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Language barriers and real-time instruction remain a major challenge in multilingual crowdsourcing. We compare Al-based (GPT-4)
and human peer instruction in a multilingual bounding-box annotation task with 65 crowdworkers. We find no significant difference
in annotation quality between conditions, but distinct interaction patterns: Al-instructed workers exchanged more messages, while

peer instruction achieved higher quality per message.

CCS Concepts: « Information systems — Crowdsourcing; - Human-centered computing — Collaborative interaction; .

Computing methodologies — Natural language generation; » Applied computing — Computer-assisted instruction.

1 Introduction and Related Work

Crowdsourcing platforms decompose complex work into microtasks distributed across large, linguistically diverse
worker populations [5, 15], and their effectiveness depends on coordinating heterogeneous crowdworkers [20]. A central
challenge is that most employeers operate in English while many crowdworkers use it as a non-dominant language,
introducing interpretive ambiguity [10]; even high-proficiency crowdworkers show gaps between instructions and
interpretation [19]. Literal translation often replaces pragmatic understanding despite abilities, especially in subjective
tasks [14, 22], e.g., image labelling [11]. Recent Large Language Model (LLM)s, particularly the Generative Pre-trained
Transformer (GPT) family, generate context-aware instructions and maintain multi-turn dialog [4]. Conversational
agents have supported real-time coordination [23], and instruction clarity is a known driver of annotation quality [7, 17].
However, Artificial Intelligence (AI) performance varies across languages [12], and multilingual dialog systems face
open challenges reaching human-like quality [26]. Generative Al can improve accessibility and clarity while reducing
interpretative effort [21]. This work explores an LLM not as an annotator, but as a multilingual conversational instructor,
comparing it against human peer instructors. Our research questions are: RQ1: How does Al-based instruction compare
to human instruction in annotation quality and completion efficiency? RQ2: To what extent do effects vary across

object categories and subtasks? RQ3: How does instructional modality influence interaction behavior?

2  Methodology

We recruited 96 crowdworkers via Microworkers': 31 acted as human peer instructors, 31 as performers instructed by
humans, and 34 as performers instructed by a GPT-4-based system (API, predefined system prompt). Communication
occurred internally in English, translated via Google Cloud Translation API into each performer’s chosen language
(Arabic, Bengali, Chinese, French, German, Hindi, Japanese, Portuguese, Russian, or Spanish). All performers completed

three sequential bounding-box tasks on the same fruit-basket image: Task 1 - a single mandarin (low ambiguity); Task

1https://Www.microworkers.com, accessed 1 June 2026
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2 - strawberries and grapes, including one strawberry with altered color (category dilemma); Task 3 - all citrus fruits
(cross-linguistic naming ambiguity). Measures included annotation quality (normalized Intersection over Union (IoU)),
completion time, message volume, communication efficiency (IoU/message), and lexical patterns. The primary analysis
used linear mixed-effects models with a random intercept at performer level [2, 8], complemented by Mann-Whitney
tests [18], Cliff’s delta and bootstrap confidence intervals [3, 9], permutation tests, and OLS models with HC3 errors
[6, 16], with Benjamini-Hochberg correction [1]. After cleaning, the behavioral dataset included 65 performers and

1,985 IoU observations.

3 Experimental Results

Annotation quality (RQ1): No statistically significant global differences were found between Al-human (f = —0.002,
p = 0.976; mean IoU: Al = 0.489, human = 0.464). The effect remained non-significant after adjustment for task and
subtask (Fig. 1). Variability between performers exceeded the difference between instructional conditions. Task 2 showed

significant annotation-level difference that favors Al (p = 0.0013), but group X task interaction was not significant
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Fig. 1. loU distributions for the complete annotation set and Tasks 1-3 under Al and human peer instruction.

Exploratory category-level findings (RQ2): In the "grapes" subtask, the Al condition showed higher mean IoU
(0.421 vs. 0.278; p < 0.001, § = 0.319), though the mixed-model interaction was not significant (p = 0.222). In the "yellow
strawberry" subtask, human instruction showed a non-significant advantage (0.536 vs. 0.479; p = 0.119).

Time and communication efficiency (RQ3): No significant differences emerged in completion time (median: Al =
10.33 min, human = 11.30 min; p = 0.904) or temporal efficiency. Performers in the Al condition exchanged significantly
more messages (median 12 vs. 9; p = 0.0025, § = 0.436) and submitted more geometries (median 28 vs. 22; p = 0.0129).
Efficiency per message was significantly higher under human instruction (0.0619 vs. 0.0365; p = 0.0307, § = —0.331).

Lexical patterns: Al instructor predominantly used procedural, action-oriented language (locating, marking, cursor

positioning, drawing regions). Human instructors relied more on semantic descriptions of the objects to be annotated.

4 Discussion and Conclusions

No systematic differences in annotation quality emerged between Al- and human-based peer instruction, even after
controlling for task, subtask, and individual variability; task difficulty explained far more variance than instructional
modality. The clearest difference lies in interaction behavior: crowdworkers facing the Al instructor required more
exchanges for comparable quality, while human instruction achieved similar results more efficiently — consistent with
process-based vs. outcome-based instructional framings [13, 24], finding that Al can optimize interaction without
changing outcomes [21]. Limitations include English-dominated participation. Future work should balance language
groups, and test higher-complexity domains such as medical annotation [25].

Declaration: GPT-5.5 was used as assistant tool for code development and to improve grammar/academic writing.
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