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Abstract

The development of Open-Source Software (OSS) is not only
a technical challenge, but also a social one due to the diverse
mixture of contributors. To this aim, social-coding platforms,
such as GitHub, provide the infrastructure needed to host and
develop the code, but also the support for enabling the com-
munity’s collaboration, which is driven by non-coding con-
tributions, such as issues (i.e., change proposals or bug re-
ports) or comments to existing contributions. As with any
other social endeavor, this development process faces ethi-
cal challenges, which may put at risk the project’s sustain-
ability. To foster a productive and positive environment, OSS
projects are increasingly deploying codes of conduct, which
define rules to ensure a respectful and inclusive participatory
environment, with the Contributor Covenant being the main
model to follow. However, monitoring and enforcing these
codes of conduct is a challenging task, due to the limitations
of current approaches. In this paper, we propose an approach
to classify the ethical quality of non-coding contributions in
OSS projects by relying on Large Language Models (LLM), a
promising technology for text classification tasks. We defined
a set of ethical metrics based on the Contributor Covenant and
developed a classification approach to assess ethical behavior
in OSS non-coding contributions, using prompt engineering
to guide the model’s output.

1 Introduction

Open-Source Software (OSS) is a key part of the infrastruc-
ture on which our digital society relies (Eghbal 2016). The
development and success of OSS relies on the contributions
of a global and diverse network of collaborators, generally
scattered around the world and with different profiles. While
the progress of any software project mainly relies on cod-
ing activities, other non-coding tasks are also present, such
as reporting bugs, organizing the development tasks or pro-
viding feedback, which enable the participation of different
contributor profiles (Canovas Izquierdo and Cabot 2022). As
with any software development process, OSS development
is both a technical and social endeavor, where effective col-
laboration and communication among contributors are key
to project success (Trinkenreich et al. 2020; Cheng and Guo
2019) for the project success.
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The social dimension in OSS projects is particularly
relevant, as project sustainability relies on the success
of onboarding new contributions and retaining existing
ones (Steinmacher, Treude, and Gerosa 2019). To support
this, several initiatives have been proposed, such as the def-
inition of onboarding guidelines (Casalnuovo et al. 2015),
the explicit definition of governance policies (Canovas
Izquierdo and Cabot 2023) and the adoption of codes of con-
duct (Tourani, Adams, and Serebrenik 2017), being the last
one of the approaches most widely adopted recently. A code
of conduct defines a set of ethical rules to ensure a respectful
and inclusive environment. Among existing frameworks, the
Contributor Covenant (Ehmke 2014) stands out as one of the
most widely recognized in the computer science field.

The rules outlined in codes of conduct are mainly ad-
dressed to non-coding contributions of OSS projects, which
include issues (i.e., change proposals or bug reports for the
software system under development) and comments to ex-
isting contributions, as these are the main communication
means to manage the project development process. How-
ever, ensuring that such non-coding contributions follow the
defined ethical rules of the project is not trivial, as contribu-
tions have to be reviewed and moderated. Even if some ap-
proaches have been proposed to facilitate the management of
codes of conduct in OSS projects (e.g., Cobos and Cdnovas
Izquierdo 2025), there is still a lack of effective methods to
classify the ethical quality in OSS projects.

Classifying ethical quality of textual content remains a
complex task due to the subtle and context-dependent na-
ture of ethically relevant language (Zhang and Luo 2019).
Traditional approaches based on keyword matching or reg-
ular expressions tend to fail because they cannot distinguish
between nuanced categories (Davidson et al. 2017). Fur-
thermore, recent work has shown that such approaches are
highly vulnerable to adversarial manipulations (Grondahl
et al. 2018). The emergence of Large Language Models
(LLMs) has opened new opportunities to address this chal-
lenge, as they have shown promising results in various Nat-
ural Language Processing (NLP) tasks, including text clas-
sification (Liu et al. 2023; Brown et al. 2020).

In this paper, we propose an LLM-based approach to clas-
sify the ethical quality of non-coding contributions in OSS
projects, using prompt engineering to guide the output. We
focus on contributions that involve issues and comments in



OSS projects, and we use the Contributor Covenant as a
reference code of conduct, given its relevance in this field.
We therefore define ethical dimensions from the Contribu-
tor Covenant, and use them to build a prompt-based clas-
sifier. Our approach is validated on a dataset of more than
2,000 manually labeled contributions, and the results show
high classification accuracy. To illustrate the application of
the approach in real-world scenarios, we also present a case
study including five diverse OSS projects.

The rest of the paper is structured as follows. Section 2
presents the background. Section 3 details our approach.
Section 4 presents a case study with five real-world exam-
ples. Section 5 provides a discussion of key findings and
challenges. Section 6 presents the replicability package. Sec-
tions 7 and 8 discuss threats to validity and related work,
respectively. Finally, Section 9 concludes the paper.

2 Background

In this section, we first provide the necessary background
regarding the ethical issues in OSS projects, then we present
the current state of practice regarding text classification tech-
niques, and we end the section discussing ethical issues
when applying LLM-based classifiers.

Ethical Issues in Open-Source Software

As with any other collaborative endeavor, the development
of OSS projects faces several ethical challenges, which can
be grouped into two main areas: (1) contributor profiles and
(2) contributor behavior. Regarding contributor profiles, the
primary challenges include ensuring diversity and inclusion
within the community. Biases and exclusionary practices
can hinder equitable participation, particularly for underrep-
resented groups. Studies have shown that gender and ge-
ographical imbalances persist in many OSS communities,
limiting the diversity of perspectives and experiences within
projects (Singh, Bongiovanni, and Brandon 2022).
Contributor behavior also introduces significant chal-
lenges, such as power dynamics, where a few individuals
may hold disproportionate influence over project decisions.
This situation can lead to governance issues and community
conflicts. Community sustainability relies on effective con-
flict resolution and governance mechanisms to maintain a
healthy and inclusive OSS environment. To address these
concerns, codes of conduct have been widely adopted in
OSS communities (Tourani, Adams, and Serebrenik 2017).
Over the past decade, several initiatives have aimed to
define and enforce ethical guidelines in OSS ecosystems
(e.g., Mozilla' and Apache?). Among these, the Contribu-
tor Covenant (Ehmke 2014), currently managed by the Or-
ganization for Ethical Source®, has emerged as one of the
most widely adopted codes of conduct, including in major
projects such as Angular, Kubernetes, and React*. The Con-
tributor Covenant outlines key ethical principles for foster-

"https://www.mozilla.org/en- US/about/governance/policies/
participation/
“https://www.apache.org/foundation/policies/conduct
3https://ethicalsource.dev/
*https://www.contributor-covenant.org/adopters/
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ing respectful and inclusive collaboration, including behav-
ioral expectations and mechanisms for reporting violations.

Building upon this foundation, Cobos and Canovas
Izquierdo (2025) proposed a structured framework to man-
age codes of conduct and to assess ethical engagement in
OSS contributions. Their approach defines a set of behav-
ioral dimensions, referred to as flags, derived from the Con-
tributor Covenant and grouped into positive, negative, and
neutral categories. Table 1 presents these flags. Flags F1—
F5 capture positive behaviors (e.g., empathy, respect for
differences or constructive feedback), while F6-F9 reflect
negative behaviors (e.g., harassment, insulting or deroga-
tory comments). For instance, the contributions “Got it, that
makes sense now. Thanks for the clarification!” and “I think
it’s a bit confusing to call both entities variants, so for the
purpose of this, I'll call them feature...” would qualify for F1
and F3, respectively. On the other hand, contributions such
as “it’s just a tool, not some kind of messiah. And don’t even
get me started on how pretentious this code looks” or “I’ll
be waiting for your next commit, watching over every line of
code you write” would qualify for F7 and F8, respectively.
Although F10 was initially proposed to represent inappro-
priate conduct, it was excluded in this work due to the high
ambiguity involved and low reliability when detecting this
category. We will rely on this set of flags in our approach
(i.e., F1-F9), plus an additional flag (i.e., F11) to account
for cases where no specific positive or negative flag applies;
to classify and measure the ethical quality of contributions in
OSS projects. An example for F11 would be the contribution
“Mind sharing a codesandbox...?” . Note that a contribution
may include any combination of positive flags (F1-F5), neg-
ative flags (F6-F9), or no flag (F11); and each group is mu-
tually exclusive. In the following sections, we present both
the classification process and the measurement method used
to analyze ethical quality in OSS projects.

Text Classification with Large Language Models

Existing text classification approaches often fail as they are
generally trained on large, general datasets but lack the
specificity needed for the software development field and,
in particular, the OSS subfield. Thus, these limitations hin-
der their ability to distinguish acceptable interactions from
inappropriate behaviors, particularly in sensitive cases like
implicit toxicity or gender bias (Sap et al. 2019; Shah,
Schwartz, and Hovy 2020). Also, domain-specific chal-
lenges, such as technical jargon and abbreviations, further
constrain pretrained models’ effectiveness (Li et al. 2022).
To address these limitations, two approaches can be ex-
plored, specifically: (1) application of prompt engineering
with LLMs, and (2) use of fine-tuning pre-trained mod-
els. Brown et al. (2020) demonstrated that LLMs can per-
form complex classification tasks with minimal instruc-
tions, reducing the need for extensive labeled datasets.
Furthermore, Liu et al. (2023) highlighted the adaptabil-
ity of prompt-based methods for diverse text classifica-
tion tasks through well-designed instructions. In contrast,
fine-tuning approaches require significant computational re-
sources and training time, and pose some risks of overfit-
ting in small or domain-specific datasets like OSS. Gao,



TYPE 1D NAME DESCRIPTION

F1  Empathy and Kindness Demonstrating understanding and compassion towards others.

E F2  Respect for Differences Valuing diverse perspectives and backgrounds.

7 F3  Constructive Feedback Providing feedback that is helpful and aimed at improvement.

I~ F4  Responsibility and Apology Taking responsibility for one’s actions and apologizing when necessary.
F5  Common Good Acting in ways that benefit the broader community.

° F6  Sexualized Language Using language that is inappropriate and sexual in nature.

5= F7  Insulting or Derogatory Comments Making comments that insult or demean others.

S F8  Public Harassment Engaging in behavior that intimidates or harasses others.

z F9  Publishing Private Information Sharing private information about others without consent.
F10  Inappropriate Conduct Behaving in a manner that is not suitable in a professional setting.
F11 No Flag Comments that do not exhibit any ethical behaviors.

Table 1: Ethical flags proposed by Cobos and Cénovas Izquierdo (2025).

Fisch, and Chen (2021) emphasized that prompt engineer-
ing enhances task performance without sacrificing gener-
alization, and that avoiding fine-tuning is advantageous in
low-infrastructure environments. Schick and Schiitze (2021)
showed that prompt engineering achieves results compa-
rable to fine-tuning with significantly lower computational
costs. Given the commented benefits of the use of prompt
engineering, we adopted this approach for our classifier,
specifically employing the GPT-4 Mini model’, which of-
fers a good balance between computational efficiency and
accurate classification performance in NLP tasks.

Ethical Issues in LLM-based Classification

The use of LLMs to evaluate ethical behavior in OSS com-
munities raises fundamental questions about the delega-
tion of moral judgment to automated systems. While LLMs
demonstrate significant capabilities in text interpretation and
contextual understanding, their integration into domains in-
volving value-laden decisions introduces concerns around
accountability, legitimacy, and fairness.

A key concern is the delegation of normative reasoning
to systems that lack intentionality or moral agency. As high-
lighted by prior work, ethical assessments require interpre-
tive flexibility and contextual awareness, elements that cur-
rent LLMs only approximate (Mittelstadt et al. 2016; Binns
2018). In this sense, classifying behaviors as “constructive”
(e.g., F3) or “harassing” (e.g., F8) is not purely a techni-
cal task but inherently normative, potentially affecting con-
tributors’ reputations and community trust. Moreover, prior
research has shown that algorithmic classification systems
often reproduce or amplify existing biases (Sap et al. 2019;
Scheuerman, Hanna, and Denton 2021). LLMs trained on
large-scale internet data may inadvertently internalize social
hierarchies, leading to disparities in how ethical behavior
is recognized or penalized across demographic or linguis-
tic lines. This is particularly relevant in OSS communities,
where global participation entails diverse norms of commu-
nication and expression.

Another critical dimension concerns epistemic opacity.
The internal mechanisms of deep learning models often pre-
clude transparent justifications for specific classifications,

SWe used version GPT-40-mini-2024-07-18.
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thus complicating processes of accountability and contesta-
tion (Burrell 2016). In community-driven environments like
OSS communities, contributors may reasonably ask for the
rationale behind moderation actions, and that is a demand
that a black-box classifier may not be able to satisfy.

Despite these challenges, LLM-based approaches can
play a supportive role in ethical community governance, as
they are used as tools for augmentation rather than replace-
ment of human judgment. By surfacing potentially prob-
lematic or exemplary behaviors, they can assist maintain-
ers in fostering respectful interactions, especially at scale.
However, this requires careful prompt design, transparency
mechanisms, and avenues for human review to ensure ethi-
cal alignment with community values.

Our approach embraces this perspective by relying on a
structured set of ethical dimensions grounded in the Con-
tributor Covenant and emphasizing interpretability in our
prompt design. Furthermore, our validation relies on human-
annotated datasets, allowing us to critically assess the clas-
sifier limitations and guide its use within OSS contexts as a
collaborative, not deterministic, actor in ethical evaluation.

3  Our Approach

We developed an approach based on the previously pre-
sented flags, which encapsulate ethical principles essential
for fostering a collaborative and respectful environment, and
relying on LLMs to perform the classification according
to such flags. Thus, we devised a multi-label classification
model designed to identify specific behavioral flags in the
non-coding contributions of OSS projects.

Prompt Guidelines

Being a prompt-based classifier, special attention must be
paid to design the prompt, as it significantly influences
the model’s performance and reliability in classification
tasks (Peskine et al. 2023; Peng, Wang, and Shang 2024; Wei
et al. 2022). To ensure robust classification, we considered
the following key elements recommended by the literature.

Detailed task description. Providing an explicit and de-
tailed task description has been demonstrated to significantly
enhance model performance by eliminating potential ambi-
guities and ensuring consistent task interpretation (Peskine



et al. 2023). In our approach, the description specifically
aims at the analysis of non-coding contributions to assign
specific ethical flags, including a rationale for facilitating the
classification and generating a JSON output.

Comprehensive flag definition. Precise and meaningful
definitions substantially improve classification performance
by providing rich context (Peskine et al. 2023; Peng, Wang,
and Shang 2024). With this aim, we defined clear and com-
prehensive criteria for each ethical flag, including positive,
negative, and neutral behaviors, plus the corresponding il-
lustrative examples.

Logical classification constraints. Logical constraints are
generally incorporated to prevent contradictory or logically
inconsistent outputs. This is a recommended practice in
designing effective prompts for text classification (Peskine
et al. 2023). For example, in our approach, the neutral flag
(i.e., F11) has been defined as mutually exclusive from all
other flags, thus ensuring clarity in neutral classification.

Ilustrative examples and structured output format. Em-
ploying illustrative output examples, particularly in the form
of chain-of-thought reasoning, significantly improves model
accuracy and interpretability (Wei et al. 2022; Peskine et al.
2023). Thus we provided clear, representative output exam-
ples for each ethical flag following the expected JSON-based
format. Furthermore, such illustrative examples also facili-
tate the model’s comprehension of classification tasks, thus
ensuring consistent interpretation and adaptability.

Prompt Refinement

To develop an effective classifier for detecting ethical behav-
iors according to the identified flags, we employed a single-
prompt approach using the few-shot learning paradigm.
This configuration allows LLMs to perform complex tasks
with a small number of examples, without requiring fine-
tuning (Brown et al. 2020). To define the prompt, we fol-
lowed the guidelines described before and applied an itera-
tive refinement process with the aim of optimizing its per-
formance across all ethical flags.

Figure 1 shows the refinement process followed, which
is composed of three main phases, each one using datasets
of increasing size. In the first phase (cf. @—@)), we refined
the prompt using a reduced dataset (cf. €)), containing 50
non-coding contributions from GitHub projects representing
all considered ethical flags individually (i.e., 5 contributions
per flag). We selected the GitHub platform as the source of
our dataset as it is currently one of the most widely used
platforms for OSS development, including more than 500
projects, more than 1 million contributors, and over 1 billion
contributions®. Contributions were randomly collected from
the GitHub platform and manually validated to ensure the
presence of ethical flags. A first prompt was defined (cf. @)
and iteratively refined (cf. €—@)) until the overall balanced
classification precision reached or passed the value of 0.80,
thus ensuring rigorousness. During this process, several re-
finements were introduced to improve the classifier’s perfor-
mance. For example, we explicitly instructed to assign F1

Shttps://github.blog/news-insights/octoverse/octoverse-2024/
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‘0 Create reduced dataset‘

‘G Develop 1st prompt ‘

© Classify

@ Evaluate results

Meeting
expectations?

© Update Prompt
@ Update Prompt

No

Meeting
expectations? N
Yes

Figure 1: Prompt Refinement Workflow.

r@ Create Large Dataset ]

@ Classify

© Evaluate results

Final prompt
promp

when encountering gratitude expressions (e.g., “thanks” or
“thank you”), F3 when any substantial contribution or clar-
ification was made, or F4 when apologies or acknowledge-
ments of fault were present. Logical constraints were intro-
duced to reinforce internal consistency, as described before.
We also detected that changing the output format (from list
to structured JSON) and including additional rationale sig-
nificantly improved the performance to detect F3 and F11.
At the end of this phase, we achieved a precision of 0.801.
In the second phase (cf. (@—€)), we incremented the
dataset size to 500 contributions (cf. @), where each flag
was represented by 50 contributions. As before, the con-
tributions were randomly collected from the GitHub plat-
form and manually validated for containing each flag. In
this phase, the prompt was refined (cf. @-€)) with more
detailed definitions and logical constraints. Each flag defini-
tion was revised to reflect more nuanced interpretations of
behavior, including operational criteria and illustrative ex-
amples. Regarding the positive flags, F1 definition was en-
riched to include additional expressions of gratitude (e.g.,
“thx”, “thanks for”), thus preventing gratitude contributions
from being overlooked or misclassified as neutral; F3 defi-
nition was expanded to cover substantial contributions such
as error descriptions, solution suggestions, tool recommen-
dations, relevant links, or configuration advice; F4 was ad-
justed to ensure that any admission of mistakes or explicit
apology was correctly labeled; and F5 was reformulated to
capture contributions promoting the sustainability or collec-
tive well-being of the project. Regarding the negative flags, a
specific criterion was added to identify F8 when the contri-
bution showed excessive insistence, pressure, or disregard
for another person’s boundaries, thus reducing misclassi-
fications with F7. Furthermore, the prompt was refined to
enforce mutual exclusion among flag groups (i.e., positive,
negative, and neutral flag groups), thus reinforcing the sep-
aration between clearly harmful behaviors and those that,
even when critical, maintained an empathetic tone. This



change improved the model’s consistency when handling
ambiguous contributions. The prompt was refined iteratively
until achieving a precision of 0.874, which we considered
sufficiently robust to move forward with the large-scale val-
idation and analysis phase, described in the next section.

The resulting prompt (cf. @) is composed of 72 lines
of text, including the task description, flag definitions, and
illustrative examples’.

Dataset for Validation

To validate our approach, we built a dataset composed
of non-coding contributions from active GitHub public
projects. We consider a project is active if it has more than
1,000 issues with, at least, 300 of them opened; and it
shows commit activity in the last 7 days of the data collec-
tion. We randomly selected two projects from GitHub fol-
lowing these criteria, which were bmaltais/kohya_ss
and adobe/react-spectrum. We collected their non-
coding contributions using the GitHub API on January 5",
2025, and built a random sample of 1,000 contributions per
project, distributed across issues and comments.

The 2,000 contributions were manually and indepen-
dently classified by two annotators following predefined
guidelines for each ethical flag, reaching a substantial agree-
ment level, as measured by a Cohen’s Kappa of 0.79. This
manual classification revealed a very low presence of neg-
ative flags (i.e., F6—F9). To address the scarcity of nega-
tive flags in the contributions of our dataset, we created 100
synthetic non-coding contributions for F7, and 50 for each
of F6, F8, and F9 (due to overlapping), resulting in a to-
tal of 250 additional contributions. To assist the generation
of such a number of synthetic contributions, we relied on
a generative Al model® to kickstart the generation process,
and then we manually edited the generated contributions to
ensure they accurately represented the intended flag in the
OSS context. Generated contributions were then reviewed
by the same annotators, achieving a Cohen’s Kappa of 0.94.

All in all, the dataset contained 2,250 non-coding contri-
butions, including all ethical flags. To avoid evaluation bias,
we included only those with full agreement between the an-
notators, resulting in a final dataset of 2,024 non-coding con-
tributions. This manually validated dataset was used as the
ground truth for the evaluation of the classifier.

Classifier Performance Evaluation

This section presents a comprehensive evaluation of the clas-
sifier’s performance, organized as follows: (1) we evaluate
the classifier’s performance for each ethical flag and (2)
grouped by flag type (positive, neutral, and negative); (3)
we perform a multi-label performance analysis to assess the
classifier’s capability to predict multiple ethical flags; and
(4) we examine the classifier’s robustness and consistency
across multiple executions.

Performance Evaluation per Ethical Flag. We evaluated
the classifier’s performance to predict individual flags in

"Due to the lack of space, the complete prompt can be found in
the replicability package.
8We used version llama-3-8b-lexi-uncensored.
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]
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Metrics

Figure 2: Heatmap of evaluation metrics for each flag.

non-coding contributions. Figure 2 shows the results of the
analysis. As can be seen, the classifier exhibits robust perfor-
mance in positive categories (i.e., F1-F5), notably excelling
in F4, indicating precise and consistent classification with
high precision and recall. Similarly, F1 shows strong results,
although slightly lower recall suggests that some subtle in-
stances may be missed. F3 demonstrates high precision but
reveals occasional difficulty identifying less explicit con-
structive contributions. On the other hand, F5 and F2 display
moderate performance, highlighting room for improvement
in accurately classifying subtler ethical interactions.

The classifier shows good performance in identifying neg-
ative behaviors (i.e., F6—F9), although there is variability be-
tween the individual flags. F9 achieved the highest perfor-
mance, driven by excellent precision, though its lower recall
suggests difficulties in capturing all relevant instances. F7
also shows balanced performance with consistent precision
and recall. Conversely, F6 displays moderate performance,
indicating challenges in accurately capturing subtle or im-
plicit cases. Lastly, F8 presents the lowest overall perfor-
mance due to its relatively low recall, highlighting difficul-
ties in detecting less explicit harassment instances. We be-
lieve these results are due to the inherent complexity of in-
terpreting patterns of control or intimidation as F8 targets.

The neutral flag (i.e., F11) showed moderate results, with
high recall but lower precision, indicating a tendency of the
classifier to underestimate some ethically relevant contribu-
tions and label them as neutral. In particular, we observed
false positives in contributions containing minimal but rele-
vant technical content (e.g., links to documentation or test-
ing suggestions), especially when they lacked enough con-
text or intent to meet the criteria of F3.

Performance Evaluation per Ethical Flag Type. Previous
results allow us to measure the classifier’s performance by



PRECISION RECALL F1-SCORE

FLAGS

Micro Macro

0.8766 0.8797
0.8365 0.8239

0.8653 0.8506

Micro Macro

0.8688 0.8857
0.8118 0.7790

0.8625 0.8430

Micro Macro

F1-F5,F11 0.8846 0.8841
F6-F9 0.8627 0.8824

Overall 0.8682 0.8706

Table 2: Micro and macro performance metrics for positive,
neutral, and negative flags.

grouping ethical flags according to their type. We therefore
group them into positive and neutral flags (F1-F5, F11), and
negative flags (F6-F9). Table 2 summarizes the results ob-
tained from this flag-specific evaluation.

For positive and neutral flags, the classifier demonstrates
strong performance, achieving a micro precision of 88.46%
and a micro recall of 86.88%. Micro metrics calculate per-
formance by aggregating all contributions equally, favor-
ing flags with higher occurrences. Macro metrics evaluate
each flag independently and then average their performance,
providing balanced insight across all ethical flags, includ-
ing those less frequent. The consistency of the macro met-
rics (precision: 88.41%, recall: 88.57%) confirms balanced
and uniform detection across the positive and neutral ethi-
cal flags. For negative flags, the classifier’s performance is
slightly lower, with a micro precision of 86.27% and a mi-
cro recall of 81.18%. However, the lower macro recall of
77.90% emphasizes the model’s difficulty to accurately de-
tect subtler or less frequent negative behaviors, underscoring
the value of examining both micro and macro metrics for a
complete evaluation.

These results demonstrate robust classifier performance,
with a global micro precision of 86.82%, micro recall of
86.25%, macro precision of 87.06%, and macro recall of
84.30%. These metrics confirm the classifier’s effectiveness
while highlighting specific opportunities for improvement,
particularly for the detection of subtler negative behaviors.

Multi-flag Performance Evaluation. We also analyzed its
performance in a multi-label context, as a single contribu-
tion may simultaneously exhibit multiple ethical flags. The
results show robust performance, with a subset accuracy of
81.12%, indicating that the classifier correctly predicted all
assigned labels simultaneously in the majority of contribu-
tions. Furthermore, an average precision of 86.90% suggests
a low rate of incorrectly assigned labels, while the average
recall of 86.72% reflects the classifier’s strong ability to de-
tect most of the actual labels present in each contribution. Fi-
nally, an average F1-score of 86.24% confirms the balanced
and consistent performance of the classifier in this multi-
label setting.

Classifier Output Consistency and Robustness. To assess
the consistency and robustness of the classifier, we con-
ducted three independent runs of the model on the same
dataset and compared the resulting outputs. This evaluation
aims to analyze the stability of the classifier regarding the
assigned multi-flags.

We focused on two main metrics: the Exact Match Per-
centage, which measures the proportion of contributions for
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which the entire set of flags assigned was completely iden-
tical across all three runs, and the Flag Match Percentage,
indicating the proportion of contributions were at least one
of the assigned flags remained consistent, even if the com-
plete set of flags slightly differed. The classifier achieved
an average Exact Match Percentage of 86.33% and a Flag
Match Percentage of 94.10%, demonstrating high stability
and coherence in its predictions. These results highlight the
reliability of the model in consistently identifying ethical be-
haviors across multiple executions on the same dataset.

In summary, the classifier demonstrated a good perfor-
mance both in identifying individual ethical categories and
accurately capturing multiple ethical behaviors. It particu-
larly excelled in recognizing positive and neutral behaviors
such as responsibility, empathy, and constructive feedback,
while facing some challenges in detecting subtler or less fre-
quent negative behaviors, like sexualized language or public
harassment.

4 Case Study

To showcase the aplication of our approach in real-world
escenarios, we present an illustrative case study based on
five diverse GitHub projects listed in the first column of Ta-
ble 3. These projects span a range of domains, governance
structures, and community sizes. We analyzed the distribu-
tion of ethical flags in their non-coding contributions during
2024, with the aim to highlight how our approach can reveal
meaningful contrasts in community behavior and communi-
cation dynamics. The data collection process was launched
on January, 15" 2025, and included all non-coding contri-
butions published during 2024. In total, we collected 7,862
non-coding contributions from the five selected repositories.
Table 3 presents the distribution of flags across these five
repositories, serving as the basis for the comparative analy-
sis discussed below.

files—community/Files. This project is focused on
enhancing the Windows user experience, and displays a no-
table presence of empathetic (i.e., F1: 24.4%) and construc-
tive (i.e.,F3: 33.9%) contributions. This is consistent with its
development process and strong emphasis on user feedback.
An active Discord server and high responsiveness on GitHub
likely contribute to these results. Additionally, the F5 share
(7.2%) suggests a community concerned with project-wide
improvements rather than individual issues.

PowerShell/PowerShell Being an official Microsoft-
led project, shows high presence of constructive (i.e., F3:
43.7%) and respectful (i.e., F2: 12.4%) contributions, but
comparatively low empathy (i.e., F1: 7.5%). This may reflect
its formal governance and the technical profile of its contrib-
utors (i.e., primarily system administrators and experienced
developers) who often engage in task-focused interactions.

microsoft/playwright. This project developes a web
testing framework, and shows the highest share of F3
(49.0%) across all cases, which may reveal its strong em-
phasis on structured technical feedback. However, the lower
incidence of F1 (11.9%) and F2 (5.2%) implies a more trans-
actional or efficiency-driven communication style, which



REPOSITORY" F1 F2 F3 F4 F5 F6 F7 F8 F9 Fll
files—-community/Files 24.4 39 339 20 72 00 02 00 0.1 284
PowerShell/PowerShell 75 124 437 1.2 83 0.1 22 01 00 245
microsoft/playwright 11.9 52 490 2.0 81 0.0 07 02 01 228
immich-app/immich 8.5 26 416 46 44 00 04 00 00 378
langgenius/dify 21.8 29 392 20 146 00 06 0.1 01 185

*GitHub repository link can be created by adding https: //github.com/ before the repository name.

Table 3: Percentage distribution of ethical flags (F1-F11) across selected OSS repositories.

may be aligned with the project’s technical purpose and core
team leadership.

immich-app/immich. This project developes a self-
hosted photo management solution, and shows a balanced
ethical profile with a significant proportion of F3 (41.6%)
and the highest F11 (37.8%), suggesting the high presence of
contributions without clearly flagged ethical content. Its F4
level (4.6%), which indicates acknowledgment of mistakes,
is notable for a rapidly evolving project, and may reflect the
open, iterative nature of its community practices.

langgenius/dify. This repository aims at creating a
fast-growing platform for LLM application development,
and stands out for its high presence of empathy (i.e., F1:
21.8%) and community orientation (i.e., FS: 14.6%). These
results align with its mission to promote inclusive participa-
tion and lower entry barriers for Al development, supported
by multilingual documentation and accessible support chan-
nels such as Discord and Reddit.

While positive behaviors dominate, it is also important to
consider negative markers. In all five projects, the propor-
tion of negative flags (F6—F9) remains low, with no category
exceeding 2.2%. This suggests generally respectful environ-
ments, although such patterns may also reflect the typical
reduced expressiveness of technical domains.

Overall, these contrasting cases illustrate how our ap-
proach can uncover distinct ethical communication patterns
across OSS projects. Beyond this exploratory comparison,
we believe our approach holds potential for a wide range of
applications, including community health monitoring, gov-
ernance support, early detection of toxic dynamics, and the
evaluation of interventions aimed at improving inclusivity
and collaboration. By enabling scalable and interpretable
ethical analysis, it offers a novel tool for both researchers
and practitioners seeking to better understand and support
behavior in collaborative software development.

5 Discussion

Beyond the main conclusions reported so far, we would like
to highlight some additional insights derived from the devel-
opment and results of the approach.

Limitations of pretrained models for ethical classifica-
tion. A key motivation of our approach is the inadequacy
of current pretrained text classification models for distin-
guishing ethical behaviors, a concern that should be consid-
ered by practitioners. Traditional NLP models are optimized
for tasks such as sentiment analysis or toxicity detection,
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but are insufficient for capturing specific ethical markers,
such as expressions of empathy (i.e., F1), respect for dif-
fering opinions (i.e., F2), or acknowledgment of responsi-
bility (i.e., F4) (Zhang and Luo 2019; Davidson et al. 2017).
Moreover, these models struggle with detecting implicit be-
haviors, such as sexualized language (i.e., F6) in ambiguous
contexts or sarcasm that can alter the intent of a contribution.
Our approach based on prompt engineering using LLMs has
shown promising results using our validation dataset, but fu-
ture work may include comparisons with other models or
additional ethically annotated datasets.

Scarcity of negative behaviors. The scarcity of negative
contributions can be attributed to several factors, includ-
ing repository moderation policies that remove inappropri-
ate content before it is publicly accessible. Additionally,
contributors in highly visible projects may be more likely
to adhere to community guidelines, reducing the prevalence
of unethical discourse. This is a limitation that impacts the
robustness of classification models by restricting their ex-
posure to a diverse range of real behaviors. Addressing this
issue could involve leveraging alternative data sources, such
as archived discussions or external reports of misconduct,
to construct a more comprehensive representation of ethical
behaviors in OSS.

Misclassification of constructive feedback as neutral. We
detected that sometimes contributions initially labeled as
neutral were later more accurately identified as construc-
tive feedback (i.e., F3). This indicates that the classifier was
underestimating the essential contributions being provided.
This classification bias likely stems from the absence of ex-
plicit intent markers, causing the model to default to a neu-
tral classification. This issue highlighted the inherent diffi-
culty in distinguishing between contributions that are merely
neutral and those that provide meaningful insights with-
out explicitly expressing positive sentiment. We mitigated
this issue via prompt refinement, as described in Section 3,
incorporating more precise examples that highlighted how
non-emotive yet informative contributions help to issue res-
olution and community discourse. Future work could bene-
fit from integrating contextual analysis techniques or super-
vised learning methods to further reduce false positives and
false negatives in ethical classification.

Challenges in evaluating inappropriate conduct. The flag
F10 (i.e., conduct which could reasonably be considered in-
appropriate in a professional setting) was initially consid-
ered within the classification framework proposed by Co-



bos and Canovas Izquierdo (2025), but it was ultimately ex-
cluded in this work due to its broad scope and strong depen-
dence on context. Unlike other negative behaviors such as
sexualized language or insulting contributions, which have
well-defined criteria, inappropriate conduct may refer to a
wide range of actions whose interpretation usually varies
across OSS communities. For instance, some projects may
enforce strict communication guidelines, while others allow
more informal or direct interactions. What is considered in-
appropriate in one setting may be entirely acceptable in an-
other, making it difficult to establish universal classification
rules. Due to this variability, ambiguity, and lack of objec-
tive, this ethical category was excluded from the classifica-
tion process. Future research could address this limitation
by incorporating adaptive approaches, where community-
specific norms define what constitutes inappropriate conduct
in each particular context.

Non-coding contributions beyond issues and comments.
Our empirical study focused on non-coding contributions
involving issues and their comments, which we believe
account for most of the community discussions on OSS
projects. In social-coding platforms like GitHub, pull re-
quests are also a way to contribute, which are generally used
to submit modifications to the codebase of the project, and
therefore could be considered as coding contributions. How-
ever, pull requests may also trigger some discussions, which
may potentially need the application of ethical analysis to
ensure that such contributions follow the code of conduct of
the project. Preliminary analysis revealed that most pull re-
quests follow a template-based format and discussions are
very scarce. However, we believe further research should
better characterize this situation and analyze the ethical be-
havior in each type of contribution.

Sociotechnical reflections on ethical classification. Be-
yond the technical evaluation, we believe our study raises
important sociotechnical considerations. Automating the in-
terpretation of ethical behavior in OSS communities via
LLMs is not a neutral act, as it involves delegating value
judgments to systems that lack moral agency or context.
As in other fields, in OSS, ethical norms are often defined
through lived experience and community negotiation. In-
troducing automated classifiers can shift how norms are
enforced and how authority is exercised, potentially rein-
forcing certain voices while silencing others (Winner 1980;
Boyd and and 2012). It is therefore essential to ensure that
these systems provide support rather than replace the role of
human maintainers and moderators in OSS projects. Our ap-
proach is aimed at augmenting human judgment, not over-
riding it, thus functioning as a prioritization tool to assist
moderation at scale. Preserving human-in-the-loop work-
flows is crucial to uphold legitimacy and trust in ethical de-
cisions (Green and Chen 2021). Furthermore, a static model,
even if well-designed, risks enforcing outdated expectations
or failing to detect emergent harms. This highlights the need
for adaptive systems that communities can audit and align
with their shifting values over time (Selbst et al. 2019).
Taken together, these reflections emphasize that the chal-
lenge of classifying ethical behavior is not only computa-
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tional, but also deeply social and political (Binns 2020).

Reflections on annotation diversity. Although all contri-
butions in our evaluation dataset were independently labeled
by two annotators, ethical interpretation is inherently subjec-
tive. In many borderline cases, disagreement stemmed not
from ambiguity in the flag definitions, but from different as-
sumptions about tone, intent, or social norms in OSS. To
strengthen future iterations of our approach, it would be ben-
eficial to include annotators from more diverse backgrounds,
particularly those with expertise in social sciences, philos-
ophy, or community moderation. Such perspectives could
help uncover ethical nuances often overlooked in technically
oriented evaluations, and contribute to a more inclusive and
reflective approach to ethical automation.

6 Replicability Package
To facilitate the reproducibility and replicability of our
work, we provide a repository’ as a companion package
for researchers interested in repeating or complementing our
study. The repository includes the implementation of the
classifier, the dataset used for validation, and the results of
the performance evaluation.

7 Threats to Validity

Our work is subjected to a number of threats to validity,
namely: (1) internal validity, which is related to the infer-
ences we made; and (2) external validity, which discusses
the generalization of our findings.

Regarding the internal validity, we relied on data provided
by the API of the GitHub platform, which may include low
quality non-coding contributions (e.g., incomplete contribu-
tions). To minimize this threat, we focused on two active
GitHub projects with large (i.e., higher than 1K) collections
of non-coding contributions and manually reviewed the con-
tributions to ensure their quality. To include contributions
with negative flags (i.e., F6—F9), we created 250 additional
synthetic contributions using a generative approach, which
may include biased elements. To minimize this threat, two
annotators manually validated the generated contributions,
adapting them when needed. To further investigate whether
the scarcity of negative contributions was specific to the
selected repositories, we applied our approach to an addi-
tional set of 20,000 random non-coding contributions from
GitHub. The results showed a similar distribution of flags,
suggesting that the limited presence of negative behaviors is
not an isolated case but a general pattern.

As for the external validity, to ensure the generalization of
the prompt beyond the datasets used in the refinement pro-
cess, we emphasize that the validation dataset of 2,024 con-
tributions was entirely distinct and independent. The two se-
lected repositories were chosen due to their activity and rep-
resentativeness of diverse interaction dynamics, thus helping
to reduce potential specialization or overfitting of the prompt
to a single domain. Nonetheless, the results of the perfor-
mance evaluation should not be generalized to any type of
contribution, as it has been specifically validated with non-
coding contributions from OSS projects.

°ZIP file available at https://zenodo.org/records/15494726



8 Related Work

The adoption of codes of conduct in OSS projects has been
widely studied, particularly regarding their role in fostering
inclusive and respectful communities. Tourani, Adams, and
Serebrenik (2017) examined the motivations behind the im-
plementation of codes of conduct in OSS, identifying key di-
mensions such as their purpose, the behaviors they promote,
and the enforcement challenges. Similarly, Li et al. (2021)
analyzed discussions about the enforcement of codes of con-
duct on GitHub, highlighting tensions between maintainers
and contributors in interpreting and applying them.

The Contributor Covenant (Ehmke 2014) has emerged as
the most widely adopted code of conduct in OSS, serving as
a framework for defining ethical norms in collaborative pro-
cesses. Singh, Bongiovanni, and Brandon (2022) questioned
whether codes of conduct genuinely foster ethical engage-
ment or function primarily as symbolic measures with lim-
ited practical impact. While these studies explore the pres-
ence and challenges of codes of conduct, our work advances
this research by introducing a classification-based approach
that enables the systematic measurement of ethical behavior
in non-coding contributions.

The classification of ethical behaviors addressed in this
work presents unique challenges, as traditional NLP models
often struggle to distinguish between neutral, constructive,
and unethical interactions. For instance, Renard, Laugel, and
Detyniecki (2024) examined inconsistencies in text clas-
sification models, identifying key reliability factors. Simi-
larly, Sap et al. (2019) analyzed bias in hate speech detec-
tion, raising ethical concerns about automated classification
systems and their potential for unfair outcomes.

Recent advancements in prompt engineering have sig-
nificantly improved the adaptability of LLMs for domain-
specific classification tasks. Sahoo et al. (2024) explored
various prompt engineering strategies, demonstrating their
effectiveness in guiding model behavior for ethical analy-
sis. Shin et al. (2023) compared prompting techniques with
fine-tuned models, showing that task-specific prompts can
enhance classification accuracy.

Building on these findings, our work employs a structured
prompt engineering approach to classify non-coding contri-
butions based on predefined ethical flags. Rather than rely-
ing on generic sentiment analysis, we adopt a carefully de-
signed framework aligned with the Contributor Covenant,
ensuring that classification results accurately capture ethical
engagement in OSS interactions.

9 Conclusion

In this paper, we have presented an approach to classify the
ethical quality of non-coding contributions in OSS projects.
We rely on a set of ethical categories, or flags, inspired by the
Contributor Covenant, and we leverage LLMs to classify the
contributions based on these flags. Our LLM-based classifier
approach shows good performance in the classification of
the ethical quality of non-coding contributors.

We believe our research introduces a novel approach to
classifying and measuring ethical behavior in OSS, and
paves the road towards an effective and robust analysis of
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ethical behavior in other domains using LLMs. As our ap-
proach is based on prompt engineering, it can easily be
adapted to other domains and communities, which may in-
volve prompt-tuning and potentially defining new flags (or
adapting the current ones). Moreover, since prompt engi-
neering does not require model training or deep infrastruc-
ture, this approach can also be adapted and used by individ-
uals without strong technical backgrounds, such as commu-
nity moderators, ethics scholars, or maintainers, facilitating
broader participation in ethical evaluation and governance.
As future work, we are interested in addressing the dif-
ferent lines of work identified in Section 5. In particular, we
plan to address the scarcity of negative behaviors by explor-
ing additional data sources to build a more representative
dataset. To this aim, we intend to collect data from other
project’s resources such as mailing lists or social networks.
Related to this, we plan to incorporate mechanisms to detect
inappropriate conduct (i.e., F10, which was not covered in
this work) in OSS projects by adapting the prompt, maybe
exploring a more elaborated chain-of-thought. We are also
interested in making more robust the classifier by incorpo-
rating knowledge from experts in ethical behavior, who may
help in the validation of contributions and improvement of
the prompt. Finally, we plan to explore how the approach
performs with non-English languages and apply it to com-
munities beyond OSS projects, which may involve prompt-
tuning and defining new flags (or adapting the current ones).
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