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Coaching and wellbeing platforms now generate personal
goals on users’ behalf, assuming that AI produces better-
structured goals than users write themselves and that struc-
ture yields better outcomes (Schimpf et al. 2026). Personal
goals differ from most AI-assisted artifacts, whose value is
realized at the moment of delivery. A goal’s value is re-
alized only in the behavior it drives afterward, and it ar-
ticulates who the person wants to become. Psychological
ownership grows through investment of self, intimate know-
ing, and control over the target (Pierce, Kostova, and Dirks
2001, 2003), and self-determination theory holds that sus-
tained motivation requires behavior to be experienced as
self-endorsed rather than externally imposed (Ryan and Deci
2000). Authoring a goal walks through all three owner-
ship routes at once: delegating to an LLM walks through
none of them, paralleling the IKEA effect (Norton, Mochon,
and Ariely 2012). Goal-setting theory predicts the opposite:
clearer, SMART-compliant goals should raise attainability
regardless of authorship (Locke and Latham 2002; Doran
1981), though goal effects remain conditional on commit-
ment (Klein et al. 1999). The closest precedent, Schimpf
et al. (2026), improved goal quality with LLM chatbots
without raising commitment; ours varies the goal’s source
instead.

In a two-arm design, 470 U.S. Prolific adults completed
a trait self-efficacy scale (Chen, Gully, and Eden 2001)
and a guided reflection (McAdams 2001), then wrote three
SMART goals themselves, with copy-paste disabled, or re-
ceived three generated from their reflection by an LLM and
retyped them verbatim to equate typing effort. Participants
rated each goal on commitment, self-efficacy, importance,
difficulty, and clarity, and completed an ownership scale and
authorship slider. An LLM judge scored all goals against the
SMART criteria (Gilardi, Alizadeh, and Kubli 2023). Two
weeks later, 332 participants returned (70.6%) for a recall
task, action-initiation reports, and re-rated measures.

The manipulation separated cleanly (d = 2.53), and LLM
goals scored higher on every SMART dimension (d = 2.26),
yet motivational outcomes moved in the opposite direction
on nearly every measure: ownership (d = 1.38), commit-
ment (d = 1.19), and importance (d = 1.13) all favored
self-authorship, and the predicted self-efficacy gain reversed
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(d = 0.62). LLM goals felt less difficult, but subjective clar-
ity did not differ despite being objectively clearer. Owner-
ship mediated the authorship effect on every downstream
outcome, whereas SMART score accounted only for per-
ceived difficulty. At follow-up, self-authors recalled their
goals more accurately and acted on more of them (1.95 vs.
1.43 of three); 72.8% versus 46.6% had acted on two or more
goals (p < .001), and the ownership and commitment gaps
persisted. Baseline ownership, measured before any oppor-
tunity to act, mediated later action initiation, a leading indi-
cator of behavior beyond self-report. Trait self-efficacy mod-
erated this path: erosion was approximately 55% larger for
users low in trait self-efficacy, though substantial throughout
the sample (Bandura 1997; Schunk and DiBenedetto 2020).

Goal quality and ownership operate on different psycho-
logical registers, so optimizing one does not advance the
other, a boundary condition on goal-setting theory’s speci-
ficity principle, since specificity supplied by an AI carries no
informational value the user did not already possess. Frame-
works built around output quality (Green and Chen 2019;
Buçinca, Malaya, and Gajos 2021; Dhillon et al. 2024; Al-
berts, Lyngs, and Lukoff 2026) assume the artifact is the de-
liverable, and so fail to detect a deployment that scores well
at delivery while degrading the conditions its outcomes de-
pend on. We extend the ownership erosion found in AI writ-
ing assistance (Draxler et al. 2024; Joshi and Vogel 2025;
Kadoma et al. 2024) with a concrete behavioral cost, par-
alleling harms already documented in AI-managed labor
(Dong et al. 2025). This cost concentrates among users low-
est in trait self-efficacy, the population AI coaching tools are
designed to serve, so a deployment can appear successful on
average while concentrating harm among its most vulnera-
ble users (Axelsson et al. 2025; Pi, Turkay, and Bogiatzis-
Gibbons 2025). Design should scaffold articulation rather
than replace it: the user’s own words as the first draft, re-
finement over generation (Gero et al. 2026), ownership mea-
sured directly, and caution against over-assisting users who
struggle with articulation (Joseph 2025). Limitations include
verbatim retyping, self-reported action, a two-week win-
dow, and SMART-only quality (Sheldon and Elliot 1999).
Platforms deploying AI in identity-relevant domains should
demonstrate ownership and behavioral follow-through be-
yond quality benchmarks. The full version of our paper can
be accessed at: https://arxiv.org/abs/2605.12344
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