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Abstract

Several code generation models have been proposed to help reduce
time and effort in solving software-related tasks. To ensure respon-
sible AI, there are growing interests over various ethical issues (e.g.,
unclear licensing, privacy, fairness, and environment impact). These
studies have the overarching goal of ensuring ethically sourced gen-
eration, which has gained growing attention in speech synthesis
and image generation. In this paper, we introduce the novel notion
of Ethically Sourced Code Generation (ES-CodeGen) to refer to man-
aging all processes involved in code generation model development
from data collection to post-deployment via ethical and sustain-
able practices. To build a taxonomy of ES-CodeGen, we perform a
two-phase literature review where we reviewed 803 papers across
various domains and specific to AI-based code generation. We iden-
tified 71 relevant papers with 10 initial dimensions of ES-CodeGen.
To refine our dimensions and gain insights on consequences of
ES-CodeGen, we surveyed 32 practitioners, which include six de-
velopers who submitted GitHub issues to opt-out from the Stack
dataset (these impacted users have real-world experience of ethi-
cally sourced issues in code generation models). The results lead to
11 dimensions of ES-CodeGen with a new dimension on code qual-
ity as practitioners have noted its importance. We also identified
consequences, artifacts, and stages relevant to ES-CodeGen. Our
post-survey reflection showed that most practitioners tended to
ignore society-related dimensions despite their importance. Most
practitioners either agreed or strongly agreed that our survey help
improve their understanding of ES-CodeGen. Our study calls for
attention of various ethical issues towards ES-CodeGen.

CCS Concepts

• Software and its engineering→ Softwaremaintenance tools;
• Human-centered computing→ Empirical studies in collabora-

tive and social computing.
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1 Introduction

Due to the rising demand in automated code generation to reduce
software development and maintenance costs, companies like Meta
and OpenAI have proposed several code generation models (e.g.,
Code Llama and Codex) for solving software engineering tasks (e.g.,
automated program repair [53, 60, 66] and program synthesis [10]).
However, with the advent of responsible AI, there are rising global
concerns about various ethical dimensions of AI models to ensure
ethical and sustainable development. First, practitioners are hesitant
to use code generation models due to unclear licensing information
and potential copyright infringements. For example, an Intercept
lawsuit [1] claimed that “According to the award-winning website
Copyleaks, nearly 60% of the responses provided by Defendants’
GPT-3.5 product in a study conducted by Copyleaks contained some
form of plagiarized content, and over 45% contained text that was
identical to pre-existing content”, indicating the severity of copy-
right infringements in generated code. Second, several companies
(e.g. Apple [93] and Samsung [28]) have banned the usage of AI-
based code generation models due to privacy concerns over data
leakage. Third, several ethical guidelines [39, 43] were introduced
to govern and guide the design of responsible AI models by em-
phasizing various ethical principles (e.g., transparency, justice and
fairness, non-maleficence, responsibility, and privacy). Fourth, there
exist emerging needs to consider the environmental impact of AI
by characterizing the carbon footprint of AI computing [84, 92, 96].
With the overarching goal of ensuring ethically-sourced genera-
tion, these initiatives encompass various ethical dimensions that
practitioners need to consider when developing and adopting code
generation models for software development and maintenance.

“Ethically sourced” refers to “managing all processes of supply-
ing the firm with required materials and services from a set of
suppliers in an ethical and socially responsible manner” [47]. In a
broader view, ethical sourcing is usually associated with the con-
cept triple bottom line that stresses the importance of measuring
success in three key factors: people (social impact), planet (environ-
mental impact), and profit (financial performance) [31]. Meanwhile,
the core of ethical production involves supply chain management,
ensuring that each point of the supply chain is obtained ethically
and sustainably. In the context of AI systems, the idea of AIBOM
(AI Bills of Material) [97, 98] were introduced to describe all the
components of an AI system to ensure AI transparency [94].

The concept of ethical sourcing has been adopted in various
domains (e.g., economy [75] and medicine [45]) but is still a new
concept for the generative AI community. For speech synthesis [85],
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Figure 1: Supply Chain of ES-CodeGen (Stages and Artifacts)

the ethical questions on voice donation (e.g., voice ownership and
identity) were discussed. For image generation, Adobe released
Firefly, an image generator, in March 2023 [6], claiming to use
solely legal and ethical sources for training, making it less likely to
induce copyright issues, and “commercially safe”. However, there
remains controversial debates on its ethical claim as a Bloomberg
report [21] revealed that 5% of its training data were not being
ethically sourced as they were from another image generator. As
CodeGen models are at the early stage of adoption, it is important
and timely to study the ethically sourced issues for code generation.

In this paper, to the best of our knowledge, we for the first
time introduce the notion of Ethically Sourced Code Generation (ES-
CodeGen) to refer tomanaging all processes involved in code gener-
ation model development from data collection to post-deployment
and artifacts involved via ethical and sustainable practices through-
out the supply chain as shown in Figure 1. Prior ethically sourced
research [47] revealed four main research areas that were widely
discussed (i.e., socially responsible supply management, unethical
purchasing behaviour, ethical sourcing codes of conduct, fair and
ethical trade). Do software practitioners also care about the same
set of dimensions when defining ES-CodeGen? Considering the
unique characteristics of AI-driven code generation pipeline [96],
what are the key software artifacts and stages that contribute to
ethical code generation supply chain management? Prior studies
show that unethical sourcing may lead to negative impacts such
as loss of reputation [46] and legal risks [85]. Are these impacts
any different in the case of unethically sourced code generation
(UnES-CodeGen)? As the first study to understand the various
dimensions of ES-CodeGen and consequences of UnES-CodeGen,
our study aims to answer the questions below:
RQ1: What are the dimensions that define ES-CodeGen from the

practitioners’ perspectives?
RQ2: Which stages and what kinds of artifacts constitute an ethical

supply chain management in the context of code generation?
RQ3: What are the potential consequences of unethically sourced

code generation (UnES-CodeGen)?
RQ4: What are the acceptable trade-offs and contamination when

enforcing ES-CodeGen?
Our study aims to raise awareness by proposing the concept

and contributing to the body of knowledge about ES-CodeGen. To
understand the scope and various dimensions of “ethically sourced”,
we first conduct a systematic literature review of prior studies on it.
Our interdisciplinary literature review covers publications across
various domains, and lays the foundation towards a taxonomy of
dimensions involved in defining ES-CodeGen.

Based on our literature review, we conduct a survey question-
naire involving 32 practitioners. Specifically, the surveys targeted
software practitioners familiar with code generation, contributors
of code generation models, and researchers in code generation. Our

study expands our understanding of the various dimensions that de-
fine ES-CodeGen, and potential consequences of UnES-CodeGen,
identifies areas that research and practice on ES-CodeGen support
should focus on, and provides a discussion of potential solutions to
overcome these consequences.

In summary, this paper makes the following contributions:
Systematic Literature Review: We perform a two-phase system-
atic literature review using a combination of database search, for-
ward and backward snowballing to adopt a multidimensional view
in defining ethically sourced code generation (ES-CodeGen). We first
identified various dimensions of ethical sourcing from various do-
mains, and then performed a domain-specific literature search. We
manually reviewed 803 papers and identified 71 relevant papers.
Our review identified 10 dimensions that define ES-CodeGen.
Survey: We surveyed 32 practitioners to shed light on practition-
ers’ views on ES-CodeGen, including their definitions of ES-CodeGen,
evaluation on provided dimensions, the applicability of dimensions
to stages and artifacts in the supply chain of ES-CodeGen, the
dimensions that they tend to ignore in defining ES-CodeGen, po-
tential consequences of UnES-CodeGen, and acceptable trade-offs.
Discussion: We discuss the gaps within existing code generation
models and ES-CodeGen models, and highlight the key areas that
researchers and practitioners should focus on to build ES-CodeGen.
Evaluation: We also evaluated the usefulness of our survey. In the
post-survey reflection, most participants either agreed (56.3%) or
strongly agreed (18.8%) that their understanding of ES-CodeGen
has improved after taking our survey, indicating that our survey
helped raise awareness of the importance of ES-CodeGen. Our
anonymized survey questionnaire and results are publicly available
at: https://github.com/xuzhi2021/ESCodeGen.
In summary, we noted the key findings below from our study:
• ES-CodeGen is defined by 11 important dimensions: (1) Subject
Rights, (2) Equity, (3) Access, (4) Accountability, (5) Intellectual
Property (IP) Rights, (6) Integrity, (7) Code Quality, (8) Social
Responsibility, (9) Social Acceptability, (10) Labor Rights, (11)
Environmental Sustainability. Among these dimensions, stake-
holders were most concerned about (1), (5), and (11), and tended
to ignore (8), (9), and (10) despite their importance.

• Developers who spent time opting-out from the training data of
the Stack dataset [19] (impacted users) noted the importance of
opt-in consent as a key dimension of ES-CodeGen.

• All stages and artifacts in ES-CodeGen’s supply chain are con-
sidered to be relevant to the dimensions.

• Participants have listed many consequences of UnES-CodeGen,
e.g., exploitation of developers, low-quality code, monopoliza-
tion of generative AI, and impact on open-source communities.
Among the given options, most stakeholders cared about lawsuit
issues, security, and privacy risks.

• When considering various trade-offs in ensuring ES-CodeGen,
most participants noted that accuracy loss is unacceptable (most
can accept up to 10% accuracy loss).

• Most participants thought that none of the existing code genera-
tion (CodeGen) models aligns with the definition of ES-CodeGen
or only partially aligns (need to improve on transparency and
opt-in consent), indicating a considerable gap between current
models and ES-CodeGen.

https://github.com/xuzhi2021/ESCodeGen
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2 Background and Related Work

We will discuss most of relevant papers in our literature review in
Section 3. In this section, we focus on two lines of research closely
related to our work: (1) approaches related to ES-CodeGen, (2)
empirical studies on ethically sourced issues.
Ethically Sourced Code Generation (ES-CodeGen). Recent
trends in open-source code generation models focus on various di-
mensions towards ethical generation, including enhancing AI trans-
parency [72, 77], green code generation [91, 92], bias evaluation
of code generation (CodeGen) [32, 58]. To enhance transparency
of training data, the Stack dataset [77] contains source code from
permissive licenses, and its data governance plan allows developers
who do not wish to have their code used for pretraining large lan-
guage models to opt-out. The Stack dataset is used to train many
code generation models (e.g., StarCoder [55] and OLMo2 [72]).
Studies on ES-CodeGen.Most studies focus on understanding
ethically sourced issues in various domains [23, 47], and some fo-
cus on the software supply chain [97, 98]. The most closely related
work to our work is the literature review of ethical sourcing [47]
(published in July 2018), which combines a systematic literature re-
view and a citation network analysis to understand the relationship
between the reviewed literature. Although we rely on a literature
review to derive the dimensions defining ES-CodeGen, our work
differs in that: (1) instead of citation network analysis, we perform
a two-phrase hierarchical review to obtain diverse perspectives
of ethically sourced dimensions, (2) our focus on code generation
offers a technical view of ethically sourced issues, which is absent
in prior work, (3) compared to prior study published on 2018, our
study offers an updated view of ethically sourced issues.

3 Systematic Literature Review

To obtain a comprehensive definition of ES-CodeGen, we con-
ducted a two-phase hierarchical systematic literature review (broad
→specific), using a combination of database searching, forward
and backward snowballing [42]. Figure 2 shows the overall work-
flow of our literature review. To obtain a broad and high-level view
of ethical sourcing from multiple disciplines, we first conducted
a survey of research across various domains (e.g., economy [75],
medicine [45], and religion [7]) as there is a lack of a clear definition
of ES-CodeGen. In the second phase, we focused specifically on
LLM-based code generation literature and annotated the relevant
dimensions to the development of ES-CodeGen.

3.1 Cross-disciplinary General Literature Search

3.1.1 Initial Database Search. We searched for “ethically sourced”
on Google Scholar to obtain a comprehensive definition and related
dimensions across various domains. Since this term is not specific
to the computer science field, we did not use specialized databases
such as IEEE Xplore or ACM Digital Library. The search returned
about 112,000 results, which were too many to review in full, so we
manually examined the top 100 papers sorted by relevance. After
excluding non-scholarly publications (55 papers remaining) and
selecting relevant ones, we obtained 45 papers. Among the top
100, we found that after the top 51 papers, no new dimensions
emerged. Based on this review, we established the synonyms of
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Figure 2: The Workflow of Our Literature Review

Table 1: Database Search Queries and Scopes

Database Query Keywords Summary Search Scope
IEEE 𝑘𝑒𝑦1’ AND 𝑘𝑒𝑦2 AND 𝑘𝑒𝑦3 All Metadata
ACM 𝑘𝑒𝑦1’ AND 𝑘𝑒𝑦2 AND 𝑘𝑒𝑦3 Abstract
Scopus 𝑘𝑒𝑦1’ AND 𝑘𝑒𝑦2 AND 𝑘𝑒𝑦3 Article Title, Abstract, Keywords
Google Scholar 𝑘𝑒𝑦1 * 𝑘𝑒𝑦2 * 𝑘𝑒𝑦3 Anywhere (Default)

“ethically sourced” as the first set of keywords for the domain-
specific literature review.

3.1.2 Constructing Keywords for Queries. We prepared three sets
of keywords (𝑘𝑒𝑦1, 𝑘𝑒𝑦2, 𝑘𝑒𝑦3) to design the queries for the domain-
specific literature review. From the general literature search, we
collected 𝑘𝑒𝑦1, synonyms of “ethically sourced”. Then, we reused
the derived synonyms of “artificial intelligence” and “code gener-
ation” from prior work [69] as 𝑘𝑒𝑦2 and 𝑘𝑒𝑦3. Our summarized
keyword sets are as follows:
𝑘𝑒𝑦1 : ethically sourced, ethical sourcing, ethically acquired, ethi-
cally procured, ethical acquisition, responsible sourcing, responsibly
sourced, sustainable sourcing
𝑘𝑒𝑦1’: ethic* OR responsibl* OR sustainabl*
𝑘𝑒𝑦2: LLM, AI, artificial intelligence, LLMs, large language models
𝑘𝑒𝑦3: code generation, code creation, generate code, code writing,
code production, code correction, code quality

3.2 Domain-Specific Literature Search

3.2.1 Query Design and Database Search. Table 1 shows the queries
and scopes for four popular databases in the field of computer sci-
ence: IEEE, ACM, Scopus, and Google Scholar. Initially, we found
that queries in the form of 𝑘𝑒𝑦1 AND 𝑘𝑒𝑦2 AND 𝑘𝑒𝑦3 returned
zero results in IEEE, ACM, and Scopus, so we simplified and broad-
ened 𝑘𝑒𝑦1 to 𝑘𝑒𝑦1’ using wildcard operators. For example, we used
“ethic*” to cover multiple forms such as “ethics”, “ethical”, and “ethi-
cally”. As the length of our query (362 characters without spaces)
exceeded the limit for Google Scholar (256 characters), and Google
Scholar does not support wildcard operators, we searched each com-
bination of 𝑘𝑒𝑦1, 𝑘𝑒𝑦2, and 𝑘𝑒𝑦3 individually, then collected the
results, merged and deduplicated them. Since the three databases
provide different scope options, we chose a different but appropri-
ate scope for each to include as many results as possible. The query
in Google Scholar was finished on March 12, 2025. The queries in
IEEE, ACM, and SCOPUS were completed on March 14, 2025.
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3.2.2 Merging, Deduplication and Exclusion. We obtained 61 pa-
pers from Google Scholar, 79 from IEEE Xplore, 19 from ACM
Digital Library, and 64 from Scopus individually, leading to a total
of 223 papers. After merging the list of papers and deduplication,
we obtained 194 papers. Then, we manually excluded papers that
are either not in English or not published in scholarly journals or
conferences, and eventually obtained 136 papers.

3.2.3 Paper Selection. As shown in Figure 2, we performed pa-
per selection in several rounds (on 55, 136, 160, and 132 papers).
Specifically, we manually excluded irrelevant papers that 1) only
reflect on the keywords in sections like “Discussion” or “Related
Work” instead of discussing the keyword itself, and 2) superficially
mention the keywords, but do not focus on ethical sourcing issues.

3.2.4 Snowballing. We conducted forward and backward snow-
balling on the 17 relevant papers. This process yielded 7,056 papers
through forward snowballing and 1,037 papers through backward
snowballing. We then applied keyword filtering to remove irrel-
evant papers, resulting in 251 and 258 papers, respectively. After
manual exclusion, we retained 132 forward and 160 backward pa-
pers that were English academic publications. In the last step, we
identified one additional relevant paper from forward snowballing
and eight papers from backward snowballing.

Combined with the original 17 papers, this resulted in 26 rele-
vant papers. In total, we manually reviewed 100 (general search) +
194 (specific search) + 251 (forward snowballing) + 258 (backward
snowballing) = 803 papers, and got 71 (45+26) relevant papers.

3.3 Construction of the Taxonomy

We recorded candidate themes when reading the 71 relevant pa-
pers to build a taxonomy with various dimensions that define ES-
CodeGen. Specifically, we followed the recommended steps of
thematic analysis [27], and assessed inter-rater disagreement at
two key steps. 1) Extract data: Two authors (coders) independently
extracted dimension-relevant excerpts for all these papers. The per-
centage agreement was nearly 90%. A codebook defining various
dimensions was also developed in this process and finalized through
discussions. 2) Identify and code relevant dimensions: Both coders
independently coded all extracted excerpts using the codebook. We
transformed the multi-label coding task into a label-level binary
matrix, treating each (excerpt, label) pair as a unit, and computed
Cohen’s Kappa coefficient [26], and average Jaccard Index [87] per
excerpt to reflect annotation set-level consistency. In initial cod-
ing (first 10% of excerpts), the Cohen’s Kappa was 0.62 (moderate
agreement). After a calibration meeting to refine code definitions,
subsequent coding’s Kappa value achieved 0.91 (almost perfect
agreement), with the post-calibration average Jaccard Index 0.84
(relatively high similarity). Steps (3)-(5) involved discussions to
translate codes into themes, create higher-order themes, and as-
sess trustworthiness. These were performed via multiple meetings
among the authors to ensure consistency and validity.

Table 2 shows a structured taxonomy resulting from our the-
matic analysis, reflecting key dimensions of ES-CodeGen through
three hierarchical levels: (1) Area, representing broad areas of ethi-
cal concern; (2) Dimension, grouping related issues within each

dimension; and (3) Aspect, capturing concrete and specific eth-
ical aspects, each with a brief description and relevant citations
from the two-phase literature review. This structure allows for both
high-level reasoning and fine-grained analysis of ethical sourcing
practices in the development of ES-CodeGen.

3.3.1 Source. This area encompasses the dimensions related to
the source of ES-CodeGen, including subject rights, equity, access,
accountability, intellectual property rights, and integrity.
Subject Rights. This refers to whether data subjects’ rights on
controlling the use of their source are respected, including:

Informed Consent. In most domains (e.g., biomedical field gather-
ing stem cells [45], and voice generation gathering voice[38]), the
standard mechanism for obtaining consent is opt-in, where data
subjects are explicitly asked whether they agree to the use of their
data for specific purposes. However, CodeGen models often rely on
large-scale datasets mined from the web (e.g., GitHub), making ob-
taining individual consent impractical. To address this, developers
of the Stack dataset [19] introduced an opt-out mechanism to allow
developers to check if their data has been included and to request
its removal from the training. However, developers who chose to
opt-out pointed out that the mechanism might still be illegal and
morally wrong [18]. To obtain real-world experience of ethically
sourced issues in CodeGen, we invited these developers (known as
impacted users in Section 5.1) to our survey.

Privacy and Security. Prior work [51] mentioned some famous
examples like Samsung employees accidentally disclosing sensitive
company data to ChatGPT [28], and companies like Google explic-
itly warning employees not to enter confidential information into
chatbots [29]. To address this, some techniques like CodexLeaks
[70] are proposed to test privacy leaks of CodeGen models.
Equity. This refers to whether the model development reflects
principles of diversity, fairness, and representativeness.

Diversity. Several studies [63, 73, 74] highlighted the importance
of diversity in the source of models. Diversity is also emphasized in
domains such as medical AI, as prior work [73] noted that ethical AI
development is approached through interdisciplinary collaboration
and the early involvement of diverse teams across the AI lifecycle.

Fairness. Several studies revealed that the code generated by
ChatGPT and Codex exhibits biases related to demographic factors
and stereotypes based on gender, race, emotions, class, naming
structures, and other characteristics [32, 58]. Several techniques
focus on evaluating the bias of CodeGen models [57, 59].

Representativeness. Several studies discussed this aspect to avoid
inequity [16, 52, 73, 79, 85]. For example, for voice datasets collec-
tion, prior study [15] stressed the need for targeted recruitment and
oversampling from underrepresented groups. For CodeGen, another
work [52] stated that university programming instructors raised
several equity-related concerns, including whether the training
data behind AI tools sufficiently represents diverse groups.
Access. This refers to whether resources used in the development of
models and models themselves are accessible or properly controlled.

Accessibility. Recentwork like StarCoder [56] stressed that closed-
access models pose ethical challenges by preventing public over-
sight, hindering safety assessments, and limiting community con-
tributions. Meanwhile, balancing between privacy and accessibility
should also be considered when resources like training data contain
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Table 2: Ethics Dimension Taxonomy for ES-CodeGen (refer to our website for the complete list of references)

Area Dimension Aspect Description Domain-specific Papers General Papers

Source Subject Rights (D1) Informed Consent (Opt-in’) Data subjects are fully informed and give consent to source usages [56, 63, 74, 76] [15–17, 38, 45]
Privacy and Security Both inputs and outputs avoid private or confidential information [30, 34, 37, 51, 70] [15–17]

Equity (D2) Diversity Diverse perspectives (e.g., geographic) are considered [25, 56, 63, 67, 74] [33, 35, 38, 44, 73]
Fairness Both inputs and outputs are free from biases [9, 32, 57–59] [33, 35, 38, 71, 73]
Representativeness Proportional coverage of different groups are considered [14, 32, 52, 67] [15, 16, 73, 79, 85]

Access (D3) Accessibility Resources are available under appropriate conditions [37, 56, 76] [16, 38, 44, 45, 79]
Accountability (D4) Transparency The inputs and development processes are visible [61, 63, 67, 74, 95] [40, 46, 64, 73, 82]
IP Rights (D5) Source Acknowledgement Sources are properly acknowledged and credited [51, 54, 61, 63] None

Licensing The use of inputs complies with relevant licenses [14, 52, 58, 61, 63] [44, 85]
Generation Distinctiveness The outputs are sufficiently distinct from the origins [54, 61, 76, 95, 99] None

Integrity (D6) Contamination Inputs are verified and remain free from contamination None [7, 11]
Code Quality+ (D7) Accuracy+ The generated code is accurate [25, 58, 63, 74, 95] [15, 17]

Society Social Responsibility (D8) Community Development Communities involved in or affected by the development benefit from it None [8, 46, 64, 78, 81]
Social Acceptability (D9) Philosophyand Religion Religious beliefs, practices, and sensitivities are respected [25, 56, 59] [7, 11, 20, 68]

Culture Diverse cultural identities and values are considered [25, 63] [15, 20]
Labor Rights* (D10) Fair Wages* Human workers involved (e.g., authors of training data*) receive fair pay [52] [5, 11, 38, 46, 47]

Working Conditions Mentally and physically safe conditions are provided [52] [5, 13, 35, 46, 64]
Legal Employment The labor of vulnerable communities is not exploited illegally None [5, 35, 46, 64, 75]

Enviro- Sustainability (D11) Energy Consumption The amount of energy and resources used is considered [14, 25, 86, 91, 92] [15, 16, 22, 35, 41]
nment Emissions and Pollution The environmental pollution (e.g., carbon emissions) is considered [25, 52, 86, 92] [8, 22, 35, 41, 64]

1 The “Source” area encompasses dimensions focusing on model and data governance
2 The superscript + means that the dimension is a new technical dimension derived from the result of the survey
3 The superscript * denotes that the refined dimension where survey participants noted compensation to authors or input training data is desirable.
4 The superscript ’ denotes that the refined aspect where survey participants noted that opt-in informed consent is preferred over opt-out.

sensitive or identifiable information [79]. Moreover, ensuring that
AI models are not prohibitively expensive or restricted to certain
regions or populations (equitable access) is also important [16].
Accountability. Source accountability refers to whether the devel-
opment of CodeGen models ensures responsibility and traceability
throughout the process, including:

Transparency. The importance of supply chain transparency is
widely emphasized across domains [40, 46, 82]. In the context of
AI, developers or organizations should disclose what data is used
and how outputs are produced to ensure input transparency and
output explainability [95]. Several regulatory frameworks (e.g., the
GDPR for data processing 1, and the European Commission’s AI Act
for deployment 2) stressed the importance of transparency across
different stages of AI systems. Moreover, transparency regarding
data sources is important in preventing the misuse of protected or
copyrighted content [63].
Intellectual Property (IP) Rights. This concerns whether the
development of CodeGen models respects IP rights related to their
inputs.

Source Acknowledgement. Although related to transparency, this
aspect specifically emphasized the responsibility to provide clear
attribution, allowing users to trace the origin of code components
to enhance traceability [54, 63].

Licensing. Although many open-source repositories are acces-
sible, many come with specific license terms on permissible uses
(e.g., commercial use). However, studies have highlighted that many
models have been trained on such repositories without adequately
considering or adhering to these licensing terms, raising concerns

1GDPR: Principles relating to processing of personal data (2023). Available at: https:
//gdpr-info.eu/art-5-gdpr/. Accessed: 2025-06-04
2European Commission (2021). Proposal for a Regulation laying down harmonised
rules on artificial intelligence (Artificial Intelligence Act). Available at: https://eur-
lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A52021PC0206. Accessed: 2025-
06-04

about legal violations [14, 52, 58, 61, 63]. For example, the GitHub
Copilot investigation raised concerns on potential violation of open-
source licenses on AI-generated code [24].

Generation Distinctiveness. Since models can learn andmemorize
details from the training data, there is a risk that generated out-
puts may closely mimic or even replicate code in training dataset,
raising concerns about compliance and infringement [99]. Hence,
developers should ensure generated code maintains adequate dis-
tinctiveness from code in training data [54, 95]. Otherwise, the
users who deploy generated code that is too similar to its source
may unintentionally commit plagiarism [76].
Source Integrity. This considers whether all inputs are sourced
from verified sources that comply with ethical standards, with no
contamination involved during model development.

Contamination. This aspect is inspired by studies on ingredient
evaluation and Halal certification [7, 11], which stated the need
of source raw materials strictly from certified suppliers to prevent
cross-contamination from non-Halal ingredients.

3.3.2 Society. The social area encompasses social responsibility,
social acceptability, and labor rights.
Social Responsibility. This concerns whether the organization or
developers of CodeGen models take on broader social responsibili-
ties [8, 46], including:

Community Development. This refers to whether communities
involved in or affected by the development of CodeGenmodels bene-
fit from it, rather than being treated solely as sources of data or labor.
For example, Starbucks showed community commitment by adher-
ing to fair trade principles, collaborating with coffee-producing
communities, and organizing initiatives (e.g., donations) [46].
Social Acceptability. This refers to if the development process of
CodeGen models respects different cultures and religious beliefs.

Philosophy and Religion. This aspect concerns whether philo-
sophical concerns, religious beliefs and sensitivities are respected

https://gdpr-info.eu/art-5-gdpr/
https://gdpr-info.eu/art-5-gdpr/
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A52021PC0206
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A52021PC0206
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during model development. For example, prior work [68] discussed
ethical concerns raised by certain religious communities regarding
COVID-19 antibody vaccines that utilize reagents derived from
aborted fetal cell lines. Similarly, for CodeGen, developers should
ensure that inputs, outputs, and overall development processes
align with commonly held religious principles and avoid content
that conflicts with religious sensitivities.

Culture. For example, body donor programs have emphasized
integrating cultural and religious needs into operational practices
[20]. Prior study [15] also mentioned that trustworthy voice AI
should respect cultural sensitivity throughout data collection, syn-
thetic data generation, and implementation. These principles about
culture are equally applicable to CodeGen models.
Labor Rights. This dimension concerns whether organizations or
developers respect the basic labor and human rights of workers
involved in the development processes of CodeGen models.

Fair Wages. For example, a prior study [52] cited a news3 that
OpenAI underpaid the Kenyan data labeler (less than $2/hour),
raising concerns about fair pay in the global AI supply chains.

Working Conditions. For example, reducing a model’s toxicity
often requires human labelers to handle harmful content, which
may affect their mental health. In the previous news3, workers
reported that the wellness services provided by the organization
were limited and ineffective under the strain of heavy workloads.

Legal Employment. For example, previous research [46] cited a
report [100] revealing child labor in global brands such as Nike,
which demonstrated the importance of this aspect.

3.3.3 Environment. This area examines whether the development
of CodeGen models aligns with principles of sustainability.
Sustainability. This dimension assesses whether the development
of models is conducted in an environmentally sustainable manner.

Energy Consumption. Several studies [86, 92] have raised con-
cerns about the high energy cost of LLMs and proposed approaches
to evaluate energy efficiency (e.g., data center energy efficiency,
hardware efficiency, and algorithmic efficiency). However, the gen-
erated code of existing models often overlooks basic energy-saving
practices [86], and typically results in higher runtime and energy
consumption compared to human-written solutions [91].

Emissions and Pollution. Several studies noted the concerns on
this dimension and discussed about the solutions [25, 52, 86]. For
example, the organization can reduce the carbon emissions by lo-
cating the data center in regions with cleaner energy grids or by
sourcing electricity from low-carbon or renewable providers [92].
Excluded Dimensions. We exclude some dimensions that are
inapplicable to the field of CodeGen: biodiversity conservation
under the environment dimension[8, 75], animal ethics (animal
welfare) [48, 65], health and safety (inmedicine or chemistry) [8, 45],
and fair trade (in economy)[46, 82].

Finding 1: Our literature review revealed that ES-CodeGen are
defined by 10 dimensions from 3 areas, including 19 aspects.

3Billy Perrigo (2023). OpenAI Used KenyanWorkers on Less Than $2 Per Hour ToMake
ChatGPT Less Toxic. Time. Available at: https://time.com/6247678/openai-chatgpt-
kenya-workers/. Accessed: 2025-05-07.

4 Ethical Considerations

The research ethics committee of our institution requires that each
researcher doing research involving human subjects obtain cer-
tification on a research ethics course (i.e., an online course with
tutorials and exercises on ethics guidance) so all researchers in-
volved have completed the course before getting ethical approval.
Then, we submitted the methodology for the study (including the
procedures to gather contact information, recruitment materials,
survey questions), and received ethical approval from the research
ethics committee of the institution directly involved in the survey.

At the start of the survey, we obtained informed consent from
participants. We stressed that this is an anonymous survey, par-
ticipation is voluntary, and they can quit the survey at any time,
and incomplete responses will not be recorded. As fair labor is
one key dimension in ethical sourcing, we provide five Amazon
gift cards valued at 50 (in our designated currency) for every 50
participants as compensation, complying with the minimum wage
requirement in our region. To protect the participants’ anonymity,
we stressed that participation in the lucky draw is optional, and
we collected their email addresses to distribute the gift cards in a
separate, independent questionnaire.

5 Survey Design and Results Analysis

Building upon the dimensions that we obtained via our literature
review, we designed a questionnaire to elicit developers’ perspec-
tives on whether these dimensions are appropriate for defining
“ethically sourced code generation,” and to understand their under-
lying reasons and concerns. In addition, we investigated the broader
significance of ES-CodeGen, including scenarios in which such
ethical considerations are most critical.

5.1 Participants Recruitment

Our survey targeted stakeholders involved in the research and the
development of CodeGenmodels. To identify these stakeholders, we
invited participants via several rounds of invitations: (1) we shared
the link of our survey through social media posts, (2) we collected
a list of emails of authors of the relevant papers in our literature
review (we only kept authors relevant to LLM research and ethical
issues), leading to a total of 831 emails (out of these emails, we
received six replies saying that they would not participate), (3) we
contacted researchers within our social network and sent emails to
mailing lists for software engineering and AI researchers.
Impacted Users. In the last round of invitations, we included
GitHub users who have opted-out from the Stack dataset [19], as
they were affected by ethically sourced issues. Our email started
with “As you requested to opt-out your repositories from The Stack

dataset, we would like to invite...”. As these users have experience
of their repository being used as training data and chose to opt-
out, their opinions are invaluable (we call them impacted users).
Interestingly, we observe that the response rate for impacted users
is relatively high, i.e., we obtain six new responses in our last round
of invitations out of 50 emails sent (12.0% response rate compared
to 3.3% for previous invitations), showing that impacted users are

more likely to share their views on ES-CodeGen.
As a targeted survey on CodeGen, we listed several inclusion cri-

teria at the start of the survey and in our invitation email: (1) adults

https://time.com/6247678/openai-chatgpt-kenya-workers/
https://time.com/6247678/openai-chatgpt-kenya-workers/
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aged 18 and over, (2) have at least one year of programming experi-
ence, (3) have at least some familiarities with CodeGen models (as
a user, developer, or researcher), (4) not affiliated with the research
group conducting the survey (to avoid conflict of interest). Finally,
we received 34 survey responses, of which 32 were complete and
valid (i.e., we analyzed the results from the 32 ones).

5.2 Survey Design

We designed the survey questionnaires based on our literature
review, general guidelines for survey design [36], and SE-specific
guidelines [49, 50]. The survey includes five types of questions: (1)
short-answer open-ended questions, (2) multiple-choice questions,
(3) rating questions (with 5-point Likert scale), (4) matrix table
questions, and (5) ranking questions. The survey consists of the six
sections below:
1. Background. This consists of five multiple choice questions and
three open-ended questions, asking about the participant’s non-
identifiable background information. Our goal is to check whether
participants are familiar with programming, CodeGen models, and
the concept of “ethically sourced”.
2. Open-ended Questions on Defining ES-CodeGen. The sec-
ond section investigated participants’ opinions on what should
be considered when defining “ethically sourced code generation”
and whether they have ever encountered ethical sourcing issues
through two open-ended questions. To minimize potential bias and
to allow participants to provide the definition in their own words,
we posed these open-ended questions prior to presenting our col-
lected dimensions, thereby reducing the likelihood that participants
would be influenced by our taxonomy.
3. Dimension Evaluation. Here we first described each dimen-
sion and asked about the relevance of each to the definition of ES-
CodeGen through 10 rating questions, with options rated in a five-
point Likert scale (from“Not relevant (1)”, to “Very relevant(5)”). Sec-
ondly, we asked which development stages and artifacts (columns)
in the development of CodeGenmodels they believe each dimension
(rows) applies to, with four matrix table questions.
4. Real-World Experiences and Reflections. This part asked
about participants’ personal reasons for rating the dimensions, their
real-world experiences or thoughts related to ES-CodeGen, and
potential impacts of UnES-CodeGen by four open-ended questions
and one multiple choice question.
5. Trade-offs andAcceptableCosts.This section has fivemultiple-
choice questions on respondents’ views on the acceptable costs of
making a CodeGen model ethically sourced, and one ranking ques-
tion on the relative importance of each trade-off option.
6. Post-survey Reflections. The final section asked participants to
reflect on their experience with this survey. For example, whether
they think that ES-CodeGen is more important than they thought
after taking the survey (from“Strongly disagree (1)”, to “Strongly
agree(5)”), which dimensions were ignored by them before taking
this survey (by a multiple choice question), and whether the di-
mensions are generalizable to other fields beyond CodeGen (e.g.,
voice generation) (from“Definitely not (1)”, to “Definitely yes(5)”).
This part includes three five-point Likert scale rating questions, one
multiple choice question and one open-ended question.

6 Survey Results

We use Qualtrics to collect survey responses. For the open-ended
questions, we use an open coding approach where two authors
(coders) performed open coding on all the 32 valid responses. They
independently assigned one or more codes to each valid response.
To assess inter-rater reliability for these multi-label annotations,
we used the approach described in Section 3.3. The results show an
overall label-level Cohen’s Kappa of 0.93 and an average Jaccard
Index of 0.88, indicating a high level of inter-rater agreement.
Background of Survey Participants. Table 3 shows the general
demographic information of our survey participants. Most of our
participants are researchers (65.6%), have more than ten years of
coding experience (50.0%), are knowledgeable (46.9%) about code
generation models, and use the models frequently (daily (50.0%) or
weekly (28.1%)). Most of them (75.0%) are familiar with more than
3 code generation models, and 90.6% of them have at least one year
of experience working with code generation models. Most (40.6%)
are somewhat familiar with ethically sourced products, while the
same proportion of participants are not familiar with ES-CodeGen.
For the descriptions of different levels of familiarity, please refer to
the specific question and options in our full survey.

6.1 RQ1: Various Dimensions that Define

ES-CodeGen

Before asking participants to evaluate dimensions in our taxonomy,
we collected the definitions provided by them via an open-ended
question, and summarized the following dimensions:
Overlapping Dimensions. Most of the mentioned dimensions
overlapped with our dimensions, indicating our collected taxonomy
is general, and matches well with the stakeholders’ perspective of
ES-CodeGen. Notably, 46.9% mentioned about licensing or copy-
right; 25.0% mentioned environment; 21.9% mentioned privacy (e.g.,
“Prompting data should not be stored, or should be stored securely, and

deleted on demand” ), fairness (e.g., “minimizing bias” ), and source
acknowledgment (e.g., some comments stated “to maintain trans-

parency and traceability, we need to apply the concept of supply chain,

like tracking the origin of code (i.e., which public code closely aligns

with the generated code)”, ”The source for generating the code should
be recorded and traced” ); and 18.8% mentioned consent.
Refined Aspect: Compensation to Authors of Input Training

Data. Three out of 32 responses mentioned this so we merged
it into “fair wages” under the “labor rights” dimension. As most
code generation models mine data from the repository without
gathering consent, this indicates the need to derive a scheme to

provide compensation to authors of input training data.
Refined Aspect by Impacted Users: Opt-in Consent. As im-
pacted users spent effort to submit issues to opt-out from the Stack
dataset, we notice that three users suggested about opt-in consent
instead of the current opt-out consent policy. Notably, one com-
ment defined ES-CodeGen as “Models should only be trained on code

voluntarily offered up by developers, on an opt-in basis, and never

scraped without consent, including even MIT licensed open source

code, which was released as such before the proliferation of LLMs”.
New Dimension: Code Quality. We did not include code quality
as a dimension in our initial taxonomy because while metrics such



ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil Authors

Table 3: Background of survey participants. Not Familiar (1), Slightly Familiar (2), Somewhat Familiar (3), Knowledgeable (4), Expert (5)

Role Coding Experience (y) Familiarity with ES-Products Familiarity with ES-CodeGen

Researcher 65.6% (21) 11–20 37.5% (12) Somewhat familiar 40.6% (13) Not familiar 40.6% (13)
Software Developer 15.6% (5) 6–10 28.1% (9) Knowledgeable 28.1% (9) Slightly familiar 25.0% (8)
Student 12.5% (4) 4–5 18.8% (6) Slightly familiar 21.9% (7) Somewhat familiar 18.8% (6)
AI/ML Engineer 6.3% (2) >21 12.5% (4) Not familiar 6.3% (2) Knowledgeable 15.6% (5)
- 2–3 3.1% (1) Expert 3.1% (1) Expert 0.0% (0)

Familiarity with CodeGen # of Familiar CodeGen Frequency of Using CodeGen Experience of Working with CodeGen (y)

Knowledgeable 46.9% (15) 4–6 50.0% (16) Daily 50.0% (16) 2 40.6.0% (13)
Expert 28.1% (9) 2–3 25.0% (8) Weekly 28.1% (9) 3 31.3% (10)
Somewhat familiar 18.8% (6) 7–10 15.6% (5) Monthly 9.4% (3) 1 12.5% (4)
Slightly familiar 6.3% (2) 11–20 6.3% (2) Yearly 6.3% (2) 0 9.4% (3)
Not familiar 0.0% (0) 21+ 3.1% (1) Never 6.3% (2) 4 6.3% (2)

Figure 3: Relevance of Dimensions in Defining ES-CodeGen

as code quality and accuracy are important to assess the effective-
ness of code generation models, they are typically regarded as tech-
nical quality indicators rather than ethical dimensions. However,
18.8% of participants mentioned code quality (e.g., output quality,
accuracy of generated code), with one mentioned “generation of

seemingly correct but in fact faulty code, wasting developers’ time

in debugging” (similar to ethical debates on “hypocrite commit” [2]
and nonsensical auto-generated commits [90]). Another example
directly related to ethical harm is generating source code with a
bomb-making tutorial [80] where the auto-generated code can be
used to encourage harmful behavior [89]. Thus, we added it in the
taxonomy as a new dimension to offer a refreshed technical view
of ES-CodeGen.

Finding 2:Our summarized dimensions cover most of the dimen-
sions in the definitions provided by the survey participants, with
refined aspects consent (opt-in) and fair wage (compensation to
authors of training data), and a new dimension on code quality
(e.g., accuracy). We also observed that impacted users tend to
mention opt-in consent when asked to define ES-CodeGen.

Figure 3 shows the evaluation results on the dimensions from our
taxonomy. The top-3 relevant dimensions participants considered
are subject rights, intellectual property rights, and environmental
sustainability. Overall, nearly all dimensions in our taxonomy are
perceived as relevant or very relevant, with the three lowest-ranked
dimensions, i.e., social acceptability (40.6%) and equity (59.4%) in-
tegrity (68.8%), were still considered relevant or very relevant by
many participants, suggesting that the dimensions in our taxonomy
are all relevant to the definition of ES-CodeGen.

Finding 3: All dimensions in our taxonomy are considered rele-
vant or very relevant, except for social acceptability. The most
relevant ones are subject rights, intellectual property rights, and
environmental sustainability.

When asked about the ignored dimensions before they took
this survey, the top five dimensions are social acceptability (56.3%),
social responsibility (46.9%), labor rights (46.9%), access (28.1%),
and integrity (25.0%). The least ignored dimension is intellectual
property rights, which is consistent with their open-ended answers.
Besides, 6.3% of participants selected “All of above” while 12.5%
selected “None of above”, indicating that the awareness of ethically
sourced issues varies among stakeholders.

Finding 4: Before taking the survey, participants tend to ignore
dimensions from the social area when defining ES-CodeGen.
However, most thought that these dimensions are at least mod-
erately relevant in defining ES-CodeGen.

6.2 RQ2: Applicable Stages and Artifacts

We have introduced the dimensions in Section 3.3. In RQ2, we asked
participants to map the applicability of each dimension to various
stages and artifacts involved in the supply chain of CodeGen (as
shown in Figure 1).

Stages.We collected common stages in the development of Code-
Gen models from prior work [62, 83, 96], and refined them to better
examine where ethical risks may arise: 1) data collection, 2) data
annotation, 3) data cleaning and preprocessing, 4) model training
and fine-tuning, 5) model evaluation, 6) deployment (integrate the
trained model into practical environments, enabling it to perform
tasks on designated systems either through real-time interaction
or scheduled processing), 7) post-deployment (use model in real-
world environment and monitoring its outputs and performance
during inference). Specifically, we derive 7) post-deployment (Mon-
itoring/Inference) by combining a) inference [96], and b) model
monitoring [83]. Table 4 summarizes the applicability of each di-
mension to the various stages (based on the results of the survey).
We can see that participants thought that all stages are generally
applicable for all dimensions (on average, 39.4% answered “All of
the above” and at least one participant thought that each stage is
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applicable for each dimension). Among all stages, data collection
is the most frequently selected to be applicable (50.0% on average),
with data annotation the second (40.3%).

Artifacts.We also identified a set of artifacts—components within
the model development and usage pipeline where ethically sourced
issues maymanifest from prior work [3, 83]: 1) training data [25, 34],
2) dependencies (i.e., software components including third-party
libraries [3]), 3) model metadata (including learned parameters,
hyperparameters [25]), 4) documentation [3], 5) prompt (prompt
design and template that may have bias or privacy risks [25, 70]),
6) output (i.e., final product where ethical concerns become visi-
ble—ranging from biased code [32] to the inadvertent disclosure of
private or confidential information, e.g., in the Samsung–ChatGPT
incident [28]). Based on prior work [3, 83], we additionally added
“prompt” and “output” as new artifacts, as prior studies [25, 32, 70]
noted their importance. Table 5 shows the applicability of each
dimension to the various artifacts. Generally, the results are similar
to those for the stages (each artifact has been noted as applicable
by at least one participant). Among all artifacts, training data is the
most frequently selected to be applicable (50.9% on average), with
documentation the second (33.1%). Meanwhile, 37.5% thought that
all artifacts are applicable, indicating that the entire supply chain
of code generation model should be considered for ES-CodeGen.

Finding 5: All stages and artifacts in the supply chain of ES-
CodeGen are applicable to dimensions. This shows the impor-
tance of an ethical supply chain in ES-CodeGen.

6.3 RQ3: Consequences of UnES-CodeGen

6.3.1 Personal Experience. Before and after rating our provided
dimensions, we asked about participants’ personal experience of
facing ethical sourcing issues or situations where ES-CodeGen
was needed. Before rating, 56.3% said "no" for personal experience,
and two impacted users noted consent, two noted licensing issues.
After rating, only 37.5% said “no”, as most issues are covered by our
dimensions. However, some practitioners adopt a more practical
point of view of code generation where the usefulness of the code
generation model is prioritized over other ethical dimensions, as
two participants answered “As long as it functions well and passes the
test I don’t concern the sources”. Besides, when asked about thoughts
on dimensions, one pointed out potential trade-offs between dimen-
sions, as “these dimensions often conflict in practice. For example, you

cannot achieve 100% transparency and privacy simultaneously.”

6.3.2 Potential Impact. We listed nine potential impacts collected
from our literature review [37, 52, 61, 63, 88, 92, 99], and asked
participants to select all that apply. All listed impacts have at least
one selection, and the detailed selection percentages are as follows:

For model developers: 1. Lawsuit issues due to intellectual prop-
erty violations (87.5%), 2. Security risks related to the misuse of
personal data or lack of user consent (87.5%), 3. Harmful outputs
that reflect bias, toxic language, or offensive stereotypes (78.1%), 4.
Environmental impact (78.1%), 5. Reduced user trust and willing-
ness to use the model (71.9%), 6. Negative public reputation (68.8%),
7. Exclusion of certain users or communities due to limited access or
high costs (46.9%). For users: 8. Lawsuits due to using copyrighted
code generated by models (90.6%), 9. Criticized for plagiarism due

Figure 4: Extent of Acceptable Trade-offs

to using generated code that is too similar to existing code (75.0%).
This result is consistent with Finding 3 — most participants cared
about intellectual property rights and subject rights.
Open-ended Questions. Before presenting the options, we asked
an open-ended question about potential impacts and collected the
following new impacts: 1. Exploitation of open-source developers
(15.6%, as one comment stated “human developers not getting the

recognition or compensation they deserve” ), 2. Low-quality or unreli-
able generated code (12.5%, e.g., “buggy code” ), 3. “Monopolization

of generative AI” (9.4%), 4. Impact on open-source communities
(9.4%, as “more projects being closed source to avoid scraping”, “The

tragedy of the commons. Less people will contribute to the commons” )
5. Reliance on CodeGen models (6.3%), as one noted in ‘any com-
ment’: “User-cognitive (effects of reliance on code generation models,

dependency)”, 6. Fuel of dishonesty (3.1%), 7. Unemployment (3.1%).

Finding 6: Among the potential impact options, most partic-
ipants cared about the lawsuit issues due to IP violations on
users (90.6%) and model developers (87.5%), then security risks
on model developers (87.5%). The top-3 new important impacts
noted include 1. Exploitation of developers (15.6%), 2. Low-quality
generated code (12.5%), 3. Monopolization of generative AI and
impact on open-source communities (9.4%).

6.4 RQ4: Trade-offs & Contamination

Ranking Trade-offs. As noted in studies from our literature re-
view [12, 25], developing CodeGen models needs to balance key
trade-offs. Hence, we asked participants to rank the relative impor-
tance of five potential trade-offs for ES-CodeGen, with rank=1 the
most important. The result shows that the top-ranked is “accuracy
loss” (average rank 1.84), followed by “response time or latency”
(2.69), “data contamination” (3.09), “financial or resource cost” (3.28),
and “data preparation time” (4.09).
Acceptable Extents. Figure 4 shows the extent to which partic-
ipants are willing to accept each trade-off (except for contamina-
tion), in terms of percentage loss or increase. For accuracy loss
(top-ranked previously), 15.6% selected that no loss is acceptable,
and 28.1% selected that up to 10% loss is acceptable. For data prepa-
ration time (lowest-ranked previously), 28.1% selected that more
than 50%, 9.4% selected up to 50%, and no one selected unacceptable.
Acceptable Contamination.Weprovided six contamination types
derived from artifacts and let them select all that apply. As a re-
sult, the most acceptable ones are automatically generated content
(53.1%) and bot submissions (34.4%), followed by data with un-
clear or unknown dependencies (28.1%), using closed-source mod-
els (28.1%), unknown or unrevealed data sources (25.0%), and data
with incompatible license within the dependencies (25.0%). Among
all, 31.3% of participants thought no contamination is acceptable.
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Table 4: For each dimension, which stages of ES-CodeGen model development it can apply to?

Dimension Data
Collection

Data
Annotation

Data
Cleaning

Model
Training

Model
Evaluation

Model
Deployment

Post-
deployment

None of
Above

All of
Above

Subject Right (D1) 65.6% 37.5% 31.3% 37.5% 31.3% 28.1% 25.0% 0.0% 31.3%
Equity (D2) 50.0% 34.4% 34.4% 34.4% 43.8% 31.3% 25.0% 0.0% 37.5%
Access (D3) 40.6% 31.3% 28.1% 28.1% 37.5% 46.9% 37.5% 0.0% 34.4%
Accountability (D4) 46.9% 43.8% 40.6% 40.6% 50.0% 43.8% 31.3% 0.0% 40.6%
Intellectual Property (D5) 65.6% 46.9% 34.4% 40.6% 34.4% 31.3% 25.0% 0.0% 34.4%
Integrity (D6) 56.3% 37.5% 46.9% 34.4% 43.8% 21.9% 25.0% 3.1% 31.3%
Social Responsibility (D8) 50.0% 40.6% 37.5% 34.4% 37.5% 28.1% 28.1% 3.1% 40.6%
Social Acceptability (D9) 50.0% 53.1% 50.0% 28.1% 31.3% 21.9% 25.0% 3.1% 37.5%
Labor Right (D10) 40.6% 50.0% 37.5% 25.0% 25.0% 21.9% 25.0% 6.3% 50.0%
Sustainability (D11) 34.4% 28.1% 21.9% 46.9% 37.5% 37.5% 34.4% 0.0% 56.3%
Average 50.0% 40.3% 36.3% 35.0% 37.2% 31.3% 28.1% 1.6% 39.4%

Table 5: For each dimension, which artifacts of ES-CodeGen model development it can apply to?

Dimension Training Data Dependencies Model Metadata Documentation Prompt Output None of Above All of Above
Subject Right 68.8% 37.5% 28.1% 34.4% 15.6% 15.6% 0.0% 31.3%
Equity 59.4% 15.6% 25.0% 37.5% 25.0% 53.1% 3.1% 21.9%
Access 31.3% 34.4% 37.5% 53.1% 28.1% 37.5% 0.0% 40.6%
Accountability 50.0% 46.9% 37.5% 50.0% 25.0% 31.3% 0.0% 43.8%
Intellectual Property 59.4% 40.6% 31.3% 34.4% 15.6% 15.6% 0.0% 37.5%
Integrity 59.4% 31.3% 9.4% 21.9% 12.5% 21.9% 3.1% 31.3%
Social Responsibility 43.8% 31.3% 12.5% 28.1% 18.8% 28.1% 3.1% 43.8%
Social Acceptability 50.0% 12.5% 18.8% 28.1% 21.9% 37.5% 0.0% 34.4%
Labor Right 46.9% 28.1% 18.8% 21.9% 15.6% 18.8% 3.1% 46.9%
Sustainability 40.6% 31.3% 28.1% 21.9% 18.8% 31.3% 3.1% 43.8%
Average 50.9% 30.9% 24.7% 33.1% 19.7% 29.1% 1.6% 37.5%

Finding 7: The most unacceptable trade-off is accuracy loss
(most participants (28.1%) thought that acceptable accuracy loss
is up to 10%), while the least is data preparation time. The most
unacceptable contamination types are unrevealed data sources
and data with incompatible licenses within the dependencies.
31.3% thought that no contamination is acceptable.

6.5 Ethically Source Code Generation Models

After learning about the various dimensions, most participants
(68.8%) thought that none of the existing code generation models
aligns with the definition of ES-CodeGen. Meanwhile, 21.9% felt
that some tools partially aligned, while two participants answered
"yes" and one indicated “no idea”. Some practitioners provided
examples of partially ethically sourced models, including Llama,
Qwen, and Anthropic Claude Code, but these models still need to
improve on dimensions like transparency and opt-in consent.

Those who answered “yes” mentioned StarCoder and OLMo2,
as one impacted user said “OLMo2 uses ethically sourced data and

doesn’t use data without consent while still getting very good perfor-

mance. They also list all the licenses of which they are using the data

under”. Based on the OLMo2’s report [72], we notice that as OLMo2
also relied on the Stack dataset, it may share the similar problem of
opt-in consent. Among the six impacted users, three answered “no”,
two noted “partially” (e.g., “Most tools still lack full transparency and

licensing clarity. However, tools that provide citation, allow opt-outs

for training data, or offer explainability features are moving in the

right direction...”), and one noted “yes”, showing that most impacted
users are unsatisfied with the practices of current models.

Finding 8: Most participants thought that none of the cur-
rently available CodeGen models aligns with the definition of
ES-CodeGen or only partially aligns, suggesting a considerable
gap between current models and ES-CodeGen.

6.6 Post-Survey Reflections

More than half of the participants agreed (56.3%) or strongly agreed
(18.8%) that their understanding of ES-CodeGen has improved, with
the remaining (25.0%) selecting neutral. Similarly, most participants
agreed (43.8%) or strongly agreed (15.6%) that this survey made
them feel that the issues of ES-CodeGen were more important
than they previously thought. 37.5% selected neutral, and only 3.1%
disagreed. Finally, most participants believed that the dimensions
and definitions discussed in this survey could be generalized to
other fields beyond code generation (e.g., image generation, voice
generation). Specifically, 46.9% chose probably yes (4), 43.8% chose
definitely yes (5), and 9.4% chose not sure.

Finding 9: Our survey helped improve more than half of the par-
ticipants’ understanding of ES-CodeGen, raised awareness, and
affirmed the generalizability of the definition of ES-CodeGen.

7 Discussions and Implications

We highlight several implications for the research community:
Multidimensional View in Defining ES-CodeGen. Our liter-
ature review identified 10 dimensions that define ES-CodeGen
(Finding 1), whereas our survey further refined the “labor rights” di-
mension by stressing the compensation to authors of training data
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(Finding 2). Moreover, participants acknowledged that they tend
to ignore dimensions in the social area (social acceptability, social
responsibility, and labor rights) (Finding 4). As all these dimensions
are considered relevant or very relevant in defining ES-CodeGen
(Finding 3), our study indicates the need to adopt a multidimensional

view in defining ES-CodeGen, and help raise awareness about various
dimensions towards ES-CodeGen (Finding 9).
Code Quality as a New Technical Dimension of ES-CodeGen.

Stakeholders have expressed the importance of incorporating code
quality as a dimension of ES-CodeGen (Finding 2), and indicated
the impact of low quality code being generated (Finding 6). We
believe that this offers a refreshed technical view of ES-CodeGen, and

stresses the importance of adopting technical lens while considering
ethical dimensions of ES-CodeGen.
Importance of Opt-in Consent Noted by Impacted Users. We
observe that impacted users who are directly affected by UnES-
CodeGen aremorewilling to express their opinions on ES-CodeGen.
Instead of taking initiative to opt-out from the Stack dataset, they
also preferred opt-in consent (Finding 2). This shows that simply

enforcing informed consent may be insufficient as a specific mecha-
nism (opt-in) is preferred over existing practices (opt-out). As data
collection for training Code LLMs usually involves mining data
from millions of repositories, and these repository owners may not
provide their contact information, it is challenging to obtain opt-
in consent from these repository owners. Hence, for open-source
repository owners, they should consider adding Non-AI licenses
to their repositories [4] to explicitly express disagreement with
the use of their data for AI training. For AI developers or Data
miners, they should design practical yet ethical approaches to ob-

tain large-scale opt-in consent from developers, such as developing a
consent-management system for open-source repositories.
Consequences ofUnES-CodeGen. Stakeholders noted that there
are many potential consequences of UnES-CodeGen where most
participants cared about lawsuit issues that may be faced by users
and model developers (Finding 6). Participants also suggested new
potential impacts from the perspective of developers and users:
1. Exploitation of developers, 2. Low-quality generated code, 3.
Monopolization of generative AI, and 4. Impact on open-source
communities. These consequences help strengthen the motivations

of our study and raise awareness of the importance of ES-CodeGen.
Ethically Sourced Supply Chain in ES-CodeGen. As Finding
5 revealed that all stages and artifacts in the supply chain of ES-
CodeGen are considered to be relevant to the dimensions, our study
serves as motivation to ensure that the entire supply chain of code

generation is ethically sourced. Moreover, we also observe that most
studies focus on evaluating the generated output [32, 57–59, 99], ne-
glecting other important stages (e.g., data annotation) and artifacts
(e.g., documentation). In the future, it is worthwhile to systemati-
cally investigate the ethical perspectives of these important stages
and artifacts.
Acceptable Trade-offs and Contamination. As most partici-
pants noted that code quality is an important dimension, Finding 7
revealed that most noted that accuracy loss is unacceptable (they
can only accept up to 10% loss). Some thought that no contamina-
tion is acceptable, whereas most thought that they cannot accept
contamination from unknown or unrevealed data sources and data
with incompatible licenses within the dependencies. As removing

data contamination may result in less data that may in turn lead
to accuracy loss, there is a need to balance the trade-off between

accuracy and other dimensions (e.g., informed consent and IP rights).

Gaps in CodeGen Models. Finding 8 revealed that most partici-
pants thought that none of the current CodeGen models aligns with
the definition of ES-CodeGen or only partially aligns. Practitioners
noted that current models still need to improve on dimensions like
transparency and opt-in consent, indicating the gaps in existing

code generation models. This calls for the need to design practical
techniques to improve CodeGen models on these dimensions.

8 Threats to Validity

External. Our study derives the taxonomy based on our literature
review and survey. As ethical issues are trending topics, additional
newer literature might have exposed more dimensions in defining
ES-CodeGen. As most dimensions in our taxonomy overlaps with
the participants’ definitions, our survey results show that our tax-
onomy are quite general and comprehensive. Our findings may not
generalize beyond the survey results provided by the 32 responses.
We mitigate this by sending multiple rounds of invitations to obtain
diverse options from various stakeholders.
Internal. To reduce researcher bias in open-ended response cod-
ing, we use an iterative coding process for all disagreements to
reach a consensus. To ensure that we covered stakeholders with di-
verse backgrounds, we used diverse strategies to invite participants
(e.g., posting to mailing lists, contacting stakeholders through our
professional network, and emailing impacted users by searching
for submitted GitHub issues). However, the low response rate and
self-selection bias may have affected the results by attracting par-
ticipants interested in the survey topic. We designed our survey
questions by following best practices and survey design guidelines.

9 Conclusion

This paper introduces the notion of ES-CodeGen that encompasses
11 different ethical dimensions. To build a broad yet relevant tax-
onomy of ES-CodeGen, we perform a two-phase literature review
where we reviewed 803 papers to identify 71 relevant papers with
10 initial dimensions of ES-CodeGen. Based on our literature re-
view, we surveyed 32 practitioners to identified various dimensions,
consequences, artifacts, and stages relevant to ES-CodeGen, lead-
ing to 11 dimensions of ES-CodeGen with new dimension focusing
on quality. The evaluation of our survey showed most practitioners
either agreed or strongly agreed that our survey help improve their
understanding of ES-CodeGen. As practitioners noted that none
of existing code generation models aligns with the definition of
ES-CodeGen, our findings call for the need to design approaches
towards ES-CodeGen.
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