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Artificial intelligence (AI) can help users verify health claims, but may inhibit them to actively engage with the

content. It’s uncertain whether AI assistance builds skill for future judgments without it. We examined whether

requiring people to inspect evidence and commit to a judgment before seeing an AI-generated answer improved

later unaided verification. 474 U.S.-based participants judged the veracity of health claims in a two-wave experiment.

In Wave 1, they faced either an AI-generated answer before showing source information (‘answer-first AI’), the

evidence before the answer (‘evidence-first AI’), or received no AI assistance (‘source practice’). A week later (Wave

2), participants judged 16 new claims and its evidence without AI assistance. We did not observe differences between

the different modes of AI assistance, nor when compared to the no-AI baseline. We discuss other effects, based on

time spent and immediate claim judgment accuracy, as well as the study’s implications.

CCS Concepts: � Human-centered computing → Empirical studies in HCI; Interactive systems and tools.

Additional KeyWords and Phrases: human-AI interaction, AI-assisted decision making, interface design, fact-checking,

misinformation, learning, claim verification, longitudinal study

1 Introduction

Ask a chatbot whether “does zinc lozenges shorten a cold?”, and it will provide an answer, an explana-

tion, and a source within seconds. AI assistance can help people to make better decisions when judging

the veracity of a claim or statement [1, 24]. Most research in this area focuses on how user skills or lit-

eracy levels lead to factchecking behavior (cf. [18, 40]). However, would there be an effect the other way

around, where extensively using AI to verify claims support a user’s skills or capabilities to examine further

claims? Moreover, are users better equipped to verify a health claim independently after using AI-generated

factchecks extensively, when AI assistance is unavailable? Or, is the accuracy of their judgment merely ‘on

loan’, disappearing once AI assistance is gone?

These questions touch upon how assistance is provided in the user interface, depending on how and when

answers and evidence are shown. We consider this analogous to worked-example effect in education [29],

where teachers lower the cognitive load among students by showing how a problem can be solved rather

than letting them solve it themselves (cf. [13, 27]. For AI assistants, one pattern would be to show the AI’s

answer first, while highlighting the evidence later. A different method, which is recommended to keep people

“in the loop,” would hide the answer until the user has read the evidence, chosen a source, and committed

to an accuracy judgment (cf. [4, 6]). Requiring a decision before advice reduces how often people accept

wrong AI suggestions during use [6], and decision order changes how advice is used [11]. However, whether
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this setup also leaves users more capable for future judgments of different claims is tested in this paper,

examining whether delaying the disclosure of a correct answer would build verification skills.

In earlier studies, the relation AI assistance and learning is unclear. Gajos and Mamykina [12] show that

choosing before an AI recommendation does not produce incidental learning in a nutrition task, whereas

an explanation without a recommendation does so. In different domains, Buçinca et al. [4] shows that

explanations written to address a user’s likely misconception improves unaided decisions, while in education,

students who practice with unrestricted AI seem to perform worse than students without it once access to

AI is removed [2]. What helped learning in these studies is changing the context in which the AI assistance

was provided. For the same evidence, correct answer, and explanation, they differed in whether a user had

to commit to a judgment before seeing it.

This paper reports on an experiment where participants judged the veracity of health claims, using

different forms of AI assistance. After six baseline claims judged without AI, participants practiced on ten

claims with three evidence cards each. Answer-first AI showed a correct, scripted answer and explanation

before the participant judged. Evidence-first AI required a source choice and an initial judgment before

showing the same answer, then asked for a final judgment. Source-practice required the same evidence work

with an answer key and no AI. Every AI answer was correct, being prevalidated by expert judgment. An

eight-claim immediate test followed, while participants also returned about a week later to judge sixteen

new claims with evidence cards and no AI.

The paper makes three contributions. (1) A randomized two-wave test, with matched evidence and an

always-correct assistant, of whether requiring people to decide before AI advice improves later unaided

verification: it did not, and the interval rules out the benefit designers hope for. (2) Evidence that felt

control and later capability come apart: the interface that made people commit first raised their sense

of ownership and their reported deference, and lowered their unaided accuracy. (3) A worked example of

evaluating AI assistance by what remains after it, including an implementation deviation, the audit that

found it, and the bounded analysis that shows what it does and does not change.

The epistemic-transfer framework motivates separating assisted success from later performance [35]. A

revision of that non-archival preprint briefly summarizes selected outcomes from the same cohort. The

present paper provides the complete empirical design, analysis, and supplementary outcomes.

2 Related Work

2.1 Use of AI assistance

Research on AI assistance is versatile, but tends to be conducted in individual experiments. Studies have

shown that people sometimes reject useful AI advice after seeing errors [10], and sometimes follow incorrect

advice [19, 22, 25]. One approach to mitigate this is the use of cognitive forcing functions, which inhibit

heuristic overreliance on assistive tools [4]. One method is to setup a context in which a decision is required

from a user before advice is shown, which reduced accepted errors at a cost to interface preference [6].

Such decision order also matters in clinical imaging [11], where users who have to commit to an answer

before receiving assistance are more likely disagree with AI than those who are assisted first. Explanations

can support checking when verification is easier than acceptance [36]; partial explanations [8] and critical-

thinking prompts [34] can further change advice use.
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Fig. 1. Study design and sample. All users first judged the veracity of six claims without AI, then practiced on ten claims
in one of three randomly assigned interfaces; they remained in these conditions across Wave 1 (Baseline-Immediate probe)
and Wave 2 (Delayed test). An immediate test used eight new claims in participant-specific shuffled order; in both AI
groups, the answer was always shown on positions 1–4 and absent on positions 5–8. Source-practice had no AI on all eight
trials. About a week later, participants judged 16 new claims with evidence cards but no AI answer. Participant retention
was 85.9%, which did not differ significantly across conditions.

These studies primarily evaluate decisions while advice is available. We instead evaluate post-assistance

performance as the primary outcome. HCI theory distinguishes interface signals from user action [32], and

verification actions can change trust without a detectable change in reported agency [20]. Required action,

experience, and later performance therefore need separate measures.

2.2 Performance with AI does not predict learning

A growing part of literature now measures performance after AI support is withdrawn. Gajos and Mamyk-

ina [12] found that recommendations with explanations improved food choices in the moment but did not

teach the underlying rule, whereas reasoning from an explanation without a recommendation did. Karny et

al. [14] varied when assistance was available in a dynamic decision task and found immediate gains without

detectable skill degradation or carryover . Other studies report costs and associations in other learning

tasks. Software developers learning a new programming library with AI support showed weaker conceptual

understanding, code reading, and debugging ability when the AI tool was removed [30]. In another study,

brief AI assistance improved short-term performance but reduced later unassisted performance and persis-

tence across reasoning and comprehension tasks [21]. For logic puzzles, greater reliance on on-demand AI

assistance was associated with weaker post-removal skill gains [39]. Similar patterns were found in schools,

where unrestricted AI use improved practice performance but harmed later unaided performance unless

the tutor withheld answers and provided hints [2]. An observational secondary-school panel study likewise

reported a gap between AI-supported homework and closed-book exams [31]. Buçinca et al. further showed

that explanations targeting a user’s likely misconception can improve unaided decisions [4]. Together, this

work establishes post-assistance performance as a distinct outcome. Our narrower question is whether an

evidence-first sequence changes it when the evidence, answer, and explanation content are held fixed.

Two lines of learning research suggest competing reasons why one sequence might be useful. Research

on retrieval practice says that trying to answer before being told helps, even when the attempt fails [15],

and that confidently held errors are corrected especially well by feedback [5]. That is the intuition behind
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evidence-first designs. Worked-example research provides a different rationale for beginners: studying a

worked solution can reduce the demands of unguided problem solving and help learners identify a solution

pattern [33]. An answer-first display resembles a worked example. These accounts motivate the sequence

comparison; the experiment does not separately manipulate or identify either learning mechanism. Source-

practice provides an active-practice comparison: participants did the evidence work on their own and then

received the same reference answer without an AI framing. Because every group practiced, it is not a

no-practice control and cannot identify absolute learning relative to receiving no practice.

Buçinca et al. found that explanations contrasting the AI’s answer with a predicted plausible alternative

improved immediate independent performance relative to explanations justifying only the AI’s answer [4].

Their variants using a predicted alternative before a decision or the participant’s own choice after a decision

did not differ detectably on the reported objective outcomes. That comparison changed the alternative as

well as when it was presented, and concerned short-term learning. In misinformation verification, Rani et

al. followed 67 participants over four weeks of AI dialogues and found that high assisted accuracy did not

translate into sustained accuracy on new items [28]. Their design lacked a longitudinal no-AI comparison, so

the observed change does not isolate AI-caused skill loss. Our study instead estimates the delayed difference

between randomized, matched-content interface sequences. It does not introduce delayed verification as a

new outcome or estimate absolute learning.

2.3 What claim-checking asks of people

Judging an online health claim is not recall. It means noticing where a statement comes from, comparing

sources, telling evidence from advertising, and deciding how far a source actually supports the conclusion

[23, 26, 38]. An AI assistant shortens that work: it finds sources and collapses them into an answer. That

help is not automatically good. DeVerna et al. found that fact-checks from a large language model that

correctly spotted most false headlines did not make people better judges and sometimes made them worse

[9]. The model can turn a multi-step task into a single decision: accept or reject its answer.

2.4 Contribution

Prior work already distinguishes assisted success from learning, and already tests whether people should

decide before advice. The remaining question here is specific: how do these two matched-content sequences

compare when people return to judge unfamiliar health claims with evidence but no AI answer? Table 1

locates this comparison relative to the closest studies. The delayed test separates the outcome from the

assisted session and uses different claims, while the randomized interface assignment supplies a comparison

of the complete experiences. It does not by itself identify absolute learning or a psychological mechanism.

3 Main question and hypotheses

The primary research question examines to what extent the order in which AI judgment and evidence are

shown to a user affects its claim judgment accuracy over time. We primarily test the following hypotheses:

[H1]: On new claims judged without the AI answer one week after practice, evidence-first participants

are more accurate in their claim assessments than answer-first participants, also when adjusting for baseline

accuracy.
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Table 1. Closest prior studies and the evidence added here. The studies differ in tasks, interventions and outcomes; their
effects are not directly interchangeable.

Study Question and assessment Relation to this study

Gajos and Mamykina
[12]

Initial choice before advice, with
same-session incidental learning in
a nutrition task.

Establishes the preceding-decision
question; our endpoint is unfamiliar
health claims after about a week.

Buçinca et al. [4] Explanation content and
presentation variants, with
immediate independent exercise
decisions.

Shows why explanation content
matters; our reference content is
matched across full interface
sequences.

Rani et al. [28] Four weeks of AI dialogue and news
discernment, without a longitudinal
no-AI comparison.

Establishes delayed verification as an
existing concern; our randomized
contrast compares two interface
sequences.

Present study Delayed novel-claim verification
after answer-first, evidence-first, or
active source-practice.

Estimates the complete-sequence
difference and its uncertainty relative
to the specified practical margin.

In addition, we expect similar advantageous effects immediately after practicing with the sources under-

lying the AI assistance. We posit the following:

[H2]: Evidence-first participants are in the short-term more accurate in their claim assessments than

answer-first participants, also when adjusting for baseline accuracy.

Furthermore, we examined to what to which participants across the two AI conditions changed in their

performance when judging claims between the two waves of data collection. We formulate the following

hypothesis about this tool removal cost:

[H3]: The difference between final accuracy when the assistant is available and accuracy when it is

unavailable will be larger in answer-first than in evidence-first.

4 Method

4.1 Study design

We conducted a between-subjects online experiment with three interface conditions and two waves. In

Wave 1, participants completed a short questionnaire, judged six baseline claims without AI assistance,

completed ten practice claims using their assigned interface, and judged eight new claims in an immediate

test. About one week later, participants completed Wave 2. They judged 16 new claims using evidence

cards without an AI answer. Figure 1 summarizes the study sequence. Participants were assigned to one

of three conditions for the ten practice claims. In the answer-first AI condition, the AI answer appeared

before participants reviewed the evidence and made their judgment. In the evidence-first AI condition,

participants first reviewed the evidence and recorded an initial judgment. They then saw the AI answer

and could provide a final judgment. In the source-practice condition, participants worked with the evidence

without seeing an AI answer. The claims, evidence cards, source-selection task, and reference answers were

identical across conditions.
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4.2 Participants

The final sample included 474 participants who completed both waves. This corresponds to an 85.9% reten-

tion rate from the Wave 1 sample of 552 participants. Participants were recruited through crowdsourcing

platform Prolific on 24 and 25 August 2026 for Wave 1. Participants were required to be U.S.-born citizens

and current residents. We also required participants to have a prolific approval rate of at least 95% and

to have completed a minimum of 100 previous prolific submissions. Their ages ranged from 19 to 80 years

(𝑀 = 41.9, 𝑆𝐷 = 12.7). The sample included 246 women (51.9%), 223 men (47.0%), four non-binary par-

ticipants (0.8%), and one participant who preferred to self-describe (0.2%). The largest education group

held a bachelor’s degree (𝑛 = 199, 42.0%). Median completion time was 19.5 minutes in Wave 1 and 9.8

minutes in Wave 2. Participants received £5.00 for Wave 1 and £2.40 for Wave 2. Among the participants,

234 (49.4%) used AI daily or almost daily, 373 (78.7%) used it at least weekly, and 385 (81.2%) had used

AI to check whether information was true.

4.3 Claims and evidence

We created 40 short English health claims: six for the baseline task, ten for practice, eight for the imme-

diate test, and 16 for the delayed test. Topics included antibiotics, sleep, physical activity, vitamins and

supplements, sunscreen, detox products, colloidal silver, probiotics, and diet and cancer. Each claim was

labeled true, false, or misleading. We defined a misleading claim as one that contained some truth but

encouraged an incorrect conclusion. Each claim was linked to an authoritative public source, such as the

CDC, WHO, FDA, NIH Office of Dietary Supplements, NIH NCCIH, or National Cancer Institute, and

existing health fact-checking datasets [16, 37].

Two members of the team independently classified all 40 claims. They did not see the intended labels or

phase assignments. They also rated their confidence, checked the evidence summaries against the sources,

and flagged unclear wording or implausible distractors. They agreed on 33 claims (82.5%; Cohen’s 𝜅 =

.70 [7]). All seven disagreements concerned the distinction between false and misleading. Those were

adjudicated, reviewed against the original sources and received wording or evidence-card edits.

4.4 Procedure

After providing consent, participants reported their age, gender, education, frequency of AI use, previous

use of AI for fact-checking, general trust in AI, and confidence in identifying false health claims. They also

answered five questions about their information-checking habits. Participants first judged six baseline claims.

Each screen presented a claim and three evidence cards 2. Participants selected the best source, classified

the claim as true, false, or misleading, and reported confidence on a 0-100 slider. The slider ranged from

”guessing” to ”certain”. Participants did not receive an AI answer or corrective feedback. Claim order

was randomized, and response times were recorded. Participants were then assigned to a condition and

completed ten practice claims using the sequence described on figure 1. All conditions received the same

correct reference content, but its timing and framing differed. A short attention check followed the practice

task (”select False and enter 80”).

The immediate test contained eight new claims in participant-specific random order. In both AI con-

ditions, the assistant’s answer appeared on positions 1-4 and was absent on positions 5-8. Answer-first
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SOURCE-BASED RECONSTRUCTIONS · P007 PRACTICE CLAIM

Juice cleanses remove built-up toxins from the liver and blood.

A Answer-first AI

AI Verification Assistant

Verdict FALSE

There is no compelling evidence that commercial
detox or cleanse programs remove toxins from the
body.

Evidence cards + source choice (omitted)

Is this claim true, false, or misleading?

True False Misleading

How confident are you in your answer? move slider

0 · guessing 100 · certain

Submit judgment

B Evidence-first: initial judgment

AI Verification Assistant
Inspect the sources first. The assistant’s verdict is
intentionally hidden until after your initial judgment.

Evidence cards + source choice (omitted)

Is this claim true, false, or misleading?

True False Misleading

How confident are you in your answer? move slider

0 · guessing 100 · certain

Submit judgment

C Evidence-first: verdict revealed

AI Verification Assistant · verdict revealed

Verdict FALSE

There is no compelling evidence that commercial
detox or cleanse programs remove toxins from the
body.

Your first judgment has been saved. Now that you
have seen the assistant’s verdict, give the answer you
would use as your final judgment.

Is this claim true, false, or misleading?

True False Misleading

How confident are you in your answer? move slider

0 · guessing 100 · certain

Save final judgment & continue

D Source-practice

Independent evidence workspace
Inspect the sources and decide for yourself. A
non-AI reference answer will be shown after you
respond.

Evidence cards + source choice (omitted)

Is this claim true, false, or misleading?

True False Misleading

How confident are you in your answer? move slider

0 · guessing 100 · certain

Submit judgment

PHP/CSS reconstructions; spacing condensed and repeated blocks omitted. Untouched controls; not deployed captures.

Fig. 2. Source-based reconstructions for practice claim P007: (A) answer-first; (B) evidence-first before commitment; (C)
evidence-first after answer revelation; and (D) source-practice. Wording, component order, and initial control states follow
the supplied PHP/CSS. Shared claim boxes, evidence-card content, and page chrome are omitted, and spacing is condensed.
These are reconstructed illustrations, not deployed-session screenshots.

participants saw the answer before judging the first four claims. Evidence-first participants made an initial

judgment, saw the answer, and could revise their response. Both AI groups judged positions 5-8 without
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an AI answer. Source-practice participants judged all eight claims without an AI answer. Evidence cards

remained available on every trial. No answer-key feedback was provided during the immediate test.

At the end of Wave 1, participants completed 1–7 experience ratings and reported any use of outside

tools. Participants were reminded that the claims were not medical advice and that some were false or

misleading. We delayed the complete correction sheet until after the follow-up to avoid providing additional

instruction before the delayed test.

In Wave 2, participants judged 16 new claims using evidence cards without AI support. Participants were

instructed not to use search engines, AI tools, or other outside help during the study.

4.5 Measures

The primary measure was correctness of each judgment, particularly on the delayed test (i.e., Wave 2). Its

comparison adjusts for baseline accuracy and claim characteristics. The secondary immediate outcome uses

judgments without an AI answer: positions 5–8 in the AI groups, while the source-practice benchmark pools

all eight. Assisted accuracy uses final judgments after any required revision. The descriptive block gap is

accuracy on early assisted positions minus later unaided positions; it is not an identified causal removal

cost.

Each judgment also used a 0–100 confidence slider anchored “guessing” and “certain.” This is a rating,

not an explicitly elicited probability. The supplementary analyses retain the protocol’s squared rating–error

proxy, source choices, response times, revisions, and study-specific experience items, with their measurement

limitations. They do not establish calibration, validated agency, or a mechanism for the delayed contrast.

4.6 Exclusions and data quality

We only excluded participants with no consent, duplicate or fraudulent records, or no usable task data.

These rules were applied before the outcome analyses and without reference to condition-level results;

nobody among the 552 Wave 1 completers met them, and all 552 entered the analysis. We did not exclude

anyone for failing the instruction check or for self-reported outside help, because both came after assignment.

A prespecified sensitivity analysis drops those participants plus anyone whose median response time was

below 1.5 seconds. In the final data, one participant failed the instruction check, but was retained as it

was accidental. Moreover, eight participants reported outside help in at least one wave (four in each), and

nobody was faster than the speed threshold (the fastest median was 4.4 seconds per claim).

4.7 Analysis

The study protocol specified the confirmatory analyses before data collection. Some executable analysis

files were incomplete in the archived project materials. They were subsequently reconstructed from the

documented model specifications and validated against the archived model outputs. Because the study was

not externally preregistered, the timing of these specifications is supported by dated internal project records

rather than an independent registry.

Primary comparison. We fitted the prespecified mixed-effects logistic model using lme4 [3]. The unit of

analysis was a judgment, with random intercepts for participant and claim:

logit𝑃 (correct𝑖𝑗) = 𝛽0 + 𝛽1Interface𝑖 + 𝛽2Baseline𝑖 + 𝛽3Label𝑗 + 𝛽4Order𝑖𝑗 + 𝑢𝑖 + 𝑣𝑗 .
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The primary contrast was evidence-first versus answer-first, h odds ratios below 1 favor answer-first. H1 uses

the 474 observed delayed returners. Random assignment supports comparison of the complete sequences,

but missing outcomes still require assumptions: balanced return rates cannot exclude selective attrition.

The sensitivity checks below address recorded exclusions and timing, not arbitrary missing-not-at-random

mechanisms.

Three distinct accuracy summaries. Raw accuracy describes the observed participants and sixteen delayed

claims. For the prespecified response-scale summary, emmeans averages the three label levels equally on the

logit scale, fixes numeric covariates at their means and random effects at zero, then applies the inverse

logit. These are conditional reference-grid estimates, not population-average accuracies. The delayed set

contains six true, eight false, and two misleading claims; weighting and the order of transformation therefore

distinguish the reference-grid summary from raw accuracy. We retain the odds ratio as the primary contrast

and label the reference-grid differences explicitly.

Two post-hoc sensitivity summaries check dependence on that calculation. A baseline-adjusted participant-

level linear model estimates differences in individual mean accuracy, using its original ordinary model-based

interval. A second calculation averages probabilities from the same fitted mixed model over observed delayed

covariates and label frequencies, with random effects fixed at zero and fixed-effect delta-method intervals.

It changes averaging and transformation, not the fitted model; it does not integrate over random-effect

distributions. These summaries are separately labeled and are not independent replications.

Behavioral timing analysis. We calculated active time by summing the initial response time and post-

reveal revision time across trials. We report medians with bootstrapped 95% confidence intervals. Condition

differences were tested using linear models of log-transformed time, controlling for baseline accuracy. We

also used a logistic mixed-effects model to examine whether Wave 1 practice time was associated with

delayed accuracy. The model controlled for condition, baseline accuracy, claim truth, and trial order, with

random intercepts for participants and claims.

Hypothesis testing. Null-hypothesis tests were two-sided, with 𝛼 = .05. In addition, we performed ex-

ploratory equivalence tests, which required the entire 90% interval to fall within that band [17].

4.8 Use of generative AI in the research workflow

Generative AI tools were used to draft wording for the study interface and participant instructions, which

the authors reviewed and edited before deployment; to draft portions of the analysis and figure-generation

code, which the authors executed on the frozen data and checked against regenerated outputs; and to

propose sensitivity and consistency checks, whose appropriateness and interpretation were evaluated by the

authors. OpenAI Codex was used during the current revision to compare the documented protocol, deployed

implementation, participant logs, analysis code, and reported results. Generative AI did not assign reference

labels, interact with participants, access raw participant identifiers, or make final analytical or interpretive

decisions. The experimental “Verification Assistant” was a deterministic scripted interface and did not call

a generative model during participation.
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4.9 Ethics and openness

The study was registered with the authors’ institution for research and data-protection compliance on

17 August 2026. Under the requirements applicable in the authors’ research environment, this minimal-

risk, non-medical behavioural study did not require independent ethics-board review. The record specifies

processing ordinary personal data for research under GDPR Article 6(1)(e), with informed consent, and

no collection of participants’ health data. Before consenting, participants were told that some claims were

false or misleading, that nothing in the study was medical advice, and that the full correction sheet would

come after the follow-up. Individual participant records were processed and stored pseudonymously.

Supplementary materials are available at 1. The repository contains the analysis code, participant records,

prevalidation materials documenting independent review and adjudication of the experimental claims, a

runnable version of the participant-facing web prototype, and README files for reproducing the analyses

and running the prototype.

5 Results

5.1 Sample and follow-up

All 552 Wave 1 completers entered the analysis: 184 answer-first, 183 evidence-first, and 185 source-practice.

Delayed returners numbered 157, 159, and 158, respectively (474 total; 86% retention). No interface differ-

ence in return rates was detected (𝜒2(2) = 0.22, 𝑝 = .894, adjusting for baseline accuracy). Returners and

non-returners had similar baseline accuracy (0.670 vs. 0.658); returners were somewhat older (41.9 vs. 38.6

years). Baseline accuracy was 0.657, 0.675, and 0.673 across the three groups (𝐹 (2, 549) = 0.52, 𝑝 = .593).

Follow-up occurred after a median of eight days; one returner was marginally outside the planned 6–10-day

window (10.001 days).

5.2 Primary comparison: delayed verification

The delayed comparison did not support a five-point evidence-first advantage on the prespecified model

summary. For sixteen new claims with evidence cards but no AI answer, observed accuracy was 67.2% for

evidence-first, 70.0% for answer-first, and 68.4% for source-practice (Figure 3). Hence, although performance

for evidence-first was lower than for answer-first contrast, the difference was not significant: OR = 0.791

(95% CI [0.624, 1.002]), 𝑝 = .052. Thus, [H1] was not supported.

The accompanying conditional reference-grid difference was −5.47 percentage points (95% CI [−10.97,

+0.04]; Table 2). The interval includes zero and excludes a +5-point advantage on this specified scale. It

also remains compatible with appreciably lower accuracy under evidence-first. Accordingly, the prespecified

equivalence test was inconclusive: its 90% interval, [−10.08, −0.85], was not contained within ±5 points.

The result constrains the proposed benefit without establishing that the sequences are interchangeable.

5.3 Sensitivity to exclusions, timing, and averaging

The planned exclusions sensitivity, removing the instruction-check failure and reported outside help (no

participant met the speed threshold), would lead to OR = 0.79, 𝑝 = .051. Restricting follow-up to the

1https://osf.io/j3tce/overview?view only=780c9262a0c345dabebc9dc506d8da60

https://osf.io/j3tce/overview?view_only=780c9262a0c345dabebc9dc506d8da60
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60 65 70 75
Observed accuracy (%)

Answer-first AI
n = 157

Evidence-first AI
n = 159

Source-practice
n = 158

Participant means; bootstrap 95% CIs

70.0%

67.2%

68.4%

a  Observed delayed accuracy

−10 −5 0 +5
EF − AF (percentage points)

Conditional reference-grid scale

±5-point equivalence region

95% CI: [−10.97, +0.04]

90% CI: [−10.08, −0.85]

EF − AF estimate: −5.47 points

← Favors answer-first Favors evidence-first →

b  Prespecified delayed contrast

Fig. 3. Delayed verification after a median of eight days. (a) Observed accuracy on sixteen novel claims among return-
ers, with participant-bootstrap 95% intervals over the fixed claim set; these are descriptive. (b) The primary conditional
reference-grid evidence-first minus answer-first difference. The 95% interval includes zero but excludes a five-point advan-
tage. The 90% interval is not inside the prespecified ±5-point equivalence band. The two panels use different summaries:
observed item frequencies in (a), and equal label weighting on the logit scale, mean covariates, and zero random effects
in (b).

planned 6–10-day window (𝑁 = 473) would lead to OR = 0.79, 𝑝 = .052. These results retain the direction

of the original estimate; neither resolves selective attrition.

The participant-level post hoc estimate was −3.68 points (95% CI [−7.43, +0.07], 𝑝 = .054, 𝑑 = −0.22).

Averaging fitted probabilities over observed covariates and label frequencies, with random effects zero, gave

−3.72 points (95% CI [−7.49, +0.04]; Table 2). The difference in magnitude from the reference grid shows

why its −5.47 points should not be presented as the raw or population-average accuracy gap. Across these

specified summaries, a near-zero difference remains compatible with the data, the point estimate favors

Table 2. Delayed evidence-first minus answer-first differences. All values are percentage points with 95% intervals. The
first row is the prespecified conditional reference-grid summary accompanying the primary OR. The other rows are post
hoc sensitivity summaries of the same observations; their averaging and covariance assumptions differ. They are not
independent confirmations or interchangeable population effects.

Summary Difference 95% CI

Prespecified conditional reference grid −5.47 [−10.97, +0.04]
Participant mean accuracy, baseline adjusted −3.68 [−7.43, +0.07]
Observed-covariate probability averaging, random effects
zero

−3.72 [−7.49, +0.04]
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answer-first, and a five-point advantage is not supported. The protocol’s equivalence criterion applies to its

specified reference-grid calculation.

Delayed performance was especially low on the two misleading claims (21–27% correct across interfaces),

compared with true (86–88%) and false (65–69%) claims. Exploratory label-removal checks gave OR = 0.78

[0.60, 1.02] after excluding the misleading item relabeled during validation, and OR = 0.77 [0.56, 1.06] after

excluding both misleading items. The point estimates remain similar, but intervals widen. These checks do

not replace replication across additional claims; their full results and label-confusion patterns are in the

supplement.

5.4 Active comparison and planned secondary outcomes

Source-practice contextualizes the AI sequence comparison, but is not a no-practice control. Its delayed

contrast with answer-first was OR = 0.88, 95% CI [0.70, 1.12], 𝑝 = .295; the conditional reference-grid

difference was −2.91 points [−8.34, +2.53]. On the separately labeled participant-accuracy scale, evidence-

first minus source-practice was −1.73 points [−5.47, +2.01]. These comparisons do not establish equivalence

or absolute improvement in any group.

For H2, both AI groups judged the unaided immediate trials at the same positions (5–8), so this compar-

ison is randomized. It favored answer-first: raw accuracy was 69.2% versus 64.3%, OR = 0.71 [0.52, 0.96],

unadjusted 𝑝 = .028; the reference-grid difference was −8.2 points [−15.5, −0.8]. Minutes after practicing

with an interface that had required them to judge from the evidence before every answer, evidence-first par-

ticipants were less accurate at judging new claims from evidence than participants who had been handed the

answer first. This is a secondary result about the full assigned history up to that point; its Holm-adjusted

𝑝 = .055 warrants caution, and it is not a primary finding of harm. Source-practice’s immediate benchmark

pools all eight positions (67.6%).

H3’s intended within-person removal effect was not found in our analyses. The raw early minus late gaps

were 19.4 points in answer-first and 27.7 in evidence-first, opposite to the predicted ordering; the archived

block interaction (OR = 2.15 [1.09, 4.22], 𝑝 = .029) is a description of ordered blocks, and its significance

does not remove the confound. The supplement preserves the full model and its limits.

5.5 Position-effect analysis (post hoc)

Furthermore, we examined whether the position of a claim in the study affected the results across conditions.

Source-practice took the same eight immediate-test positions with no AI compared to the AI conditions,

allowing us to compare its wave 1-minus-wave 2 difference with regard to claim position, elapsed time,

and the shuffled claim mix alone. That difference was +4.1 points (95% CI [−0.5, +8.6], cluster-robust

by participant); the corresponding first-half minus second-half differences were +2.2 points at baseline and

−0.1 points at the delayed test, where no AI appeared either (Figure 4). Subtracting the source-practice gap

from each AI group’s gap (a difference-in-differences) gives +15.4 points [+9.3, +21.5] for answer-first and

+23.7 points [+17.7, +29.7] for evidence-first, and the evidence-first gap exceeded the answer-first gap by

8.3 points [2.6, 14.0]. This suggested that the assisted-versus-unaided gaps are far too large to be position

effects, and it locates the immediate test in the same pattern as the delayed one: high accuracy while the

answer was on screen, and accuracy near the no-AI level as soon as it was not.
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Fig. 4. Bounding the position confound in the immediate test (post hoc). (a) Accuracy on positions 1–4 versus 5–8 by
interface (participant means, bootstrap 95% intervals). Both AI groups had the answer on 1–4 and not on 5–8; source-
practice had no AI at any position. (b) The source-practice early-minus-late difference estimates the position effect alone;
the difference-in-differences subtracts it from each AI group’s gap (cluster-robust 95% intervals). The analysis assumes
equal position effects across groups and is a bound, not a randomized removal contrast.

We further explored whether performance and choice in Wave 1 predicted outcomes in Wave 2. A 10-

point higher rate of selecting the authoritative source during practice was associated with 2.3 points higher

delayed accuracy after adjustment for baseline accuracy, baseline source choice and interface (95% CI [1.5,

3.1]); residual confounding and measurement error prevent a causal interpretation. The questionnaire ran

the other way from the accuracy results. Evidence-first participants agreed more that they had formed

their own judgment before relying on the system (6.19 vs. 5.79 on a 1–7 scale, 𝑑 = 0.35, 𝑝 = .001)—as

the interface had required, so the item partly restates the manipulation—and also agreed more that they

had gone along with the assistant even when unsure it was right (4.02 vs. 3.29, 𝑑 = 0.38, 𝑝 < .001). They

answered about 12% faster on unaided trials (log response time −0.12, 95% CI [−0.21, −0.04]). Reported

effort, the feeling that the interface did the thinking, and willingness to use the assistant again did not differ.

These items are not validated agency measures; they show that the interface that made people commit first

left them feeling more in charge and more deferential at once, while their unaided accuracy was lower. The

supplementary analyses report these outcomes, response times, revisions, and questionnaires in full.

5.6 Behavioral timing analysis

In Wave 1, source-practice required less active time than answer-first. In Wave 2, evidence-first required less

active time than answer-first (table 3). The other condition differences were not significant. Longer practice

time in Wave 1 had a small positive association with delayed accuracy (Spearman’s 𝜌 = .16, 𝑝 < .001). The

adjusted mixed-effects model showed a similar result. A one-standard-deviation increase in log practice time
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Table 3. Active task time by condition. Medians are reported with bootstrapped 95% confidence intervals. Adjusted
differences were estimated using linear models of log-transformed time with answer-first as the reference condition. Negative
values indicate less active time than answer-first.

Wave Condition 𝑁 Median minutes (95% CI) Adjusted difference vs. answer-first (95% CI)

Wave 1 Answer-first 184 14.46 [13.73, 15.66] Reference
Wave 1 Evidence-first 183 15.33 [14.38, 16.87] 6.0% [−3.0%, 15.9%], 𝑝 = .194
Wave 1 Source-practice 185 13.34 [12.27, 14.10] −8.6% [−16.3%, −0.1%], 𝑝 = .046

Wave 2 Answer-first 157 9.33 [8.48, 10.11] Reference
Wave 2 Evidence-first 159 7.82 [7.37, 8.90] −10.9% [−19.5%, −1.4%], 𝑝 = .026
Wave 2 Source-practice 158 9.06 [8.48, 9.58] −3.1% [−12.4%, 7.3%], 𝑝 = .544

was associated with higher odds of a correct delayed response (OR = 1.25, 95% CI [1.07, 1.46], 𝑝 = .004).

The association did not differ significantly between conditions, 𝑝𝑠 > .41.

6 Discussion

We have investigated whether making people decide before a correct AI answer leaves them better at judging

new claims once the AI is gone. The results suggest that this is not the case, as the evidence-first sequence

has produces no delayed advantage over answer-first. Overall, we have detected no difference between either

AI interface, nor between the AI interfaces and source-practice. Below, we first explain what the data

suggest, then why our hypotheses have not been supported, and then what it implies for further design and

evaluation.

6.1 Verification on loan

Every unaided measurement in this study sits at roughly two-thirds correct: the baseline, participants’ own

judgments before the answer during practice, the unaided immediate trials, and the delayed test, in every

group. Every measurement with the answer on screen sits near 90%. The immediate-test part of that picture

cannot be read as a randomized removal effect, because the answer was always shown first; but the no-AI

group on the same schedule moved by four points between the same positions, so gaps of 19 and 28 points

are not order effects. Descriptively, then, the assistant lent accuracy for the duration of a trial and took it

back when it left, and ten practice claims with correct feedback—delivered before the judgment, after it,

or as an answer key without AI—did not move unaided accuracy off its starting level. That is the pattern

we call verification on loan. It is consistent with studies in which performance with AI and skill without it

come apart [2, 12, 31], and with the finding that a correct AI fact-check need not improve discernment [9].

What this study adds is the interface comparison: holding the content of the help fixed and requiring the

person to commit before receiving it did not change what remained.

6.2 Why did deciding first not help?

Correction by replacement. Learning research predicts that attempting an answer before being told helps,

even when the attempt fails [5, 15]. That benefit is usually measured on the same item; our tests used new

claims, so what had to carry over was a way of reading evidence, not an answer. After the reveal, evidence-

first participants adopted the AI’s answer on 93% of practice trials and moved on; nothing asked them
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to reconcile their reasoning with the AI’s, which is the step Buçinca et al. found necessary for unaided

skill to improve [4]. Committing first created a disagreement; the interface resolved it by replacement. A

follow-up would hold the sequence fixed and randomize a reveal that requires the participant to explain the

disagreement.

The answer-first explanation as a worked example. Answer-first participants read a correct answer and its

explanation before looking at the cards. For beginners, a worked solution studied before attempting problems

can teach the pattern better than unaided attempts [33]. Repeated answer exposure could contribute in

the same direction. Because the sequences differ in several components, this study cannot separate these; a

follow-up should vary the explanation and the exposure independently.

Learning to defer. On about a third of assisted trials, evidence-first participants saw their own judgment

fail against an assistant that was never wrong. Afterwards they said more often that they went along

with the AI when unsure, said slightly less that the interface made them inspect evidence, and answered

faster when the answer was absent. One reading is that repeated correction by an infallible assistant taught

them that their reading of the evidence was the less reliable one. This is speculative; it predicts that the

evidence-first shortfall would shrink or reverse with an assistant that is visibly wrong on some trials.

Too little practice. All three groups practiced on ten claims in one sitting, and none improved. The study

cannot distinguish an interface that fails to teach from a dose too small for anything to teach. Multi-session

practice with the same unaided tests would.

6.3 Feeling in control is not being capable

The interface that made people commit first produced the largest questionnaire effect in the study—

participants said they had formed their own judgment before relying on the system—and that feeling

had no relation to their delayed accuracy. The same participants reported more deference and were less

accurate without the AI. Liao and Sundar [20] found that verification actions changed trust without the

expected change in felt control ; our results extend the gap to capability. An evaluation that used ownership,

effort, or satisfaction as its outcome would have called evidence-first the better design. An evaluation that

used accuracy with the AI would have called it marginally better still. Only the unaided tests showed that

it built no more skill than the alternative, and that the people who felt most in charge were slightly worse

on their own.

6.4 Implications for design and evaluation

Answer timing is not a learning intervention. Requiring a first judgment before the AI’s answer remains a

reasonable way to reduce acceptance of wrong suggestions in the moment [6, 8]. On this evidence, designers

should not expect it to protect or build the user’s own skill, and a product that “keeps the human in the

loop” by delaying the answer is making a claim about the assisted session, not about what is left afterwards.

If skill is the goal, change what the AI gives. The interventions that have produced unaided gains changed

content—hints instead of answers [2], explanations aimed at the user’s likely mistake [4], reasoning from an

explanation without a recommendation [12]. The evidence-first reveal screen is the natural place to ask the

user to explain a disagreement before showing the resolution.
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Measure what remains, and audit the schedule. Eight unaided claims in the session and sixteen a week

later were enough to separate a large in-session lift from a capability effect bounded within a few points,

and the same schedule showed where our own implementation departed from its protocol. A no-AI arm on

an identical schedule is cheap and, as here, is what makes a deviation interpretable rather than fatal. We

recommend both, and a scripted check, before any model is fitted, that every randomized factor actually

varied in the logged data.

6.5 Limitations and scope

The immediate probe did not implement the planned availability randomization. All 367 AI participants

received assisted positions 1–4 followed by unaided positions 5–8, although claims were shuffled. Availability

is therefore inseparable from order and accumulated exposure; neither a block interaction nor adjustment

for position identifies a causal removal cost or differential dependency. The supplementary analyses retain

the original estimates with this limitation. The delayed randomized comparison remains a comparison of

complete assigned histories, including each interface’s four assisted probe trials, rather than an effect of the

ten practice claims alone.

All three groups practiced and received reference content. Source-practice supplies an active comparator

without AI framing, not a no-practice counterfactual. The study therefore cannot determine whether any

group learned more than it would have without practice. Different fixed claim sets across phases likewise

prevent interpreting a trajectory as absolute improvement or skill loss. A future study targeting absolute

learning should include a no-practice group and counterbalance claim sets across stages.

The outcome is verification using curated evidence. Participants had three prepared cards for each delayed

claim, rather than locating and assessing sources on the open web. Only two of the 16 delayed claims

were misleading, limiting conclusions about that category. The correct scripted assistant removes model

variability but does not represent a fallible or interactive generative system. Ten practice claims and one

follow-up also leave longer, spaced practice and other intervals untested.

The sample consisted of U.S. Prolific participants. Although 85.9% returned and retention did not de-

tectably differ by interface, balanced return rates do not exclude selective missingness; the primary analysis

uses observed delayed outcomes. The study was not externally preregistered. The team’s records describe

the hypotheses, specifications, and five-point threshold as fixed before recruitment, but the audit cannot

independently verify their timing. The planned power simulation was completed only after data collec-

tion. We therefore base the interpretation on estimated effects and intervals, preserve the planning and

implementation record, and treat secondary and exploratory findings as supporting context.

7 Conclusion

AI assistants make people better at judging claims while they are present. This study asked whether a

common interface choice—hiding the AI’s answer until the user has looked at the evidence and committed

to a judgment—changes what people can do once the assistant is gone. In a two-wave randomized experiment

with identical evidence and an always-correct assistant, it did not: one week later, deciding first produced

no advantage and possibly a small disadvantage, neither AI interface differed from practice without AI,

and the people who felt most in charge were slightly worse on their own. Accuracy was on loan under both

designs. The immediate test did not run as its protocol specified; we report what that removes and what it
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leaves, and we treat it as one more argument for the practice the paper recommends: evaluate AI assistance

by testing people without it, on new tasks, later, and check that the schedule you analyze is the one you

ran.
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