [3, 21].

At the same time, while AT has the potential to increase task per-
formance [2, 25, 32], users often believe they perform better when
assisted by Al [11, 18, 29] and struggle to align confidence with
correctness. This highlights the core challenge of understanding
not only how people can make better decisions with Al but how
Al interfaces shape metacognition, that is, users’ ability to moni-
tor and evaluate their own decisions and regulate reliance during
interaction with Al

In this paper, we attempt to clarify how reasoning traces affect
metacognition in human-Al reasoning contexts (in the context of
our study, we consider reasoning traces as XAI for LLMs). More
specifically, we ask (1) what the benefits and drawbacks of differ-
ent reasoning-trace formats are, (2) how these formats affect task
performance, (3) how they shape metacognition, and (4) whether
they can support calibrated reliance on Al To address this gap, we
present preliminary findings from a between-subjects experiment
on the Law School Admission Test (LSAT)-style reasoning tasks,
comparing three interface designs that vary the form of reasoning
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traces (Answer-only (C1), Full reasoning traces (C2), or a Summary
of reasoning traces (C3)). We report early empirical insights on
metacognitive accuracy alongside performance. We aim to con-
tribute to research by systematically comparing reasoning-trace
formats in a controlled study of Human-AI interaction. Our con-
tributions are threefold: (1) we provide a systematic comparison
of reasoning-trace formats in a controlled study of HAI (2) we
report preliminary empirical insights on metacognitive accuracy,
sensitivity, and trust calibration alongside performance; and (3) we
discuss potential actionable design principles (Tools for Thought
strategies) for calibration-aware interfaces to LLM reasoning traces.

2 A Metacognitive Lens for Generative Al

In the following section, we use metacognition as a lens for hu-
man cognition and HAI. We summarize how self-monitoring and
evaluation support problem-solving, how Al interaction potentially
reshapes these processes (i.e., what are the opportunities and risks
for performance and user judgment), and how XAI that aims to
increase transparency may also introduce new challenges for cali-
bration and usability.

2.1 Metacognition in Human-AI Interaction

Augmenting human intellect has long been a core theme in HCI, as
highlighted by Engelbart [10]. Research has emphasized the poten-
tial of AI for improving human performance [2, 25, 32]. However,
performance gains come with hidden risks related to how users
perceive and rely on these systems. More specifically, a core is-
sue concerns how users interact with Al and its impact on human
metacognition. Metacognition refers to the processes by which
people monitor, plan, and evaluate their own thinking [13]. These
processes are central to complex problem-solving, learning, and
optimizing behavior.

Recent discussions raise concerns about biases, skill loss [4],
and deskilling, especially when generative Al improves short-term
performance but undermines learning and long-term ability [24].
In addition, research shows substantial individual differences in
metacognitive ability: while some individuals monitor and adjust
their performance effectively, others do not [1, 17]. In Al-assisted
contexts, it appears that a limitation of human potential may there-
fore be primarily metacognitive, involving challenges in planning,
monitoring, evaluating, and understanding Al interactions.

Thus, interactions with Al impose new metacognitive demands
on users [26]. A plausible explanation is that current Al interfaces
are suboptimal at supporting metacognition [18, 19, 29]. Users fre-
quently hold inflated expectations of their performance with Al and
fail to monitor their actual outcomes [11]. In this context, metacog-
nition provides a framework for understanding Generative AI's
usability challenges. Designing human-AlI systems that explicitly
support metacognition is therefore crucial to reduce deskilling while
maintaining user agency and control. Metacognitive accuracy de-
scribes how closely individuals’ self-evaluations align with their
actual performance [6, 13]. High accuracy allows people to recog-
nize limitations and make informed adjustments, such as seeking
more information or revising a strategy.
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2.2 Reasoning Traces as Potential Tools for
Thought

Al tools, such as ChatGPT, offer real-time guidance and feedback,
which may improve task performance and potentially metacogni-
tive accuracy. By providing immediate corrections and explanations,
generative Al can help users better align their confidence with ac-
tual performance, reducing errors in self-assessment and providing
opportunities to further improve their interactions with the system.

Currently, interfaces progressively expose reasoning traces, step-
by-step justifications that resemble the model’s chain of thought.
While Al traces promise transparency, prior work shows that expla-
nations can sometimes be uninformative, or even ignored by users
[28]. They can also introduce new biases: full reasoning traces may
increase perceived understanding without improving users’ ability
to evaluate correctness.

More broadly, people often misattribute externally generated
information to themselves [15]. For instance, Fisher and Oppen-
heimer [12] show that reading fluent explanations inflates perceived
understanding. Related work [12, 13, 26] suggests that users can
mistake the Al’s capabilities for their own, inflating performance
estimates and lowering metacognitive accuracy, despite objective
performance gains.

Studies on Explainable AI (XAI) report mixed effects. Traces
can help users follow complex steps and improve task accuracy.
However, they may be uninformative [9], introduce new cognitive
biases [5], and anchor users to the model’s conclusion even when
it is wrong [22]. Moreover, long, detailed explanations can increase
cognitive load and time-on-task, without proportional benefit. Con-
versely, concise justifications can be easier to use but risk omitting
information relevant for evaluation. In addition, chains of thought
can be misleading and are neither necessary nor sufficient for trust-
worthy interpretability [3]. These opposing standpoints highlight
that while metacognition is critical to human problem-solving and
decision-making, it remains underexplored in the context of Al-
assisted reasoning and HAI. Current systems often improve per-
formance without supporting calibration, and explanation formats
such as reasoning traces may further complicate achieving this
balance. These gaps motivate our study, which systematically in-
vestigates the benefits and drawbacks of reasoning traces for task
performance, how they shape metacognition and calibration, and
the usability and user-experience trade-offs users might encounter
across explanation formats. Our study isolates the format dimension
of reasoning traces (none vs full vs summary) to test whether traces
provide benefit, cause harm, or can be calibrated. For the purposes
of this study, rather than treating traces as ground-truth windows
into model cognition, we treat them as user-facing interface arti-
facts, i.e., a type of XAI output that users respond to regardless
of its internal validity. The relevant question for our study is not
whether the trace accurately reflects the model’s computation, but
whether and how it shapes the user’s metacognitive processes. This
framing is consistent with the XAI literature’s distinction between
proxy explanations and faithful explanations [3, 14, 27], and it po-
sitions the faithfulness problem as a further design risk: users may
calibrate their reliance on outputs that are themselves unreliable
representations of model "thinking", amplifying the metacognitive
consequences.
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Figure 1: Metacognitive interaction model for Al-assisted reasoning. First-order processes (task execution) transform stimuli
into answers and outcomes. Al outputs (generated from user prompts) can feed into the user’s answer. Second-order processes
(metacognitive regulation) monitor and control both how to use AI and monitoring Al outputs (output quality and plausibility),
thereby shaping whether users accept, verify, or override Al assistance. Reasoning traces change the cues available to monitoring

and can therefore shift reliance and calibration.

2.3 A Metacognitive Interaction Model

To provide a more concrete understanding of the role of reasoning
traces, we conceptualize a metacognitive interaction model for AI-
assisted reasoning with two layers of human processes (see Figure
1).

The first-order processes capture task execution. The user en-
counters a stimulus and engages in first-order cognition (e.g., solv-
ing, deciding, responding), producing an answer that leads to a
task outcome. This corresponds to the “doing the task” loop, where
performance is realized. Crucially, Al assistance adds an additional
path into this loop. As shown in Figure 1, users generate a prompt,
Al conducts internal reasoning, and outputs an answer. That Al
output is then available to be integrated into the human’s answer
formation (i.e., it can directly influence the answer that ultimately
produces an outcome). This makes Al-assisted performance a com-
posite, where success depends not only on first-order reasoning,
but on how users evaluate and decide to incorporate Al outputs
into their own decisions.

The second-order processes (metacognitive regulation) sit above
these first-order processes and guide them through monitoring
and control. In our interaction model, metacognition operates at
two key intervention points. First, it regulates how to use Al (e.g.,
whether to query Al at all, how to prompt it, when to ask follow-
up questions, and how much to rely on its assistance). Second, it
supports monitoring Al suggestions, evaluating both output quality
and plausibility at the moment the Al answer is integrated into
the user’s response. In other words, metacognition shapes both the
confidence in the AI’s reliability and the confidence in their own
strategy for managing the collaboration (decision to accept, verify,
or override its output).

Within this framing, reasoning traces are best understood as
part of the Al output cues that feed into second-order monitor-
ing. Traces do not only “explain” an answer, as they can change

the signals users use to evaluate plausibility, and therefore change
control decisions (e.g., acceptance vs verification). This also helps
explain a persistent gap in HAI: Users can show improved objective
performance while still miscalibrating their own performance, as
the monitoring layer is biased by fluent justifications or blurred
source boundaries (self vs Al distinction [31]). Closing this gap
requires interfaces to provide more than explanations: They must
support metacognitive monitoring and reflection that keeps per-
ceived augmentation aligned with actual outcomes.

3 Study Design

To extend this approach, we developed a custom web-based inter-
face that displayed an Al chat window alongside a survey interface
in a side-by-side layout. We build on the framework introduced
by Fernandes et al. [11], which examined how Al assistance can
improve performance while undermining metacognitive accuracy.
We extended this approach to focus on LLM reasoning traces. The
study uses a between-subjects design with three conditions: C1
Answer-only, C2 Full reasoning traces, and C3 Summary of rea-
soning trace. The planned sample is N = 570 (190 per condition),
based on an a priori power analysis targeting the smallest effect of
interest.

Models and interface rationale. Each problem appeared on the left-
hand side of the screen, while an Al interface (GPT-5 or gpt-oss-20b,
depending on condition) was displayed on the right. Model iden-
tity (GPT-5 or gpt-oss-20b) was not disclosed. We used OpenAlI’s
ChatGPT due to its widespread adoption in cognitive performance
tasks [4, 7, 8] and because recent reasoning models allow access to
a reasoning summary. Since GPT-5 provides summaries rather than
full reasoning traces, we employed gpt-oss-20b for Condition C2,
as it openly exposes complete reasoning traces. GPT-5 was used
in conditions C1 and C3 (see Section 3.1). We note that some chat
interfaces, such as OpenAI’s ChatGPT, typically present reasoning
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traces as a drop-down element that users can optionally expand.
This structure was not included as a fourth condition in the current
study as it would have brought another factor to the experimental
design. We focused on the content format of the trace (none vs. full
vs. summarized) rather than how traces are revealed by the user.

Stimuli control. To avoid confounding trace format with model
answer quality, items were pre-screened so that gpt-oss-20b and
GPT-5 achieve the same performance on retained items. Participants
were blind to model identity and any correctness annotations.

3.1 Task Description

Participants completed ten LSAT logical reasoning items, presented
in randomized order.

We implemented three interface conditions that varied the form
of reasoning traces. In C1 (Answer-only), participants only saw
the model’s final answer. In C2 (Full reasoning traces), the model’s
reasoning traces were shown after each user prompt; once shown,
a “Final Answer” button appeared, requiring participants to actively
choose whether to reveal the model’s final answer or proceed with-
out it. This workflow was designed to elicit a tentative answer
from the participant before exposing them to the AI’s final answer,
thereby encouraging independent reasoning before model influence.
In C3 (Summary), participants were presented with a summary of
the reasoning traces followed by the model’s final answer.

The LSAT items were selected as they reflect a real-world rea-
soning assessment [23, 30] and allow for direct comparison with
prior work. They have also been used to benchmark LLM reasoning,
making them suitable for studying Al-assisted performance [16].

4 Preliminary Findings
We observe clear between-condition differences in achieved perfor-
mance. A one-way ANOVA shows a significant effect of reasoning
trace format on achieved scores, F(2,566) = 15.88,p < .001, 172 =
.05. Achieved performance is highest in the baseline condition (M =
6.19,SD = 1.45) and the summary condition (M = 6.08,SD = 1.46),
and lower in the full-trace condition (M = 5.45,SD = 1.23).
Across all three conditions, participants overestimate their per-
formance (overestimation corresponds to the perceived number
correct minus the achieved number correct). This pattern was ob-
served in each condition (C1: £(188) = 11.56,p < .001,d = 0.84, C2:
£(189) = 6.90,p < .001,d = 0.50, C3: £(189) = 5.38,p < .001,d =
0.39). Overestimation differs by condition, F(2,566) = 3.56,p =
.029, 7% = .02. Mean overestimation is largest in the full-trace con-
dition (M = 3.16,SD = 6.31), followed by the summary condi-
tion (M = 2.37,SD = 6.09), and lowest in the baseline condition
(M = 1.74,SD = 2.06). While preliminary, this pattern suggests that
trace format might affect metacognitive calibration. The analyses
reported here focus on achieved performance and overestimation as
an initial analysis of metacognitive effects. A broader preregistered
analysis is currently ongoing, including item-level sensitivity and
accuracy of metacognitive judgments, trust calibration across trials,
and analyses assessing cognitive load. The current results should
therefore be interpreted as directional evidence motivating deeper
analyses, rather than as definitive conclusions.
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Figure 2: Achieved performance (0-10) across trace formats
(C1: answer-only, N=189 (green curve); C2: full reasoning
traces, N=190 (blue curve); C3: summary of reasoning traces,
N=190 (yellow curve). The performance of ChatGPT is repre-
sented by a dashed vertical line (both GPT-5 and gpt-oss-20b
achieved a score of 5 on the set of 10 LSAT questions).

5 Discussion

Our preliminary results show a metacognitive disconnect between
objective and estimated performance. In our metacognitive interac-
tion model, this suggests that trace-heavy interfaces can shape the
first-order loop (solving the task) without reliably improving the
second-order loop (monitoring and regulating reliance).
Overestimation differs across conditions, and descriptively, it is
largest in the full-trace condition. This is relevant since full traces
are often assumed to improve transparency. Our data point in the
opposite direction: Full traces might increase the feeling of under-
standing and, therefore, confidence, without improving calibration.
In other words, more reasoning text does not necessarily lead to
better monitoring. It can become a fluent justification that anchors
users to the model conclusion. Three cognitive mechanisms are
plausible explanations for this effect, each with distinct design im-
plications. First, cognitive load: full traces increase the cognitive
load users need to process, which may use the resources needed
for critical evaluation [5]. Second, fluency misattribution: the ap-
parent coherency and fluency of a reasoning trace produces an
illusion of understanding, inflating confidence independently of
whether the user has actually verified the reasoning [12]. Third,
anchoring: the argumentative structure of the model’s reasoning
traces may anchor the user’s judgment before the model’s conclu-
sion is revealed, even when the trace is subsequently read critically
[22]. This may explain why C2’s Final Answer button, designed to
elicit an independent judgment before exposing the conclusion, did
not fully protect against miscalibration. The summary condition
lies between baseline and full traces in terms of overestimation,
which aligns with the intuition that, by being concise, it can pre-
serve evaluating cues while reducing overreliance due to fluency.
As specified in our preregistered study, ongoing analyses will ex-
amine additional measures, including cognitive load (NASA-TLX),
trial-level confidence and confidence-in-Al ratings, and perceived
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coherence of traces, which will clarify the cognitive mechanisms
underlying these effects.

Beyond metacognitive accuracy, the achieved-performance pat-
tern suggests that full traces may impair task-solving. They add
information and increase time-on-task, and such costs are not neces-
sarily compensated by improved evaluation. This connects directly
to the question of what makes a good experience in a tool for thought,
and how it should be balanced with the friction that might be re-
quired to support cognitive engagement. Our results suggest that
showing “more reasoning” can create the wrong kind of friction:
verbosity that feels like transparency but functions as overload. In
contrast, a good TfT experience may require targeted friction (e.g.,
small interruptions inviting users to form a tentative judgment,
reflect, or verify). In C2, the “Final Answer” button is shown after
the trace introduces a small pause, such that users can decide if
they want to see the model’s final output. That pause can improve
monitoring, encouraging a tentative judgment. More generally,
our results suggest that “explanations” are not sufficient. To cali-
brate reliance, systems may need to actively support second-order
processes (prompting expectations, encouraging verification, and
introducing deliberate checkpoints at times when confident errors
are likely). Supporting such reflection will inevitably add friction.
The design question is which friction supports monitoring and
control, rather than merely verbosity that promises transparency
without improving calibration.

6 Future Directions and Conclusion

Our preliminary findings suggest that LLMs’ reasoning-trace for-
mats affect metacognition, with achieved performance and over-
estimation varying across conditions. This supports the view that
interfaces can change first-order performance without reliably im-
proving second-order monitoring and regulation. Future analyses
will extend beyond performance. Based on this framing, we pro-
pose TfT strategies: (i) evaluate traces using calibration outcomes
(not only accuracy), (ii) favor structured summaries over long de-
scriptions, (iii) introduce reflection checkpoints (e.g., estimate ac-
curacy before accepting outputs), and (iv) use deliberate, targeted
friction that supports verification rather than overload. We con-
tribute with this study and our metacognitive interaction model as
a starting point for developing principles for interfaces that sup-
port metacognition, not only task performance. Future work should
extend beyond LSAT-style reasoning tasks, which do not capture
the full range of open-ended, iterative, or real-world human-AI
workflows (such as writing, planning, debugging, and everyday
information work, where reasoning traces may play different roles),
where metacognitive demands and the role of traces may differ
substantially. Modeling individual differences in metacognitive abil-
ity will be essential, as the costs and benefits of trace exposure
are unlikely to be uniform across users [17]. Exploring adaptive
or personalized trace presentation (where trace verbosity or for-
mat is adjusted to the user’s demonstrated calibration) represents a
promising direction for both research and system design. Finally,
longitudinal designs are needed to assess whether any of these
formats lead to long-lasting improvements in metacognitive skill,
or whether their effects are confined to the moment of interaction.
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