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Programming error messages are often difficult to interpret and act on, and large language models (LLMs) can rewrite them into more
contextual explanations. Yet an explanation that feels clearer may not improve repair. We report a three-stage crowdsourced study that
calibrated both participant proficiency and debugging-task difficulty before comparing standard Python interpreter messages with
two Llama-3.1-8B-Instruct rewrite conditions: a concise Pragmatic prompt and a longer, scaffolded Contingent prompt. In a Prolific
experiment (N = 103), LLM rewrites especially Pragmatic messages received more favorable readability and cognitive load ratings,
but we found no reliable improvement in objective debugging outcomes such as fix rate, attempts, or time-to-fix. We treat the two
rewrite conditions as bundled prompt manipulations rather than personalized or adaptive explanations: assignment was random, and
the prompts jointly varied properties including length, scaffolding, and tone. The results motivate evaluation of Al feedback using

behavioral outcomes alongside perceived helpfulness and demonstrate a crowdsourced calibration workflow for doing so.

1 Motivation and Related Work

Programming diagnostics often suffer from jargon, weak localization, insufficient context, and limited actionable
guidance [1]. LLMs offer a flexible way to rephrase or contextualize such messages [2], but evidence that better
explanations improve repair is mixed [3, 4]. We therefore compare standard Python interpreter output with two LLM
rewritten message packages on both debugging performance and user perceptions. We measure debugging relevant
proficiency to examine heterogeneity, but the messages are not personalized to skill and do not adapt during interaction;

this is a study of static rewrite conditions, not an adaptive tutor.

2 Crowdsourced Calibration and Main Study

Our pipeline had three stages. Proficiency calibration: from 56 multiple choice items spanning code comprehension,
error message interpretation, fault localization, and repair selection, pilot participants answered 16 and eight were
selected using item difficulty and point-biserial discrimination. Scores plus self reported Python experience formed
lower and higher assessed proficiency categories. Task calibration: eight self contained, single fault Python snippets
were rated on code/fix difficulty, message mental demand, and usefulness; four moderately difficult snippets with varied
error types were retained. Main experiment: 103 valid Prolific participants (38 lower, 65 higher assessed proficiency)
were balanced across Standard (n = 35), Pragmatic (n = 35), and Contingent (n = 33) conditions and four snippets. Each
participant saw one snippet and one message, attempted up to three repairs, and then rated the message.

Standard showed unmodified Python output. Pragmatic rewrites were constrained to about 20-25 words and provided
a concise cause and repair hint. Contingent rewrites used 3-5 supportive sentences, additional reasoning context, and
an instruction to avoid an authoritative tone. Both used Llama-3.1-8B-Instruct, zero-shot prompting, temperature 0,
and the full code, interpreter error, and line numbered context. The conditions therefore constitute bundled message

manipulations: length, scaffolding, wording, and tone were not independently controlled.
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Objective measures were fix rate, attempts/Fix@k, and time-to-fix. Subjective 5-point items covered readability,
intrinsic/extraneous/germane cognitive load, and respectful/reader centered tone. Ordinal ratings were analyzed with

Kruskal-Wallis tests and, where appropriate, Holm-adjusted Dunn comparisons.

3 Results

LLM rewritten messages received more favorable subjective evaluations, especially Pragmatic versus Standard. In the
full sample, Pragmatic differed from Standard on sentence structure (p = .0218), vocabulary complexity (p = .0063),
intrinsic load (p = .0017), extraneous load (p = .0064), and germane load (p = .0013). Contingent differed from Standard
on intrinsic (p = .0431) and germane load (p = .0488). Tone differed for both rewrite conditions; because tone was
explicitly manipulated in the Contingent prompt, we treat this primarily as a manipulation check rather than a separable
tone effect.

These perceptual differences did not yield reliable objective gains. Mean time-to-fix among successful participants
was 416s (Standard), 325s (Pragmatic), and 424s (Contingent), but variability was high and objective tests did not
establish a reliable performance advantage. Fix@k had little intermediate variation: participants often succeeded on the
first attempt or failed within three attempts. Proficiency-by-style patterns are descriptive only because snippet-by-style

subgroup cells contained just 3-6 participants.

4 Interpretation and Limitations

A clearer feeling diagnostic is not necessarily a more effective debugging aid. Repair also requires connecting the
message to program state, selecting a change, and implementing it correctly. Our design cannot attribute the observed
perceptual differences to a single mechanism because the rewrite packages varied multiple properties simultaneously.
In addition, proficiency categories were task-aligned rather than externally validated expertise measures; subgroup
analyses were underpowered; tasks were short, synthetic, single-fault snippets; and all rewrites came from one model
with fixed prompts and decoding.

The methodological contribution is therefore central: human input calibrated participant proficiency and task difficulty
before evaluating Al-generated feedback. Future studies should independently manipulate message attributes, explicitly
audit generated diagnostics for correctness, use repeated and more realistic debugging tasks, and test interaction aware
support that changes only when repair behavior indicates a need for additional guidance. Overall, the study shows why

subjective helpfulness should be evaluated alongside behavioral outcomes when assessing human-AI complementarity.
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