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Programming-specific Generative Artificial Intelligence (GenAI) tools have already been shown to signifi-

cantly enhance programmer productivity. However, given that most software programming syntax, documen-

tation and discussions are in English, the language barrier may often keep non-native English speakers from

effectively using GenAI, potentially exacerbating the digital divide. This is mainly because programmers may

be more likely to spend more time crafting instructions, become frustrated, and abandon AI tools. To address

this issue, we propose “Metadata Prompting” as an intermediate representation between natural language

and programming instructions, which provides a structured framework to express program requirements,

thereby minimizing English grammatical structures. By changing from a conversational language approach

to a programmatic approach, which programmers understand well, Metadata Prompting minimizes cognitive

load and enhances clarity, enabling non-native English speakers to convey ideas effectively. By running a

field experiment in India, we quantify the effectiveness of Metadata prompting: programmers who are not

proficient in English are more likely to use GenAI as well as match the success rates and efficiency level

of programmers who are proficient in English. Our finding highlights that by incorporating simple changes

in prompting, GenAI platforms can boost their usage while simultaneously fostering an inclusive environ-

ment.Our findings have implications for policymakers, GenAI platforms, and gig economy platforms seeking

to increase both the inclusivity and the effective use of AI for economic and productivity boosts.
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1. Introduction

This decade has witnessed a meteoric rise in the capabilities of Generative Artificial Intelligence

(GenAI) tools, driving significant productivity gains across diverse fields. From customer support

(Brynjolfsson et al. 2023), creative writing (Noy and Zhang 2023, Doshi and Hauser 2024, Chen

and Chan 2024, Qiu et al. 2023) to artistic expression (Zhou and Lee 2024, Boussioux et al. 2024)

and knowledge dissemination (Burtch et al. 2024, Horton 2023, Quinn and Gutt 2025), GenAI is

proving its versatility, while simultaneously reshaping labor markets (Liu et al. 2023a).

Software development stands out as a prime example where GenAI is making significant inroads,

enhancing productivity in tasks ranging from code generation and debugging to documentation and

testing. As these AI tools evolve, researchers are developing methodological frameworks to guide

their effective design and implementation (Abbasi et al. 2024), their use as autonomous agents that

assist programmers (Ni et al. 2025), or their application as effective annotation assistants (Cheng

et al. 2024, Pangakis et al. 2023, de Kok 2025). In fact, these tools are proving to be effective

in both unguided programming settings (Yeverechyahu et al. 2024, Song et al. 2023) and guided

programming settings (Eloundou et al. 2024, Peng et al. 2023, Cui et al. 2024). As GenAI models

continue to evolve and better understand context, their impact on programming productivity is

only expected to grow (Yeverechyahu et al. 2024).

Whereas the growth in the use of GenAI in software development is expected to continue, a

critical challenge lies in the spoken-linguistic diversity of the global developer community. Espe-

cially over the last two decades, there has been a surge in programming contributions from Asian

countries, such as India and China,1 where English is not the primary language. Extant stud-

ies have already documented the linguistic barriers that hinder non-native English speakers from

excelling in programming (Guo 2018). Along with learning the logic and syntax, the cognitive

burden of understanding the documentation, code examples, or even the intuition behind naming

certain commands and procedures, is high on non-native English speakers (Fedorenko et al. 2019).

1 The Octoverse Report: 2024 - GitHub

https://github.blog/news-insights/octoverse/octoverse-2024/
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Given the barriers to effective English usage (Noll et al. 2011, e.g.,), a common practice involves

developers switching to native languages while ideating, discussing requirements or brainstorming

solutions.

The optimization of GenAI programming assistants around Latin and Cyrillic script-based Euro-

pean languages input and output (e.g., Joshi et al. 2020) may further exacerbate the linguistic

disparities. Most early models have been optimized for English, given the vast amount of English-

language data used in the training (Choudhury 2023). Furthermore, effectively utilizing non-Latin

languages in GenAI necessitates a careful re-evaluation of technical components, particularly tok-

enizers, which struggle to accurately encode these languages due to their differing knowledge density

per word (e.g., Ahuja et al. 2023). This issue is especially acute for programming-focused GenAI

tools, since most of the discourse of “authorities”, such as the text-book writers, programming

language creators, maintainers of top projects on open-source communities, happen in English.

Consequently, this confluence of factors—the inherent language bias in GenAI and the existing

challenges for non-native English speakers—has a potential to widen the digital divide in the pro-

gramming world (Fu et al. 2020). The cognitive burden to translate their thoughts and requirements

into English (e.g., Neeley 2013) for interaction with AI-powered development tools can introduce

two significant challenges. First one is regarding errors: even minor errors in word choice or phras-

ing can lead AI models astray, resulting in misinterpretations and inaccurate code generation. An

inability to articulate complex technical concepts precisely may lead AI to produce irrelevant code

or misunderstand the intended system architecture. The second one is regarding the reluctance of

GenAI usage: non-English speaking developers may hesitate to utilize AI tools because of a lack

of confidence in their ability to express requirements in English. Both of these challenges create a

situation where English-proficient developers gain a significant advantage in utilizing cutting-edge

AI assistants, even as the majority of emerging contributors hail from non-native English speak-

ing countries. The disparity also has the potential to disrupt collaborations between workers with

varying English proficiency (e.g., Neeley et al. 2009).
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In this paper, we first investigate how English language proficiency among developers affects

their ability to leverage GenAI for programming tasks efficiently. We then study whether struc-

tured prompting techniques aimed at reducing cognitive burdens around writing English sentences

can mitigate language-related disparities in GenAI usage (Ma et al. 2024). Specifically, we propose

“metadata prompting,” a structured prompting approach leveraging JSON format as an inter-

mediate representation between natural language and programming instructions, as visualized in

Figure 1. This approach conceptually aligns with research on controlled intermediate languages

that serve as a bridge between human expression and formal systems (Kesseli et al. 2025).

We posit that a JSON-like formatting structure helps developers articulate their requirements in

a format they are already proficient with, while minimizing reliance on English grammatical struc-

tures. By shifting the interaction paradigm from one specific spoken language to a programmatic

format as an intermediate language, developers are allowed to express their needs in alignment

with their technical expertise rather than their linguistic capabilities.

To investigate these questions, we partner with a technology firm in India that was recruit-

ing full-stack engineers. The experimental design leveraged the firm’s recruitment process to cre-

ate a natural testing environment with 965 candidates. After having assessed their coding and

English proficiency using standardized assessments, we implemented a counterbalanced within-

subject design (e.g., Hosanagar and Ahn 2025) where each participant completed two distinct

coding tasks, one using traditional prompting and the other using metadata prompting. We ran-

domized the sequence of tasks, allowing us to observe how the same individual performed under

different prompting approaches. The phase involved solving full-stack development problems, with

their performance measured across three key dimensions: task completion time, code accuracy, and

task abandonment rates. Having each participant serve as their own control, the design isolates

the impact of prompting techniques while accounting for variations in individual ability levels.

Our findings reveal three key insights about the relationship between English proficiency and the

use of GenAI tools. First, we document clear evidence of a language-based digital divide: compared
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Traditional Prompting

“Create Node.js function that
sends emails to students based
on attendance changes between
last month and the month before
it. This function will receive stu-
dent details with their atten-
dances for the last two months,
and email templates. Attendance
is categorized into three levels:
above 75% attendance, between
50-75% attendance, and below
50% attendance. Based on these
categories, the function should
send different types of emails
based on attendance transitions.
Students who achieve above 75%
attendance should receive a ‘con-
gratulatory’ email. For students
who drop to the 50-75% range
from either above 75% atten-
dance or within the same 50-
75% range, send a ‘not-lose-steam’
email. When students improve
from below 50% to reach the
50-75% range, send a ‘keep-it-
up’ email. Finally, any student
currently below 50% attendance
should receive an email, ‘set-
meeting’, regardless of their previ-
ous attendance.”

Proposed Metadata Prompting

{
“task”: {
“type”: “create Node.js email sender function”,
“purpose”: “attendance notification”,
“comparison periods”: [
“last month”, “current month”
],
“parameters”: [
“email templates”, “prevAttendance”, “currentAttendance”
]
},
“email rules”: [
{
“currentAttendance”: “above 75%”,
“emailType”: “congratulatory”
},
{
“prevAttendance”: [“above 75%”, “50%-75%”],
“currentAttendance”: “50%-75%”,
“emailType”: “not-lose-steam”
},
{
“prevAttendance”: “below 50%”,
“currentAttendance”: “50%-75%”,
“emailType”: “keep-it-up”
},
{
“currentAttendance”: “below 50%”,
“emailType”: “set-meeting”
}
]
}

Figure 1 Comparison of Traditional and Metadata Prompting Approaches

to developers with high English language proficiency, those with low proficiency show significantly

lower performance across all metrics—task abandonment, accuracy, and time taken—when using

traditional prompting approaches. Second, we find that metadata prompting substantially mitigates

these disparities. When using metadata prompting, the performance gap between developers with

high and low English proficiency narrows considerably across all metrics. In particular, the effect of

English proficiency on both task completion time and accuracy becomes statistically insignificant.

In other words, while lower English proficiency significantly predicts lower performance under tra-

ditional prompting, this relationship effectively disappears when metadata prompting is employed.

Third, we find that developers, regardless of their English proficiency, express a strong prefer-

ence for metadata prompting over traditional approaches, with the preference being particularly
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pronounced among those with lower English proficiency. These results suggest that simple struc-

tural changes to prompting techniques in a format that programmers are comfortable with can

significantly enhance the accessibility and effectiveness of GenAI tools across diverse linguistic

backgrounds.

Our paper makes several important contributions to the literature on digital inequality, global

work, and technology adoption. First, while prior work has documented how language barriers

affect collaboration in global teams (Hinds et al. 2014) and digital tool adoption (Neeley et al.

2009), we present the first empirical evidence demonstrating how language proficiency contributes

to the digital divide in the effective use of GenAI for coding. Second, we extend research on reducing

barriers in global work (Fayard and Metiu 2014) by demonstrating how structured intermediate

representations—conceptually similar to controlled natural languages (Kesseli et al. 2025)—can

mitigate language-based performance disparities. Relatedly, we contribute to the literature on

GenAI adoption in organizations (e.g., Raisch and Krakowski 2021) by introducing and validating

a novel prompting technique that enhances accessibility across diverse linguistic backgrounds.

Our findings also have important practical implications for software development firms adopting

GenAI tools. The global IT outsourcing market, valued at $651.54 billion in 2025 and expected

to reach $850.73 billion by 2030, with India as one of the most dominant contributors.2 Software

development firms, particularly those with global operations with linguistically diverse teams can

use metadata prompting to avoid the communication anxieties and collaboration disruptions doc-

umented in prior research (Neeley et al. 2009). By integrating metadata prompting approach into

their workflows, companies can empower developers who are not proficient in English to effectively

utilize GenAI tools, improving overall efficiency and team collaboration. To maximize these bene-

fits, firms should consider actively educating their teams on structured prompting techniques and

enable them to prompt effectively for AI-assisted coding.

2 IT Outsourcing (ITO) Market Size, Share, Trends Analysis & Statistics (2025 - 2030) - Mordor Intelligence, Accessed
9th March 2025

https://www.mordorintelligence.com/industry-reports/it-outsourcing-market
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2. Literature Review

Our paper draws from and contributes to two distinct literature streams: the one on how cognitive

load leads to digital divide and the other related to structured approaches in human-AI interactions.

2.1. Cognitive Load and Digital Divide in Technology Usage

The relationship between language proficiency and technology adoption has been extensively stud-

ied in the technology adoption literature. When users interact with technology in a non-native

language, they experience increased cognitive load (Sweller 1988)—a phenomenon well-documented

in cognitive psychology within the multi-lingual setting (e.g., Linck et al. 2009, Roussel et al. 2017).

This additional cognitive burden stems from users simultaneously processing both the technical

requirements of the task and the linguistic elements of interaction (Robinson 2001). Studies exam-

ining cognitive load in bilingual contexts reveal that working memory capacity becomes particularly

constrained when individuals must operate in their non-primary language (Lundqvist et al. 2018).

In global work contexts, non-native English speakers often face significant challenges in effec-

tively participating in technology-mediated communication(Neeley 2013). This constraint manifests

more prominently in tasks requiring complex information processing and precise communication—

characteristics inherent in software development. The additional mental effort required for language

processing can detract from the cognitive resources available for primary task completion (Paas

et al. 2003), further affecting technology adoption patterns and potentially reinforcing existing

biases in technology (Fu et al. 2020).

Whereas extensive research exists on how language proficiency affects technology adoption and

usage, there is a gap in the understand of how such language proficiency affects GenAI inter-

action. GenAI has been demonstrated to enhance programming productivity (Peng et al. 2023)

and is reshaping global programming labor markets (Liu et al. 2023a), yet the GenAI tools pre-

dominantly operate in English. Therefore, understanding how language proficiency affects their

adoption, effectiveness, and potential abandonment is an open empirical question that relates to

emerging concerns about digital divides in AI adoption (Ma et al. 2024).
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2.2. Structured Approaches in Human-AI Interaction

Research on human-AI interaction has demonstrated the effectiveness of structured approaches in

reducing cognitive load and improving communication clarity Abbasi et al. (2024). Transitioning

from a natural human-like communication to more structured strategy can significantly enhance

information processing and reduce ambiguity, especially in scenarios needing precise communication

(Karten et al. 2023, Zhang et al. 2023, Pangakis et al. 2023, Cheng et al. 2024, de Kok 2025).

Recent work on GenAI prompting techniques has revealed that different prompting strategies,

especially related to structuring the prompts, can significantly impact model performance and user

experience (Liu et al. 2023b, Qiu et al. 2023). For instance, Castellanos et al. (2021) demonstrated

how conceptual modeling principles can improve machine learning performance by incorporating

explicit domain knowledge rather than relying solely on data-driven approaches. Jiang et al. (2020)

notes that paraphrasing the questions in a “right” way can improve the quality of responses,

aligning with emerging research on how to systematically shape and guide AI behavioral patterns

(Ni et al. 2025). Asking the model to provide a step-by-step reasoning for a response before giving

out the response has been shown to improve the inference reliability (Wei et al. 2022). Building on

this, Kojima et al. (2022) demonstrate that carefully structured prompts can enable sophisticated

reasoning capabilities even without task-specific training. These advances in prompt engineering

extend to more complex scenarios, where Zhou et al. (2022) show that breaking down complex tasks

into smaller, structured components through “least-to-most” prompting yields superior results.

The effectiveness of structured prompting is further validated by Wu et al. (2023), who find that

systematic prompting templates can enhance knowledge augmentation in large language models.

While structured approaches have proven effective in enhancing human interaction with GenAI

models (Wei et al. 2022, Kojima et al. 2022, Zhou et al. 2022), their potential to overcome spoken

language barriers remains unexplored. This gap is particularly significant in software development

contexts, where the core task of programming operates on a formal language distinct from natural

spoken language. Recent work has demonstrated the effectiveness of intermediate formal represen-

tations in bridging the gap between natural language and specialized formal systems (Kesseli et al.
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2025), suggesting similar approaches could be valuable for addressing language barriers. Whether

a structured approach specifically designed to minimize reliance on English language proficiency

can increase GenAI adoption and improve task outcomes is an important open question.

2.3. Research Questions

Our investigation centers on understanding how language proficiency shapes developers’ interaction

with GenAI tools and whether structured prompting approaches can mitigate potential barriers.

First, to understand the relationship between English proficiency and GenAI tool usage, we examine

how varying levels of language proficiency affect developers’ ability to effectively utilize these

tools. Literature has documented how language barriers affect technology adoption and usage in

global work contexts (Neeley 2013, Hinds et al. 2014), with non-native speakers often experiencing

increased cognitive load and a resultant drop in participation. Quantitatively establishing whether

(and if yes, by how much) English proficiency affects GenAI tool usage is crucial for comprehending

potential digital divides in AI-assisted software development. This leads us to our first research

question: “How does English language proficiency affect developers’ ability to effectively utilize

GenAI tools for software development tasks?”

Next, we examine whether a structured approach to prompting can enhance outcomes and

potentially bridge language-related barriers. Recent advances in GenAI research have demonstrated

how different prompting strategies can significantly improve model performance (Wei et al. 2022,

Zhou et al. 2022). However, it is unclear whether such structured prompting strategies have an

ability to enhance outcomes in setting where spoken language barriers exist. This leads us to our

second research question “To what extent can metadata prompting mitigate the impact of limited

English proficiency on developers’ ability to effectively utilize GenAI tools?”

Finally, we explore whether developers’ English language proficiency impacts their preference

to use traditional linguistic prompting or the structured prompting strategies. Extant research

suggests that users’ adoption of technological solutions is influenced by both their perceived ease of

use and perceived usefulness (Davis 1989). In the context of GenAI tools, these perceptions might be
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significantly moderated by language proficiency. Understanding these preferences is crucial because

even effective solutions may see limited adoption if users find them uncomfortable or challenging

to use. This leads to our exploratory question: How does English language proficiency influence

developers’ preferences between traditional and metadata prompting approaches, and what factors

drive these preferences?

3. Empirical Context and Experiment

Our study is conducted in partnership with a medium-sized technology firm in India that special-

izes in full-stack software development solutions. The firm provides custom software development

services to clients across multiple industries, including retail, real estate, hospital, education, and

restaurants. Our study benefits from the firm’s active recruitment of full-stack engineers, which

presents an ideal opportunity to examine how developers with varying levels of English proficiency

interact with AI tools in a real field setting.3 This setting provides a natural environment for

the technology partner to run randomized experiments, as candidates represent a diverse pool of

developers with varying levels of English proficiency and technical expertise, typical of the global

software development workforce.

The candidates in our study apply for the position of full-stack engineer, a role that requires

proficiency in the MERN (MongoDB, Express.js, React.js, Node.js) technology stack. The role

specifically demands expertise in developing and deploying scalable web applications, with respon-

sibilities spanning both front-end user interfaces and back-end server logic. Our sample comprises

965 candidates who participated in the recruitment process during October-November 2023. The

average candidate in our sample has 0-10 years of programming experience, with 22.5% holding

master’s degrees in computer science or related fields. This distribution aligns with the broader

demographics of India’s technology workforce, where developers often learn English as their second

or third language while pursuing technical education.4 As a part of the application process, the

3 The firm identifies proficiency in using AI-assisted development tools as an important skill for their prospective
hires, given their increasing integration of these tools into their development workflow.
4 In India, who speaks in English, and where? - Mint, Accessed 22 December 2024.

https://www.livemint.com/news/india/in-india-who-speaks-in-english-and-where-1557814101428.html
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candidates also provided information such as their experience in using AI tools for programming,

their gender, and other relevant background information. Table 1 provides the details about the

background of the candidates.

Table 1 Variable Description and Summary Statistics

Table 1(a): Variable Description
Variable Name Description
Individual-level Variables
EnglishProficiencyi GRE-based English proficiency score for candidate i, scaled from 0 to 1
CodingAbilityi Baseline coding proficiency score for candidate i on a 100-point scale
AcademicPerformancei Undergraduate academic performance of candidate i on a 10-point scale
Experiencei Years of programming experience for candidate i
AIExperiencei Weekly AI tool usage in hours for candidate i
Genderi Binary indicator for candidate i’s gender (1 = Male, 0 = Female)
Mastersi Binary indicator for whether candidate i holds a master’s degree
Abandonmenti Binary indicator for whether candidate i abandoned Test 1
Task-level Variables
CompletionT imeit Time taken in minutes by candidate i to complete task t
Accuracyit Average percentage of unit tests passed for code generated from candidate i’s

prompt in task t, calculated over two runs, to enhance reliability
MetaDatait Binary indicator for whether candidate i used metadata prompting in task t
Testt Binary indicator for test number (1 = Test 2, 0 = Test 1)
Taskt Binary indicator for task type (1 = Task B, 0 = Task A)

Table 1(b): Summary Statistics
Variable Obs Mean Std. Dev. Min Max
Individual-level Variables
EnglishProficiencyi 965 0.560 0.110 0.20 0.93
CodingAbilityi 965 85.041 5.218 75 100
AcademicPerformancei 965 7.298 0.601 6.30 9.50
Experiencei 965 0.762 1.669 0 10
AIExperiencei 965 1.180 1.011 0 4.00
Genderi 965 0.634 0.482 0 1
Mastersi 965 0.225 0.418 0 1
Abandonmenti 965 0.284 0.451 0 1
Task-level Variables
CompletionT imeit 1347 44.476 14.675 20 85
Accuracyit 1347 73.085 13.649 30 100
MetaDatait 1347 0.509 0.500 0 1
Testt 1347 0.487 0.500 0 1
Taskt 1347 0.501 0.500 0 1

Note: The difference in observation counts between individual-level (965) and task-level variables (1347) reflects our

experimental design. Each candidate is expected to complete two tasks (one with each prompting technique). Only

691 completed Test 1, and 656 of these completed Test 2, resulting in 1347 (691+656) task-level observations.

3.1. Experimental Design

The experiment comprises three distinct stages designed to comprehensively assess the relationship

between language proficiency and AI tool usage effectiveness. Figure 2 summarizes the flow of the
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experiment across three stages.

Figure 2 Experimental Design Overview

Stage 1: This stage evaluates candidates’ baseline coding proficiency through a standard soft-

ware development task. Candidates created a MERN (MongoDB, Express.js, React.js, Node.js)

application without AI assistance, allowing us to establish their fundamental software development

skills and capabilities. This is a 90 minutes long assessment test that is taken by every candidate

who applies.

Stage 2: This stage focuses on assessing candidates’ English language proficiency using a stan-

dardized GRE-style assessment. The 60-minute test evaluates three critical dimensions of language

ability: Reading Comprehension, Text Completion, and Sentence Equivalence. This comprehensive

evaluation helps quantify the candidates’ ability to understand and articulate complex technical

requirements in English, a crucial skill for effective AI tool interaction.
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Stage 3: In this stage, we examine how candidates interact with AI tools under different prompt-

ing conditions. Each participant completes two coding tasks, each of 90 minutes long—Task A and

Task B—using different prompting techniques. Figure 3 visualizes the test interface for this stage.

The task requirements are communicated through videos in Hindi, candidates’ native language.5

This design choice ensures that understanding the requirements is not a confounding factor in our

assessment. For each task, candidates were asked to translate their understanding of the require-

ments into English prompts for the AI tool, either using traditional natural language prompting or

our proposed “metadata” prompting approach. We implement a counterbalanced within-subject

experimental design where candidates who used metadata prompting for Task A employed tradi-

tional prompting for Task B, and vice versa.6

3.2. Variables

Table 1 provides the details about the key variables used to examine the relationship between

English proficiency and GenAI tool usage effectiveness. The primary dependent variables measure

different aspects of task performance. CompletionT imeit represents the time in minutes taken

by participant i to complete task t. Accuracyit captures the average percentage of unit tests

passed by the code generated from participant i’s prompts in task t, based on two separate runs.7

Abandonmenti is a binary indicator that takes the value of 1 if participant i abandons the task,

and 0 otherwise.

For independent variables, we focus on English proficiency and prompting technique.

EnglishProficiencyi represents participant i’s score on the GRE-style English assessment, scaled

from 0 to 1 to enable direct coefficient comparison. MetaDatait is a binary variable indicating

whether participant i used metadata prompting (1) or traditional prompting (0) for task t.

5 All candidates who applied to this position and are a part of this experiment are Hindi natives.
6 As noted above, this controls for order effect since the candidate could be assigned to any of the 4 combinations:
(1) traditional prompting for Task A + metadata prompting for Task B; (2) traditional prompting for Task B +
metadata prompting for Task A; (3) metadata prompting for Task A + traditional prompting for Task B; (4) metadata
prompting for Task B + traditional prompting for Task A.
7 Each prompt by the candidate was used twice to generate code, and the final accuracy score is the average of the two
percentages of unit tests passed, enhancing the measure’s reliability by accounting for variability in the AI model’s
output. The results remain qualitatively similar if we use either of the individual scores instead of their average, as
detailed in the robustness check section.
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Figure 3 Test Interface Screenshot

We also include several control variables to account for individual characteristics and prior

experience. CodingAbilityi captures the baseline programming proficiency of participant i on a 100-

point scale, measured through the initial MERN stack development task. AcademicPerformancei

represents undergraduate academic performance on a 10-point scale. Experiencei indicates years

of programming experience, while AIExperiencei measures weekly AI tool usage in hours. Genderi

and Mastersi are binary indicators for participant gender (1 = Male) and educational qualification

(1 = Master’s degree) respectively.

Our experimental design also includes task-specific controls. Testt is a binary variable taking the

value 1 for Test 2 and 0 for Test 1. Taskt similarly indicates whether the participant is working on

Task B (1) or Task A (0). These variables help control for potential order effects and task-specific

variations in our analysis.
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3.3. Randomization Check

The validity of any experimental design critically relies on the successful randomization of par-

ticipants across treatment conditions. To verify that our randomization has been successful, we

conduct a balance check across our experimental groups. Our 2×2 experimental design—arising

from the combination of two tasks (Task A and Task B) and two prompting techniques (regular

and metadata)—yields four distinct groups. For each participant characteristic, we test the null

hypothesis of equality across these groups using analysis of variance (ANOVA).

Table 2 presents the mean and standard deviation of key participant characteristics across these

groups, along with p-values from the equality tests. The results demonstrate successful randomiza-

tion: English Proficiency (p= 0.99), Experience (p= 0.75), Coding Ability (p= 0.98), Undergrad-

uate Grades (p= 1.00), AI Experience (p= 0.68), Gender (p= 0.74), and Masters (p= 0.24). The

absence of statistically significant differences across groups for any of these characteristics supports

the validity of our experimental design and suggests that any observed treatment effects can be

attributed to our interventions rather than pre-existing differences between groups.

Table 2 Randomization Check

Group 1 (C1) Group 2(T1) Group 3(C2) Group 4(T2) p-value
Mean SD Mean SD Mean SD Mean SD (C1 = T1 =C2 = T2)

Observations 241 242 241 241
English Proficiency 0.56 0.11 0.56 0.11 0.55 0.10 0.56 0.12 0.99
Experience 0.73 1.59 0.70 1.66 0.77 1.55 0.85 1.86 0.75
CodingAbility 85.15 5.23 84.94 5.24 85.04 5.26 85.04 5.16 0.98
Undergrad Grades 7.30 0.60 7.29 0.60 7.30 0.60 7.30 0.60 1.00
AI Experience 1.13 1.01 1.22 1.01 1.21 1.05 1.15 0.97 0.68
Gender 0.61 0.49 0.62 0.49 0.65 0.48 0.65 0.48 0.74
Masters 0.20 0.40 0.26 0.44 0.24 0.43 0.20 0.40 0.24

Note: Group 1 (C1) → English Prompting for Task A, Metadata Prompting for Task B in that order
Group 2(T1) → Metadata Prompting for Task A, English Prompting for Task B in that order
Group 3(C2) → English Prompting for Task B, English Prompting for Task A in that order
Group 4(T2) → Metadata Prompting for Task B, English Prompting for Task A in that order

3.4. Empirical Framework

Our analysis employs three distinct empirical models to examine how English proficiency and meta-

data prompting affect developers’ interaction with AI tools. We investigate these effects through

task abandonment patterns, completion time, and code accuracy.
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3.4.1. Task Abandonment: To analyze how English proficiency and metadata prompting

influence task abandonment probability, we specify the following logistic regression model:

ln

(
P (Abandonit = 1)

1−P (Abandonit = 1)

)
= β0 +β1EnglishProficiencyi +β2MetaDatait+

β3EnglishProficiencyi ×MetaDatait + γXi + ϵit

(1)

where Abandonit is a binary indicator for whether participant i abandoned task t. The left-hand

side represents the log-odds of task abandonment, while the coefficients capture how English profi-

ciency and metadata prompting affect these odds. Of particular interest is β3, which measures how

metadata prompting moderates the relationship between English proficiency and task abandon-

ment probability. The vector Xi includes control variables such as coding ability, undergraduate

grades, AI experience, gender, education, and prior experience.

3.4.2. Completion Time: The second analysis investigates whether metadata prompting has

any impact on the completion time for those with lower English proficiency. Here, we employ a

linear regression model:

CompletionT imeit = α0 +α1EnglishProficiencyi +α2MetaDatait+

α3EnglishProficiencyi ×MetaDatait + γXi + ϵit

(2)

where CompletionT imeit represents the time (in minutes) taken by participant i to complete the

task t. The interaction term allows us to assess whether metadata prompting differentially affects

completion time based on English proficiency levels.

3.4.3. Task Accuracy: Finally, to analyze the factors affecting task accuracy, we specify:

Accuracyit = δ0 + δ1EnglishProficiencyi + δ2MetaDatait+

δ3EnglishProficiencyi ×MetaDatait + γXi + ϵit

(3)

where Accuracyit represents the percentage of unit tests passed for participant i’s generated

code for task t. This specification enables us to examine how metadata prompting influences the

relationship between English proficiency and code accuracy.

As noted earlier, in all three models, we include the same set of control variables (Xi) to account

for individual characteristics that might affect performance. The interaction terms are particularly
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important as they allow us to test our core hypothesis about metadata prompting’s potential to

mitigate the impact of limited English proficiency on task performance.

4. Results

4.1. Task Abandonment

We begin by examining how English proficiency and metadata prompting affect participants’ likeli-

hood of abandoning coding tasks. Table 3 presents estimates from the logit model specified in equa-

tion 1. Column (1) introduces English proficiency as the key explanatory variable and shows that

English proficiency has a significant negative relationship with task abandonment (β1 = −1.760,

p < 0.01). Column (2) incorporates metadata prompting, reveals that metadata prompting signif-

icantly reduces task abandonment (β2 =−1.032, p < 0.01). The persistent significance of English

proficiency (β1 = −1.859, p < 0.01) in this specification indicates that language barriers remain

influential even after accounting for prompting technique. The interaction specification in Column

(3) demonstrates how metadata prompting moderates the relationship between English proficiency

and task abandonment. With metadata prompting, the effect becomes statistically insignificant

(β1+β3 = 1.004, p= 0.31), suggesting that metadata prompting effectively eliminates the language

barrier’s influence on task completion.

Table 3 Logistic Regression Results - Task Abandonment

Base Main Effects Interaction
English Proficiency -1.760*** -1.859*** -4.241***

(0.644) (0.667) (0.960)
Metadata Prompting -1.032*** -3.945***

(0.153) (0.791)
English Proficiency × 5.245***
Metadata Prompting (1.386)

Observations 965 965 965
χ2 16.53 55.37 74.35
Notes: Huber-White heteroskedasticity-consistent standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

A baseline model with only control variables yields qualitatively similar results

Control variables such as coding ability, undergraduate grades, AI experience,

gender, education and prior experience used but not displayed

Figure 4 illustrates these relationships graphically by plotting predicted probabilities of task

abandonment across English proficiency levels. As illustrated in Figure 4, developers with low
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English proficiency are 79.95% more likely to abandon tasks compared to those with high profi-

ciency when using traditional prompting.8 The steep downward-sloping line for low English pro-

ficiency (small dashes) shows these participants experience the largest reduction in abandonment

probability when switching from regular to metadata prompting. Participants with medium English

proficiency (large dashes) show a moderate decline in abandonment probability, while those with

high English proficiency (dotted line) exhibit the smallest change. This pattern of converging lines

demonstrates that metadata prompting has the strongest beneficial effect on participants with

lower English proficiency, effectively narrowing the abandonment due to English proficiency levels.

Figure 4 Metadata Prompting Mediates the impact of Language Barriers on Abandonment

4.2. Task Completion Time

We next examine how English proficiency and metadata prompting influence the time taken to

complete coding tasks. Table 4 presents estimates from the linear regression specified in equation

2. Column (1) shows that English proficiency significantly affects completion time (α1 =−23.671,

p < 0.01). Moving from lowest to highest English proficiency decreases completion time by approx-

imately 24 minutes.9

8 This is calculated as the percentage difference between predicted abandonment probabilities at low proficiency and
high proficiency.
9 Since completion time is measured in minutes and English proficiency is scaled from 0 to 1, the coefficient directly
represents the change in minutes when moving from lowest to highest proficiency.
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Column (2) demonstrates that metadata prompting substantially reduces task completion time

(α2 =−20.480, p < 0.01). The introduction of metadata prompting decreases completion time by

about 20.5 minutes on average, holding other factors constant.10

The interaction specification in Column (3) reveals how metadata prompting moderates the

relationship between English proficiency and completion time. Under regular prompting, moving

from lowest to highest English proficiency decreases completion time by approximately 49 min-

utes (α1 =−49.223, p < 0.01). However, with metadata prompting, this effect becomes statistically

insignificant (α1 +α3 =−2.064, p= 0.49), indicating that metadata prompting effectively neutral-

izes the impact of English proficiency on completion time.

Table 4 Linear Regression - Task Completion Time

Base Main Effects Interaction
English Proficiency -23.671*** -24.940*** -49.223***

(3.480) (2.527) (3.413)
Metadata Prompting -20.480*** -47.285***

(0.546) (2.643)
English Proficiency × 47.159***
Metadata Prompting (4.544)
All Controls Yes Yes Yes
Observations 1,347 1,347 1,347
Adjusted R-squared 0.058 0.540 0.573
Notes: Huber-White heteroskedasticity-consistent standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

A baseline model with only control variables yields qualitatively similar results

Control variables such as coding ability, undergraduate grades, AI experience,

gender, education and prior experience used but not displayed

Figure 5 illustrates how metadata prompting affects completion time across different English

proficiency levels. Figure 5 demonstrates that under traditional prompting, developers with low

English proficiency take 22.43% more time to complete tasks than their high-proficiency counter-

parts.11 The steep downward-sloping line for low English proficiency (small dashes) shows these

participants experience the largest reduction in completion time when switching from regular to

10 The coefficient represents the direct reduction in completion time (in minutes) when metadata prompting is used
compared to regular prompting.
11 This is calculated as the percentage increase in predicted completion time when comparing developers at low
English proficiency to those at high proficiency.
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metadata prompting. Participants with medium English proficiency (large dashes) show a moder-

ate decline in completion time, while those with high English proficiency (dotted line) exhibit the

smallest change. This pattern of converging lines demonstrates that metadata prompting has the

strongest beneficial effect on participants with lower English proficiency, effectively narrowing the

performance gap across proficiency levels.

Figure 5 Metadata Prompting Mediates the impact of Language Barriers on Completion

To further examine how the effect of metadata prompting varies with English proficiency, Figure

6 plots the marginal effect of metadata prompting across the English proficiency spectrum. The

consistently negative marginal effects, with confidence intervals not crossing zero, indicate that

metadata prompting significantly reduces completion time across all proficiency levels. However,

the upward slope reveals that this reduction in completion time is more pronounced for developers

with lower English proficiency, providing additional evidence for metadata prompting’s role in

mitigating the language barrier.

4.3. Task Accuracy

Finally, we examine how English proficiency and metadata prompting influence the accuracy of the

code generated through the prompts created by the participants. Table 5 presents estimates from

the linear regression specified in equation 3. Column (1) shows that English proficiency significantly
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Figure 6 Marginal Effect: Impact of Metadata Prompting on Completion Time with varying English Proficiency

affects code accuracy (δ1 = 21.190, p < 0.01). Moving from lowest to highest English proficiency

increases the accuracy of the generated code by approximately 21 percentage points.12

Column (2) demonstrates that metadata prompting substantially improves code accuracy (δ2 =

18.633, p < 0.01). The introduction of metadata prompting increases accuracy by about 18.6 per-

centage points on average, holding other factors constant.13

The interaction specification in Column (3) reveals how metadata prompting moderates the

relationship between English proficiency and code accuracy. Under regular prompting, moving

from lowest to highest English proficiency increases accuracy by approximately 41 percentage

points (δ1 = 41.224, p < 0.01). However, with metadata prompting, this effect becomes statistically

insignificant (δ1 + δ3 = 4.56, p= 0.14), indicating that metadata prompting effectively neutralizes

the impact of English proficiency on code accuracy.

Figure 7 provides a visual representation of the interaction between metadata prompting and

English proficiency in determining code accuracy. Figure 7 shows that when using traditional

prompting, low-proficiency developers achieve 13.61% lower accuracy scores than high-proficiency

12 Since accuracy is measured in percentages and English proficiency is scaled from 0 to 1, the coefficient directly
represents the change in accuracy percentage points when moving from lowest to highest proficiency.
13 The coefficient represents the direct increase in accuracy (in percentage points) when metadata prompting is used
compared to regular prompting.
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Table 5 Linear Regression - Task Accuracy

Base Main Effects Interaction
English Proficiency 21.190*** 22.345*** 41.224***

(3.264) (2.421) (3.319)
Metadata Prompting 18.633*** 39.473***

(0.522) (2.621)
English Proficiency × -36.664***
Metadata Prompting (4.512)
All Controls Yes Yes Yes
Observations 1,347 1,347 1,347
Adjusted R-squared 0.055 0.517 0.539
Notes: Huber-White heteroskedasticity-consistent standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

A baseline model with only control variables yields qualitatively similar results

Control variables such as coding ability, undergraduate grades, AI experience,

gender, education and prior experience used but not displayed

developers.14 The graph illustrates that the impact of metadata prompting is most pronounced

for participants with lower English proficiency, as evidenced by the steep upward slope of the

line representing this group (small dashes). In contrast, the effect of metadata prompting is more

modest for those with medium proficiency (large dashes) and least substantial for highly proficient

individuals (dotted line). The convergence of these lines highlights metadata prompting’s role in

bridging the accuracy gap across different proficiency levels, with the greatest benefits accruing to

those facing the most significant language barriers.

To further investigate the relationship between metadata prompting and English proficiency, Fig-

ure 8 depicts the marginal effect of metadata prompting on the full spectrum of English proficiency

scores. The plot reveals that metadata prompting leads to statistically significant improvements

in accuracy at all proficiency levels, as evidenced by the consistently positive marginal effects

and confidence intervals that do not intersect with zero. However, the downward trend of the

marginal effects underscores that the magnitude of improvement is inversely related to English

proficiency. In other words, the benefits of metadata prompting in terms of enhanced accuracy are

most substantial for developers with lower English proficiency, further reinforcing the notion that

this approach is particularly effective in mitigating the challenges posed by language barriers in

AI-assisted development contexts.

14 This is calculated as the percentage reduction in predicted accuracy scores between developers at high English
proficiency and those at low proficiency.
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Figure 7 Metadata Prompting Mediates the impact of Language Barriers on Accuracy

Figure 8 Marginal Effect: Impact of Metadata Prompting on Task Accuracy with varying English Proficiency

4.4. Robustness Checks

4.4.1. Learning Effects: Although our counterbalanced experimental design helps address

potential learning effects by randomizing the order of prompting techniques, we conduct additional

analysis to explicitly test whether our results might be driven by participants becoming more

familiar with the tasks over time. We augment our main specifications with a three-way interaction

between English proficiency, metadata prompting, and a Test 2 indicator. Formally, we model it

as follows:
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Yit = γ0 + γ1EnglishProficiencyi + γ2MetaDatait + γ3Test2it + γ4(EnglishProficiencyi ×Test2it)

+ γ5(EnglishProficiencyi ×MetaDatait)+ γ6(MetaDatait ×Test2it)+

γ7(EnglishProficiencyi ×MetaDatait ×Test2it)+ γXi + ϵit

(4)

Here, Yit are the two dependent variables, task completion time and task completion accuracy.

Table A1 presents these results. We see that the Test 2 indicator and its interactions with English

proficiency and metadata prompting (i.e., γ3, γ6 and γ7) are statistically insignificant across both

outcome measures: completion time and accuracy. Meanwhile, our main effects remain qualitatively

similar to our baseline specifications - the coefficient for English Proficiency, Metadata Prompting

and their interaction (−40.395, p < 0.01) continues to suggest that metadata prompting effectively

mitigates language barriers. This robustness check effectively addresses the concerns that partici-

pants simply becoming more familiar with the tasks over time, may be driving the results.

4.4.2. Alternative Accuracy Measures: Our main analysis uses a composite accuracy

measure that averages the percentage of unit tests passed across two independent code generations

from each prompt. This approach helps account for potential variability in the AI model’s output.

Here, we examine whether our results are sensitive to this measurement choice by considering

alternative specifications of accuracy.

First, we replicate our analysis using only the first code generation attempt for each prompt.

The results, presented in Column (2) of Table A2, remain consistent with our main findings from

Table 5, which we present as Column (1) here. The interaction between English proficiency and

metadata prompting maintains its significance and direction (δ3 =−36.553, p < 0.01), with similar

standard errors to our main specification (4.341 vs. 4.512). Next, we examine performance using

only the second attempt (Column 3), which yields nearly identical results (δ3 =−36.775, p < 0.01).

Finally, we consider using the maximum accuracy score between the two code generations, reflect-

ing the best performance achieved from each prompt. Column (3) shows that this specification also
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yields qualitatively similar results. The moderating effect of metadata prompting remains strong

(δ3 =−36.170, p < 0.01), and the pattern of coefficients closely mirrors our main findings.

These consistent results across different accuracy specifications suggest that the effectiveness of

metadata prompting in mitigating language barriers are not artifacts of how we measure task accu-

racy. Rather, they reflect genuine improvements in participants’ ability to effectively communicate

their requirements to AI tools.

4.4.3. Addressing Sample Selection: To address potential selection concerns arising from

task abandonment, we examine whether our results are robust to excluding Test 1 observations

from participants who subsequently abandoned Test 2. This approach removes any potential bias

from including initial performance data from participants who may have had a systematically

different propensity to complete the full experiment. After excluding these 35 observations, reducing

our sample from 1,347 to 1,312 observations, we find that our main results remain qualitatively

unchanged. As shown in Table A3, the interaction between English proficiency and metadata

prompting maintains its significance and magnitude for both accuracy (δ3 =−36.216, p < 0.01) and

completion time (α3 = 48.023, p < 0.01). The stability of these coefficients, compared to our main

specification (α3 = 47.159 and δ3 =−36.664 respectively), suggests that selective attrition between

tests does not substantially influence our findings about the effectiveness of metadata prompting

in mitigating language barriers.

4.4.4. Alternative Model Specifications: For task abandonment, whereas our main anal-

ysis employs a logistic regression, we consider two alternatives. First, we estimate a linear model

that offers directly interpretable coefficients. As shown in Column (1) of Table A4, the interaction

between English proficiency and metadata prompting remains significant (β3 = 1.085, p < 0.01),

indicating that metadata prompting reduces the abandonment gap associated with lower English

proficiency. A probit specification, presented in Column (2), yields qualitatively similar results

(β3 = 3.190, p < 0.01), suggesting our findings are not sensitive to assumptions about the models

or the error distribution.
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For completion time, we consider its potential interpretation as a count variable (measured in

minutes) and estimate both Poisson and negative binomial regression models. These specifications

account for the non-negative, discrete nature of time measurements and allow for potential non-

linear effects. Under both specifications, our main conclusions about the effectiveness of metadata

prompting in reducing language-based performance gaps remain unchanged. The interaction term

remains significant in both the Poisson (α3 = 0.835, p < 0.01) and negative binomial models (α3 =

0.848, p < 0.01), as seen in Columns (3) and (3) of Table A4, respectively. All the results confirm

that metadata prompting significantly reduces completion time gaps between participants with

different English proficiency levels and are not driven by our model specification.

5. Exploratory Analysis: User Preferences for Prompting Techniques

Following the completion of both coding tests, we conducted a survey to understand participants’

preferences between regular and metadata prompting techniques. The goal is to understand how

English proficiency relates to participants’ preferences between prompting techniques. The survey

evaluated three distinct dimensions of user experience, each measured on a 5-point scale (1 =

strongly prefer regular prompting, 3 = neutral, 5 = strongly prefer metadata prompting). The first

dimension, preferred future use captured their preference of using the strategy in the future . The

second dimension measured participants’ self-reported confidence in prompting using each tech-

nique. For the third dimension, participants evaluated the expected effectiveness in communicating

requirements.

We begin our analysis by dividing participants into three groups based on their English pro-

ficiency scores: low (bottom tercile, n = 255), medium (middle tercile, n = 227), and high (top

tercile, n= 174). Results revealed a consistent pattern: participants in the low proficiency group

demonstrated the strongest preference for metadata prompting across all dimensions (preferred

future use: M = 4.28, SD = 1.03; confidence in prompting : M = 4.32, SD = 0.92; expected effec-

tiveness: M = 4.26, SD = 1.04), followed by the medium proficiency group (preferred future use:

M = 3.92, SD= 1.08; confidence in prompting : M = 4.00, SD= 1.03; expected effectiveness: M =
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3.97, SD = 1.11; ), while the high proficiency group exhibited the weakest preference for meta-

data prompting (preferred future use: M = 3.62, SD = 1.21; confidence in prompting : M = 3.58,

SD= 1.23; expected effectiveness: M = 3.67, SD= 1.30).

Next, we perform the one-way ANOVA to understand the differences. The results are presented

in Table 6. The results revealed significant differences across proficiency groups for all dimen-

sions (preferred future use: F (2,653) = 19.45, p < .001; confidence in prompting : F (2,653) = 26.35,

p < .001; expected effectiveness: F (2,653) = 14.31, p < .001; Post-hoc Tukey tests, presented in

Table A5 confirmed systematic differences between all proficiency groups. Low-proficiency partici-

pants consistently showed stronger preferences for metadata prompting compared to both medium

and high-proficiency participants across all dimensions (all p < .01).

Table 6 Analysis of Variance Results for Preference Measures

Source SS df MS F p-value
Panel A: Preferred Future Use
Between groups 46.697 2 23.348 19.45 0.000
Within groups 784.046 653 1.201
Total 830.742 655 1.268
Bartlett’s test for equal variances: χ2(2) = 6.108, p = 0.047

Panel B: Confidence in Prompting
Between groups 57.721 2 28.860 26.35 0.000
Within groups 715.156 653 1.095
Total 772.877 655 1.180
Bartlett’s test for equal variances: χ2(2) = 17.949, p = 0.000

Panel C: Expected Effectiveness
Between groups 37.082 2 18.541 14.31 0.000
Within groups 845.904 653 1.295
Total 882.986 655 1.348
Bartlett’s test for equal variances: χ2(2) = 10.824, p = 0.004
Notes: SS = Sum of Squares; df = degrees of freedom; MS = Mean Square

All measures use 5-point scale (1 = prefer regular prompting, 5 = prefer metadata prompting)

To more rigorously examine the relationship between English proficiency and prompting prefer-

ences, we estimate a series of OLS regressions that control for participant characteristics. Specifi-

cally, for each preference dimension d, we estimate:

Preferencedi = θ0 + θ1EnglishProficiencyi + γXi + ϵi (5)

where Preferencedi represents the participant’s average preference score across the survey dimen-

sions. The results, presented in Table 7, show a significant negative relationship between English
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proficiency and preference for metadata prompting across all dimensions. For overall preference,

measured as the average of the three measured dimensions, moving from lowest (0) to highest (1)

English proficiency is associated with a 2.691-point decrease in preference for metadata prompt-

ing (p < 0.01). Given that participants’ English proficiency scores in our sample are normally

distributed with a mean of 0.560 and standard deviation of 0.110, this implies that the typical

difference in English proficiency (approximately 0.44, representing movement between ±2 stan-

dard deviations) corresponds to about a 1.18-point difference in preference for metadata prompting

(2.691*0.44 = 1.18). This relationship remains robust when examining specific dimensions: pre-

ferred future use (θ1 = −2.782, p < 0.01), confidence in prompting (θ1 = −2.887, p < 0.01), and

expected effectiveness (θ1 =−2.404, p < 0.01). An important thing to note here is that these effects

persist even after controlling for participants’ coding ability, academic performance, AI experience,

and other demographic characteristics.

Table 7 Future Use Preferences Analysis

Overall Preferred Confidence Expected
Preference Future Use in Prompting Effectiveness

English Proficiency -2.691*** -2.782*** -2.887*** -2.404***
(0.340) (0.356) (0.343) (0.376)

Observations 656 656 656 656
Adjusted R-squared 0.083 0.082 0.092 0.057
Notes: Huber-White heteroskedasticity-consistent errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

All preference measures use 5-point scale (1 = prefer regular prompting,

5 = prefer metadata prompting)

6. Discussion and Conclusion

The rise of programming specific Generative AI (GenAI) tools represents a “Solow moment” for

artificial intelligence tools, with studies documenting significant productivity gains through AI-

assisted programming (Yeverechyahu et al. 2024, Peng et al. 2023) and demonstrating alignment

with human preferences in various contexts (Qiu et al. 2023). This technological advancement is

also reshaping programming labor markets globally (Liu et al. 2023a) and is signaling a broader

transformation in knowledge work, where researchers are developing rigorous frameworks to system-

atically leverage GenAI across various analytical tasks (Cheng et al. 2024, de Kok 2025, Pangakis
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et al. 2023). Just as the emergence of user-friendly operating systems transformed computers into

general-purpose productivity devices and eventually addressed the Solow’s productivity paradox,

GenAI appears to be fulfilling the long-anticipated potential of AI to revolutionize knowledge

work, particularly in domains like software development. However, this technological advancement

emerges against a backdrop of increasing workforce globalization, where developers from non-

English speaking regions make substantial contributions to the global software ecosystem. The

growing linguistic diversity in software development presents unique challenges, as most program-

ming resources, documentation, and now AI interactions are predominantly in English (Guo 2018).

This language barrier has historically created disparities in technology adoption and usage (Neeley

2013), potentially limiting the benefits of GenAI revolution for non-native English speakers.

Our research sits at the intersection of these three critical trends: the productivity promise

enabled by GenAI, the persistent challenge of language barriers in technology adoption, and the

increasingly global nature of software development. By examining how English proficiency affects

developers’ ability to leverage GenAI tools effectively, we provide novel insights into how language

barriers might exacerbate digital divides in an AI-powered development landscape, complementing

research on how AI reshapes labor structures across different skill levels (Xue et al. 2022). More

importantly, by demonstrating the effectiveness of “metadata” prompting in bridging this divide,

we offer a practical solution that aligns with developers’ existing technical expertise rather than

their linguistic capabilities.

Our findings demonstrate that lower English proficiency significantly impairs developers’ ability

to effectively utilize GenAI tools when using traditional prompting approaches, leading to 21.2%

lower accuracy rates, 23.7 minutes longer completion times, and 5.5% higher task abandonment

rates. These performance gaps align with prior research documenting how language barriers create

cognitive burdens in global software development (Guo 2018) and technology-mediated commu-

nication (Neeley 2013). However, we find that metadata prompting substantially mitigates these

disparities - a novel insight as existing literature has primarily focused on documenting language
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barriers rather than developing solutions for them. When using metadata prompting, the perfor-

mance differences between developers with varying English proficiency levels become statistically

insignificant across all metrics. This finding extends research on reducing barriers in global work

(Fayard and Metiu 2014) by demonstrating that structured interaction patterns aligned with devel-

opers’ technical expertise can effectively overcome language-based performance gaps. The effective-

ness of this approach suggests that rather than trying to improve English language skills or develop

better translation tools, organizations might achieve better results by redesigning AI interfaces

to leverage developers’ existing domain knowledge. Our exploration of user preferences further

reveals that developers strongly favor metadata prompting over traditional approaches, with this

preference intensifying at lower English proficiency levels. This finding aligns with research that

emphasizes perceived ease of use as a crucial driver of adoption (Davis 1989) and recent findings

about how structured prompting has significant gains over traditional ones (Kumar et al. 2023).

The idea of metadata prompting builds on the idea of structuring AI interactions around users’

domain expertise, rather than natural language capabilities (e.g., Kumar et al. 2023). Naturally,

we believe that these findings extend beyond the immediate context of AI-assisted programming.

As organizations increasingly adopt GenAI tools across various domains, our results highlight the

importance of considering language barriers in the design and implementation of AI interfaces.

6.1. Implications

Our study makes several important theoretical and practical contributions. First, we contribute

to the literature on digital inequality by documenting how language proficiency affects the ability

to leverage cutting-edge AI tools effectively, adding to emerging evidence of learning and utility

divides in AI adoption (Ma et al. 2024). Whereas prior work has examined language barriers in

technology adoption (Hinds et al. 2014) and global work coordination (Neeley et al. 2009), we

provide the first empirical evidence of how these barriers manifest in AI-assisted development.

Second, we demonstrate that interface design choices can significantly mitigate language-based

performance disparities, extending research on reducing barriers in global work (Fayard and Metiu
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2014). The effectiveness of metadata prompting suggests that aligning interaction patterns with

users’ domain expertise around global formats such as JSON, can effectively reduce the cognitive

burden of cross-language communication.

For organizations adopting GenAI tools, our findings emphasize that successful implementation

requires careful consideration of how users interact with these models. Whereas much attention

has focused on fine-tuning AI models for specific use cases, our results demonstrate that significant

improvements can be achieved through thoughtful interface design, aligning with recent frameworks

for design-oriented AI research (Abbasi et al. 2024) and findings in the education domain (Kumar

et al. 2023). The success of metadata prompting in bridging language barriers aligns with broader

research on intermediate representations between natural and formal languages (Kesseli et al.

2025). Our approach creates a structured intermediate layer that reduces cognitive load while

maintaining intuitive communication patterns for domain experts. This suggests that developing

specialized intermediate representations may be a powerful general strategy for enhancing human-

AI collaboration across diverse use cases and linguistic backgrounds. This insight is particularly

crucial for global teams, where English proficiency varies widely and may not be correlated with

programming proficiency.

For AI platform developers, our results emphasize the importance of supporting structured

input formats alongside natural language interfaces. The effectiveness of metadata prompting in

reducing language-based performance gaps suggests that platforms should provide built-in support

for structured prompting patterns. This could include template systems, schema validation, and

interactive tools for building structured prompts.

Finally, the implications extend beyond software firms. Online freelancer marketplace platforms

also stand to benefit significantly from implementing metadata prompting tools. Online market-

places, which heavily rely on international freelancers,15 can enhance their operations by leverag-

ing metadata prompting, particularly considering the differential impact of AI adoption on labor

15 Upwork Revenue and Client Stats - Back Linko

https://backlinko.com/upwork-users
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demand across education and sectors (Xue et al. 2022). First, they could implement structured

requirements specification interfaces that can guide clients to articulate their project needs in a

way that reduces ambiguity and potential language-related misunderstandings. They could also

develop AI-powered tools to help freelancers interpret these structured requirements to provide

an appropriate solution. This may not only overcome language-related hesitations in bidding for

projects but also may lead to efficient project completion and higher client satisfaction.

6.2. Avenues for Future Research

While our study demonstrates the effectiveness of metadata prompting in the context of software

development, several limitations suggest avenues for future research. First, our experiment focused

specifically on MERN stack development tasks, where develoeprs are well-versed with JSON-style

formatting. However, such a formatting may not be intuitive to programmers that are well-versed

in statistical programs such as Stata or R. Future work should examine whether similar benefits

extend to other programming domains and task types.

Second, while we measured English proficiency through standardized tests, future studies might

explore how different aspects of language proficiency (reading, writing, speaking) differently affect

AI tool usage.

Additionally, future research could explore how metadata prompting might be enhanced through

automated tools that help developers structure their prompts, or through hybrid approaches that

combine structured and natural language elements. This work could build on emerging frameworks

to guide AI agent behavior (Ni et al. 2025) and prior research showing how conceptual modeling can

improve machine learning performance (Castellanos et al. 2021), exploring how prompting tech-

niques could be adapted for non-programming contexts where language barriers affect technology

adoption. For instance, studies could explore how metadata prompting could help address other

aspects of algorithmic bias (Fu et al. 2020) by reducing systemic advantages for certain linguistic

groups in AI tool adoption.
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Appendix. Tables and Figures

Table A1 Learning Effects Analysis

Accuracy Completion Time
English Proficiency 43.165*** -49.012***

(4.594) (4.818)
Metadata Prompting 42.131*** -46.243***

(3.490) (3.627)
Test2 2.642 0.357

(3.824) (3.938)
English Proficiency × -40.395*** 45.731***
Metadata Prompting (5.992) (6.189)
English Proficiency × -2.991 -0.230
Test2 (6.474) (6.708)
Metadata Prompting × -5.797 -2.584
Test2 (5.248) (5.264)
English Proficiency × 8.225 3.668
Metadata Prompting × Test2 (9.032) (9.052)
Controls Yes Yes
Observations 1,347 1,347
Adjusted R-squared 0.539 0.572
Notes: Huber-White heteroskedasticity-consistent errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

Control variables include coding ability, undergraduate grades, AI experience,

gender, education, experience, and task fixed effects

Table A2 Alternative Accuracy Measures

Average First Second Maximum
Attempt Attempt

English Proficiency 41.224*** 40.178*** 42.271*** 41.260***
(3.319) (3.165) (3.671) (3.282)

Metadata Prompting 39.473*** 39.301*** 39.645*** 39.273***
(2.621) (2.520) (2.894) (2.576)

English Proficiency × -36.664*** -36.553*** -36.775*** -36.170***
Metadata Prompting (4.512) (4.341) (4.990) (4.435)
Controls Yes Yes Yes Yes
Observations 1,347 1,347 1,347 1,347
Adjusted R-squared 0.539 0.553 0.494 0.546
Notes: Huber-White heteroskedasticity-consistent errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

Control variables include coding ability, undergraduate grades, AI experience,

gender, education, experience, task fixed effects, and test fixed effects
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Table A3 Sample Selection Analysis

Accuracy Completion Time
English Proficiency 41.331*** -49.103***

(3.327) (3.422)
Metadata Prompting 39.079*** -47.903***

(2.642) (2.644)
English Proficiency × -36.216*** 48.023***
Metadata Prompting (4.553) (4.553)
Controls Yes Yes
Observations 1,312 1,312
Adjusted R-squared 0.538 0.578
Notes: Huber-White heteroskedasticity-consistent errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

Sample excludes all observations for individuals who abandoned in Test 2

Control variables include coding ability, undergraduate grades, AI experience,

gender, education, experience, and task fixed effects

Table A4 Alternative Model Specifications

Linear Probit Poisson Neg. Binomial
Abandonment Completion Time
(1) (2) (3) (4)

English Proficiency -0.939*** -2.601*** -0.897*** -0.910***
(0.195) (0.575) (0.062) (0.064)

Metadata Prompting -0.807*** -2.385*** -0.937*** -0.944***
(0.142) (0.462) (0.061) (0.062)

English Proficiency × 1.085*** 3.190*** 0.835*** 0.848***
Metadata Prompting (0.246) (0.810) (0.107) (0.108)
Controls Yes Yes Yes Yes
Observations 965 965 1,347 1,347
Adjusted/Pseudo R2 0.076 – – –
χ2 – 76.826 1756.760 1735.076
Notes: Huber-White heteroskedasticity-consistent errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

Control variables include coding ability, undergraduate grades, AI experience,

gender, education, experience, and task fixed effects
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Table A5 Post-hoc Tukey Test Results for Group Comparisons

Comparison Mean Standard p-value
Difference Error

Panel A: Preferred Future Use
Medium vs Low -0.366*** 0.100 0.001
High vs Low -0.662*** 0.108 0.000
High vs Medium -0.296** 0.110 0.021

Panel B: Confidence in Prompting
Medium vs Low -0.317*** 0.095 0.003
High vs Low -0.747*** 0.103 0.000
High vs Medium -0.430*** 0.105 0.000

Panel C: Expected Effectiveness
Medium vs Low -0.289** 0.104 0.015
High vs Low -0.596*** 0.112 0.000
High vs Medium -0.307** 0.115 0.021

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01

All measures use 5-point scale (1 = prefer regular prompting,

5 = prefer metadata prompting)

Low: bottom tercile; Medium: middle tercile; High: top tercile
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