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Abstract. Artificial intelligence (AI) is being increasingly integrated into human
problem-solving, yet its effects on individual skill development remain unclear. We
examine how both AI usage and informativeness can shape learning in the context
of a controlled logical reasoning task with on-demand access to AI assistance. We
find that greater AI usage is associated with weaker skill development: heavy AI
users underperform relative to comparable peers, whereas light AI users perform
similarly to matched users who do not use AI. We also find in our study that these
patterns are mediated by AI informativeness. Low-information AI neither improves
immediate performance nor preserves performance after AI assistance is removed,
and is linked to weaker learning overall. On the other hand, high-information AI
was found to improve short-run performance without reducing post-AI outcomes
on average in our experiments, but with heterogeneous effects. Our findings in gen-
eral suggest that AI can, depending on context, either complement human skill de-
velopment by amplifying independent reasoning or can act as a substitute that un-
dermines such reasoning, with the implication that regulating AI access and usage
will be important for promoting skill development in the presence of AI assistance.
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1. Introduction

Artificial intelligence (AI) assistance is being increasingly adopted in our everyday lives
across a variety of contexts such as education [1,2], software development [3,4], au-
tonomous driving [5], and medical diagnosis [6]. This has led to increased recent re-
search attention on topics such as human-AI complementarity [7,8,9]. In parallel, there
are concerns that easy access to AI may foster overreliance, reduce independent effort,
and potentially hinder learning from the perspective of human users [10,11]. However,
there have been relatively few studies to date that directly examine how AI assistance
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affects individual skill development over time. In this paper, we study this issue with a
particular focus on assessing skill development after AI assistance has been removed.

The literature to date on the impact of AI assistance has provided a number of alter-
native perspectives on the role of AI assistance in the context of human skill learning.
Some studies argue that richer AI assistance, such as detailed guidance or uncertainty
estimates, can improve human performance [12,13]. Other studies caution that limiting
AI assistance may help reduce human overreliance and promote independent thinking
[14,15]. Moreover, most prior work focuses on immediate performance gain rather than
comparing pre-AI and post-AI learning outcomes [14,16,17]. To provide a more nuanced
understanding, we investigate how both (i) the amount of AI usage, and (ii) the amount
of information provided by AI, shape the trajectory of individual skill development.

We study how access to AI assistance of varying informativeness shapes individual skill
development over time. Specifically, we address several related questions. First, we ask
whether greater AI usage, as a behavioral pattern of reliance, is associated with weaker
subsequent latent skill development. We then investigate how the informativeness of AI
assistance moderates this relationship. Specifically, we examine whether the amount of
information provided by the AI differentially alters immediate performance and subse-
quent latent skill development. Finally, we examine how individuals’ AI usage strategy
drives the differences in observed learning outcomes.

We investigate these questions through a controlled user study with time-constrained log-
ical reasoning tasks. Participants solve puzzles under conditions that allow on-demand
interaction with a simulated AI system. Each participant completes assessments both be-
fore and after AI exposure without any assistance, enabling us to isolate the effect (of
interacting with AI) on skill development beyond the period of AI use (see Figure 1).
The experimental design systematically manipulates the level of information provided
by the AI, a central treatment dimension aligned with our theoretical focus on reliance
and learning. Our goal is to understand how varying the informativeness of assistance
changes AI usage behavior and, in turn, affects individual learning outcomes.

Our results show that AI assistance is associated with weaker skill development in logic-
based problem-solving tasks. This effect is driven by usage behavior: earlier and more
frequent reliance on AI leads to less independent problem-solving effort. As a result,
heavy AI users underperform comparable peers in terms of skill development, whereas
light AI users slightly outperform peers with similar initial ability who did not use AI.
The magnitude and direction of these associations vary with AI informativeness. High-
information AI substantially improves immediate performance and, on average, does not
appear to impair skill growth. In contrast, low-information AI neither meaningfully im-
proves immediate performance nor preserves subsequent performance. Moreover, high-
information AI is linked to heterogeneous effects: higher-ability individuals tend to use
it more selectively and later in the problem-solving process, and exhibit stronger skill
growth. On the other hand, lower-ability individuals rely more heavily and earlier, and
show comparatively weaker learning outcomes. Lower-ability participants report ele-
vated perceived ability when AI is available, suggesting a possible role for miscalibrated
self-assessment that may, in turn, be associated with weaker subsequent learning.

Collectively, these findings underscore that the educational and productivity conse-
quences of AI depend not only on access but also on its informativeness and user het-



Figure 1. Study design with three phases: Phase 1 (pre-AI) and Phase 3 (post-AI) human performance was
assessed without any assistance. In Phase 2, participants were assigned to either a control group (no AI) or a
treatment group with optional AI assistance that varies in AI informativeness.

erogeneity. AI can augment learning when it complements sustained cognitive engage-
ment, but may hinder skill development when it substitutes for it, particularly among
individuals most inclined to rely on it.

2. Related Work

The concept of cognitive skill development refers to durable improvements in reason-
ing capacity, problem-solving ability, and learning transfer beyond immediate task per-
formance [18]. In this context, a central question in recent human–AI interaction (HAI)
research is whether AI assistance in general merely affects immediate performance or
can also meaningfully affect longer-term underlying skill development (either positively
or negatively). Research in HAI has largely emphasized human-AI complementarity and
performance gains during AI use [7,8]. There has been less research on the evaluation
of downstream learning outcomes, and the results of that work have been mixed in their
conclusions. Some studies show that external assistance can scaffold reasoning and im-
prove retention when appropriately designed [19,20]. Related work suggests that AI is
beneficial when it complements rather than substitutes for human thinking [21]. In con-
trast, other work documents reduced cognitive effort, increased offloading, and weaker
skill development [22,23]. Additional evidence suggests that AI assistance can improve
immediate task performance without inducing skill degradation [24]. These studies re-
veal a consistent tension between immediate support and long-term skill development.
In addition, much of the previous literature has had only limited emphasis on evaluat-
ing human performance after AI assistance is removed, making it difficult to distinguish
genuine skill development from temporary reliance on external support. Pre- and post-
assessment designs provide a clear approach by measuring baseline ability before AI ex-
posure and reassessing performance after the AI is removed [25], making it possible to
attribute changes to learning rather than to ongoing assistance.

Another underexplored dimension concerns individual heterogeneity. Prior work shows
that reliance behaviors, such as help-seeking or AI adoption rate, vary substantially
across individuals [26,27]. However, many studies either provide continuous AI access
with limited user autonomy [28,29] or rely on self-reported measures of traits and trust
[27,30], which are vulnerable to reporting biases [31]. Moreover, relatively little work



systematically connects objectively measured baseline ability to subsequent reliance pat-
terns and post-assistance learning outcomes. As a result, it remains unclear whether AI
engagement differences reflect stable individual skill differences or context-specific be-
havioral responses.

Additionally, prior research shows that design features such as timing and explanations
displays influence reliance and performance [24,27,32], and some studies vary AI accu-
racy to study these effects [33]. However, manipulating accuracy introduces trust dynam-
ics: early errors can shift beliefs and confound perceived reliability with the intrinsic AI
assistance value [34]. Moreover, perspectives diverge on the role of informational depth.
Some argue that richer guidance enhances understanding and performance [12,13], while
others suggest that limited assistance encourages deeper engagement and mitigates over-
reliance [14,15]. Yet few studies cleanly isolate the effect of AI informativeness itself by
assessing skill levels after AI assistance is removed.

We address these gaps by holding AI accuracy constant while experimentally varying
informational depth. Combined with a pre- and post-assessment design and an objective
measure of baseline ability, our framework allows us to examine how initial ability in-
fluences AI reliance and subsequent skill development, as well as how differences in AI
informativeness affect learning once the AI is removed.

3. Experiment

We conducted a controlled user experiment to study how AI assistance affects individual
skill development when help-seeking is self-directed, and tasks have time constraints. We
manipulated the level of AI informativeness to examine how AI engagement influences
learning and reliance.

3.1. Task Description

We designed a time-constrained, logic-based puzzle in which participants determine the
unique ordering of six objects subject to a set of constraints. Although this type of struc-
tured logic puzzle is an abstraction of real-world situations, it nonetheless offers a con-
trolled environment that isolates the impact of AI assistance on problem-solving and
learning.

For each problem, participants were presented with six randomly ordered objects along
with several logical statements that jointly implied a correct and unique sequential or-
dering (Figure 2a). Participants could submit up to two proposed solution orderings per
problem. After the first submission, the user is given feedback to let them know how
many objects are in their correct location in the sequence. If all six objects are in the
correct order, the user proceeds to the next problem. If one or more objects are not in
the correct position, the participants can either (i) accept their initial attempt as final or
(ii) revise their answer and submit the revision. In all cases, the user is always shown
the correct solution before moving to the next problem, in order to provide feedback to
support learning across problems. Additionally, certain objects were marked with hints
linked to specific positions, for example, an object with a horizontal line was more likely
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Figure 2. Examples of user interfaces for the logic-based puzzle task

to be placed in Position 4 (see Figure 2a, object F), thereby facilitating learning and
knowledge transfer.

The study consisted of three phases (Figure 1). Phase 1 functioned as a pre-AI assess-
ment and lasted 8 minutes, with participants required to complete at least four problems;
those who had not completed four within 8 minutes were allowed to continue until they
did. Phase 2 (20 minutes) introduced the experimental conditions, including optional
AI assistance, as described in the Conditions section below. Phase 3 replicated Phase 1
as a post-AI assessment. Problem order was randomized within each phase to control
for difficulty-related learning effects. Participants earned one point per correctly solved
problem.

3.2. Conditions

The study used a between-subjects design with three Phase 2 conditions: No-AI, Low-
information AI, and High-information AI. AI assistance was available exclusively in
Phase 2 and could be requested at most once per problem, allowing participants to decide
whether and when to seek assistance. Upon requesting help, the AI assistant revealed the
positions of randomly selected objects, with the number of revealed objects determined
by the assigned condition. Each AI request incurred a 0.2-point deduction, applied only
if the problem was solved correctly. Participants were informed of this cost in advance.

Participants were randomly assigned to one of the following conditions:

• No-AI: No AI assistance was available to participants (see Figure 2a).
• Low-information AI: The AI can randomly reveal, on request during Phase 2, the

location of one object (see Figure 2b).



• High-information AI: The AI can randomly reveal, on request during Phase 2, the
locations of three objects.

To rule out AI accuracy as a potential confound when examining how informativeness
affects human reliance and performance, we used a simulated AI agent with perfect
(100%) accuracy. Simulated AI agents are commonly employed in human–AI interaction
research (e.g., [35,36,37,38]), particularly in settings where AI is assumed to be fully
accurate to isolate specific behavioral mechanisms [35,36]. Participants were not told
about the AI’s accuracy and were informed only that AI assistance would be available
during Phase 2 at a cost.

3.3. Procedure

The study was conducted online via Prolific. After providing informed consent, partici-
pants were randomly assigned to an experimental condition and presented with instruc-
tions. They were required to pass two comprehension checks before moving on, and only
those participants who answered both correctly proceeded to the main task. The study
consisted of three phases, separated by brief screen breaks. An attention check was em-
bedded in Phase 2 to maintain data quality. Upon completion of the final phase, partici-
pants filled out a short post-study survey.

3.4. Participants

We recruited 160 U.S.-based, English-speaking adults (18+) with at least an undergrad-
uate degree. After excluding 28 participants due to attention failures, inattentiveness,
inconsistent AI-use reports, and extreme outliers, the final sample comprised 132 par-
ticipants (42 No-AI, 43 High-information AI, 47 Low-information AI). Participants had
a mean age of 39.7 (SD = 11.9); 58 identified as male, and 74 as female; 67 had an
undergraduate degree and 65 had a master’s degree or higher.

Participants received $9 for participation (median duration: 60 minutes) and could earn
up to $3.50 in performance-based bonuses. The experiment received Institutional Review
Board (IRB) approval at the University of California, Irvine, protocol number #7206.

3.5. Measures

We report below seven primary metrics from our study:

• Response Time: Time spent on each problem (seconds) from when the participant
first sees the problem to when they submit their final solution and proceed to the
next problem.

• Correctness: Number of objects placed in the correct position (0–6).
• Reward Rate: Correctness divided by response time (converted to minutes), cap-

turing the speed–accuracy trade-off in cognitive modeling [39]. Higher values in-
dicate better performance.

• Initial Ability: Participants’ Phase 1 reward rate. We further split participants into
low- and high-ability groups based on the median of initial ability.

• Timing of Request for AI Assistance: Time from problem start to the first AI
request, conditional on AI assistance being requested.



• AI Usage Fraction: The percentage of Phase 2 problems in which participants
requested AI assistance. The upper bound for this metric is 1.0, indicating that a
participant used AI assistance in every problem in Phase 2.

• Solo Thinking Ratio: From a cognitive offloading perspective, one observable
marker of engagement is the amount of time individuals devote to independent
problem-solving before seeking external assistance. We use the ratio of solo think-
ing time to response time, where solo thinking time refers to the period participants
worked independently before requesting AI assistance (i.e., same as Timing of Re-
quest for AI Assistance above), or, if no AI was used, the entire problem-solving
time until submission. We also report Solo Share, defined as the participant-level
average of the Solo Thinking Ratio across all problems completed within a phase.
Higher values indicate greater sustained independent problem-solving before seek-
ing AI assistance.

The primary focus of our analysis is on reward rates at the participant level. We also
examine response time and accuracy at the problem level to separate the effects of speed
and accuracy. Additionally, we discuss the solo share metric, which reflects how partic-
ipants balance working independently versus seeking external help over time, allowing
us to explore how individual problem-solving effort relates to skill development.

4. Results

We begin by providing a high-level summary of skill development trajectories across
individuals over the duration of the experiment. Figure 3 displays the distribution of
individual-level changes in reward rate from Phase 1 to Phase 3. Most participants ex-
hibit gains in skill (reward rate) over time, and the average improvement is statistically
significant (mean improvement = 1.64, p < 0.01), providing evidence of overall skill de-
velopment over time (the median reward rate increases from 1.89 in Phase 1 to 3.35 in
Phase 3). The substantial spread of the distribution reveals substantial cross-individual
variation in the magnitude of these learning gains.

Figure 3. Distribution of individual changes in Reward Rate (correct objects per minute), defined as Phase 3
− Phase 1. The black dashed line marks zero-change reference, and the colored dashed line denotes the sample
mean.

4.1. When AI assistance hinders skill development

We start by analyzing the relationship between individual AI usage and subsequent skill
development. Participants are categorized according to their AI usage fraction (the frac-



(a) Light usage group vs. matched control
group

(b) Heavy usage group vs. matched control
group

Figure 4. Propensity score matching (PSM): average correctness and response time (with standard error bars)
for light and heavy AI usage groups versus matched control groups in Phase 1 (pre-AI) and Phase 3 (post-AI).

tion of Phase 2 problems where participants requested AI assistance): Zero (no AI re-
quests), Light (usage fraction ∈ (0,0.4]), and Heavy (usage fraction ∈ (0.4,1]), where 0.4
corresponds to the mean usage rate among those who requested AI at least once. To ac-
count for differences in participants’ initial ability, we conduct propensity score matching
(PSM) [40], matching Light and Heavy users separately to Zero-usage participants based
on Phase 1 performance in the two-dimensional space of correctness and response time,
using logistic regression with nearest-neighbor matching. Each light-AI user (N = 36) is
matched with one control, and each heavy-AI user (N = 24) with one control. Results are
robust to alternative thresholds, such as a median split. Figure 4 represents the results.
In Phase 1, treatment and control groups do not differ significantly, as expected, since
matching was based on initial performance. In Phase 3, however, relative to the matched
controls, heavy AI users have significantly longer response time (115.54 (se = 9.49) vs.
78.31 (se = 4.76); p < 0.01) and lower correctness (4.15 (se = 0.23) vs. 4.99 (se = 0.18);
p < 0.01), suggesting weaker individual skill development. Light AI users are statisti-
cally indistinguishable from their matched controls in response time, exhibiting slightly
higher correctness (4.95, se = 0.16 vs. 4.61, se = 0.18; p = 0.08), suggesting that light AI
use does not slow participants down and may modestly improve accuracy. These patterns
strongly indicate, in the context of logic puzzle-solving, that greater reliance on AI is
associated with weaker learning, whereas limited and selective use may be compatible
with, or even supportive of, skill growth.

4.2. AI informativeness moderates immediate performance and learning outcomes

We next discuss how these usage patterns interact with AI informativeness. Figure 5
presents reward rates over time. The first and last points correspond to Phase 1 and Phase
3, respectively, while the first and second halves of Phase 2 are represented by two inter-
mediate points.2 In Phase 1, reward rates do not differ significantly across groups, indi-
cating balance in baseline reward rate. During Phase 2, participants with access to high-
information AI achieve higher reward rates (p < 0.10), with gains emerging immediately
in the first half of Phase 2 and persisting into the second half. However, the short-run im-

2Since Phase 2 lasts 20 minutes, we divide it into two halves to capture more granular dynamics and to make
the time intervals more comparable to Phases 1 and 3.



provement under low-information AI is comparable to that observed in the control group,
indicating no additional gain beyond the baseline learning. In Phase 3, participants in the
low-information condition exhibit significantly lower reward rates than the no-AI con-
trol group (p = 0.08), whereas the high-information group does not differ significantly
from the control.These patterns suggest that while heavier AI usage is associated with
weaker learning overall, the magnitude and even the direction of these effects depend
on the quality of assistance provided: high-information AI improves immediate perfor-
mance without reducing average post-AI outcomes, whereas low-information AI neither
enhances immediate performance relative to the control group nor preserves subsequent
skill growth.

We further examine Phase 3 reward rates by AI informativeness and initial ability (see
Figure 6). Two patterns emerge. First, the low-information AI condition shows a uniform
decline: both high- and low-ability participants exhibit lower Phase 3 reward rates than
those in the no-AI group. The decline is statistically significant for low-ability partici-
pants (p < 0.05) but not for high-ability participants, indicating that low-information AI
is associated with broadly negative post-AI outcomes, particularly among lower-ability
participants. Second, the high-information AI condition displays a polarization effect:
the post-AI performance gap between high- and low-ability participants is substantially
larger under high-information AI (5.19 vs. 2.63; p < 0.01) than in the no-AI condition
(4.82 vs. 3.36; p = 0.06). That is, in the context of logic puzzles, high-information AI as-
sistance widens the ability gap. The next two subsections explore the mechanisms behind
these results.

Figure 5. Reward rate trajectories across experimental phases by AI informativeness. The x-axis denotes Phase
1, Phase 2–first half (2-1), Phase 2–second half (2-2), and Phase 3. Error bars represent standard errors.

4.3. Low-information AI displaces independent effort without performance gains

Here we investigate the mechanism underlying the uniform decline observed under low-
information AI. Unlike the high-information condition, this version of AI provided only
limited assistance: each request revealed at most one object’s location and, in some cases,
repeated information already implied by the problem (e.g., the problem statement could
specify that A is at position 1, and AI could then provide the same redundant suggestion).
As a result, the AI had a limited effect on reducing the core complexity of the task. We
conjecture that this limited assistance interrupted participants’ independent reasoning
and strategy formation without meaningfully simplifying the problem. Evidence from



Figure 6. Post-AI average reward rates by initial ability level across different AI informativeness conditions.
Error bars show 90% confidence intervals; dashed lines show post-AI average reward rates for high- and low-a-
bility groups in the no-AI condition.

Phase 2 behavior supports this interpretation. The average Phase 2 solo share, which
represents the proportion of independent thinking time within total response time across
problems, declines from a baseline of 0.95 in the no-AI condition to 0.85 under low-
information AI, and further to 0.65 for problems in which AI is actively used. This pattern
indicates that even limited AI assistance is associated with a substantial reduction in
independent problem-solving effort.

To examine whether this reduction in independent effort translates into immediate per-
formance gains, Figure 7 shows average correctness at the problem level, broken down
by condition and AI usage for Phase 2 (where AI assistance was available). We use cor-
rectness rather than reward rate because reward rate depends on response time, which
in Phase 2 may reflect interruptions to the user due to accessing AI or additional review
time, rather than true performance. Focusing on the low-information condition, problems
assisted by AI exhibit lower correctness than both non-assisted problems within the same
group and the no-AI control, while non-assisted problems in the low-info group per-
form relatively better. When the high-information AI is used, correctness is significantly
higher than the no-AI control. These patterns suggest that low-information AI reduces
independent effort without having compensating immediate gains.

Figure 7. Phase 2 average problem-level correctness by AI informativeness and usage. Error bars represent
standard errors.

Post-study survey responses reinforce this interpretation. Participants rate the low-
information AI as significantly less helpful than high-information AI (mean 3.44 vs.
4.00; p< 0.05). Nevertheless, despite recognizing its limited usefulness, participants still
chose to use the low-information AI, where, on average, the AI usage fraction is 0.22.
This suggests that even objectively weak AI tools can attract engagement and divert at-
tention, making low-quality assistance potentially distracting and detrimental to effective
learning.



4.4. High-info AI induces ability-based divergence

As mentioned above, high-information AI does not affect Phase 3 performance on aver-
age, but it widens the performance gap between high- and low-ability participants. Fig-
ure 8 further shows that high-ability participants in the high-info AI condition benefit not
only in long-run skill growth but also in immediate Phase 2 performance, particularly
in the first half, relative to the no-AI group. In contrast, low-ability participants do not
exhibit comparable short-run gains. To understand the mechanism, we examine indepen-
dent problem-solving time (solo share) and AI usage within the high-information AI con-
dition. We find that low-ability participants spend significantly less time solving prob-
lems independently than high-ability participants (solo share = 0.81 vs. 0.91, p < 0.01).
Low-ability participants also use AI more frequently (0.37 vs. 0.22), reflecting greater
reliance. Heavier reliance seems to hinder learning: lower-ability participants tend to turn
to AI earlier and use it more intensively, which ultimately reduces the potential bene-
fits of high-quality assistance. Moreover, high-information AI appears to inflate confi-
dence among lower-ability participants. Despite weaker objective performance, in the
post-study survey, low-ability participants report a stronger belief that they have “found
a strategy” (mean 4.37 vs. 4.04 for high-ability participants). In the control group, self-
assessments are similar across ability levels (4.13 vs. 4.06), and high-ability participants’
ratings remain stable across conditions. This pattern suggests that high-information AI
may increase the divergence between perceived and actual competence among lower-
ability individuals, increasing the gap between perceived and actual competence.

Figure 8. Reward rate trajectories across experimental phases by AI informativeness and initial ability. The
x-axis denotes Phase 1, Phase 2–first half (2-1), Phase 2–second half (2-2), and Phase 3. Error bars represent
standard errors.

5. Discussion

Our findings both align with and extend prior work in human–AI interaction and the
learning sciences. Consistent with research showing that excessive external support can
undermine independent reasoning [14,41], we find, in the context of our logic puzzle
study, that heavy reliance on AI reduces independent problem-solving effort and is as-
sociated with worse post-AI performance Specifically, heavy AI users and individuals
with lower initial ability exhibit the largest post-AI performance declines, echoing con-
cerns that automation may substitute for internal cognitive processes rather than support



them [11]. Framed within the broader literature on AI and skill acquisition [42,43], our
findings are consistent with upskilling inhibition, where reliance on automated support
limits the development of underlying competencies.

Our results add nuance by showing that AI’s impact on learning might depend not only
on access, but also on how users choose to engage with AI and the informativeness of
the assistance, consistent with evidence that cognitively engaged AI use, rather than pas-
sive delegation, preserves learning outcomes [23]. In our setting, a limited amount of
information fails to improve immediate performance while still interrupting independent
reasoning, thereby harming subsequent learning. This pattern suggests that AI assistance
with low information value may end up being more distracting than helpful, drawing
attention away from the effort that could be spent on independent learning. In contrast,
more informative AI assistance can potentially support skill development, especially for
users who engage with it selectively and strategically. For individuals with lower initial
ability, however, access alone may be insufficient and potentially counterproductive with-
out the type of additional guidance, monitoring, or incentive mechanisms that encourage
sustained cognitive engagement. Taken together, our results highlight the importance of
AI usage design and scaffolding, consistent with emerging work on AI systems that pro-
mote user engagement and learning [44,45], suggesting that effective AI deployment in
learning contexts requires careful attention to system capability, user heterogeneity, and
usage design.

Our findings should be interpreted within the study’s scope. First, we focus on short-
term effects after limited exposure to AI, rather than long-term skill development. It
remains unclear whether these patterns persist or change with sustained use, which calls
for future longitudinal work. Second, while our controlled, logic-based task allows for
precise measurement, it differs from real-world settings that often involve open-ended
problems and conversational AI. Future research should examine these dynamics in more
high-stakes and domain-specific contexts to better understand how well they generalize.

6. Conclusion

In conclusion, our findings highlight a key trade-off in AI-assisted problem-solving:
while AI can boost short-term performance, heavy reliance can reduce independent effort
and hinder learning outcomes, especially for lower-ability individuals. These effects are
influenced by the type and amount of assistance provided. Overall, the impact of AI on
human learning depends not just on access, but on how it is used. The results suggest, in
general, that we need to pay closer attention to AI’s effects on cognitive effort, reliance
patterns, and long-term learning, as well as to its impact in complex, high-stakes, and
specialized fields.
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